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Resumo

Modelagem e andlise de tempos de vida sdo aspectos importantes do trabalho estatistico,
em uma ampla variedade de areas cientificas e tecnolégicas. Estudamos algumas propriedades
matemadticas de uma familia recente chamada gama-G [Zografos and Balakrishnan (2009) and
Risti¢ and Balakrishnan (2012)], denotada aqui por GG, em que G é chamada distribuicdao
baseline. Escolhemos, como baselines, cinco distribui¢des amplamente conhecidas: Birnbaum-
Saunders, Normal, Lindley, Nadarajah-Haghighi e uma extensdo da Weibull. A mais recente,
Nadarajah-Haghighi, foi estudada por Nadarajah e Haghighi (2011), que desenvolveram algu-
mas propriedades interessantes. Demonstramos que as fun¢des densidades das distribui¢des
propostas podem ser expressas como combinacdo linear de fun¢des densidades das respecti-
vas exponencializadas-G. Para uma baseline arbitrdria com cdf G(x), uma variavel aleatéria
é dita ter distribui¢do exponencializada-G, com parametro a > 0, digamos X ~exp—G(a),
se sua pdf e cdf sdo h,(x) = aG* '(x)g(x) and H,(x) = G"(x), respectivamente. As pro-
priedades de algumas exponecializadas tém sido estudadas por muitos autores, veja Mud-
holkar e Srivastava (1993) e Mudholkar et al. (1995) para Weibull exponencializada (exp-W),
Gupta et al. (1998) para Pareto exponencializada, Gupta and Kundu (2001) para exponencial
exponencializada (exp-E) e Nadarajah e Gupta (2007) para gama exponencializada (exp-G).
Mais recentimente, Cordeiro et al. (2011a) investigaram algumas propriedades matematicas
para a distribui¢do gama generalizada exponencializada (exp-GG). Além disso, vérias de suas
propriedades estruturais sdo derivadas, incluindo expressdes explicitas para os momentos, as
fungdes quantilica e geratriz de momentos, desvios médios e dois tipos de entropia. Também
investigamos as estatisticas de ordem e de seus momentos. Técnicas de maxima verossimil-
hanga sdo usadas para ajustar os novos modelos e para mostrar a sua potencialidade.

Palavras-chave: Desvios médios. Distribui¢ao Birnbaum-Saunders. Distribui¢do Extended Weibull.
Distribuicdo Gamma-G. Distribuigao Lindley. Distribui¢do Nadarajah-Haghighi. Distribuicao
Normal. Estimagdo por méaxima verossimilhanca. Func¢do quantilica.



Abstract

The modeling and analysis of lifetimes are important aspects of statistical work in a wide
variety of scientific and technological fields. We study some relevant mathematical properties
of the recent family called gamma-G family [Zografos and Balakrishnan (2009) and Risti¢ and
Balakrishnan (2012)], denoted here by “GG”, for short, where G is called the baseline distri-
bution. As baseline distributions, we choose five widely-known models: Birnbaum-Saunders,
Normal, Lindley, Nadarajah-Haghighi and an extended Weibull. The fourth one is the most re-
cent, studied by Nadarajah and Haghighi (2011), who developed some of its interesting prop-
erties. We demonstrate that the new density functions can be expressed as linear combination
of exponentiated-G (“EG”, for short) density functions. For an arbitrary baseline cdf G(x), a
random variable is said to have the exponentiated-G distribution with parameter 2 > 0, say
X ~ exp-G(a), if its pdf and cdf are h,(x) = aG*!(x)g(x) and H,(x) = G*(x), respectively.
The properties of some exponentiated distributions have been studied by several authors, see
Mudholkar and Srivastava (1993) and Mudholkar et al. (1995) for exponentiated Weibull (exp-
W), Gupta et al. (1998) for exponentiated Pareto, Gupta and Kundu (2001) for exponentiated
exponential (exp-E) and Nadarajah and Gupta (2007) for exponentiated gamma (exp-G) distri-
butions. More recently, Cordeiro et al. (2011a) investigated some mathematical properties for
exponentiated generalized gamma (exp-GG) distribution. Further, various of their structural
properties are derived, including explicit expressions for the moments, quantile and generat-
ing functions, mean deviations, probability weighted moments and two types of entropy. We
also investigate the order statistics and their moments. Maximum likelihood techniques are
used to fit the new models and to show their potentiality on real data set.

Keywords: Birnbaum-Saunders distribution. Extended Weibull distribution. Gamma-G distri-
bution. Lindley distribution. Maximum likelihood estimation. Mean deviation. Nadarajah-
Haghighi distribution. Normal distribution. Quantile function.
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CHAPTER 1

Introduction

For any continuous baseline G distribution, Zografos and Balakrishnan (2009) proposed
a generalized gamma-generated distribution (denoted here with the prefix “GG”, for short)
with an extra positive parameter. The central ideia is: let Xy -+ Xy be upper record
values arising from a sequence of i.i.d. continuous random variables from a population with
cumulative density function (cdf) G(x) and probability density function (pdf) g(x), where 1 <
Uy <...< Uy < n. Then, the pdf of the nth upper record value, X y;,), is given by

8, (%) = (ng(_xi)! {~log[1—G()]}"™!, —oo<x< oo

In the literature, the quantity n € IN such that n > 1 has been replaced with a € R,
resulting (Zografos and Balakrishnan, 2009)

Flx) = ?8 {—log[1— G()]}* ", —co<x< oo

To that end, we employ the generator proposed by Zografos and Balakrishnan (2009). They
studied some of its mathematical properties and presented some special cases. Here, we pro-
vide a comprehensive treatment of general mathematical properties of GG distributions by
taking four different baselines. We discuss density expansions, quantile function, moments,
incomplete moments, generating functions, entropies, order statistics, estimation of the model
parameters by maximum likelihood and provide applications to real data sets. We present
mathematical properties of four different models: Gamma Birnbaum-Saunders, Gamma Nor-
mal, Gamma Lindley and Gamma Nadarajah-Haghighi.

The first one uses the Birnbaum-Saunders as baseline distribution. Birnbaum and Saun-
ders (1969a) pioneered a lifetime model which is commonly used in reliability studies. Based
on this distribution, a new model called the gamma Birnbaum-Saunders distribution is pro-
posed for describing fatigue life data. Several properties of this distribution including ex-
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plicit expressions for the ordinary and incomplete moments, generating and quantile func-
tions, mean deviations, density function of the order statistics and their moments are derived.
We discuss the estimation of the model parameters by the method of maximum likelihood.
The superiority of the new model is illustrated by means of three failure real data sets.

In the second chapter, we discuss the gamma normal distribution which has the normal
distribution as the baseline. We study some of its mathematical properties too and maximum
likelihood techniques are used in order to fit the new model and to show its potenciality by
means of two examples of real data. Based on three criteria, the proposed distribution provides
a better fit than the skew-normal distribution.

The third chapter is about a gamma Lindley (GL) distribution, which generalizes the Lind-
ley model. We advance under three different aspects. First, the proposed model from the
application of the Lindley distribution to the gamma generator, and the study of its structural
properties are addressed. Secondly, the performance of the GL additional parameter estima-
tion is quantified under variation of the Lindley (L) parameter by means of a simulation study.
The new distribution can strongly be more flexible than the L model, when one wishes to
analyze time between failures for repairable item. Thirdly, we consider the GL model for de-
scribing intensity data extracted from synthetic aperture radar (SAR) images. The empirical
distributions (for more details, see, Gao (2010)) obtained from SAR data require specialized
models since these data are corrupted by an interference pattern, called speckle noise(Oliver
and Quegan, 1998). Results present meaningful evidence in favor of the GL model compared
to the baseline Lindley, and, more important, the Weibull distribution — which has been indi-
cated as a well-accepted model to describe empirical SAR distributions (Oliver and Quegan,
1998; Fernandes, 1998; de Fatima and Fernandes, 2000; Gao, 2010) — and the complementary
exponential geometric (CEG) distribution (Louzada et al., 2011)- like a recent bi-parametric
extended model.

In the fourth chapter, we propose the gamma Nadarajah-Haghighi model, which is a new
generalized gamma distribution. This distribution can be interpreted as a truncated general-
ized gamma distribution (Stacy, 1962). It can have a constant, decreasing, increasing, upside-
down bathtub or bathtub-shaped hazard rate function depending on the values of its parame-
ters. We demons-
trate that the new density function can be expressed as a linear combination of exponentiated
Nadarajah-Haghighi density functions (Lemonte, 2013). Various of its structural properties
are derived, including some explicit expressions for the moments, quantile and generating
functions, skewness, kurtosis, mean deviations, Bonferroni and Lorenz curves, probability
weighted moments and two types of entropy. We also obtain the order statistics. The method
of maximum likelihood is used for estimating the model parameters and the observed infor-
mation matrix is derived.

