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Abstract. The main objective of this article is to construct a Framework on classes
of mixing distributions based on the Generalized Inverse Gaussian distribution.
The classes can be used to study any continuous mixture. We propose Gamma ,
Weighted Inverse Gaussian, and finite mixtures; as classes of mixing distributions.
The finite mixtures are also weighted distributions. Mathematical formulations for
the mixing distributions are discussed. An application to gamma mixtures has
been done. A tractable and indirect method of obtaining the properties of gamma
mixtures has been examined. Forms of gamma mixtures have mainly been ex-
pressed in terms of special functions. The special functions are gamma function,
beta function, modified Bessel function of the third kind, and Tricomi confluent
hypergeometric function. Other gamma mixtures have been expressed in explicit
form. A general formulation based on the expectation maximization (EM) algorithm
for maximum likelihood estimation has also been discussed.
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Résumé (French Abstract) Lobjectif principal de cet article est de construire un
cadre pour les classes de distributions de mélange basées sur la distribution
généralisée inverse gaussienne. Ces classes peuvent étre utilisées pour étudier
tout mélange continu. Nous proposons les distributions Gamma, Gaussienne
inverse pondérée et les mélanges finis comme classes de distributions de mélange.
Les mélanges finis sont également considérés comme des distributions pondérées.
Les formulations mathématiques des distributions de mélange sont abordées.
Une application aux mélanges gamma a €té réalisée. Une méthode indirecte et
exploitable pour obtenir les propriétés des mélanges gamma a €été examinée.
Les formes des mélanges gamma ont principalement été exprimées en termes
de fonctions spéciales. Ces fonctions spéciales incluent la fonction gamma, la
fonction béta, la fonction de Bessel modifiée de troisieme espéce et la fonction
hypergéométrique confluente de Tricomi. D’autres mélanges gamma ont été ex-
primés sous une forme explicite. Une formulation générale basée sur l'algorithme
d’espérance-maximisation (EM) pour l'estimation du maximum de vraisemblance
a également été discuteée.
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1. Introduction

Wakoli (2016) constructed Exponential mixtures; Sarguta (2017) Poisson mix-
tures and Otwande (2018) proposed Binomial mixtures and Maina (2022) Normal
weighted variance mean mixtures. All these scholars selected mixing distributions
in an arbitrary manner. There is need to develop a well structured Framework for
classifying mixing distributions.

Generalized Inverse Gaussian (GIG) distribution is denoted as GIG(v, 9, ). Inverse
Gaussian distribution denoted by GIG(—3,4,7) and reciprocal inverse Gaussian
distribution denoted by GIG(3,d,7) are special cases of GIG(v,é,7) distribution.
Other members are GIG(—2,6,7) . GIG(2,6,7), GIG(-2,6,7) . GIG(3,6,7) and
so on. GIG(—1,6,7) and GIG(%,6,v) have been used as mixing distributions by
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Sarguta (2017) in Poisson mixtures, Wakoli (2016) in Exponential mixtures and
by Maina (2022) in Normal mixtures. GIG(—2,4,v) and GIG(2,4,~) have not been
used as mixing distributions, except by Maina (2022) who used them in Normal
mixtures. Finite mixtures of weighted inverse Gaussian distributions are also
weighted inverse Gaussian distributions (see Jorgensen (1991)); Gupta (2011)
studied a finite mixture of inverse Gaussian distributions. Maina (2022) used
six pairwise finite mixtures of weighted inverse Gaussian distribution as mixing
distributions in normal mixtures.

A general framework for studying continuous mixtures is proposed. A continuous
mixture is based on a bivariate distribution with its associated conditional and
mixing distributions.

Consider a random variable X whose probability density function pdf or probabil-
ity mass function pmf is f(z;6), where 0 is a parameter. Usually 6 is fixed. However,
there are situations where 6 is varying and can therefore be considered as a random
variable. So we now have two variables X and © taking values z and 6, respectively.
Their joint (bi-variate) distribution is denoted by f(z, ), where 0 is assumed to be
continuous.

) = / " f(al0)g(0)d0 1)

The marginal distribution f(z) is called a mixture or a mixed distribution. The
other marginal distribution g¢(f) is called a mixing distribution. Since 6 is contin-
uous, ¢(f) is a continuous mixing distribution and hence f(z) is a continuous
mixture.

The conditional distribution can either be discrete or continuous; i.e., f(z|f) can
either be a pmf or pdf. If f(z|0) is a PMF, then f(z) is a discrete mixture of a
continuous distribution. If f(z|) is a pdf, then f(x) is a continuous mixture of a
continuous distribution.

In the proposed framework, a procedure for identifying mixing distributions for
any given continuous conditional distribution is elaborated. A key interest is
in the Generalized Inverse Gaussian (GIG) distribution considered as a mixing
distribution. GIG nests a number of standard distributions which are also divided
into two classes. The two classes are the limiting and special cases. The limiting
cases form the Gamma class while the special cases form the Weighted Inverse
Gaussian class.

