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ABSTRACT

In this study the mixed Poisson distribution has been defined in terms of the hazard
function of an exponential mixture. This work, therefore, has shown that there is a
link between exponential and Poisson mixtures, such that a hazard function of an
exponential mixture characterizes an infinitely divisible mixed Poisson distribution,
which is also a compound Poisson distribution.

It has been established that since a hazard function of an exponential mixture
is completely monotone, then the mixing distribution is infinitely divisible through
Laplace transform; and a Poisson mixture with an infinitely divisible mixing dis-
tribution is infinitely divisible too. Further, an infinitely divisible mixed Poisson
distribution is a compound Poisson distribution. The compound Poisson distri-
bution has been constructed recursively in terms of the probability mass function
(pmf) of the independent and identically distributed (i.i.d.) random variables and
the hazard function of the exponential mixture. It has also been shown that a
sum of hazard functions of exponential mixtures gives rise to a convolution of
infinitely divisible Poisson mixtures, hence a convolution of compound Poisson
distributions. Given the importance of hazard functions of exponential mixtures
in the development of these models, the hazard functions have been constructed
using continuous mixing distributions through probability density functions and
survival functions, and using Laplace transforms of probability density functions
in continuous compound distributions.

From the literature reviewed, it was found that there are mixing distributions
that have been used in the construction of mixed Poisson distributions that are not
part of the exponential mixtures literature. Type I and type II exponential mixtures,
that are in explicit form, in terms of modified Bessel function of the third kind and
in terms of confluent hyper-geometric function, have been constructed using these
mixing distributions. Whereas hazard functions of some of the exponential mixtures
constructed are single hazard functions, others are sums of hazard functions.
However, the Mellin transform technique that was used to obtain moments failed in
some cases and this necessitated the use of an alternative method, the conditional
expectation technique. The models developed were applied to a class of mixed
Poisson distribution known as Hofmann distributions to show the link between
exponential and Poisson mixtures.

The tools or methodologies in this study include; special functions, which
have been used to construct some mixing distributions and exponential mixtures;
transformations, which have been used to obtain moments of the mixtures that
are in terms of the modified Bessel function of the third kind and confluent hyper-
geometric function; generating functions, which have been used to determine the
corresponding mixed Poisson distribution and the pmf of the iid random variables;
conditional expectation, which has been used as an alternative technique in cases
where the Mellin transform fails.

Although the Hofmann hazard function is a good illustration of the theory,



there is need to consider other classes of hazard functions, particularly those based
on frailty models. There is room for further research to identify other families of
hazard functions of exponential mixtures, which are not necessarily members of
the family of Hofmann distributions, and whose sums of hazard functions give rise
to convolutions of Poisson mixtures.



1.1

Chapter 1

GENERAL INTRODUCTION

Background Information

Currently, the most common applications of the exponential distribution is in the
field of life-testing, where the lifetime can be usefully represented by an exponential
random variable with a relatively simple associated theory. Occasionally, this
representation has been found to be inadequate, and hence a modification of the
exponential distribution has been essential. A good example in the life-testing
context is when specimens tested differ in their quality and subsequently their
lifetimes do not follow an exponential distribution with a constant failure rate. In
other words, since populations are not homogeneous, the appropriate distributions
to handle such populations are mixtures, which are modeled by considering the
exponential distribution parameter as a random variable.

In many applications, especially those for biological organisms and mechanical
systems that wear out over time, the hazard rate h(t) is a rate of change function
also known as failure rate function in reliability engineering and the force of
mortality in life contingency theory. The rate of change is a constant when the
time until the next change is exponentially distributed and it is a function of £ in
the case of exponential mixtures. It is an event or failure rate at time ¢ conditional
on survival until time ¢ or later (that is, T' > 0) and it is an increasing function
of t. In other words, the older the life in question (the larger the t), the higher
chance of failure at the next instant.

The hazard rate function can provide information about the tail of a distribution.
If the hazard rate function is decreasing, it is an indication that the distribution
has a heavy tail, thus, the distribution significantly puts more probability on larger
values. Conversely, if the hazard rate function is increasing, it is an indication of a
lighter tail. In an insurance context, heavy tailed distributions (for example the
Pareto distribution) are suitable candidates for modeling large insurance losses.

If Ny is the number of changes or failures in the time interval [0,¢] and T' = ¢
is the time until the occurrence of the first change, then p,(t) = Prob (Nt = n)
is an infinitely divisible mixed Poisson distribution, which is also a compound
Poisson distribution.

Basically, there are 3 (three) types of exponential mixtures; the finite mixture,
which is achieved by taking k different distributions with mixing weights; discrete
mixtures which are achieved by considering discrete mixing distributions and
continuous mixtures, which are constructed using continuous mixing distributions.

The continuous exponential mixtures can be categorized into type I and type
IT exponential mixtures and the difference between type I and type II exponential



mixtures is that, whereas the mean of type I is the reciprocal of the parameter,
that of type II is the parameter itself. The survival function of the type I mixture
is the Laplace transform while that of the type II mixture is not.



1.2 Notations, terminologies and formulations

Mixtures

Mathematically speaking, a mixture arises when a probability density function
f(x |A) depends on a parameter A that is uncertain and is itself a random variable
with density g(A). Then taking the weighted average of f(x |A) with g(\) as
weight produces the mixture distribution.

The pdf of a continuous mixture is given by

f@) = [ @) g() dr
0

where,
f(x |A) = the conditional pdf
and,

g(A) = the continuous mixing distribution

The survival function is,
o @)
S(z) = / S(z |A) g(A) dA
0

and the hazard function is

1.2.1 Exponential Mixtures

In this study we have categorized exponential mixtures into type I and type II
mixtures. The type I exponential mixtures are such that:

fl@N)=Xe™% x>0, A>0

and,
f(x) :/ Ae T g(A) dA (1.1)
0

The type II exponential mixtures, on the other hand, are such that:
1 =
f(:v|)\):Xe_X x>0 for A>0

and,

F@)= [ etgnar (1.2
0



1.3 Literature review

1.3.1 Introduction

Although mixed Poisson distributions and exponential mixtures have been studied
extensively, these studies have been done separately and the link between the
two distributions has not been explored. In this section the literature on type I
and type II exponential mixtures has been separated from that on mixed Poisson
distributions.

1.3.2 Type I exponential mixtures

Mc Nolty et al. (1980) determined that when the distribution function of the
random time-to-failure for any component is exponential, the hazard rate is a
constant. However, in a population of such components there may be an ubiquitous
variation in the parameter-values because of small fluctuations in manufacturing
tolerances. Thus, a component selected at random can be regarded as having a
random hazard rate. They considered an exponential-gamma distribution and
stated that the hazard rate is decreasing, since the derivative of the hazard function
is less than or equal to zero.

The exponential-gamma (Pareto) distribution was obtained in terms of survival
function, S(t); probability density function, f(¢) and hazard function, h(t), using
the gamma mixing distribution. The mixed exponential functions, S(t), f(t)
and h(t) were further expressed in terms of Laplace transform, Fourier transform,
characteristic function and special functions.

Hesselager et al. (1998) studied exponential mixtures of type I with single
hazard functions and those with a sum of two hazard functions and determined
that whereas Pareto (exponential-gamma) and exponential-inverse Gaussian distri-
butions have single hazard functions of exponential mixtures, exponential-shifted
gamma is a mixture whose hazard function is the sum of a constant (which is
a hazard function of an exponential distribution) and the hazard function of a
Pareto. Benktander II distribution, on the other hand, is an exponential mixture
whose hazard function is the sum of a hazard function of a Pareto and that of
exponential-Hougaard distribution in which case, Benktander II distribution is
based on mean excess loss function. Gampertz-Makeham distribution is an expo-
nential mixture whose hazard function is a sum of a constant and a hazard function
of Gompertz distribution which is an exponential mixture with Poisson mixing
distribution. Hesselager also determined that exponential-Hougaard mixture is
based on the Laplace transform of Hougaard distribution which is a Laplace trans-
form of a compound Poisson distribution with gamma independent and identically
distributed random variables.

Drozdenko and Yadrenko (2012) constructed type I exponential mixtures in
terms of probability density functions, survival functions and hazard functions.
Whereas the functions are in explicit form for gamma mixing distribution, for



the inverse gamma and generalized inverse Gaussian (GIG) mixing distribution,
the functions are in terms of the modified Bessel function of the third kind. The
first method is based on Cauchy inequality, while the second is based on Block-
Savich inequality. They further defined average residual time of life which is mean
excess loss function and gave a formula for this mean excess loss function for an
exponential mixture. Using Cauchy inequality they proved that the mean excess
loss function for an exponential mixture is non-decreasing. Using the gamma
distribution with two parameters a and B they obtained the mean excess loss
function for the exponential-gamma distribution.

1.3.3 Type II exponential mixtures

Bhattacharya and Holla (1965) constructed type II exponential distributions when
the mixing distribution is distributed uniformly over a range [@ — §, 0 + §] with
6 > 6 > 0 and with beta II as the mixing distribution. They expressed the
mixtures in terms of Tricomi confluent hypogeometric function.

They obtained the 7** moment of the mixtures directly using Mellin transform of
Tricomi confluent hypogeometric function and also obtained the first four moments
of the mixtures.

The model was used to show that if a set of individuals, exposed to an accident risk,
are under observation in two successive periods of given length, and if the accident
liabilities vary from individual to individual, then a selection of the individuals
free from the accidents in the first period results in a decrease in the mean number
of accidents in the second period.

Bhattacharya (1966) constructed type II exponential mixtures when the ex-
ponential distribution is the mixing distribution. The mixture was expressed in
terms of modified Bessel function of the third kind. Using Mellin transform of
modified Bessel function of third kind, Bhattacharya directly obtained the rt*
moment of the exponential-exponential mixture. For the scaled Beta I mixing
distribution, he expressed the pdf of the type Il exponential mixture in terms
of Tricomi confluent hypergeometric function through use of Riemann-Lienville
integral and Whittaker function. They obtained the r*® moment of the mixture
using the Laplace transform of a Tricomi confluent function.

They also used scaled Beta I as a mixing distribution and expressed the
corresponding pdf in terms of Wittaker model and confluent hypergeometric
function. The type II exponential mixture was obtained with an exponential
mixing distribution and the mixture was expressed in terms of modified Bessel
function of the third kind.

Frangos and Vrontos (2001) obtained Pareto II (Lomax) distribution by con-
sidering type II exponential mixture with inverse gamma mixing distribution and
used the model in insurance claim to obtain severity component.

Frangos and Karlis (2004) derived a type II exponential mixture using a
Generalized Inverse Gaussian (GIG) distribution as the mixing distribution and
expressed the mixture in terms of modified Bessel function of the third kind.



Although they obtained the r** moment of the mixing distribution, thus the GIG,
in terms of a ratio of modified Bessel functions of the third kind, they did not
obtain the " moment of the mixture. However, they fitted the model to data
from a large Greek insurance company that was concerned with the size of car
accident claims and provided an EM type algorithm to facilitate the estimation
procedure.

Nadarajah and Kotz (2006) used sixteen mixing distributions to obtain the pdfs
of type II exponential mixtures which were expressed in terms of the following special
functions: Incomplete gamma function, Appell function of the first kind, modified
Bessel function of the third kind, Tricomi confluent hypergeometric function,
generalized hypergeometric function and Kummer’s confluent hypergeometric
function. The mixing distributions used are:- exponential, gamma, half logistic,
inverse Gaussian, Weibull, Stacy, half-normal, Fréchet, Pareto, two sided power,
Beta, inverted Beta, Lomax, generalized Pareto, Burr III, and Burr XII. They
however did not obtain the 7** moments for the mixtures.

Bhattacharya and his colleagues made a major breakthrough in studying type
IT exponential mixtures as early as in 1960’s. Though their success has been
attributed to their knowledge of special functions, they confined themselves to
exponential, scaled beta I, uniform and Beta II mixing distributions.

1.3.4 Mixed Poisson distributions

Walhin and Paris (1999) defined a class of mixed Poisson distributions known as
Hofmann distributions in terms of Laplace transform and determined that this class
encompasses Poisson, negative binomial, Poisson-Inverse Gaussian, Polya-Aeppli
and Neyman Type A distributions.

These distributions are infinitely divisible and hence are compound Poisson distri-
butions. Parameterizations of this class have been obtained by Klugman et al. in
2008 and it is known as extended negative binomial distribution whereas Hougaard
et al. called it Poisson-Hougaard distribution.

Walhin and Paris (2002) assumed that the cost for repairing a fault is given by
a random variable X that is discrete and distributed along equidistant mass points.
They also assumed that the realizations of X are independent and independent of
N (t).
Their interest was in the probability distribution of the total cost S(t) = X1+ +--+
X nN(t), where N (t) is the number of flaws in a roll of length ¢. They concluded
that the Hofmann process, convoluted with a Poisson process, may be of interest in
order to analyze industrial problems where defects are counted on varying element
sizes. The model they developed had interesting properties that could be given a
physical interpretation in the case of data like that of Bissell (1972a). Moreover, it
is tractable due to the recursions giving the probability function.



1.3.5 Summary of literature review

Exponential mixtures have been expressed in terms of survivor times, namely; f(x)
(pdf), s(x) (survival functions) and h(x) (hazard function). The functions are
explicit, in terms of the modified Bessel function of the third kind and in terms of
confluent hyper-geometric function. Moments of the mixtures have been obtained
using Mellin transform technique. Hazard functions of exponential mixtures have
been constructed through Laplace transform and mean excess loss. Some of the
hazard functions are single while others are sums of individual hazard functions.
Mixed Poisson distributions have been expressed in terms of Laplace transforms.

Some mixing distributions have been obtained by considering sums of indepen-
dent random variables. In one case the number of the random variables is fixed
and in another case it is also a random variable. In other words, Laplace trans-
forms have been obtained through compound Poisson distributions and through
convolutions of random variables.

The derivative of a function has been used in the definition of the mixed Poisson
distribution, and this seems to be the link between exponential and Poisson mixtures
that needs to be explored. Mixed Poisson distributions and exponential mixtures
have been studied extensively but separate from each other. Nonetheless, there
are a number of mixing distributions that do not form part of the exponential
mixtures literature but they have been used in the construction of mixed Poisson
distributions .



1.3.6 The framework

Laplace trans-
form of mixing
distributions

A

HAZARD FUNC-
TIONS OF
EXPONENTIAL
MIXTURES

A

Construction
of probability
density functions

h 4

Infinitely divisible
mixed Poisson
distribution

Compound Pois-
son Distribution

Mean excess
loss of expo-
nential mixtures

Figure 1.1: The link between exponential and Poisson mixtures
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1.4 The Research problem

Walhin and Paris (1999) defined a class of mixed Poisson distribution in terms of
the derivative of some function. While re-examining this definition, we realized
that this derivative is a hazard function of type 1 exponential mixture. Hence there
is a link between mixed Poisson distributions and exponential mixtures. Although
both mixed Poisson distributions and exponential mixtures have been studied
extensively, this link has not been explored.

There are many mixing distributions that have been used in the study of mixed
Poisson distributions that are not part of the exponential mixtures literature. For
this link to be explored effectively, there is need to construct exponential mixtures
using these mixing distributions.

Hazard functions of exponential mixtures through Laplace transform and mean
excess loss function can be single or sums of individual hazard functions of ex-
ponential mixtures. The link between these hazard functions and mixed Poisson
distributions has also not been studied. From literature, moments of exponential
mixtures have been obtained using Mellin transform technique, however the tech-
nique fails in some cases. There is need for a more robust method of obtaining
moments of exponential mixtures that would serve an alternative technique to the
Mellin transform.

Laplace transform of a compound Poisson distribution for gamma independent
and identically distributed random variables was considered by Aallen (1992).
However, the corresponding mixed Poisson distribution has not been explored
and hence the need to study compound Poisson distributions with continuous iid
random variables.
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1.5 Objectives

The main objective of this work is to explore the derivative of the function in the
definition of mixed Poisson distribution by Walhin and Paris.

1.5.1 Specific objectives

The specific objectives are to:

1.

2.

construct and derive moments of exponential mixtures.

show that single hazard functions of type I exponential mixtures characterize
infinitely divisible mixed Poisson distributions which are also compound
Poisson distributions.

show that sums of hazard functions of exponential mixtures characterize
convolutions of infinitely divisible mixed Poisson distributions which are also
convolutions of compound Poisson distributions.

. obtain sums of hazard functions of exponential mixtures using Laplace trans-

forms of sums of independent continuous random variables and associated
mixed Poisson distributions.

. obtain hazard functions of type I exponential mixtures using Laplace trans-

forms of convolution of independent non-identical chi-squared random vari-
ables and associated mixed Poisson distributions.

. obtain sums of hazard functions of exponential mixtures based on mean

excess loss function of Benktander II (exponential-Hougaard) distribution
and associated mixed Poisson distributions.

12



1.6 Research Methodologies

1.6.1 Introduction

Various mathematical tools have been used to achieve the above objectives and
they include: generating functions, special functions, transforms, powers series
expansions, inequalities and recurrence relations.

1.6.2 Special functions

The Beta I function
1
B(a,b) = / z* '1—2)tdx; a>0,b>0 (1.3)
0

The Beta II function

B(a,b) = 70 t!

0

b

o= dt (1.4)

The Gamma function
xo
T'(a) = / t*letdt, a>0 (1.5)
0

Na+1)=al(a)

Modified Bessel function of the third kind
1 oo w
K,(w) = 2/0 a1 em (@) dg (1.6)

Some properties are:-

Ky(w)=K_, (w)

K% (w) = \/ze_‘*’ (1.7)
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K3(w) = @ e 1+ :] (1.8)

Confluent hyper-geometric function (1.9)

1. Kummer’s confluent Hyper-geometric function

T'(e) |

1Fi(a;c;x) = I(@)(c—a) J w11 —u) D e gy c>a>0
(1.10)
2. Tricomi confluent hyper-geometric function
1 oo
¥(ajsc;x) = I‘(a)/ (14 t) D e 4t a,b,>0 (1.11)
0
The following relations hold
a,c;xr) =x +a—c,2—cx .
v 1=eg(1 2 1.12
I'l—c I'(c—1
U(ascix) = I‘(a(—c+)1) 1F1(a;c52) + (I‘(a)) x'7¢1Fi(a—c+1;2 —c;x)
(1.13)
The incomplete gamma function is defined by:
T
v(a,x) :/ t* e tdt (1.14)
0
=a lz%e® 1 Fi(a;a+1;7) (1.15)

Special functions have been useful in the construction of mixing distributions.

1.6.3 Transforms

1. Probability generating functions: have been used to determine the corre-
sponding mixed Poisson distributions

2. Laplace transform: has provided the link between exponential mixtures and
mixed Poisson distributions

3. Mellin transform: has been used to obtain moments of exponential mixtures
that are based on special functions.

Generating functions
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The pgf of a random variable X is given by

G(s) = io: Prob (X =k) s*
k=0
= E(S%)

The Laplace transform

oo

Lx(s) :/ e ** f(x) dx

0

Mellin transform of a modified Bessel function of the third kind

® s+v S—v
/ws_lKv(w)dw:2$_21"< 5 )F( 5 )
0

Proof

o0
M {f(@);s} = [ "7 f(2) da
0
i 1 T 1 J1 e 1 - 1
/ws_ K, (w)dwz/ws_ {2/ x¥” e_2(a’+m)da:}dw
0 0 0
]_ ® oo w 1
— / 21 {/ w1 e_2(‘”+w)dw}dm
2 0
0
o0
_1 / mv—l F(S) T
- S
23 [%(az—l—%)}
1 o0 Cl}'v_l
= —T'(s) / ——dx
2 0 {%(w—i—%)}
L oo ws—{—'v—l
—os-lT /7d
(8)0 @21
5 oo CIJS+U_2
— 9527 /iz d
(s) J [x2+1])° T
o0 s+v
B (:L.2) > -1
0
Now let
t =22 in which case dt = 2z dx
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Therefore,

s+v 1

WK, (w)dw =25"2T(s )/ TFE

0\8

_ g2 I(s) B(s—l—'v s 2'0

(1) 15

Mellin Transform of Tricomi Confluent hyper-geometric function

)

7 I's T(a—s)T(s—c+1
/ws_l Y(a; ¢; x)dx = s Tla—s)(s—ctl) (1.19)
J I'(a) I'la—c+1)
Proof
o0 o @) o0 1
W W(a; ¢; x)dx = xSt t 1@ +t)c o e ®dt dx
] I I
701ta—1(1_|_t)c—a—1[ 70 ms—l e—xtdw] dt
I'(a)
t=0
| 1 g1 I's
—t? 14+ — dt
/ I'(a ) (1+1) ts
t=0
Tr
— / s ta—s—1(1+t)c—a—1 dt
I'(a)
t=0
B T's o0 ta—s—1 o
= I‘(a) I (1_|_t)a—c—|—1
_ s 7 to—s—1 dt
= I‘(a) A (1 +t)(a—s)+s—c+1
_ I's B( +1)
_I‘(a) a—s,s—c
_ I's I'(a—s)I'(s—c+1)
"~ T'(a) I'la—c+1)
and
I'(s) T'(s— 1
Mle—20(a;ex), 8] = L TE=et D) (1.20)

I'la+s—c+1)
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Proof
o )
Mle ™ *W¥(ajc;x),s| = /:cs_l e *WU(a;c;x) dx
0

o0

1
— Y1) e e 2dt da
/ I'(a)

8

I
2
H(‘n

[e

\8 &\8 L—3

1 oo
o= 1 14 ¢)e—a— 1 s—1 _—x(t+1) d dt
{n) e ] e

=0

o~

I's

1
7.[:(1—1 1 _|_ t c—a—1 dt
r@’ OO s

&~

S
ta 1(1_|_t)c a—s—1 dt
I'(a)

I's 7 tle—1) d
= t
I‘(a) (1 +t)ats—ctl
I's
B(a,s—c+1)

" I(a)
I's T'(a)T(s—c+1)

- I'la) T(a4+s—c+1)
_I'(s)T(s—c+1)
- T(a+s—c+1)

The Mellin transform of Kummer’s confluent hyper-geometric function

~
I
o

o0
I'(c)Ts T'(c—a—s)
-1
Fi(a;c;—x) dxe = 1.21
O/a: 1Fi(a;¢; —2) de I'(c—s) T(c—a) (121)
Proof
oo oo 1
ta—l 1—1¢ c—a—1
/333—1 1Fi(a;c; —x) dx =/ xs1 / ( ) e Tt dt} dx
5 a d B(a,c—a)

1 1
= / {/oo ws_le_‘”tda:}ta_l (1—t) o 1dt
B(a c—a)

B(a C_a) / ts B 1 (1 t)c—a—ldt
I's s —a—
:B(a c_a) /0 $a—s 1(1_t)c a 1dt
’
I's
=————B(a—s,c—a)
B(a,c—a)
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_I'(¢)T's T'(a—s)

- T(c—s) TI(a)
oo
I'(c)T's T'(c—a—2s)
s—1 —x
Fi(a;c;x) de = 1.22
O/a: ¢ 1fi(aice) de I'(c—s) T(c—a) (1.22)
Proof
oo oo 1
ta—l 1—1¢ c—a—1
/a:s_l e ¥ 1Fi(a;cx) do :/ xSl e® / ( ) e’ dt y dx
] J J B(a,c—a)

1 1 © s—1 —(1-t)x } a—1 c—a—1
- dxt 1—-1¢ dt
B(a,c—a) /0 {/0 voe v ( )

ta—l (1 _ t)c—a—ldt

1 1 TIs
- B(a,c—a) /0 (1—1¢)®

__Is /1 o1 (1 —t)e s 1qy
B(a,c—a) Jo
r
= —SB(a,c—a—s)
B(a,c—a)
s B(a,c—a—s)
B(a,c—a)

_ I'(c)Ts T'(c—a—s)
I'(c—s) T(c—a)

The Mellin transform technique has also been useful as a direct method of obtaining
the 7* moment of the mixtures.

1.6.4 Inequalities

The exponential mixtures are non-increasing functions and the Cauchy-Schwartz
and Block-Sarich inequalities have been used to to prove this result.

Cauchy-Schwartz Inequality

Lemma 1.1. If X and Y are random variables such that E(X?) and E(Y?)
exist then

(E(XY))*< E(X?)E(Y?)
(Johnson, Kemp and Kotz, 2005, pp 49)

The Cauchy-Schwartz inequality in lemma 1.1 can be used to prove that the
hazard function of an exponential mixture is a non-increasing function as follows:

o0 o0 A\ N
/ Ae Ag(A)dA = / Ae~Fe T g(A)dA
0 0

18



x Az
=FE|\Ae 2 6_2]
= E(XY)
where,
Az
X=Ae 2
and,
Az
Y —e 2
Therefore,

70)\6_)‘“’9()\)(1)\ = [E(XY)]? < E(X?) E(Y?)
LO |
That is

. o
/ Ae g (A)dA
LO

. -
/ AeMg(A)dA| <
LO h

/ A2 e g(\)dA

o0
/ e g(A)dA
0

But the hazard function of type I exponential mixture is given by

o0
I Ae=>® g(A\)dA
0

T e g(A)dA
0
d h(x)

dx

[Z" oAz g(A)dA] l— Zfo A2 g g(A)dA] -

h'(z) =

lzo e—Ae g()\)d)\] i

l‘f A e g(A)dA] l— T Ae g()\)d)\]
0 0

lzo e g(A)dA] 2

8

2
[70 A e g(A) d)\] _ [j e g(A) d)\] [70 A2 e g(A)dA
0 0 0

[Zfo ez g()\)d)\r
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[f A2 e g(A) d)\] [0 —AT g(X) dA]

2
[f e~ g(/\)d/\]
0
h'(z) <o0.

Thus h(x) is a non-increasing function.

Block-Sarich Inequality

An alternative approach of showing that the hazard function of an exponential
mixture is a decreasing function is to use Poisson transform of a function ¢(x)

defined as
e
an(s) = [ —
0

The theorem by Block-Sarich, quoted by Drzdenko and Yadrenko (2012), is as
follows:

—ST n

¢(x)dx

(1.23)
Theorem 1.1.
Ifforalls>0and n >0
a2 (5) < an+1(8)an—1(s) (1.24)

then the distribution F'(x) has a decreasing failure rate function.

For type I exponential mixture

0O _—sx,..n

an(s) :/e s(x)dzx

0

:/{ s%n/e A‘”g(x\)dA)}diB
0 0
J !
T 1“(nJrl) g(N)

:0/ (s+ )"t n! a

= 0/(3+)‘)n+19()‘)d>‘
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1 1
= n . A)dA
0/ CESVERTRSVI izl
= E(XY)
where,
1
X=—"4
(s+A)2
_ 1
= (S+)\)%+1

a’(s) = [E(XY)]* < E(X?) E(Y?)

by Cauchy-Schwartz’s inequalities

ai@)gﬂ@] g(A)dAZO[(SHI)gH g(\)dx
7 1 7 1
s | ] s / ] s

az(s) < an-1(s) any1(s)

Hence F'(x) has a decreasing failure rate function

1.6.5 Recurrence relation

This is when the nt? term of a probability mass function is expressed in in terms
of one or more lower terms. Panjer’s recursive relations is one such forms and it is

given by:
b
Pn = a—l—;pn_l n=1,2,3,...

where a and b are real numbers.

This recursive model is known as Panjer’s recursive model of class zero denoted by

(a,b,0) class of distributions.

We can extend it to
b
Dn = a‘|‘; Pn-1) Mm=2,3,...

which is Panjer’s (a,b,1) class.
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In general, we have
b
DPn — a"‘gpn_l n=k+1,k+4+2,...

which is Panjer’s (a, b, k) class for k =0,1,2,...

Some probability mass functions in chapter 4 take Panjer’s recursive form.

In actuarial literature, this recursive relation is due to the original work of Panjer
(1981). In statistical literature, however, this relation had been published by Katz
(1965) based on his PhD dissertation of 1945.

In this study, compound Poisson distributions have been obtained recursively in
terms of the pmf of the independent and identically distributed random variables
and the hazard functions of the exponential mixtures.

1.6.6 Conditional expectation

E(X")=EE(X"|A=2})
E(X)=E E(X|A=\)
Var(X)=Var E(X|A)+E Var(X|A)
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1.7 Significance of the study

The study of probability distributions is one major area of statistics that involves;
construction of distributions, determination of their properties, estimation of
parameters and application of the models developed.

Various types of data have emerged that do not fit the known distributions and
it is precisely for this reason that alternative methods for constructing distributions
have been proposed and utilized. One such method is the mixtures and this work
is a contribution to this area. In practice, mixtures have been found useful in
actuarial data and financial mathematics and more specifically mixed Poisson
distributions and exponential mixtures have been used in the study of insurance
claims. For example, the exponential-inverse gamma mixture (Pareto distribution)
has been used to model the size component of insurance claims by letting X to
be the size of claim by each insured and Y the mean claim size of each insured
such that the conditional distribution is f(x|y). Since the mean claim size is
different for the different policyholders, the prior distribution for Y can be the
inverse gamma.

The most common applications of the exponential distribution is in the field
of life-testing, where the lifetime can be usefully represented by an exponential
random variable with a relatively simple associated theory. Occasionally, this
representation has been found to be inadequate, and hence a modification of the
exponential distribution has been essential. In many applications, the hazard rate
h(t) is a rate of change function also known as failure rate function in reliability
engineering and the force of mortality in life contingency theory. The rate of change
is a constant when the time until the next change is exponentially distributed and it
is a function of ¢ in the case of exponential mixtures. If N¢ is the number of changes
or failures in the time interval [0,¢] and T =t is the time until the occurrence
of the first change, then p,(t) = Prob (N = n) is an infinitely divisible mixed
Poisson distribution, which is also a compound Poisson distribution (CPD).

In this study, the Laplace transform of the mixing distributions has been
used to obtain the probability density functions, the survival functions and the
hazard functions of exponential mixtures. Therefore, Laplace transforms of mixing
distributions characterize exponential type I mixtures and hazard functions of an
exponential mixtures give rise to infinitely divisible mixed Poisson distributions
that are also compound Poisson distributions.

Moments of exponential mixtures have been constructed and specifically the
mean of an exponential mixture, which is useful in the construction of the mixing
distribution of an equilibrium distribution of an exponential mixture.

The type II exponential-generalized inverse Gaussian distribution by Frangos
and Karlis (2004) was fitted to data from a large Greek insurance company that
was concerned with the size of car accident claims.

23



1.8 Outline of the thesis

Chapter 1 gives the background of the study, notations, terminologies and formu-
lations, literature review, research problem, objectives, research methodologies,
significance of the study and outline of the thesis.

In chapter 2, type I exponential mixtures have been constructed and their
properties obtained. It has also been determined that some hazard functions are
sums of individual hazard functions. In chapter 3, type II exponential mixtures
have been constructed and their properties obtained.

Chapter 4 defines mixed Poisson distribution in terms of hazard function of
the exponential mixture. In chapter 5 the link between sums of hazard functions
of exponential mixtures and convolutions of infinitely divisible mixed Poisson
distributions which are also convolutions of compound Poisson distributions has
been explored.

In chapter 6, Laplace transforms of sums of independent continuous random
variables and hazard functions using mean excess loss have been obtained. The link
between these Laplace transforms and the hazard functions with Poisson mixtures
has been explored. Chapter 7 has concluding remarks.
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2.1

Chapter 2

TYPE I EXPONENTIAL MIXTURES AND
THEIR PROPERTIES

Introduction

From literature, common mixing distributions used in constructing type I expo-
nential mixtures are: gamma, inverse gamma, inverse Gaussian and Generalized
Inverse Gaussian (GIG). The mixture is expressed explicitly in the case of gamma
mixing distribution and in terms of modified Bessel function of the third kind in
the remaining 3 cases.

There are mixing distributions that have been used in constructing mixed
Poisson distributions that are not in the exponential mixtures literature. It also
seems that little attention has been given to type I exponential mixtures expressed
in terms of confluent hyper-geometric functions.

Laplace transform, Mellin transform, Fourier transform and characteristic
function have been related to type I mixed exponential function. For the gamma
mixing distribution the probability density function, survival function and hazard
function of the mixture have been expressed in terms of Mellin transform. Although
the integral transforms have been used for construction of mixtures, they have not
been used for obtaining moments of type I exponential mixtures. Hesselager et al.
(1997) constructed the hazard function of exponential-Inverse Gaussian and stated
that it is one of the special cases of the exponential-Generalized Inverse Gaussian
distribution. However, they did not consider other special cases.

To fill up some of these gaps, the objectives of this chapter are; to construct
type I exponential mixtures in explicit form, in terms of the Bessel function of the
third kind, and in terms of confluent hyper-geometric functions using twenty six
(26) mixing distributions; to obtain moments directly using Mellin transform and
indirectly using conditional expectation approach; to derive special cases of type
I exponential mixtures for Generalized Inverse Gaussian and Generalized Pareto
mixing distributions

Hazard functions of type I exponential mixtures are a useful link between
exponential and Poisson mixtures and this link has been explored extensively in
chapter 4.



2.2 The problem in mathematical form

Remark 2.1. The Laplace transform of a distribution characterizes type I expo-
nential mixture.

Let,
f(x |)\):)\e_)“’3; >0, A>0

be the conditional exponential distribution with mean being the reciprocal of the
parameter A.

Then,
0
fa) = / Ae AT g(A) dA
0
is the type I exponential mixture with g(A) being the mixing distribution.

The survival function of type I exponential mixture is given by

S(x)= [ S(x |\) g(A) dA

= La(x) (2.1)

which is the Laplace transform of the mixing distribution.

The hazard function of type I exponential mixture is

_ 1@
S(x)
_ 1 dS(x)
~ S(x) da
L@
L(x)

The rth moment of type I exponential mixture can be obtained directly.

h(z)

(2.2)
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Directly,
E(X") = / 2z f(z) dz (2.3)
0

This will require the Mellin transform of the Bessel function of the third
kind and Mellin transform of the confluent hyper-geometric function.

Alternatively, the conditional expectations approach can be used as given in
the following lemma

Indirectly,

Lemma 2.1. The r* moment of the type I exponential mizture is r factorial
times the ™ moment of the reciprocal of the mizing distribution, i.e.

E(X") = 7! E[ ! ] (2.4)

AT

Proof
E(X")=EE(X"|A = \)
where
oo
E(X"|A = )) =/ 2" f(z|\) da
0
oo
= / " Xe M dx
0
0
= / x" e M dx
0
o0
— / 2T+D)-1 o=z 4.
0
I'(r+1)
)‘r—i—l
r!
T
1
B(X") = E []
AT

where A is the random variable taking the value A.



The mixtures can be categorized into those that are explicit in form, in terms of
modified Bessel function of the third kind and in terms of confluent hyper-geometric
functions.
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2.3 Mixtures in explicit form

In this section, mixtures in explicit form have been constructed using various mixing
distributions and moments have been obtained using both the direct technique
and the conditional expectation approach.

2.3.1 Exponential mixing distribution

In the case of the exponential mixing distribution, the mixture which is the
exponential-exponential distribution which is also known as Pareto IT (Lomax)
distribution with parameter 3.

g(A) = Be 72 (2.5)

The pdf of the mixture is,

f(x)= | xe™™* Be PAdA

\8

0
=3 [ A2 1 e A @B gy
/
_ BT
(z+B)>

B

= m, x>0 (2.6)

The survival function is,
x0
S (z) :/S(az|)\) g(A) dA
0

e Be M dx

I
o—9

e~ @+8) g\

I
®

Al_l e—)\ (it-l—ﬁ)dA

I
@

e (2.7)

The hazard function is,

h(z) = (2.8)

x4 3
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The 7t moment about zero is,
oo m,r
E(X")=p8 / ——dx
XI=5 ] aray

Let,

r=p8t .. dr=pdt

T

E(X") = 8" ke

8 0\8

tr+1—1

=p"B(r+1,1—r)
SL(r+1)T(1—-17)
I'(2)
=r!f"T(1—r) (2.9)

t

Using conditional expectation approach, we have
1 0
. —7r
E lA] _/ AT g(A) dA
0

— B / )\1—7‘—1 6—,3)\ d\
0

_pTu=n
=p"T(1—7)
EX")=r!"T(1—r) (2.10)
and,
E(X)=p8T(0) =00 (2.11)

2.3.2 Gamma I mixing distribution

The gamma I distribution is based on the gamma function in . Using gamma I
as the mixing distribution, the exponential-gamma I mixture, also known as Pareto
IT (Lomax) distribution with parameters e and 3, is constructed below and the
moments have been obtained.
«
g(A):Le—“Aa—l, A>0; >0, a>0 (2.12)
I'(c)
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The pdf of the mixture is,

f@) = [Ae> ra) —BA ya—1 gy
0
_ /Ba T a —(z+p6)A
I‘(a)o/ A dX
__ap”?
B >0 (2.13)

a xo
S(x) = A A1 = A (@+8) g

_ 8" I
[ @)

= ( )e (2.14)

T —I— B
The hazard function is,

a B%

(arByatT
h,(ac) (z+p)>rt +5) -

2.15
:c+ﬁ (2.15)

Mc Nolty et al. (1980) stated that this hazard rate is decreasing, since

dh(m) da(m—l—,@)_l

h'(z) = T
= —a(w+ﬂ)‘2
T (@+p)?

h(z) <0

Therefore, the distribution has a heavy tail, and thus significantly puts more
probability on larger values.

The 7t moment about zero is,

o @)

E(X") = a g° /
0

CUT

——dx
(x+ pB)ott
Let,

r=pBt .. dx=pdt
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tr

8 0\8

r1-1
=af" d
p O/ (t+1)r+1)+(a-r)
=apf"B(r+1l,a—r)
S L(r+1)T(a—r)
I'a+1)
I'a—r)
INC)

t

=r! B" (2.16)

Using conditional expectation approach, we have

1 o0 B e~ BA)\a—1
E| - :/ AT dX
AT J I'a)

oo

Aa—’l“—l e—ﬂA d\

(2.17)

and,

a—1

E(X) = a#1l (2.18)

2.3.3 Gamma II mixing distribution

The exponential-gamma II mixture, which is also known as Pareto II (Lomax)
distribution, with parameters a and % is constructed as follows:

gAN)=———e B 1 (2.19)

The pdf of the mixture is,

0o 1 N
fla) = /Ae—Am __—__eTBAlgn
0

BT ()
1 o0 ( 1)
_ at+1-1 —A(z+5
= o) 0/)\ e A dx A>0
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B 1 I'a+1)
" BT (ot 4

o (5)°
S — 0 2.20
@ty 77 .
The survival function is,
S(x) = 706_)‘“” ! e 5 A1 g
/¢ BT
1 T “A@+3) yo—1
=—— | e Bl dA\
@ |
B 1 I'(a)
- BeT() (x4 5)°
1 a
— (-2 (2.21)
a:—i—%
and therefore
h(z) = —— (2.22)
The r** moment about zero is,
woren () [
=a | — T
3) | @
Let,
1 1
v = () o de= () dat
B B
1 I
E(X") = — ——— dt
1 r O° t’r‘-l—l—l
1 r
=a|—| B(r+l,a—r
(5) Bor+ro=n
(1)1" L(r+1)T'(a—7)
= —
B I'(a+1)
— <1>r Tla—r) (2.23)
B I'(a)
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Using conditional expectation approach, we have

1 r a—1
E[Ar] ﬂO‘I‘(a)/A e~ 3 A1 dx

A
= / —7=1¢73 dA
go r<a> /
B 1 I'a—r)
- BaTl(a) (1\*T
peT(a) (1)
_ IN'a—r)
~ T(a) pr
[‘ —
B(X7) = D@7 (2.24)
1“(04) Br
and,
B(X)= #1 (2.25)
= « .
(a—1)53
2.3.4 Shifted gamma (Pearson type III) mixing distribution
The shifted gamma or Pearson type III mixing distribution has pdf;
g(A) = e PO (A —p)>! (2.26)

F()

and it yields an exponential-shifted gamma distribution which is constructed as
follows:,

oo
f(x) = / Ae e PO (A= p)*1dx
m

LA
I'(a)

/ Ae A =B A=) (\_ p)a—l ga

" I(a)

— B / A—p+p) A=p)*te Oprtma o= A=n) gx
I(a) |

= e / (A=) @D (A= )] emAmm@th) gx
') 4

(2.27)
Let,
A—pu==z S dA=dz
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Therefore,

o)

1) =y [ ] et
LB e [t il ]
I'(a) (x+p)ott (x4 B)-
= 7&1 e BT « x
= @rpe l(w+ﬂ)+ul’ >0 (228)

The survival function is,

S(x) = i / A—p)* e @ =B 1) g
I(@)
p® —p T -1 —(A—
— z [ (— p)e ) (x+B8) g
_ B R / yo—1 —(z+p) z g4,
EIR

B e T
I'a) (x+B)>

= 7/805 e—p,:l:
(z+B)
and therefore
«
h = u4+ 2.29
@) =nt (2.29)

Using conditional expectation approach, we have

B D Sy N N S
E[A’"]_F(a)l[)\ e M (A= p)>t dx

= Fﬂ(:) Z(A —pt )T (A=) e P an
S ) e
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where,

z=A—pu and dz=d\
n_ B s p T(a—7r—k)
BOX) =10 2/;( ) ~ga—r—k

e INa—r—k)
=r! (i, e A 2.30
p° 3 () war KO (2:50)
2.3.5 Half logistic mixing distribution
In the case of half logistic mixing distribution,
2 pe HA
AD)=—""—7— 2.31

the mixture is exponential-half logistic distribution, which is constructed as follows:
o0
2 pe HA
f(x) = /)\e_)m —
( ) J (1_|_e—u)\)2
oo oo _2
:/)\e_}‘w 2p e HA > (k:) CRES LN
0
(o ] 2 oo
— - —A(z+p+pk)
_2uz<k>{0/)\e dA}

=2 2 ()
=24 i (‘,@2> { ! } x>0 (2.32)

(z + p+ pk)?

The survival function is,

oo

S(x) :/ e A

0

— 2y Zoe—m—xu {i <_k:2> (e—“")’“}dA

k=0

=2 > <_k:2> {/ e~ M@+ptpk) d)\}

0

0o _ oAt ptpk) |
-9 e

x+p+ pk

=2u ioj (—kz> lll (2.33)

T+ p+ pk

2pe HA
(1+eHA)2
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The hazard function is,,

—2
=, <k:> { G

X [~ 1
,;::0 < k ) {m+u+uk}
The 7" moment about zero is,
oo _9 o0 "
E(X")=2pu ( > dx
) g@ k {0/ (+ p+ pk)? }
Let,
= (p+pk)t . de=(p+pk)dt
oo _9 o0 tr
E(X") =2p ( ) (1 + pk) dt
kzzjo k 0/ (1+1¢)2
= (=2
=2p ) (n+pk) " B(r4+1,1—7)
k=0 k
_ r — —2 r—1 _
=24 kgo (k> (k+1)""*B(r+1,1—7)
=27y " T(1—r) Z (7{:2) (k+ 1)’"_1 (2.35)
k=0
Using conditional expectation approach, we have
1 - 2 ppe A
E(—)= | X" ———d\
(A'r) 0/ (1 _|_e—y,)\)2
=2u / AT e_”)‘{z <_k:2> e_“)‘k} dA
0 k=0
=2p ) <_k;2> { / A=t e_’“‘)‘(k“)d)\}
k=0 0
X (=2 ri1—r)
-2 2 (N ror)
z;::o k) \p(k+1))
(=2
=2u"T(1—7) Y ( . > (k4+1)"1
k=0
E(X")y=2r'p" T(1—7r) (;2> (k4+1)"1 (2.36)
k=0
and,
E(X)=00 (2.37)
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2.3.6 Lindley mixing distribution

The Lindley distribution is given as:

2
gA) =

011 (A4+1)e 92 (2.38)

and the pdf of the mixture is,
A 02 o
= Ae ™ —— (A+1)e " dA
f(x) O/ e 91 ( )e

2

— 2 - (z+0)
9+1ZKA-+Me dX

62 r'(3) r'(2)
“ot1 l(m+e)3+ (w+e>2]

62 2 1
T+t l(w+e>3+<w+e>2]

62 1 [ 2 +4
0+1 (x+6)2 |(x+0)
A 1 24+x+86
041 (z+0)2 (z+6)
0> 24+x+6
T 0+1 (z+6)3

The survival function is,

x > 0; (2.39)

S(:v):7oe_)‘w :
0

2 oo

— = (m+0)
9+1ZKA+Ue dA

62 1 1
:9+1hx+ep+(x+m
0% 14x+6
041 (x+6)2

A1) e 9raxn
9+1(-+)e

(2.40)

Therefore,

a:—|—0+w—|-0—|-1
A+B=1 B=2 and A=-1
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hence
2 1
x+60 x=+60+1

which is the difference of two hazard functions of Pareto II (Lomax) distribution

h(z) = (2.41)

The r** moment about zero is,

oo

:9‘:21 {(2+0)0/ (wfe)gdmjuo/ (;::)de}
Let,
r=0t . dr=20dt
E(X") = 90:1 {(2+0)9’"—207 (1_’5:”3 dt+07"1:o (1#::)3 dt}
:9;1 {(2+6) B(r+1,2—7)+6 B(r+2,1—r)}
:2(9!;1) {2+6)T(2—7)+6 (r+1) T(1—7)}
zz(’gfl)ra—r)[wrza—zr]
— ;!f; [1+6—7]T(1—7) (2.42)

Using conditional expectation approach, we have

1 02 7
E[ 1 /A—" (A+1) e 9 dr
0

AT T 641
_ & 7>\1—’" e 9 dx+ 7 AT e 0 dA
o+1 |/ )

B 62 I‘(2—r)+1"(1—r)
S 6+1 | ez 61—

Bx =" nie—sra—n (2.43)
= 9+1 r r .

and,
E(X) =00 (2.44)
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2.3.7 Generalized Lindley mixing distribution

The generalized Lindley distribution is given as:
) 0% (AN (a+A) e 02
g =

O@+1)I'(a+1)
In the subsection, the exponential-generalized Lindley distribution has been con-

structed and the moments obtained. It has been shown that the exponential-Lindley
distribution is a special case of this exponential mixture when a = 1.