Finally, we propose, in the last chapter, the gamma extended Weibull model, which extend
the Weibull and extended Weibull distributions among several other distributions. We obtain
explicit expressions for the ordinary incomplete moments, generating and quantile functions,
mean deviations, entropies and reliability. The method of maximum likelihood is used for
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estimating the model parameters. The applicability of the new model is illustrated by means
of a real data set.
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CHAPTER 2

The gamma-G family of distributions

Resumo

Neste capitulo, falamos sobre o gerador gamma-G, com um parametro positivo adicional, pro-
posto por Zografos e Balakrishnan (2009). Eles estudaram algumas propriedades matematicas
e apresentaram alguns casos especiais. Aqui, apresentamos algumas propriedades matemati-
cas gerais desse gerador, com o objetivo de, nos capitulos seguintes, mostrar todas essas pro-
priedades sendo aplicadas a uma distribuicdo gamma-G, em que a baseline G é escolhida como

uma determinada distribui¢do conhecida na literatura.

Palavras-chave: Baseline. Distribui¢do gama.

Abstract

In this chapter, we discuss about the gamma-G generator, with an extra positive parameter,
proposed by Zografos e Balakrishnan (2009). They studied some of its mathematical proper-
ties and presented some special cases. Here, we present some general mathematical properties
of gamma-G distributions, in order to, in the next chapters, show all these properties being ap-
plied to a gamma-G distribution, where the baseline G is chosen as a given distribution known

in the literature.

Keywords: Baseline. Gamma distribution.
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2.1 Introduction

Recently, attempts have been made to define new classes of lifetime distributions that
provide greater flexibility in modeling skewed data in practice. In 2012, Torabi and Hedesh
proposed a new general class of distributions (with two additional parameters), generated
from the logit of the gamma random variable and they discussed some mathematical proper-
ties. Motivated by Torabi and Hedesh (2012), Cordeiro et al. introduced a new sub-family of
the Zografos-Balakrishnan’s family of distributions (paper submited in Applied Mathematical
Modelling). In this paper, they introduced a gamma extended family of distributions with two
extra generator parameters and studied some particular cases e properties of the new class.
Amini et al.(2013) discussed two new families of distribution with two additional parameters,
called Log Gamma-G I and Log Gamma-G II. In this paper the authors developed some math-
ematical properties of those new families.

Zografos and Balakrishnan (2009) and Risti¢ and Balakrishnan (2011) proposed a family of
univariate distributions generated by gamma random variables. For any baseline cdf G(x),
x € R, they defined the gamma-G (“GG” for short) distribution with pdf f(x) and cdf F(x)
given by

f(x) = iii {~log[1 - G(x)]}*"" 1)
and
F(x) = r(la) /O TR g, (2.2)

respectively, for a > 0, where g(x) = dG(x)/dx, T'(a) = [;° t" ' e"'dt is the gamma function,
v(a,z) = [; t*"1e~tdt denotes the incomplete gamma function and 71 (a,z) = y(a,z)/T(a) is
the incomplete gamma function ratio. Its hrf i(x) is given by

h(x) = g(x) {~log[1 - G(x)]}" " /T(a, —log [1 - G(x)]),

where I'(a,z) = | Zoo t1~1 e~tdt denotes the complementary incomplete gamma function. The
GG distribution has the same parameters of the G distribution plus an additional shape pa-
rameter a > 0. Each new GG distribution can be obtained from a specified G distribution. For
a = 1, the G distribution is a basic exemplar with a continuous crossover towards cases with
different shapes (for example, a particular combination of skewness and kurtosis). Nadarajah
et al. (2013) derived several structural properties of the GG family of distributions, which hold
for any G such as the asymptotic properties of (2.1) and (2.2), quantile function, ordinary and
incomplete moments, generating function, mean deviations, asymptotic distribution of the ex-
treme values, reliability and order statistics. Here, we intend to show some properties of GG
distributions using four different baselines.



20
2.2 Expansions

Some useful expansions for (2.1) and (2.2) can be derived using the concept of exponenti-
ated distributions. For an arbitrary baseline cdf G(x), a random variable is said to have the
exponentiated-G distribution with parameter a > 0, say X ~ exp-G(a), if its pdf and cdf are

ha(x) = aG" 1 (x)g(x)
and
H,(x) = G"(x),

respectively. The properties of some exponentiated distributions have been studied by several
authors, see Mudholkar and Srivastava (1993) and Mudholkar et al. (1995) for exponentiated
Weibull (exp-W), Gupta et al. (1998) for exponentiated Pareto, Gupta and Kundu (2001) for
exponentiated exponential (exp-E) and Nadarajah and Gupta (2007) for exponentiated gamma
(exp-G) distributions. More recently, Cordeiro et al. (2011a) investigated some mathematical
properties for exponentiated generalized gamma (exp-GG) distribution.

Nadarajah et al. (2013) used an expansion for the quantity {—log [1 — ®(v)]}*~" given by

B B -1 o (k+1-a k(_l)j+k(]](‘)l7j,k ekt
(1ot - o0 = - & (1) )]-_o(ﬂ—l—f) (v,
where

a > 0 is any real number and the quantities p;, can be determined (for j = 0,1,2,... and
k=1,2,...) recursively by

(=)™ [m(j+1)—k
pik=k"1Y) =) ([Z(JJFJ{)) ]pj,kfmr (2.3)

m=1

and p;o = 1. For any real parameter a > 0, we define

G k(=17 C) pi
b= @D & a—1-) @4
and then (2.1) can be expressed as
f(x) =Y behasr(x), (2.5)
k=0

where h, ¢ (x) denotes the exp-G density function with parameter a + k. The cdf corresponding
to (2.5) becomes

F(x) = ¥ b Hype (), 26)
k=0

where H, ¢ (x) denotes the exp-G cdf with parameter with parameter a + k. Based on equation
(2.5), several structural properties of the GG distribution can be obtained by knowing those of
the exp-G distribution.
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2.3 Quantile function

Here, we use a result by Gradshteyn and Ryzhik (2007, Section 0.314) for a power series
raised to a positive integer j

(Z a; xl> =) ¢jix, (2.7)
i=0 i=0

where the coefficients ¢;; (for j = 1,2,...) are easily obtained from the recurrence equation

1
Cji = (iﬂo)fl Zl[m(] + 1) — i] Am Cji—m (2.8)
=
and ¢jo = a{). The coefficient ¢;; can be determined from cjy,...,¢j;—1 and then from the
quantities ap, . .., 4;. In fact, c;; can be given explicitly in terms of the coefficients a;, although
it is not necessary for programming numerically our expansions in any algebraic or numerical
software.
The GG gf, say Q(u) = F~'(u), can be expressed in terms of the G quantile function
(Qc(+)). Inverting equation (2.2), it follows the gf of X as

F~'(u) = Qoc(u) = Qc {1 - exp[-Q7 (e, 1 - w)] }, 29)

for 0 < u < 1, where Q~!(a, u) is the inverse function of Q(a,z) = 1 —7(a,z) /T (a). Quantities
of interest can be obtained from (2.9) by substituting appropriate values for u.

2.4 Moments

Let Y ~exp-G(a + k). A first formula for the nth moment of X can be obtained from (2.5)

as
E(X") = i b E(Y™).
k=0

Expressions for moments of several exponentiated distributions are given by Nadarajah and
Kotz (2006), which can be used to produce E(X").

A second formula for E(X") can be obtained in terms of the baseline quantile function
Qg(x) = G~1(x). We obtain

[ee]

E(X") =) (a+k)bet(na+k—1), (2.10)
k=0

where the integral

T(n,a) = /m x" G(x)" g(x)dx

—00

can be expressed in terms of the G qf

T(n,a) = /01 Qo ()" u'du.
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The nth incomplete moment of X is calculated as
> G(y) 1
ma(y) = E(X"|X <y) =Y (a+k)b A Qg (1) u™ gy,
k=0

The last integral can be computed for most baseline G distributions.
Further, the central moments (y,) and cumulants (x,) of X can be calculated as

. k(Y ks ;e (-1 /
pe=2 (DY) i and k=g =) () Kk
= k=1

respectively, where «; = p}. Then, ko = py — p?, k3 = uh — Bpbhul + 2u3, x4 = u) — dpbp) —

3uf? + 12uh 2 — 6%, etc. The skewness 71 = k3/x3'* and kurtosis 72 = x4/x3 follow from

the second, third and fourth cumulants. Other kinds of moments such L-moments may also
be obtained in closed-form, but we consider only the previous moments for reasons of space.

2.5 Generating functions

A first formula for the mgf M(t) of X comes from (2.5) as
M(t) = ) b Mi(t),
k=0

where M (t) is the mgf of Y. Hence, M(t) can be immediately determined from the generating
function of the exp-G distribution.
A second formula for M(t) can be derived from (2.5) as

M(t) = i(a—i—k) bep(t,a+k—1), (2.11)
i=0

where

plt,a) = [~ exp(tx) G(x)" g(x)d

—00

can be calculated from the baseline qf Qg (x) = G~1(x) by

1
p(t,a) = ./0 exp {t Qg (u)} u'du. (2.12)

From equations (2.11) and (2.12) we can obtain the mgf's of several gamma-G distributions
directly.