The remainder of this article is organized as in the following. In Section 2, the
Generalized Inverse Gaussian distribution is derived. Section 3 deals with the lim-
iting class of GIG as mixing distributions. Weighted Inverse Gaussian mixing class
which are the special cases of GIG and the main results are analyzed in Section 4.
In Section 5, finite mixtures as mixing distributions are elaborated. An application
of the Framework to Gamma mixtures and the Expectation Maximization (EM) al-
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gorithm are discussed in section 6. The conclusion of this work is given in section
7 where the results are summarized and extensions are suggested.

2. Generalized Inverse Gaussian (GIG) distribution

Generalized inverse Gaussian (GIG) distribution is based on the Modified Bessel
function of the third kind which is denoted by K, (w) and defined as

K,(w) = 1 ' lem 5@ gy
v 2 0

Various parameterizations and transformations have been used to construct
GIG distribution. We have GIG based on Tweedie (1957) parameterization and
transformation. Gémez-Deniz (2013) used Tweedie’s parameterization to construct
Gamma-GIG distribution in general and to study Gamma-Inverse Gaussian
mixture in particular. Bhattacharya (1986) studied type II Exponential-Inverse
Gaussian mixture. The Inverse Gaussian mixing distribution is based in Tweedie’s
parameterization. Sichel (1971) came up with a parameterization and transfor-
mation used in constructing Poisson-GIG mixture popularly known as Sichel
distribution.

Barndorff-Nielsen (1974) modified Sichel (1971)’s approach and used it to con-
struct a Normal Variance mean mixture with this GIG mixing distribution resulting
to what is called Generalized Hyperbolic distribution. In this study we shall use
Barndorff-Nielsen (1974) approach as described below.

Let

w = 4dv and x:%)\ .

Therefore the pdf of GIG is given by

(2)" Alem 3P
2K, (67)
/\v—le—% 72k+¥)

T e o gy .

g(\) = 2)

for A > 0; —0co < v < 00,0 > 0,7 > 0. This is a 3-parameter distribution denoted by

A~ GIG(v,4,7) .

The r** moment is
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- () %

for —co < r < o0.

GIG distribution forms a class of its own. It also nests a number of distributions
namely; limiting cases and special cases. Gamma and inverse Gamma distribu-
tions are the limiting cases belonging to the Gamma mixing class . Inverse Gaus-
sian and Reciprocal Inverse Gaussian distributions are some of the special cases
forming weighted Inverse Gaussian mixing class. Hyperbolic distribution is another
special case of GIG distribution.

3. Gamma mixing class

When § = 0 in (3) we get gamma distribution denoted by GIG(v,0,~). The pdf is
given by
2 ) U \rle-BA

I'(v)

g(\) = (

for A > 0; v > 0,v > 0. Gamma distribution and its generalizations belong to the
gamma mixing class.

When v = 0 in (3) we get Inverse Gamma distribution denoted by GIG(v,d,0). The
pdf is given by

52 B
g0 = (;(5)) ATl

for A > 0; 8 = —v,0 > 0,v < 0. Inverse Gamma and its generalizations also belong to
the Gamma mixing class. Other members of the Gamma mixing class are Gamma
type II, Shifted Gamma and truncated gamma distributions.

4. Weighted Inverse Gaussian (WIG) mixing class
4.1. Inverse Gaussian (IG)distribution

When v = —3 in (2), we get GIG(—1, 6, v) which gives us Inverse Gaussian distribu-
tion. The GIG(—1,6,7) pdf is given by

oy 2
L P T

gl(/\)_ \/ﬂ ze

for A\>0; 6 >0,v>0.
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S\ K_1.,(dy
E(A") = (> Ky1r(07)
v/ K_1(57)

for —co < r < o0.

4.2. Weighted distributions

Let A be a random variable with pdf ¢(\). Then a function of A, say w(\) is also a
random variable with expectation

Elu)] = [ T w()g(N)dx

[T wN)
..1_/0 E[w(A)}g(/\)d/\.

Thus we have a weighted distribution whose pdf is given by

gw () = g(A), —co <A< 0 .

The concept of a weighted distribution was introduced by Fisher (1934). It was
initially elaborated by Rao (1965) and further elaborated by Patil (1978).

4.3. Reciprocal Inverse Gaussian (RIG) distribution

When v = 1 in (2) we get GIG(2, 6, v) which gives us the Reciprocal Inverse Gaussian
(RIG) distribution written as

&
p(n) = 2 At b0 )

vors
for A\ >0; § > 0,7 > 0. So
92(\) _ 2
g1(A) B 5/\
g2(\) = %)\ 91(A)
w(N)
~ B

Thus, GIG(3,4,7) is a weighted Inverse Gaussian distribution with weight function
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w(A) = A
and
)
Elw(A)]=E) = ? .

4.4. GIG(—3,5,7)

The pdf of GIG(-2,4,v) is

M) = 1L )
P17 0y A A -

Thus , GIG(—32,4,7) is a weighted Inverse Gaussian distribution with weight func-
tion

w(h) = 5
and
Bluw()] = 7

where

4.5. GIG(2, 6, )
The pdf of GIG(2,4,) is

94()\) = m A2 91()‘) :

Thus, GIG(3,4,7) is a weighted Inverse Gaussian distribution with weight function

w(\) = A2
and
E[w(A)] = M )

73
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Remark 1. GIG(-3,6,7).GIG(3,0,7), GIG(-3,4,7) and GIG(3,4,7) belong to the
weighted Inverse Gaussian mixing class.