A>0 6>0 (2.45)

The pdf of the mixture is,

e 02 (X)L (X)) e 02
(0+1)T(a+1)

Ha—l—l oo

(04+1)T(a+1) J

_ oo+t al(a+1) I'a+2)

- (04+1)T(a+1) [(z+0)2t (x4 6)a+2

_ go+1 n a+1

T (0+41) (z+0)t! x+0

xr+0

1 o \ot!
T o+1 <x+0>
a(w—l—@—l—l)—l—l]

1 o \*t!
T o+1 (w—}—@) 10
0\ [a(z+0+1)+1
o x+0

(@+1)(x+0)
The survival function is,

f(:v)=7o>\e dX
0

|:OC )\(Oc-i-l)—l _+_A(a+2)—1} e—(m-l—@) A d\

aaz—}—a@—i—a—kl}

(2.46)

g+t T

- (0+1)T(a+t1) )

_ oo+1 al'(a) I'a+1)

(04+1)T(a+1) l(m+0)a (x4 )+l
0 \* 6 xz+6+1
:<w—|—9> 011 x16

S(x) [a ATt XD o=@ X )

(2.47)

and,

h(zx) = alr+60+1)+1

C (x40)(x+60+1)
A B

- a:—i—0+a:—|—0—|—1
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by partial fraction technique

alr+0+1)+1=A(x+6+1)+B(x+6)
A+B=a , A=a+1 and B=—

hence
a+1 1
x+0 x+0+1

h(z) = (2.48)

which is the difference of two hazard functions of Pareto II (Lomax) distributions

The 7" moment about zero is,

x” alr+0+1)+1

E(X"
(X7) = 0+1 0/ (x+60)>t+1 r+6

0a+17° " [a(x+60+1)+1]
1] (x4 0)+2

0‘”’1 70 " [a(x+0)+ (a+1)]
9—|—1 ] (:1/;—|—49)0“"2
1

a 04T 70 (a—|—1)0°‘+1 70
o6+1 J (:13—|—0)0‘+1 0+1 (x+6)>t2

0
a0r+1 70 tr (a+1)07’7 tr
6+1 / (1+t)a+1 6+1 J (1+t)a+2

o gt (a+1)0"
= B l,a — -
g1 DUtbemmt e

0" T'(a—r) a—r
0+
0+1 T(x) o

B(r+1l,a—7r+1)

E(X") =r! (2.49)

Using conditional expectation approach, we have

1 gott i a—r+1-1 _—0 X T a—r—1 60X
ElA?“]:(H—i—l)I‘(a—I—l) {0/)\ -1 d)\+a0/)\ e d)\}
oo+t I'Na—r+1) al(a—7)
:(0+1)I‘(a+1){ go—r+1 go—r }
B 0"t T'(a—7) 0" I'Na—r+1)
T 0+1 I(a) a(0+1) ')
_ o" F(a—r){0+a—r}
0+1 T(x) o
0" T'(a—r) {9+a—r}
9—|—1 ') «

E(X’I") J—
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B(X)= 2 F(O‘_l){e+a_1} (2.50)

0+1 TI(x) o
= 0 ! ! 1 2.51
T 6+1 [0(a—1)+a] a7 (251)
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2.4 Mixtures in terms of modified Bessel function of the third kind

2.4.1 Inverse gamma mixing distribution

The inverse gamma distribution has pdf:

(o1
g(N) = Ffa) e XA A>0, >0, a>0 (2.52)

Using this mixing distribution, the exponential-inverse gamma distribution has
been constructed and the moments obtained.

The pdf of the mixture is,

1 B
Aotl T'(a)

f(cc):/ AeAe e=X dA
0

— / A~ e~ O+E ) g
T(a) /

Let A= 1/(%)z and therefore dx= /(%) dz

« —(a—-1)
) T

1 (O (VB o) Kaa(230 2:53)

(2.) The survival function is
. B B o —a—1 _27\/(5@[Z+1]
S(x) = I'(a) ( (a:)) O/ z e 2 =zl dz

_ 2(1\{(—))0 Ko (2B ) (2.54)

The hazard function is,,

h(x 2.55
() = \/ 01(2\/5733 (2.55)

The r** moment about zero is,

o —_

o)

BX) =i | o[ E) (V)" Kacr(2)/B0) da
0
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2 o a
—_° ﬂ%ﬁ/ 2" H2t5 Ko 1(21/Bx) da
0
Let,

w2=4Bx . dxr= —dw
ZB
1

E(X") = T'(a) BT 22r4+a—1 / wirrer i Ko—1(w) dw
0

By virtue of (1.18) and assuming s =2r+a+landv=a—1

ry __ 1 2r+a—1
E(X") = T'(a) g 22r+a—1 2 I'a+7r)I'(r+1)
r! T'(a+7r)
P! — 7 7 2.56
i I (250
Using conditional expectation approach, we have
1 —r—a— 1
E [AT] NG / A X dA
Let,
1 dt
t=— d\=——
A t2
i _ ’Ba T a+r—1 _—pt
E[AT] =t @ O/t e=Pt dt
_ B* T(a+r)
C T(a) potr
_ B* TI(a+r)
- IBa—i—r I‘(a)
1 'a+r)
B T(a)
p(xm) = 1 Pletr) (2.57)
g I'(o)
and,
1 T(a+1)
E(X —
=5 T
_« (2.58)
B
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2.4.2 Pearson type V mixing distribution

The exponential mixture has been constructed using Pearson type V mixing
distribution and the moments obtained. It can be seen that the exponential-inverse
gamma distribution is a special case of the exponential-Pearson type V distribution
when ¢ = 0.

(o7

e_% (A —c¢)~(atD) A>c a,B>0 (2.59)

The pdf of the mixture is,

[e%

B
< (A=) (@D g\
fay € (-0

f () =7Ae—”

ﬂa T _ Ar_ B
— A A_ (a+1) T—x—¢ dA
I'(a) c/ ( c) e
o 0
_ P / A—c+ec) (A—¢)(atD) e—eO—eta—x% g
I'(c) )
_ B —cx i —(a—1)-1 —a—1 —x (A—c)— g
_I‘(a)e /[(}\—c) +c(A—c¢) ]e A=c dA
A—c=1t and therefore dX\=dt (2.60)
B e | —(a—1)—-1 —a—1] —xt—£
f(x) I'(a) e 0/ [ +c } e t
pe —cx i —(a—1)-1 —a—1 —m(t—l—é 1y
() e 0/ [ +c } e t
Put,

t= \/E z and therefore dt = \/ﬁ dz (2.61)
x x

oo —(a—1) —a
ﬂa —cx 16 —(a—1)—1 6 —a—1 - z(z+1
f(w)ZF(a)e 0/{(\/2) 2= ( ) —|—c( a:) z ]e VB ( +z)dz
o —(a—1) —a
— Fﬂ(a) ez {2 (@) K_(a_1) (2B 2)+2¢ (\/g) K_q (2\/@)]
_2p° ( B) e [(f) K (o 1) (2B2)+cK o (zﬁwl
I'a@) x ¢

(2.62)
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(2.) The survival function is

S(x) = 706_)”” i e 3 (A —c)~ (@t gx
/ I'(a)
7 B

_ A o)-(etD gAe—sEe g
T(a) c/( c) e

— 6& / (A_ c)_(a+1) e—:n()\—c-i-c)—% d\
(a) /

— ﬂa e / (A B C)_(a+1)e—;c ()\—C)—% d\
I'(a) /

Using substitution ([2.60))

Y —zt- B
S — cx t (a+1) xt dt
@) =5/

_ B e_cg;/t—(a—{—l) e—t+EY) 4
I'(a)

_ (
r(a)
26° [ [B) " _e

" I(a) (\/D © ~(2(B =)
r(2a> (Voe) e Ka(2/B ) (2.63)

The hazard function is,,

B B Ko-1(2v/B x)
h(x) =c+ \/; K.(2vF ) (2.64)

Using conditional expectation approach, we have

—
~—— o

|

Q

0o
e—CT /Z—a—l e—\/ﬁ_as(z—}—%) dz
0

1 o5 (x — o)—(atD)
E[Ar] I'la@) /A (A=)~ VdA

B
A—c

I‘(a) / A7 (}\—c) (0‘"'1)

Let,
z=A—c .. A=2z+4c
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! z4¢) e 2 2z lat g,
d=s r<>/(+) T
If
1 dt
z:Z dz = 2
A B T s e
E[Ar]_r(a) J(tJr ) et t2
= I‘I?Z) J (14ct)™" e At glatr—D gy
Put,
y=ct dt:dcy
ey =rigs [(2)7 arwe
0
6 atr—
=l T(a) Ca+r /( )T (14y)™
2 [ 56
_r <5> L {(-7“)
e \e I'a) 1= k J
-2 () v 2A()
e \e I‘(a) o (%
! s
=5 v 5 () (5) roeve
rl 1
~ B (a) {F(“r”kzl

2.4.3 Inverse Gaussian mixing distribution

I'k+a+r)

s, dy

T_E dy

B
) y* e <Y dy

Tt v

|

)

+ )

(k) (;)k I‘(k:—|—a—|—r)} (2.65)

In this subsection, we construct the exponential-inverse Gaussian distribution and

obtain the moments.

)

N[=

(A—p)?
22

g(A) = (270\3

exp {—<I> } for
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A>0 —oco<pu<oo
(2.66)



I
 ~
[\V]
5|
N—————
[N
g
[N[SY
@
»

e}
——
|

[\Y)
>
=
[V
>
N
|
N
=
>
+
=
o
——

Il
%)
o
N—————
vl
o
[N
o
"
ko]
—N—
|
N e
T8
T |
|
©)
M
——

I
A/
[\
S|
~

N
o

T |8
>
Wl
()

>

o
—N—
|
|
/
| >
> =
~
——

Let,
o
2 _ ©
=y
Then,
d\2 o 1 1

The pdf of the mixture is,

f@) =/ Aehe (‘I’> VT 5

[VI[N]

27

Llgara )l an
P\ T2 A

®\* _vee T -1 @
AT 2 exp )\m——\I')\—— dA\
27 4 2 2\

d i 1 b1
= ‘I"I’/A%—lexp —(z+-w|la—==Lax
27 2 2 A

0

) /{< eatal)

(2.68)

— (27?); NTE ( /Miw)é K1\/® (2z+¥) (2.69)

2.) The survival function is,

1 0o
®\2 = 1 P
:<2> e 'I“P/)\_%_l exp{—)\a:—\Il)\—} d\
Iy



1 fo’s)
P \2 == 1 d1
=— evy e /)\_%_1 exps —|[z+ =P | A—— — 7 dX
27 ] 2 2 A
&\2 o= F 1 1 i 1
:<> e ‘I”I’/)\_%_l expq —— <2sc—|—\I'> A+ : — d\
2 5 2 2 2a:—|—§\Il)\

Using the substitution ([2.68))

=) o (fze) [ el el

202 o
=([Z=) evV¥? K 1\/® (2x+ W)
™ 2¢ + U 2
1 3
2P\ 2 2 v
_ () VI E ( rt ) K1\/® (22 + V) (2.70)
T )] 2
The hazard function is,,
P
h(x) =
2¢ + W

Hesselager et al. (1998) used the following parameterization

\/ \/> b =2¢c and ¥ =2b

Therefore,
2c
h(z)= | —F
2x + 2c P
c
= 2.71
210 (2.71)

The 7" moment about zero is,

Bx7) = [ & (2@) e ( /Zm‘iw) Ky \f® (2t ¥) do

™
0

N[

Let
=P 2x+V¥) sothat x=0=> w=vV¥ P and x=00=>w=00

The limits of integration therefore change from (0,00) to (V¥ ®,00). This
makes Lemma 1.1 not applicable since it only applies for the limits (0,00).
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In this case the r*® moment using conditional expectation approach is the only
method that is applicable.

Using conditional expectation approach, we have

1 oo
17 ([ ®\2 55 | \rs ® v ® 1
EM—@W) ¢ 0/A ”XP{‘M(“@Q}

Let,
A= iz d\ = (i)dz
- B [t ol w9 o)
()" 5
=2 2\7/76% K, 1(VeU)
! (2@; NET
E(X") = —— Kr+%(\/ﬁ) (2.72)
\/@ 2
and <¥)% .
E(X) = ﬁg K3 (V3 T)
v
Using (1.7) and (L.8)
so0- (32)/ 7 (3] 1+ ) oo
-(7) G) () )
(G () i)
N ) [T



|
<8
N~ —
=
VR
|
S~

- (i) + ;) (2.73)

We can also obtain f(x) in (2.69) explicitly using (1.7)) as follows:
1
29\ 2 P
== ev¥*® Ki\/® (2z+ ¥
F(2) <7‘r> © ( 2£B—|—\Il) 3 (22 + )
20\} oo (B )\ N —
prny <) e v - T e— P (2:13+‘I’)
™ 20 +W 2,/® (2z+ )

(2.74)

N[

2.4.4 Reciprocal inverse Gaussian mixing distribution

Using reciprocal inverse Gaussian mixing distribution, the exponential-inverse
Gaussian distribution is constructed and moments are obtained.

1
2 TE 1 1
> VT ® N3 exp{—2<<1>)\+\11)\>} for X>0 (2.75)

The pdf of the mixture is,

00 1
o\ 3 11
fl@) = [ xe e ( ) eVIE N3 exp{—zx\—leJ} dA
0

i

g(A) = <27T

27

P \/ﬁ7 1 @ 11
—(— A2 A ()=~ dA
<27‘r> R S @+5)=5%%
& \2 % 1 11
—(— eV‘I"I’/A%—l expl—= (26 +®)A— - T b dA
27 J 2 2 A

1 fo’s)
P \2 1 v 1
—(— ) evV¥® [ \3-1 —Z2z+®) A+— —| L an
(7) /¥ =y oo i S



() e () [ ol hiwenrofes )
0
- (:::)é " (2mi¢>)>2 2Ky ((/¥(@z+9))

<1> v
27 (2z + ®)

NTT (2a;+<I>) q:(zm+@

evV¥y e P (2 <I> (2.76)
\(2:13—}—(1)) Ve@ete)

2 2”7 2 A
1 0o
® 2 \/ﬁ/ 1 e 1.1
— (= A2 “A(z4—)—= T~} dA
(271') © xp A @) =Ty

- 1 11
A27" exp —§(2w+<I>))\—5\IIX d\

[
ZA%—I exp{—;(2w—|—¢) [A—l— v 1” d\

2z +®) A

<
<

e e I
<
<

IRy v\
_ h) NEE (2w—l—<I>)) 2 K, (,/\p(zm+<1>))
28\ os T \?
_ W) . \m( (23:—|—<I>)) K, (,/xp(szrq))) (2.77)
Therefore,




But

Ky(w) = \/Z e [14)

Therefore,

h = 7\1} 1 71
@ =\ et ' T\ vezto)

= v + 1 (2.78)
o 2zx+®) 2x+P '

which is the sum of a hazard function of an exponential-inverse Gaussian and that
of exponential-gamma (Pareto II) distributions.
Explicit forms for f(x) and S(x) are:

f(ac):(z‘l’)éwﬁ JT o1 il ? VEET®)
m (2z+ @) Je@Ez+ )| |2,/w 2+ @)

1

V(2 + D) (2z + @) (2z + @) ¥ (22 + )

_ P v je\/ﬁ g n 1 )e_\/m
JE@z+o)\ 27+ @) \ 2z +®) 22+

= Y 7 d + ! e~ V¥(22+2) (2.79)
2z + D) 2zx+®) 2249

e—\/\II(Z:c—H]

1 i 1
S(w) = (2(I)> ’ eV ve v ’ T ’ e—\/\II(2w+<I>)
@ (2z+®) ) |2,/¥(2x+ )
P 1 :
_ eVI® —/¥(22+9)
J¥(2z+ @) \ (2z+ P)
v e [T
I ‘I’@ e— \I’(2$+‘I)) (280)

N\ (2z+ @)

The r** moment about zero is,

) (V)
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1
2
VI v < >
e 2z + ®) K% VI2x+ @) | dx

E(X") = 7:1:
0




Let
w=/P2x+®P) sothat x=0= w=vV¥ P and z=c0=>w=00

The limits of integration therefore change from (0,00) to (V¥ ®,00). This
makes Lemma 1.1 not applicable since it only applies for the limits (0,00).

In this case the r*® moment using conditional expectation approach is the only
method that is applicable.

(5.) Using conditional expectation approach

1 oo
1 b \2 == P ¢ 1
0

T 2% A

®\2 == T P ® 1

= e ‘I“I'/)\ r+3 Lexp{—— ——% < 9(N)dXx
27 2 2= A

0 T
Let,

1 1

= z .odA= d

27 v z
1 r—
d \2 )
—pr2 () v ()2 K . 1, (V3)
27 |\ (r—3)
2% 2 3\ 2
— 7! () eV Y (,/) K _(_1,(VoU) (2.81)
T A\ 2
and,
1
E(X) =

_ \/§ (2.82)



2.4.5 Generalized Inverse Gaussian (GIG) mixing distribution

The Generalized Inverse Gaussian (GIG) distribution is based on the modified
Bessel function of the third kind with index v as given in equation (|1.6]), and it
may be constructed as follows:

Let
VT
(\/_) 2/ v-le= 5@+ gy
1 /°° L e
2 Jo
1/00 <\/§$+ gi)) dx
2 Jo
Let,

A A
r=1\/—2z .. der=—dz
b o
|
0

v
* ( ‘I') o1 () g
v
[2((E) st ettomeat) o,
0 P
o° Uy Y zv_l e_%(lpz_l_q)%)
I= / \[ = dz
. P 2 K,(vV® W)
Therefore, the GIG mixing distribution is given by

T v )\v—l e—%(\IIA+<I>%)
g(\) = (\g) TRV A>0 (2.83)

with the parameters taking values in one of the ranges.

1. >0 ¥ >0 if v<O0

>
2 >0 >0 i v=20

3.36>0 $=01i v>0

(2.84)

Using the GIG mixing distribution, the exponential-GIG distribution is constructed
and moments have been obtained.
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The pdf of the mixture is,

_ > . ( )2 Ao 1 ®
f(:n)—o/}\e A 1 exp{—z(A—l—\Il)\)} d\

2K, (\/qnp)
(3)* oo +1-1, { 1 e }
_ AY Az ——(—+TA)p  dA
2K, (v/30) IS
:ﬁ i Avti=le { (2>\m+\p>\+)} d\
2K, (v®W)
(3)2 _ { 2z + ¥ ® 1 }
=~® Avti-t — A — d\
2K, (v/30) 0/ P 2 Morrw N
P P
z and therefore dA = dz (2.85)
20+ W 2¢ + W

(%3 & \""r o VIZ® T80 1
fla) = 2szb\/ﬁ) (\/ 2:13—|—\II> /z o leXp{z(z+z)}dz

0

o % v+1
= _K“(((I))(I)\Il) ( 2;13?-\1}) Kv-l—l (\/<I>(2ar;—|—\Il))

d v |7 Ky (@ (22 + W)
Vo [Vez+w K, (v/30) (2:86)

The survival function is,

00 o\
S(m):/e_’\$ __(@)? e exp{—;(i)—l—\ll)\)} dX
0

2K, (V®V)
sl [l iG] o
:21{5%\)/;1:) ZOA”_lexp{—;(Z)\m—l—‘Il/\—i—(i)} d\
i [l ] o

Using the substitution ([2.85))

(s & \'T _ VZed o0, 1
5@ = 0k, (Vas) (V2w+111) : 1eXp{2<Z+z)} dz

(Y %
_Iq,(qu ( 2w—l—\11) K, (/®(2z + ¥))




=(‘I')’é< ® fmwm)

2z + W K, (v/3U)

:< Y, >2 K, (y/®(2z + ¥)) (2.8)

2z + ¥ K, (vV/2)

The hazard function is,

g v+1
h(w)zfﬂ%“);?z, (Vaerw)  Kot1 (J2(22+1))
s (V) Ko ([/22e+9)

_ W Kyt1 (222 + 7)) (2.88)
20 +% ) K, (/®(2z+ 7)) ‘

The r** moment about zero is,

oo

) (@ T " Ky (@22 + )
E(X):O/w v |Vo2zt+w K,(/39)

Let
w=/PY2x+P) sothat =0=> w=VvVP¥P and xz=oc0o=>w=00

The limits of integration therefore change from (0,00) to (V¥ ®,00). This
makes Lemma 1.1 not applicable since it only applies for the limits (0,00).

In this case the r*® moment using conditional expectation approach is the only
method that is applicable.

(5.) Using conditional expectation approach

1 (3)2 T yoore 1@
E[NFM@ /> o |5 (5 He) @
L2 oo
:2I{1(,EI>)<I>\II) O/A”_T_lexp{—;(\Il)\—F(i)} dA
(Zyz T o N d 1
:ZK@EI)(INII) /)\ 1exp{—2()\—|—ql>\)} dX

Let A=\/272 - dx=\24az

1] (%) e\ VT, 1
ElA’" _ZK],EI)\/(I’_\I!) (\p) O/z 1exp{ 5 (z—l—)} dz




B ( @)_T Ky r(vVT®)

4 K, (VU ®)
B Ko (VER)
E(X )—r.( q)) K. (VT) (2.89)
. v Kv—l(\/aq))
E(X)_< q)) . (V5) (2.90)

2.4.6 Special cases of GIG mixing distribution

The exponential-inverse Gaussian, the exponential-reciprocal inverse Gaussian,
gamma [ and Pareto II distributions are special cases of the exponential-generalized
inverse Gaussian when v = —% v=1 & >0 ¥ =0 if v > 0and

27 2
¥ =0, v < 0 respectively.

a) When v = —%

f(w)=\/ 2 (\/ v )_é K (y/®(2z+ )

20 +0 \\ 22+ ¥ K_%(\/ﬁ)
- ¢ % ¢ T\ 77 Ky (J2Qa+ W)
N 2¢ + W 2¢ + W (ﬂ,)% _J3T
waw) ©
2WET\? [ B2t T\? [ @
_ovaw (21 ) W : >\/2m+\PK;(,/¢(zm+\y))

1
_ Jag [2VeV \/2a:+\Il 2\/ LN~
—° w v 20w K3 (VEEZHD))

1
. \/ﬁ E @@(23)4“1’) 2 b
—e ¢‘P 2w K2 (V/®(2z + ¥))

™

_ VAT (i /(22 + ‘P)Zaj— \1;)2 K, (y/2(22+®))

1

_ V3T (2:’ 2:;\I1)2 K; (/222 +w))
_ (2‘I’>2 NET ( /2:::\11) K (J/®(22+ ) (2.91)

™

ot

8



T\ 2 K1 (J/e(2z+ 1))
S(@) = (\/ 2m—|—\1l) K_,(V&¥)
_ ( ﬁ)—% Ky (\/2(22 1))

2¢ + ( n )% -
_ 2@)( 2"”;‘1’) L (/322 + )
_ VET 2‘/;1"1’ f”";w) K, (y/2(20+®))
(V@2 + )
— e/ (2 aa ) K, (o)

The hazard function is,

K
h(z) = (\/ 293—|—\Il> K
. o}
o 2¢ + W

Ex™y = | )Y ' K—%—T(ﬁq))
X =ry3 K_ (V%)

K_%(\/Ecb)
K_1(V¥®)

1
== [ 2/ PV 2+ W2
— VoY ;_)K

T

N|=

(/@ (2x + ¥))
(@ (22 + T))

V= [N

E(X) =

!
ol % &% &le
T
_|_

3
&l

which is the exponential-inverse Gaussian distribution.

b) When v 2%

f(:v)Z\/ ® W v )5Kz(JW)

204+W \\V 2x+ W K%(\/CI’\II)

29

(2.92)

(2.93)

(2.94)

(2.95)



But the modified Bessel function for the Reciprocal inverse Gaussian is K3 (y/®(2x + ¥))
2

Therefore ¥ and ® are interchanged and thus

_\/ ¥ \/ P Ks (\/¥(2z+2))
@) =\ e re \Vawt o K_ (VO®)

# ¥ W 3 )K;(x/wzww))
20+ P 20+ P < ﬂ >§ o TE

PAVA L

N[=

N[ =

_ VEE 2\/\11'1'\/ P 2\/ v E YY)
n ( 2:13—|—<I') 2m—|—<I>K%( T2z + @)

2y
5 (282 v\ [ v
—eV¥® (T Ks (Jo(2x+®
© (71') (\/2w+q’) \/2w—|—‘1> 3 (VP22 +2)
1 3
_ Vs (227 v
=e (77) ( Y K%( U (2x + D)) (2.96)
Once again by interchanging ® and ¥ in E(X"), we have
E(X") =7! @) Ky (Vo) (2.97)
=rl|y/= .
v K%(\/\IHI))
P
E(X)= — 2.98
(%) -

which is the exponential-reciprocal inverse Gaussian distribution.

60



2.5 Mixtures in terms confluent hyper-geometric functions

2.5.1 Beta I mixing distribution

The beta I distribution is based on the beta I function in (|1.3]), and the exponential-
beta I mixture is constructed below together with the moments.
P11 =)t

9(A) = B(p,q)

0 < A<1l,p,g >0 (2.99)
The pdf of the mixture is,

A APL(1 =)t

d\
B(p,q)

1
f(x) = /)\e
0

1
B(p,q)

1
_ 1 /)\p+1—1(1 _)\)(p+q+1)—(p+1)—1 e—)\m d\
B(p,q)

_B(p+1,9)
B(p,q)

- P Rp+Lptqil;—a) (2.100)
P+q

1
/AP+1—1(1 )9l emAT gy
0

1Fi(p+1,p+q+1,—x)

The survival function is,

1
AP—1(1— )9t
S(x) :/ e T ( ) d\

B(p,q)
1 1
_ /)\p—l(l A PHD= (@)L gmre gy
B(p,q)
=1 F1(p;p+q; —) (2.101)

and the hazard function is

p 1Fi(p+1Lip+q+1;—x)

h(x) =
(@) pt+q 1Fi(p;p+q; —x)

(2.102)

The r** moment about zero is,

oo

E(XT):/CUT :9_ 1Fi(p+1;p4+qg+1;—x)dx
o Pt+q
oo
S~ /w’"1F1(p+1;p+q+1;—m)dm
p+aq ]
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Applying (L.21)

oo

/ z* 1 Fi(a;c;—x)dx =
0

I'(c) T's T'(a—s)
I'(c—s) T(a)

oo

E(X") = P / p(rth)-1 1Fi(p+1;p+qg+1;—x)dx
p+q}

_ p T'(p+g+1)T(r+1) T(p—r)

"~ p+qg T(p+q-—r) L(p+1)
g Lp+aT(p—r)
"T(p+q—r)pT(p)

o F'p+q)T(p—r)

! 2.103
T(p+a—1)T() 2109
Using conditional expectation approach, we have
1
1 AP — X)9-1
E [] =/ (=0T 0N
AT B(p,q)
_Bp-m9
B(p,q)
_Ilp—r) T(p+aq)
I'(p) T(p+q—7)
I'(p— r
I'(p) T(p+q-—r)
and,
-1
Bx)=PT1"1 (2.105)
p—1

2.5.2 Uniform mixing distribution

Using uniform mixing distribution, the exponential-uniform distribution is con-
structed and moments are obtained.

1
gA)=— a<A<b (2.106)
b—a

The pdf of the mixture is,

a

1 b a
— /}\e_)“ dA—/)\e_)‘m d\
b—a 5 5
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b a
/ —)\:B dA—/A2_1 e—)\:lt d\
0 0

_ (2, bz) (2, aaz)}

b—a x2 x2

— m {7(2, bx) —v(2, ax)}

But

a

xr
~v(a,z) = — e *1Fi(a; a+1; —x)

we have
1 bx)? 2
@)= (b—a) 2 {( 2) e % 1 F1(2; 3; —bx) — (o) e Y 1F1(2; 35 —a"”)}
1
= 2(b—a) {bz e P Fi(1; 3; bx) —a® e % 1 Fy(1; 3; aa:)}
(2.107)
The survival function is,
b
S(x) = / e dA
b—a
a
=)
— 1 [e—a:c e~ bz
:c(b—a)
[e—aw . e—bm}
= 2(b—a) (2.108)

The hazard function is,,

i
2 (e—aw _ e—b:c)

h(m) = {b2 Ei_bg3 1F1(1; 3; bZE) — (12 e * lFl(l; 3; am)}

(2.109)

The r** moment about zero is,

oo

1
E(.XT) :/ :IZT m {b2 e_bm ]_F]_(].; 3; bw) —a2 e_aw ]_F]_(]_; 3; aw)}dw
0
1 0
= / x" {bz e b= 1F1(1; 3; bx) —a? e 1 Fy(1; 3; a,w)}dw
2(b—a) 4
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Let us consider

o0
I=05 / x" e % | Fy(1; 3; bx)dx
0
Put
d
y = bx so that w:g and da::—y
b b
T Y\ dy
cor=8 [ (8) erinQs sy
b b
0
2 7
= i / y" e ¥ 1F1(1; 35 y)dy
0
o0
=b" / y" e Y 1F1(1; 35 y)dy
0
Applying
7 —pl-r Fr+1)T3)T(3—1—7r—1)
N r3—1)r@B3-—r—1)
1 D(r+1)2I(2) T(1 —1)
re)rez—r)
1_, T2
=b""—T(1A-r)1—7r)T(1—r)
27! b7
(-7
1 2710177 2¢plal™"
E(X") = : -
2(b—a) { (1—r) (1—r) }
r! bl—" al™"
_ _ 2.110
e =~ G-} (2410

Using conditional expectation approach, we have

b

1 1

E(—) = A" dA
(A’") b—a/

a

b—a |[1—7r B 1—7r
1 bl—r 1—r
E(X") =7 _a (2.111)
b—a |[1—7 1-—7r
and,
E(X)=00 (2.112)
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2.5.3 Beta II mixing distribution

The beta II distribution is based on the beta II function in (1.4)) the exponential-beta
II mixture has been constructed below and the moments obtained.

AP-1
B(p,q) (1+A)pt+a’

g(A) = A>0; p,g>0 (2.113)

The pdf of the mixture is,
Ap—1
dA\
B(p,q) (14 A)pta

1 7o e
= e
B(p,q) 0/ (14 A)pta

fa) = 7Ae—*’”
0

dA\

Using the Tricomi function in ([1.11]):

¥(a;c;x) :I‘(la,)
_T(p+1)
)
_pT(p+q)
=

o0
/ t“_l(l—l—t)(c_a)_1 e dt for a,b,>0
0

U(p+1;2—q;x)
U(p+1;2—q;x) (2.114)

and the survival function is

oo

S(x) = /e_)‘w

0

Ap—1

d\

B(p,q) (1+X)rta
_ 1 7’ AP—1 v
B(p,q) / (1+X)Pta

0
_ T(p) 4
= B(p,q) ‘If(p,l Q7w)

_I'(p+aq)
= —Te

dA\

¥(p,1—q;x) (2.115)

Therefore the hazard function is

_p¥(p+1;2—gq;x)

(@) ¥ (p,1—q;x)

(2.116)

The r** moment about zero is,

F 0
E(X") = P(Il‘?q-l-tl) / " U(p+1;2—gq;x)dx
0
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_prT(@+a9)

M(¥(p+1;2—gq;x), r+1)
I'q

But from (|1.19))

I'(s) T(a—s)I'(s—c+1)
I'la) T'(a—c+1)
pT'(p+q) T(r+1)I'(p+1—r—1)T(r+1—-24q+1)

M [¥(a; ¢; @), s] =

E(X") =
X I'q I'(p+1)T(p+1-2+q+1)

_pT(p+q) T(r+1)T(p—7r)T(qg+7)
- Ig T(p+1)T(p+q)
o F'(p—r) I'(g+r)

T T(p) T(g)

(2.117)

Alternatively

lll _
AT} ) B(p,q) (1+A)r+a
_ B(p—r,q—i—T)
B(p,q)
_I(p—r) L(g+r)
I'(p) T(q)
 Flp—r) T(g+7)

E(X") =r! o) T (2.118)

and,

E(X)= 1 (2.119)

p—1

2.5.4 Scaled beta mixing distribution

Scaled beta distribution can be obtained from the classical beta distribution with
parameters a and 3, using the change of variable technique as follows:

Let

t=—
u

where t comes from the classical beta distribution.

Therefore, the distribution of A is given by

)" -0
u B(a, B)

g(A) =
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_ A=A
~ petf-1 B(a, B)

0 <A<p;a,B >0 (2.120)

The pdf of the mixture is,

e )\a_l([,l, _ }\),8—1
potP=1 B(p,q)

1 K

— Aa-l-l_l(l,l;—k)ﬁ_l e—)\w d\
W51 BasB) |

m
f(x) :/ Ae” dX
0

Let,
A
A=pz — z=— and dA=pudz (2.121)
u
" 1
flx)= ———— [ 20T (1 —2)f-1l e 12T gy
p B(a+1,8)
= F 1; 1;—
Bla,f) 1(a+1La+ B+ 1;—px)
e 1Fi(a+1;a+ B+ 1;—px) (2.122)
a+p

The survival function is,

" _ _

dA\

n
1
— Aa_l(ll,—A)B_l e—)\m d\
W5 B(a,) |

Using substitution (2.121])

1
— 1 a—1/1 _ _N\B—1 —pzx
S(x) = B(a.B) b/z (1—2) e M** dz

=1 Fi(a;a+ B; —px) (2.123)
The hazard function is,,

pB(a+1,8) Fla+1l,a+B+1,—ux)
B(a,B) F(o,a+ B, —px)

_ pa 1Fi(at+l,a+B+1,—px)

a+B 1F1 (o a+ B —px)

h(x) =

(2.124)

The 7t moment about zero is,

E(Xr) :/ x" a/J'+O£IB

0

1Fi(a+1;a+ B+ 1;—px)dx

67



= ekl 2(rtH-1 1Fi(a+ ;a4 B4 1; —px)dx
a+p ]
Let
d
Yy = pux so that a::y and dzcz—y
M 4
00 (r4+1)—1
- d
a+p 5 \p K
no 1 7
_ (r+1)-1 . g
v g i O/y 1Fi(a+1a+B+1;—y)dy
Applying
o o
EX")=——— [ 4™ Fi(a4 a4+ 6+ 1;—y)dy
X pr(c+B) O/ ( )

B «a 'r+1)T'(a+pB+1) TN(a+1—7r—1)
- pw(a+B) T(a+p+1-r—1)  T(a+1)
_ «a 'r+1)I'(a+B8+1)T(ax—1)

- p(a+B) I(a+pB—r)T(a+1)

. o r'T'(a+B8+1)I'(a—1)

T wa+h)  TlatB—nT(a)

N (a+B)T(a—r)

C T(a)p" T(a+B—r1)

__r!'B(B,a—r)

B p" B(a,B)

Using conditional expectation approach, we have

[ 1 1 :/” A==l — \)A-1

AT petf=1 B(a, B)

(2.125)

dA\

7}
e |

— AT — )P~ aa
peth=1 B(a,B)

Let,
A=pz . dA=pdz
1
1 ua—r—l a—r—1 B—1

0
[J,a_T_l “ﬂ—l m
B(a - 6)

P = 5T Bla )
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_r! Bla—r,pB)
B u B(a’/@)
and
B(a—1,8)
p B(a, B)
_ TF(a—1)T(B)I'(a+p)
- uT(a+B8—-1)T(a) T(B)

Ay | o 2120

E(X) =

2.5.5 Full beta mixing distribution

Kempton (1975) mixed two Gamma distributions to obtain what he called full
beta model given by:

o0

al  _ox yp-1 1 -% q-1
g()\):/iea)\p ———e bt a?l " da
o TP b1 T(q)
bP Ap—1
A>0; p,g>0 (2.127)

~ B(p,q) (1+bM)Pta
The pdf of the mixture is,

w7
1@ = 5oa [ e XN ITT (14 bX) P70 dx
Let,
z dz
Therefore,
flx)= v ! 7Ozp+1_1 (1+2)" P74 e b*dz
+1
B(p,q) bP+1
I'(p+1) x
= Y y(p+1;2—q; - 2.129
i T 12-a ) (2.129)

The survival function is,

bp o0
S(z) = / e NP1 (14 bA) P9 dA

B(p,q)
Using substitution (2.128])
w17 v
S(x) = — / 2Pl (142)P e b7 dz
B(p,q) b?

0
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= BF(LPL) ‘I’(p;l—q;'z)
_Tlp+q ,, =
= T U(p;1—g; b) (2.130)

The hazard function is,,

P ¥(pt1Li2—g;})
b ¥(p;l—q;3)

h(x) (2.131)

The 7" moment about zero is,

(p+1) 7 x
E(X")= ——= L/ 1:2—qg;—)d
Let,
T
t:g s, x=tb and dx=0bdt
r 1 7
E(XT):bg)(+ ))b’"'i'l/tr U(p+1;2—gq;t) dt
D,q d

But from (|1.19))

I'(s)T(a—s)T(s—c+1)
I'la) T(a—c+1)

M [¥(a; ¢c; ), s] =

b'T'(p+1) T'(r+1) T'(p+1—7r—1)T'(r+1—24q+1)

E(X") =

B(p,q) I'p+1)T(p+1—2+q+1)
_ypr Fp—r) T(g+7)
—rlb ) T (2.132)

Using conditional expectation approach, we have

1 T b AP—r—1
—| = d\
[A”] ;. B(p,q) (14+bX)Pta

b 7 N

- d)\
B(p,q) j (1+bX)Ptd
Let,
y=bX . dy=>bd\
[ 1 ] b" S yp—r—l
E|—| = / dy
A"] B(p,q) ; (1+y)prta
b’!’
= B(p—7,q+7)
B(p,q) ’
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r B(p—r,q—l—r)

=0 B(p,q)
E(X")=rb" B(p;(;’z;’ r) (2.133)
and,
_ B(p - 13 q + 1)
B(X)=b B(p,q)
—p-1 (2.134)
p—1

2.5.6 Pearson type I mixing distribution

Pearson type I distribution can be obtained from the classical beta distribution

with parameters a and 3, using the change of variable technique as follows:
Consider

a<A<b
0<A—a<b—a
A—a
0< <1
—a
Let
t_)\—a . dt_ 1
“ b—a  d\A\ b-—a

The pdf of A is given by
~ b—a
(b—a) B(p,q)
1 (A—a)P71 (b—)9t

A—a)p_l { ,\—a}q—l

~ B(p,q) (b—a)P-! (b—a)i-! b—a’ a<A<b (2.135)
The pdf of the mixture is,
b
1 A—a)P 1 (b=)N)21 1
f(z) = / ot A= a)PT (b= A) "
B(p,q) a (b—a)Pl (b—a)?"1 b—a

1 7 XA [A—a\P' b—A\TT!
_ / e d\
B(p,q) J b—a \b—a b—a
B 1 /b)\—a—|—a A—a\P ! /b—A\71 VN
"~ B(p,q) s b—a b—a b—a ©

b

1 A—a a A—a\P! A—a)? ! N
_ / + 1— e d\
B(p,q) / (b—a b—a b—a b—a
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Let,

A—a
5 =t and hence A=a+(b—a)t and dA\=(b—a)dt (2.136)
—a

1
1 a
T@= B(p,q) (t+ b—a) =1 (1 — )71 e (et (0-a)t (3 _ ) gy
%0
b—a 1 a
~ B(p,9) (t+ b_a> Pl (1 — 1)1t ema® g (b-a)zt gy
%0
1
b— —azx
- (lep?f]) / = (1 —t)q_l e~ (b—a)zt gy 4
’ 0
(b—a)e™@

xz 1 a
/ tp—l (1 _t)q—l e—(b—a)wt dt
B(p,q) ) b-a

_(b—a)e™” B(p+1,9)
B(p,q) B(p+1,q)

_ 1
(b ;?) € )aa: / . a p—1 (1 . t)p—i—q—p—l e—(b—a)wt dt
D,q ‘ —a
0

1
/ tPHD=1 (1 _ ) (PHa-D=(p+D)-1 o= (b-a)at gy
0

= zi](b—a) e; “F1(p+1;p+q+1;—(b—a)x) +ae; ““F1 (p;p+ q¢; —(b—a)x)

(2.137)

The survival function is,

I S A O S e D Y Lt S
0= 5y | omap T eyt b

1 2 (A—a\P b=\t
= e wdA
(b—a)B(p,q) / \b—a b—a

e—(l xr

1
_ — _ — e—(b—a)a: —a
~ (b—a) B(p,q) O/tp -t (boa)dt

dA

1 ,p—1 -1 _—(b—a)xt
Caw / tP~1 (1 —t)1 1 e~ (b-a)z
0

B(p,q)

=€

dt

e “® 1 1 1 _—(b—a)zt
= 6= B /tp— (1—¢)9~1 e~ =Dt () _ ) gt
9
0

1 .p—1 —p—1 ,—(b—a)xt
s / tP=1 (1 —¢)Pta—p-1 g—(b-a)z
0

B(p,q)

= e

dt
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=e " 1F1 (p;p+q;—(b—a)x) (2.138)
The hazard function is,,

pb—a) 1Fi(p+1;p+q+1;—(b—a)x)
p+q 1F1 (p;p+q;—(b—a)x)

h(z) =a+ (2.139)

Using conditional expectation approach, we have

b

1] 1 L, (A=a)Pt (b= 1
E[AT] ~ B(p,q) G/A (b—a)P~!l (b—a)? ! b—a

dA

- B(:,, o (2 ()
s ] O () (52 e

1 (b—a)™ (A—a a V7" (A—a\P! A—a)?t
— / + 1— dA
B(p,g) b—a J |(b—a b-a b—a b—a
Using the substitution ([2.136|)

ELH B(p,q)/b a<t+ ) e A (b —a) dt

( a>_r Pl (1—t)1 L dt

T (- a)’" B(p,q)
1
/ tPth—1 (1 )91 d¢

(b—a)”B(p,q P 0("’) (ba >_T_k0
y

)
) i( ( - >_T_k B(p+k,q)

k=0 b—

[
>

(b_ a)r B(p7q

k
E(X") =r! (b— a)’“B(p,q) §0< & ) ( >_T_k B(P+’“’q()2 140)

and,

E(X) =

21: ( > (baa>_l_k B(p+k,q) (2.141)

B( ,q)
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2.5.7 Shifted Gamma (Pearson type III) distribution
In section 2.3.4 shifted gamma mixture of type I exponential distribution has been

obtained in explicit form. This mixture can also be expressed in terms of confluent
hyper-geometric function as shown below:

The mixing distribution is

g(A) = (@) e PO A=) A>p>0; ,f>0 (2142)
The pdf of the mixture is,
B T
flx) = e e PA—I X (X — )1 dA
I(a) |
B g~ HT e el O
:W / A (A= p)> 1 e (BFa)A=m) gy
7
Let,
Zz2=A—p — A=z+p dix=dz (2.143)
B e he T a—1 _—(B+x)z
f(w):w/(z+u)z e dz
0
Put,

z=py — dz=pdy

_p(pp)e”
B I'(a)
_ p(pB)* e I'(a)
B I'(a)

=p (pB)* e ¥la, a+2, u(B+z)] (2.144)

f(z)

px P
/ ya—l (y+ 1)1 e M (B+T)y dy
0

Yo, a+2, p(B+z)]

The survival function is,

o0

o / e e PO (X — p)*~1 d

_pre T a—1 _—(B+z)(A—p)

Using substitution (2.143))
Ba e HT

="y

oo
/ (Z+H)1_1 La—1 e—(,B—I—w)z dz
0
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Put,

z=py — dz=pdy

Sx) = W}F)(ao;% 79"“1 (y+1)t e DV dy
0
S(a) = (“ﬁ)as(_:; T Bla, at 1, u(B+ o)

= (uB)* e ¥lo, a+1, p(B+x)]
The hazard function is,,

p Yo, a+2, u(f+x)]
Yo, a+1, p(B+z)]

h(z) =

The r** moment about zero is,

E(Xr) — H (H’B)a / " {/ ya 1 e M (B+z) y dy}d:c
0

')

oo

«a
_ M (p’ﬁ) / ya—l e—uﬂy dy{/ w"""—l—l 6_93(1+y)ﬂ dy
0

0

_ B T ot sy T(r+1)
T(c) /v Wity

_ p(pB)* ! . L y=r—1 By g
T(@) i O/y (1+y) e Yy
a p
= "2 wlasa—r.uf)

Using conditional expectation approach, we have

)T s B o (g et
E[AT]_/)\ ra ¢ TN e

_ AT e BO=1) (X — )T dx
T(a) M/ e (A—p)

Using substitution (|2.143))
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(2.146)

}dx

(2.147)



and,

z=put .. dz=pdt
E lll — M 70 Y1+t e Brt 4t
AT I'la) J
= W I'a) ¥(a,a—7r+1,8u)
_ #h) U(a,a—r+1,8p)
ur
E(X") = (uﬁ) U(a,a—r+1,8p) (2.148)
and,
B0 = Y2 w(a,ain) 2149

2.5.8 Pearson type VI mixing distribution

The exponential-Pearson type VI distribution is constructed below and the moments
obtained:

(A—d)b_a_l 1
d-c d—c A>d (2.150)

A) = ’
(%) B(a,b—a) (1+3:ff)b

The pdf of the mixture is,

1 FTA—d+d (A—d\" ! A—d\7" __,
_ 1 A dA
F(@) B(a,b—a) J d—c (d—c) ( +d—c> ©

(b—a+1)—1 d A—d b—a—1 A+d —b
A 1 XA\
B(a b—a)/{< ) +d—c<d—c> }( +d—c) ©

Let,

A—d
d—c
Therefore,

=z so that A=d+(d—c)z and dx=(d—c)dz (2.151)
Fla) = 1 70 H(b—at+1)-1 + d Sb—a—1 (1 _|_Z)—be—a:[d+(d—c)z] (d—c)dz
B(a,b—a) 4 d—c

(d—c) ez

00
— (b—a+1)-—1 1 —b —(d—c)a:zd
Bla,b—a) O/z (14+2)""e z 4+
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—dx ©
(d_ C) e Zb—a—l d (1 —|—Z)_b e—(d—c)mzdz
B(a,b—a) J d—c

_ (d—c)e T (b—a+1) 7z(b—a+1)—1(1 4 2) @@= (-at) =1 —(d-)zzg, |
B(a,b—a) T(b—a+1) ]

(d—c)e ™ T(b—a) T 41

d (1+z)(1—a)—(b—a)—1 e—(d—c)af:zdz
C

B(a,b—a) I'(b—a) J d—
_I'(b—a+1) (d—c) e = . .
= Bla.b—a) U(b—a+1;2—a;(d—c)x)+

I'(b—a)(d—c)e % ) )

Bla,b—a) ¥(b—a;1—a;(d—c)x)
= (d—c)(b—a) b —da U(b—a+1;2—a;(d—c)x)+
I'(a)
d I‘I(‘Z) e WU(b—a;1—a;(d—-c)x) (2.152)

The survival function is,

1 | A—d\be 1 A—d\?
S(z) = 1 —TA d\
(@) B(a,b—a) d/ d—c (d—c) < +d—c> ©

= M e
(d—c)B(a,b—a) J d—c d—c

Using the substitution ([2.151))

1 oo
Sla) — b—a—1 (1 —b g—z[d+(d—)zl (g _ c\d
() (d—c¢)B(a,b—a) O/Z (e e e
e—d:c c0 b 1
S —am1(1 4 z) e~ (d—O)zzg
B(a,b—a) O/Z (1+2)"e :
_ e_d”” F(b_a') o‘ozb—a—l(l+z)(1—a)_(b_a)_1 e_(d_c)wzdz
B(a,b—a) T'(b—a) 0
I'b
= f ¢ POl as(d—c)a)
Therefore,

U(b—a+1;2—a;(d—c)x)

U(b—a;l—a;(d—c)x) (2.153)

h(z) =d+ (d—c)(b—a)

The rth moment is,

<)\—d)b_“_1 1
d—c d—c bd>‘
B(a,b—a) (1+ z\l:g)

E(X") = 1! / AT
d
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— A—d\b —
B(a b—a) : (1+d—c> d—c
Using the substitution ([2.151))
! o0 d -r b—a—1
E(X’"):T— / z+ (d—c)_’qzibdz
B(a,b—a) J d—c (1+=2)
r!