2.6 Entropies

An entropy is a measure of variation or uncertainty of a random variable X. Two popular
entropy measures are the Rényi and Shannon entropies (Shannon, 1948; Rached et al.,2001).
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Following Nadarajah et al. (2013), the Rényi entropy, when X is a gamma-G random variable,

is defined as

_rlogTl@) | 1[5 kmaakr) - O b
Ir(y) = T +1_71g{k¥0< " >]Zo a_l)_j]lk, (2.13)

where [ comes from the baseline distribution as

L = E{G(@2) g2y 1) = [ 6(x) 1 gr(x) a,

where Z represents any continuous random variable with pdf and cdf given by g(x) and G(x),
respectively.

Next, the Shannon entropy of a random variable X is defined by E{—log[f(X)]}. Itis a
special case of the Rényi entropy when 7 1 1. Equation (2.13) is very complicated for limiting,
and then we derive an explicit expression for the Shannon entropy from its definition. We can

write
E[-log f(X)] = logI(a) y Y {Grﬂ )}
]:1 ] r=0
+E{log [G(X)]} — E{log [g(X)]},
where
E [cfﬂ'(xﬂ - é(u—l—k) by /O " Gr R () o(x) dx
= (@t kb
B ;0 (a+r+]:k)
E{log[GO0l} = Y(a+K)be [ logG()] G (x)g(x) dx
k=0
_ v b
_k;a—i—k
and
E {log[g i a+ k) by /Ooo log[g(x)] G™ 1 (x)g(x) dx.

This last integral can be computed numerically for most baseline distributions.

2.7 Order statistics

Order statistics have been used in a wide range of problems, including robust statistical es-
timation and detection of outliers, characterization of probability distributions and goodness-
of-fit tests, entropy estimation, analysis of censored samples, reliability analysis, quality con-

trol and strength of materials.
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Suppose Xj, ..., X, is a random sample from the standard GG distribution and let X;., <

- < Xj.y denote the corresponding order statistics. Using (2.5) and (2.6), the pdf of X;., can
be expressed as

) = e Z 7 (") s pey

Using (2.7) and (2.8), we can write

0o j+i—1 ©
[Z by G(X)Hk] =Y firicik G(x)UFi=1+k
k=0 k=0

o b]+1 1

where fj; 10 = and

k
fivicte = (kbo) ™" Y [m(j +1) = K bu fii-t—m-

m=1
Hence,
fin(x Z Y Mk oy k(%) (2.14)
j=0rk=0
where
(-1)/ n! (a+7)br firio1k

Mk = GO —i— )it [aG+i) +r+k

Equation (2.14) is the main result of this section. It reveals that the pdf of the gamma-G order
statistics is a triple linear combination of exp-G density functions. So, several mathematical
quantities of the gamma-G order statistics like ordinary, incomplete and factorial moments,
mgf, mean deviations and several others can be obtained from those quantities of gamma-G
distributions. Clearly, the cdf of X;.,, can be expressed as

— ‘ o0

Z Z m]TkH a(j+i) +r+k( )

=07rk=0
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CHAPTER 3

An extended Birnbaum-Saunders distribution

Resumo

Birnbaum e Saunders (1969a) foram os pioneiros de um modelo de vida que é comumente uti-
lizado em estudos de confiabilidade. Com base nesta distribui¢do, um novo modelo chamado
de distribui¢do gama-Birnbaum-Saunders é proposto para descrever dados de fadiga. Varias
propriedades da nova distribui¢do, incluindo expressdes explicitas para momentos ordindrios
incompletos, fun¢des geradoras e de quantis, desvios médios, fun¢do densidade das estatisti-
cas de ordem e os seus momentos sdo derivados. Discute-se 0 método de maxima verossim-
ilhanca para estimar os pardmetros do modelo. A superioridade do novo modelo é ilustrada

por meio de trés conjuntos de dados reais.

Palavras-chave: Dados de tempo de vida. Distribui¢do Birnbaum-Saunders. Distribui¢do de

fadiga. Distribuicdo gama. Estimagdo de méxima verossimilhanca.

Abstract

Birnbaum and Saunders (1969a) pioneered a lifetime model which is commonly used in relia-
bility studies. Based on this distribution, a new model called the gamma-Birnbaum-Saunders
distribution is proposed for describing fatigue life data. Several properties of the new distribu-
tion including explicit expressions for the ordinary and incomplete moments, generating and
quantile functions, mean deviations, density function of the order statistics and their moments
are derived. We discuss the method of maximum likelihood approach to estimate the model
parameters. The superiority of the new model is illustrated by means of three failure real data
sets.
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Keywords: Birnbaum-Saunders distribution. Fatigue life distribution; Gamma distribution.
Lifetime data. Maximum likelihood estimation.

3.1 Introduction

Motivated by problems of vibration in commercial aircraft that caused fatigue in the mate-
rials, Birnbaum and Saunders (1969a, 1969b) proposed the two-parameter Birnbaum-Saunders
(BS) model, also known as the fatigue life distribution, with shape parameter « > 0 and scale
parameter B > 0, say BS(«, B). This distribution can be used to model lifetime data and it
is widely applicable for modelling failure times of fatiguing materials. A random variable W
having the BS(«, B) distribution is defined by

) 1/272
(%)
2 2 ’

where Z is a standard normal random variable. Its cumulative distribution function (cdf) is

W=p

given by
G(x) =®(v), x>0, (3.1)

where v(x) = a~'p(x/B), p(z) = z!/?2 —z71/2 and ®(-) is the standard normal cumulative
function. The parameter B is the median of the distribution, i.e. G(B) = ®(0) = 1/2. For
any k > 0, kW ~ BS(a,kp). Kundu et al. (2008) investigated the shape of the BS hazard rate
function (hrf). Results on improved statistical inference for this model are discussed by Wu and
Wong (2004) and Lemonte et al. (2007, 2008). Further, Diaz-Garcia and Leiva (2005) proposed a
new class of generalized BS distributions based on contoured elliptical distributions, whereas
Guiraud et al. (2009) introduced a non-central version of the BS distribution. The probability
density function (pdf) corresponding to (3.1) is given by

g(x) = k(a, B) x3/2 (x+ B) exp [—T(x/ﬁ)] , x>0, (3.2)

202

where k(a, ) = (20e \/271B) ! and T(z) = z — z~ L. The fractional moments of (3.2) are given
by Rieck (1999) E(W?) = ﬁ ( p,a), Where

2 2
1(p,a) = Sret2& )1l (3.3)

211 /2 (2 =2) ’

and x,(z) = 0.5 [ exp{—zcosh(t) — vt}dt denotes the modified Bessel function of the third
kind with v representing its order and z the argument. A discussion of this function can be
found in Watson (1995).

Here, we propose a new lifetime model called the gamma Birnbaum-Saunders (GBS) distribu-
tion to extend the BS model. We know the hrf plays an important role in lifetime data analysis.
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The shape of the hazard function of Birnbaum-Saunders distribution is unimodal. Thus, we
will propose a new model that has four forms of hrf, as follows. We provide properties of the
new distribution, discuss maxi-
mum likelihood estimation of the model parameters and derive the observed information ma-
trix. The rest of the chapter is outlined as follows. In Section 3.2, we discuss about the new
distribution. We derive useful expansions in Section 3.3. The qf is thoroughly discussed in
Section 3.4. In Sections 3.5 and 3.6, we obtain the ordinary moments and two representations
for the mgf of X, respectively. In Section 3.7, we derive the mean deviations, Bonferroni and
Lorenz curves and reliability. The order statistics are investigated in Section 3.8. In Section 3.9,
we present the method of maximum likelihood. In Section 3.10, one application to real data
sets is presented to demonstrate the potentiality of the new distribution for fatigue life model-
ing and the flexibility and practical relevance. Finally, Section 3.11 ends with some concluding

remarks.

3.2 The new distribution

The pdf and cdf of the GBS distribution are defined (for x > 0) by applying (3.1) and (3.2)
in equations (2.1) and (2.2)

£ = ) w2 ) e |- TP (- tog 1 - 0w 64
and
F(x) = F(la) /0 BT g (3.5)

respectively. Evidently, the density function (3.4) does not involve any complicated function
and the BS distribution arises as the basic exemplar for a = 1. The fact that the GBS distribution
extends the BS distribution is also a positive point. Figure 3.1 displays some possible shapes of
the density function (3.4) for selected parameter values. It is evident that the GBS distribution
is much more flexible than the BS distribution.

The hazard rate function (hrf) corresponding to (3.4) is given by

ka, B)x~3/2 (x + B) exp | =G| {~log [L — @(v)]}*
hx) = T(a)T(a,—log [1 — ®(v)])

Hereafter, a random variable X having density function (3.4) is denoted by X ~ GBS(«, B, a).
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Figure 3.1: Plots of the GBS density for some parameter values.

Plots of the hrf hi(x) for selected parameter values are displayed in Figure 3.2. We note that
these plots illustrate the four types of hazard shapes. The new model is easily simulated as
follows: if V is a gamma random variable with parameter 2 > 0, then

cerfe ()

has the GBS(«, B, a) distribution. This scheme is useful because of the existence of fast gener-
ators for gamma random variables and the standard normal quantile function is available in

several statistical packages.