The Inverse Gaussian mixing distribution GIG(—1,6, ) has been widely used fol-
lowed by the Reciprocal Inverse Gaussian mixing distribution. In only few cases
do we have GIG(-3,6,7) and GIG(2,4,7) being used as mixing distributions.
MaMaina (2022) used GIG(-3,4,7) and GIG(2,4,v) as mixing distributions in Nor-
mal variance mean mixture.

5. Finite mixtures as mixing distributions

Let g;(\) for : = 1,2,3,--- ,k be k distributions or k£ components of a distribution.
Then a finite mixture of g;’s is defined as

k
9()\) = Zwigi()‘)

where
k

w; >0 and Zwi:l'

=1

For a two-component finite mixture, k& = 2.

g\ = Z w;igi(\)

= w1 g1(A) +w2g2(A)
=wg1(A) + (1 —w)g2(N)

where w; =w=wys=1—-w.

5.1. Finite mixtures of WIG variables

We now wish to determine two-component finite mixtures from the WIG variables
described above. The finite mixtures are also found to be weighted Inverse Gaus-
sian distributions which can be used as mixing distributions.
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5.1.1. A finite mixture of GIG(—3,4,) and GIG(3,4,7)

Let ¢1(A) and g¢2()\) be the pdfs of Inverse Gaussian distribution and Reciprocal
Inverse Gaussian distribution, respectively. The pdf of the finite mixture is

g12(A) = wg1 (M) + (1 = w)g2(A)

— [w +(1— w)é)\] g1(N)

Let
oo Y
v+6
Then .
AN=——1+Ng(N).
g12(A) 7+5( +A)g1(A)

Hence the finite mixture of IG and RIG is a weighted Inverse Gaussian distribution
with weight function

w\) =1+ A
and E[w(A)] =1+ E(A)
149
5
_a+0
Y

5.1.2. A finite mixture of GIG(—3,4,v) and GIG(—3,4,7)
The pdf of the finite mixture is

913(A) = wg1(A) + (1 —w)gs(A)
1 J(i oy * % 91(N)

=|lw+(1-w)

Let

62
V=T
52 1 1

which is a weighted Inverse Gaussian distribution with weight function
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w) =14+ — 1
140y A
and Efw(A)) = 1+ ——E(3)
140y A
1+
= 5

5.1.3. A finite mixture of GIG(—3,4,) and GIG(2,4,~)

g1a(A) = wgi(A) + (1 = w)ga ()

,YS

d(1+07)

73

WAQ g1(N)

=wgr(A)+ (1 —w) A2

=|lw+(1-w)

Let

Then

() = (AR L \)
PN = 53 T8 s +0y) " |0

3 2
0% A
= 1
5+ 73 ( * 1+57> 9N

which is a weighted Inverse Gaussian distribution with weight function

)\2
wA) =1+ 150y
E(A?)
and Ew(A)] =1+ 110y
§+3

73
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5.1.4. A finite mixture of GIG(3,d,7) and GIG(-3,4,v)

923(A) = wga(A) + (1 —w)g3(A)

¥ 52 1
P9 + (1 - ) g
2

1

14 0% *X 91()

g1(N)

= w

gar(N) = | SA+ (L - w)

Put
53

w:m

6%
= A
63+7[ -

- g o)

146y

which is a weighted Inverse Gaussian distribution with weight function

1 1
w()\)_)\+71+57*X
3
and E[w(A)] = 57;‘27

5.1.5. A finite mixture of GIG(3,4,v) and GIG(2,6,~)

924(A) = wg2(A) + (1 —w)ga(A)
— ﬂ/\+(17w)73>\2 1()\)

) 0(1+ 6v)
Put )
W= Y
72 +1
Then
3 2
v A
AN=——— [+ A
g24(N) 5(1+~2) ( 1+57> 91(A)

which is a weighted Inverse Gaussian distribution with weight function

w(\) = A+ 1 i 5
and F[w(A)] = E(A) + 1E_(’_A5P)y
B (2 +1)
==
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5.1.6. A finite mixture of GIG(—2,4,~) and GIG(3,4,v)

934(A) = wgz(A) + (1 —w)ga(N)
wé? 1 (1-wn’ 3
1+oy "2 T (+oy) )

g1(N)

Put [
3

R

. _ 5373 1 2
" ga(d) = (03 + %) (1 +6v) < R ) 1)

which is a weighted Inverse Gaussian distribution with weight function

1

and E[w(A)] = E (i) + E(A?)