I\

~ (d—co)" B(a,b—a) ( + dic> K (zlb:z_)lb dz

=@ par=a | 5 (%) (dic>+k ﬁ “
SR e o %) (dic>+k 07 (k:_z;b 4
g e = DAY (a%e) Bk b

~ g rareea o (0)(at) e
= e T TG o %) (dicy k0 T
= T %) (d;>k Hotk—aTa—h

(2.154)

and

1 1 © /_1\ /d—c\*
E(X):& (@) T(b—a) kZ::O < B > (d ) I'b+k—a)T'(a—k)
(2.155)

2.5.9 Right truncated gamma mixing distribution

Right truncated gamma distribution is based on incomplete gamma function
described in (|1.14]) defined by

P
~(b,p) = / et lat
0

Now, consider the integral

p
[ e At an
0
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Let

t dt
t=al A=— and dA=—
a a
ap
/ e—a)\ Ab_l d\ :/ e—t (E)b—l dt
a
0 0
ap
1
=— [ ettt dt
a
0
= — v(b,ap)
a
ab e—a)\Ab—l
/ dA =1
o 7(bap)
Therefore
ab
gA) =————e X1 0<A<p a,b>0
v(b,ap)
(2.156)
The pdf of the mixture is,
p a,b
fx) = / Ae A L gmadzb-1gy
a (b, ap)
a? B
__a / AG+D) -1 j—(z+a)X gy
v(b,ap)
_a® b+l (z+a)p)
v(b,ap)  (z+a)b*?
_a®  y(b+1,(z+a)p)
(z+a)bt? v(b, ap)
. a (b+1)"(z+a)p]®Tt e~ @+IP | F (1,6 +2; (z + a)p)
~ (z+a)bt? b—1ap® e 1 F(1;b+ 1;ap
B a® b (x+4a)ltlpttle 2P e Fi(1;b4+2;(x+a)p)
 (z+a)dtl b+1 abpb e 1 F(1;b+1;ap
b Fi(1;b+2;
_ e 1Fi(Li0F 2 (@ a)p) (2.157)
b+1 1F1(1;b4 15ap)

The survival function is,
b

p
S(z) = / e e B gmad zb-1 gy
v(b,ap)
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_ ab fA(b_l e—(a:+a))\ d\
(b, ap) 0

_a® (b, (z+a)p)
B v(b,ap) (x+a)?
_a®  ~A(b(x+a)p)
~ (z+a)®  ~y(bap)

a®  b'(z+a)p]"tt e” P By (1,64 15 (x4 a)p)
- (x4 a)bt1 b—lapbe—2 1 F(1;b+ 1;ap
_ e 11150+ 15 (2 + a)p)

1F1(1;b+ 1;ap)

(2.158)

Therefore,

b Fi(1;6+2;
h(w) _ P 1 1( 30+ ,(iL’—i—a)p) (2'159)
b—|—1 1F1(1;b+1;ap)

Using conditional expectation approach, we have

1 P ab
E [1 :/ AT L emad z\b-1 gy
AT ~(b,ap)

b p
— 0’7 / )\—T-i-b—l e—a)\ d\
v(b,ap) |

__a 7 AL gma A gy
~(b,ap) 0
_a® ~(b—r,ap)
v(b,ap) ab=r
» Y(b—r,ap)
v(b, ap)
, Y(b—7,ap)
v(b,ap)

E(X")Y=r!a

and,

v(b—1,ap)

BX)=a v(b,ap)

(2.160)

2.5.10 Left truncated gamma mixing distribution

The left truncated gamma distribution can be obtained from the two parameter
gamma distribution as follows:
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Since

T B —By ,,a—1
e Yy dy=1
O/F(a)
Ao [e'e)
B? =By a1 BT By a1
e "yt dy+ e Py * tdy =
I'la) )\{ I'la)
Therefore
oo Ao
e By 1 B _3 -
““ldy=1- Yy* d
/ T(a) e Yy Y / T(a) e Yy Y
Ao 0
B v(@,B)
M(a)
1_7(049:8)‘0)
I'(c)
and,
Ba ,ya—l e—ﬂy
dy =
J T(a) (e B20)
0
The required pdf is
;Ba )\a—l e—ﬁ)\

A) = AM<A<L<© a,8>0 2.161
1N = ry oty (2.161)
The pdf of the mixture is,

o0 a,,a—1 ,—By
f(CU)Z/ )\e—)\m F/B Yy e d\

Xo (a) - 7(aaﬁ>\0)

_ B« / A(e+D) -1 —(@+BA g
P(e) = (e 520) ||

a Ao

= B 1_/ Aat+)=1 —(@+8)A L gy
(o) —v(@bX) |

_ ge {1_7(a+1,(w+ﬂ)>\o)}
I'(a) —v(e; BAo) (z+ @)+t

=% +B;)a+1 I‘(a)_,yl(a Bxo) {X+B)*T —y(a+1,(z+8)N) |

_ B (x+B)*T —y(a+1,(z+ B)Xo)
(z+pB)t I'(a) —v(c; BA0)

(2.162)
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_ B @B = (a+ )@+ B e TN R (10 4 25 (2 + B)Mo)
(w4 Bt I'a) —a=1(BXo)™ el_ﬁ 20 B (13004 13 BAo)
_ap® { (a+1) = AGT! e+ Fy (130 4+ 2 (2 + B) Ao) } (2.163)

a+1 al'(a) — (BXo)® e Pro 1 Fy (15 +1;8X0) '

The survival function is,

oo

S(x) :/ e AT

Ao

,Ba )\a—l e—,B/\
d\
I'(o) — (e, BAo)
= Ba
F(a) _'7(0‘3/3)‘0)

S
T(a) = (e A20) (z+8)°

o)
[ ATt em @+ ax
Ao

B (@4 B)*—a (x4 B)Ao]* e” @A B (La 4 15 (z 4 B) M)
"~ (z+B)~ I(a) —a 1 (BAg)*eBr 1 F(1;a+1;8X0)
= B« a—A§ e~ @ Fy (14 1; (2 + B) No)

aI‘(a) — (,BA())O‘ e—B o 1F1(1;a -+ l;ﬂ)\o)

The hazard function,

(2.164)

« (a41) = A§T e~ @+ By (1;00+ 23 (2 + B) o)
h(.’B) = a ,—(x+B) A . .
a+1 a—A§e 01 F1(1;a+4+1;5(x+ B)No)
(2.165)

Using conditional expectation approach, we have

1 o0 B B Aa—1 o—BA
E|l—|=/[ X" d\
el =

ﬁa T a—r—1 _—FBA
= A d\
T'(a) — (e, BAo) J ©
I'(a) —v(a, BAo)
S A T )
L'(c) —v(a,BAo) po-r

(BT —y(a =T, BA0)
BX)=r#g { T'(a) —~(a, Bro) }

0

0o
/ AOL—T—I B_BAdA
Ao

(2.166)

and,

Bt —y(a—1,8X)

B =0 ) = (e n) (2267)
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2.5.11 Gamma truncated from both sides mixing distribution

The gamma truncated from both sides distribution can be obtained from the one
parameter gamma distribution as follows:

b b a
/ e—,By ya—l dy :/ e—ﬂy ya—l dy—/ e—By ya—l d’y
a

Therefore,

/b /Ba ya—l e—ﬁy

dy=1
7(aab/3)_7(a7aﬁ) Y

a

The required mixing pdf is

Ba Aa—l e—ﬂ)\
g(A) = ~(@.b8) —~ (e, aB) a<A<b; a,>0 (2.168)

The pdf of the mixture is,

p® / Az _—BA ya—1
A A dA\
(e, b8) —v(a,aB) a/ © ©
Be 7 L
= A+ ) =1 —(@+B)A gy
v(e,b8) —v(a, apB) a/ €
_ B {7(a+1,(m+ﬂ)b_7(a+1,(m+g)a}
(e, b8) —v(a,aB) (x4 B)t1 (x4 p)otl
B {7(a+ 1,(x+ B)b) —v(a+1, (a;+ﬂ)a)}

f(x) =

R (e, b8) —v(ex,a )
(2.169)
The survival function is,
x) = Ba ; e—)\m e—B)\ a—1
S@) = arh) = (oad) | A
_ g {v(a, (z+B)b v(a,<w+ﬁ>a}
v(a,b8) —v(at,ap) (z+B)* (z+B)>
. pe v(a, (z + B)b) —v(a,(w+ﬁ)a)}
~@ih)e { +(ab8) — (@, aB) 2470
The hazard function is,,
_ 1 7(a+17(m+ﬁ)b) _’7(a+ 1,($+ﬂ)a)
b= 15 et 9D ot | T
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Using conditional expectation approach, we have

b

1 3 I@a )\a—l e—ﬂ)\
EF|l—| = A"
lAT] a/ v(a,b8) —v(,aPB)
= 7 b AL e=BAAgN
7(a’b6) _7(0"@6) a
B 1

b
— l a—r ya—r—1 _—BA
= @) —Aaa) gor | O

— ﬂf,» 7(04 - bIB) _7(0-’ -7, a’ﬂ)
(e, b8) —v(a;apB)
Y(a—7r,b8) —v(ax —r,ap)
v(a,b8) —v(av,aB)

E(X")=r! 8"

(2.172)

and,

’7(a - 19b6) _7(a - 190':3)
7(aab6) _7(a’aﬂ)

E(X)=2p (2.173)

2.5.12 Truncated Pearson type III mixing distribution

The truncated Pearson type III distribution is obtained from the Pearson differential
equation as follows:
Pearson differential equation are given as

1dy —(a+x)

ydr co+cix+cox?

where,

y = f(x)

is a probability density function

Pearson type III corresponds to the case of cg = 0 and ¢1 # 0

1ldy —(a+z)

y dx co+cix

_ —(x+a)

cix + cg

B 1 x+a
o a:—l—g—‘l’

84



.

C
c1 :zz—l—i
i o _
_ Y y_a™®
C
c1 as—l—i
co _
__1 c1
=——+

c1 cir—+co

d 1 D —a
/7y: l_+31]dw
Yy c1 c1r+co

T 1 c

=——+— (—0 —a)log (cix+cop) +1log k
C1 Ci C

= —i—l—m log (c1x +¢cp) + log k
(&1

where
1
m=— (9 —a)
cCi1 C1

- logy =loge c( e® + log(cix +¢co)™ + logk
—logke o (crx+co)™
y= ke e (c1x+co)™

— ke @ (co+crx)™
Let
1
ci=—-cp and m=—(a+1)
Co
y= keo (1—2)™ ¢y
t.e. f(x)=kcy e < 1—2)™, o0<z<1
implying that
1 1
/ f(x) de =k cy’ / e (1—xz)"de=1
0

0
1

k cg' / 7l (1—2z)™ e %0 dr=1
0

keg' | 27t (1— x)2+m)-1-1 e 0 dx =

- 1(1 :I:)(2+m) 1-1,
B(1,(2+m)—1)

1
/
k" B(1, (Z—I—m)—l)/l

0
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1
kcg' B(1l,m+1)1Fi(1;m+42;—)=1
Co

I'1T(m+1) 1
kcl'! —— = 1 F1(1; 2;—)=1
‘o I'(m+2) 1P (Lim+ co)

_ 1
- B(1l,m+1) 1 F(1;m+2; L

’CO

m
ch

1 Lol 1—ax)™ e_%
. B(l,m—|—1)/ de =1
B(L,m+1)1Fi(Lim+2L) s B, (m+1)
/1 p1-1 (1—x)™ e—% )
r =
J B(1,m+1) 1F1(1;m—|—2;%)
1
1_ m —Qaxr
(1—a)m e _,

dx
] B(1l,m+1)1Fi(1;m+2;—a)

where

1
—=—a and m=a(a+1)
Co

Therefore the truncated Pearson type III mixing distribution is given by

(1 . )\)m e—a)\

A) =
IN = Blmt DR (Lmt 2 —a)

0<A<1 m>0 (2174)

which is basically a confluent hyper-geometric probability distribution function
with parameters a =1 and ¢ = m + 2

The pdf of the mixture is,

(1 _ A)m e—a/\
B(1,m+1)1Fi(1;m+2;—a)

fa) = /1 Ae A
0

1
f )\2—1 (1 _ )\)m e—(a:—i—a))\ d\
0

T B(l,m+1)1Fi(1;m+2—a)

2—1 (1_A)m e—(z+a)r
B(2,m+3-2)

1
B(2,m+3-2) [ 2 dX
0

B(1l,m+1)1Fi(1;m+2;—a)
_ B(2,m+1) 1F1(2;m+3;—(z+a))
- B(1l,m+1) F(1;m+2;—a
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1 g FR@2im+35—(z+a))
S m+42 R (1;m+2;—a)

(2.) The survival function is

(2.175)

1

S@= [ e GzAame
0

d
B(1l,m+1)1Fi(1;m+2;—a)

1
[ -1 (1 _)\)m e—(@+a)X gy
0

- B(1,m+1)1F1(1;m+2;—a)

:fl A1 (1 _}\)m+2—1—1 e~ (@+a)A gy
0

B(1l,m+1)1Fi(1;m+2;—a)

_ B(l,m+2-1) 1F1(2;m+2;—(z+a))
- B(1,m+1) 1Fi(1;m+2;—a
_1Ri(2sm+25—(z+a))
 1R(L3m425—a)

The hazard function is,

1 1Fi(2m+3;—(z+a))
m+2 1F(1im+2;—(r+a))

Using conditional expectation approach, we have

(2.176)

h(x) = (2.177)

1 _ (1—X)™ e A
E|— :/ " dA
AT J B(1l,m+1)1Fi(1;m+2;—a)

1 Al—r+1 (1 _ )\)m e—a)\
=/ dA
) B

ym+1) 1Fi(1;m+2;—a)
1Fi(1—7r2—r4+m;—a)

B(1,m+1)1F1(1;m+2;—a)
1Fi(1—7r2—r+m;—a)

B(1,m+1)1Fi(1;m+2;—a)

=B(1l—r,m+1)

E(X"Y=r'B(1—7r,m+1)

(2.178)

and,

1F1(0;2 —r+m;—a)
B(1l,m+1)1FA(1;m+2;—a)
= oo (2.179)

E(X)=B(0,m+1)

2.5.13 Pareto I mixing distribution

Willmot (1993) called the Pareto I distribution, shifted Pareto distribution and its
pdf is given as:

a B¢
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The exponential-Pareto I mixture is constructed as follows:

The pdf of the mixture is,

oo

f(w) —a ;Ba / )\1—04—1 e—)\m d\
B
Let,
A=z4+p — 2z=A—p and dA=dz
so that
o0
f@) =ap®e? [(z4p) 7 e dz
0
Put,

z=pBy = dz=pdy (2.181)

and therefore

f(w) — Oé,Ba e—,@m B / Bl—a—l (y+1)1—a—1 e—Bwy dy
0

o0
N ;8 e—ﬁaf: / yl—l (y+1)1—a—1 e—,@my dy
0
=afBe P W(1;2-a;8z) (2.182)

The survival function is,
o @)
S(x) =a p” / Aol emA% g
0

Let,
A=2z+p = 2z=A—p and dA=dz

and therefore
o0
S(x) =a pB*e P? / (z+B) " Le*® dz
0

Using the substitution ([2.181))

z=pPBy — dz=pdy
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so that

S@@)=ape g [ gt (y+1) oL e P Y dy
0

(o @)

—ae ™ [yl yr1) ot e oY ay
0
=aeP? W(1;1—a;6x) (2.183)

The hazard function is,,

U(1;2 — o; Bx)
¥(1;1— o Bx)

h(x) =8 (2.184)

The r** moment about zero is,
e @]
E(X"Y=ap / z" e P ¥U(1;2 — a;Bx)dx
0

Let,
y=px .. dy=pdz

. _ o0 y , 3 . B . dy
E(X )_a,BO/(B) eV W(1;2 a,y)—lB
_ @ T (r4+1)—1 _— Co e
=5 O/y eV Y(1;2—-oy)dy

But from ([1.20))
I'(s)I'(s—c+1)
I'a+s—c+1)

Mle™* ¥(a;c;x),s] =

Hence

E(Xr)zgI‘(r—l—l)I‘(r—i—l—Z—l—a—l—l)
BT T(l+r+1—-24+a+1)
_a (r+1)I'(a+r)
T I'a+r+1)
rl «

= ot (2.185)

Using conditional expectation approach, we have

1 o0
E [] — o B / ATl gy
A?"

B
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AT oo
=
- r—uo B
ap® 1
r+« IBr—i—a
a 1

:a—l—rﬁ

1
BE(X")=r 2% —
a+r 8"

(2.186)

and,
E(X) = m (2.187)

2.5.14 Pareto II (Lomax) mixing distribution

Exponential-Pareto II distribution has been constructed in this subsection and the
moments obtained. Pareto II distribution is also known as Lomax distribution and,

a B¢
(A +B)ott’
The pdf of the mixture is,

g(A) = A>0 a,8>0 (2.188)
fz) = a g° / A(A+B)"a e AT gy
0

Let,
A=pu sothat dA=pdu (2.189)

and therefore
f@=ap® [Bup(1+u)y o e T dy
0

oo
=ap / u(l4u) @ lePuz gy
0

=af¥(2;2—a;8x) (2.190)

The survival function is,
o0
S(z) = a B° / (A4 B)~ L e™AT g
0
Using the substitution ([2.189))

S(x) = a p” / B~Y(14u) " lePuzdy
0
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(11— ;8 x) (2.191)
The hazard function is,,

U (2;2 — ;8 x]
U(l;1— ;8 @)

h(z) = (2.192)

The 7t moment about zero is,

E(X") = aﬂ/ " V(22— ;B x)dx
0

Let,
y=pBx .. dy=pfBdx
[ele) y dy
E(X") = ) W(252 —osy)
(X7) azab/(ﬁ) (22— evy)
_300 (r+1)-1 L9 o
=& O/y + U(2;2 — a;y)dy
But from
- _T(s)I'(a—s)I'(s—c+1)
M[‘I’(a,c,w),s] - I‘(a)I‘(a—c-l—l)
Hence
E(XT):g M((r+1)Ir2—r—1)I'(r+1—-24+a+1)
B r(2)T(2—2+a+1)
_aT(r+1)rA—r)l(a+r)
B Fa+1)
(8%
= 7! 5 B(1—r,a+r) (2.193)

Using conditional expectation approach, we have

B 1] a B¢ 7 t—" dt
— /B'r—|—a O (1_|_t)a+1

A"
= ; B(1—r,a+r)
E(X") = 7! ;B(l—r,a+r) (2.194)

and,
E(X) = (; B(0,a+1)
~ oo (2.195)
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2.5.15 Generalized Pareto mixing distribution

Generalized Pareto distribution is a Gamma I mixture of a Gamma I distribution
as shown below:

Let
g\ = [ g(AIk) F(r) dr
0
where
IJA|K) = —_ e=rA NB-1 (2.196)
L'(B)
The pdf of the mixture is,
_ ”’a —pr a—1
oo B ue
A) = —KA Aﬂ_l — UK a—ld
IN= 1) ¢ R
o Aﬁ—l
— : A>0 a,8>0 2.197
B 577 g 2190
f(z) = 73( 5 / ABFD=1 (4 p)=o—B e=Ae gy
Let,
A = p z which implies that dXA = p dz (2.198)
And so,
K T —a—f —pxz
f(:v):B(aB/z’H(l—l—z) Be rrz dy
>0
pI(B+1
:B((aﬂ) ¥(B+1,2—a,px)
r
= MIBI‘EZ)_Fﬁ) Y(B+1;2—aspx) (2.199)

The survival function is,

S(z) = /}\5 L4 p) B e gy

B( B
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Using the substitution ([2.198)|)

S(x) = / P (14272 Pe 2T gy

B(a, 8

0
) )
= B(a, B ¥(B8,1—a,ux)

_T(a+p)
I'(@)

The hazard function is,

(81— aspx) (2.200)

_nBY(B+L2—aspx)

M) = B — s a)

(2.201)

The r** moment about zero is,

B(x7) = [ o 12 iéz)* P)
0

V(B+1;2—aspx) dx

Let,

y=pz .. dy=pdx

m_HBL(+B) T (y)" o o dy
poc) =L () ve e §

_ BT(a+B) T
W T(a)
_BL(a+8) T((r+))I(B+1—r—I'(r+1—-2+a+1)
 prT(a) T(B+1DI(B+1—2+a+1)
_ BT(a+p) T((r+1))I'(B—r)T'(a+r)

~ p (o) L(B+ 1T (e +p)

_ r!l(a+p) T'(B—r)I'(a+r)

W T(@I(B) T(atp)

_rt B(a+r,B—r)

B nr B(a,B)

Using conditional expectation approach, we have

y U1 w(B41;2 — ajy) dy

(2.202)

oo

1] . pe NP1
e X Bady e 2
- ¥ dA
B(a,B) | M= (A+p)oth
0
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(o7

= ) H d\
B(a,B) [ M=r=1 (A4 p)ets
0

Let,

A=uput . dA=pdt
E[112W7tﬁ—’f’—l (/J't+/1/)a+ﬂ/~1/dt
B(a, ) >
_ 1 B(a+7r,—1)
~n B(a,B)
E(XT‘):L' B(a+r,f—r)
pr o B(e,f)

Ar

and,

1 B(a+1,8-1)

p  B(a,B)
a 1

B—1p

E(X) =
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(2.203)

(2.204)



2.6 Conclusion

In the category of type I exponential mixtures, seven (7) out of twenty six (26)
mixing distributions considered had the corresponding hazard functions in explicit
form, thus exponential, gamma I, gamma II, shifted gamma, Lindley, generalized
Lindley and half-logistic distributions.

The hazard functions for the first three mixing distributions take the pattern

h(t):L for p>0,c>0anda >0

(14 ct)e

Corresponding to shifted gamma and reciprocal inverse Gaussian, the hazard
functions of type I exponential mixtures are sums of two functions with the pattern
above. Corresponding to Lindley and Generalized Lindley, the hazard functions
are differences of functions with this pattern.

So far, no pattern has been determined for the hazard function of type I
exponential-Half logistic distribution. For the other mixing distributions the
corresponding hazard functions are either ratios of modified Bessel functions of
the third kind or ratios of confluent hyper-geometric functions.

Laplace transform of a probability density function characterizes type I expo-
nential mixture and the rth moment of the type I exponential mixture is easily
obtained using the the conditional expectation approach.

Shifted gamma mixture of type I exponential distribution has been expressed
both explicitly and in terms of confluent hyper-geometric functions.
Further research is recommended to obtain posterior distributions and their mo-
ments, estimate parameters, fit data to the models and test hypothesis.



3.1

Chapter 3

TYPE II EXPONENTIAL MIXTURES AND
THEIR MOMENTS

Introduction

From literature, type II moments for exponential mixtures for the exponential and
scaled beta mixing distributions were obtained directly using Mellin transform
technique and the mixtures were expressed in terms of modified Bessel function of
the third kind and Tricomi confluent hyper-geometric function respectively.

Other type II exponential mixtures were constructed and expressed in terms of
the modified Bessel function of the third kind, Tricomi confluent hyper-geometric
function, Appell function, truncated gamma function and generalized hyper-
geometric function. However, their moments were not obtained.

In this chapter, type II exponential mixtures are constructed using mixing
distributions used to construct mixed Poisson distributions and they include inverse
gamma, Lindley, Reciprocal inverse Gaussian, Generalized Lindley, Generalized
Pareto (also known as Generalized Beta) and Generalized inverse Gaussian dis-
tribution. Moments for these mixtures have been obtained using both the Mellin
transform technique and the conditional expectation approach, especially for cases
where the Mellin transform technique fails. The conditional expectation approach
has also been used to verify the results obtained using the Mellin transform
technique.



3.2 The problem in mathematical form

Let
1 =
f(w|)\):Xe_>\ x>0 for A>0 (3.1)

be the conditional type II exponential distribution, whose mean is the parameter
A

Then,

f@)=[-e Xg(N)dA (3.2)

o —_ 9
>

is type II exponential mixture, with g(A) being the mixing distribution.

The survival function is given by

S (z) = /S(:r;|>\) g (A)dA
0
_ / e~ X g(\)dA
0
The hazard function is,

The problem is to find the functions f(x), S(x) and h(x) for the various mixing
distributions and obtain moments directly and indirectly, in which case the following
are useful formulas

/ w1l Ky(w) dw = 2°72T <ng> r <S;”>
0

I'(s)T(a—s)T'(s—c+1)
I'la) T(a—c+1)

Wl W(a; ¢; x)dx =

0\8

3.2.1 Conditional expectation approach

The conditional expectation approach is given by:
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Lemma 3.1.
E(X")=r! E[A"] (3.3)

where E(XT) is the rth moment of the mixture and E [A"] is the rth moment
of the mixing distribution

Proof

E(X")=EE (X"|A)

where

E (X"|A) =

=r! E(A")



3.3 Mixtures in explicit form

3.3.1 Inverse gamma mixing distribution

The inverse gamma is the only mixing distribution whose corresponding exponential
mixture is in explicit form. Indeed all the functions f(x), s(x), h(x) and E(X)

are in explicit form.

gA) = A

T(a) & " Aatt

The pdf of the mixture is,

bl

A>0 >0, a>0 (3.4)

T1 « 1 B> _p
f(x) = 0/ 3 St pay © S

e~ @+8) % g\

_ B 7
_F(a)o/)\a+2

Let
1 1 dt
—=t —=A=- d\=—— (3.5)
A t 2
B 7’ B dt
— ta+2 (z+B)t —~
P =gy [
oo
= /Ba / ta e_(w+5) t dt
I'a
0
B> 7
= / tlat)—1 —(z+B)t 4
(@) /
B T(a+1)
- D(a) (z+p)ot
a B¢
which is Pareto II (Lomax) distribution with parameters e and B
a oo
_z 1 _B
S(m)zr(a) eAAa_He X dA
0
oo
_ b 1 e~ (@+8) X d\
MNa) / Aol

Using the substitution (3.5))
dt

gr 7 _
S — ta—l—l (x4+B)t ™~
) O/ © 2
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gt T
:I‘(a) O/t e~ (@A)t gy
B T(o)

- I(a) (z+8)*
__ B
T (z+p)°

x>0, o, B>0
Therefore,

h(z) = wj—ﬂ (3.7)

The 7t moment about zero is,

E(Xr):aﬂafw
0

=af" B(r+1l,a—1)
. I'a—r)
I'(a)
Using conditional expectation approach, we have

oo

r P 1 BT s
E[A]_/,\ o T ¢ L P
0
it /A’“—a—l e~ X dA
I'(c)

Using the substitution ([3.5),

/ta r+1 Bt ﬂ

E[A"] = -

I‘(a)

F(a) /

B I‘(a—’r‘)

~T(a) o

_ I(a—r)

I N )
E(X")=7r!E(\")

_r! g (a—r)

- T

(3.8)
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and,

_BT(a-1)
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3.4 Mixtures in terms of modified Bessel function of the third kind

The following mixing distributions yield exponential mixtures that are in terms of
the Bessel function of the third kind: exponential, gamma I, gamma II, half logistic,
Lindley, generalized Lindley, inverse Gaussian and generalized inverse Gaussian
distributions.

3.4.1 Exponential mixing distribution

In the case of exponential mixing distribution, the corresponding exponential
mixture is constructed as follows:

gN)=8e* Xx>0,8>0 (3.10)

The pdf of the mixture is,

f(x) e > (Be P)dx

Il
0\8

I
&)

e_ﬁ<)‘+% %) d\

>| =

Let,

}\—\/zz — d)\—\/gdz (3.11)
=3 =13 :

f(x)=p / 271 e 3VEB(3+1) 42
0

— 28 K, (2 ﬂw) (3.12)

(2.) The survival function is

S(z) :/ e~ X (B e P da
0

Using the substitution (3.11])
S@=p [ |57 D a;
o VB
=2 ,@ T Kl (2\/ﬂ7w)
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Therefore,

h(x) = p <
VBx Ky <2\/,%)

Ko (2v/B)
K1 (2\/ﬁ7)

Theorem 3.1 (Bhattacharya, 1966).

(3.13)

The hazard function of type II exponential-exponential mixture is a decreasing
function.

Proof. m
Let
!
m
Then the hazard function becomes
h(z) = 1 Ko (2\/5_33)
= Ve Ky (2\/5_33)
iV 35) 2 K)o 2 e o)
- o)

Consider the first term in the numerator
s o) & o)

A af) e (201 4

2 % \NVu)f) oz

—mw )
~ v (3f2) |- (22 4 (2) L))
—Wl(ﬂ{ w2, =)

e )]

Next, consider the second term in the numerator, that is ,

o2 o)
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[\

I
5
78 =18 ~i8 8 =09

=

=)

)
)

[\Y)

N | =

ST
>

VS
N

N | = -
SRS

=

o
I8

%
_
N———

+

[\

N A~ —— " —— ——

[l

=

N

N

_——

—
8|®
>
VS
N
_—
N———
|
=
VS
[\
s S
N—————
_|_
N | =
e
>
VS
N
T8
N———
——

Since Ky4e > Ky for all e > 0 and v > 0. Hence h(x) is a decreasing function.

The r** moment about zero is,

E(X") = 7:1:T f(x) dz
0
_ 70931" 28K, (2\/%) da
0
=203 70:cr Ky <2\/ﬁ) dx
0

w=2/zf — w?=4zf — 22wdw =4Bdz

o T w2 , w dw
E(X") =28 0/ (Gp) Kolw) =5

oo

1

= G om /wz’""'l Ko(w)dw
0
:7221“’-2—2]:1 F
RS VG

/B’I“
u” 2r +2 2r+2
227’
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= o 27" T(r4+1)T(r+1)

E(X") = (ﬂ!zz (3.15)

Using conditional expectation approach,

E(X")= r! E[A"]

[e.9)

=prt [ ATt an
AZ0
= (’;32 (3.16)
Therefore,
BE(X) = ; (3.17)

Using properties of modified Bessel function of the third kind, Bhattacharya (1966)
proved the following theorem

Theorem 3.2. The hazard function of type II exponential-exponential mizture is
a decreasing function such that h/(x) < 0.

Proof
fz)
S()
S(z) f'(z) — f(x)S' ()
[S(2))?
_ S@f(@) + @)
S@P
F@) [f)
T 5@ " [S(ml
()
= 5(x)

h(x) =

h'(z) =

+ [h(2))?
In this case,

F(@) = - 28Ko(2)/Bx) = 28 [Ko(2/Ba)
But

LK) =~ Ko (@) + Ky1 (@)
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and

Ky(w) = K_y(w)

Therefore
f(z) = 2B{—; [Kl(zﬁ) +K_1(2¢%)] CZB Jﬂ?}
— 283 {—; {2 K1(2\/ﬁ7;)] \/z}
= —2ﬂ\/§ {Kl(z\/ﬁ)]
Therefore

L LSICZDIN [ B Wr
e e
(1] [

() |

Since Kyte(w) > Ky(w) V e>0andv >0

(3.18)

Ko (zm)]2_1}

Then
h'(z) <0

implying that h(x) is a decreasing function

3.4.2 Gamma I mixing distribution

In this case the mixing distribution is gamma I and the corresponding exponential
mixture is constructed below:
,Ba e—ﬁ A )‘a—l

g(\) = Fa 0 >0 @B>0 (3.19)

The pdf of the mixture is,

1 B e BA)\a—1
f(a:)_/)\e R O
0
o o
@)

106



Let,

T X
A:\[ . da= Edz (3.20)
_ a— 1 -1 -2 YZP (241
fla) = F( )<\f ) e 4D 4

—2 W \/; Ko-1(2//B ) (3.21)

(2.) The survival function is

Using the substitution ([3.20))

S(z) = e )(\/7)01 sa—1 o~V B (z+3) 45

(‘;(B:)) Ko (2//B ) (3.22)

and the hazard function is

_ B Ka—1(2\//%)
h(z) = [ Ko(2v/F2)

The 7" moment about zero is,

T i Bw)a é T T
E(X") = 0/ { o) \/;Ka_l(zﬁ)} d
28 2+

_ / 2573 Ko 1(2//B 2) da
ra)

(3.23)

M\»—\

Let,
9 w
w=2/Bx, w=4xB and dw:%dw

so that

BLH 1

PR @) gyt

3 /(w2)7‘—}-2 2 Ko—1(w) dw

107



B—r
= I‘(a) 22r+a—1
B 1
- Br 22r+a—1 F(a)

oo
/ W K\ 1 (w) dw
0

M[Kq—1(w) 2r+a+1]
Applying ((1.18])), we have

Let,

s=2r4+a+1 and v=a-—1
I'r+a)'(r+1)

B T'(a)
_r!I‘('r—l—a)
- B I(«a)

Using conditional expectation approach, we have

E(X") =

(3.24)

E(X") = r! E[A"]

g 7
_ r!m / Arte—l g=Bo gy
(81
0

LB Trta)
T(a) B+«
_r!(r+a)

& ') (3.25)

and,

E(X) = g (3.26)

3.4.3 Gamma II mixing distribution

The exponential-gamma II distribution is constructed and moments obtained as
follows:

1 _2
g(A) = 5T () © XL A>0 B>0 (3.27)
The pdf of the mixture is,
f(a:):/—eA e FA 1N
2 A BT

1
BT

o0
/ A=D1 =5+ X)) gy
0
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Let,

Bx z and therefore dA =,/Bx dz (3.28)

Bar(a)(@)a_lZoz("_”_le_%(z\/%)(”i)dz

e
= (3" 1@ v K (215
B 529

as obtained by Nadarajah and Kotz (2006)

f(x) =

(2.) The survival function is
S(z) :/S(az|)\)g(}\) dX

_A
e B LdA

_/e iﬁar(ou)

0

~ poTa /"(a D e FAHAR) gy
“T'a

Using the substitution ([3.28))

A= /Bzz and dr= Bzdz
_ (‘/ﬁ_w)a J(a—1) \f(ZJr )

) = o T(a)
T . a 2 x
= ) e (2)5) o

_ (3.31)
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The 7t moment about zero is,

a—1

s 202 x

EX"=|a — " _ Kaq_ (2[) dx
0/ T(a) VB

2 s a 1 €T
= 7’+§—§ o— 2./—)d
T'(a) B°% § ; i ﬁ) v
=% [atitil Kk, (2\/5) d

I'(a) ﬁio/ 1

_ 1/w2r+a+1 1 Ko 1(2\/>) di
F(Oé)ﬁ

20
Let
w = E w2 = 4£
B B
2 B
r=—w’ and dr=—wdw
4 2
Therefore
2r4+a+1
2 o0 s 1
Do) 2 L4 p

B" T 2r+a+1)—1
" D(a) 2@r+at)—2 / (@) Ko-1(w)dw
0

By equation (|1.18]

o B" (2r+a+1)—2 2r+a+1+a—1 2r+a+1—a+1
E(X ) - F(a)2(2r+a+1)—2 2 r 2 r 2
IB?”
= T r 1
Fay D@+ T+
r
— 1 g la+r) (3.32)

I'(a)
Using conditional expectation approach

E(X") = 7! E(A")
— 'r!/ N e B Al gn
/ * BoT(a)

A1 o5 g

=" BaT(a) 0/
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ol 1 I'a+7)
. IBaI‘(Oé) (%)a—}—'r‘

o P e
=r! ey T+ (3.33)
— 1 8" F(lf‘(;r)r) (3.34)

3.4.4 Half logistic mixing distribution

Using half logistic mixing distribution, the exponential-half logistic distribution is
constructed and moments are obtained.

—p
= Gy A>0 p>0 (3.35)

T1 & 2peHA
f“"‘)—o/xe Y ate P

oo oo
=2u / A"l e XHA > <_k:2> ERALT HY
k=0
c0 T 1
=2u ) <_kz> [ ) (Mt 3) gy
0

Using the substitution

x
so that dA= ,|—————d=z (3.36)
RN p(k+1)

flx)=2p kzz:o( k2> 0/( u(km—kl)z)_l e~ Vhrk+1)z(2+3) “(I::_l)dz

—ap gjo ,f) Ko (2 Ju(k+1)z) (3.37)

The survival function is,

[e.9)

_= 2peHX
S@)=e *(He—uwfﬂ

¥ 2
= / e~ <_k: ) e HAE G
0 :

oo
Y Z (—2) / A0 o HFR) {H—H(Hl) ﬂ d\ (3.38)
0
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Using the substitution ([3.36))

S(@)=2p Z ( ) ,/M(kJrl / Vil (2+3) gz

_4,,,2< )‘/u(k+1 K1 (2\/u(k+1)z) (3.39)
Z () Ko futer 1)
éo(‘k) o K (2 (et 1) )

The 7t moment about zero is,

S (‘,f) (Ko (2 /p(k+1) 2] da
k=0
=4dp kijo /Oooazr (Ko (2\/u(k+1)x) dx

h(x) = (3.40)

E(X") =

0\8

Let,

w=2yuk+)z w?=4puk+1x

w2 w

= dr=——— dw
4p(k+1) 2p(k+1)

E(X”)—4uz<k2>/ooo “ )" Ko (@) 5

= GatkTD ok +1) ™
2 [es) —92 0o 2r+1
= (E) 0 G

2 X (-2 1 © (2r+2-1
= o 2 () Gy o) s

2.2 2 (9 1 9
B0 = G 2, (1) Gy @040
2 = (o 1 oo 27 42
= i o () g 2y
_3 r1)2 S~ (2 ;
= 0 5 (%) razpn 4D

Using conditional expectation approach, we have

E(X") = 7! E[A"]
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=7 70x'+1—1 2“6_Ni2
Lo (14 e—HA)
—2rlp /X‘ e HA(1 4 e PN "2 g
A=0
T oo o 2 (—2\ _
:2r!u/)\e“}‘z<k>e“>‘kdk
< (—2\ T ., _
:2r!uz<k> [ AT emmrbAgy
k=0 o
X [—2 L'(r+1)
oo 3
kgo k) [n(1+k)+
2 X [_92 1
rer (2
T kgo k) [(A+k)r+?
and,
2 > 2
b00=2 S () o s
ngo k (k+1)2
2 & 24+k—1 1
gt
M’;::O " (k+1)2
2 = kE+1
L)l
“kzzjo( : k (k’+1)2
2 I<:+1>
== 1)k
“kzzzo( ) ( 1 ) (k+1)2
2 X (-
-2 5
_2 1 1+1 1+1 lzt (3.42)
o 2 3 4 5 6 '
But
2 03
—log(1—0) =0+ —+ —+...
og( ) +2+3+
02 63
—log(1 = — ——— ...
og(1+0) 0+ 5 3 +
02 02 o0+ 6°
log(1+0) =0 — — +— —— 4+ —
og(1+6) 2 + 3 4 + 5
1 1 1 1
1 1+41)=1—-—+—-———4+—-—=...
og(1+1) 2+3 44—5:|:
:log2 (343)

113



Therefore,

E(X)= 2 log2 (3.44)
7

3.4.5 Lindley mixing distribution

In the case of Lindley mixing distribution, the corresponding exponential mixture
is constructed as follows:

2
A) =
g(A) o1

The pdf of the mixture is,

A+1)e?* Xx>0 6>0 (3.45)

f(z) = /A iee (A+1) e 0> dx

14+ ) —02-X d)
9+1

\8 O\g

1+ ) e=0 (M +53) ax
0+1

x0 o0
/ A1 =0 (A+53) dA—}—/ A0-1 =0 (A+5%) dA}
0

—_— C

Let,
T
A= \/> A= \/>dz (3.46)
- @ (243) e~ Vo (2+3)
f(z) = 9+1{\[/ ~ve dz+/ dz
2 62
= —K1(2 vOx)+ Ko(2V0x) (3.47)
0+1 (7]
The survival function is,
T = 67 BN
S(z) _0/ e R o kD e
92 i x 1 x 1
-7 / {A2—1 e 0 (A +5X) 11 -0 (>‘+9>\)} dA
0+1 o

Using the substitution ([3.46))

2 2 oo oo
S(a) = 2 ( "’) [ eI d”f/zl_l S VTE (1) g,
0+1 (7] 5 0 J
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2 X 2 i
:924?1 {( 0) Ks(2 m)+\/;1<1(2m)} (3.48)

Therefore,

{3 Ki(2V0z)+ Ko(2 V)]
Vo {3 K22V0z)+ Ki(2V0x))

h(z) = (3.49)

The r** moment about zero is,

o
2 62
E(X’“):/ x" 011 {\/?Kl(Z VO x)+ Ko(2 VOJ:)}dw

0
= 2 62 70 "'+2 K1(2 Ve )daz—}— 701: K0(2 VO )dw

(0+1)v0 ]

Let,
w? w
w=2vlx . x=-— and dr=—dw
460 20
1
2 62 F w2\ w 202 T [w2\" w
EX")=——+ — K —d — | K —d
(X7 6+1)vo / (40) 1) g 5 0/ (40) 0(w) g

_ 1 1 17 2r42 11 17 2r+1
_22’“"‘10—|—107'0/w Kl(w)dw—|—22T 011 o711 O/w Ko(w) dw
_ 1 22D (r +2)0(r +1)| + ! 22T (r + 1)1 (

22r+1 9+ 1 07 22r 9 +1 or+1

1 27 1 [1
T [22(1"—{—1)(14)2—{—9(7'!)2]
B (rH2 (r+0+1) (3.50)
0 (6+1) ‘

Using conditional expectation approach, we have

E(X") = 7! E[A"]

2 o0
- {/ ATHL g =X 4 y7 e—ox}
0

_ 0> (T(r+2) T(r+1)
T 0+1| ort2 gr+1
r! r+1 0
_9+1{ or +0T}
!

T or (0+1)

B(AT) =

{r+6+1}
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(r)H2 (r4+041)

E(X") = o (01 1) (3.51)
and,
0+ 2
E(X)= m (3.52)

3.4.6 Generalized Lindley mixing distribution

Using generalized Lindley mixing distribution, the exponential-generalized Lindley
distribution is constructed and moments are obtained.