3.3 Useful expansions

Expansions for (3.4) and (3.5) can be derived using the concept of exponentiated distribu-
tions. Cordeiro et al. (2013) defined the exponentiated Birnbaum-Saunders (exp-BS) distribution
with positive parameters «, p and ¢, say Y ~ exp-BS(«, B, c), if its cdf and pdf are given by
H(y;a,B,c) = ®(v)¢ and h(y;a, B,c) = cg(y) ®(v)¢~1, respectively, where v is defined in (3.1)
and g is given in (3.2).

From (3.4), we can write

F@) =Y behe(x), (3:6)
k=0
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Figure 3.2: Some types of the GBS hrf: (a) Increasing and decreasing hrf. (b) Unimodal hrf. (c)
Bathtub hrf.
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where
k+1—a k (_1)j+k k "
b = 0 y (j) PJ/
(a+k)I'(a—1) = (a—1—7)

and h,(x) denotes the exp-BS(«, B, a + k) density function. The cdf corresponding to (3.6)
becomes

F(x) = Y by Hpr(x) = Y b ®(v)**, (3.7)

k=0 k=0

where H, 1 (x) = ®(v)*** denotes the exp-BS cdf with parameters &, 8 and (a + k). Based on
equation (3.6), several structural properties of the GBS distribution can be obtained by know-
ing those of the exp-BS distribution.

If 2 is a nonnegative integer, we can expand ®(v)*** as

O (v) = i sr(a+k)®(v), (3.8)
r=0

where

fx) = g(x) ¥ d @), (39)

where d, = Y 32 by s,(a+ k). Equations (3.6) and (3.9) are the main results of this section.

3.4 Quantile Function

The GBS quantile function (qf), say Q(u) = F~!(u), can be expressed in terms of the BS qf
(Qps(-)) and beta qf (Qg(-)). The BS df is straightforward computed from the standard normal
qf x = Qn(u) = @ !(u) (Cordeiro and Lemonte, 2011)

Qus(o) = & {2442 Qu(w? + 0 Qu(o) 142 Q] "}

Inverting F(x) = u, we obtain the gf of X as
F~'(u) = Qgps (1) = Qs {1 —exp[-Q ' (a,1 - u)]}, (3.10)

for 0 < u < 1, where Q~'(a, u) is the inverse function of Q(a,z) = 1 —7(a,z) /T (a). Quantities
of interest immediately follow from (3.10) by substituting appropriate values for u. Further,
the BS gf can be expressed as

QBS(M) = E ﬁ] hj,iu(i+j)/a, (311)
i,j=0
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_ oo NS N1 i
where p; = Y7 my ()" (’]‘), hji = (ivo) ' Chueo[m (G + 1) — il vm hjjim, vi = giz1. Here,
g0=0,1=1,92=(B—1)/(a+1),...,and the quantities g;'s (for i > 2) can be derived from
a cubic recursive formula given in Appendix A.

We can obtain the inverse function Q~!(a, u) in the Wolfram website as
z=0Q Y(a,1—u) 2 a; u'’?,

2/a 3/a
where g = 0, a; = T'(a+1)%, a, = r(?;rll)) , a3 = %, .

exponential function and using (2.7), we have

1—exp (— Zaru”“> =1- E;ﬂrur/“,
r=0 r=0

where the p,'s are defined in Appendix A. Then,

Qcas(u) = Qps (1 -Y u”“) :

r=0

etc. By expanding the

After some algebra, using the power series expansion (2.7), we obtain from (3.11)
i+j)/a\ &
Qs (u Z pihji Z ( ) ) E ds, u'’ Z cru’, (3.12)
i,j=0

where the coefficients ds, can be determined from (2.8) as ds, = (rpo) ™! Y q[v(s +1) —
| podsy—o fors >0,r > 1,ds9 = pj and ¢, is defined by
_ > i+j)/a\ _
Cr = Z (_1)5 <( ]) > P] hj,i ds,r-
i,j5=0 5
Some algebraic details about (3.12) are given in Appendix A. Equation (3.12) can be used to

obtain some mathematical measures of X such as the moments and generating function by
integration over [0, 1].

3.5 Moments

The ordinary moments of X can be derived from the PWMs (Greenwood et al., 1979) of the
BS distribution defined for p and r non-negative integers by

Tpr = /Ooo xP ®(v)" g(x)dx. (3.13)

The integral (3.13) can be computed numerically in softwares such as MAPLE, MATLAB,
MATHEMATICA, Ox or R. Cordeiro and Lemonte (2011) proposed an alternative re-
presentation to obtain Ty, aS

m=0

x I (p + (ZSJH_M)(X) , (3.14)
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wheres; = ki +...+kj, A(ki,... k) = a =T, .. IS (—1)k20-2072 [ /7r(2k +1)]
and I(p + (2sj +j —2m)/2,«) is determined from equation (3.3). Those algebraic softwares
have currently the ability to deal with analytic expressions of formidable size and complexity.

The sth moment of X can be expressed from (2.5) as

= Z dy Ts,rr (315)
r=0

where 75, comes from (3.14) and d, is given by (3.9). Equation (3.15) can be computed nume-
rically in any symbolic mathematical software. Plots of the skewness and kurtosis, for selected
values of « and S, as functions of a are displayed in Figures 3.3 and 3.4, respectively.

Next, we obtain the nth incomplete moment of X defined as T,(y) = foy x" f(x)dx. The
incomplete moments play an important role for measuring inequality, for example, income

quantiles and Lorenz and Bonferroni curves. Substituting (2.5) in the last equation, we obtain
3/2 T(x/pB)
k(a, B) Z dy / (x +B)x" "% exp [— 52 P(v) dx.

Using the expansion for ®(v)" given by Cordeiro and Lemonte (2011), T,(y) can be ex-

pressed as
v dr 3 (25j+])/2 R 2sj+j
T.(y) = k<a,ﬁ>222<) S g2tk k) X (g (2F)
=0 < j=0 Ky =0 m=0
2s; —2m—1 2si4+7—2m—3
x [D (n+ i . ,y)+/3D(n+ 5t — y)] (3.16)

where the quantity D(p, q) is defined in Appendix B. Equation (3.16) is the main result of this
section.

The Bonferroni and Lorenz curves of X are defined as B(rr) = Ti(q)/[mp}] and L(1) =
T1(q)/ u}, respectively, where g = Qgps(7r) comes from the gf (3.12) for a given probability 7t
and (3.16) with n = 1. These two curves have applications in economics, reliability, demo-
graphy, insurance and medicine; see for example Ordu et al. (2011) and Cuena and Seidl (2007).
Plots of the Bonferroni and Lorenz curves versus 7t for some choices of 4, « = 0.5and g = 1.1
are displayed in Figures 3.5a and 3.5b, respectively.

3.6 Generating function

We provide two representations for the mgf of X, say M(s) = E(e*X). From equation (3.6),

we obtain a first expansion

s) = i b (a+k) /OO et G ()" 1g(t)dt.
k=0 0

By expanding the exponential function and the qf, M(s) can be rewritten as

i (a+k)bxvs, s"
n,s,k=0 S/LZ—}—(Z—i—k) Tl',
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where 75, = (n%)_1 You—olm(s +1) —j1q,,0sn—m follows from (2.7) and (2.8) with 759 =
5. Further, g, comes from the expansion of Qps(u) given by Qps(u) = Y22, g.u°/", whose
coefficients and the details of the proof are given in Appendix C.

A second representation for M(s) is determined from the exp-BS generating function. We
can write M(s) = Y32, by My (t), where by is given by (2.4) and M (t) is the mgf of Y ~exp-
BS(a + k) given by

00 _ r
Mk<t> _ Z ( 1) r(ﬂ ;; 1) Tk/u+r,1 tk.
r,k=0 :

3.7 Other Measures

In this section, we derive the means deviations and the reliability of X.

3.71 Mean deviations
The mean deviations about the mean ) and about the median M can be written as
o =2[pi F(p1) —Ti(wy)]  and & =y — 2T (M),

where T} (w) is the first incomplete moment of X computed from (3.16) with n = 1. Then, the
measures 1 and J; are determined from this equation.
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Figure 3.3: Skewness and kurtosis of the GBS distribution as functions of a for some values of
Q.
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Figure 3.4: Skewness and kurtosis of the GBS distribution as functions of a for some values of

B.

3.7.2 Reliability

Consider the life of a component which has a random strength X; subjected to a random
stress X,. The component fails at the instant that the stress applied to it exceeds the strength,
and then a measure of component reliability is R = Pr(X; < X») fo f1(x) B(x)dx. We
derive R when X; and X, have independent GBS(«, 8, 41) and GBS(«, 8, a2) dlstrlbutlons with
the same shape parameters « and B. The pdf of X; and the cdf of X, can be obtained from (3.6)
and (3.7) as

) Y by ®(v)" ™ and  Fy(x Z by; D(v)™2",

respectively, where

+1—
i )H_k()Plk _ ( jaz) ]Z _ ZH()Pz]
-1) & (a—-1-i) 7 (ap+)T(ay — 1) (ap—1—1) "’

B (k+1k—a1)

N P A

i=0

and p; ; is defined in (2.3). Then, the reliability becomes

R= Y buby [ @) it g(x)dx,
k=0
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Figure 3.5: Bonferroni and Lorenz curves for the GBS distribution for some parameter values.