_ 1+ + %)
- 5273

5.2. Finite mixtures based on Gamma mixing class
5.2.1. One-parameter Lindley distribution

Let X; ~ exp(f) = Gamma(1l,60) and X, ~ Gamma(2,6) . Then the pdf of the finite
mixture is given by

f(@) = whi(x) + (1 = w) fa(z)

0
— —0x 1— 2—1_ —0x
whe™" + ( w)F(Q)ac e

= [wh + (1 — w)f%z]e "

Put
L
1496
02 —0
..f(x):1+9(1+x)e ,x>0;60>0
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This is a one-parameter Lindley distribution introduced by Lindley (1958). It can
be re-written as

fl@) = =7 (L + z)fe™ "

Thus a one-parameter Lindley distribution is a weighted exponential distribution
with weight function

5.2.2. Two-Parameter Lindley distribution

Let X; ~ Gamma(a,f) and X, ~ Gamma(a + 1,6). The pdf of the finite mixture
becomes

f@) =wfi(@) + (1 - w)fa(z)
o 2@ e 07 4 (1-— w)igoﬂrl z%e 0
I'(«) Ia+1)

Jaes 90+1

() +{- W)F(oz +1)

=W

a—le—Ow

w T|T

Put

0a+1

TroT@yn @ Toe e

s f(e) =

for x > 0; @ > 0,0 > 0. This is a two-parameter Lindley distribution obtained by
Zakerzadeh and Dalati (2009). It can be re-written as
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9(1

T LG

fx) =

which is a weighted exponential distribution with weight function

5.2.3. A general Two-parameter Lindley distribution
Let X; ~ Gamma(c+j —1,0), j=1,2. The pdf of the finite mixture is written as

f(@) = wfi(@) + (1 - w)fa(z)

i.e.,

f(z) = wGamma(c, #) + (1 — w)Gamma(c + 1,0)
9c+1
Tlctr1)"
9c+1
s

—0x ,.c

oc
0] e et 4 (1
web” —0x,.c—1
= — 1 —
Tern &
wcec—i—le—emxc—l 90—0—1

= sy 9T

=w —w)

—Q;Cmc

—0x,.c

96+1 wce c—1_-—0x
—F(C_|_1)|:9+(1—OJ)£C:|{L' &

Put

gett ch L
Tlc+1)|00+a) 0+«
gett 1
= — %k —
T(c+1) 0+«

1,:| xc—le—Gw

[c + az]zt~le 0"

forx > 0; a > 0,0 > 0,c > 0. This is a Two-component , 3-parameter Lindley
distribution. When « = 1, we have

90+1
@+ 1)T(c+1)

$071 (C + x)679a:

fz) =
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for x > 0; 6 > 0,c > 0, which is a two-component, two-parameter Lindley distribu-
tion. When a = ¢, then

B 90+1

f) = @+ c)T(c+1)
et (14 r)e 0
0+ T(c+1)
- 96+1.’L‘C_1(1 +$)6_9m
o @+ c)(c)

This is another two-component, two-parameter Lindley distribution. When ¢ = 1,
we get

2 e+ cx)e™

92
@)= goa

This is a two-component, two-parameter Lindley distribution. When ¢ = a = 1, then

(1+az)e ™ >0, a>0,0>0.

2
1@ =577

which is a one-component Lindley distribution.

(1+x)e % 2>0,0>0

5.2.4. 3-parameter Lindley distribution
Let X; ~ Gamma(c+ j —1,0),j = 1,2,3. The pdf of the finite mixture becomes

f(z) = wiGamma(c, 0) + woGammal(c + 1, 0) + wsGamma(c + 2, 0)

i 1,-6 gt 6 fet? +1_—6
— c— —vx c_ —Ux C —vx
_wlf(c)x e +WQ7F(C+1):C€ +W37F(c+2) e
Put
62 0 1
w1 2

Tl 012 T 1 0162 P T 110102

) f( )_ 96+2 zxcfl + IC N CC2 ow
ST T 02\ Te)  Te+1) T+ /°

get2 1 x?
_ { —+ }x”eh
1+0+0°\T(0) + w5y Tle+2)
get2 c(c +1) (c+ 1):]5 z? 2¢O
1+60+62\T(c+1) T(c+2) T(c+2)

9c+2

= T 07T 2) {c(c + 12+ (c+ Dz + x2}mc_16_9x
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This is a 3-component, two-parameter Lindley distribution. It can also be re-written
as

9c+1
(1+6+62T(c+2)

f(z) = [c(c+ 1)+ (c+ L)z + 2?]z° 100"

which is a weighted exponential distribution with weight function.

w(z) = [cc+1)* + (¢ + D + 222!

Tlc+1
and Ew(X)] = ociﬂ) {(c+1)%0*+ (c+ 1)+ c+1}
It can also be re-written as
1 1 2 1 2 c+2
) = cle+1)*+(c+Dax+zx 0 R
(1+6+62) 2 I(c+2)

which is a weighted Gamma distribution with weight function.

c+1 cle+1)?
w(z) =1+ - —1—( )

and Elw(X) =1+60+ (c+1)§?

Remark 1. Lindley distribution and its generalizations are finite mixtures of
gamma distributions and also weighted exponential distributions.