B 0% (AN (a+A) e 0
9N = G ) T(at+ D)

The pdf of the mixture is,

A>0 6,a>0 (3.53)

_2 02 (0X)* ! (a+X) e 02
(0+1)T(a+1)

o0 o0
{ a/ Ale=D—1 =0 (A+53) d>\+/ A1 =0 (A+53) d)\}
0 0

fa)=[ e
’ 9a+1
T (0+1)D(at1)

Let,
T T
A=\ T AT e (3.54)
a+1 a—1 oo
f(x) = af i / H(a=1)—1 6_@ (=+1) dat
O+1)T(a+1) \V O /

a+1 a o0
o x / 201 6_2\/2% (=+2) dz
(0+1)T(ax+1) 0 ]

« 0a+1

1
= GTDTGTD < 0) 2 K(n—1)(2 V0 z)+

w+£?;+n(v:Y2K@W“@3>

sty (5] (o )

6
(3.55)

The survival function is,

o0

S(:I:):/e

0

s 0% (OXN)*" ! (a+A) e A
(04+1)T(a+1)
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{ o [ AT P OFER) x| A 0 OE) dx}
0 0

0a—|—1
- (@+1)T(a+1)
Using the substitution (3.54))
202+1 x\“ T
S = — K, (2Vve — K, 2veo
@=Grrein (s) {2KoEvTD+Gr +1)(< ;)}
3.56
Therefore,
h() aKo-12V0 )+ /5 Ka(2 V0 @) a.57)
x) = .
5 {a Ka(2V02)+ /5 Kay1(2 VO )}
The r** moment about zero is,
7 202+1 2\t x
E(X") = " — K, (2Ve — K (2Vve
- 0/"” (0+1) T(ax+1) (@ {"‘ o “’”\/; @ ””)}
201 T oa
_ i / " TEt: Ko 1(2 V0 2)de
O@+1)I'(ax+1) g2—2 5
202+1 1 7 .«
— / "2 Ko(2V0 x)dx
O@+1)I'(ax+1) 62 J
Let,
2
w=2VvV0x a::w— and dr = —dw
460 (7]
o 1
2ga+1 oo 2\"t32+3
B(X") = o (%) a1 () 2 o
O@+1)I'(a+1) g2—2 a 460 20
202+1 1 T /w2\ T2
= [ (= a(w)—d
T OT DT (@t1) 6% 0/ (49) () 590
afl—T o0 )
— r+a Ka— d
22r+a—1(0+1)r(a+1) 0/ l(w) w
0" o0 2rtatl
r+o K, d
+227°+a(0+1)I‘(a—|—1) ! () deo
ael—r 0
= rte—ip T(r+1
22’"+0‘_1(0+1)F(a—i—1) { (T+O¢) (’r"i_ )}
9—”"
22rter N(r+1
+ et DT D) [ (r+a+1)0(r+1)]
' af !
- o T(r+a)+ T(r+a+1)
"0+ 1)I'(ax+1) 00+ 1)I'(ax+1)
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r!'T'(a+7)

= o @+ D)h(at1) 0T (359

Using conditional expectation approach, we have

E(X") = r! E[A"]

ry 02 (g)a—l ooa a-l—r—le—O)\ T a+r+1—16—9)\
EA) = oD @D {0/ A d>\+0/>\ dX
B oo+1 {aI‘(a—}—’r) I‘(a—l—’r—|—1)}
- (04+1)T(a+1) oo+ go+r+l
. gotl I'a+r) a+t+r
T (0+1)T(at+1) @otr {a 0 }
B 1 I'a+7) o ot
S em(0+1) I‘(a—l—l){ fratr}
o 1 I'a+r)
E(X")= r! 07 (0+1) T(at 1) {a0+a+r} (3.59)
and,
E(X) — ab+a+1 360

3.4.7 Inverse Gaussian mixing distribution

The inverse Gaussian mixing distribution yields exponential-inverse Gaussian
distribution and the construction is as follows:

o S\ —p)?
Let
o ® . @ P
= — = — a —_— J—
12 =g " I \y
e 2 T(A—p)?
A) = —
g(A) <27r)\3> exp ax )
& \2 T2 — 2u 4 p?)
frd 3 expq§ — )
2T A 2
1
® 2 WA ®
_ A Ve -
<27r)\3> e 2)\}



The pdf of the mixture is,

1 oo
e [ P\2 71 _= A P
f(x) =eV¥® () /—e_i A3 exp{——}d)\
2T 5 A 2 2
NGTS P % i _3_1 (z+2)L
—e — [ s =+2)XdA
4 0
vis [ @ 3 o _8q __¥[ap2ziE 1)
e e /)\ 27" e 2 ¥ XldA
4 0
Let
2 P 2 >
N i =222 4, (3.62)
v v
1 _3
T 2 2P [ (a+a)
f(x)=e ve ((I)) ’ ( 2:13—|—<I>) / z_%—l e TGS (z+%)dz
2w v
0
1 _3
VI 6o} 2 2x+ P 2
2e (27‘_> ( v K %(\/\I!(Zaz+<l>))dz
1 _3
20\ 2 VI 2¢ + P 2
— <7T> e ( . ) K_3(,/¥(22+9)) (3.63)
(2.) The survival function is
g5 ([ ®\2 T _a TN B
S(xz) =evV¥?® () /e_X A2 exp{——}d)\
2T 4 2 2
viE (22 T il m_pyayt
—e — [ amit e B D3an
4 0
vis (P 2 —loq ¥ [ag2zpe
—e S| [ ATt e3P Slan
2w 5
Using the substitution (|
2:c—|—<I> 2:13—|—<I>
dz
1
P [20+®) 2T _ [eGet®) 1
S(:v)—e () ( s ) /z Le z (2+3) g,
2 0
) _1
— [ P \ 2 2c+ P\ 2
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1

_ (2‘1’> T VI ( 2w;:q)) i K_1 (22 +@)) (3.64)

Therefore

N

F) gK_g(./\IJ(Z:B—HI)))
(V%) Ky oot a)
1

RES ”m

=/ (3.65)
2x + <I> 2+ P

The limits of integration therefore change from (0,00) to (V¥ ®,00). Since
Mellin transform of the Bessel function of the third kind applies for the limits
(0,00), the technique fails in this case.

h(x) = (

N

However, using the conditional expectation technique

E(X") =r! E(A")

$\z ¥
2
—r1eV¥e (T /x‘—%—l e~ AL L g
27 5

Let

)\2\/22 d)\:\/z dz 1
pixry 1ot (£)} (8 Tt
0
— 21 VY2 (;I;) : (\/z)r : T_%(\/_)

— 7l eV¥® (f) : (@)é K,_1(V¥%) (3.66)
BE(X) = V"% (273’)% (\/z)é K_ (V%) (3.67)

Using the equation ([1.7)), we get

E(X) = \/j (3.68)



3.4.8 Reciprocal inverse Gaussian mixing distribution

The reciprocal inverse Gaussian mixing distribution yields exponential-reciprocal
inverse Gaussian distribution and the construction is as follows:

N =(2) ek A a2 L A > 0and —oo < p <
= — 123 2 —_—— - —_
g o e exp 2 2“2)\ or an 0 v’ oo
Let
oY ,_ ¥ (¥
= 2 pi=g and p=2
1
o\ 2 SN
gN) =eV®¥ [—) A rexp{————t for A>0  (3.69)
27 2 2\

The pdf of the mixture is,

fla)=e¥ " (@)

27

N[ =

N[ =

27

N[ =

=e Azl e~ TR X

VET (‘I’>

27

/
0
var (N2 T 1, _@x_ w1
—e R /)\2 e2(+2Ad)\
0
[
0

Let

22+ ¥ 22+ ¥
DY e AP S QR e A (3.70)
F >

1
fla) = eVF® (q)> 1 VIR,

NI
 ~
[\V)

8

| T
LS
N——
|

N[
N[ 9\8
N
o

2
_ 5 VAT (:;) 2 ( 2“";‘1’)_ K_1(|/®(2z+¥))dz
= (%) v ( 2w;‘1')_2 K (/2Gar®) (7

(2.) The survival function is

N[=

S(z) = eV®¥ (q))

27 / 2 2\
0
% oo
— e\/ﬁ i / )‘%—1 e—%)‘—(:c—f—%)%d)\
2 0
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Using the substitution (|

2a:—|—\Il 2¢ + W
=4/ > dz

1
3 00
S(x) _e\/—q, ( P ) ( 2:13—|—\11) / z%_l o /<1>(2ag+'11)(z+%)dz
0
1
2

27

=27 (;;)é(\ﬂ Ki(\/®(2x+ 7))
:<2:’>;e\/ﬁ( 2‘”; )%Kl(\/m) (3.72)

Therefore

P
20+ W

h(x) = (3.73)

Since Mellin transform of the Bessel function of the third kind applies for the limits
(0,00), the Mellin transform technique fails in this case.

However, using the conditional expectation technique

oo 1
P \2 =5 10D W
E(X")=r! /)\T () eV A3 exp{——}d)\
) 2w 2

2
®\2 =z T P U1
prny ! _— T+ 1 _— —_—
r <2ﬂ> e O/A 2 exp{ (A—I—q) )\)}d)\

Let



E(X)= (f) : eVeY (\/g)g K3 (V3¥)
() e () (4 i) (v

E(X)—<2;I)>; ( z) <1+\/;>—q;) (2’; i)
el

1
2
) o~ V3T

(3.74)

(3.75)

3.4.9 Generalized Inverse Gaussian mixing distribution

The generalized inverse Gaussian mixing distribution yields exponential-generalized

inverse Gaussian distribution and the construction is as follows:

When
g\ = % Av—1 exp{—; <\p>\+<1> ;)}

with parameters taking values in one of the following ranges:

.® >0 ¥ 0O if v<O
0 >0 2f v=20

>
3.36>0 =0 if v>0

The pdf of the mixture is,
T\
(5) 2 A'U—l
2K,(vVoWU)

(Iy: 7 Yy, 2(®, 1
o /)\”‘2 e~ 3O+ EEHDR)  dn
0

T 2K, (V3U)

f(:c):/i e X e 3 (XTI gy
0

Let

A= \/2(q)+ ) d d)\—q/z((p—i— ) d
= A X Z an = AL Xr z
123

(3.76)

(3.77)



Therefore,

__ 3 2 @ -2 =%
f(w)_szEI)\/ﬁ)o( 6(5+w)z) 2

VEGHaGE+ [2 2
lI1(2 +x)d
_ (%)% 2 @ v—1 T (w—1)—1 —3(/ 2 (F+2)(z+12)
= ox,(var) Velz T / ¢ 4
(e 2 @ o 1°°z(v -1~ 5 (/3 (F+o)+D)
=2k ﬁ)(\/ ( +a)) 0/ dz
— ( )7 - x) )V 1 T
2Kv(\/ﬁ)(\/ ( +z)) 2 Ky_1(/¥(®+2x))
A AP RN o1 Ky 1,/%(® + 2x)
—(5) (E) (®+2x) K, (Vo0
P AV o1 Ky 1,/U(® + 2x)
—(g) (E) (®+2x) K, (Vo0
:(é)% (@ +20)% Ky 1/¥(®+2x)
1)z K,(V®07)
RZ (® 4 20)°5" K,_1\/®(® +22)
 pip2 K,(VoU)
v v—1
(@ FErE\ Ko [¥ @+ 20)
- (\/;> ( \If) K,(V3%) (3.78)
The survival function is
T e (%)% -1 _—1(24+wn
S(w)zo/ e e 33 A
(22 7

_ /}\v—l e— 2O+ (E+0)%)
2K, (VoU) )

d\
Using the substitution (3.77))

S(a) = (@) e g e |
2K, (vVar) | Vw2

\/M(z-i-%) mdz
_ @z (m)” 702

2 F/EG+E+D)
2K, (V)
(3)*

2 &
= R /T ﬁ)q/( +2))
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B (Zyz 2 & "

_M(,/\P (§+m)) 2 Ky(\/¥(®+2x))

(¥ [ e+ @\" K\ ¥(®+22)

—( q,) (\/ \p ) K,(VoT) (3.79)
Hence,

h(@) = (2 Kooy V(@ +22) (3,50
20 +® K, /U(®+2x)

The 7t moment about zero is,

E(X") =r! E(A")

(Iy: 7 , .
| $ / A" A’U—l e—f(\I/)\-l-q)X)dA
0

2K, (V3U)
(E)% - N4 P 1
= 7! ‘I’—/ \v+r—1 6_7(>‘+¥X) d\
2K, (VPW) ]
Let,
@ P
A= \/7 z .odhA= \/7 dz
v
Therefore,

v v+r
(Vi) (V8) 5
B(X") = 7 ° /z”+’“—1 e~z (#+3) dx

2K,(vV3¥) ]
(BB K (VED)
— Ve ) Ko (v/30)
B T\ Kypr(V/30)
_'r'!( q)) . (VET) (3.81)
¥ Kyl (VD)
E(X)_\/; o (VT (3.82)

3.4.10 Special cases of type Il exponential-GIG distribution

The exponential-inverse Gaussian, the exponential-reciprocal inverse Gaussian,
gamma [ and Pareto II distributions are special cases of the exponential-generalized
inverse Gaussian when v = —5, v = %, ® >0 =0 if v > 0and
¥ =0, v < 0 respectively.

2
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a) When v = —

N[ =

Then
W\ [ [mt®) ? K_3\/¥(®+2z)
f(x):(ﬁ) ( v ) K_ (V39)
- f 2wt @)\ 7 K3\/U(®+22)
Ve ¥ K1(V2T)
_(f)( 2w+<b)_2 Ky /¥ (2 +22)
® v ( i )5 o VTE
2V0®
_ (23>2 VT ( 25’3;‘1’)_2 K;\/¥(® +2x)
sw= (/¥ T pat®) Ky /¥(@+2w)
@=1y3 v K_, (V&%)
_ (2;1))2 VT ( 2"’;‘1’)_2 K_1(/®(®+2x))
b e — 7, K_%\/\II(CI)—|—2a:)
@)= 2ra K_i(,/%( 1 22))
I 1
V2z+@ JE (@ +22)
[ 1
= 2w+<13+2:13—|—<I>
o[\ K,y (Ve
E(X7) =r ( @) K_,(V&¥)

(3.83)

(3.84)

(3.85)

(3.86)

(3.87)

These are results for the inverse Gaussian mixture of type II exponential distribu-

tion.

b) When v :%

W\ [ [\ ? K_1\/¥(®+2z)
f(w):( <I>) ( v ) K, (V39)
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Remark 3.1. : The Bessel function for the type II exponential Reciprocal inverse

Gaussian mizture is in the form

K

/P (P 4+ 2x)

and yet the result above is in the form

N =

K

7

(P4 2x)

There is therefore need to interchange the parameters W and ® in the general

formula.

So we now have

- \/5 2 [ faarw) ? K_1\/®(¥+22)
F@)=1\g 3 K, (V%)
_(\/a)( mw)% Ky \/2(¥ + 22)
)\ P ( 7, )% o—VET
2vV/3¥
:<2:)>2 e\/ﬁ( 2””;‘1') ) K1\/®(¥ +22)

Similarly in the survival function ® and ¥ are interchanged

&\ [ ot %K%\/@(‘IHL%)
S(w):( @) (\/ o ) K, (VT®)

1

— <2:)>2 VT ( Qw;q’) K1 (\/®(¥ +22))

h) = (g
TN — ) v ' KT"'%( ve)
E(X")=r! ( (IJ) K%( T9)
1 r+3
— ! <2;I)> eVer (\/z) K, 1(V3¥)
[ K3 (VT®)
E(X) P K1 (VT®)
b7 1
Ve ( +\/\1rq>>
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(3.91)



v 1
= \/;4_ > (3.92)

c¢) One of the ranges for the parameters is:

>0 =0 if v>0
>0 =0 2f v>0

and
)\
lim —=1 for v>0
P —-0P
Therefore
v v—1
)\ 2 P Ky_1\/¥ (P +2x
lim f(x)= lim — Tt w1y ¥ )
®—0 ®—0 (1] )\ K, (Vo)
22\ Ky J¥(22)
S \Vw lim g _, o K,(v/®W)
Since
(e o)
/g()\) dr =1
0
i.e.
o v
oo ($>2

1
2

, 22\ W\ Ky_1,/T(2)

o= () (5)

1
EF'U

) z v—1
0 (3 (5) wenime



Put

‘1’226 and v=a«

F@) = 5y B (ﬁ)a_l Kao1\282)
) () e

I‘(a) (M)a fKa 1/28 @)
I‘(a) (ﬁ) Ka 1\/% (3.93)

. v\’ [ o+2\" K,/ ¥(®+22)
o (\/;) (\/T> K,(vV30)

|

@
_ 2z K,\/2¥ x)
V¥ ) limg 0 K, (VD)

Survival function is

=2 __
( v I'v
v K,/ 2¥
[ [¥=\" Kuy20 @)
2 T'v

Put

=28 and v=«

. « Ka(2\/,%)
<Il>l£>no S(a:) =2 (\/'873’) W

:2(\/5_) Ko (2\/Bz) (3.94)

I'(a)
. . \Il Kv—l\/m
lim h(m): lim
&0 -0 \2x+ & KU\/W
_FKv—1V2Wm
2z K \/2\Il:c

Ka 1
\f K, \/B_:c (3.95)
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. N 7 v ' KU+T‘(V CI)‘I’)
gim, BX7) = lim, ! ( <I>> Ko (~/3)
 T+r) 3 (3)

=17Tr. % (%)’U—l-’r T'o

| Fv+7r) 1
=r!
v r
T'v (5)
'T
_rt Matr) (3.96)

g T(a)
These are results of gamma I mixture of type Il exponential distribution

1T 1

p(x)= LTt (3.97)

B T(a)
d) When ¥ =0, v <0
Let

P
lim —=1
v—0 ¥
and
v=—a where a>0
Therefore
v v—1
, _ 7 2z + @ Ky_1,/%(® + 2x)
lim f(x) = lim —
¥ - 0,v=—a v P v Ky(vVo)

L O\ [ 22428\ Koo1/¥(®+22)
=, () (17575) e

) ¥ 0=—a K, (VD)

—ert L Kao1)[¥(2 4 20)

im
¥ —0 Ky(vVo0)

Consider,

K—a—l(m) — 2/0 p(ma—n—1 —YEEED 14 1) o

:1/00 1 6_%(\/2m$¢t+\/2m$@%)dt
2Jo tlatD)+1
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Let

1 dz
dt =

.
3 o 3
- 1 a+1 o 204+® 1
e pr— 1 oo 2+ ® e~ 2 T 1]
K-l \If(<I>—|—2:z;)):2/0 V o S(at1)+1 dz

1 oo [ 2z+a|* e—%[‘I’Z+i2“°;”’]d
:2/0 o Jatn+1 4*

lim K1 (@4 20) = [7 [,/ 222 Rl
Jim, Koo ([¥(@+20) =, [ o St %
B 1 2w_+_@ a—l—l 0o e_2m;|—<1>%d
T2 v /0 z(a+1)+1 o
Let
1 dy
y=— z=— and dz:——2
z Yy Yy
Therefore,

a+1

. B 1 2x + P
Jimy Koo (V¥ (®+22)) =5 NT

r 1 a+1
_ 1 2;v—|—<I) oo (Ot-l-l)—l _ 224-@ y
~2 H v e * dy
1 [ 221" De+1)
T2 2x+P a+l
2 |V o (22£2)
Let
o =283
Therefore,
1 181" ra+1)
. _t xr (8
Jim_ K_a_wm)_z[ 5 ] e

Next, consider

0
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Let,
z dz
t= dt = —
P P
i i
Therefore
1 oo b att v o 1\ dz
— T —a—1 — z+ 5 2
K_a(\/\Il<1>)_2/O ( \D) 2ol =3 (43 1) -
A\
1 b Y oo 1 o
- — — / z_a_l e_f(‘yz+2)dz
2 v 0
Therefore,
1
lim K_o(VI®) == /°° 2ol e—5 14,
¥ -0 2 Jo
Let
1 1 d
y=— z=— and d :——22/
z Yy Yy
1
lim Koo(VI®) =2 /0 vl e~ 3 Ydy
1 T(a)
T 9 [(®\X
2 (3)
Putting ® = 23, we have
. ~— 1T(a)
‘IEII_ISO K—Ot( lIJ‘I)) = 5 1670
Therefore
5w ®) L L { /% att L(at1)
. _ T (z+B)
g Jlim  f@)= ( F3 ) 1T
2 pBo
—a—1 a+1 o
[ |2+8 x+ B af
B B (x+pB)otl
af”
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which is a Pareto II (Lomax) distribution

lim

S(x) =

¥ - 0,v=—«

Let

S(x) =

(+a)

O\’ [ 224+ @\ K,/ (®+2x)
(@) ( N ) K, (V@)

K_o/U(® + 2x)
0 K_o(v/30)

which is a survival function of Pareto II distribution

lim

h(x) =

¥ — 0,v=—«

lim
¥ — 0,v=—«

E(X") =

lim

¥ - 0, v=—«

(

T Ko1,¥(®+22)
20+ K,/ ¥(P+2x)

LI K_q-1,/¥(®+2x)
11m
AP W0 K /U (P 22)

a+1
1 | [2z+® T(a+1)
1 2 [ $\I' } (2m+<§)a+1
2

3]
N[ =

[201® |  T(a)
o (Zm;—q))o"i'l

1 2¢c+P «
2+ U 2x+P
V o 2

lim
¥ - 0, v=—«

lim !
v —0

where & = 23 (3.99)

P

. ( @) Koir (VET)

P

K. (V&T)

K_o(vov)

\I:)r Kr_o(V/30)
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_pt fim Broe(VEY)
w50 Ko (V3W)
=7r! lim K_(a_r)( kd)
U5 0 Ko (V/3U)
%I‘(a—r)_

i
Lt (o)
T INa) 2

=7r!

I'a—r)

" )

(3.100)
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3.5 Mixtures in terms of confluent hyper-geometric function

The following mixing distributions yield mixtures that are in terms of confluent
hyper-geometric function: beta I, beta II, scaled beta, full beta, uniform, Pareto I,
Pareto II and generalized Pareto distributions:

3.5.1 Beta I mixing distribution

Using beta I as the mixing distribution, the exponential-beta [ mixture is con-
structed below and the moments have been obtained.

Ae1(1—x)P-E
B(a, B)

0 < A<1l,a,8>0 (3.101)
The pdf of the mixture is,

Aa_l(l _ )\),6‘—1

1
1 1
=/ e dx
f(x) 0/ 3 Bla.5)
1 1
=~ [ A*2(1-))PL e dA
B
Let,
e A du
— u = ——- and dA —
14+u _ 1+ u)?
Therefore,
_ ®°u a—2 i f—1 —1tug di'u,
" Bap) o/(1+u) SRR (1+u)?
1 ® ua—z ey
- B(CX?,B) 0/ ((1+u)(a—2)+(g_1)+2 € du
et ¥ ) )
=— [ w21 +u) " Ptleu du
B(c, B) O/
Put,
1 dt
t=— " u=—-— and du—=——
u .2
so that

e 7 1 dt
_ t—a+2 1 . —a—ﬁ—i—l —xt o
7@ = Bla, ) 0/ 1+ © e
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/tﬂ Ya4t) @ Prle—t gt

B(a,ﬁ)
But
Y(a;c3x) = T'a )/ta a4 1e gt for a,b,>0
Hence,
21::[‘(/6) i IB ! 2—a—p—-1_-—xt
1) = Blap) /(,F(ﬁ)(1+t) ¢
e TB)
B(a /8) U (B;2—a;sT)
e Lt s o
=e T'(a) ¥ (B;2 —a;x) (3.102)

(2.) The survival function is

1 _ —
/ —%w X 1(1_)\)ﬂ 1

S = d\
(@) B(a, f)
1 1 1
= A1 — AP e X% dA
B(a,B) 0/
Let,
u A du
=— . u=—— and d\= ——
14+u 11— (14+u)?
1 1 14w du
S — a—1 -1 —=—=
(@) B(a,p) /(1+u) (1 'u,) © (1+wu)?
a—1
/ ( = 1 12 € ™ du
B(a B) (14 u)(@—D+(B-1)+
e a—1 —a—08_—Z%
= u* " (14u) e udu
B(a,B) 0/
Put,
1 1 dt
t=— . u=—- and du=——
u t t2
o0
e ”* dt
S — t—a+2 1 a—p_—xt "
® = B | 0D 2
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B—1 a— ,B —xt
B(a’ﬁ) /t (1+¢)" dt

_ —wI‘(/B) 1-a—p-1 e—a:t
~ B(a,h) | F(ﬂ)( 0 “
e F(I?(Z)ﬁ) V(81— asz) (3.103)
Hence,
¥ (B2—asx)
h(z) = TS (3.104)
The rth

moment about zero is,

—x

7 e *I'q
E(X")= [ 2" ——%
0

Blp.g )‘I’(q;2—p;w) dz

I'q

D=1 e~ §(q;2 — pyz) dz
~ B(p,q) /
I'q
=_——— M(e ™" ¥(q;2—p;z);T +1)
B(p,q) ( (

Applying equation (|1.20))

M((e *¥(a;c;x),8) = If‘(ir—i(—ss_—cc_:ll))
s T(B) TE+DI((r+1)—(2-a)+1)
P = Bla, ) T(+r+1)-@—a)+1)
_ T(8) T(a+mI(r+1)
B(a, B) T(a+pg+r)
_, I(@+B) T(a+r)
=r! Fatfir) T(a) (3.105)

Using conditional expectation approach

E(X")=r! E(A")

_ /1 }‘a-l—r—l(]_ _ A)ﬂ_l

Blaf)
_ Bla+1,0)
B(c, B)
, I'a+B) T(a+r)
E(X") =r! Taisis T (3.106)
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and,

)~ _L@+8) Tty
C T(a+8+1) TI(a)

(83

~ (a+8)

(3.107)

3.5.2 Beta II mixing distribution

Using beta II as the mixing distribution, the exponential-beta II mixture is con-
structed below and the moments have been obtained.

Aa—l
B(a, B) (1+X)a+P

The pdf of the mixture is,

g(A) = A>0 a,8>0 (3.108)

)‘a—l
Bla, B) 1+ n)o+8 P

f(=) = Ti ex®
0

1 T1 1 Aa-1
= 7/7 ext __—— __d\
Ba, B) ) A (14+A)ots

Let,
1 dt
A=-— d\ = ——
t t2
Therefore,
1 7 1 dt
— t—a+2 14 = —a—p —xt "
1 o0
=—— [ t7¥Q4t) B etB et gt
B(a, B) 0/
1 0
=— [ Pa+t)y > Pe*dt
B(a, B) 0/
1 o
- 0 t(ﬁ+1)—1(1+t)2—a—ﬁ—2 e—:l:t dt
B(a, §) 0/

_ T(B+1) ® ¢ (B+1)-1
~ B(a, ) T(B+1)
_T(B+1)
~ B(a, B)
_I(B+1)
B B(a7 :3)

V(B+1;2—;x)
2= W (B+1-(2—a)+1;2— (2—a);x)
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_I(B+1)
B B(a, B)

as obtained by Bhattacharya and Holla (1965)

(2.) The survival function is given by
e Ao—1

5(@) :J “* Bla, B) (14 2)et8 P

)‘a—l

“ e ] e

Let,

Therefore,

dt

S(w) = t2

by | e

1
=——— [ P11+t Pe ™ dt
B(a, ﬁ)o/ (41

1 T — —a—p— —x
~ B(a, B)o/tﬁ T
_ I T
B(a, B) ) T(B)
RGN
" B(e, B)

(1_|_t)1—a—ﬂ—1 e—a:t dt

¥ (B;1—a;x)

Hence,
U(B+1;2— a;x)
U(8;1—a;x)

h(z) =8
The r** moment about zero is,

L(8+1)

m Y(B+1;2 —ajx)dx

E(X") = 7033

0
Using the equation (|1.12)

rB+1) 7

2Pt VU (a+ B x)dx
B(a, B) | ( :

E(X") =
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r(B+1)
= B(e, B) M[¥(a+ B,p,z;p+)]
_rB+1) M(a+r)l(a+p—(a+r)l(at+r—a+1)
B(a, B) FNa+p)l'(a+B—a+1)
_T(B+1) (T(a+r)(B—7)I(r+1)
B(a, B) I(a+B)L(B+1)
_ r! (T(a+r)T'(B—7)

3.112
F(@)T(8) G412
Using conditional expectation approach, we have
- oo Aa—I—r—l
B0V = | a5 (v 2
_ B(a +, /3 _ ’I“)
~ B(xp)
r! (T(a+r)T'(B—7)
E(X") = 3.113
R O (R S
and
a
E(X) = ﬁ (3.114)

3.5.3 Scaled beta mixing distribution

Using scaled beta as the mixing distribution, the exponential-scaled beta mixture
is constructed below and the moments have been obtained.

1 A\PT A\9t
Q(A):aB(pq)<a> <1—a> , 0<A<a; p,q,a>0

(3.115)

The pdf of the mixture is,

0= | 5 G (2)

p—1 (o — )\)q—l
= e
a B(p,q) J A aptd=2

«

— AP=2 (= A)T 1 e X dA

>

dA

Let,

1
A=—- . dA=—— and t=— (3.116)
t A



Therefore,

f(a) 1 7 1 (at—1)7"1 . dt
r) = e P
avta—1 B(p,q) | tP=2  ta71 t2
1 7(at—1)q—1 Lt g,
= e
apbta—1 B(p’ q) ] tp+a—1
Next, let
d
at=y . t:g and dt:—y
o o
Therefore,
f( ) 1 70 (y_ 1)q_1 —Zy dy
x) = oY 7
aPt4-1 B(p,q) / <E>p+q—1 «
1 Ty—1)91t .
_ (-1 ey dy
aB(p,q) | yrtat
Put,
z=y—1 . y=142z and dy=dz
Therefore,
1 s Zq_l x
_ —Z(1+=2) d
x) = e «a z
7@ a B(p,q) 0/ (1+ 2z)pta—t

291

1 - .
—a(1+2) 4
a B(p,q) 0/ (1+z)pta1© ©

_z oo
= / 217114 2)2 P17 ema? dz
a B(p,q) |

Using the equation (|1.12)

f@ =T ()T w2 p)2- o)
e al(p+q) fz\p! T
) (a> ‘I’(p+q—1,'p,a)
_Tp+q) /z\P-1 & z
= al(p) (a> e ‘I’(p-f-q—l,p,a)
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a result obtained by Bhattacharya (1966) using Riemann-Loiuville integral.

The survival function is,

V\H

S(x) = e

o [5G (=)

1 f s AP~L (o — A)a-1
= — e
a B(p,q) | apta=2

1 7 "
= AP (a—A)TTe X dA
aPt1-1 B(p,q) 0/ ( )'e

Using the substitution (3.116]),

8

dA\

>’

1 dt 1
A=— d\=—— and t=—
t t2
Therefore,
1 T 1 (at—1)9"t __dt
S(x) = / -
a1 B(p,g) | w1 gl 2
1 T (at—1)971
= / (a ) e %t dt
aPti—1 B(p,q) / tP+a
Next, let
Y dt
at=y .. t== and dt=—
a «a
Therefore,
1 Ty—1)t . d
S(e) = [ e Y
arte~1 B(p,q) (2)"™ o
1 a
—1)9-1 "
_ / W=D 2y 4,
aB(p,q) |  yPHd
Put,
z=y—1 . y=142z and dy=dz
Therefore,
1 ® Zq_l T
S(xz) = / e~ a(1t2) gz
) B(p,q) j (1+z)ptatt
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291

1
~ B(p,a) 0/ (1+z)pta

e a(1+2) g

z &)

—_°* / 217N (1+2)1 P97 ema% dz
a B(p,q) |
es L (g, 1—p;2)
= q¥(q,1—p;—
B(p,q) ’ e
Therefore,
T v
S@)="PTD 2 g1 p Y
I'(p) o

Using the equation (|1.12)

_I‘(p—|—q) 2 /x\1-(1-p) x
S =Pt (5) T wta-(-p),2- () ])
_TPlp+q) _= (z\P Lz
—We « (a> 'I’(P+Qa1+19aa) (3.117)
Therefore,
h(z) = U(q,2—p;%)

a¥(q,1-p;7)
or

1a¥(pt+qg—1,p;7)
ax U(ptqp+1;E
1 ¥(p+q—1,p;7)
z ¥(pt+q,p+1;E

h(x) =

(3.118)

The 7t moment about zero is,

I'(p+ ¥ x\P—1 4 x
E(Xr) — (p q) 2" <) e « \Il(p-|_q— 1’p;7)dm
aT'(p) «a o
Let,
r=at .. dr=aoadt
T oo
_ (8 (p+q) / tp—|—'r—1 e—t ‘I’(p—l—q— 1,p,t)dt
Lp) |
a" T'(p+q) _
=——— " M[e " ¥(p+q—1,p;t),p+r]
I'(p)
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Applying equation (|1.20))

a"T'(p+q) T'(p+r)(r+1)
I'(p) I'(p+q+7)
: a"I'(p+q) T(p+r)

E(X") =

3.119
I'(p) T(p+aqg+r) (3119
Using conditional expectation approach,
lo” - A qg—1
ot < () (12
aB(p, a) e
@ pt+r—1 A\ 91
“area ] o) ()@
aB(p, )0 o
r+1
—_* / P (1 — )71 gt
a B(p, q)
a'T'(p+r) T(p+q)
I'(p) T(p+q+r)
r r
B(X") = rlor LPTD _Tp+r) (3.120)
I'(p) T(p+a+r)
and,
E(X)=a -2 (3.121)
pP+q

3.5.4 Full beta mixing distribution

Kempton (1975) mixed gamma I distribution with gamma II distribution to obtain
what he called Full beta model given by

o

P
gA) = / A gma )\p_l.i e 5 a? ' da
I'(p) b1Tq
Al T(p+gq)
I'(p) Tqb? (A+ %)p"‘q
_ bl T(p+q)
= T(p) Tq b7 (14 Ab)p+a
bP A\P—1
~ B(p,q) (1+Ab)r+a
The pdf of the mixture is,

A>0; p,g,b>0 (3.122)

o \p—2 e—%w
T = B(p, q) O/ @+ onpres P
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® \p—2 e—% T
dA
q) 0/ (L4-bX)Pta

B(p,
Let,
1 dt
A= d\ =
t
o0
tqe wt
)= 50 | ot
Put,
t=0>bz dt = bdz
fay = b [
xr) = zZ
B(p, q) ; (1+z)Pta
bl'(q+1)
=———-VY(q+1;2—p;bx)
B(p, q)

Using the equation (|1.12])

V(a,c;x) =2 ¥(1+a—c,2—c;x)

f(x) =

The survival function is,

bPT'(q+1)
B(p,

) P10 (p + q; p; bx)
q

bP T aAp—leg—x=
S(z) = /
B(p, q) } (1+bA)ptd
bP 7’ AP~le=x@
= d\
B(p, q) ; (14+bX)rta
Let,
1 dt
A== d\ = ——
t t2
( ) bP oo $a—1 ot
S(x /
B(p,q) | (t+bprH
Put,
t=">bz dt = bdz
1 o0 »3—1 o—bxz
S(x) = dz
B(p, q) j (1+z)rtd
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I'q

= ¥(g;1—p;bx
B(p, q) ( )
Using the equation (|1.12)
bP T
S(z) = ¥rivtq xP¥(p+q;p+1;bx) (3.124)
I'(p)
v 1,2 —p;b
h(z) = bq la+1,2-p;ba) (3.125)
¥(q,1—p;bx)
or
v ;P b
hz) = 1 YT apibe) (3.126)
x ¥(p+q;p+1;bx)

The 7" moment about zero is,

bP T 1) 7
E(XT)Zﬁ / " TP~ (p + q; p; bx)
B(p, q) }
Let,
d
y=bx .. wzg and dm:—y
b b
bPT(g+1) T ry\ptr-1 dy
E(X")=—7—— () U(p+q, p;y) —
B(p,q) b ’ b

0

bPT(g+1) 1 7’ A
= yPT" T W (p+q, p; y) dy
B(p,q) bp—}—r ) 9 b
I'(g+1) _
= m yPtr1 ¥(p+aq, p; y) dy
9
0

Applying equation ((1.19))

I'(g+1) T'(p+r) T(p+q—p—7)T(p+r—p+1)
b" B(p,q) T'(p+q) T'(p+q—p+1)
_r'T(p+r)T(g—r)

b B(p,q)T(p+q)

_:!B(p—l—’r,q—r)

b B(pq)

E(X") =

(3.127)

and,

FX) = b B(p,q)

(3.128)

146



3.5.5 Uniform mixing distribution

In this section we shall use the following Lemma

Lemma 3.2.

oo
/ y e Vdy=e*¥(1,1;z)
T

Proof 3.1. .

From (11,

xo
¥(1,1;2) =/(1+t)—1 et dt
0
Let
z dz
z=xt . t=— and dt=—
x T
i z dz
¥(1,1;z) :/(1+f)—1 e 2
4 T x
o0
:/(m—l—z)_l e “dz
0
Let
y=x+z .. z=y—x and dz=dy

o0
¥(1l,1;2) = / y e 07 gy
X
o0
=e” / y e Ydy
T
o0
e *U(1,1;x) :/ yleYdy
T
The uniform mixing distribution is given by
1
gA)=——— a<A<p

(B—a)

Therefore,

1

5.
f(;c)za/)\e e
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(B—a)
Let,
t—l )\_1 d\ — dt
A T T T e
17 dt
f@) =G [t )
_ 1 7 wtﬂ
aCE VAL
B
L2
= tle ™ dt
oo |
B
Let,
y==xt t:g:dt:—@
x x
I S VIR
f@ = [ D7
B
1 o
%
:Bl {/ yleV dy—/ y e ¥Ydy (3.129)
—«
: :
By Lemma
1 _z x =z x
f(m):(ﬂ_a) {e ﬂlIl(l;l;B)—e a\p(l,l,a)} (3.130)

The r** moment about zero is,

B(X") = (gia) {/ 2" e s ‘I’(l;l;;) —/ z"e"a \I’(l;l;Z)}
0 0

Let



Put

x =Py and dx = [(dy

I (By)" e”¥ ¥(151;y)Bdy

|

r+1

I
@

y e Y U (1;1;y)dy

=g [ YUt eV W(1515y)dy

Applying equation (|1.19)),

'r+1)T(r+1—-14+1)
T(1+r+1—1+1)
I'(r+1)T(r+1)

Il — ,BT+1

=p T(r+2)
r! g1
- r+1
Similarly
I, :/ x" e a \Il(l;l;z)dw
(:"! a1
- r+1
E(X") = (ﬂ_la) {1 — Iz}
1 r! gL el artl
:(,B—a) { r+1  r+1 }

rl /Br+1_ar+1
_'r—l—l B —«

Using conditional expectation approach, we have

(3.131)

E(X") =r! E(A")

7! A
a /X“ dX
«
r! Al
 B—a r—i—l'a
rl ,3T+1—O£T+1

:'r—|—1 B—«
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B(X)= 3 B[1+3]

1
:i(ﬂ*‘a)
Putting,
a=0—-0 and B=0+90
! 0+6)r+tl — (6 —8)rt!
pxny o T 09 —(0-0)
r+1 (046)—(0—9)
! 0+6)rtl — (6 —8)rt?
_ ot (69 =9 (3.132)
r4+1 20
and
0+6)2—(0—6)2
E(X):( +9) ( ) (3.133)

20

These results for the special case of 8 and a were obtained by Bhattacharya and
Holla (1965)

3.5.6 Pareto I mixing distribution

Using Pareto I as the mixing distribution, the exponential-Pareto I mixture is
constructed below and the moments have been obtained.

c b
which Willmot (1993) calls the shifted Pareto distribution.

The pdf of the mixture is,

oo

1
f(z) = cb / AT e dA
b
Let,
1 dt
A=- o dr=-—"
¢ 2
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1

b
=cb° / tlet)—1 g—at gy

o b 7(c+1
W

incomplete gamma in terms of hyper-geometric function gives

f(z) = cclfl (“’>c+1

x
1F1(c—|—1;c—|—2;—3)

b c+1
¢ 1 R(etletra-?)
T bet1! nerbers—y
o
S(x) = [ rtar (3.135)
€ 7OF( et 2—ydt
= — C ;C ;_7
b(c+1) 7 b

c T} zletH-1 (1 z)eD—(ct)-1 32
:7/ / dZ ; dt
b(c+1) J |J B(c+1,(c+2)—(c+1)—1)
o)) 1
& t
= Z¢(1—2) e vZ dZ } dt
b(c+1)B(c+1,1) w/ {0/ ( )" e b }
fo’e) 1
I
_ C (C+2) /Zce_%ZdZ dt
b(c+1)I'(c+1) J

1 [e’)
/{/e bzdt}chZ
0

x

c~\n

o0
—bt] Z¢dZ

xr

c-\o
N\

e~ t% 7€ dZ

[[-2

S e

Z e 52 dz

|
o

)
/

Il
o

c—l (1 _ Z)(c—l—l)—c—l e—%Z dz

zc—1 (1 _ Z)C—C+1—1 e—%Z dz

I
o

o\i—‘ O\n—l
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Zc—l

S(x) =c B(c,(c —c — z)(et)—e1 =52
(@) = ¢ B(e, (e+1) >0/B(c,(c+1)_c) (1-2) dz
=c B(c,1) ;1F1(C;c+1;—:£)
:I‘?f(-:)l)lFl(C;C—i_l;_:ll):)

T
= F]_(C;C—l— 1; —E)

¢  1Fi(et+le+25—F)
b(c+1) 1Fi(c;e+1;—7%)

The 7" moment about zero is,

(3.136)

E(X") = 70 z" f(x) dx

=0
o)

/ r_C Fi(etLie+2-2)d
T T ct+lie+25—-)dx
. bletn T b

=

- / " Fi(ct e+ 2%—2)d
Tbetrn) J T RETEOTET A

0 L ple1)—1 (1 _ g)(e4+2)—(c+1)—1 ,—Ft
= / / (1= © " dt\de
b(c+1) ) B(c+1,1)

x" 1€ e 5t dt dax

SO

o0

t
/ I dw] t¢ dt
0

SO

I'(r+1)

b

[
Z
/

S o

1
=cb" / T(r+1)tc " 1dt
0
oL

r+1)
c—r

g (3.137)

cC—7T

=cb

Using conditional expectation approach

E(X") =r! E(A")

oo
=t [ X N
- )‘c+1
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oo
=rlebt [ XeTtax
b
A—¢ S
=7r!cb" [ ]
b

r—=cC

'cbc 1 1*°
=r! —
c—r ACTT

cb® 1
c—1r beT

c
=7r!b"

=r!

(3.138)

cC—7T

3.5.7 Pareto II mixing distribution

Using Pareto II as the mixing distribution, the exponential-Pareto II mixture is
constructed below and the moments have been obtained.

o B¢
A = -

The pdf of the mixture is,

A>0 o,8>0 (3.139)

T1 .
f@)=ap® [ e X (A+8) 7" dx
0

1 z
——————— e xd\
X (ot gyt €
Let,
1 1 dt
t=— . A=- and dx\=—— (3.140)
A t t2
7 1 dt
_ « —xt —a—1 7"
f@)=ap /te G+A™ 5
= dt
/(1+ﬂt)a+1
Let,
y=pt - t=Y and di—=-% (3.141)
B B
[ee) ae ﬁy dy
z) = a B
fa} —%y
«a y®e dy

:E ) (Ly)ott
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y* (1+y) " le ¥ dy

Q\Q ™| Q

(a+1)-1
Y 1—(a+1)—1 _—5Y
a—l—l)/r( 1)( +v) e P dy

:(;I‘(a—l—l) \Il(a—{—l,l;g) x>0, a>0,8>0 (3.142)
(2.) The survival function is
e X (A+8)"*1dx

S(x) = a p”

1 1 B
- e
A (A+p)att

I
Q
®

R

Using substitution (3.140

Y

00
1 dt
S — a/ —xt —a—1 7"
@) = [t an

oF pa—1 o—xt

= * | ———dt
Olﬂ 0/(1+/8t)a+1
Using substitution (3.141]),

(1) e ay

(1+y)tt B

a 1

INC)
=al(a) ‘I’(a,O;B)

S(x) = a p”

(1+y)° e 5 dy

=al(a) /

—T(a+1) \I'(a,O;Z)
lI’(oz—|—1,1;%)
al'(a) \Il(a,O;%)
o Y(a+1,15%)

B ¥(a,0;%)

h(z) = gI‘(a +1)

(3.143)

The 7" moment about zero is,

E(X") = / x" (,; I'aa+1) \Il(a—|—1;1;;) dx

=0
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:ZI‘(a—kl)O/a:T lI’(04—|—1;1;;) dx

Let,

= x=pPpu and dxr=pdu

wle I8

E(X") = ST(a+1) /(5u)r U(a+1;1;u) Bdu
0

oo
=al'(a+1) ﬁr/ur Y(a+1;1;u) du
0

= al(a+1)p" / w1 (o +1;15u) du
u=0

= al(a+1) 8" M (¥(a+1;15u);(r+1))

Applying equation (|1.19)
I'(s)T'(a—s)T'(s—c+1)

I'(a)I'(a—c+1)
'r+1)T(a—7r)T(r+1)

M[¥(a;c;x),s] =

M (¥(a+1;1;u);(r+1)) =

IN'Na+1) T'(a+1)

and
SR
= af" ()2 m
= ()2 B F(Fa(;)r) a>r
hence,
B(X) = Ofl

Using conditional expectation approach,

E(X") =r! E(A")
o0 Ar
=rlaf® [ " dx
0/ A+ Bt
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Let

A=pfu - d\=pdu
" o [ (Bu)"
E(X")=rlap O/ﬂa+1 (ot P

=rlapg” du

u

| G
w1

(1 + u) (r+1)—(r+1)+a+1

=rlap”

w(rt1)-1
/ (1t w) D)

_a,Brr'B(r—l—l a—r)
I‘(r—i—l) I'a—r)

St T
—a 8" ZF(a )
=g (r)? 0

3.5.8 Generalized Pareto mixing distribution

The generalized Pareto distribution is a gamma-gamma mixture
obtained as follows:

Let us consider a gamma-gamma mixture, where the first gamma
given by

g(A|B) = Ffa) e PPl A>0;0,8>0

The second gamma distribution is

6'0
F(B) = Tu e %% vt B> 0;6,0>0

Therefore the gamma-gamma mixture is

T B _8xya—1 9" 58 qu—1
g(A)—O/F(a)e ATt e g ap

§v N1 0

- _ - at+v—1 _—B(A+6) d
I'(a) Tw 0/6 © A

oY A1 T(a+w)

- T(a)Tv (A4 0d)atv

_ I'(a+v) 5 A1

- T'(a)Tw (A + )tV

A>0a,0 >0

A>0; a,6,v>0
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and it can be

distribution is

(3.146)



(2.) The pdf of the mixture is,

INa+v) 61
F(a)Tv (A+§)atv

fo)= [ Lt
0

_0'T(a+w) P Ale—1)-1 =X
- I'(a)Tw J (A+9)atv

Let,

Therefore,

et dt
tla—1)-1 (% +5)a+v t72

0" TI'(a+v)
f@) = I'a) Tv

e—a:t ta+'v dt

0" T(a+w)
- tla=1)-1 (14 §t)atv ¢2

I'a) Tw

e—mt tv

ovr
_ (a+v) gt
(14 t)tv

I'la) Tw

0\8 0\8 0\8

Let,

d
ot=y .. t=g and dt=—
) )
Therefore,

0" I'(a+v)

e~ Y (%)v dy
(@)= I'la) Tw Kl

(14+y)>tv 4§

_ 0" TI'(a+w) / y’ (1+y) Ve oY
" I(a)Tw o+l

0\8

dy

0" T(a+w) P y? (14y)20-v—1-1 =5y

I'a) Tv ] gvtl
0" I'(a+v)
 I'(a)Tw
v IN(a+w)
T 5 I(a)

I'(v+1) \Il(v—|—1,2—a;§)
'Il('v—|—1,2—a;§)

(3.) The survival function of the mixture is

s(m)——évr(mrv) ooe— A d\
- T'(a)Tw J (A+ )ty

8
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E

}\a—l
(A+ 5)a+v

0" TI'(a+w) v
- (o) Tw 0/

Using the substitution (3.147)),

et dt
ta—1 (%—|—5)a+” t72

0" I'(a+v)
 T'(a)Tw

_ " T'(a+v) —xt gv—1

I'a) Tw

e

dt
(1 + ot)atv

Put,

ot=1y t= and dt:?