From equation (3.8), we can write

P(v) 12 = V" (g +ap + j+ k) 5, P(v),
r=0

and R reduces to

R =

il agk

bicbyj Y sp(ar +az+j+k) Ty,
r=0

Jk=0

where 19, is obtained from (3.13).

3.8 Order statistics

Suppose Xj, ..., X, is arandom sample from the GBS distribution and let X;., < - -+ < X,
be the order statistics. Using (2.5) and (2.6), the pdf of X;., can be expressed as

[ee]

Y b (a+r) @) g(x)| x
r=0

finl®) = (_1)(_)];)<_1>J (")

o i+j—1
X [Z bk @(v)”*k] .
k=0

Based on equations (2.7) and (2.8), we obtain

[ee]

. irj-1
[Z by q’(V)Hk] =) Ci+i-1k P(v) UHi-Drk
k=0 k=0
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Bh and ¢jui1p = (kbo) " XK,y [m(j + i) — K] by Cj4i—1 x_m- Hence, the pdf
of the ith order statistic of X reduces to

fzn — 2 Z m]kr ]+1)+k+7’ (317)
— k:

where ¢ 10 =

where
I (=1 (a+71) (") ntbrcipiag
ik (i—1)! (n—i)! '

Equation (3.17) can be expressed as

fin(x ;

where fx, = mj,/[r +k+a(j+1)].
Equation (3.18) is the main result of this section. It reveals that the pdf of the GBS or-
der statistics is a triple linear combination of exp-BS distributions with parameters &,  and

r+k+a(]+z) (x) (3.18)

WM8

[k+r+a(j+1)]. So, several mathematical quantities of the GBS order statistics such as ordi-
nary and incomplete moments, mgf, mean deviations and others can be obtained immediately
from those quantities of the exp-BS distribution.

As a simple application of (3.17), the sth moment of X is given by

—1 00

Z Z M kr T sk+r+a(j+i).

— k:

Another closed-form expression for E(X3, ) can be obtained using a result due to Barakat
and Abdelkader (2004) applied to the mdependent and identically distributed case. Thus,

roz)=s L ot (020 () e

where Ji(s) = [;° x*71 [1 — F(x)]dx.
By expanding [1 — F(x)]/ and using (3.7), we can obtain J;(s). For a real non-integer a, we
can write from (3.7) and (2.8)

Ji(s) = io(—nm (;) [ (}ika(x)”k)mdx

= Z (_1)m (é) E dm,k Ts—1,am+k = E E (_1)m <1’]Yl) dm,k Ts—1,am+ks
m=0 k=0 k=0 m=0

where d, . = (kto) ™" Y5y [j(m + 1) — k] b dy j—j and dyg = b

3.9 Inference and estimation

In this section, we discuss the maximum likelihood method and a Bayesian approach for
infe-

rence and estimation of the model parameters of the GBS distribution.
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3.9.1 Maximum likelihood estimation

First, the estimation of the parameters of the GBS model is investigated by maximum likeli-
hood. Let x = (x1,...,x,) be a random sample taken from X. The total log-likelihood function
for 6 = (a,B,a)is

00) = nlog{k(a,B)} —nlogl(a)— = Zlog x;) + Elog X+ B) +na?
i=1
i T(xi/B)+ (a—1) Zlog{— log[1 — ®(v;)]}. (3.19)
i=1 i=1

The elements of the score vector are given by

wo= —p ()L (G 8) - E e enan

i=1

where ¢(-) is the pdf of the standard normal, ¥(p) = I'(p)/T(p) is the digamma function,
vi = a Y (x;/B)V? — (x;/B) "2} and T(\/x;/B) = (xi/B)Y 2+ (B/xi)/? fori=1,...,n

Maximization of (3.19) can be performed using well established functions such as nlm or
optimize in the R statistical package. Setting these equations to zero, U(f) = 0, and solving
them simultaneously gives the maximum likelihood estimate (MLE) 6 of 6, where U(8) is the
score vector. These equations cannot be solved analytically and statistical software can be
used to evaluate them numerically using iterative techniques such as the Newton-Raphson
algorithm.

For interval estimation and tests of hypotheses on the parameters in 6, we require the 3 x 3
unit observed information matrix J = J(6) = {j,s} whose elements j,s for r,s = a,,a are
given in Appendix D. Under conditions that are fulfilled for parameters in the interior of
the parameter space but not on the boundary, the estimated approximate multivariate nor-
mal N3(0,771J(8) 1) can be used to construct approximate confidence intervals for the model
parameters.

The likelihood ratio (LR) statistics is useful for comparing the new distribution with some
special models. For example, we may use the LR statistic to check if the fit using the GBS
distribution is statistically “superior” to a fit using the BS distribution for a given data set.
In any case, considering the partition * = (GlT , 02T )T, with 6, = a and 6, = (a,pB), tests of
hypotheses of the type Hy : 01 = 9%0) versus Hy : 01 # 9%0) can be performed using the LR
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statistic w = 2{¢(8) — £(6)}, where 8 and 8 are the estimates of 6 unrestricted and restricted
under Hy, respectively. Under the null hypothesis Hy, w i> X%, where g is the dimension of the
parameter vector 8; of interest. The LR test rejects Hy if w > §,, where ¢, denotes the upper
100y% point of the X% distribution.

3.10 Applications

In this section, we compare the fits of the GBS, BS and beta Birnbaum-Saunders (SBS)
(Cordeiro and Lemonte, 2011) distributions to three real uncensored data sets from Murthy
et al. (2004) . The computations are performed using the procedure NLMixed in SAS and the R
statistical software. We describe three data sets reported by Murthy et al. (2004):

e Shocks data

We consider an uncensored data (n = 20) representing the number of shocks before
failure. The data are: 2,3, 6,6,7,9,9, 10, 10, 11, 12,12, 12, 13, 13, 13, 15, 16, 16, 18.

o Repairable data

The following data refer to the time between failures for repairable item (n = 30): 1.43,
0.11, 0.71, 0.77, 2.63, 1.49, 3.46, 2.46, 0.59, 0.74, 1.23, 0.94, 4.36, 0.40, 1.74, 4.73, 2.23, 0.45,
0.70, 1.06, 1.46, 0.30, 1.82,2.37,0.63, 1.23, 1.24, 1.97, 1.86, 1.17.

e Stress data

These data refer to accelerated life testing of (n = 40) items with change in stress from
100 to 150 at t = 15. The data are: 0.13, 0.62, 0.75, 0.87, 1.56, 2.28, 3.15, 3.25, 3.55, 4.49,
450, 4.61,4.79,7.17,7.31, 7.43, 7.84, 8.49, 8.94, 9.40, 9.61, 9.84, 10.58, 11.18, 11.84, 13.28,
14.47,14.79,15.54,16.90, 17.25, 17.37, 18.69, 18.78, 19.88, 20.06, 20.10, 20.95, 21.72, 23.87.

Table 3.1 provides a summary of these data. The shocks data have negative skewness and
kurtosis. The repairable data have positive skewness and kurtosis, and have less variability in
the data. The stress data have positive skewness and negative kurtosis, larger values of these

sample moments.

Table 3.1: Descriptive statistics.

Data Mean Median Mode Std. Dev. Skewness Kurtosis Min. Max.

Shocks 10.65 11.5 12.07 4.28 -0.39 -0.28 2 18
Repairable  1.54 1.24 1.23 1.13 1.37 1.80 011 4.73
Stress 10.45 9.51 0.137 6.99 0.23 -1.19 0.13 23.87

"There are various modes.

In order to estimate the model parameters, we consider the maximum likelihood estimation
method discussed in Section 3.9. We take the estimates of « and f from the fitted BS distribution
as starting values for the numerical iterative procedure.
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Recently, Cordeiro and Lemonte (2011) proposed the B-BS distribution with four posi-
tive parameters a, b, « and by extending the BS distribution which provides more flexibility
to fit various types of lifetime data. Its cdf is given by F(x) = Ig()(a,b), where B(a,b) =
I'(a)T(b)/T(a+ b) is the beta function, I'(-) is the gamma function, I, (a,b) = By(a,b)/B(a,b)
is the incomplete beta function ratio and By (a,b) = [ w" ! (1 — w)? ldw is the incomplete
beta function. The corresponding pdf (for x > 0) is

) = Bt 5 (x4 B) exp (—T(3/8)/ (2a)} @) {1 - @)},
where x(a, B) = exp(a=2)/(2a\/27B) and T(z) = z+2z !, v = a1p(t/B) and p(z) = z1/2 —
z~1/2_ For more details, see Cordeiro and Lemonte (2011).

Table 3.2 lists the MLEs of the parameters (with standard errors in parentheses) and the va-
lues of the following statistics for some models: Akaike Information Criterion (AIC), Consis-
tent Akaike Information Criterion (CAIC) and Bayesian Information Criterion (BIC). The fig-
ures in this table indicate that the GBS model has the smallest values of these statistics among
all fitted models. So, it could be chosen as the more suitable model.