Remark 2. Fig. 1, page 3831. shows a Framework for Classes of mixing distribu-
tions based on GIG distribution for Gamma mixtures.
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Fig. 1. A Frame Work for classes of Gamma mixtures based on Generalized Inverse
Gaussian distribution

Please note that for a specific mixing distribution, various conditional distributions
will produce different results. Take a gamma mixing distribution given by

B

M B—1_—pA
A)==—N""e " A>0;6,u>0
g(N) ) B, 1

Then for a Poisson mixture

_(Bra-1\ (e N 1N

which is a negative binomial distribution Greenwood (1920). For a Weibull mixture

Ozﬂ,uﬁl‘ail
f(l'):mv z>0; a,f,p>0

which is a weibull-Gamma distribution. For a Normal-Gamma I mixture
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which is a variance-Gamma distribution.

6. Gamma mixtures
6.1. General formulation

The general formulation of a Gamma mixture is given by

_ > A a—1_—Ax .
f(a;)—/o I‘(a)x e g(N)d\, > 0; a,A >0

When « = 1 we obtain an exponential mixture given by

fz) = /OOO e g(N)dA

as given by Wakoli (2016). When a = n we get an Erlang mixture given by

fla) = [ e e an

as studied by Gathongo (2019). The integration problem in the formulation of a
gamma mixture requires the use of given special functions. In most cases it may be
difficult to evaluate the mixture properties directly. A relationship between proper-
ties of gamma mixtures and properties of mixing distributions provides a tractable
indirect method. The following formulation results are key in obtaining the prop-
erties of gamma mixtures indirectly.
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E(X3) =a(a+1)(a+2) (Als)
Var(X) = anar(%) +aFE <A12

ps(X) = ala+1)(a+2)us i) +6a(a + 1)Var (i) E (}\)

+ 2a[E (i)]?’

6.2. Some forms of gamma mixtures by cases
In this sequel, the conditional distribution is a gamma distribution given by

«

F(a)xo‘_le_)‘”,x >0; a,A>0

f(xlA) =

6.2.1. Gamma I-Gamma I mixture

When the mixing distribution is defined as

B
I B—1_—pA
A)==——N"e " A>0; B,u>0

a generalized Pareto is obtained as:

uﬁz“*I

Bla, B)(z + pyovp &> B hu>0

fz) =

The mixture expression is in terms of a beta function.
The r** moment is

JTa+r)T(B—r)
P(a)  T(B)

which is in terms of gamma functions. Hence

EX") =n
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E(X)= 2%, >0

g—1
B(X?) = m;ﬁ, B>2
Var(X) = m 2
B0 = 2 g
P BOr = 2a[2(;2+1()€(; 1)(23)0(4;53)_ e
Skewness — 23 =2)°°[2a% + (8 = 1)(3a + 5 —1)]

a03 (5= 3)(a+ - 1)1

If o« = 1, then a Pareto distribution is obtained as

B
f(x):(xfi)ﬁﬂ7 x> 0;p,6>0

6.2.2. Gamma I-Inverse Gamma I mixture

Given

B

L —B—1_—4&
A)=——=\ e X, A>0
g(N) )

fa) =P K s(2y/hT), 2> 0

where K, () is a Modified Bessel function of the third kind.

Na+r)T(B+r)
I(a)  T(P)

B(X7) ="
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af
E(X)=—
(X) .
afla+1)(+1
afla+1)(B+1)(a+2)(B+2
B = 22t DO+ e+ 26+
af

var(X) = F(a—&—,@%— 1)

af [(a+1)(B+1)(a+2)(B+2) —3aB(a+1)(8+1)

B|X ~ E(X)P = -5 +2a23?
:%§HQ+1xﬁ+1ma+2xﬂ+®—3am+2ﬁﬂﬁ
:21%3{(a5+a+5+1)(a+6+2—a5)+a252}
:2/%3(3a6+3a+a2+62+3ﬂ+2)
:2%3[3a5+a+ﬁ+(a+1)2+(5+1>2]
:22[73”8[04B+(a+ﬁ+1)(a+5+2)]
:22‘735[@5+(a+5+1)2+a+5+1]
=2 (a4 B4 1) 1B+ 1)+ A+ 1]
:22‘735[<a+/3+1)2+(3+1><a+1)}

PO (GRS A CERVCRSY)

Nl=

[af(a+ 4 1)3]

6.2.3. Gamma [ -Shifted gamma I mixture

B8
g(\) = ﬁ(x — )5 e Ar X > 6, B,11,0 > 0
a—1pgB+a,,B
f(x)z”"ria)“w<6,a+6+1,9x+9u>,x>o; a B> 0 @

where ¢(-) is a Tricomi confluent hypergeometric function.