Therefore,

co _T ’U—l
" T(a+wv) [ e 5y

S(@) = I'a) Tw

0
D(a+wv) Ty’ e sY

= d
D(e)Tw | (1+g)+ ™

—xt ta+v dt
to—1 (14 6t)aty ¢2

_%y

B F(a+v) ° yv—l (1_|_y)1—6—v—1 e

dy

I') I'v

_ I'a+v)

T'(a) ‘I’(U,l—a;g)

The hazard function is,
T
3 %Oé:;’) VU(v+1,2—a;%)

M e (0,1 -5 %)

v ¥(v+1,2—a5%)
) U(v,1—a;%)

h(x) =

The r** moment about zero is,

E(X") = / «" f(z) da
=0

_ - Tvl"(a—l— v) .
_/ 5 T(a) T(v+1,2— oy
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v I'a+v)

" O(v41,2— ;=) d
5 I(a) v L ETass) ar

=0
Let
jzy r=40y and dxr=ddy
r
E(XT)_B (o) / "y " U(v+1,2—a;y) ddy
0 TI'() 2
r
6" Hato) Yy W (v 41,2 — a3y) dy
F(a) =0

Applying equation
I'Na+v) I'(r+1) T'(v+1—r—-1)T'(r+1—-24+a+1)
') v+ T'(v+1—-24a+1)
I'a+v) I'r+1) T(v—7) I'(a+7)
I'la) I'v+1) I'(v+ )
1 I'(r+1)T(v—7r)T(a+r)
I'la) I'(v+1)

s I'v—r) T'(a+7)

E(X")=v 4"

=vd

=vd"

3.151
T'v o ( )

6. Using conditional expectation approach, we have
E(X")=r! E(A")
ie.

IMa+wv) 6° A1
F'(a)Tv (A+§)atv

E(X") = r! 0/ A"

v a+r—1
:T!é I'a+v) / A
(

I'a) Tw )\—|—6)°‘+”
Let
A=90z . di=ddz
B(xr)=p O Llaty) FomT Tt o

I'a) Tv dotv (14 z)otv

r a—|—r 1
, 0 I'a+v) / ds
I'a) T'v (14 z)atv

" T'(a+v) ® zotr—1
= r! / dZ
I'la) Tw ] (14 z)otrtv—r
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o " T'(a+v)
I'a) T
o " T'(a+v) I'Na+7r)T(v—7)
T I'(a)Tw I'a+v)
, D(a+r) T'(v—")
') Tv

B(a+r,v—r)

=7rlé (3.152)

Special cases of the generalized Pareto

a.) When a = 1,

Equation (|3.146|) becomes

_T(1+wv) 6"
T Tw (A4 )lte
v 6"

T (At o)t

g(A)

which is Pareto II (Lomax) distribution

It is for this reason that it is known as generalized Pareto distribution

b.) When § =1,

Equation (3.146)) becomes

_ I'(a+v) Aa—1
- I'(a)Tv (A+1)atv
)‘a—l
~ B(a,v) (A 1)1+
A>0a,v>0 (3.153)

g(r)

which is beta II distribution

It is for this reason that it is known as generalized beta distribution
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3.6 Concluding remarks

In this chapter, eighteen (18) mixing distributions have been considered, and it is
only the inverse gamma mixing distribution whose mixture is in explicit form.

It has been shown that the generalized inverse Gaussian mixing distribution
nests inverse Gaussian, reciprocal inverse Gaussian, gamma and inverse gamma
distributions. Pareto II (Lomax) and Beta II distributions are special cases of the
Generalized Pareto distribution.

The direct method of obtaining moments using the Mellin transform technique
fails when the mixing distribution is the generalized inverse Gaussian, inverse
Gaussian and reciprocal inverse Gaussian distributions, hence the need for an
alternative approach. The conditional expectation technique has also been used to
verify results obtained using Mellin transform technique.



Chapter 4

CHARACTERIZING POISSON MIXTURES
BY HAZARD FUNCTIONS OF
EXPONENTIAL MIXTURES

Introduction

Motivated by the work of Walhin and Paris (1999), this chapter has defined mixed
Poisson distribution in terms of hazard function of type I exponential mixture.
Examples are given of Hofmann distributions and their associated hazard functions
of exponential mixtures.

The chapter has the following sections: In section 4.2 mixed Poisson distribution
is expressed in terms of Laplace transform. In section 4.3 the mixed Poisson
distribution is expressed in terms of hazard function of exponential mixture.

Section 4.4 discusses infinite divisibility in relation to complete monotocity and
Laplace transform leading to infinite divisible mixed Poisson distribution. Section
4.5 derives compound Poisson distribution in terms of pgfs and recursive form. Sec-
tion 4.6 deals with applications of the models derived to various Parameterizations
of Hoffmann distributions. Hoffman hazard function has been re-parameterized in
section 4.7 and concluding remarks are in section 4.8.

4.2 Mixed Poisson Distribution in Terms of Laplace Transform

Let
pn(t) = prob(Ny =n) (4.1)

where Ny is a discrete random variable, defined as the number of changes in the
time interval [0,¢] and T is the time until the occurrence of the first change.

A mixed Poisson distribution is given as

o0
At)"
pn(t) = / e M (n') g(A)dA n=0,1,2,...

0
e (A
)
n.

E(e
( E((—1)" A" e )

_1)n t’n,
n!

When n = 0, we have
po(t) = E(e™™)
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= La(t) (4.2)

the Laplace transform of the mixing distribution g(\)

Differentiating po(t), n times we get
Py (8) = E[(=1)"(A\)"e™]

_
pu(t) = (-1 " (1)
_ AR _
=(—1) ;LA (1) n=0,1,2,3,... (4.3)
which is the mixed Poisson distribution in terms of the Laplace transform of the
mixing distribution.
4.3 Mixed Poisson Distribution in Terms of the Hazard Function of the

Type | Exponential Mixture

The pdf of a type I exponential mixture is defined by
oo
£(t) :/ Ae A g(A) dA
0
where g(A) is the mixing distribution.

The corresponding survival function is
St)= [ S|A) g(A) dA

e M g(A)dA

I
~

A(?) (4.4)

Remark 4.1. The survival function of a type I exponential mixture is the Laplace
transform of the mixing distribution.

The hazard function of the exponential mixture is given by

1 ds

" S(t) dt
0
L)

(4.5)
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Let,

o(t) = In(LA(t))
Therefore,
PN L'(t)
A 10)
= h(t) (4.6)
Therefore,
po(t) = La(t))
— eIn La(t)

1
e_In( LA®) )

SR (4.7)
where,
t
[ h(z) d=
po(t) = eo
and,
t
o(t) = — / h(z) da (4.8)
0

is the cumulative or integrated hazard function.

Using [4.7 and [4.8] po(t) can be obtained and then use formula [4.3]to derive pn(t).

The pgf of the mixed Poisson distribution is given by

H(s,t) = io pn(t) s
oo °© B (At)n "
ngo[o/ e T g(A) dA] s

ERVERS ()\:Ls')" g(A) dX

0\8 0\8

e
n=0

e M eAts g(A) dX
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:/ e—)\t(l—s) g()‘) d\
0

= La(t—ts)
LS NG

H(s,t) = e 9(t—t9) (4.9)

which is the survival function of the exponential mixture at time t — ts.

Remark 4.2. Given a hazard function of a type I exponential mizture, the pgf of
the mized Poisson distribution is the survival function of the exponential mizrture
at ttme t — ts.

The mean and variance of the mixed Poisson distribution can hence be obtained
as follows:

H,(Sat) = ZS H(s,t)
=t0'(t —ts) H(s,t)
H" (s,t) =t?[(6'(t —ts))%? — 0" (t —ts)] H(s,t)] (4.10)
Then,

H(1,t)=1, H'(1,t)=t6'(0) and H"(1,t) =t*[6(0)]> —6"(0)]
Elz(t)] = H'(1,1)

=t6(0) (4.11)
Var[z(t)] = H"(1,t) + H'(1,t) — (H'(1,t))?
=t6'(0) —t2 6”(0) (4.12)

4.4 Infinite Divisibility

Definition 4.1 (Infinite Divisibility (Karlis and Xekalaki, 2005)). A random
variable X is said to have an infinitely divisible distribution, if its characteristic
function W (t) can be written in the form:

W(t) = [Ta(t)]"

where Wy (t) is a characteristic function for any n =1,2,3,....

In other words a distribution is infinitely divisible if it can be written as the
distribution of the sum of an arbitrary number n of independently and identically
distributed random variables.

Feller (1968) has defined infinite divisibility in terms of probability generating
function as follows:

"A probability generating function h is called infinitely divisible if for each
positive integer n the n*® root /A is again a probability generating function"
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Definition 4.2 (Completely Monotonicity). A function ¥ on [0,00] is completely
monotone if it possesses derivatives ™) of all orders and

(—)* ™)y >0, t>0

The link between infinite divisibility and complete monotonicity is given in the
following propositions.

Proposition 4.1 (Feller, 1971, Vol II, Chapter XIII). The function w is the
Laplace transform of an infinitely divisible probability distribution iff

w=e
where W has a completely monotone derivative and ¥(0) =0
Remark 4.3. : In our situation
Po(t) = B(e™*) = La(t) (4.13)
and
Po(t) = e 9®)
La(t) = e~

La(0) = e 9@

i.e

and

0(0) =0

The derivative of 8(t) is 6’(t) = h(t) which is the hazard function of an
exponential mixture.

Hesselager et. al. (1998) have stated the following theorem: "A distribution
with a completely monotone hazard function is a mixed exponential distribution".

Remark 4.4. The theorem implies that a hazard function of an exponential mizture
is completely monotone.

According to proposition 4.1, 8’ (t) = h(t) is completely monotone and 8(0) = 0
Therefore
Po(t) = La(t)
is the Laplace transform of an infinitely divisible distribution.

Thus the mixing distribution, g(A) is infinitely divisible.
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Proposition 4.2 (Maceda, 1948). If in a Poisson mizture the mizing distribution
is infinitely divisible, the resulting mixture is also infinitely divisible.

Proposition 4.3 (Feller, 1968; Ospina and Gerbes, 1987). Any discrete infinitely
divisible distribution can arise as a compound Poisson distribution.

From the above discussion we have the following:

Theorem 4.1. Mixed Poisson distributions expressed in terms of Laplace trans-
forms can also be expressed in terms of hazard functions of exponential mixtures.
Such Poisson mixtures are infinitely divisible and hence are compound Poisson
distributions.

4.5 Compound Poisson Distribution
Let

Z(t) = Znw
=X1+ X2+ + XN (4.14)

where XIs are iid random variables and N(t), is also a random variable independent
of XiS

Then Zny) is said to have a compound Poisson distribution.

4.5.1 Compound Poisson Distribution in terms of pgf
Let
H(s,t) = E[s?N®)]
o0
=Y P,(t) s"
n=0

= the pgf of ZN(t))
F(s,t) = E(sV®)

=> f;¢
7=0
= the pgf of N (t)
and,
G(s,t) = E(s%%)
= Z gx(t) s*
=0

= the pgf of X
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It can be proved that
H(s,t) = F|G(s,t)] (4.15)
If N(t) is Poisson with parameter 6(t), then

H(s,t) = e 9®O1-G(s1)] (4.16)

4.5.2 The Distribution of iid Random Variables of the Compound Pois-
son Distribution

Since an infinitely divisible mixed Poisson distribution is also a compound Poisson

distribution, we equate their pgfs given in and ie
o—0(t—ts) _ ,—0()[1-G(s.1)]
0(t—ts)

G(s,t) =1— 0

(4.17)

which is the probability generating function of iid random variables expressed in
terms of the cumulative hazard function of the exponential mixture.

The corresponding probability mass functions, which are the coefficients of G(s,t)
obtained by differentiation method, are:

go(t) =0 (4.18)

g(t) = G(s,t)|s=0 for x=1,2,3,... (4.19)

x! ds®

4.5.3 Compound Poisson Distribution in Recursive Form

By differentiating equation [4.16]
H'(s,t) = 0(t) G (s,t) H(s,t) (4.20)
G (s,t) = CZ G(s,t)

By definition

o o) oo

H(s,t) = Z pn(t) s .. H/(Sat) = Z n pp(t) s"
n=0 n=1
(4.21)
G(s,t) = > gz(t)s® .. G'(s,t) = > xga(t) s®1
=0 r=1
By comparing to we have
> npn(t) s"1 = 0(t) G'(s,t) H(s,t)
n=1
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= 6(t) [il x go(t) s“"_l] iopn(t) s"

= 6(t) io: x g (t) s®1 i:o: Pn—z(t) s"7%

8
iy

T go(t) Pn_o(t) st

I
=

(18
(]38

8
Il
e
S
|
8

T gx (t) pn—m(t) s" 1

I
2

(18
[]8

rz=1 n=1
S npat)s" T =01) Y Y 2 gu(t) pr_a(t) "
n=1 n=1 x=1
Y npp(t)s"=0(t) > D xgo(t) pna(t)s”
n=1 n=1 =1
Y. npn(t)s" =3 [0(t) > Tga(t) Pn-o(t)] s”
n=1 n=1 r=1
npn(t) = O(t) Z r gw(t) pn—az(t)
r=1
Since x cannot exceed n,
npn(t) =0(t) > xgz(t) Pnolt) n=1,2,3,... (4.22)
r=1
Replace n with n+1
(n+1)
(’I’L + 1) D(n+1) (t) = O(t) Z € g:c(t) p(n—i—l)—m(t) n=0,1,2,3,...
=1
(4.23)
Putx=1+1
(n+1) pny1(t) = 0(t) > (i+1) gita1(t) Pn—i(t)n =0,1,2,...
=0
(4.24)

This is the compound Poisson distribution expressed recursively in terms of the pmf
of the iid random variables and the hazard function of the exponential mixture.

Equation can be used to obtain pp (t) iteratively and also obtain the mean
and the variance of the mixed Poisson distribution.
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4.5.4 Panjer’s Recursive Model
Let

b
pn:(a—l—;pn_l); n=1,2,3,...

where a and b are real numbers.

This recursive model is known as Panjer’s recursive model of class zero denoted by
(a,b,0) class of distributions.

We can extend it to
b
pn=(a+5pn_1); n=2,3,...
which is Panjer’s (a,b,1) class.

In general, we have

b
pn=(a—|—ﬁpn—1); n=k+1,k+2,... (4.25)
which is Panjer’s (a, b, k) class for k =0,1,2,...
Some probability mass functions in this paper take Panjer’s recursive form.

Remark 4.5. In actuarial literature, this recursive relation is due to the work of
Panjer (1981). In statistical literature, however, this relation had been published by
Katz (1965) based on his PhD dissertation of 1945.

4.6 Hofmann Hazard Function

A class of mixed Poisson distributions known as Hofmann distribution has been
described by Walhin and Paris (1999) as:

and,
tn
pn(t) = (—1)"—pg (t) n=12,...
n!
where,
0’(t):(1+pt)a for p>0,c>0anda>0 (4.26)
c
and,
0(0)=0
(4.27)

Remark 4.6. From |f.0, 0'(t) is a hazard function of an exponential mizture.
We shall refer to it as Hofmann hazard function of an exponential mixture; i.e

b
0'(t) =h(t) = m for p>0,c>0anda>0 (4.28)

We will now consider various Parameterizations of a
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4.6.1 When the hazard function in 1) issuchthat a=0, p>0 and c >
0,

0'(t) = h(t)
=p, a constant (4.29)

which is the hazard function of the exponential distribution with parameter p

Therefore,
RM(t) =0
dn
(—1)" - h(t) = (~1)" h(t) > 0

Therefore h(t) is completely monotone.

The cumulative hazard function is therefore

t
0(t)=p | dx
/
=pt (4.30)
implying that
0(t—ts)=pt(1l—s)
6(0) =0, '(0)=p and 0”7(0)=0
po(t) = e )
= e—pt
Po(t) = (1) pe™™
Py (t) = (=1)* p* 7P
Py (1) = (—1)" p" e
6 () = (—1)" p" e (4.31)

Therefore,

pu(t) = (~1)" L p()
e P (pt)"

- (4.32)

pn(t) =
which is a Poisson distribution with parameter pt.

H(s,t) = e~ 0 (t—ts)
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— e Pt(1-9) (4.33)

which is the pgf of Poisson distribution with parameter pt

Therefore,
E[z(t)] = pt and Var(zn@e)) = pt (4.34)

Since 8(0) = 0 and h(t) = 0’ (t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.

The corresponding infinitely divisible mixed Poisson distribution is a compound
Poisson distribution whose iid random variables have pgf given by

pt (1—3s)

G(s,t)=1—
pt

=s
The coefficients of G(s,t) are

g=(t) =1 z=1
g=(t) =0 z#1

From [4.22] the compound Poisson distribution in recursive form is

n pa(t) = 6() i 2 go(t) Pr_alt)

n pp(t) = 0(t) pr—1(t) for n=1,2,3... (4.35)

By iteration technique

For n=1

p1(t) = 6(t) po(?)

For n=2
2 pa(t) = 0(1) pi()
= (0)? po(t)
patt) = O o
For n=3
3 p3(t) = 0(t) p2(1)
= OO
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(6(1))°

p3(t) = 31 po(t)
By induction, assume it is true for n — 1
(o))"
no1(t) = t
Pn-1(t) (n— 1) Po(t)
From (4.35))
o)
n(t) = 0(t t
n pn(t) =6(t) (= 1! po(t)
(6(t)"
pn(t) = po(t)
(n)!
_ 0O o
(n)!
and,
e Pt (pt)™
palty = <0,
n!
which is a Poisson with parameter pt
Moments
E(Z(t))) = >_ npnlt)
n=1
Sum equation (4.35)) over m; that is
> npa(t)= > 0(t) pn-i(?t)
n=1 n=1

0o
=pt Z pn—l(t)
n=1

E(Z(t))) =6(t) = pt
Multiply (4.35) by n and then sum the result over n; that is

BZ®) = n* pu(t)

= il n n pp(t)
=3 nlptpaa®]=pt 3 [n—1+1] [p1(t)
n=1 n=1
=pt i [n—1] pp_1(t) +pt i Pn—1(t)
n=1 n=1
=pt E(Z(t))) +pt

E(Z(t))* = (pt)* +pt
Var(Z(t)) = E(Z(t))* — (E(Z(t))* = pt
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4.6.2 When the hazard function in (4.26|) is such that a =1, p=¢ >0

D
14 pt

which is a hazard function of Pareto (exponential-exponential) distribution, with
parameters p and p.

h(t) =0'(t) =

(4.38)

Therefore,
W (t) = —p® (14pt)~>

B(t) = (=1)" p* (14 pt)?
ROY(8) = (=1)" p"HT (14 pt) =D

n

d
—1)" — h(t)=(—1)" h"™(t) >0
(~1)" S h() = (~1)" A () >
Therefore h(t) is completely monotone.

The cumulative hazard function is

= (}n(l + pt) (4.39)
Implying that,
0(t —ts) = In(1+ pt — pts) (4.40)
Therefore,

0(0)=0, 6'0)=p and 6”(0)=—p?
1

1+ pt
Po(t) = (=1)' (p)' (1+pt)~2
po(t) = (=1)* (p)? (1 +pt)~°

Py’ () = (=1 (p)* (1+pt)~*

pS" (t) = (—1)" nl p™ (1+pt) "~}

po(t) = e~/ —

Therefore,

pt 1
t) = n n=0,1,2,3,... 4.41
()= ()" (1.41)

which is a geometric(Poisson-exponential) distribution with parameter § —I:;t
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The pgf is given by

H(s,t) = (11&) (4.42)
14-pt

which is the pgf of a geometric distribution with parameter ﬁ

Therefore,
E[z(t) = pt and Var(Z(t)) = pt+ (pt)?

Since 8(0) = 0 and h(t) = 6’ (t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.
The corresponding infinitely divisible mixed Poisson distribution is a compound

Poisson distribution whose iid random variables have pgf given by

In(1+ pt—pts))

G(s,t) =1— 4.43
By power series expansion,
G(s,t) = > S
,t) =
r=1 — L In (]_ — 1+pt)
(1+pt)m
go(t) = —— 1 (1.44)
—x In(1— 1+pt)
which is logarithmic series distribution with parameter ﬁpt.
By the differentiation method, we have
x—1)! t t
Go(syt)y = DL (P o PP
In(1+pt) 1+ pt 1+ pt
(1+pt)a:
gz(t) = n z=1,2...
—Z (1 - 1+pt)
g=(t) x—1 pt  pt (1 1)
ge_1(t)  x 14pt 1+pt x
b
9z(t) = (a’+;) 9a—1() for ©=2,3,...
which is Panjer’s recursive model with
i t
a=_"> and P (4.45)
1+pt 1+ pt
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The compound Poisson distribution in recursive form is:

n pn(t) = In(1+ pt) Z M Pr—z(t)

In(1+pt)
n pp(t) = Z ( ) pn—z(t)for = =2,3,... (4.46)
1—|— t
For n=1,
t) = t
pi(t)=p 11t po(t)
For n=2,
_ 2
pa(t) = (1) Pol)
By induction, assume it is true for n — 1
_ n—1
paa(®) = ()" pal®)
1
where t) = e (4Pt —
Po(t) 1+ pt
()= ()t
Pt =4 —|—t 1 1 pt
1
= n =0,1,2,...
pn(t) = (1+t) 15 pt 1,2,
(4.47)
which is the geometric distribution with parameter ;57— +pt
Moments
Sum the recursive relation (4.46[) over n; thus
S L
> npa(t) = —
1
n=1 1+pt
E(Z(t)) =pt (4.48)

Next, multiply the recursive relation (4.46)) by n and then sum the result over n;
thus

E(Z(t))? = (pt)*+pt+(pt)> and  Var(Z(t)) = pt+ (pt)®
(4.49)

176



4.6.3 When the hazard function in |) is such that a =1, c¢c=1
and p >0

0'(t) = h(t)
P

- 4.50
T+ (4.50)

which is a hazard function of Pareto (exponential-gamma) distribution, with
parameters p and 1.

Therefore,

W(t) = —p' (1+pt)~>
h'(t) = (=1)* p* (1 +pt)~>
and  hM(t) = (=1)" p" (14 pt)~+D

(~1)" 5 () = (~1)" (1) > 0

Therefore h(t) is completely monotone.

The cumulative hazard function is

P
o(t) = po/ ita dx
=pIn(1+t) (4.51)
implying that,
O(t—ts)=pIn(l+t—ts) (4.52)
Therefore,

0(0) =0, ’(0)=p and 0”7(0)=-—p
po(t) = e ?®

— e—pIn(l—i—t)

=14+t)7?
po() = (~1) p (147"

o pI'(p) —p—1

=1 BB )
T(p+1)

I'(p)

" _ I'(p+2) —p—
Py (t) = (—1)° T (14t)~P2
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L'(p+n)

and hence p(()n) (t) =(—1)" Tw) (14¢t)~P "
=(—1)" n! W (14¢t)~P "
v a1

pu(t) = (-1)" 1 (=1)" n (14¢)~P7"

" n!(p—1)!

n

pn(t)=<p+"_1>( Pyl for n=0,1,2,3,...

1+t 1+t
(4.53)

which is a negative binomial (Poisson-gamma) distribution with parameters p and
1

1+t

The pgf is given by

H(s,t) = e 0(t—ts)
— e PIn (14+t—ts)
1
—(—_— __\p
( 1+t— ts)
1

1+t
=) (4.54)
1+t

1

which is the pgf of a negative binomial distribution with parameters p and 7 +t

E[z(t)] =t 6'(0)
=pt
Var(Z(t)) =t 6'(0)—t>6"(0)
=tp+t’p
= pt + pt? (4.55)

Since 8(0) = 0 and h(t) = 0’ (t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.

The corresponding infinitely divisible mixed Poisson distribution is a compound
Poisson distribution whose iid random variables have pgf given by

In(14t—ts))

Glet)=1=— aty

(4.56)

By power series expansion

In[(14+)(1 - 1% 9)
In(141¢)

G(s,t)=1—
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B I'n(l-l—t)-l-I’n(l 1+t s) —In(1- 1+t s)

- In(1+t) ~ In(1+1)

_oo 1 (1+t)$ Rl (%-H)m
(5)°

t) = =1.,2.3,... (4.57
ga:() —;BIn(l—lL_i_t) for =« 949Dy ( )

which is logarithmic series distribution with parameter 17 + ;

By the differentiation method, we have

a L
G/ (s,t) = — G(s,t) = — %
’ ds (1—|—t) 1— %
0G(s,t) _ g (1- -
0s In(1+1t) 1+t
82 G(S7t) %—}—t ( )( ) -2
O s2 In(1+t) 1—|—t 1+t
1 2 t —2
" In(1+t) (1—|—t) =¥
83G’(S,t) 2 t _
. (-t
0s In(l—}—t) 1—|—t 1—|—t
' G(s,t) 3 t _
o= () e
s In(1+t) 1+t 1—|—t
0% G(s,t) (z—1)! ( t e (1 5)-
dst  In(l+t) 1+t 1+t
1 0* G(s,t 1 (xz—1)! t
gw(t) P 7()|s=0: - ( ) ):c
! 0 s® x! In(1+t) 1+t
11 t
=— (—)
xz In(1+t) 14+t
R CE S A ) L
:vIn(l—l—t) $1n1+t
gz(t) -1 t (1 1)
gz—1(t) x 14+t 1+t T
b
gz(t) = (a+ ;) gz—1(t) Jor x=2,3,... (4.58)
which is Panjer’s recursive model with
t t
= — and b=———
1+t 1+t



The compound Poisson distribution in recursive form is:

By iteration

For n=1

For n=2

For n=3

But

Therefore,

R Pa®) =0(t) 3 @ gu(t) Prc(®)

r=1

n _t x
—pIn(l+t) 3 33(1+t)
=1

—, zIn(1+1) Pr-a(t)

n t
npp(t)=p ) (m)w Pn—z(t) for n=1,2,3,...
r=1
(4.59)

pi(t)=p po(t)

1+t

2
2p2(t) =0(t) > xge(t) pa—o(t)

rx=1

=0(t) g1(t) p1(t) +26(t) g2(t) po(t)

2pa(t) =p —— pr(t) 4P (— )2 pot) = (— )2 [p (p+ 1)po(t)

t
1+t 1+t 1+t

P20 = () 0o = (P1) () o)

3
3p3(t) =0(t) > xge(t) ps_o(t)

rx=1

= 0(t) g1(t) pa(t) +20(t) g2(t) p1(t)+36(2) gs(t) po(t)

3pa®) =p 1, P20+ ()P PO +p (1) pol®)

1+t

t +1 t 5 t ., t
—r (73 G @ )

.
(P31 (PTG

: po(t)] +

sma0) =p (P 52) ()% molo)
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p(p+2)(p+1)  t (p+2)(p+1)p , t
= 51 (1+t)3po(t)= 51 (1_|_t)3po
(p+2)(p+1)p( t 1 po(t)

ps(t) = 3! 1+t

+2) ot
= ("3%) P m

By induction, assume that it is true for n — 1

Pra(t) = (p+"‘2) Ly po(t)

n—1 ) ‘114
nal) =P 3 ()" pacst®
—plitpn 1<)+<1—+t>2pn SORSRE:
()" 1)+ ()" po(®)
:p[(p2ﬁ12)+(pi’_‘23)+---+
(PE3+ (31 + (PTG o
e
IR (P m
e A N (DA PR LOn) TELR P
o ((PEm T (P ) (P T G e
=l (PE )+ (PR NG
:Lp (p+n—1)(p+n (j)_l)('p+n—(n—1))(p) (1;)%
— (") e
e N N et (160)

which is the negative binomial distribution with parameters p and 17+ +t
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The negative binomial distribution is a special example of a mixed Poisson dis-
tribution. When an aggregate claims variable zy =Y1 +Ya2+.....4+ YN has a
mixed Poisson distribution, the number of claims IN follows a Poisson distribution,
but the Poisson parameter A is uncertain. The uncertainty could be due to an
heterogeneity of risks across the insureds in the insurance portfolio (or across
various rating classes). If the information of the risk parameter A can be captured
in a gamma distribution, then the unconditional number of claims in a given fixed
period has a negative binomial distribution.

Moments
Let,
e @]
Mi(t) = ) npn(t)
n=1

and  Ms(t) = io: n? py(t)

Sum equation (4.59)) over n

S npa®=p L 3 (1) et

n t - 0

—P aczz:l (17“) n;w pn—m(t)
" t

=p z_:l (m)m

=T
115
B(2(t)) = pt

E(Z(t))? = Z n? pn(t)
ngo n? pn(t) = Z nnpy(t)=p nz:: [Z (m)w Pn—az(t)]

=P Z (7)58 i [n_m'i'm] pn—:c(t)

1+t &=
—p 3 (1Y 2] pu 0+ 5 @ puna )
=p Z (m)w [Ml(t)-l—m] le(t) Z (m):v_i_p il m
t 1 t 1
= Mlt : + . 2
P M) T 1- PGz 1+t)
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= ppt 1t+t (1+t)+p1t+t (1+1)2
=p* t* + pt(1+1) = (pt)* + pt + pt*
But  E(Z(t)) = My(t) = pt
Var(Z(t)) = Mz(t) — (M1(t))* = (pt)* + pt + pt* — (pt)*

= pt + pt? (4.61)

4.6.4 When the hazard function in |D is such that a =1, p > 0 and
c>0

p
1+ ¢t

0'(t) = h(t) = (4.62)

which is a hazard function of Pareto (exponential-gamma) distribution, with
parameters p and c.

Therefore

K (t)=(-1)' p(c)! (1+ct)7?)

h'(t) = (=1)* p (¢)* (1 +ct) %)

R () = (=1)°p ()’ (1 +et)™)
R (t) = (=1)" p ()" (L+et)~ ")

(~1)" 5 h() = (~1)" (1) > 0

Therefore h(t) is completely monotone.

The cumulative hazard function is

1
1+cx

t
o(t) = p/ de = IC’ In(1+ct) (4.63)
0

implying that,
Ot —ts) = £ In(1+ct — cts) (4.64)
C

Therefore,

68(0)=0, 6'(0)=p and 6"(0)=—pc
Po(t) = e_e(t) — e_% In(14-ct)

po(t) = (14ct)~¢

Ph(t) = (~1) e (14ct) ¢!
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1)

=(-1)c r(®) (1+ct)y~c 1
~ (e e (e £
pg(t) = (—1)%c? F(E(;cf)z) (14ct)~e2
Generally, p{™ ()= (—1)" " F(;(J;)") (1+ct) 6™
0 = (e TR et
pnu):<—1yf:<—nncnnzf;ig:;ﬁ’<1+c@—%m

Ptn—1 c ., 1 | »
n(t) = (¢ ; —0,1,2,...
pa) = (TR G Gt for w
(4.65)

which is a negative binomial (Poisson-gamma) distribution with parameter £ and
1
14ct

The pgf is given by

H(S,t) — e—G(t—ts) — e—% In (1+ct—cts)
1

P
N (1 +ct — cts)
1
2
= a ) (4.66)
1+-ct
which is the pgf of a negative binomial distribution with parameter % and 7 e
E[z(t) =t 6’(0) =t h(0) = tp = pt
Var(Z(t)) =t 6'(0) —t> 0”(0) = tp+t* pc = pt + pct?
(4.67)

Since 8(0) = 0 and h(t) = 0’(t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.

The corresponding infinitely divisible mixed Poisson distribution is a compound
Poisson distribution whose iid random variables have pgf given by

_ 0(t—ts)
G(s,t)=1— W
In(14ct—cts))
 In (1+ct) (4.68)
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By power series expansion

In|(1+ct)(1— s
oty =1 MO EeD (=1 9)
In(1+4+ct)
_ In(1+ct)+In(1—1+Ct s) _ In(1—1+ct s)
In(1+ct) In(1+ct)
_ i 1 (l—i—ct)x i (£5)"
a1 In(1+6t) x a1 —xIn (1_1+ct)
92 (t) = Se) for ©1,2,3,...  (4.69)
—xIn(1— 1+ct)
which is logarithmic series distribution with parameter ﬁ
By the differentiation method, we have
9 1 ct
G/ (s,t) = — G(s,t) = et
s In(l—l—ct) 1—1+Cts
o G(Sat) 1-l|2-tct ( ct )—1
= — S
9s In(1+4ct) 1+ct
ct
82 G(S,t) 1+ct ( ) ct 8)_2
Os? In(l—l—ct) 1—|—ct 1+ct
1 ct _
=- P
n(1+ ct) 1—|—ct 1+ct
9% G(s,t) 2 ( )3 (1 ct )3
— s
Os3 In(l—l—ct) 1—|—ct 1+ct
o* G(s,t) 3 ( )4 (1 ct )~
— s
Ost In(1—|—ct) 1—|—ct 1+ct
8‘% G(S’t) ( 1) ( )aj ( ct )—:E
Os® In(l—l—ct) 1+ct 1—i—ct8
1 9% G(s,t) 1 (z—1)! ct .
gz (t) = — ———|s=0= — ( )
! Os ! In(l1+ct) 14ct
_ 1 1 ( ct )
oz In(l1+ct) 1+ct
_ (1+ct)x — (1+ct)x r=1,2...
x In(l+ct) —:vInH_ct
gz(t) x—1 ct (1 )
ga—1(t) =z 1+ct 1+ct
b
92(t) = (a+ ) go-1(t)  for x=2,3,... (4.70)
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which is Panjer’s recursive model with

ct ct
= and b=—
1+ct 1+ct

The compound Poisson distribution in recursive form is:

n pn(t) = 0(t) i Z gz (t) Pn—z(t) forn=1,2,3,...

r=1
BIn(1—|—ct) i M Pr—z(t) for x=2,3,4..
c In(1l+ct)
p ct
2 e —2,3,4...
oY () s Jor =23,
(4.71)
For n=1
1) =2 pot)
D1 = . 1+ect Do
(4.72)
For n=2

2
2p2(t) =0(t) > = gx(t) p2—a(t)
r=1

=0(t) 91 (t) p1(t)+2 O(t) g2(t) po(t)

2p2(t)—*1+ LoO+2 0 = ()P E 4 Dpo(t)
2 P+1 ct
pa() = 5?2 Cr i = (51) G502 (0
(4.73)
For n=3

3
3 p3(t) = 6(1) Z_: T gz(t) p3—a(t)

= 0(t) g1(t) p2(t) +20(t) g2(t) pi(t)+36(t) gs(t) po(?)

3p) =2 @ +E () O+ () m(®)

p ct P ct o
= — c t
cl—l—ct[< 2 >(1—|—ct) Po(t))+
P ct

Py [* Po(t)]+— (

c 1+ct ct 1+ ct

~2i(e3 )+ ( )](H_t)?’po()
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=(3)+G7)

(°37) 7w
- (C+Z)v( o (I—T—tct)3p0(t) e +2)2(v L (1—T—tct)3p0(t)
0

t) =
ps(t) = 3! 1+ct

= (537) P e

By induction, assume that it is true for n — 1

Pn-1(t) = (i’ :ﬁ12> (1—T—tct)n_1 po(®)
Then,
npn(t)—— Z (1+ o) Pr—a(t)
D P+ () pua(®) 4o+ ra
() ()
() (3o
= () (e e (537) (27 i me
I Y
() () (e
:i[<€:1:2>+<€::2>](1fct)np°(t)
_1p(4n—1)(B+n—2)...(+n—(n—1))(%)
" (n—1)!
(o) po(®)
_ <€+Z—1> (1_T_tct)"190( )

(4.74)
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which is the negative binomial distribution with parameters and

1+ct
Moments
Sum equation over n
> np(t) =" zl 21<1+ Y Pualt)
acz:l 1+ t nz—: Pn= a:(t)
=% S G
_ B I—T—tct
B cl— 1—({:—tct
E(Z(t)) = pt
E(Z(t)* = Z n? pn(t)
Z n® pn(t) = Z nnpn(t)—* Z n[Z ( ? Pn—a(t)]

n=0 n=1 1+ t

p ct N 0o
:E }::1(1‘*'075) nzw [n—x+x] prno(t)
p ct N )
P~ z
:Em;(l )" [M1(t) +] = *Ml(t) Z (1+ =) +c le
:BM ‘ ct 1 +g ct 1 9
¢ M®) 1+ ct 11—, " cltet (1—1fct)
=’C’p o (e )+f1+ (1+ct)?
= p® t? + pt(1+ct) = (pt)* + pt + pet®
But
E(Z(t)) = Mi(t) = pt (4.75)
Var(Z(t)) = Ma(t) — (M1(t))? = (pt)* + pt +pet® — (pt)* = pt + pet”

(4.76)

4.6.5 When the hazard function in (4.26)) is such that a = % , >0
and ¢ >0

h(t) =6'(t) = Ll for p>0, and c¢>0 (4.77)

(1+ct)2
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which is a hazard function of the exponential-inverse Gaussian distribution.
Therefore,
/ " 1 _3
h'(t) =0"(t) = —Epc(l—l—ct) 2

WO(6) = 0 () = (~1)* . pe? (14et)

22
531
R =0"(t) = (1) - = pe® (1)
2n — 1) (2n—3) (2n—>5) 531 (@nt1)
d hM@ pn Bn=1) @n=3) @n=s) —
an (t) = (-1) = (e
dn
1)" — h(t) = (=1)"h"(t) >0
(—1)" S h(t) = (1) A (2)
Therefore h(t) is completely monotone.
The cumulative hazard function is
: 1 2 1
6(t)=p [ (1+cx)3 do = Pratens —1] (4.78)
4 c
Therefore,
2
Ot —ts) = L [(1+4ct—cts)? —1] (4.79)
c

0(0) =0, 0’'(0)=p and 0”7(0)= —;pc

po(t) = e ¢ [(14ct)2 1]

py(t) = —p (1+ct) "% po(t)

py(t) = —pe (1-+et) 3 ph(t) + , pe (1+et)~ po(t)
=[P (1+et) ™+ pe (1+et) 2] po(t)

= [p? (1+ct) +2p2£ (14 ct)™2] po(t)

—p? (14 ct) z+;;< +et) 3 pot)

=9 [ gyir ()" 0+ e0 H U e
po (t) = p? [(il_—i_o())?(.), (*)0 (1—i—ct)_ﬂ (il +1;31, (7p) (14ct
P () =p? [(14et)~ D + () P (o) (e H ()

TR P o

5 € (*) (1+ct) ™3] po(t)
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p? [—pl(1+ct)~ +Q () a+en™4)

_p[4f (1+ct)—7 = (—)2 (1+ct)~2] po(t)
D 2 4p
= —p3[(L+ct)"2+6 (:p) (l—i—ct)_%]
i! (i)2 (1—|—ct)_@] po(t)
= —p3[(1+ct)"2 + (—) (14ct)~7]

'Y (*)2 (1+et)=2] po(t)

/// (2 ) _7 (2‘|‘1)' C _ &
") = (—1)% p 3[(2 0)'0'(7)0( +ct) ta—nm G e
(2+2)!
+ @ _2)12i (4—)2 (14ct)™

Pl () = (=p)* [I(1Fet) 5431 () (Let)™ 7]
5(4—)2 (1 4et)~ Plpo(t) + [~ e(1+et)E - —c(—) (1+ct)~2]
= (=p)° [Pl +et) 3 43 () (1et) S
5(;)2 (1+ct)~ 7] — p[3'f (1+ct)™2 +412 (4 )2 (1+ct)™ 7+
5(33 (1+ct)™ %] po(®)]
— p? [(1+ct)"% +3! 2!(4;) (1+ct)~3
FAG D (e 4 S e T ()
—p e E D) Aen ]

- 2:(:)2 (1+ct)™ + E!(i)g (1-+et)~21 po(®)
- 4p

piv(t) = (—1)* p* [m()o (1+4ct)~ 52 (;3_+1§3i!(;) (1+ct)~
(3+2)! )] B+3)! ¢ _ (443)
G 2)'2'(47)2 (et (3—3)!3!(419)3 (L+et)™ =T po(t)

ph(t) = (—1)* p* [(1+ct) 2 +5<@> (14ct)3
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oG ey 4 ) ey T po(e) + [ et +et) -

2v 4p
7 6! ¢
ZC(@) (1+ct) 2—10(@)2 (1+Ct)_(—3,2 (4*)3 (1+ect)” 2]17(
5 ' ¢
= (~1)° P (1 et) 40 ) (1 et)
3! 4p
7! ¢ 8 ! ¢ 9
ot aren P+ Dy (1+ct)—f+8!<*)4 (1-+¢t)~8] pof
— (_1\5 P (4+0)! _(510) (4—|—1)' c :
(( ) 1)9 ooty e T 4 () (ren™
4+2)! _((+)) 44+3)! ¢ 3
+(4( 2)v2)v()2( +et) (4—3)!3!(@)3 (1et) ™5
4+ 4)!
m(@f (14et)™ 5] polt)
B 1 (4+k)!
=(-1)°p SkZO (4k)'k'()k (1+ct
5=l (5—-1+k
(0% % (é_l G ety o
Generally,
n n,n = n_]‘_'_k'
P =(-1"p" - ),)k,()’*(1+ct) “3] po(t)
- Palt) = (~ 1)“ ><t>
palt) = (1" (-1 p Z G e (o
n=0,1,2,3,...
(pt)” " (n—1+k)!
pn(t) = kz::o (1= k)')k'()’“ (14ct)" " po(t) n=0,1,2,3,...
h (4.80)
po(t) = e [A+en?-1
The pgf is
H(s,t) = e 0(t—ts)
" :e—z—f[(1+ct—cts)%—1] (4.81)

E(Z(t)=t0'(0)=pt and Var(Z(t))=t6(0)—1t>6"(0)=pt+ ! pc t?
(4.82)2
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Since 8(0) = 0 and h(t) = 0’(t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.

The corresponding infinitely divisible mixed Poisson distribution is a compound
Poisson distribution whose iid random variables have pgf given by

o(t—t
G(s,t) = 1_g
6(t)
1 (1—|—ct—cts)%—1
B (1+ct)% —1
(1—|—ct)2 —(1+ct—cts)2 (4.83)
(1+ct)2 -1
By power series expansion
1
1 t)2
G(s,t) = 1( tet)?
(1—|—ct)" 1—(1-— 1+ct s)z ]
(1—|—ct)2

(1—|—ct)%—1[ ::1 ( ) (_1+Ct)m 57|
But (i) _3G-1DG-2) .- (-2 - (@—1)

x!

1 (-1t 1)9: 1 ) .
=5 (1—f)(2—f) le=2) - Ji@-1)- )
_1 (—1)“3 1135 3
_5T§§§'“(‘”_5)(«’B—5)
1 (=rtird) i@ -3) (-2
2o £

1/ 1\yz-1
_23(:!;()1) z (3)5 (m—*)(w—f)

1/ 1\yz—-1
=£§Z>2 )@= @)

1 -1 z—1 5 5 3
_23(:!1“()§)(w_2)r(w_2)(m_2)

1 -1 z—1 3 3
:23(321“()@(“’_2)1“(%—2)

3 (-7t 1
T e T
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1
1—|_Ct)§ > 1 (_1)m—1 T T
Gay = EDT L 2 D e ) (T e
(1+ct)z2—1 =1 = T(3) 1+ct
1
(1+Ct)§ > 2 (_1)1: 1 T T
= OO Y 2 P ) () ]
(1+ct)2 —1 =1 ' I(3) 14ct
1
14+ect)z X 1 1 ct w
e D= i A enan
(I+ect)z —1 z—1 z! T'(3) 2" 1+ct
1
1+ct)2 -1 ct
gw(t): ( l) 2 '( 12) ( ):l) 33—1,2,3,
(14+ct)z—1 z!T(3) 1+ct
1
_ (+et)e i i@ -1y (e
(1+ct)%—1 x! I‘(%) 1+ct
_ pet 1 1 F(m—%) ( ct o1
C2p (14ct): (1+ct)2—1 = T(3) 1+ct
_pt (1—|—ct)_% I‘(m—%) ( ct o1
Z+eni—1) olT(G) Lot
t I'(x— 5 t
_pt{dtet) GGt ) ()1 2=1,2,3,...
6(t) 2! T(L) ‘14t
(4.84)
By differentiation method
0G(s,t) % ct (1—|—ct—cts)_%
s (14ect)i—1
9%G(s,t) _ % % (ct)? (1—|—ct—cts)_%
0s? (1—|—ct)% -1
PG(s,t) _ 333 (ct)® (1+ct—cts)~3
ds3 (1+ct)s —1
9*G(s,t) . g % % % (ct)* (1—|—ct—cts)_% . 232 1 222 1 21 11 5 (ct)* (1+c
Os4 (1_|_ct)%_1 (1+ct)2—1
8°G(s,t) _ [2.(:c—21)—1] [2.(:::—22)—1] [2.(:::—23)—1] .“2.32—1 2.22—1 2.12—1 % (ct)® (1-
ds® (1+ct)s —1
[2.(96—21)—1] [2.(30—22)—1] ““[2.22—1] 1FI(‘()) 1 (ct)® (1—|—ct—cts)
B (1+ct)s —1

(@2-1)

— [(z—=1)—3] --..3T(3) 3 (et)” (L +-ct —cts)”
T'(d) (1+et)z—1
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0°G(s,t) _ [(x—1) =3 T[(x—1) =1 (}) (ct)* (L+ct—ects)” T
ds® T(3) [<1+ct>% —1]
Iz — f] ( ) (ct)* (l—i—ct—cts)_ 7

r(3) [(1+et)z —1]

8mG(S,t) _ F[aj— %] (%) (Ct)m (1+Ct)_(2ac2—1)
st =07 1 1
9s T(1) [(1+ct): —1]
O Te-i et (A+et):
g:ﬂ(t)— 2! F(%) (1—|-Ct (1-|—ct)%_1gx(t)
pet (tend Te-l @ .,

2p(1—|—ct) (1_|_ct)2_1 x! F( ) 1l+4ct

pt (14+ct)" 2 I‘[a:—ﬁ] ( ct o1
21’ (1—|—ct)% -1 ! 1“(1) 1+4ct

pt (1+ct)” 3 I‘[ac—f] ct . B
0@  atr() Gpa) | For mo LRI
gz(t) :I‘(a:—;)( ct - (x—1)!
gz—1(t) x! 1+ct INe—1-— 7] (1+ct)w—2
3 ct

1I‘(zc—2) ct 1(
J— w_i
:BI‘(zc—2) l—l—ct x 214ct

r=2,3,... (4.85)

=(1——
( Zm)l—l—ct

which is in Panjer’s recursive form, where a = 7 ot

n pa(t) = 6(1) é % 9o(t) Paalt)
B n pt (1—|—ct)_% Tez—1] et o
— o0 }::1 B0 T F(éz) Q) Poe®

=pt (1+-ct)”2 i @ _[f); ;]( ¥ (1f T Paal(t)
(4.86)
Replace n by n+ 1 to get
1 T —1] ct .1
(n+1)pnia(t) =pt (1 +ct)”2 ;::1 (@—1)IT() (1—|—ct) Pnt1—2(t)
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Let x=i+1

n I‘[i—l—%]( ct

1
1)pn+1(t) =pt (1 t) 2

) pn_i(t) n=0,1,2...