A formal test for the third skewness parameter in the GBS distribution is based on LR statis-
tics described in Section 3.9. Applying these tests to the three data sets, we obtain the results
listed in Table 3.3. For the repairable data, the additional parameter of the GBS distribution
may not, in fact, be necessary because the LR test provides no indications against the BS model
when compared with the GBS model. However, for the shocks and stress data, we reject the
null hypotheses of the two LR tests in favor of the GBS distribution. The rejection is extremely
highly significant for the stress data, and highly or very highly significant for the shocks data.
This gives clear evidence of the potential need for three skewness parameter when modeling
real data.
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Table 3.2: MLEs of the model parameters for the three data sets and the AIC, CAIC and BIC

statistics.

Shocks b o B AIC CAIC BIC
GBS 7.9526 - 21.8829  0.00193 | 123.1 124.6 126.1
(1.7316) - (49.6893)  (0.0088)
BS - 0.5752 9.1023 | 127.2 1279 129.2
- (0.0909) (1.1225)
B-BS 188.72 112,52  85.5110 0.01318 | 1245 127.1 1285
(0.1596) (0.4004) (76.4559) (0.0235)
Repairable b o B AIC CAIC BIC
GBS 3.4530 - 1.5556 0.1448 | 853 862 895
(1.3948) - (0.8757)  (0.2043)
BS - 0.8885 1.0938 | 871 876 899
- (0.1147)  (0.1606)
B-BS 8.4879  1.0608  2.9364 0.0698 | 872  88.8 928
(2.0876) (0.3031) (1.8261) (0.0915)
Stress b o B AIC CAIC BIC
GBS 3.6998 - 3.7682 0.1764 | 268.3 2689 273.3
(0.6388) - (2.5877)  (0.2627)
BS - 14908  4.4303 | 291.8 2921 295.1
- 0 0
B-BS 450.32  384.67 69.2962  0.1805 | 269.6 270.7 276.3
(0.6437)  (0.0397) (39.1129) (0.1999)
Table 3.3: LR tests.

Shocks Hypotheses Statisticw | p-value
GBSvsBS | Hy:a =1vs Hy : Hyisfalse 6.1 0.0135
Repairable Hypotheses Statisticw | p-value
GBSvsBS | Hy:a =1vs H; : Hyisfalse 3.8 0.0512

Stress Hypotheses Statisticw | p-value
GBSvsBS | Hy:a =1vs H; : Hyisfalse 25.5 <0.00001

3.11 Concluding remarks

The Birnbaum-Saunders (BS) distribution is widely used to model times to failure for ma-

terials subject to fatigue. We propose the gamma Birnbaum-Saunders (GBS) distribution to

extend the BS distribution pioneered by Birnbaum and Saunders (1969a). We provide a mathe-

matical treatment of the new distribution including expansions for the cumulative and density
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functions. We derive explicit expressions for the ordinary and incomplete moments, gener-
ating and quantile functions, mean deviations and moments of the order statistics. The es-
timation of the model parameters is approached by the method of maximum likelihood and
the observed information matrix is derived. We consider the likelihood ratio (LR) statistic and
other criteria to compare the GBS model with its baseline model and other non-nested model.
Applications of the GBS distribution to three real data sets show that the new distribution pro-
vides consistently better fits than the BS distribution. We hope that this generalization may
attract wider applications in the literature of the fatigue life distributions.

3.12 Appendix

Appendix A: Quantile function

We derive a power series for the Qgps(u) in the following way. First, we use a known
power series for Q!(a,1 —u). Second, we obtain a power series for the argument 1 — exp[—Q~(a,1 —
u)]. Third, we use the power series for the BS gf (Cordeiro and Lemonte, 2011) to obtain a
power series for Qgps(u). We introduce the following quantities defined by Cordeiro and
Lemonte (2011). Let Q~!(a, z) be the inverse function of Q(a,z) = 1 —y(a,z)/T(a) = '(a,z)/T(a) =
u. The inverse incomplete gamma function in the Wolfram website! is given by

w? (3a +5) w? [a(8a + 33) + 31] w?
a1 20+ 1)2a+2) T3a+r1Pa+2)@r3)

QYal1-u) = w+ + O(w®),

where w = [uT(a +1)]'/?. Thus, we can write the last equation as
z=Q Ya,1—u) Zar , (3.20)

where the 4;’s are given in Section 3.5. They can be expressed as a; = b;T'(a + 1)/?, where

bp=0,b; = 1and any coefficient biyq fori > 11is determined by the cubic recurrence equation

. 1 i s+1 )
biy1 = e {Z Z brbsbiy sias(i—1—s5+2) X

1

i

X Y bybipor[r—a— (1—a)(z+2—r)]}
r=2

The first coefficients are by = 1/(a + 1), by = (3a +5)/[2(a + 1)?(a + 2)], ... Here, we present

the algebraic details of the calculation of the GBS qf. The cdf of X is given by (3.5) and inverting

u = F(x), we obtain (3.10). The BS gf can be expressed as (Cordeiro and Lemonte, 2011)

-
Qps(u Z ka <> ] (;‘) hy )/ Z Pihjiu (i+i)/ (3.21)

i,j=0k=j i,j=0

Thttp:/ / functions.wolfram.com/GammaBetaErf/InverseGammaRegularized /06 /01/03/
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where p; = Y2 i(— 1)k=7 2=k i (]) and my = (271)¥/2 Y2 ps e . Here, po = B, p2 = pa’/2,
p2jt1 = Ba2it1272 (1§2) for j > 0 and pp; = 0 for j > 2. The quantities e, come from the
constants di's in (2.8) by eso = df and (for k > 1) eg = (kdp) ! YK m(j+1) — k] dy, ej k—ms

where d;, = 0 (for k = 0,2,4,...), d, = C(k=1)/2 (for k = 1,3,5,...) and the ¢;’s are calculated
(2r+1) (2k—2r+1) ¢y e,

T (2r11)
Further, the basic quantities (Cordeiro and Lemonte, 2011) ;s come from (2.8) as

recursively from cx1 = m YK

i
hii = (ivo) ™" Y [m(j+1) = il om hjim,

m=0

wherev; = qi+1,90 =0,91 =1, = (B—1)/(a+1),...,and the g;'s (for i > 2) can be derived
from the cubic recursive formula

9 = W{(l —8i2) Lo @ Qi [r(1 = &) (i = 1) = r(r = 1)]
T Y g g slr(r — &) + s+ B —2)(i+1— 1 s>]},

where d;, =1ifi =2and d;, = 0if i # 2.
The BS gf (3.21) holds for —2 < (t/B)Y/2 — (B/t)'/? < 2. Thus, replacing (3.20) in (3.10),
we obtain

Qaas (1) = Qs [1 —exp (— Y a u””)] :
r=0

By expanding the exponential function and using (2.7), we have

1—exp (— Zarur/“> =
r=0

_ 1\
where p, = Y 17 ( 11)! Jur, fir = (rag) ! Yo1lq(l+1) —r]am fi,—qgand fio = al. The coefficient
f1, can be obtained from fy,..., fi,—1 and then from ay,...,a,. Substituting (3.21) in (3.22)
gives

(1) (T u’?)’
I

T
e

N
Il
o

Il

—_

|
e

_1)l 2?0:0 fl,r ur/a - r/a
l! =1- ;)pru , (3.22)

N
Il
o

o (i+j)/a
Qcps(u Z pihi (1 - ur/a> .
r=0

1,j=0
By expanding the binomial term for a non-integer power, we have

Qcps(u) = prhﬂz <l+] M) (ipr )s

i,j=0

- Y Y < z+SJ)/a> sy /"

i,j=0s,r=0
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where the coefficients d;, can be determined from (2.8) as ds, = (rpo) 'Y, 4[v(s +1) —
7| po ds s—o. Finally, we can rewrite the last equation as

Qcps(u Z cru’?,

wherec, = Y75 (—1)° ((Z+])/a) pjhjids,

Appendix B: Incomplete moments

From Cordeiro and Lemonte (2011), we can write

1 ¢ (25,+/)/2 Y m (28] F T\ (254 j—2m)/2
*0r = 2 4| kZOﬁ L M C N S R :
= 1 m=
where s; and Ak, ..., k]-) are defined in equation (3.14). Thus,
— dr v (T (257+)/2 4 g 2sj+j
Tu(y) = k(a,B) Z 5 Z <> Z ,B sj+) A(ky, ...,kj) Z (_5)m< ]m >
r=0 j=0 J kq,....kj=0 m=0
o /y xn+(25j+j_2m—3)/2 (x+IB) exp |:_ T(;lx/zﬁ)] dx. (3.23)
0

Let
/ -1
P01 = [ o [P e [ [

From Terras (1981), we can write D(p,q) = B/ ip1(a™?) — g7 ki (ﬁ, 2;%11), where
iy (x1, x2) denotes the incomplete Bessel function with arguments x; and x; and order v. For
further details, see Jones (2007a, 2007b) and Harris (2008). By inserting the above quantities in
(3.23), we obtain

© g, oo | 25+ o
Lly) = kep) Z(:) % .Z(:) <;> ). ﬁi(zs]’ﬂ)/zz‘\(kl,...,kj) Y (—B)" <2S]m+]>
r= =

k],...,ijO m=0

2si+j—2m—1 2s;i+j—2m—3
x[D<n+ S]+]2 n ,y)+ﬁD<n+ S]+]2 " ,y)].