IMNa+r)

B = —ra)

oﬁirﬂﬁw(ﬁa 6 —r+ 1, elu’)
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Therefore

E(X) = ap”0°~1y(8; B 0p) (5)

E(X?) = a(a+ 1)0°2u ) (8; 5 - 1;0p) ©)

BE(X?) = a(a + 1)(a+2)0" 1 (8; 8 — 2;6p) (7)

Var(x) = [Ae+ V072100 (5: 5 ~ 1 6u) )

—a?0%072 1202 (B; B; Op)
(a J(r 1)(0z)+62);/)(?; B—2; 0#))
B 3 _ 8-3 g |—3ala+1)07u (B8 —1;0u
BIX = B = a0y x16(B: : Op) ©)
+20%0%0 123 (B; B; Op)

and

(a+1)(a+2)9(B; B — 2;0u)
—3aa+1)0° uPp(B; B — 1;0p)
xt(B; B; Op)
+20%0% 124 (B; B; Op)

3
(0 + Du(3: A+ L:6p)
Vobtut (\/ R e e D

Skewness = (10)

6.2.4. Gamma I-Lindley mixture

g(\) = 10j9()\+1)6_9)‘, A>0;60>0
Caflr Nz +a+60+1)
1) = =g )@t e
B(XT) = I(a+7r)0T(1 _T)(e—r+1)

I'(«) 1+0

Though the mixture is in explicit form, the rth moment is in terms of gamma func-
tions. For r = 1,2,3,---; Gamma I-Lindley distribution has no moments.

6.2.5. Gamma I-Generalized Lindley mixture

PPN (B + N)em?
9(\) = (1+0OT(B+1)

gB+1 o+l BT(a + B) Tla+B+1)
1+0)T ()T (B+1) { (z+0)otB " (x4 )+t }
95+1xa71

" B(a,B)B(x + f)o A

, A>0;0>0,8>0

fz) =

(Bx + B9+ a+f)
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Fa+r) oo (B — 1)
') (146)T(B+1)8-+1

E(X") = (B0 + 5 —r)

The mixture is either expressed in terms of gamma functions or a beta function
while the rth moment has been expressed in terms of gamma functions. Hence

B ab(p+5—1)
B = 3 —1a+0)

al? [B(B—1)(a+1)(80+ B - 2)(1+0)— (80+ 5 1)2(5—2)

Var(X) = 31 BB - DB —2)(1 16
BB —1)*(a+1)(a+2)(80 + B —3)(1+0)
—3aB(a+1)(8 —1)(1 + 6)
65 5025 283y (0 1)
o +2a - - -
Skewness = 2 111 0) B2(5 — 1)2(1 + 0)2(3 — 2)(B - 3)

6.2.6. Gamma I-Inverse Gaussian mixture

g(\) = \/(;657)\_36_;(72)‘+5*) —00<A<oo; §,7>0
T
N ERCT i B a_%K 52+ 42 11
f((E) - ;6 F(O() \/W afé( T+ ) ( )

Both the mixture and its rth moment have been expressed in terms of Modified
Bessel function of the third kind. Therefore
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a(l 4+ 6v)
E(X)= —5
ala+1)(3+ 35y + 6%4?)
B(X?) = <7
2,2 3.3
B(X?) = ala+1)(a+2)(15 4:561567 + 6%y + 6°7°)
2,2 2,2
Var(X) a(2a + 3 + 2ady —&—534574—045 v2 + §%9%)
B 3_ @ 8a? 4+ 36a + 30 + 3028y + 6a26%y? + 27ady
EX -EX) = 56 [+6a6272 13007 + 62634 + 126242 + 26343

+60652’)/2 + 305’y + 60525373 + 125272 + 263’}/3
a? (2a0 + 3 + 2ady + 307 + ad?~2 + 5272)g

{ 8a? + 36a + 30 4 3028y + 6026272 + 27ady }

Skewness =

6.2.7. Gamma I-Beta I mixture
AP~ — N9t
gy = UV
B(p,q)

B(q,a+p) 2% te ™
B(p,q)  TI'(o)

D(a+r)Tp—-rT(p+q)
L(a)(p+q—7)T(p)

,0< A< 1;p,g>0

fz) =

1Fi(gga+p+g;x)

B(XT") =

The mixture is in terms of beta and gamma functions while the rth moment is in
terms of gamma functions only. Hence

alp+q—1)
BE(X)= —o-1
Var(X) = _alptg—1) T[4ap® —5ap — 3aq + 2o+ p* + pq
a = 12 () — C3p o ap® + % 5
PP = 1*(p - 2) p—q—ap® +2apg +
alp+q—1) (a+1)(a+(2)(zgr(q—23))(p+q—3)
Skewness = ————/ =)
r l?’a(““)(i&‘i_i“”“) @2)+W]

6.2.8. Gamma I-Scaled Beta I mixture
AP —\)at
9(\) = Ml N
Pt B(p, q)
 pPattemm B, a + p)
I'(a)B(p,q)

, 0< A< 5p,g>0

f(x)

1F1(q; a + p; px)
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ry __ F(O[+7‘)F(p* T)F(p+q) —r
B = "t ra -0t "

The mixture expression is in terms of a gamma, beta and Kumer’s confluent hyper-
geometric functions while the rth moment is in terms of gamma function. Hence

alpt+q—1)
E(X)= —
np—1)
Var(X) = a(p+q—1) dop? + 3apq — bap — ag + 200 + p?
T 2pp—1)2(p—2) | +pg—3p+q—ap® —ap’q+2
(a+1)(a+2)(p+9—2)(p+9—3)
Oé(p+q—1)[ =)
Skewness = ————— P\p 2 2
3 _ 3a(a+1 —+qg—1 +qg—2 2« +q—1
pip—1) |- Sele et o 2t

6.3. Estimation

Method of Moments estimators are not accurate and solving for the inseparable
parameters is difficult in gamma mixtures. Furthermore, raw moments may not
exist in some of the models. The solutions to normal or score equations of ML
estimation cannot, in most cases, be obtained explicitly. In the section below, we
give a general formulation for the expectation-maximization (EM) algorithm for the
gamma mixtures.