(4.87)

By iteration,

n=0 = pi(t) =pt (1+ct) "2 po(t)
2 i+ 1
n=1 = 2ps(t) =pt (1—|—ct)_% > Llit 5]

=1

ct '
il F(%) (1+ct) p1—i(t)

INE ct
FE%; 1_|_ ot po(t)]

— pt (L+ct)™7 [pt (1+ct)™ 2+f ] po(t)

2 1+ t
] po ()

—pt (1+ct)"2 [pt (1+ct)"3 +pt —
=P & b & p2 1+ect

= (pt)? [(1+ct) ' +2 i (14 ct)~3] po(t)

2
pa() = 20 (et 42t S (1+e)H po(t)

2 1 et
n=2 = 3ps(t) =pt (1+ct) s 3 f,[r(f)] () i)
=0 “° 2
311

—pt (1+ct) 3 [pa(®) +— pu(t) + ot
- P © P2 2 (1+ect) 222 1+ct

=pt (1+ct) "> [(p ety iy i (1+ct)" 3]+

311 ct

° ¢ (1+ct)"7 + (
2(1+ect) P © 222 1+ct

)?] po(t)

—pt (1+ct)"3 [(p > (14 ct)~7 +2! 5 (1+ct) 3]+

c (pt )2 1 3 (pt)? 1 ct
T (T+et)™z 4+ (pt)2(1+ct)2]po(t)

3
(”2) [(1+ t)_§—|—2'—(1—|—ct) s

*(1+ct)2 ( ) % (

i t)_f]po(t)

3
(p ) -3 4220 (D

[(1+e )-8y,

1—|—ct

3
(p) [(1+ t)_5+3'—(1+ct) z+ 3
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_ (@t)®  (2+0)! oo 24D e _G
~ 3! [(2 0)!0! (7) (1+ct) (2 1)'1'1( +et)

(2+2)! 3+2)
(2 —2)12! (@) (1+ t) ()

(pt)® 2. (2+k)!

D

T3l = (2—k)k!

. B _% 3 I‘[i—|—l] ct i .
n=3 = 4ps(t) = pt (1 +ct) ;0 M(;) e P-i)
=pt (1+ct) ™% [ps(t) +

5311 ct

2223 Tre

@)k (1+ct)="5 pot)

311 ct

2 (1+ t)p2()+555(1+ ct

)2 p1(t)+

)? po(t)]

apa(t) = pt (1renyd 3o Dlital ey

= iT(E) 14t
ct r'(2) ct
2 (1+ct) pz(t)+2!r2(;) (e P10

— pt (1+ct)"2 [ps(t) +

INES) ct
3! 1“2(;) G + t)3 po(?)]

= pt (et (2 éo (;2_2’;:)11: " N
s (”2?2 e +k'§,),i, (P pe
e

= pt (1+ct)"2 [(1;.*,')3 kzz: (;2+k1;?k' (- )'c
(1:!)3 ;)t 2 (lc—f—ct) kio (ilj I;v)/;v (*)k +
(pt)® 3 3 % 2 (et (pt)3 15 1 et g

3! 4 (pt)? ‘1+4ct 31 8 (pt)3 ‘1+ct

(p )4 S 2tk agm |

4p4(t) - 31 [Z (2 k)'k' (7)k
s A (1+Ek)
gy (1 X i () e

p 8 P
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pa(t)

_ot 3 erht
> oom @

! (1 +k)!
Z (1—k)'k! (

3.3.4 (f)2 (1+ ct)_g +
P

(mﬁ)4 2 (2+k)!
[Z < (2—k)'K!
1 (1-|—k;).

3103 T (SR (1 et
,§0 (1—k)!k! (4p) (1+e

)

)

15.4.2
2.2.4.4

(c>3 (14 ct)~2] po(t)

+k)
2

() (et
4p

(5+k)
2

c ¢ 1542 ¢ 7
3.3.4 (f)2 (1+ ct) z+2244 ()3 (14 ct) 2] po(t)
4 2
(pt.) [Z (é2+kl;,)k, (*)"’ (1+et
! (1+k) )
2 1—k)k!
33 (1)° (1+ct)—g 23;‘56(‘3)3 (1-+¢t) 3] po(t)
(p )4 4
[(1+ct) 2 +3' — (1—|—ct) 3 —|—— — (1—|—ct) 2—|—

3vzv( ) (1—|—ct)_§—i—3'3'( 2 (1tet) it

4 (*)3 (1+ct)72] po(t)

(p )4

[(1+ct)_§—i—3'2— (1+ct)~ 2+(7 312 + 3131) (Zp)2

Y] (*)3 (1+ct)~3] po(t)

(p )4

[(1+¢ 1&)—§-|-5 4— (1—|—ct)_§—|—3' (2+2+6) (—)2 (1+

Y (*)3 (1+ct)~5] po(t)

(p )4 [(1+ t)_f—}——— (14ct)=2 43110 (7)2 (14ct)~2+

=1 (*)3 (1+ct)72] po(t)

(p )4 (14 t)—§+77(1+ct)—§—|—2325(—)2 (1+ct)™ :

197



o (O (+et) (o

&
(p) eyt 45 2 et Fa D (D7 (e Ee
2! 4p
5 (*)3 (1+ct)~2] po(t)
''p
_ ()t B+0) _@t9  (3+1)! ¢
4! [(3 0)!0! (7)0 (1+ct) (3— 1! (5)1 (1+ct
(3+2)! _Gt2) B34+3)! ¢ (443)
B 2),2,( °)2 (1 +ct) m(;)?’ (1+ct)” z |
. (pt)4 (3+k)! _Tk
BT ZO G—ht ap ) (<) Po(t)
_(p nnl (14 k) g0
Pn(t) = kgo (n—1—k)k! (*)k (1+ct)” po(?)
for n=1,2,3... (4.88)
where,
po(t) = e~ 2 [(+en?—1] (4.89)
Moments

Sum the recursive relation (4.86[) over n; thus

& " T(i+ 2) ct

n; (n+1) ppta1(t) =pt (1+ct)72 ) ;0 aT() Sy

)i Pn—i(t)

& n _ o) ‘; > I'(i+ 2) ct '
n;( +1) pnia(t) = pt (1+ct)"2 223 ;) aT() (G Pr=i®
M0 = pt (et h S PG+D (et g

@OZ'F() 1+ct

B t)- o F(E ) ct .
=t 3 S ) X e

_ ct)~2 = F(%_'_') ct i
— pt (1+ct) ;) AT () 1+ =) nzlpn i(t)

(% +1) ( ct

_ ct)" 2 = (3 i
=pt(1+ct) ZE) il r(l) ot
et £ (1417)
= pt (1—|—Ct)_ i (( 1)7' ) (1_T_tct)1
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1 X /1 ct .
=pt(1+ct) 2 Z ( _2) (— )i
=0 ¢ 1+ct
1

)" 2

1
= —2 2 =pt (1+ct
el p(+0)2( pr

—pt (1+ct)"2 (1+ct)?
E(Z(t))) = pt

Next, multiply the recursive relation (4.86) by n and then sum the result over n;
thus

< 2 T(E+4d) et '
nzl(n+1)2pn+1(t)—pt(1+Ct) RZMZO ,211() 1+ct) (n+1) pn—i(?)

0o oo F(z 7,)

My (t) =pt (1+ct)” 2 nZO Zz;) He) 1itct)i (n—i+i+1)p,_i(t)

—pt (14 t) [ZO 5 fat G e po
n=0 =0
x X z) ct ;. '
55 e G0

3 (2 z) ct i n—1
=pt (1+ct)” [12:0 F( ) 1+ t) nz:o( ) Pn—i(t)+
> T(5+1)

ct . . .
S r ) (4D X i)

& ) c ,
—pt (Lretyh 3 LT O iy gy

S 0L 1t
pt (1+et)™2 li)[( 1:(12)@?2 1 (1itct)'+r'v(;rzr1’;) (14C-tct)i]
ety tonm+n > (2T G
pt (1+ct)"2 i (;+i(i—_1)1)r!(§(4£)i—1) (lfct)i (—;) (1JC:
pt(1+et)3 i (:(i;'réz L) (146: ;)
=pt (L+et) 2 (My(t) +1) (1= t)"
pt(1pen-d 5 L0t ety

= G—1DIT(3) 1+ct
=pt (1+ct)"2 (My(t)+1) (1+ct)z+
1 2 T(it3) ct

pt(1tet)™z 2, (i— 1)) et
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My (t) = pt (M (t) +1)+

© (41 _1)(s+1
pt(1+ct)-3 5 UFa =Dt

—2) i+ —(—1)T(+3-

i=0
=pt (M(t)+1)+

(i—1)!T(3)

ot (14ct)-3 i (i+;—1)(i+;—z)....gr(g)( ¢t
= (i—1)!T(3) 1+ct
=pt (M;(t)+1)+
1 > (+i-n@E+Li-2)....2 e
t(1 t 2 2 2 2 1
pt(l+et)™ 2 (i—1)! Py
—pt (M) + D+ 2 (et S S (T2 1) (L)
2 1+ct = 1—1 1+ ct
pt 1ot (A +GE-1)-1
=pt (M1(t) +1)+— (1+ct 2 !
pt( 1()+)+2(+C)21—|—ctz;)( i—1
pt 1 et 4 [ =3 ci
=pt (My(t)+1)+— (14ct —1)¢ 2 ) (—
pt(Mi(H)+1)+75 (A+et)™ 7770 2 (=D <z—1> S
pt 1 et X [ _3 ct 4
=pt (My(t)+1)+— (14ct 2 ) (- ¢
pt (ML) + 1)+ (et) 2 ; (z—l)( 1 4et
pt _1 ct ct 3
= pt (My(t)+1)+— (14ct 1—
pt (My(t) +1)+ - (1+ct) 21+Ct( 1+Ct) 2
pt 1 ct 1 _3
=pt (My(t)+1)+— (1+ct
pt (My(t) +1)+ - (1+ct) 21+ct(1+ct) 2
t ct
— pt (Ml(t)—i—l)-|—pz (14 ct)3 e (14ct)? = pt (My(t) +1
ct?
My (t) = (pt)? +pt+ 2 2
Var(Z(t)) = Ma(t) — (Mi(t))*
pct2
= ()" +pt+——— (pt)*
pct2
= pt
pt+ 2
Using notations by Willmot (1986), let
t=1, c=20 pP=u and s=2z
Then we get
_po ()" " (n—14k) B g _ (ki)
Palt) = L i gp) AT T pt) for
(4.90)
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where,

po(t) = e~ (4201

The pgf H(s,t) is given by
P(z)=e 5 4 [(1-28(=—1))3 —1]

The mean and variance are

E(N)=E(Z(t))=p  Var(N)=Var(z(z(t)) = n(1+p5)
The pgf, G(s,t) of the iid random variables is given by
[(1—28(=—1))]2 — (1 +2B)?

1—(1+28)3
The pmf g, (t) of the iid random variables is given by
IM(n—13) (1+26)2 (335"
_ 2 2 1+2,B
nil(3) [(1+28)2 7"

which satisfies Panjer’s recursive model with

Q(z) =

for n=1,2,3...

2 -3
= P and b= B
1428 1+28
Using notations of Sankara (1968), let
D c
t=1, n=r — b=— and 1=k
(1+c)2 1+c

The recursive formula for the Poisson-inverse Gaussian distribution becomes

& T(k+3) _ -1
+0pea@=a ¥ LR (Fp=a 3 (TR
Cay (k—|—2—1)(k—|—2;2)....(k:—|—2— E) kg
k=0 :
Loy GRIDERD G G e,
k=0 -
(4.91)

4.6.6 When the hazard function in |D is such that a=2, p>0 and
c>0

p

h(t) =0'(t) = A te)e

for p>0, and c¢>0 (4.92)
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which we shall refer to as Polya-Aeppli hazard function.

Therefore,

h'(t) =6'(t) = —2pc (1 +ct) ™3
h'(t) =60"(t) = (—1)?3!pc®(1+ct)™
R (t)=0"(t) = (—1)® 4'pc3 (1 +ct)~®
h™ (1) = (=1)" (n+1)!pc” (1 + ct) (" +2)

n

(=1)" :lltn h(t) = (—1)" A™(t) = (—1)" (n+1)!pc™(1 +ct) =2 >0

Therefore h(t) is completely monotone.

e(t) :p/ (1+Cw)_2 dx = _pc [(1+cw)—1]6
0

t
—_P =7 (4.93)
c 1+ct 1+ct
t—1 t —pt
o ot —ts)= P PPl
l14+ct—cts 1—ct—cts
0(0) =0, 0’(0)=p and 0”(0)=—2pc
__pt_
po(t) — e 1+ct
tn
pn(t) = (—1)"— p{”(t)
n!
Therefore,
po(t) = e~ 22 [(-+e?=1
The pgf is
H(s,t) = e 0019 — o~ 1ot crs (4.94)
Therefore,

E(Z(t))=t60'(0)=pt and Var(Z(t)) =t6(0)—t*>6"(0)=pt+2pct

Since 8(0) = 0 and h(t) = 0’ (t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.

The corresponding infinitely divisible mixed Poisson distribution is a compound
Poisson distribution whose iid random variables have pgf given by

6’(i§—ts)_1 pt—pts 1+4ct

G(s,t)=1— =1-—
(5:%) o(t) l—ct—cts pt
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1—s

1—ct—cts 1+ct—cts
s 1 g
1tct (4.95)
(1—|—ct)(1— 1—|—ct s) 1-— lfct £

which is the pgf of zero-truncated (shifted) geometric distribution.

By power series expansion

G(s,t) = Z (-

1—|—tm01—|—t

_ Z )a: z+1

1+ ¢t 1—|—ct

B 1 ct 2 ct 9 3
_1—|—ct[ Jr1+ ct +(1—i—ct) 8]

© 1 ct o1

_w; 1—|—ct(1—|—ct) iy
1 ct
L (t) = z—1 =1,2,3.. d t)=0

9a (1) 1+Ct<1+ct> z=1,23.. and go(t)
gw(t)

— o 1((1—|—c1§)) ct
go_1(t)  ‘1+ct (ct) 1—|—ct
= (1 j—tct + Z) for r=2,3,... (4.96)

which is Panjer’s form with a =

ct _
14ct =0

The compound Poisson distribution in the recursive form is given by

npu(t) = 0(8) 3 (i+1) i1 (£) pu_i(?)
i 0

Z( +1) ) pai(t)

1—|— ct 1+ct 1+ct
ct .
—i(t); =0,1,2...
(l—l—t)zz(—'_)l—l—t(l—l—t)an()’ n s Ly
(4.97)
By iteration,
n=0
pi(t) = (1+ Are)? po(t)

203



1 (pt)? (pt)® ct

[7

¥ po(t

(pt)? (ct)?

3! (1+ct)®  (1+ect)”

204

(1+ct)b

2p2(t) = (1_|_ ct)? & Z( + )( ) p1-i(t)
pt ct
= Ut [p1(t) + o tPO(t)]
pt pt ct
= Ut et)? (agenyz PoO T2 gy Po®]
B (pt)? pt ct
2 pa(t) = [(1+ct)4 i+ t)3]po( )
1 (pt)? pt ct
Pa(t) = 5 gy oyl o)
3 pa(t) = —o- 2( +1)
(1+ct)? =
_ pt (ct)?
= (1_|_ ct)? [p2(t) +2 1+t p1(t)+3 (1+ct)? po(t)]
1 (pt)* pt ct
(1—|—ct)2 G arei tas t)3]p0(t)+
p pt g t
1+ct (1+ct)2p°()Jr (1+ct)2p0( )
L G0 vFet et pt(e?
2 (14+ct)® ' (14et)s '~ (1+et)s  ° (1t+et)d PO
pa(t) = [ (pt)®> | (pt)*ct  pt (ct)z] )
3 (1+ct)® ' (1+et)’  (14et)t PO
4 pa(t) = (1+ ot)? 2 Z( + )( ) p3—i(t)
C & C 3
=(1+tt)2[Ps(t)+2 1_: tpz(t)+3(1(—|—tit)2pl(t)+4(1(—:it
- (pt)® | (pt)*ct  pt (ct)z] )
(1+ct)2 3 (1+ct)® ' (1+et)®  (14et)d PO
1 (pt)? pt ct (ct)? pt
2 a2 areyi T ared PO T At e
(ct)®
1) po(t)]

5 Po(?)



1 (p)°ct (pt)* (ct)®  (pt)* (ct)®  pt(ct)®
2 Grey T A T2 Arens +4(1+ct)5]p0(t)

1 (pt)* (pt)®ct (pt)* (ct)® = pt(ct)®
“Brarer T2 uray T arap Tt arap @
pt(ct)® 3 (pt)*(ct)? 1 (pt)°ct 1 (pt)*
(1+ct)s ' 2 (1+ct)® ' 2 (1+ct)T 4! (1+ct)8]p°(t)
pt (ct)®> 3 pt(ct)? 1 (pt)2ct 1 (pt)3

[

pa(t) = |

] Po(t)

N (1+ct)5 1 2 L1tet 2 (1tet)? 4l (L+ct)?
(1—|—ct)5 [11' (1(-1; ):)0 (ct)*+3 21. (1(i );1 (ct)?+
; (1(12:)2 (et)’ +iv (1(i )i)?w (ct)"] po(?)
) e ()3 2 o
@ ::' (1(—12;2 (et)’+ < ) W (1(f—t):)3 (ct)"] Po(?)
Palt) = ft 5 2 > (j:}) 3 G @) ] po(t)

2 (4-1 pt ;1
f® 2 ( 1) Cetten” it
Z

m()-(m)nm( 07 Gy 5 6

t
which is the Polya-Aeppli distribution and po(t) = e Thet

4.6.7 When the hazard function in (4.26|) is such that p > 0 and b= ac
as a — oo

h(t) =0’ (t)
= ali_r)noo p(l+cot) ™ for p>0, and c¢>0
© —a(—a—1)(—a—2)...[—a—(k—1)] (c2t)*

- ali—r>noop kZO k!
o p § DA Q4D [+ ET) (et
a — 00 =0 k!
2 (aot @)
:pkgo ah—r>noo k!
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Let,

b=ac as a — o©

h(t) = 0’(t)
B o0 (—bt)k
=
=pe ¥ (4.99)

which is the hazard function for Gompertz distribution.

Therefore,

AW (t) = (—1)" b " pe

(1" S () = (1) B () > 0

Therefore h(t) is completely monotone.

The cumulative hazard function is
t
o(t) = p/ e % du
0
P ety (4.100)
b
implying that
O(t—ts) = ’; [1— e—bt1-=9)]

Therefore,

0(0) =0, 0'(0)=p and 0”(0)=—-bp

Since Gompertz distribution is an exponential mixture, the survival function is the
Laplace transform of the mixing distribution and hence,

po(t) = eb ™" 1]
o0
1
= 8_% Z [B e_bt]] -
j=0 b
) . Pl
= 3 e ek ]
o0

p" () =Y (—bj)" e " p;
j=0
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Po() = (=17 3 (b e,

pn(t)—Z( 1)"*( bj)" e p
7=0

p)j
b,—'; j=0,1,2.... (4.101)

= (btg)"

=0 n!

; _P
ebtg e b

S

which is Poisson mixture of Poisson distribution also known as Neyman Type A
distribution.
The pgf is

H(S, t) — e—B(t—ts)

. e_% [1_e—bt(1—s)]

(4.102)
Therefore,

E(Zt)=t60'(0)=pt and Var(Z(t))=t6(0)—t>6"(0)
Since 8(0) = 0 and h(t) = 0’ (t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.

The corresponding infinitely divisible mixed Poisson distribution is a compound
Poisson distribution whose iid random variables have pgf given by
1 — bt (1—s) e~ bt (1—s) _ o—bt

G(s,t) =1— =T [ obt
—b
_ € ' [ bts 1]
1—e bt
—bt T
e (bt)
T 1 _ bt [Z —1]
1 (bt):'J
gz(t) = TR x=1,2... (4.103)
which is zero-truncated Poisson distribution with parameter bt
bt
92(t) 0+—  2=12... (4.104)
gz— l(t)

and it is in Panjer’s recursive form, where a = 0 and b = bt

Remark 4.7. . Whereas Klugman et. al. (2008) have stated that the distribution
of the iid random wvariables is Poisson, in this study, the distribution is zero-
truncated Poisson distribution. The difference is due to the assumption that N is
Poisson with a constant parameter X instead of 0(t), which is a cumulative hazard
function.

The recursive formula for the compound Poisson distribution is given by:

(bt)“tt
1 ('L+1)' pn—i(t)

(n+1) pnya1(t) = E — e Z (i+1) btl
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B n (bt)i
= pte b - pn—i(t) mn=0,1,2,... (4.105)
1=0 :

4.6.8 When the hazard function in 1) is such that p >0 ¢ > 0,
a#0 and a#1

p

h(t) =0'(t) = Atet)e

for p>0, ¢c>0 and a>0 but
(4.106)
Therefore
h'(t)=0"(t) = —acp (1+ct)" 2!
h'(t)=60"(t)=(-1)?a(a+1)c?p (1 +ct) 22
R () =60"(t) =(-1)2a(a+1)(a+2)cPp (1+ct) 23
R (@) =0 (t) = (=1)" a(a+1)a+3)...(a+n—1)c"p (1+ct)

Therefore h(t) is completely monotone.

p

c(—a) [(1+ct) e —1]

o(t) = p/ (1+cx) %de =
’ (4.107)

implying that

6(t—ts) = c(ia) (14 ct — cts)t@ —1]

and

6(0)=0 and 6”(0) = —acp

also
po(t) = o alcay [(T+et) = —1] .

and,

H(s,t) = e "(7%) = o~ aizay [(+et—cts)'=o—1]
(4.109)
Therefore,

E(Zt)=t6'(0)=pt and Var(Z(t))=t6'(0)—t>0"(0)=

Since (0) = 0 and h(t) = 0’ (t) is completely monotone, then pg(t) is a Laplace
transform of an infinitely divisible mixing distribution.
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The corresponding infinitely divisible mixed Poisson distribution is a compound
Poisson distribution whose iid random variables have pgf given by

_ 0(t—ts)
G(s,t) =1— o (1)
. l4ect—cts)'T =1 (1+ct)' T —(1+ct—cts) ™
- (A+et)yl-e—1 (14ct)l-a—1
B (14ct)l—@ ct 1—a
g1 O
B (14ct)l~@ X MM—a —cts .
T (14ct)l-e—1 (1_;::0 ( x ) Gxe)”)
_ (A4et)te < (l—a) , —ct o
T (Q4et)le—1 (=1) ;::1 ( o ) (1—|—ct) y
(et 1—a\ , —ct
0= e e (110 ()
But
- (1;a> _ —(1—a)[(1—a)—1][(1—a3:'—2] ...... [(1—a)— (z—1)]
_ _(1w!_ Y allca—1][—a—2......[(~a—2+2)]
_ _(1w!_ Y (21)* 1 [allat 1][a+2]......[(@+z—2)]
:(_:!)w [1_1a] (atz—2)][(atz—3)......[a+2][a+
_(=1)* 1—ad]
= T'(a) [(a+x—2)][(a+z—3)]...... [a+2][a+
_(_1)33 [1_a] a €r — a €r — a a
=2 T(a) [(a+x—2)][(a+z—3)]...... [a+2][a+
_ (=% [1—ad] _ at o — a a
= T [(a+z—2)][(a+ 3)]....£.[)+2[]r(
_ (=1)* 1 —ad] _(-1)® 1—a
= I'(a) [(a+x—2)|T(a+x—2)= ! I'(a)
l1—aTl(a+z—-1) «ct (1+4ct)t=2 _
92(t) = x! I'(a) (1+ct) (14+ect)l=2—1 forz=
(4.110)
and,
go=0 (4.111)

The recursive formula of the compound Poisson distribution is therefore

() =08) 3 @ gu(t) pu_s(t)

rx=1
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" l1—aT(a+xz—1)  ct

= 14ct)!™*—1
c(l— o [ +eb) ] Z T Ta) 1+
pt 2 (14ct)l= F(a—l—w—l) ct .
— 1 > " ( )"t pr—a(t)
+ct ;.3 (x—1)! I'(a) 14ct
" T(a+x-—1) ct _
1 1—a) z—1 (1
1—|—t(+ ct) Z(:c—l)'I‘(a)(l—l— o) Pn—a(t)
pt " T(a+x-—1) ct . 4
== n—z(t
(tcte 2 (w—1)T(a) 14er) Pr=(®) for @
(4.112)
Therefore by replacing n by n+ 1, we have
pt "l T(a+xz—1) ct 4
1 t) = =1 1 (1
(n+ )P(n+1)( ) (1+ct)e mZzll (z—1)!T(a) (1—|—ct) Pni1—z(t)
Put x =1+ 1 we get
" T'(a+i) , ct .
1 t) = P Dt ’
(n+1) Pnt1)(t) 2 i T(a) (1—|—ct) Pn—i(t) for
(4.113)
as given by Walhin and Paris (2002)
Moments
To obtain the first moment, sum over n to get
- pt I‘(a+z) ct .
1 =~ C et
pt x = F(a+z) ct .
Z Z )" Pn—i(t)

- A+ct)r =y = ' T(a) 1+ct

_pt x > I‘(a,—l—z) ct

 (1+ct)e EO 7;0 i! T'(a) 1—|— ct
pt & I‘(a—i—z) ct

= ‘ n—i(l

(Atch)s 2 aT(a) 14et’ nzop (®)

pt & I‘(a+i) ct

) Pn—i(t)

(]

= Utete & aT@ 1+ il nZ Pn—i(t)
& _ pt > I'(a+1i) et
nz::O (n+1) ppya(t) = (14 ct)e l;) i T(a) (1+ct)
Let,
Mi(t)= Y npat) =3 (n+1) puia(t)
n=1 n=0
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M0 = e 3 e Goed)
=rar 5 () G
_ (1ftct)a g (—1)i (—za> (l—T—tct)i
- <1ftct>a >3 e
T+ t)a) (1= 1+t t)_a

pt a“_p
M (t) = (1t ct) (1+Ct) = (4.114)

Next, multiply 4.113| by n+ 1 and then sum the result over n, to get

M>(t) = fﬁ (n+1)? prti(t)

n=0
_ N " T(a+i), ct .,
o 2 t)a)( n+ )zZO 'I‘(a) 1—|—ct) pn—z(t)
s T(a+i) , ct |
T+ t)“) nzo ZX%,( nt) i! T'(a) (1+ct) Pn—i(?)
X X I'(a+i) , ct . ‘
(1+Ct)“) nzo ZX%, i! I'(a) 1+ct) (n+1) pu—i(t)
pt > I'(a+1) ct

N (1—|—ct)a) ;%) i' T(a) Syl nz::(] (n+1) pp—i(t)

(1-|—ct)a 2; 1;.((;2:)) 1fct)" go(n—i-{—i—l—l)pn_i
(1+ct)a X:%] ifclizraz)) 1fct)i [Mi(t) + (i +1)]
- (1ftct)a> (M1 () +1] ;0 F(‘;ja)) (1fct)i
+Zz”%] ('li(f)jrlfza) (1—T—tct)i
= rap) 00 3 f?(tf)) e

ct 2 I'(a+1) i
1+ ct ZZ;] (t—1)!'T(a) (l—l—ct) 1]

I'(a+1) _ (a+i—1)(a+i—2)(a+:t—3)...(a+i— (¢ —1))(a+1i-
(i—1)!T(a) (1—1)! T (a)
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_ (a+i—1)(a+i—2)(a+:t—3)...(a+i—(:—1)) a

(i—1)!
_[(a+1—1
—\ i-1)°
n I'(a+1) ct n a,—|—z—1 ct 4
z;) (i—1)!'T(a) (1+ct) T 1+4ct Z ( —1 ) (l—l—ct)
act —(a+1) ct .
-1 (i—1) s i—1
1—|—ct Z: ) ( 1—1 >(1—|—ct)
- (a+1) ct i1
T ltet Z ( t—1 (1+ t)
act act 1
— 1— (a+1)_ = t (:
1—|—ct( 1—|—ct) 1+ct (1+ct)—(atD) act (
t
M (t) = (lft) [(pt+1)(1 4 ct)® + act(1 +ct)"] = pt [(pt +1) -

Var(Z(t)) = Ma(t) — (My (t))2 = pt[pt+ 1+ act] — (pt)2
= (pt)® + pt(1+ act) — (pt)*
Var(Z(t)) = Ma(t) — (Mi(t))?
= pt[pt + 1+ act] — (pt)? = (pt)* + pt(1 + act) — (pt)*
= pt + acpt? (4.115)
4.7 Parameterization of Hofmann Hazard Function

This section identifies the hazard function of an exponential mixture which accom-
modates the extended truncated negative binomial (ETNB) distribution as the
distribution of the iid random variables for the compound Poisson distribution.

4.7.1 Extended Truncated Negative Binomial Distribution

1—q@)] "= ( )( q<t>>k—1+z ( )( a(t)*
k=0
1—q)] " —1= gf( )( a(t))* = Z( % (‘)qa)k

1-a@)-1= % (TR at

(r + Z - 1) q(t)*
(1—q(t))~")—1

Prob(X =k) = ( +Z_ 1> o

(1—gq(t)"—1
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is a probability mass function called zero-truncated negative binomial distribution
with parameter q(t). It is also called the extended truncated negative binomial
(ETNB) distribution according to Klugman et. al. (2008) because the parameter
r can extend below zero.

Let,
ct
q()—1+t ¢>0,t>0.
( +k:—1> (-t )k
k 1+ct
Then Prob(X =k) = dtct)y —1 k=1,2,3,...

The probability generating function is given by:

o0 > <T+:_1> (v ) k§1 <_r> Cria
G(Sat) = g Pk S ;1 (1_|_ct)'r’_]_ - (1—|—Ct)r—1

_ ( 1+4-ct S) "
G(s,t) = (1—:ct)’"—1 (4.117)

4.7.2 Identifying the Hazard Function

Let us parameterize Hofmann hazard function by putting a =r + 1.

Thus
h(t):(1_|_f;)r“ p>0, ¢>0 and r3>—1
(4.118)
a(t) = /Ot h(z) = /Ot p(1+cx) "1 de
=~ [(1+e) T
=~ [(1+et) 7 =1
o(t) = fc [1—(1+4ct)"] (4.119)
=~  O(t—ts)= fc [1— (14 ct—cts)"]
and  6(0) =0 (4.120)

For an infinitely mixed Poisson distribution

O(t—ts)

G(s,t) =1— o(t)
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[1—(1+ct—cts)™"

1—(14ct)~"
_ (Atect—cts)"=(1+ct)™"
N 1—(1—|—ct)_’“
B 14+ct)"(1—% 1+ct s)"—(1Q4ct)"
N 1—(1+ct)-r
_ (- )1 (4.121)
I+et)yr—1

which is the pgf of ETNB distribution.

E () e

G(s,t) =
(%) (1 +ct)r—1
X r __
:c2=:1 (-3 1+ct s)* —1]
N (1 +ct)" —1
r4+x—1
(7727 Gt
xr) = x=1,2,3...
which is the pmf of a zero-truncated negative binomial distribution or extended
truncated negative binomial distribution with parameters 1-(|:-tct and r.
T
gz (t) T 1+Ct ct r+x—1
= for x=2,3,...
gz—1(1) —|—a: o1 T 1tet x
ct [1+r—1] +b (4.122)
—= =a — .
1+ ¢t x x

and this is Panjer’s model

4.8 Concluding remarks

The hazard function of an exponential mixture characterizes an infinitely divisible
mixed Poisson distribution which is also a compound Poisson distribution.

Hofmann hazard function is a good illustration of the theory. For further

research other classes of hazard functions should be considered, in particular those
based on frailty models.
Hazard functions expressed in terms of the modified Bessel function of the third
kind and those expressed in terms of confluent hyper-geometric functions would be
of interest since we have not explored the link between these hazard functions and
mixed Poisson distribution in this study.
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5.1

Chapter 5

SUMS OF HAZARD FUNCTIONS OF
EXPONENTIAL MIXTURES AND
CONVOLUTIONS OF POISSON MIXTURES

Introduction

In this chapter, it has been shown that a sum of hazard functions of exponential mix-
tures characterizes a convolution of infinitely divisible mixed Poisson distributions
which is also a convolution of compound Poisson distributions.

For each sum of two special Parameterizations of Hofmann hazard function,
the following have been obtained:

 the probability generating function (pgf) of the convolution of the mixed
Poisson distributions.

o the pgf of the independent and identically distributed (iid) random variables
for the convolution of the compound Poisson distributions.

o the recursive form of the convolution of the compound Poisson distribution.

It has been determined that Panjer’s recursive model does not hold for all Parame-
terizations.

Pairs of Hofmann hazard functions have been considered to identify the convo-
lutions and generally the chapter has been organised as follows: Section 5.2 briefly
discusses the relationship between a hazard function of an exponential mixture
and the corresponding infinitely divisible mixed Poisson distribution. Section
5.3 proves that a sum of two hazard functions of exponential mixtures gives rise
to a convolution of two mixed Poisson distributions and a convolution of two
corresponding compound Poisson distributions. Section 5.4 is an illustration of
the results obtained using sums of various Parameterizations of Hofmann hazard
function. Concluding remarks are given in section 5.5.

5.2 A Single Hazard Function of an Exponential Mixture

A mixed Poisson distribution can be expressed in terms of a Laplace transform as
_ et o _
pu(t) = (—1)" I (1) n=0,1,2,... (5.1)

where L (t) is Laplace transform of the mixing distribution
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and,

(n) i
L t) = —— L (t 5.2
D) =7 L) 52
When n = 0, we have
po(t) = La(t)
— eIn LA(t)
=00 (5.3)
where,
o(t)=1
®) nLA(t)
L (t
el(t) — _ A( )
La(t)
= h(t)

which is a hazard function of the exponential mixture.

Since h(t) = 0’(t) is completely monotone and (0) = 0, then po(t) is a Laplace
transform of an infinitely divisible mixing distribution.

Hence the mixed Poisson distribution py(t) is also infinitely divisible (Feller,
Chapter XIII, Vol. 2, 1971).Furthermore, an infinitely divisible mixed Poisson
distribution is a compound Poisson distribution (Feller, Chapter XII, Vol. I, 1968;
Ospina and Gerbes, 1987) whose pgf is given by

H(S,t) — e_e(t)(l_G(’S?t))

where G(s,t) is the pgf of the iid random variables.

Since the pgf of the mixed Poisson distribution is
H(s,t) = e 0(t—ts)
by equating the two formulae for pgf, H(s,t), we get

0(t—ts)

G(s,t)=1— 0

Therefore the probability mass functions (pmfs) of the iid random variables are
X

1 d
x!ds
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t* 0% (t)
x! o(t)’

= (—1)*"1 r=1,2,3... (5.5)

and,
go(t) =0
Let € = ¢+ 1, which implies that £ — 1 = %, and hence
ti—i—l 9i+1(t)
(i4+1)! 6(t) ’

The recursive form for the compound Poisson distribution is

i=0,1,2,3...

git1(t) = (—1)"

n pn(t) = 0(t) zn: x gz (t)prn—z(t) n=1,2,3...
x=0

or

(4 1)Pnsr(8) = 0(8) 3" (i+ 1)giss ()pn_it)

1=0

_Z( 1)z il 9’+1(t)pn i (1) n=0,1,2,3...

Using the recursive relation, py, (t) can be obtained iteratively.

5.3 A sum of two hazard functions of exponential mixtures

5.3.1 Derivations of key results for convolutions

Let,
hi(t)=6,(t) and  ha(t) = 6,(t) (5.6)

be two hazard functions of exponential mixtures.

Further, let
0(t) = 01(t) + 02(2) (5.7)
Therefore, the pgf of the mixed Poisson distribution is

H(s,t) = e 0(t—ts)
_ e—{al(t—ts)—l-gz(t—ts)}

_ 01 (t—ts) ,—O2(t—ts) (5.8)
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which is a product of two pgfs of mixed Poisson distributions.

Hence a sum of two hazard functions of exponential mixtures gives rise to a
convolution of two random variables from mixed Poisson distributions.

Since infinitely divisible mixed Poisson distributions are also compound Poisson
distributions, then the pgf can be expressed as
H(s,t) = e 101 (1) +02() H{1-G(s,t)}
— e I1(O{1-G(s:t) } o —02(){1-G(s,t)} (5.9)

implying a convolution of two compound Poisson random variables.

Equating the two formulae for H (s,t), we get the pgf of the iid random variables
for the convolution of the compound Poisson random variables

_ 91(t—t8) —|—02(t—t8)

G(s,t) =1 5.10
with corresponding pmf of the iid random variables being
go(t) =0 (5.11)
and
t* 07 (t 0% (t
ge(t) = (—1)*71 — 1)+ 2(), xr=1,2,3... (5.12)

x! 0(t)
I ARORT AR
(i+1)! 0(t)

The recursive form for the compound Poisson distribution is either given by

giy1(t) = (—1)° , 4=0,1,2,... (5.13)

T

s (67() +05()) Pn—u(t), n=1,2,3,...

npa(t)= 3 (-1

(5.14a)
n et . .
(n+1)pupi() =S (—1)° tz' (6171 (t) + 057 (t) ) pu—i(t), n=0,1,2,3...
1=0 :
(5.14b)
(5.14c)

Using this recursive relation, pp (t) can be obtained iteratively.
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5.3.2 A Special Parameterization

When the first hazard function is a constant, we have:

hi(t) =07(t) =46

and hence
01(t) = ot (5.15)
Therefore,
01 (t) + Hé (t)=0+ Oé (1) (5.16a)
01(t) +602(t) = ot + 02(t) (5.16Db)
and,
H(s,t) = e 9t(175) g=02(t—s) (5.17)

which is a product of the pgf of a Poisson distribution with parameter dt and a
pgf of a mixed Poisson distribution.

The pgf of the iid random variables of the convolution of the compound Poisson
distributions

_ 01(t—ts) —|—92(t—t8)

G(s,t) =1
(=) 01(0) + 62(0
dx(t—ts)+02(t—ts)
N ot + 02(t)
By differentiating G (s,t)
0G(s,t)  —0t—1t0(t—ts)
ds ot + 02(t)
_ St+t05(t —ts)
S+ 65(t)
9% G(s,t)  —t26y(t—ts)
8s2  St+69(t)
we obtain
—1)*" 17 0F (t —t
G*(s,t) = (=1) 2(t—ts) xr=2,3,... (5.18)
St + 02(t)
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and the pmfs of the iid random variables

go(t) = G(0,t) =0 (5.19a)
g1(t) = a(ja(:’ﬂlgo: m (5.19b)
gelt) = (-1 TS, (5.190)

= (_1)w—IZ&i§$@ x=2,3,... (5.19d)

The recursive form of the compound Poisson distribution is

R Palt) =6(t) 3> @ go(t) Paos(t)

r=1

= 0 ()pn (1) +6(8) 3" @ ga(t) Daa(t)

r=2

N A0

= (8t+t05(t)) pna()+ Y = p- Pr—z(t)
r=2 :
n(—1)7 L 7 03(t)
= (8t +t05(t)) prn—1(t n—a(t
(8t +05(0) Prs () + 30 = 5 Paal®)
(5.20)
as given by Walhin and Paris (2002)
Replacing n by n+ 1 in (5.20]), we have
n+1 -1 z—1 % 0% (¢
(n+1) Pasa(t) = (514 105(0)) pu(t) 4 > )(_,L, 1 2D (@
r=2 :
(5.21)
Let * = ¢+ 1, which implies that & — 1 = ¢, and therefore
n -1 1 ti+1 9i+1 t
(1) pusa(0) = (041050 pa(0) + 5> T
=1 :
(5.22)

5.4 Sums of Hofmann hazard functions

Walhin and Paris (1999) defined Hofmann distribution as:

po(t) = e 9
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and,

t’n
Pa(t) = (=1)" = pj (1) n=1,2.3,...
where,
’ p
a(t):m p>0, c>0, GZO
and,
9(0) =0

Wakoli and Ottieno (2015) determined that 8’(t) is in fact a hazard function of
an exponential mixture and referred to it as Hofmann hazard function. Let the
sum of two hazard functions of exponential mixture be in the form of Hofmann
hazard functions; i.e,

h(t)

_ P1 n p2
o (1—|—Clt)al (1—|—C2t)a2

(5.23)

We wish to obtain the following:

o the pgf of mixed Poisson distribution.
o the pgf of the iid random variables.

 the recursive form of the compound Poisson distribution for Parameterizations
of a;, where ¢t = 1,2

We also wish to find out whether Panjer’s recursive model still holds for all
Parameterizations.

5.4.1 When the first hazard function is a constant
In the equation 1' a; =0 and az = %

D2

m p1 > 0, p2 > O, ce2 >0 (524)
catl)2

h(t) =6'(t) =p1+

where the second hazard function is that of an exponential-inverse Gaussian
distribution.

Therefore,

(5.25)
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01(t) = pit 02 (t) = szz ((1—|—czt)2—1) (5.26a)

01(t—ts) =p1x(t—ts) ; O2(t—ts) = o ((1—|—czt—czts)2 —1)
(5.26h)

The pgf of the convolution is
H(S,t) — e—Gl(t—ts) —02(t—ts)

_ mit(is) o2 ((ent-exto)t 1) (5.27)

The the sum of hazard functions of exponential distribution and that of the
exponential-inverse Gaussian distribution, therefore, gives rise to the convolution
of the Poisson distribution and the Poisson-inverse Gaussian (Sichel) distribution.

Using (5.10]) the pgf of the iid random variables of the convolution of the compound
Poisson distribution is

1 2
G(s,t) =1— —— {p1it —pits+ ﬂ {(1+cat — czts)% —1}

O(t)

G'(s,t) = 0] {plt—|— (c2t)! (14 cot — cats)™ }

G" (s,t) = e(t) ( )— (cat)? (1—|—czt—czts)

G" (s,t) = e(t) ( )( )— (cat)® (1—|—czt—02ts)

G(s,1) = 5o <;><§><Z> P2 (cat) (1 +eat — eats) 5

G¥(s,t) = 0(1t) 2.32—1 2.22—1 2.12 1 & (cat)H (14 cat — cqts)~ 252

Gw(s’t)ze(lt) (2(a:—21)—1> (2(m—2)—1>m<2.22—1> (2.12_1>

(Zm 1)
— (c t)*{(1+ cat — cats)™

- 3 -2

P2 (c2t)®{(1 + cat — czts)_er%
2

:9(1t) <_;+w_1> (_;+w_2>...(_;+w_x+z> (—;+w—w—|—1>

P2 (eat)®{(1 4 cot — cats) =+ 3
C2
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I S
_(@—1) < e 1) P2 (cat)™{(1 + st — cats) 3
2

0(t) rx—1
_ (z—1)! : %4_;1;_1_1 ( caot o1 1 )
() P r—1 (14 cot — cots (1 4+ cot — cots
for x=2,3,...

Therefore the pmfs of the iid random variables are

go(t) =0 (5.28a)
1 pzt
g1(t) = —— <p1t+ ——— 5.28b
0 { 1 (1+C2t)%} oy
1 1 1 02t 1
(1) = —— = pot 2 ) (=2 )Tl (1 feot) 2 —2.3,...
00 = g oot () G aran T for e
(5.28¢)
where,
0(t) = 01(t) +02(t)
2
— pyt 4 P2 <(1+C2t)é_1) (5.29)
C2
And so,
1
1 72 (— cat )m—l
iy _ (o) Ca%
gaz—1() 1 ( _;> (— cat )z—2
(x—1) \gz —2 (I4-cat
_1
2
r—1 (m—l) —cat
= 1 ( )
T -5 (1+cot
r—2
r—1 32—z —cot
_ 2
=(— )(m_l)(1+ct)
t 3 cot 1
2 <2 (5.30)

T (1tcat) 2(1tcat) x
which is in Panjer’s recursive form with

a=-————- and b= —— — =
(1—|—Czt) 2 (1—|—02t)
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The recursive form for the convolution of compound Poisson distributions is

R Pa®) =0(t) 3 @ gu(t) Pro(®)

r=1
n
:e(t) gl(t) pn—l(t)+0(t) Z wgaf:(t) pn—w(t)
=2
pat
=|pit+——5 | pPn1(t)+
(1—|—62t)2
1 " _1 cat
1 t)"2 pot 2 ——— =yl Lt =1,2,...
aret it 3 (3 ) I pee)
(5.31)
In the equation (5.23) a; =0 and as =1
h(t)=p1+ 22 >0, p2>0, c2>0 (5.32)
=N (1+ cat) P1 » D2 sy C2 .

where the second hazard function is that of Pareto.