Appendix C: Generating function

Here, we prove the first result in Section 3.6. Using the expansion of the gf, we obtain

[ee]

o ) 1
y /0 el by(a+ k) G(1)" 1 g(t)dt = ¥ (a+ k) by /0 o5 Qus() yatk—1yy,
k=0

k=0
Let [y = {(i,j) € Nx N;i+j=s}and g, = ¥(; e, P; ji- We can rewrite (3.21) based on the
set Js as

QBS E P] h]z ul+i)/ Z

i,j=0
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By expanding the exponential function and using (2.7) in the last integral, we have

1 [ee] Sn 1 (o] n [ee) Sn 1 oo
esQBS(u) ua+k71du _ } : S } :q us/a ua+k71du _ E : S } :vsnus/a+a+kfldu’
0 n! 0 S n! 0 4
n=0"" s=0 n=0 """ s=0

where T, = (ng,) ' Y5—olm(s +1) — j]1§,, Vs u—m follows from (2.7), (2.8) and Ty = 7. Fi-
nally, the mgf of X reduces to

© (a+k)bkﬁsn Sn

M(s)= ) 0=

a0 (s/a+a+k) n!

Appendix D: Elements of the observed information matrix

The elements of the observed information matrix J(6) for the parameters &, f and a are
given by
, _on 3n 3 & (x B (a—1) & [P o(vi) [1—D(v)] !
o = @A T Z<ﬁ+xi> e ,; {log[1 — @ ()]}

vi p(vi) [1=@(w)] ! vFp(vi)? [1—@(w)] > v} p(v) [1—@(wy)] 2
T2 logl—d(w)]} | {logll— ®(1y)])? {log[1 — ®(vy)]} }

—_— 1 -(x B (a—1)
e = o 2 (55)

vi p(vi)* T(v/xi/B)  vigw)T

ot = ﬂ‘¥<xi+ﬁ>z‘a2ﬁ3§xl“w
L[ p() [1- @) e v ¢l) T(VE7B)
Z{ flogli—®(w)]} " {logll— @()]} [ - @(v7)]

« L pw)? T(VE/BE L t p(u) T(/x/B) }

" {logll— ()]} [1 - ()P " {log[l ~ ()2 [1 ~ () [

1 (2aB)"" T(\/xi/B) P(vi)
2{10g1_ S} - ()]

where ¢ (.) is the trigamma function.
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CHAPTER 4

A new extension of the normal distribution

Resumo

Fornecer uma nova distribui¢do é sempre algo precioso para os estatisticos. Uma nova dis-
tribuicdo de trés parametros chamada distribuigdo gama normal é definida e estudada. Vérias
propriedades estruturais da nova distribuigdo sdo derivadas, incluindo algumas expressoes
explicitas para o momentos, fun¢des quantilica e geradora, desvios médios, probabilidade
ponderada de momentos e dois tipos de entropia. Investigamos também as estatisticas de
ordem e seus momentos. Técnicas de maxima verossimilhanga sdo usadas para ajustar o novo
modelo e para mostrar sua potencialidade através de dois exemplos de dados reais. Com base
em trés critérios, a proposta de distribui¢do fornece um melhor ajuste quando comparada com
a distribuicdo skew-normal.

Palavras-chave: Distribui¢do gama. Distribui¢do normal. Estimagdo de maxima verossimil-
hanga. Média desvio padrao. Quantil.

Abstract

Providing a new distribution is always precious for statisticians. A new three-parameter dis-
tribution called the gamma normal distribution is defined and studied. Various structural
properties of the new distribution are derived, including some explicit expressions for the mo-
ments, quantile and generating functions, mean deviations, probability weighted moments
and two types of entropy. We also investigate the order statistics and their moments. Maxi-
mum likelihood techniques are used to fit the new model and to show its potentiality by means
of two examples of real data. Based on three criteria, the proposed distribution provides a bet-
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ter fit then the skew-normal distribution.

Keywords: Gamma distribution; Maximum likelihood estimation; Mean deviation; Normal dis-
tribution; Quantile.

4.1 Introduction

In statistics, the normal distribution is the most popular model in applications to real data.
When the number of observations is large, it can serve as an approximate distribution for other
models. The pdf (for x € R) of the normal N(y, o) distribution becomes

1 —u)2) 1 -
g(xp,0) = mgexp{—%f}zﬂ(’ca”) (4.1)

where —co < p < o0 is a location parameter and ¢ > 0 is a scale parameter. Its cdf is given by

G(x;p,0) = <x(—7‘u> . 4.2)

Here, we study some structural properties of the gamma normal (GN) distribution, which
generalizes the normal distribution. We introduce the GN distribution and provide plots of
its pdf. We derive expansions for the pdf and cdf (Section 4.3) and explicit expressions for the
qf (Section 4.4), ordinary and incomplete moments and Bonferroni and Lorenz curves (Section
4.5), generating function (Section 4.6) and entropies (Section 4.7). In Section 4.8, we investigate
the order statistics and their moments. The estimation of the model parameters is performed
by maximum likelihood in Section 4.9 and two applications are provided in Section 4.10. Con-
cluding remarks are addressed in Section 4.11.

4.2 The GN distribution

By taking the pdf (4.1) and cdf (4.2) of the normal distribution with location parameter
# € R and dispersion parameter ¢ > 0, the pdf and cdf of the GN distribution are obtained
from equations (2.1) and (2.2) (for x € R) as

o () oo (2T

1 -log[t-o(*)]
@

and

1 1e tdt. (4.4)

Evidently, the GN distribution is defined by a simple transformation: if Z ~ G(a, 1), then the
random variable X = ®~!(1 — e %) has the density function (4.3), with 4 = 0 and o = 1.
Hereafter, a random variable X following (4.3) is denoted by X ~GN(a, y,0). The density
function (4.3) does not involve any complicated function and the normal distribution arises as
the basic exemplar for a = 1. It is a positive point of the current generalization. We motivate
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the paper by comparing the performances of the GN, normal and skew-normal models applied
to two real data sets.

In Figure 4.1, we display some possible shapes of the density function (4.3) for some pa-
rameter values. It is evident that the GN distribution is much more flexible than the normal
distribution.

The new distribution is easily simulated as follows: if V is a gamma random variable with

parameter a, then
X=0® 1 —exp(~V)] +u

has the GN(a, 1, o) distribution. This scheme is useful because of the existence of fast genera-
tors for gamma random variables and for the standard normal quantile function in most sta-
tistical packages.

4.3 Useful expansions

Expansions for equations (4.3) and (4.4) can be derived using the concept of exponentiated
distributions. Consider the exponentiated normal (exp-N) distribution with power parameter
a
a > 0 defined by Y ~ exp-N(a, y,0), with cdf and pdf given by H,(y) = ® (%) and
ha(y) = 2 ¢ (%) @ (£E)171 respectively. Following Nadarajah et al. (2013), equation (4.3)
can be expressed as

flx) = i by btk (x), (4.5)
k=0
where
G (1)) pi
b = (a+k)1]:(a—1) ]20 (a—li]’)

+h—1
and h,((x) = (”%;") ¢ (ﬂ> ) (gy denotes the exp-N(a + k, i1, o) density function.

g g

The cdf corresponding to (4.5) becomes

0 0 X — ]/l a+k
F(x) =) biHyp(x) =) b @ ( ) , (4.6)
k=0 k=0

g

+k
where H, x(x) = ® (%) " denotes the exp-N cdf with parameters a + k, p and o.

a+k
If 2 > 0 is a real number, we can expand ® (%) as

a+k 0o r
@(x;”) :Zs,(a+k)c1><x;”> , 47)
r=0

where

@ = £ (7)) @s)
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Figure 4.1: Plots of the new density function for some parameter values. 3(a) For different

values of a with 4 = 0 and ¢ = 1. (b) For different values of a and ¢ with y = 0. (c) For

different values of 4, u and o.
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Combining equations (4.6) and (4.7), we obtain

F(x) :;i)ri:) besi(a+k) D <x(—7;4>r.

By differentiating the previous equation and changing indices, we can write

f(x) = i d, hr+1 (X), (49)
r=0

where d, = Y17 bysy,1(a + k). Clearly, by integrating both sides of the previous equation,
Yoo odr = 1. Equation (4.9) is the main result of this section. It reveals that the GN density
function is a linear combination of exp-N densities. So, several properties of the GN distribu-
tion can be obtained by knowing those properties of the exp-N distribution.