6.3.1. EM Algorithm

The EM algorithm was introduced by Dempster(1977) to compute maximum likeli-
hood estimates from incomplete data. Karlis (2002) argued that the EM algorithm
formulation is particularly suitable for distributions arising as mixtures since the
mixing operation can be considered responsible for producing missing data.The
scheme is based on bivariate distribution with two parts; the conditional distribu-
tion and mixing distribution i.e.,.

fxi, Ai) = [l Ai)g(Ni)

The complete loglikelihood factorizes into two parts (see Kostas (2007)):

log L=¢="Y log f(z:i|\i) + > _logg(\)
=1

1=1 1=

The normal or score equations are

0t 0l
—_— d —_—
20, 0 an 90, 0
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The normal equations also consist of digamma [¢(-)] and trigammaly’(-)] functions.
They also consist of a known variable X; and its function f(X;|A;); and the unknown
variable A; and its function ¢(A;), say. The functions of unobserved variables in
gamma mixtures take the pattern given by:

#(A) = A, A™', and log A

Each of the functions in this pattern is estimated by the posterior expectation given
by
Joo dN)f (@[ A)g(A)dA

Jo© FzIX)g(N)dA

E[p(A)|X] =

6.3.2. Case study: EM algorithm for Gamma I- Gamma I mixture

(o3

A
flz|\) = F(a)xo‘_le_)‘w,x >0; >0, A>0

and

B

I B—1_—pA
AN ==—N"e " A>0,8>0,u>0
g(A) T3 I

M-Step. or conditional and mixing distributions, respectively:-

El—aZIOg)\ —nlogT'(a) + (a—1) Zlog:cZ Z)\ T

i=1

ly =nplogp —nlog'(B 5—1 Zlog)\ —/LZ)\

861 z": log \; + Z log x; — S))

= Z log \; + Z log z; — nY(a)
i=1 i=1

where () is a digamma function. Similarly

0l _ _ S logx — n L)
%—nlog,u izzllog)\z nf(ﬁ)

=nlogu — Zlog Ai —np(B)

i=1
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and

oy nf
2 =2 \i
o ;

The score or normal equations are

Zlog)\i—i—Zlogaﬁi—mp(a) =0 (12)
=1 =1
nlogp+ Y logA; —nyp(8) =0 (13)
=1
np “
2N (14)
=1
E-step
o(A) =logA, A
Ellog A|X] = 1(a + B) — log(x + p)
ElAlx] = 20
T+ U
Let
o= 228w = v+ 9)  loglas + ) (15)

The score equations now become

Zwi—l—Zlogxi —np(a) =0 (16)
=1 i=1
nlogp+ Y w; —mp(B) =0 (17)
=1
% ~> 5 =0 (18)
=1

Using Newton-Raphson iteration technique and suitable substitutions gives

fla)

Bt = O )
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) np
b= (19)
die1 Si
A 9(B)
Bry1 = B —
* q'(B)

Therefore the k' iteration becomes

o _a® 4w
)

and
W = w(a® + B0 — log(z; + )

Hence the iterative scheme for parameter estimators is given by

(k+1) _ (k) mDEk) — nw(a(k)) + Z:) log ZT;

« =o' +
n! (k)

1= 09 (8%) ~log #®) +log 5,
+(8®) + @)

(k+1) — (k)
g P 1 — BRIy (BR))
(k+1)
k1) _ B
H BEG)

54

7. Conclusion

Our focus in this article is on identifying classes of mixing distributions based
on Generalized Inverse Gaussian distribution. Other classes can be obtained from
the beta Family which includes Beta I, Beta II and their generalizations. Classes
of mixing distributions discussed can be applied to any continuous mixture. We
have applied the framework on continuous gamma mixtures. In particular, we have
discussed the forms gamma mixtures take and the EM algorithm for ML estimation.
Extensions can be made to training of data sets to the models.

Acknowledgment

Journal home page: http:/ /www.jafristat.net, www.projecteuclid.org/euclid.as,
wwuw.agjol.info/afst. This issue will be closed on March 30, 2025



R.L.K. Tinega, C.B. Maina, J.M. Kerongo, J.A.M. Ottieno , Afrika Statistika, Vol. 19 (1),
2024, pages 3815 - 3843. A Framework for Classes of Gamma Mixtures based on
Generalized Inverse Gaussian (GIG) distribution. 3843

References

Otwande A. (2018) Binomial Mixtures Based on Beta Prior Distributions and their Gener-
alizations. Unpublished PhD thesis, Jaramogi Oginga Odinga University of Science and
Technology, 2018, Kenya.

Barndorff-Nielsen, O., & Kvist, H. K. (1974).Note on exponential families and M-ancillarity
Scandinavian Journal of Statistics 36-38..