This sum of hazard functions can be obtained by considering an exponential
mixture whose mixing distribution is the shifted-gamma distribution. The mixture
is constructed below:

The pdf of the shifted-gamma distribution is

g(A) = Iﬂ,a e PO (A= p)>? A>p, a>0, >0
(5.33)

The survival function of the exponential mixture is

oo

S(t) = / S(tA) g(A) dA
A=0
70 e Mt B e PO (A= p)*dA

- T'a
A=u

Let Yy=A—n hence A=y+p and dA=dy

o0
S(t)=— / e~ tm)t o—By y*1dy
a /g
B> T
_ P nt / e~V (B+t) yo=1 gy

l'ax
y=0
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:ﬁe—ut l'a
la (B+t)~

=p%e ML (B+t) (5.34)
—S'(t) =B (n) e (B+1)"*+ 8% e (o) (B+1)77)
(5.35)

_ B (et (Bt B e ! (o) (BHE) T
poert (Brt)e

—p+—L (5.36)
which is the hazard function of the exponential-shifted gamma distribution.

The hazard function of the exponential-shifted gamma distribution is therefore
the sum of Hofmann hazard functions given by

P2
h(t) = 5.37
O =p+ (5.37)
where P11 = U, p2 = % and Cco = %
Therefore,
D2
01(t) = p1t ; ez(t) = ? I’I’L(l + Czt)
2
01(t—ts) = p1x(t—ts) ; O2(t —ts) = P2 In(1+4 cat — cats)
C2
The pgf of the convolution is
H(s,t) = ePrt(s—1) e In(W)
_emte-y (1 &
1+ cot — caots
P2
1 o
— eP1t(s—1) (H‘Cﬁ)
N 1— < s
14-cot
P2
1 o
— eP1t(s—1) (1_1+C§tt s) (5.38)
14-cot
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Therefore the sum of hazard functions of exponential distribution and that of
the exponential-gamma (Pareto)distribution gives rise to the convolution of the
Poisson distribution and the Poisson-gamma (negative binomial) distribution.

By differentiating the pgf of the iid random variables of the convolution of the
compound Poisson distribution:

1
G(s,t) =1— —— {pit—pits+ P2 In(1l+ cot—cots)}
C2

6(t)
, 0 G(s,t) B 1 P2 -1
G (s,t) = o5 =g TPtt, (Ceat)teat—eata) ™'}
G’ (s,t) = e(t) {(= 1)*( cat)*(L+ ezt — cats) ™)}
G (s,t) = O(t) {(=1)(— 2)—( cot)® (14 cot — cats) ™ 3)}
Zr J— t *
G (Sat) 0( ) )' o (1-|—c2t—62t8) (5.39)

we obtain the pmfs of the iid random variables

go(t) = G(0,¢) = 0
g1(t) = G'(0,1)

1 pat
0! <p1 + 1—|—Czt> (5.40)

1
g=(t) = — G(a’)(s,t)lszo

*( —1)'0( 5 (1+c2t) ™ (eat)™

1 1 py [ et \"
x o( t) Co 1—i—czt
1 cat
— P2 2 r=2,3,...
a: 1t-|—p2 In(1—|—02t) C2 1—|—Czt

(5.41)
Therefore,
gz(t) x—1 cat
gz—1(t) x 1+4+cot
ct — -t

= 1tcpt r=2,3,... (5.42)

1+ cot x

which is Panjer’s recursive model with

cot cat
o 1 + Czt 1 + 62t
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Remark 5.1. This Panjer’s model is the same as that of a logarithmic series

distribution with parameter 1_7_2;2,5

The recursive form for the convolution of compound Poisson distributions is:

npat) =0(t) 3> @ go(t) Poos(t

=1

—6(t) 91(t) Proa () + () 30 @ go(t) Paa(®)

r=2
1 pzt n 1 1 P2 C2t r
=0(t) — t —1(t ot - — —
( )O(t) (pl Jr1+czt>p” 1(8) +6( )m§2 L 0(t) e <l—|—czt>
. p2 cot \”
= 0(t) g1(t) pn_1(t = nea(t =1,2,
Oan®pa®+> 2 (2 p) for
(5.43)
and
_ e—plt—% In(14cat)
1 P2
— e Pit ( ) ’ (5.44)
1+ cot
Replace n by n+ 1 in (5.43))
n+1 T
D2 cat
1) Ppnt1(t) = 0(t) g1(t) pa(t = NG
(r+ Do (6) = 00 0 pa0)+ > 22 (L2 b oot
(5.45)

and let x =14+ 1,sothat xt —1 =1

(n+1)pnt1 = 0(t) g1(t) p (t)+i”2( cat )mp (t)  (5.46)
ot " i=1 C2 1+Czt nr '

To obtain p,(t) explicitly, we use

Method 1: The iteration technique

(5.47)

For n=1

pi(t) = <p1t+ ) po(t)

1+ cst
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Czt

<p1 Jrc—2 T 2t> Po(t)
— it m®)+ 2 (157 ) () (549

Substituting into we obtain

p2

piz N
p1(t) = e P1t (plt)l cot 0 1 ca —|—e_p1t L‘L’)O P2 cot 1 o
1! 1+cot 1+ cst 0! co 1+ cst 1+ caot

P2

_Ze—plt(plt)l_k B2t —1 et \* [ 1 \e
= -k k 1+ cot 1+ cot

(5.49)

pat D2 cat \?
2 t) = t t — t
pa(®) = (me+ 22 ) @+ 7 () o)

2 2
D2 cat po(t)
t -
Pt +1—|—62t> +Cz <1—|—Czt> } 2

pat pat \?  p2 cat \?| po(t)
t 2 pit —
{(pl) + p1 1—|—Czt+<1—|—02t> +02 (1—|—Czt> } 2
_ (1

p2(t) =

P2 cat p2\? cat \?  p2 cat \?| po (t)
t)24+2pit —= — -
(P1t)"+2p1 c2 <1+czt>+<02> <1+Czt) +C2 (1+02t> 2

)2 p2 < cat P2 D2 cat \? po(t)
t t— t L) =
Po(t) +p1 cz2 \1+cat po(t) + (&) + c2 \1+cot 2

P2 P2

t)2 1 ca t co
P2(t):€_p1t(p1) < >2+€_p1tp1tp2< 2 )( ! )2-!-

2 1+ cot ca2 \1+cot 1+ cot

2 p2
Lopt (P2 ) P2 (_cot Loy
2¢ Co c2 \1+cat 1+cot
P2

22: e Pit (pyt)2—k <§§+k—1 cat \* 1 \e
k=0 (2 - k)' k 1 + Czt 1 + Czt

(5.50)

pat p2 3 cot \*
3ps(t) = (pit )+ 2 e
p3(t) <P1 + o ) p2(t) + . 2222 <1+c2t> p3—2(t)

) pa0+ 2 (12 ) i+ 2 (12) o)

1—|—Czt 2 1—|—Czt
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Czt

pat P2 cat \?| pol(t)
( +1—|—czt>{ 1—|—C2t> e <1+czt> } 2 T
2 c 3
( +c2t> {pl( )+< t)} po(t))+Ic)z <1+2;t> po(t)
pat 3p0(t) pat cat \? po(t)
( +1—|—czt> <p1t+1—|—c2t> <l—|—czt> 2
2 3
2 () (e : 2t) p®+ (15 ) (o)
po(t) pa2t cat \? D2 cat
( +1+ 2t> ( 1+ 2t> <l—|—czt> po)+ <1+c;
PO( ) po(t) pat \?  _p2 cat
=P1)” =~ +3 <1—|—c t) + 1t{ <1+c2t> T, (1+Czt>
) o) 2 (2 o )} 2
1+ cot 1+cot) ca2 \1+cot ca \1+ cot 2

= (p1 )3p0()+3(1)2p2< ozt )po()+3 1t{ <p2> ( c2t >2+p2(

C2 1 —|— C2t 2 C2 1 + Czt C2
12 cot \3 +3 P2 2 caot + & cot \3 po(t)
C2 1 + Czt C2 1 + C2t C2 1 + Czt 2

co \14+cot co ) \ 1+ o

(e z e, m

p3(t) = e 1) (p1t)” ( ! ) + —pl(t)(mt)zpz< cat )( 1 >C2+

3! 1+ cot 2! ca \1+ caot 1+ caot

ey (P18) (21 (et NP1 &)
1! 2 1 + Czt 1 + Czt

_i e Pt (pit)3 K (B2 k_1\ [ et \F/ 1\
= (B—k) k 1+ cot 1+ cat

In general therefore,

n e Pt (pyg)nk P2y et \¥ [ 1 e
pa(t) =3 n— k)l (2 k )( ) ( ) mE bR

E—0 ( 1+ cst 1+ cst

Czt

(5.51)
Method 2: The pgf technique

H(s,t) = io: pn(t) 8"
n=0
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P2

1 c2
— e P1t(l—s) | 14cat
1— s

14-cot
P2 P2

_ it 1 c2 opits (1 ct s T2
1—|—Czt ]_-|—Czt

But
t t)2 t)3
epltszl—i—pl s—l—(pl) 82+MS3—|—...
1 2 3
3 {(mt)" k} -
i—o L (n—K)!

) ct ‘E_1+ —B2\  —ct N —r2 —cat \? 2.,
1—|—Czt8 N 1 1—|—C2t8 2 1—|—C2t s
k

n=0 k=0
(5.52)
And therefore
P2
pn(t) = an poprt (PIO)"TH (—B2\ [ —cat AR
" o (n—k)! k 1+ cat 1+ cot
_ i —pyt \F1Y) (pl )n k (_ )k —% C2t k 1 %
k=0 ( k)' 1 —|— Czt 1 —|— Czt
S e " (Bk—1) (et \P(1 3
=0 (n—k)! k 1+ cat 1+ cat
(5.53)

which is a convolution of a Poisson distribution and negative binomial distribution.

In the equation (5.23) a; =0 and as = 2

b2
(1 + Czt)2
where the second hazard function is what we have called Polya-Aeppli hazard
function (Wakoli and Ottieno 2015, p. 234)

h(t) =0'(t) =p1+ p1>0, p2>0, c2>0

01(t) =pit 5 62(t) = 2(1_(1+62t) 1)
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O1(t—ts) =p1x(t—ts) ; Oa(t—ts) = (1 — (1+cat — cats) ™)
C2
The pgf of the convolution is
H(S t) — e—Plt(l s) ec2 (1 (1+czt—cats)™ 1) (554)

Therefore the sum of hazard functions of the exponential distribution and that of
Polya-Aeppli distribution gives rise to the convolution of the Poisson distribution
and Polya-Aeppli distribution.

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

O(t—ts)
G(s,t)=1— TR 1— o) (p1t — pits + 22 = (1— (1+ cat — cats) ™))
G'(s,t) = _0(115) ( pit ——( 1) (—cot)! (1 + cat —cots)™ 2)
G’ (s,t) = _0(1t) (—Cz(—l)(—2) (—cat)? (1+C2t—czts)_3>
G (30) = — s —’2(—1)(—2)(—3) (—cat)® (1+ cot — cats) ™4}
G®)(s,t) = (1t) x! (c2t)® (14 cat — cats)~ (@D
_lm et 1 .
T 0(t) e !((l—l-czt—czts)) (1+ cat — cats)’ 2350
(5.55)
The pmfs of the iid random variables are
go(t) =0 (5.56a)
1 cat
g1(t) = @ <p1 ‘|‘ ;2 (1—|—Czt)2> (5.56b)
_ P2 Czt x 1 o
g=(t) = @ o (1—|—c2t) 1+ oat) x=2,3,... (b.560¢)
And so,
gz(t) ( cat )w (1+ cat) jo-1 = cat
ge_1(t)  \1+ecat (cat)  1+cat
= (5 f;t +9 z=2,3,... (5.57)



which is Panjer’s recursive form with

C2t

a= and b=0
1—|—Czt

The recursive form for the convolution of compound Poisson distribution is:

npu() = 0(8) Y. @ ga(t) Poos(?)

r=1

= 0(8) g1(8) Prr () £0(8) 3" @ ga(t) Pr_s(t)

r=2

cat "
e <p1t+p2 2) pn—l(t) + Z xr 1(:2
2

(1 -+ Czt)z

(&

[V

r=2

P2 cat
= t4+— n—1(t
<p1 +c2 (1+02t)2> Pn-1(t)+

1 p2 cot
Y x (——)" pn—al(t),
(1—|—Czt) C2 .o ((1—|—Czt) p ( )

In the equation (5.23)) a; =0 and as — oc©

h(t)=0'(t) =p1+ Jim  p; (14 cot) 2

. = [—a
=Pt Pz 2 ( k:2> (c2)"
h(t) =p1+pz e
where,

b= lim asc
az — o0 22

The second hazard function is that of the Gompertz distribution and the sum is

known as the Gompertz-Makeham hazard function.

01(t) = pat ; 02(t) = 122 (1 _ e—bt)

Czt )a:

1

(1 + cst

p1 >0,

(1 —+ Czt)

(5.58)

p2 > 0,

(5.59)

Ol(t_ts) =Pp1* (t—ts) ; Oz(t—ts) = pb2 (1 —e_bt(l_s))

The pgf of the convolution is:

H(Svt) = e—P1t(1—s) e_pT2 (1_e—bt(1_s))

Thus the sum of hazard functions of exponential distribution and that of the
Gompertz distribution gives rise to a convolution of the Poisson distribution and

the Neyman type A (Poisson-Poisson) distribution.
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The pgf of the iid random variables of the convolution of the compound Poisson
distribution is:

0(t —ts) p1*(t—ts)+ B2 (1 — e—bt(l—s))
4 pit—pits+ 72 (1 —e bt ebt5>
6(t)
4 pit —pits+ 52 (1 — e ebt8>
6(t)
pit—pits+ 82 —Brebt 3 (t)°
=1-— =0 :

o(t)

O(t) —pit+pits— 2+ 52 e —bt Z (bts)*

x!

o(t)
But
_ b2 —bt
e(t)_p1t+€ (1—6 )
Therefore,
pit+52 (1 - B_bt) —pit+pits — 2+ B2 e Z (b;sn)m
G(s,t) = O(t)
—FB2 g7t 4 pits+ B2 e~ Z (bis!)w
- o(t)
pits+ B2 e 0t % 7(1);8')@
r=1 :
= 5.61
By differentiating G(s,t)
z xz—1
gt E
G'(s,t) = 9(;’)
p2 _—bt o (bt)m—l gT—1
pit+ 2 e (bt) 2_:1 e
B o(t)
& r—2 Sm—2
2 e (bt)? X, Lt)(x-z)!
G" (s,t) = 9“(’;)
Brett (bt)r y OIS
G*(s,t) = 0”2;)
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B %2 e bt (bt)*

5.62
o (1) (5.62)
and the pmfs of the iid random variables are
go(t) =0 (563&)
pit + B2 e~ bt bt
g91(t) = b
6(t)
1
= Ipit+pote 5.63b
0(t) {P1 +tp2te } ( )
1 —bt bt)*
g=(t) = pze” (b1) x=2,3,... (5.63c)

0(t) b  a!

By power series expansion and using the pmfs of the iid random variables are

(5.64)
9o =0 (5.65a)
the coefficient of s
t)= — {pit t e~ bt 5.65b
91(1) o (1) {pit+pat e} (5.65b)

the coefficient of st

1 poe b (bt)”
L(t) = —2.3,... 5.65
gz () or) b a! © (5.65¢)

the coefficient of s*

=0+ — r=1,2,... (5.66)

which is in Panjer’s recursive form, with parameters 0 and bt
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The recursive form for the convolution of compound Poisson distribution is:
n
(n4+1) pryr(t) =60(t) > (+1) giy1(t) Pn_i(t) n=0,1,2,...
1=0

= 6(H)g1(H) Pa®)+6(1) S (i+1) gir1(t) pui(t)

i=1
o(t) {9( 5 <p1t+p2t6 )}pn(t)—l-

1 pze_bt (bt)i—i-l
o) b (i+1)!

} Pn—i(t)

p2e—bt (bt)H’l .
e PO

0(t) Z(i+ 1){
1=1

= (p1t + pate™") pu(t) + Eni (i+1) {

)
= (p1t + pate™") pn(t) + 2 bt Z {(b..) } Pn—i(t)
_pt (bE)’
) bt T

= (p1t+pzte_bt Pn(t) + pat Z e pn—i(t) n=0,1,2,...
=1

(5.67)

5.4.2 When the first hazard function is that of a Pareto Distribution

In the equation 1D ai=1and az =1

D2
h(t) = >0 >0, ¢1>0, c2>0
( ) (1—|—Clt) (1—|—02t) P1 s D2 ’ 1 9 2
(5.68)
The second hazard function is also that of a Pareto.
01t) =2 In(1+eit) 3 02(t) =22 In(1+cat) (5.69)
c1 C2
D1 D2
01(t—ts) = — In(1+cit —cits) ; 02 (t —ts) = — In(1+ cat — cats)
c1 C2
The pgf of the convolution is
H (S,t) _ e—% In(l4cit—cits) e—% In(14cat—cats)
P1 P2
1 c1 1 cg
_ (5.70)
1+cit—-cits 1+ cot — cats

Therefore the sum of hazard functions of two Pareto distributions gives rise to the
convolution of two negative binomial distributions.
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When c¢; = c2 = ¢, then we have a single hazard function

P1+ D2

h(t) =
() 1+ ct

where p1+p2>0 and c>0
(5.71)

Its associated Poisson mixture is a negative binomial distribution with parameters

p1+p2 1
c and 14ct

whose pgf is

P1+pP2
C

1
14ct
H(Sat): (1 +:::t 3)

T 1+et

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

1
G(s,t)=1— —— {pl I'n,(l—i-clt—clts)—|—B In(1—|—czt—czts)}

0(t) c1 C2
and,
1 p1, cat p2 , caot
G* 7t = 7 —1)! — x —1)! —= z
(8 ) O(t) {(33 ) c1 (1-|—Clt) —|—(ZB ) Cc2 (1—|-Czt) }
(5.72)
refer to ([5.5))
(5.73)
The pmfs of the iid random variables are
go(t) =0 (5.74a)
1 1 (p1, et p2 [ cat \7
() = — —— {— T4 = 5.74b
92(t) x 0(t) {cl (1—|—01t) + c2 <1—|—02t> } ( )

where,
p1 p2
o(t) = In ((1+c1t)c1 (1—{—czt)°2)

P1 c P2 cat x
9x(t) _{ Ci (1+161 i 02 (1+2C2t) }:13—1 (5.74c¢)

ga—1(?) ()T 2 () v
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which is not in Panjer’s recursive form, since the term in the curled bracket is not
a constant.

However, in the Parameterization where ¢; = c2 = ¢

gm(t) _ {.’13—1 P1+P2 (1+Ct)m }

gx—1(t) P1+P2 (1+ct)m 1

:{‘”_1( et )} (5.75)

x 14+ ct

which is Panjer’s recursive model with

ct ct
= and b= —
1+ct 1+ct

The recursive form for the convolution of compound Poisson distribution is:

npn = 0() > @ go(t) Pr_al(?)

z=1

=60) le “ @ { (1j—121t) +1c)§ <1Jcr2;t>w} Pn—z(?)

n z
N :c;l { (1i121t) +IZ <1i222t> } Pr—a()
= 2 ;::1 (h(ilzlt)”” Pn—a(t) + 2 ;::1 (1 f;t>m Pr—z(t) n=1,2,3,.
(5.76)
In the equation (5.23)) a; =1 and a2 = %
D1 P2

h(t):@’(t): p1 >0, p2>0, c1>0, c2>0

(1+ec1t) - (1+ cat)2
(5.77)

where the second hazard function is that of an exponential-inverse Gaussian
distribution.

This sum of hazard functions can be obtained by considering reciprocal inverse
Gaussian as the a mixing distribution in an exponential mixture as described
below:

Let X = % where X is a random variable from an inverse-Gaussian distribution.
We wish to determine the distribution of A.
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The pdf of A is

g(N) = F(@)|J]
= f@I
9 = F@) 55

The pdf of an inverse Gaussian distribution is

1 N2
@ =(525) o252t a0e>0 —ocu<o

N[ =

3 2u2x
(5.78)
The pdf of the reciprocal inverse Gaussian distribution is
1
A?’ 2 2
27 C2p2l % A2
1
NER% A1 2,
- (27»\) eXp{ (Az A TH
1
P \? ¢ 2
=|— — 1—2uA A
(270\ exp 2u2>\( pA+ (p)?)
1
¢ \? d(1—p)?
=|—- - A>0 5.79
<2 ~a) P 2 pu2 A > (5.79)

The survival function of an exponential mixture is the Laplace transform of the
mixing distribution.

That is
S(t) = La(?)
e A g(M\) dA
_ ¢ 1 P(1—pN)?
e A (—— - )2 exp{—m} dA

2
_ 1T P(1—p N)?
= () O/A { t)\—m}d)\

PR o(1—2p X+ p? 2\2%)
=(— A —tA— d\
G2 [t opfn- St
b 1T 1 ¢ ¢ oA
_(ﬁ)z 0/)\ 2exp{—t)\—2u2)\+“—2} d\



(2 Tabepl—Pana ® 4 ®
_(ﬁ) 0/}\ exp{ (2+t))\ 2M2)‘+M}d/\

P02 Tt ed (@ b 1

=GR e 0/)‘ p{ (GTHA= 24 A}d)‘
AN O S N G e 1

= (5 O/A { G+ O+ 5m a1y A)}dA
= ¢ %e% i _%ex —? —¢
=G O/A p{ GO A+ i )\)}

Let A=\ m@dmp? - 4=\ 92
(N e (] e N\ T oL 1 [g(p+2¢)
=2} ([t [ {3255 e
) I R P ¢<¢+2t)
p? (¢ +2t) 2
(5.80)

where Ky (w) is the modified Bessel function of the third kind of order v.

N =

But K% (W) = /55 €~ (Watson, 1952).

In this Parameterization w = %

Therefore,
_ (¢ ¢ 2 ™ P(¢+ 2t)
Ly(t)=e (271- 2 (¢+2t)) 2J2( ¢(¢Jg2t))eXp{—( 2 )}
u
L[ ¢ R (¢ +21)
TE a2 g2y degm | TP N )
n

_oel (2 1 %ex _( Plet2),
N 4\ (¢+2t)2 P (2

P P R S B - )
ERRETCEET I ep{ e )}
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:e%( ¢ )% exp{ ¢(¢)+2t) }
P+ 2t \
%

= (l-i-;t)_% exp{ (— (¢+2t));}
12t plP_® ot2t
_(1+¢>t) p{u u( ¢ )}

2 1 ¢ @ 2 1
=1+t 2 T T 14+t
(+¢) eXp{u M(+¢)}

2 _1 2 1
:(1—+—$t) exp{(l—(1+¢t) )

; !
u
, 2 1 ¢ 2 1} ¢ 1 _1
Ly(t)=(1+—1t) 2 T (1=-(1+—1t)2 Tl (14+ZH "z (=2
\=a+207 exn{? (+¢>> e a0 (=0
2 1 2 3 2
exp{® -+ ohf (- a2 o)
(1+—t)"2 exp{¢(1—(1+t)2)} ( La+ipt - aq
% % ¢
(5.81)
and,
_ L@
ht) = =73
1 2 1 1 2
=—(1+-t) 2 4+-A+-1t) 1!
u( +¢ ) +¢( +¢ )
1 1
Iz ot ¢
(1+ )z (1431t
_ D D2
_1+C1t+(1+czt)%
0.t) = P In(14ert) 3 Oa(t) = P2 ((1+02t)2—1)
c1 C2
Hl(t—ts):EIn(l—l—clt—clts) ; 02(t—ts)=2£ ((1—|—c2t—c2ts)§—1
C1 C2
(5.82)
The pgf of the convolution is
H(S t)—e 01 L I'm(1+cit— clts) 2 ((1+C2t—c2t3)%—1>
TTeg B —222 ((1+cat—cat 3.1
:( 1+cit )qe (( +cat—cats) ) (583)

ct
1- 1+cit

The sum of the hazard functions of the exponential-gamma and that of the
exponential-inverse Gaussian distribution, therefore, gives rise to the convolution
of the negative binomial and the Poisson-inverse Gaussian (Sichel) distributions.

S
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The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

G(s,t)=1— 1 ( In(14 cit — cits) +— [(1—|—C2t—02t3)2 — 1])

6(t)
(z—1)! c1t
GCB ,t i xr
(s,8) = O(t) { (1—|—clt—czts) +
= —1—1)\ P2 cat - 1 _1
3+ e e ¥ ( )75}
rx—1 (14 cat —cats)” (14 cat — cats)
(x—1)! (p1 cit .
=B ) L+
(1) c1 1+cit—cots
(113 - 1)' 1 cat -1 1
= gtz —1-12—1 L (P
o(t) P2 (2+$ v ) ((1—|—czt—czts)) (1+ cat—c;
(5.84)
Therefore, the pmfs of the iid random variables are
go(t) =0 (5.85a)
1
o +r—1-1 cat . 1 1
T t) = e — -
9 we(t){61(1+0 t) pat ( z—1 ) ((1+Czt)) ((1+czt))2}
(5.85Db)
r=1,2,3,...
where,
o(t) = 22 In(l tert) + il ((1 Feat)? — 1) (5.86)

Panjer’s recursive model does not hold in general Parameterization, unless p; =p2 =p say ai

In this Parameterization the Panjer’s model is

gz(t) x—1 ct

( ) (5.87)

ge1(t) x ‘14ct

The recursive form for the convolution of compound Poisson distributions is:

npun=eu>§;w%u>mhaw

=3 PG e (T T (T () st

=1 (&5] 1—{—6112 (1+Czt) (1—|—02t)
(5.88)
n=1,2,3,... (5.89)
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In the equation (5.23) a1 =1 and az =2

pP1 4 P2
(14ecit) (14 cot)?

h(t):@’(t): p1 >0, p2>0, ¢c1>0, c2>0
(5.90)

where the second hazard function will be referred to as Polya-Aeppli hazard function
(Wakoli and Ottieno 2015, p. 234).

01(t) = L In(l4eit) 5 02(t) = 2 (1— (1 +eat)™)
c1 C2
(5.91)
01(t—ts) = P In(1+cit—cqts) ; O2(t —ts) = B(l—(l—kczt—clts)_l)
c1 C2

The pgf of the convolution is

H(s,t) = e—(% ITL(1+Clt—Clt3)) e_TZZ(l—(l-i-Czt—czts)—l)
1 r1
[ — c1 pa -
It+eat -2 (1—(1+cat—cat
- (1_+1ts) o5 (I Oreatmeats) ™) (5.92)
14-ci1t

The sum of hazard function of a Pareto distribution and the Polya-Aeppli hazard
function, therefore, gives rise to the convolution of the negative binomial distribution
and the Polya-Aeppli distribution.

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

0(t —ts) 1 P1 p2
Gs,t)=1——-=1———- | — In(1 t—cit —(1—(1 t—cqts
(s5t) o) 10 <01 n(l+cit—cy 8)+Cz( (I+cet—ca
(5.93)
. (x—1)! (p1 cit . x! (p2 caot . cat
G0 s,y = P b TP )
o(t) c1 1+cit—ecits 0(t) c2 1+ cot—caots” 14 cat—c:
D1 cit D2 cat 1
0(t) ((a: ) c1 (1—|—clt—clts) * Co * ((1—|—Czt—62t8)) (1+ cat -
(5.94)
and the pmfs of the iid random variables are
go(t) =0 (5.95a)
1 1 t r 1 t r 1
go(t)= —— — 2L () 4~ P2 @ (5.95b)
0(t) x c1 \1+cit 0(t) ca \1+cat 1+ cot

for xx=1,2,..

243



Again Panjer’s recursive model is not satisfied, unless ¢; = c2 = ¢, in which
Parameterization

gw(t) :{:L'—l P1+p2 (1—}—ct)w }

gm—l(t) p1+pz (1+ct)m 1

:w—1< t ) (5.96)

x 1+ct

The recursive form for the convolution of compound Poisson distributions is

npn(t) = 0(1) 3. @ ga(t) Prs(t)

rx=1
n 1 1 P1 Clt 1
=0(t —~ |\ r n—x (€
( )}::1 o) (:c o Trat) T ((1+ 2t)) (1+czt)> Pr—a(t)
1 & cit r p2 ( cat )33 1
= — n—z(t) +— €T n—z(t
(&5] w2=:1 <1+Clt> p ( ) C2 wzzjl (1—|—Czt) (1—|—Czt))p ( )
(5.97)
5.4.3 In the equation (5.23) a1 = % and as = %
hO) =0 =+ p1>0, p2>0, >0, e2>0
(].—i—(!lt)§ (1—|—C22t)§
(5.98)

Both hazard functions belong to the exponential-inverse Gaussian distributions.

01 (t) = ((1+c1t)z _ 1) . 0a(t) = ((1—|—czt)2 _ 1)
cl Cz
01(t —ts) = cpll ((1—|—clt—clts)2—1> . By(t—ts) = ij ((1—|—c2t—clts)2

The pgf of the convolution is

2p1 _ _Zﬂ ~ l_
H(S,t):e ((1+Clt clts)2 )e = ((1—|—c2t c1ts)2 1)

(5.99)
and therefore the sum of two hazard functions of exponential-inverse Gaussian
distributions gives rise to the convolution of two Poisson-inverse Gaussian distribu-
tions.

The pgt of the iid random variables of the convolution of the compound Poisson
distribution is

G(s,t) = 1_0(115){202)11 <(1—|—clt—c1t8)2 —1) —|——2 <(1—|—02t—czts)2 —1>}
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! -2 Clt
G*(s,t) = —1 2 _ z—1 (1 f oyt
(S ) B(t) (33 ) {pl (w—l) ( (1+clt—clts) ( +c c1 3) 24
Czt _1 n
t _ z L ot
i ( > ( (1—|—c2t_c2ts) (1+ec2 cats)" 2}
1 1)! _% {p1t ( c1t )a:—l (14 et . )_%+
= (@ — ! _ . o
o(t) r—1] WP1 TR ——— ) )
Czt _1 .
pat (— )* 7! (14 ot — cots) "2} (5.100)

(1+ cot — cats

and the pmfs of the iid random variables are
go(t) =0

gz=(t) = G(t) {p1 <m__; ) (_(1+7)w 1 (l—l-Clt)
—1 C2 rx—1
pt (,22)) G en )

In the Parameterization where cCi=cCz=cC

1
T2
g=(t) x—1 (m—l) cat

ge_1(t) ( —% ) (_(1—|—czt)
x—2
T — 3 _ g —cot
~CHeIDH
02t 3 caot 1

T (I+ct) 2(1+cot) x
which is in Panjer’s recursive form with
cat 3 cat
- and b=—— 2
(1—{—02t) 2 (1—|—C2t)
The recursive form for the convolution of the compound Poisson distribution is:

1 pa(t) = 6() i 2 go(t) Pr_alt)

:;BZ::I {p1t (:1;—1) (_(1+ )z= 1( +c1t)

1
pt (2] (C T P A an ™ pua(o)

“mtG+ant ¥ (o22) Cae paa )
Fpat (L1+eat)"2 3 (m ) (—(1+t)w_1pn_w(t) n=1,2,...
rx=1

245



5.4.4 In the equation (5.23) a3 = 2 and as = 2

D1 + D2
(1—{—Clt)2 (1—|—02t)2

Both are the Polya-Aeppli hazard functions

p1 >0, p2>0, ¢c1>0, c2>!

h(t) = 0'(t) =

91(t):g(1—(1—|—c1t)_1) ; 02(t)——(1—(1—|—czt) Y

01 (t —ts) = (1—(1+c1t—c1ts) Yo 6a(t—ts) = (1—(1—|—czt—c
(&1 C2

The pgf of the convolution is
H(s,t) = ¢ o (I-Otat=ats)™) —G(-(tet—ats)™) 5

and therefore the sum of two Polya-Aeppli hazard functions gives rise to the
convolution of two Polya-Aeppli distributions.

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

0(t —ts) 1 [p1 1, b2
G(s,t) =1———~= = 1—(1 t—cit —{1—(1 :
0 =1-0 ) —1m e (M- et — a4 P e
! t 1
G st) = g Vo Gros—ea)”
o(t) 14+cit—cits’ 14cit—cyts
N z! (p2 caot r 1
0(t) (c2 \1+4 cot —cats (1 + cat — cats)
(5.103)
and the pmfs of the iid random variables are
go(t) =0 (5.104a)
1
z(t) = — 5.104b
92(1) 0(t) { (l—i—clt) 1+c1t}+ ( )

1 t \* 1
D L for z=1,2,... (5.104c)
c2 \1+cot (1+ c2t)

Panjer’s recursive model does not hold, unless ¢; = ¢3 = ¢, in which Parameteri-
zation
gz (1) ct (1+4ct) , 4 ct

- @ 2—1 _ —2.3,...
gz—1(t) 1—|—ct) ( (ct) ) 1+4ct v
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ct
1+ ct

0
= ( +-) for r=2,3,...
x

which is Panjer’s form with

ct
a = and b=0
1+ct

The recursive form for the convolution of the compound Poisson distribution is

npn(t) :O(t) zn: wga:(t) pn—w(t) n=1,2...

p1, cit 1 D2 cot \¥ 1
t z - n—a t
( ) le G(t) ( (1—|—clt) 1—|—Clt+ Cc2 <1+02t> 1—|—C2t> p ( )

LS I cit 1 D2 cot \* 1
= z — n—z(t
ar:; <(31 1—|—Clt) 1-|—Clt+ Cc2 v <1+Czt) 1+ 2t> p ( )
i 41 1 L cit r n cat r
o c1 1+cit gl v <1+Clt> Pn— ar:( )+ cy 1+ cot 2 (1—|—Cgt> Pzl
(5.105)
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5.5 Concluding remarks

Sums of two hazard functions gives rise to convolutions of infinitely divisible
mixed Poisson distributions which are also convolutions of compound Poisson
distributions.

The sums can be extended to more than two hazard functions.

The sum of the hazard function of exponential distribution and that of Pareto
distribution is the same as the hazard function of exponential-shifted gamma
distribution.

Similarly, the sum of the hazard function of Pareto and exponential-inverse Gaussian
is the same as the hazard function of exponential-reciprocal inverse Gaussian.

It is easier to express the convolutions in terms of pgfs and recursive forms
rather than obtaining pmfs explicitly.

Panjer’s recursive model holds for Hofamman hazard function when:

e one of the two hazard functions is a constant.

e when a; =az, pp1=p2 and cy =c3

In chapter 2 and 3 exponential mixtures were expressed either explicitly or in terms
of special functions, thus modified Bessel function of the third kind and confluent
hyper-geometric function. However, in chapter 4 it has been determined that
there is a link between exponential and Poisson mixtures but through the hazard
functions that expressed explicitly and are members of the family of Hofmann
distributions.

Further work is to identify other families of hazard functions of exponential
mixtures, which are not necessarily members of the family of Hofmann distributions,
and whose sums of hazard functions give rise to convolutions of Poisson mixtures.
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Chapter 6

HAZARD FUNCTIONS OF CONTINUOUS
COMPOUND DISTRIBUTIONS

6.1 Introduction

Laplace transforms of probability distributions play a key role in obtaining ex-
ponential mixtures. In this chapter hazard functions are obtained using Laplace
transforms of fixed and random sums of independent continuous random variables.

An attempt has also been made to derive the associated mixed Poisson distri-

butions, where possible.
6.2 Convolutions

Let

where Y{s are iid continuous random variables and N is fixed.

Suppose

L z(t) = the Laplace transform of z (6.1)
and,

Ly (t) = the Laplace transform of Y; for i =1,2,3,...,N
Then,

Ly (t) = [Ly (0

If the Y; is exponential with parameter A, then
A
Lz(t) = [m]N
— AN (A41)~N-1

implying that

L (t)=—NAY (A4t~ N1
and the hazard function of z is
L,(t)

Pelt) == Lz(t)
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N AN (A4t~
AN (A+t)N
N

T A+t
N

= (6.2)
A(1+%)
which is Hofmann hazard function with parameters

N 1

p:— C = —

A’ oo o=t

This is a hazard function of a Pareto (exponential - gamma) distribution.

If Y; is gamma with parameters £ and A, then

- (5]
=XV (A4t)7 <N

Therefore,
L (t) =XV (—k N) (A4t)~ N1
and,
L (t
h,(t) = — =(t)
Lz(t)

KN XN (A4 )~m N1
T )\nN(}‘+t)—nN

which is Hofmann hazard function with parameters

_K,N 1

= c= — a=1
p A, A’

This is also a hazard function of a Pareto distribution whose associated mixed
Poisson distribution is a negative binomial distribution.

(6.3)
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6.3 Compound Distributions

Let

where Y{s are iid continuous random variables and N is also a random variable
independent of Yjs.

Suppose
Lz(t) = the Laplace transform of Z (6.4)
Ly (t) = the Laplace transform of Y; for : =1,2,3,...,IN
and,
F(t) = Fn(t) = the pgf of N
and,

Lz(t) = Ele™"]
= EE[e "*| N]
— EE[e—t(Y1+Y2+ ..... +YN) |N]

= E{B(e™™) E(e™™)...E(e™"V)}

= E{Ly (t)}¥
= F[Ly(t)] (6.5)

which is a pgf of the Laplace transform
(6.6)

Compound distributions have many natural applications, for example the insurance
application. In an individual insurance setting, aggregate claims are modeled
during a fixed policy period for an insurance policy. In this setting, more than one
claim is possible, for example, auto insurance and property and casualty insurance.
In a group insurance setting, the aggregate claims are modeled during a fixed policy
period for a group of insureds that are independent. In other words, distributions
that can either model the total claims for an individual insured or a group of
independent risks over a fixed period such that the claim frequency is uncertain
(no claim, one claim or multiple claims) are discussed.

The random variable zyy is said to have a compound distribution if

(1) the number of terms IN is uncertain, (2) the random variables Y; are indepen-
dent and identically distributed (with common distribution Y) and (3) each Y is
independent of IN.

The sum zx as defined above is sometimes called a random sum. In this case, the
variable IN represents the number of claims generated by an individual policy or a
group of independent insureds over a policy period. The variable Y; represents the
ith claim and zn represents the aggregate claims over the fixed policy period.
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6.4 Compound Binomial Distribution

If N is a binomial distribution, then z is said to have a compound binomial

distribution.

Suppose N is binomial with parameters n and p, then

Lz(t)=(q+pLy(t)"

whereq=1—0p

L) =np Ly (t) (g+p Ly ()"

and,

—L(t)

h.(t) = Lyt

—np Ly (t) (g+p Ly (t)" "}

(g+p Ly (t))"
—np Ly (t)
q+pLy(t)

6.4.1 The Parameterization when Y;s are Exponential

(6.7)

In Y; is independent and identically distributed as exponential (Exp()), with

parameter A\, the Laplace transform of Y is

A

The hazard function of zn () is

A
np (A+t)2
a+p 2

np A

T A +H(A+qb)
A B

- )\—l—t+)\—i—qt

h(t) =

by partial fraction technique

npA = A(A+qt)+ B(A+1)
= A\+ Aqt+ B\ + Bt
A+ B =mnp
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Ly () =

(6.9)

A+t



and,

Ag+B =0
A—Aq=np
Ap =np
A=n
and,
B=np—n=—ngqg
ho(t) = — — ™ (6.10)
A+t A+qt
Alternatively
Lz(t) = F[Ly (t)]
=[g+p Ly (t)]"
A n
=[qg+p m)]
= A+ (A+qt)"
L(t) = —n(A+ )" (A+qt)" + ng(A + )" (A+ gt)" 1 (6.11)
Therefore,
—L,(t
hz(t) — Z( )
Lz(t)

n(A+8) "' A +qt)" —ng(A+) (A +qt)" !
A+t (A+qt)"
n nqg

— _ (6.12)
A+t A+qt

the difference of hazard functions of Pareto distributions

(6.13)

6.4.2 The case with gamma iid random variables

In the Parameterization Y!s are identical and independently distributed gamma
random variables with parameters x and A and therefore

K

A
gy) =My y>0A>0k>0 (6.14)

The Laplace transform of Y is

Ly(t)= [ e 'Y g(y) dy

0\8
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The hazard function of zn () is

using partial fractions.
Alternatively

The Laplace transform of zn (%) is

The hazard function of zn () is
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00 G
:/ e—ty - e—)\y yn—l dy
5 I'

e T
- / Y1 e~ MY gy
I'
0
_ AF '
Tk (A+t)<

A K
= (7)\—|—t)
—RK \®

= Gy

(6.15)

K A®

P T
a+p (59"
1 npk A*
(A1) (@A +D)F +pAr)
B 1 npK

(A+1t) (g1 +3t)~+p)
kM nKkq ()\—l—t)"‘_1
(A (AHt)Rg+paK)

(6.16)

h(t) =

L2 = (a+p ()

= ((A4+8)"g+pA*)" A+t)~""
Ly(t) = n((A+t)"g+pX*)" " kg(A+£)~71

—n (A +8)"q+pA*)" " kg(A+1)"~
(A+2)"

_ mn(A+ D)L (A 65 g+ A"

(AR AR (A t)Tn

h(t) =

_ kN nkq (A +t)=—1
(D) (AR pAr)
(6.17)



The compound binomial distribution is applicable to aggregate claims by a group of
independent insureds, with IN distributed as binomial. The variable Y; represents

the ¢t claim and zn represents the aggregate claims over the fixed policy period.
6.5 Compound Geometric Distribution

If N is a geometric with parameter p and if it is independent of Y{s then its
probability generating function is given by

p

Fn(t) = 6.18
) =2 (6.19
The Laplace transform of znr(t) is
p
Lz(t) = ———
z(t) =7 “aLy(®
pq Ly (t)
L (t) = 6.19
0= 1= Ly 1)) 019
The hazard function of zn () is
L, (t
Lz(t)
pq Ly (¢)
_ (—gLy(®)?
p
1—q Ly (%)
_aLy(®)
(1—gLy(?)
(6.20)

6.5.1 The case with exponential iid random variables

In Y; is independent and identically distributed as exponential (Exp(\)), with
parameter A, the Laplace transform is

A
Ly(t) = ——
=31
L, (t) = A (6.21)
YT (A 41)2 '
The hazard function of zn(t) is given by
A
q A+t 2
h(t) = - T (At)
— 935
g

T A+ A1 —g)+1)
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1 1

= — 6.22
Ap+t A+t ( )
using partial fractions.
Alternatively
The Laplace transform of zn (%) is
p
La(t) = —
1—q(x37)
_ p(A+1)
N Ap+t
=pA+t)(Ap+1)~
Ly (t) =p(Ap+t) ' —p(A+t)(Ap+1t) 2
The hazard function of zn () is
—L,(t
Lz(t)
_pAp+t)t—pA+t)(Ap+1)2
p(A+t)(Ap+1t)~t
_ ! ! (6.23)
CAp+t A+t ‘

6.5.2 The case with gamma iid random variables

The Y{s are distributed as gamma with parameters x and A and therefore
The Laplace transform of Y is

Ly (t) = ()"

A+t
C(AF)s
—K\F 1
L, (t)) =
v()) A+t)" A+t

The hazard function of zn (%) is given by
RA® 1
h(t) = 9 o= e
= =
R R sty
1 gr\”

T ] [(A+5)F—g AT
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K K

T A —a(2)r A+

using partial fractions.
Alternatively

The Laplace transform of zy, () is

b
Lz(t) = ————
1=a 3=
=pA+ ) (A+)*—q X))~
LY (t) = prA+ )" (A+ 1) =g A") 7" —p(A+ )" A+ (A+8)"—g A
Therefore, the hazard function of z,(t) is
—PrA+ D) THA+ )" —g AT +pA+ )" KA+ T [A+)" —q

PA+ ) [(A+1)" — g A%]~1
_PAH) AT A+D)" =g A2 pr(A+ )" THA+H)" —g A"

h(t) =

PAFE)E[(A+1)" —q A-]~L PA+E)R[(A+1)* —q AR
k(A4t)"1 K
A )E—g A (A+t)

T AHL—a(2)r (A

Remark 6.1. The hazard functions of the compound binomial distribution and
the compound geometric distribution are a difference between Hofmann hazard
functions and therefore they are not convolutions.

The compound geometric distribution is applicable to aggregate claims by
a group of independent insureds, with IN the number of claims generated by
a portfolio of insurance policies in a fixed time period following the geometric
distribution. The variable Y; represents the ¢t? claim and zjn represents the
aggregate claims over the fixed policy period.

6.6 Compound Shifted Geometric Distribution

If N is a shifted geometric with parameter p and if it is independent of Y!s then
its probability generating function is given by

The Laplace transform of zn(t) is

p Ly (t)

b= @
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pq Ly (t) Ly (t) p Ly (1)
(1—qLy(t)? (1—qLy(t))

The hazard function of zn () is

—L%(t)

Lz(t)
_ —qLy(t) | —Ly(?)
- (1—gqLy(t) Ly(t)

Ly(t) =

h(t) =

6.6.1 The case with exponential iid random variables

In Y; is independent and identically distributed as exponential (Exp(\)), with
parameter A, the Laplace transform is

=55

Lg/'(t) = —m

The hazard function of zn (%) is

A A
h(t) = q(A-i-t)j (Aq}-\t)2
l-a9x7) =
_ qA n A
A+ t—gA)  (A+HA
_ qA n 1
(A DA+ (A+1)
1
"~ (pPA+1)

Alternatively

The Laplace transform of zn (%) is

p Ly (t)

1—qLy(t)
A
_ P
J . S
(A+t)
A+t

=pA(pA+1t)~"

Lz(t) =
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L'y (t) = —pA(pA+1) 72
The hazard function of zn (%) is

_ pA(pA+1)72

C pA(PA+t)L
1

~ (pA+t)

h(t)

6.6.2 The case with gamma iid random variables

The Y{s are distributed as gamma with parameters k£ and A and therefore
The Laplace transform of Y is

Ly(t) = (o)
—Kk AF

Ly (t) = (O Ft)rtt

The hazard function of zn () is

K A® K A®

SN ) Can N ) s

h’(t) = AR AR
(1-aplye) oo
_ qr \F n K AF
A (AR —gAR) T (A+t) AR
q K A\~ K

= +
(A+1) (A+D)—qA®)  (A+1)
Alternatively

The Laplace transform of zn (t) is
pLy(t)
1—gq Ly(?)
_ p(pp)”
C1-q ()"
28
T (AR —gx
=pA" ((PA+1)"—gA")™
L (t) = —prX* ((PA+1)" = gA") ™ (A+)"7!