Bhattacharya, S. K., & Kumar, S (1986). E-IG model in life testing. Calcutta Statistical
Association Bulletin 35(1-2), 85-90.

Dempster, A. P., Laird, N. M., & Rubin, D. B. (1977). Maximum likelihood from incomplete
data via the EM algorithm Journal of the royal statistical society: series B (methodological)
39(1), 1-22.

Fisher, R. A (1934). The effect of methods of ascertainment upon the estimation of frequen-
cies. Annals of eugenics 6(1), 13-25.

Gathongo, B.(2019). Erlang Mixtures And Their Link With Exponential And Poisson Mix-
tures. Doctoral dissertation. University of Nairobi.

Gomez-Déniz, E., Calderin-Ojeda, E., & Sarabia, J. M. (2013). Gamma-generalized inverse
gaussian class of distributions with applications. Communications in Statistics-Theory
and Methods, 42(6), 919-933.

Greenwood, M., & Yule, G. U. .(1920). An inquiry into the nature of frequency distributions
representative of multiple happenings with particular reference to the occurrence of mul-
tiple attacks of disease or of repeated accidents. Journal of the Royal statistical society
83(2), 255-279.

Gupta, R. C., & Kundu, D (2011). Weighted inverse Gaussian—a versatile lifetime model.
Journal of Applied Statistics 38(12), 2695-2708.

Jegrgensen, B., Seshadri, V., & Whitmore, G. A.(1991). On the mixture of the inverse Gaus-
sian distribution with its complementary reciprocal. Scandinavian Journal of Statistics
77-89.

Karlis, D.(2002). An EM type algorithm for maximum likelihood estimation of the nor-
mal-inverse Gaussian distribution. Statistics & probability letters 57(1), 43-52.

Kostas, F.(2007). Tests of fit for symmetric variance gamma distributions. UADPhilEcon, Na-
tional and Kapodistrian University of Athens Athens.

Lindley, D. V. (1958). Fiducial distributions and Bayes’ theorem. Journal of the Royal Sta-
tistical Society. Series B (Methodological) 102-107.

Maina, C. B. (2022). Normal Weighted Inverse Gaussian Distributions and Em Algorithm
With Applications to Risk Measures and Dependence Modeling. Doctoral dissertation
University of Nairobi.

Patil, G. P., & Rao, C. R (1978). Weighted distributions and size-biased sampling with ap-
plications to wildlife populations and human families. Biometrics 179-189.

Rao, C. R. (1965). On discrete distributions arising out of methods of ascertainment.
Sankhya: The Indian Journal of Statistics, Series A 311-324.

Sarguta R. J. (2017). Four routes to mixed Poisson distributions (Doctoral dissertation,
University of Nairobi).

Sichel, H. S. (1971). On a family of discrete distributions particularly suited to represent
long-tailed frequency data. In Proceedings of the third symposium on mathematical statis-
tics SACSIR.

Tweedie, M. C (1957). Statistical properties of inverse Gaussian distributions I. The Annals
of Mathematical Statistics 28(2), 362-377.

Wakoli, M. (2016). Hazard functions of exponential mixtures and their link with mixed Pois-
son distributions.Doctoral dissertation University Of Nairobi.

Zakerzadeh, H., & Dolati, A (2009). Generalized Lindley distribution.Journal of Mathemat-
ical Extension Vol. 3, No. 2, 13-25.

Journal home page: http:/ /www.jafristat.net, www.projecteuclid.org/euclid.as,
wwuw.agjol.info/afst. This issue will be closed on March 30, 2025



	Introduction
	Generalized Inverse Gaussian (GIG) distribution
	Gamma mixing class
	Weighted Inverse Gaussian (WIG) mixing class
	Inverse Gaussian (IG)distribution
	Weighted distributions
	Reciprocal Inverse Gaussian (RIG) distribution
	GIG(-32,,)
	GIG(32,,)

	Finite mixtures as mixing distributions
	Finite mixtures of WIG variables
	A finite mixture of GIG(-12,,) and GIG(12,,)
	A finite mixture of GIG(-12,,) and GIG(-32,,)
	A finite mixture of GIG(-12,,) and GIG(32,,)
	A finite mixture of GIG(12,,) and GIG(-32,,)
	A finite mixture of GIG(12,,) and GIG(32,,)
	A finite mixture of GIG(-32,,) and GIG(32,,)

	Finite mixtures based on Gamma mixing class
	One-parameter Lindley distribution
	Two-Parameter Lindley distribution
	A general Two-parameter Lindley distribution
	3-parameter Lindley distribution


	Gamma mixtures
	General formulation
	Some forms of gamma mixtures by cases
	Gamma I-Gamma I mixture
	Gamma I-Inverse Gamma I mixture
	Gamma I -Shifted gamma I mixture
	Gamma I-Lindley mixture
	Gamma I-Generalized Lindley mixture
	Gamma I-Inverse Gaussian mixture
	Gamma I-Beta I mixture
	Gamma I-Scaled Beta I mixture

	Estimation
	EM Algorithm
	Case study: EM algorithm for Gamma I- Gamma I mixture


	Conclusion