Lz(t) =

The hazard function of zn () is

PRA® (DA +1)" — gA®) 72 (A +1)"!

M = (oAt ) —aan) !

259



B K(pA+1t)~ 1
(A1) —gA®) A+t

_ qrA\* N K
(A1) (A —gAs)  (A+1)

using partial fractions.

The compound shifted geometric distribution is applicable to aggregate claims by
a group of independent insureds, with IN the number of claims generated by a
portfolio of insurance policies in a fixed time period following the shifted geometric
distribution. The variable Y; represents the P claim and zn represents the

aggregate claims over the fixed policy period.
6.7 Compound Negative Binomial Distribution

If N is a negative binomial with parameters a and p and if it is independent of
Y!s then its probability generating function is given by

p
1—qt

Fn(t) = ( )% ptg=1

The Laplace transform of zn (%) is
b
Lz(t)=(——7-—)¢
V=4 L e
Ly(t) = ap® q Ly (t)) (1—q Ly (t)™""

The hazard function of zn () is

—L%(1)
Lz(t)
_ —ap®qLy(t) 1—gLy(t) "
p* (1—qLy(t)™"
_ —aq Ly (1)
(1—qLy(t))

h(t) =

6.7.1 The case with exponential iid random variables

In Y; is independent and identically distributed as exponential (Exp(\)), with
parameter A, the Laplace transform is

A
Ly (t) = i
A
Ly (t) = —m
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The hazard function of zn () is

A
aq()\_;’_t)Z
A
(1-a53)
_agA 1
T (PA+t) (A +1)
o

-

h(t) =

T trpA A+t

using partial fractions.
Alternatively

The Laplace transform of zn (%) is

p a

7>\)
A

— (a7 1_ R Y & 1

p* ( q}\+t)
_ a()‘—i_t_q)‘)—a
—P A+t
=p* (t+pA)~* A+

Ly(t) = —a p® (t+pA) "L (A+ )%+ ap® (E+pA) ™ (A + )1

Lz(t) = (

The hazard function of zy,(t) is

_ap® (t+pA)T A H )Y —ap® (t+pA) T (A+1)> T

P®) p* (PN (A+E)°
_ap*(t +pA)" L (A +t)e _ ap® (t+pA)~* (A+t)>1
P (E4pA)T (At t)> P (t+pA)~ (A+1)
o (8 (8
Tt ph A+t

6.7.2 The case with gamma iid random variables

The Y{s are distributed as gamma with parameters x and A and therefore
The Laplace transform of Y is

Ly() = (o)
L) = "
YO Ry
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The hazard function of zn () is

 —aq L)
M) = g T (0)

K A"
O 4 i)

(1—q (39)"%)

_ aqkrN® 1
(A )F—ax) (A1)
ak(A+t)F1 ak

T (A +Hr—grm) (A+1)

using partial fractions.
Alternatively

The Laplace transform of zn (%) is

p

Lz(t) = (W)a
;
_ a((>‘+t)n_q)‘n)—a
-P A+t

=p* (A+1t)*—gA\*) ™% (A+1)*"
L) = —akp® A+t (A+1)"—g\*) """ (A+1)*"+
akp® (A+1)" —gA®)™* (A +1)ox~1

The hazard function of zn () is

arp® A+1)""1 (A+8)" —qx") ™71 (A+1)*" —akp® (A+18)" —gA
P (A+1)" —gA")™% (A+t)om
_ akp® A+t)" 1 (A+t)F— q)\"‘)_o‘_1 (A+t)xF B akp® (A+t)% — g
a P (A+1)5 —gA")™" (Aft)ox P (A+1)" —gA
B ak(A+t)F1 ak
(DR =g (At
Remark 6.2. The hazard function of the compound negative binomial distribution

s also a difference between Hofmann hazard functions and therefore it is not a
convolution.

h(t) =

Even though the compound Poisson distribution has many attractive properties,
it is not a good model when the variance of the number of claims is greater than
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the mean of the number of claims. In such situations, the compound negative
binomial distribution may be a better fit.

In this case, the compound negative binomial distribution is applicable to
aggregate claims by a group of independent insureds and zy =Y+ Yo +---4+YnNn
represents the total aggregate claims generated by a portfolio of policies in the given
fixed time period. IN, which is considered to be the number of claims generated
by a portfolio of insurance policies in a fixed time period, follows the negative
binomial distribution and Y7 is the amount of the first claim, Y3 is the amount of
the second claim and so on.

6.8 Compound Shifted Negative Binomial Distribution

In this Parameterization N is a shifted negative binomial with parameters a and
p. Thus

Fn() = (2
Therefore,
_, pLy(®) |,
Lz(t) = (m)

6.8.1 The case with exponential iid random variables

When Y; is exponential with parameter A, then
A

Ly(t) = (250 )°

—4d 3
[ A+t—gA

N pA+t

= (PA)* (PA+1t)™“
L (t) = (pA)* (pA+1t) " (—a)

Therefore,

a (pA)* (pA+t)—~1
PA)* (PA+t)~@

h.(t) =

:pA—l—t
(87

_ P
= t
1+ 5
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which is a hazard function of a Pareto distribution with parameters..

The associated mixed Poisson distribution is a negative binomial distribution with
parameters..

6.8.2 The case with gamma iid random variables

When Ys is gamma with parameters & and A we have
A (81
p (>\7+,5)K

L = |- ATt?
Z(t) 1_q(%+t)n

_ [ pA* r

Tl g
L (1) = (p vy ZAATD" 24X

= (P A" (—a) [(A+8)"—g A"k (A 4)"
ha(t) = =2 (P A™)* [(A +t)';; q /\“]a‘“‘1 (A+t)r1
feeri=ryd

kR« (A+t)~1t
(At —gAn

ko y { 1 }
= Y
At 1-a(x3)
The compound shifted negative binomial distribution is applicable to aggregate
claims by a group of independent insureds, with IN the number of claims generated
by a portfolio of insurance policies in a fixed time period following the shifted

negative binomial distribution. The variable Y; represents the i*" claim and zn

represents the aggregate claims over the fixed policy period.
6.9 Compound Poisson distribution with continuous iid variables

If N is a Poisson with parameter p and if it is independent of Y{s, then
Fn(t) = e (=D

Therefore,
Lz(t) = e—P(1—Ly ()
Ly(8) = p Ly (t) PPy ()

—L% ()

Lz(t)
—p L (t) e—P(1—Ly(t))
e—P(1—Ly (1))
= —p Ly (t)

h:(t) =
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6.9.1 Compound Poisson distribution with exponential iid random
variables

When Y is exponential with parameter X\, then

A
Ly(t) = ——
v (%) Tt
and,
/ A
Ly(t)=————
pA
hy(t) = ——
___pA
A2 (14 %)2

which is Hofmann hazard function with p = §7 c= % and a = 2

It has been shown in chapter 4 that when the Hofmann hazard function is of the
form

p

M) = e

p>0,c>0
then we have the following results associated with mixed Poisson distribution.

The coefficients of G(s,t) were obtained as

1 ct
g () 1+ ct (1—|—ct)

and,

go(t) =0 for r=1,2,3,...

ct . " n—1 pt .1
1t PO J; (j—1> (et (1—|—ct))] 4!

Pn(t) = (
t
which is the Polya-Aeppli distribution and po(t) = e Thet

6.9.2 Compound Poisson distribution with gamma iid random vari-
ables

When Ys is gamma with parameters k and A, then
A
Ly(t)=(—)"
v =G
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—K A\F

()=~ *
L0 = e
and,
ha(t) = —p Ly (1)
PR AT
N (A t)r+1
Alternatively
— ¢ P(A=Ly;w)
— o P=(39)")
Lly(t) = —pX (A4 1) 1 e P0G
and,
ho(t) = — Y\
z(t) e @
PSR (A1)~ 0GR
- e P—(z30)")
=pA" k(A1)
_ PATE
= (A—'—t)ﬁﬂ_l
_ kP 1
A 1+ %)K+1
Let,
- X +1
p _- C — — a=k
A A
Therefore,
h(t):(l—l—cpt)7"Jr1 p>0, ¢>0 and r> -1

which is the parameterized Hofmann hazard function

The associated mixed Poisson distribution has been obtained in chapter 4

Remark 6.3. The hazard functions of compound distributions when Y;s are
distributed as exponential are special Parameterizations of hazard function of the
same compound distributions when Y;s are distributed as gamma.

266



Exponential-Hougaard Distribution

By re-parameterizing (6.9.2) using
=

K=—a, A=p p=— for a<1,6>0 and 60>0
a

the results obtained by Hougaard (1986) and stated by Hesselager et. al. (1998)
are obtained
Ly(t) = e o (BHD°=6%)  for e (0,1)
Ly(t) = —8 (B+1)* 1 e~a (B+O)7—5
h(t) =

B+
0

= ﬂl—a (1_|_%t)1—a

Remark 6.4. .

1. The exponential-Hougaard distribution is a compound Poisson distribution whose
1id random variables are gamma distributed.

2. Hesselager et. al. (1998) have stated the mixing distribution

B _)\94_”% 1 & I'ka+1) 0~ .
g(e)——e( )770 k;l T (—p - )< sin(k a )

as given by Hougaard (1986)

3. The formula for the mizing distribution derived by Hougaard (1986) is compli-
cated. However, knowledge of the Laplace transform of the mizing distribution is
sufficient to obtain the associated mized Poisson distribution.

4. The exponential-Hougaard is a parameterization of Hofmann hazard function
with parameters

6.9.3 Associated Mixed Poisson Distribution

We now obtain the associated mixed Poisson distribution using Hougaard’s param-
eters.
The cumulative hazard function is

t
G(t):/ 5 (B+z) ! de
0
5
=% (B+2)lcq
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o) = 2 (B+0)"— %)
0 (t—ts)=  ((B+1—1s)" 5%
The pgf of the mixed Poisson distribution is
H(s,t) = e~0 t=ts) — g=5 (BH+t—ts)"—5%)
— e & (B=t(s=1))"—p)
—28% (-4 (s—1)-1)

=e

oy = = (1300

The pgf of the iid random variables is
0(t—ts)

6(t))
((B+t—ts)* —B%)
(B+t)>—B)

By power series expansion

(B+8)*—B*) —((B+t—ts)* — %)

G(s,t) =1—

G(s,t) =
(=0 (B+0)°—p%)
_ (BB —(BHt—ts)* _ (BHH*—(B+1) (1—55)°
((B+1t)>—B°) (B+t)>—p°
_1-0- a0
o 1_(L)a
B+t
xX « ts \x
- 1—:}::0 (a:) (=54
-Gl
X [—at+xz—1 ts \a
SE () s
G
—a+t+x—1 t \x
= S
=1 (%)a_l
—a+t+x—1 z
. (T Gt
gz(t) =
() —1
which is a zero-truncated negative binomial distribution with parameter o 0<ax<l1
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Using the the differentiation method

0(t—ts 1 (B+t—ts)*—

G(s,t) =1— =
O (B+07— %)
/ _ a—1 _
G'(s,t) = — (ﬂH)a a( (B+t—ts)* . (—t))
G (s,t) = (,8+t)a 5o (o (@ —1) (B+t—ts)* 2. (—t)?)
G (s,t) = (ﬁﬂ)a o (o (@=1) (a—2) (B+t—ts)*>. (-t)%)
_ . «a —t 3
(ﬁ+t)a ( >(ﬂ+t ts) (B—|—t—ts)
T _ o _ o —t T
et = (ﬁ+t)" <w> et Gre—ts)
9:(t) = — G*(5,8)|mo= — G*(5,8)]sz0
x! x!
(B (—a—|—w—1) ( t %
ICEDE x (B+t
:; <—a+m—1>( t o
() —1 z (B+t
which is a zero-truncated negative binomial distribution with parameter r = —a; 0<ax<l
gz(t) _a—l—l B
9o a1 (D) ﬁ+t( 7), r=2,3,...
The recursive form of the compound Poisson distribution is:
_pt " T'l—a+1i)  ct '
(n+1)pnt1(t) = (1+ct)e ;} AT(1—a) (1—|—Ct) Pn—i(t)
. ot " T(1—a+1i) t '
TEe e & ira-a) pre) 0
ot " I'(1— ] t .
(et Dpaga(t) = o 3> BAZOHD

(BH+t)— = i'T(1—a) B+t

For n = 0, we obtain pj(t) as follows:

ot
p1(t) = Broi—e po(t)

For n = 1, we obtain p2(t) as follows:

ot LT(l—a+d) ¢t .,
2p2(t)—m i;) AT(1—a) (5+t) p1-i(t)
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ot re—a) t
CEDE (pl“”m—a() ﬂ+§p°:t>>
ot ot I'2z—a ;
T (Bt ((ﬂ+t)1‘“ +1“(1—04) B+t> po(t)
(6t)2 r2—a) tot .
= (o -0 Groe) PO
r2—a) tit (6t)2
2pa() = (m—oo et @ era) PO
i (o)
p2(t) = pO(t) Z Ca,i(a) t*~ (B+t)2—ia
where
Caa(a) = ;g - a;, Coz=1
For n = 2, we obtain p3(t) as follows:
ot 2 M(l—a+d) ¢t .,
3ps(t) = W Z%] AT(1—a) (5+t) p2—i(t) | 2
ot rec—a) t I'é—a t £
ZWU?()+F(1 )ﬁ+tp1(t)+2!1“(21—a) (B-i—t)po( )
6t 1T@2-a) tdt LGOI
~ (Btt)ie 5 I'(l—a) (B+t)2—@ 2)(B+t)22—2a
rc—a) t ot I'S—« t
M=) pri (-0 2T(—a) Gr2 ™0
1T(2—a) t(dt)2 1 (at) r2—a) t (6t;_2a
“BTa—a) Bror T2 B TA-a) (B0
a 26
2%321 _ c)x) (5it)z—a] po(t)
1 TB—a) t?4t I'(2—a) t(dt)? L2l a) t (522‘
T2 [F(l_a) (B+t)3—@ TI'(l—a) (B+t)3-2« (B+1t)3—
3
(ﬁ_f_(s;);;_?,a] po(t)
1 t? ot N t (6t)? Cn.
= 2 [C3,1 W + (Cz,l(a) +2 ((16;)20‘) C'2,2( ) (5(;;)23_20‘ + C3:
t2 5t t
3ps(t) = 1 [C3,1 W +C3,2(a) W +C3.3 W] po(t)
;. (o)
p3(t) = pO(.t) Z Cs,i(a) t3~ (B+t)s—ia
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where,

Coi(@) = [ o)
03’3(06) =1

For n = 3, we obtain p4(t) as follows:

ot 3. T(1—a+1) t
(B+t)t—e gﬁ i I'(1-a) ((B+t)
B ot I'2—a) t
= (Broia [P3(t)+1!r(1_a) ((ﬂ+t))p2(t)+
| t I'4d— o) t
I'3—a)2!'T'(1-a) ((ﬂ+t))2pl(t)+3! r(l—a) ((ﬂH))?’po(t)]
_[1 r3—a) t2(8t)? 1T(2—a) t(6t)3 +1 (1—a) t (
T T(l—a) (Bt 6T(1—a) (B8 3 O (Bt
1 (6t)* 1 T2—a) , t*(6t)? 1 W (t)? (6t)3
E(ﬂ+t)4—4a+5(1zr(1—a)) (5+t)4—2a+2(1 )(ﬁ—|—t)4—3a
FB—a) t(8)* 4 5o, T@—a) ot ., ,
AT —a) (B1D) ST —a) \Bre) P®
_Td-a) t ot
N [3!I‘(1—a) (B+t)4—aJr
1TB—a) t*(8t)? l2(1_ ) t (6t)3
31 T(1—a) (B+t)i—2a ' 31 Y (B t)ia
1 r2-a) t2 (6t)2 1 _T(B—a),6 t(6t)2
ETRAST 1*(1—04))2 (Brii2a ' 31 5 I'(l1—a) ((5+t)4—2a
1T2-a) t(at)° )2 (t)> 1 (ot)*
I T(1—a) (B+t)+3« (B+t)43> 3! (B+t)t4
1 r4—a) t ot r3—a) t2(6t)? t
= s PO ) Brote T —a) Broi 20T (G
3(1“(2—04) , t?(ot)? 3I‘(3—a) t(6t)2 T (2—a) t(6t)3
F'l—a)” (B+t)4 2 T(1-a) (B+1)2T(1-a) (B+t)*
(1—a) (t)* (6t)° (at)* ]
(B+t)i=3> ~ (B+t)tte

1 t ot t? (ot)? ACHE
= apo(t)[cﬁ,l W‘F 3,1 W‘Fz (1—a) W

gz PE)? G — _t(E)°
PO i PO (e T Gy
(t)? (ot)° (dt)* ]
(B+t)43«  (B+t)t1e

)¢ p3—i(t)

4p4(t) =

1
+§3(1—a) ] Po

3(1—a)
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= P OCu s O 20— (=]
0= i Gy
Apa(t) = (ﬂjtt)l_a Po(t) Zl Cy,i(a) 5 z(ﬂf;);_m+
FroT ?E?iii Fri e 3 Cale) P g
St I‘(3—a)( ¢ 2 ot po(t)+

B+)l>T(1l—a) B+t (B+t) 2!
ot I'4— o) ( t t po(t)
B+t)l2aT(1—a) B+t 3!

pa(t) = P00 (z Cuia) t (“)_)

T B+
pu(t) = 220 (Z Crila) " (ﬂﬁ?_a)
where,

Cy2(a) =C31(a)+C32(a)(3—2a)

Cy3(a) =C32(a)+C33(a) (3—3a)
Cri(a) = Cr_1-1(a) + Cp—1i(a) (n—1) —i o)
Chn(a) =Cyyu(a) =Cz3(a) =Ca2(a) =1

as given by Hougaard et. al. (1997)

The compound Poisson distribution is applicable to aggregate claims by a group
of independent insureds, in which case, zy = Y1 + Y2 + -+ 4+ YN represents the
total aggregate claims generated by a portfolio of policies in the given fixed time
period. NN is considered to be the number of claims generated by a portfolio of
insurance policies in a fixed time period, such that, Y7 is the amount of the first
claim, Y2 is the amount of the second claim and so on. For the model to be more

tractable, the following assumptions are necessary:
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1. Y;s are independent and identically distributed.
2. Each Yj is independent of the number of claims INV.

When the claim frequency N follows a Poisson distribution with a constant
parameter A , the aggregate claims zn is said to have a compound Poisson
distribution.

6.10 The Sum of Hazard Functions of Exponential-Hougaard Distribu-

tion with other Forms of Hofmann Hazard Function
The sum of two hazard functions of exponential mixtures can be in the form of
Hofmann hazard functions; i.e,

Dp1 4 D2
(1+cit)® ' (14 cat)e2

h(t) =

In the equation 1' a;=1—a and az = %

D2 + D2
(L+et)=2 " (14 et)

h(t) =0'(t) = for p1,p2>0, and ¢>0

where the second hazard function is that of an exponential-inverse Gaussian
distributions.

D1
«x C1

01(t) = 2 ((14e1t)*—1)

01(t —ts) = of)(l: (14 1t — erts)® — 1)
1

The pgf of the convolution is

H(s,t) = e 01(t—ts) ,—02(t—ts)

1
_ e_apél ((1+cit—cits)*—1) 6_% <(1+02t—02t3)2_1>
Therefore the sum of hazard functions of exponential-Hougaard distribution and
that of the exponential-inverse gamma distribution give rise to the convolution
of the Poisson-Hougaard distribution and the Poisson-inverse gamma (Sichel)
distribution.

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

.1 . m
Glst) =1 0(t) [a c1

2
(14 et — e1t8)® — 1]+ P2 [(1 4 eat — cats)? — 1]
C2
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G/ (s,t) = —@ [—a( c1t)(1+cit+cits)*™ 1+— (—cat)[(1 + cat — cats)
G (s,t) = —0(1t) [—a(a —1)(—c1t)?(1 + crt + c1ts)* 2+
(—f) =2 (—czt)2(1+czt—c2ts)—%]

G (s,t) = O(t) [—a(a—l)(a 2)(—c1t)3(1 4+ c1t + c1ts)* 3+

(—3)(—) 2 (—eat[(1+ cat — cats) ¥
C2
x L | ! [& —ct x c cits)”
G (S’t)_e(t) [acl : (m) (1—i—clt—|—clts) (I+ert+eits)™+
[2.(x —1) —1] [2.(x —2) — 1] [2.(x —3) — 1]

2 2 2
[2.32— 1] [2.22— 1] [2.12 1] pz( 711+ cxt — eqt)~ 25

1 P1 ' [0 _clt x «
“00) lae ™ (f’?) (1+c1t+c1t Pl rattats it
[(33—1)—*] [(w—z)—*] [(93—3)—*]

38— 5112~ 2] [1—] P2 (cat)°[(1+ cat — cats) =

1 D1 o —Clt
== 3 ! T (1 i — erts)®
0(t) acr <m> (l—l—clt—clts) (14 c1t —eats)®]+
—1)! 1y 1
(we(t)) <(wwi)1 2) p2 (th—CztS) [(1+02t—02t5)2 T

a
T (1 £ o1tg)®
O(t) aCl <35‘> (1‘|‘01t—clts) 14+ cit—cats)*+
(x—1)! p2 <§_|_a;_1_1)( cot

1
@1 t—cats)2
O(t) co r—1 (1—|—c2t—czts) (14 cat = eats)

lo}
T (1 t— £)
G(t) 0561 (az) (1+01t—clts) (1+c c1ts))+

)w—l cal

1 t—
O(t) Cz iB—]_ (]_—l—Czt—CztS (1+Czt—62t8( te

The coefficients of G(s,t) are

go(t) =0

50 = g 2 (3) (O

o 7 (o

)7 (At et)™+

m»-t =

_|_
z—1 2
) G T (et



where,

e(t):a —1)+7 ((1+C2t)z—1>

The recursive form for the convolution of compound Poisson distributions is

npuw=ea)§:w%a>mhaw

r=1

=6(t) Z m[e(t) <w> (1+ ):c (1+cat)*+

r=1

xm< )Pa+flu+@w4mmw

N Z z <z> (1+ )w (14 c1t)® pn—o(t)+

pat ( )(—(H)m U (14 cat) ™2 pp_o(t)

p a
= a; (1+cit) ( ) T Pn_z(t)+
T= 1
_1 " 1 C2t r—1 .
(1+cat) "2 pat Z 2 (1—|—7) Pr—a(t) forn=1,:2

6.10.1 In the equation (5.23) aj =1and a2 =1—«

Let us consider a Parameterization when

a; =1 a2=1—« c1=cy=cC

Therefore the sum of two hazard functions of exponential mixtures in the form of
Hofmann hazard functions is h(t) = €’(t) and therefore

D1 D2
h(t) = (14 ct) + (14 ct)l-«

which is the sum of hazard function of Pareto and that of the exponential-Hougaard
distribution.

This sum of hazard functions can be obtained by considering the hazard function
of the Benktander type II distribution, which basically is an exponential mixture.
The family of Benktander distributions is based on mean excess loss also known as
Mean Residual Lifetime (MRL).

The Mean Residual Life is the expected additional lifetime given that a component
has survived until time z. More specifically, if the random variable X represents
the life of a component, then the Mean Residual Life is given by

m(z) = E(X —z|X > z)

for pi,p2 >0, and c>0
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Prob(X > 2z)=1—F(z)
1—F(2) :/ f(x) dz

and 1= 7 f(@)

The distribution of Mean Residual Lifetime X — z is therefore
F(x)
2) = or X >z
9(z)= "5 B f
The Mean Residual Life is given by

m(z)=E(X —z|X > z)

= 7(X —z) F(@) dz

1—F(=2)

1—F( ) | /(X—z)f(w)da:

Integrating by parts,

Let
u=X—=z =
dv = f(x) dz
dS(x)
- dx
=-S@) =
Therefore,

[ (X=2) f(z) do = —(X —2) S(2)|Z + | S(x) da

:0—|—7OS(:1:) dx

m(z) = — F()/(X—z)f(w)dw
_Jiore,
JTFe)
(z)—dm(z>—[/ e dal
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d 1 ¥
=l 150 z/(l—F(a:)) dz+

1

1—F(2) E (1—F(x)) du]

:(117(2))2 /(1 F(z)) do+ — _F( 10— F@) 1

_ F(2) T(@-F(@)) 1

T1-F(z) | (1-F(2) dwt pe 0~ A= FE)

_ F(2)
1 —F(2) m(z)—1

m/(z) =h(z) m(z)—1
Therefore,
_ 14+m'(2)
ME ="

For Benktander distribution type II,

Zl_b
m(z) = , 0<b<1
a
' b
m (z) = 270
14 1=b -0 azb—l—(l—b)
h(z) = z::l—b =
z
a
1-0b a
h(z)=—
(2) L T i

Using the notations of Hesselager et. al. (1998), leta =p, b=a and z=x + A
so that 3—; =1

Therefore the Mean Residual Lifetime of the Benktander type II distribution is

x4+ A1
m(w) = % ac (Oal)
and the hazard function is
l1—« 7!
h =
@) AT @raie
Let,
. l—«
pP1 = by
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1)
Ala

p2 =

h(t) =

D2
(1 + t) (1+4ct)l—

for pi,p2 >0, and c¢>0

Remark 6.5. . The hazard function of the Benktander type II distribution is the
sum of the hazard functions of the exponential-gamma (Pareto) distribution and
the exponential-Hougaard distribution.

h(t) =0’'(t)
= 61(t) +65(t)
_ DP1 + D2
(1+ct)  (1+ect)la
01(t) = 2 In(1+et)

01(t—ts) = 121 In(1+cit—cqts)
1

The pgf of the convolution is
H(S,t) — e—Hl(t—ts)e—Oz(t—ts)

—%In(l—I—clt—clts) P2 [(14-cat—cats)*—1]

ac2

Therefore the sum of the hazard function of the exponential-gamma (Pareto)
distribution and that of the hazard function of the exponential-Hougaard distri-
bution give rise to the convolution of the negative binomial distribution and the
Poisson-Hougaard distribution

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

01(t — tS) + Oz(t — tS)

G(s,t) =1— o0
Glat) = 1— BLIn(l+cit—cits) +9:) [(1 4 cat — cots)® — 1]
G (s,t) = — O(t) [f( c1t) (14 cit+eits)™ 1+—Ca( cat) (1 + cat + et
G’ (s,t) = a(t) [—( 1)(—c1t)? (1+ert+erts) 2+
a —1)(—cat)?(1 + cat + cats)* 2]
G (s,t) = O(t) [f (—1)(=2)(—c1t)® (14 c1t + crts) 3+
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P2 a(a—1)(a—2)(—ext)*(1+ st + eats) >

a
cit
Gw 7t - _— ! r__
(s,t) = e(t)[ s (- )(1+clt+c1ts)
P2 ! o —cat T o
! 1 ¢ .
acs ("3) (1+Czt—|-czts) (14 et + cats)?]
The coefficients of G(s,t) are
go=0
1
ga(t) = —G(5,8) a0
x!
1 pl ]- cit P2 a
- Y 2 z (1 . Lo
T0(t) a1t V) T ac <m> (1+ L)e (14 eat + eats)?]

The recursive form for the convolution of compound Poisson distributions is:

npa(t) =0(t) 3 T ga(t) Po_a(t)

r=1
- prl et N
T x 1 : ; o
mz:: c1 T 1—|—c1t) a ca (a;) (1_|_ ) (1+ cot +cats)?]
p n cit D2 n o ot
o T — == (1+cot+cots)® |
! wzl(1+ 1t) ac ( ezt cats) a)zz:l ; (iU) (1—|—C2t)

and po(t) =e c} In(ltert)+573 (1+62t)a_1]

Non-central chi-squared distribution

A special Parameterization in this category is when
l—-a=2 = aoa=-1

Therefore,

D1 D2

h(t) = 6/ (t) = Gt " 1 tet)?

for p>0, and ¢>0

which is the sum of the hazard function of exponential-gamma and the Polya-Aeppli
hazard function.

However, this can also be obtained using the Laplace transform of the non-central
chi-squared distribution as follows:

The random variable Y is said to have a non-central chi-squared distribution with

n
n degrees of freedom and non-central parameter @ = Y p,? if
=1

Y =X2+X2+.....+ X2
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where X!s are independent variables but not identical and

X{s ~ N(pi,1)

for

1=1,2,...,m.

Derivation of the moment generating function (mgf) of Y

If X ~ N(u,1), then the mgf of X2 is given by

My (t) = E[etX]

12 1 _(@—w)?
— e e 2 dx
/ V2T
— 00
o0 1
1r1,..2 2
— —glz?—2px+p?]
— e 2 dx
/ V2T
— 00
o0 1
— [(t—3)x2+pz—Fp?]
— e 2 2 dx

p—t

|
83

5

_%2 7 1 [2t2—1 $2+Hw] d
- e — € T
V2T
— 0
T 70 1 1(1-2t) 22+
— e_ 2 — e -2 - Hm] d.’E
V2T
— 0
u2 | 1 2
—e 5 / - 8[_5 [(2t—1)z*—2px] dx
V2w
—00
2 °° -
N
V2
—o0
2 P -
—e T / i el™ D (@ 25)*~ (230)%) dx
V2T
— 0
2 _ 2 oo
= e[—%‘l‘(ztz = (1f2t)2] / ! e[_(ztz_l) [(2—£5)%] dx
V2T
—Oo0
0o 1 (® 1—215)2
AL 1 el
— el 2 T20a-2 / - e 1-2t dx
V2T
—00
00 T Lt =72
[_ﬁ+L] 27 1 [=21 I
— el T 2 T2(1—20) / —— € 1=2t
. I
12t 2
2 2
__ Y uedtmly

2t—
(%2

=

2 +pr—50° go

a
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2
e
(1—2t)2
1 5
= (A -
(1—2t)2
1 -4
C (1—2t)3
1 tu? 1
= —F el-2t for 1-2t>0 = t<—
(1—2t)2 2

Now since X!s are independent variables and

Xz(SNN(ui,l) for i=1,2,....,n

then the mgf of Y = f: XZ2 is
=1

My (t) = E[etY]
= MXlz(t)MXg(t)"'MXﬁ(t)

1 = Y KM
:7,’16
(1—2t)2

Therefore the Laplace transform is

—t n
> b
LY (t) - - €1+2t =
(1+2t)2

1 —2t 6
2

T +20)s €

- ez "Itz

C(142t)2
104

Ll _ -1 [% ﬁ—l]
V0= et () gl e *

& 11205 off rhu

—2(142t)7? n

9 [ n 6 1
=[2 ( 2 ~ (1+2t)z71 2] elz THm U
1+2t)2 2
—6 (1+2t)~2
= a+ n) - . =) elz a1l
(1+2t)2 (1+2t)l2
0 —0 n ] e[g =1l

(1+26)272  (142t)z 1
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= L) elf

(14203 (142t)

The hazard function is,

Ly (#)
"O="Tw
1 0
- 1—|—2t[1—|—2t+n]
0 n

(1—|—2t)2+1—|—2t

The Associated Mixed Poisson Distribution

Let
p1(t) =6 p2(t) =n
ci(t) =2 ca(t) =2
Therefore,
h(t) =0'(t) = P1 Pz for p>0, and ¢>0

+
(1—|—Clt) (1—|—Czt)2

which is the sum of the hazard function of exponential-gamma and the Polya-Aeppli
hazard function as indicated in chapter 6.

Therefore,
b b _
01(t) = ?1 In(1+cit) 02(t) = 03[1—(1+C2t) 1
1 2

01(t—ts) = 121 In(1+cit— cyts) 02(t —ts) = 122[1 — (1+cat —cyts) ™Y
1 2

The pgf of the convolution is

P B P o
H(S,t) —e [01 In(14cit—cyts] e [1—(14cot—cats)™1]

and the pgf of the iid random variables of the convolution of the compound Poisson
distribution is
t € @ cat x ]

L TS S N PR

G@® (s,t) = !
(5,2) o(t) c1 l1+cit—ecits Co (1—|—czt—02ts)) (1+cat
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The coefficients of G(s,t) are

go(t) =0
1 1p cit
(8= [ (T
92(8) 0(t) = c1 (1—|—clt)‘”+
P2 Czt 1
— v or r=1,2,..
() ((1—|—C2t)) (1—|—Czt)] !

The recursive form for the convolution of compound Poisson distributions is

n
P1 cit
npn(t) = ) [ (
" xgl ci 1+-cit
P2 cat 1

o Urat) Uteab

)"+

| Pn—z(t) n=1,2,3,...

6.10.2 In the equation (5.23) a1 =1—a and az =2

Dh + P2
(1—|—Clt)1_a (1—|—Czt)2

h(t) =0'(t) = for p>0, and ¢>0

which is the sum of the hazard function of exponential-Hougaard and the Polya-
Aeppli hazard function.

Therefore,
D1 o p2 -1
01(t) = —— [(1+c1t)® — 1] 02(t) = —[1— (1 +c2t)™"]
a Cy C2
D1 o D2
01(t—ts) = — [(1+c1t — c1ts)™ —1] O2(t —ts) = —[1 — (1 + cat — cat
o Ccq C2

The pgf of the convolution is

H(S,t) — e—Gl(t—ts)e—Hz(t—ts)

_ P _ a_ _Pp21q1__ _ —1
— e ac [(14-cit—cits)*—1] e cs [1—(1+cat—cats)™ ]

Therefore the sum of the hazard function of exponential-Hougaard and the Polya-
Aeppli hazard function give rise to the convolution of the Poisson-Hougaard
distribution and the Polya-Aeppli distribution.

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

0(t —ts)

G(s,t) =1— o (1)
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=1-50 a —1]+ 2[1—(1—i—czt—czts) )
G'(s,t) = _0(1t) [—a( cit)(1+cit+erts) 1 — Cz(—l) (—cat)! (14 cat —
G (s,t) = —e(lt) [P (o= 1) (—e1t)?(1 + et + erts) 2 —

—(—1)(—2) (—czt)2 (1+ cot — czts)_?’]

G" (s,t) = — e(t) [—a(a—l)(a 2)(—c1t)3(1+ 1t + cits)* 3 —
?(_1)(_2)(_3) (—cat)® (14 cat — cats) ™
2
1 p]. o _C]_t
(=0 o(t) [aclm (az) (1+Clt+01ts) (1+et+ets)®+
& x! (CZt)w (1+Czt—czts)_($+1)]
C2
! 8 —cit
g (L Teat+eits)® ! z
O(t)( +cit+cits) aclm (:1:) (1—|—clt—|—clts) +
1 1 D2 cot
I $! ( )w

0(t) (14 caot —cats) co (1 + cat — cats)

The coefficients of G(s,t) are

go(t) =0
g$(t) _ i D1 (87 ( _Clt );1: (1+C]_t)a+
0(t) aci \T) "1+cyt
1 t 1
P2 2 )* x=2,3,...

0(t) ca (1+cat’ (1+cat)

The recursive form for the convolution of compound Poisson distribution is:

npa(t) = 6(1) il ©go(t) proelt) n=1,2,...

=0(t) Z x [G(t) (:L') (1+ )CB (1+cat)*+

r=1
1 P2 Czt 1

0(t) c2 (1+czt)m (1+czt)] Pr—a(t)

6.10.3 In the equation (5.23) a1 =1 —a and az — c©

D1

h(t) =6'(t) = (I+et)i-a

+algn p2 (1+c2t) ™ for p>0, and
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b ) > [
L4 lim py Y < k“) (cat)*

- W k=0
D1 . X —a(—a—1)(—a—-2)...[—a—(k—1
TS P 1
(1+01t)1_0‘+a1—1;noo b2 kZ::O o
p1 , > (=1)*a(a+1)(a+2)...[a+(k—1)
= T o 1
(tet)io ot P2 kgo 2
P gy gy s BV (1+21) (142)...[(1+ &=L
(14+ct)l—  a—oo 2 = x
D1 o0 . (_a)k 1. (Czt)k
= 1L eni—a 1
14 cpt)l—= TP kzz:o a o k!
D1 o0 . (_ac)k (t)k:
e l (=ac)” (1)~
(1+C]_t)1_a +p2 kgo aE;IIOO k!

Let,

b=ac as a —

pP1 x (—bt)*
h(it) = ———
) (14 cit)t == e kzz:o k!
P1 —bt
h(it) = ————
(t) (1—|—01t)1_a+p2e

where the second hazard function is that of the Gompertz distribution.

Therefore,
B1(t) = 1o [(L+ext)® — 1]
a C1
041 (t — ts) = P1 [(1 +cit — Clts)a — 1] 0> (t — ts) = p2 [1 — e—bt(l—s)]
o Ccq b

The pgf of the convolution is:

H(S,t) = e_al(t_ts)e—92(t—ts)

— e—ap:‘:l [((14cit—cyts)™—1] e_p% [1_e—bt(1—s)]

But

Hy(s,t) = e Pilt=ts] — g=M[1-Ga(s:t)]

is the pgf of Poisson with parameter p1t where G1(s,t) = s is the pgf of the iid
random variables.
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On the other hand,

P2 [1—e—bt(1=9))

Hs(s,t) =e  ©
— e—>\2[1_G2(Sat)]

is also pgf of Poisson with parameter %2 where Ga(s,t) = e tt(1=5) is the pef of
the iid random variables and it is also pgf of Poisson with parameter bt.

Therefore the sum of hazard functions of exponential distribution and that of the
Gompertz distribution give rise to the convolution of the Poisson distribution and
the Poisson-Poisson distribution.

The pgf of the iid random variables of the convolution of the compound Poisson
distribution is

O(t—ts) ap—él [(1+c1t—eits)® — 1]+ B2 [1— e bt(1=9)]

G(s,t)zl—W—l— 0

which is zero-truncated Poisson distribution with parameter bt

Since Gompertz distribution is an exponential mixture, the survival function is the
Laplace transform of the mixing distribution and hence,

S(t) = La(t) = po(t)

t
— [ h(x) d=
S(t)=e o — e 0
— o P1t+TE [e7 ¥ —1]
0
= e_plt e_plt e_p% ep% e bt — e_p% Z [& e—bt]j i
: b 7!
5=0
oo , 00 P21j
— e Pt o 1%2 Z [@]J e—btg — Z e_btJ [e—pT? [b] ]
; b ! : !
Jj=0 J j=0 J
t bt
—e P Z e pj
J=0
o
S(t)= 3 etrmip
J=0
—p2 [B2) . . . . D2
where p; =e” S J= 0,1,2,... is Poisson with parameter 52



py(t) = S (=[bj+pi])t e tlitPil p,
7=0

po(t) = Y (—[bj+pi])® e Pitrilp;
§=0

Therefore,
Py (1) =3 (~[bj+pa))" e 4P p,
§=0

oo ' Ry
Pa(t) = (=1)" = > (=[bj+pi])"e teitpl .
=0

! -
J_
e t" .
pn(t) =D (_1)"g (—[bj +p1])" e tbi+pi] D;
j=0 :

© (b + 1))y p21j
Pa(t) = > ([JJF'pl]) etitel o~ LV o h s

: n g1
i=o ! !

which is Poisson mixture of Poisson distribution also known as Neyman Type A
distribution.

The recursive formula form for the convolution of the compound Poisson distribu-
tions is:

(1) Pasa(t) = 0() 3 (i+1) gira(t) Poi(t)

1=0
i+1
D2 4 " . (bt)z+
=—ce 1+ 1 _qi(t
b Z;)(+)(i_+_1)!pn z()
bt e (B1)
(n+1) prtar(t) =pate™™ > T pn-i(t) n=0,1,2...
=0 :
By iteration,
For n=0
pit = pat e_bt p()(t)
For n=1
2 pat =pat et Y o4 P

i=0
= pat 7% [p1t + bt po(t)] = pat e [pat e~ po(t) + bt po(t)]

2 pat = [(bt)°(p2t)? e~ + (bt)! (pat)! e~ po(t)]

287



pat = [ (00 (pat)? e+ (50)" (pt)" e~ po(0)

For n=2

sa(0) =pat e 3= O a0

)

=pate

(b

€

=pat e [5 (b2)° (p2t)® e 2" + 2 (bt)l (p2t)' e + bt pot e +
bt L0 2 abt | S 1 1 bt 1 2
= pat e [L 600 (pat)? 1 2 (b1)! (pat) 4 L (6)?) po(t)
1 .0 3 _-3bt | S 3.1 2 _—abt | 1 2 1 _—bt
= L (0)%at) e S (b1)" (pat)? M L (b1)2(pat) €] o
1 .0 3 _-3bt , 3 31 2 —abt 1 g2 1 _—bt
pa(®) = [ G0 (2t)? 4 2 (bt)! (pat)? e 4 L (b)2(pat)! ] o

For n=3
(bt)Z

4pa(t) = pat e Z
1=0

1
4 pa(t) = pat e [ps(t) + bt pat + 5 (bt)? prt + a1 (bt)3 po(t)]

P3— z(t)

1 3 1
= pat e [6 (bt)° (pat)® e =30t 4 p (bt)! (pat)? e~ 20t 4 = (bt)2(pat)! ¢
1
bt [, (1) (pat)* ™" + (bt) (pat)' ™"+ o (bt)2 pat eV -
—bt (1 0 3 3ot O 1 2 —2bt
=pate” [ (bt)"(p2t)” €™+ o (bt)" (p2t)” e+

=02 (pa)' e < (61)°] po(t)
pa(t) = [ (00 (pat)* 4 - (b1)" (pat)® =t

l 2 2 _—2bt i 3 —bt
o1 ()2 (p2t)? e 4 (b)® pat ] po(t)
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For n=4

(bt)’
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which is Poisson mixture of Poisson distribution also known as Neyman Type A
distribution.

An alternative way of obtaining the above result is to consider the Makeham Law,
which states as follows:

The force of mortality is the Gompertz failure rate plus an age-independent
component that accounts for external causes of mortality and therefore the hazard
rate function is:

A(t) —aelt+p where a, B, 1 >0
or
h(t) = p1+p2 e ™

where p; can be considered as a hazard function of the exponential distribution.

It has been established that the cumulative hazard function is
o(t) = 6t + ’;2 (1—e )

and that the exponential mixture with hazard function of the form

D2

h(t):pl‘Fali_YPOOW for p>0, and c¢c>0

characterizes a convolution of Poisson distribution and Poisson-Poisson (Neyman
type A)which are infinitely divisible mixed Poisson distributions that are also
convolutions of compound Poisson distributions.

6.11 Concluding Remarks

Whereas corresponding hazard functions for compound binomial, geometric and neg-
ative binomial distributions with exponential iid random variables, are differences
of hazard functions of Pareto distributions, the hazard functions for compound
binomial, geometric, and negative binomial distributions with gamma iid random
variables, are differences of a hazard function of a Pareto distribution and another
form of a hazard function.
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In the case of compound shifted geometric and shifted negative binomial
distributions, with exponential iid random variables, the hazard functions are
single hazard functions of Pareto distribution.

For compound shifted geometric and shifted negative binomial distributions,
with gamma iid random variables, the hazard functions are sums of a hazard
function of a Pareto distribution and a hazard function of another form of a hazard
function, while the compound Poisson distribution with exponential iid random
random variables, has a single hazard function associated with Polya-Aeppli (mixed
Poisson) distribution.

The compound Poisson distribution with gamma iid random variables has
hazard function which is a parameterization of the hazard function associated with
Hofmann (mixed Poisson) distributions and the hazard function of exponential-
Hougaard distribution is also a parameterization of the hazard function associated
with Hofmann distributions.

The sums of a hazard function of exponential - Hougaard distribution and other
forms of Hofmann hazard functions are considered and associated convolutions of
mixed Poisson distributions and obtained.



Chapter 7

SUMMARY, CONCLUSIONS AND
RECOMMENDATIONS

7.1 Introduction

The chapter has a summary of the accomplishments of the thesis, conclusions
from results of the study, recommendations on how results could be used and

recommendations on the problems for further study.
7.2 Summary

Type I and type II exponential mixtures have been constructed using mixing
distributions that are not part of the exponential mixtures literature. Moments
of the mixtures have been obtained using both the Mellin transform technique
and the conditional expectation approach. Mixed Poisson distribution has been
defined in terms of the hazard function of an exponential mixture and in so doing
the link between exponential and Poisson mixtures has been explored. It has also
been shown that a sum of hazard functions of exponential mixtures gives rise
to a convolution of infinitely divisible Poisson mixtures, hence a convolution of
compound Poisson distributions.

Given the importance of hazard functions of exponential mixtures in the
development of these models, Laplace transforms of probability density functions
in continuous compound distributions and mean excess loss have been considered

as alternative methods of obtaining these hazard functions.
7.3 Conclusions

The exponential mixtures constructed are either in explicit form or in terms of
special functions, thus the modified Bessel function of third kind and confluent
hyper-geometric function. It has been shown that where the Mellin transform
method fails, the conditional expectation technique serves as an alternative tech-
nique.

The definition of mixed Poisson distribution in this study, in terms of the the
hazard function of the exponential mixture, is a generalization of the definition by
Walhin and Paris (1999).

Hazard functions of exponential mixtures can be obtained using a various
methods.
7.4 Recommendations

Whereas exponential distributions can be used in the field of life-testing, with

lifetime represented by an exponential random variable and the failure rate (risk)
is assumed to be a variable, . The exponential-inverse gamma mixture (Pareto
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distribution) can be used to model the size component of insurance claims where
X is the size of claim by each insured and Y is the mean claim size of each insured
such that the conditional distribution is f(x|y). Since the mean claim size is
different for the different policyholders, the prior distribution for y can be the
inverse gamma.

An application of the compound Poisson distributions could be in the proba-
bility distribution of the total cost S(t) = X1 +--++ X (), where N (%) is the
number of flaws in a roll of length ¢, for example.

In this study the link between exponential and Poisson mixtures was explored
for type I exponential mixtures whose hazard functions are in explicit form and
have the pattern:

h(t):L for p>0,c>0anda >0

(14 ct)e

Further work is to explore the link between exponential and Poisson mixtures for
other families of hazard functions of exponential mixtures, which do not necessarily
follow the above pattern.
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