4.4 Quantile Function

The GN ¢f, say Q(u) = F~1(u), can be expressed in terms of the normal gf (Qn/(+)). The
normal f is given by x = Qn(u) = 0@ !(u) + p. Inverting equation (4.4), we obtain the qgf of
X as

F'(u) = Qon(u) = n+0Qn {1 — exp[-QM(a,1 - u)]}, (4.10)

for 0 < u < 1, where Q~!(a, u) is the inverse function of Q(a,z) = 1 — 7(a,z) /T (a). Quantities
of interest can be obtained from (4.10) by substituting appropriate values for u. Further, the
normal qf can be expressed as (Steinbrecher, 2002) in equation (7.27), see Appendix A. Further,
after some algebra (see Appendix A), we obtain

On(u) = i ws U, (4.11)
s=0

where wg = Y2 (—2)5 7 (v2m)k (];) dy and the quantity dy was defined in Section 4.3.
We can obtain the inverse function Q7' (a, u) in the Wolfram website as

z=Q Ya,1—u)= Zaiui/”,
i=0
where aqg = 0, a1 = T(a+ 1)V, ay = T(a+1)>%/(a+1),a3 = Ba+5T(a+1)%/[2(a+

1)%(a +2)], etc.
By expanding the exponential function and using (2.7), we have (see Appendix A)

1—exp (— Zam””) =1-— Zpru’/”,
r=0 r=0

where the p;s are defined there. We can write

QGN(”) =u —|—(7QN (1 — Z pru”/a> .
r=0



55
By using equations (4.11) and (2.7), we can obtain from (4.10)

Qon(u) =p+o Y wu'l", (4.12)
r=0
where T = 1, P;, p; = L2 Lj—o(—1) ws (5) and hy; = (ipo) ™" Y—olm(+1) — ] puhjizm.
Some algebraic details about (4.12) and others quantities of interest are given in Appendix A.
Equations (4.11) and (4.12) are the main results of this section.

4.5 Moments

Here, we obtain the ordinary and incomplete moments of X. They can be immediately
derived from the moments of Y following the exp-N(a, y, ) distribution. Hereafter, let Z be
the standard GN(4,0,1) random variable. First, we obtain the moments of Z. Thus, we can
write from (4.5)

[ee]
—00

W, =E(Z") =Y b / X D (x) K p(x) dx.
k=0
Further, we can express p/, in terms of Qn /(1) as
) 1
po= Yo bi [ Qi) udu
k=0 /0

Using (2.7) and (4.11), we can rewrite i/, as

[ee]

bkens
r_ s 4.13
Mo kgo @+ kts) (4.13)

where the quantities e, ; are determined from (2.8) and (4.11) as e,s = (iwp) * Y5, _4[m(n +
1) —slwmens—m fors > 1, ey0 = W§, W = Yy (—2)"F (V2m)k (Z:Z)dk and the quantity dj
was defined in Section 4.3. The moments of X immediately follow from the moments of Z as
E(X") = Ty (1) 0 0¥ i,

The second representation for yj, is based on (1, r)th PWM (for n and r positive integers)
of the standard normal distribution given by

“I/l; = Z b syt (61 + k) T,rs (4.14)
k,r=0

where by was defined previously and s,(a) is given by (4.8) and T,, can be expressed as
(Nadarajah, 2008)

_ on/2—(r+1/2) TNP (71 n+r—p+1
Toy = 2V°T Z (2) ()F(z X

(r—p) (n+tr—p+11 13 3
F s, 1 41
A ( 2 121 12121 ’2’ 7 4 7 ( 5)



56

where
F™ b b, . - oyt (D) my - (On)im, x;"] S X"
A ([l, 17+ s,€1,- -, Cny X1, -, Cn Z Z Cl)ml" (Cn)mn mllmnl

is the Lauricella function of type A (Exton, 1978) and the Pochhammer symbol (a); = a(a +
1)...(a+k — 1) indicates the kth rising factorial power of a with the convention (a)y = 1.
We derive three formulae for the nth incomplete moment of Z given by T,(y) = P(Z <
= JJ x" f(x)dx. First, based on equation (4.5), with # = 0 and o = 1, T, () reduces to

~Yd, / "1 p(x) D(x)dx. (4.16)
r=0 -

We can write ®(x) as a power series ®(x) = Y24, x/, where ag = (1 ++2/m)71/2,
a1 = (—=1)/[V2rn2(2j+1)j!] for j = 0,1,2... and ap; = 0 for j = 1,2,... Further, using
(2.7), we have

=Y ¢, (4.17)
j=0

where the coefficients ¢, ; can be determined from the recurrence equation (2.8) with these as.
Thus, using (4.17) and changing variable in the last integral, it follows from (4.16)

1 n+j+1 2
T, (y) = 2"ti-ld, ¢ <,. (4.18)
! \/ZNJ;O rénjy 2 2

Next, we derive a second representation for the moments. The integral A(j,q) =
[ % e /2 dx can be determined for g > 0and g < 0. We define

G(j) = /OO ¥e % dx = 20-D/2T <]—; 1) .
0

For g < 0and g > 0, we have

A(j,q) = (=1Y G(j) + (=1 "' H(j, q)

and
A(j,q) = (=1YG(j) + H(j,q),

respectively, where the integral H(j,q) = foq xf e ¥/2 dx can be easily computed (Whittaker
and Watson, 1990). The details are given in Appendix B. After some algebra, we can write

Tu(y) as

1 .
Z bicyjsrii(a+k)A(j+ny), (4.19)

Tn(y) \/7 L 0
=

where ¢, ; = (jag) ! Z;Zl[m(r +1) —jlamcrj—m, for j > 1, cro = aj), cop = 1, s,(a) is given
by (4.8) and the quantities as are defined in Section 4.4. Some details about (4.19) are given in
Appendix B.
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A third representation for T, (y) is based on the normal gf. Thus, equation (4.17) becomes

o ®(y)
= Zd,/ On(u)"u"du.
r=0 0
After some algebra, using (2.7) and (4.11), we have

q)(y)s+r+1
T ( 2 dyens Gl (4.20)

r,s=0

where e, 5 is given before. More details about (4.20) are addressed in Appendix B.
The nth incomplete moment of X follows after a binomial expansion

E(X"X <y) = Z#n Ko ( > <y0”>

We can derive the mean deviations of Z about the mean ) and about the median M in

terms of its first incomplete moment. They can be expressed as
61 =2[puy F(uy) — Ta(ph)] and 6 = iy — 2T (M), (4.21)

where ) = E(Z) and Ty(q) = [?_ x f(x) dx. The quantity T;(g) can be obtained from (4.18)
(or (4.19) or (4.20)) with n = 1 and the measures J; and J; in (4.21) are immediately determined
by setting q = uj and g = M, respectively.

For a positive random variable X, the Bonferroni and Lorenz curves are defined by B(7) =
Ti(q)/ (i) and L(7t) = Ti(q)/p}, respectively, where g = F~1(7) = Qgn(7) comes from
the gf (4.10) for a given probability 7.

Next, we obtain the PWMs of Z. They cover the summarization and description of theoret-
ical probability distributions. The primary use of these moments is to estimate the parameters
of a distribution whose inverse cannot be expressed explicitly. The (s, p)th PWM of Z is for-
mally defined as

Gy = E[ZF(2)) = [ 2 FE) f(2)dz
Using (4.6), (4.5) and (2.7), we obtain

j+n+s

J+"+S+1) , 422)

gsfp—T Z 2 1dfpfc”“ ( 2

jmr=0
where d, is defined in Section 4.3, 7p,j = (jep)™? Z{,Zl [v(p+1)—jles JTp,j—m forj >1, 7’7,0 =e),
ej = Yoo qecrj and g = Y20 brsi(a+ k). The quantity c;; was just defined after equation
(4.19).

Equations (4.13)-(4.15), (4.18)-(4.20) and (4.22) are the main results of this section. Some
algebraic details are given in Appendix B.

The skewness and kurtosis measures can be calculated from the ordinary moments using
well- known relationships. Plots of the skewness and kurtosis for selected parameters values
as function of a are displayed in Figure 4.2 and 4.3, respectively . In the plots of Figures 4.2(a)
and 4.3(c), ¢ = 10.50, whereas in those of Figures 4.2(b) and 4.3(d), » = 2.50.
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4.6 Generating function

The generating function M(—t) = E(e"*4) of Z ~GN(a,0, 1) is given by

M(—t) = \/1§7t kz bisrs1(a+k) /O:OCD(x)r exp ( tx — x2> dx.

Inserting equation (4.17), we obtain

1

00 xZ
M(—t) = brs,i1(a+k)c / X ex < x—>dx.
(—t) \@”erJ:O kSr1( ) r)j P >

Based on Prudnikov ef al. (1986, Eq.2.3.15.8), the above integral can be rewritten as

i) = [ e (- sx—x2>dx—( ivar 2 (7).

Thus, the mgf of Z becomes

1
M(—t) = \@”krzjlobksr+l(a+k) cr,jJ (s, j)- (4.23)

A second representation for M(t) can be based on the qf. We have

1
M(f) = /O exp [t Qo ()] dut.
Expanding the exponential function, using (4.12) and after some algebra, we obtain

dk,r ﬁ
k,r=0 (g + 1) k!,

where dy, = (rgo) ' Ch—1[m(k +1) — 1] gudys—m forr > 1, dig = g8, doy =1, 8j = p;hjr and
the quantities p; and h;, are given in Section 4.4.

(4.24)

Equations (4.23) and (4.24) are the main results of this section. The mgf of X is simply given
by Mx(t) = e M(ct). The cf has many useful and important properties which gives it a central
role in statistical theory. Its approach is particularly useful in analysis of linear combination of
independent random variables. Clearly, a simple representation for the cf ¢x(t) = Mx(it) of
X, where i = y/—1, is given by

[ee]

Px(t) = /Ooo cos(tx) f(x)dx +1 /0 sin(tx) f(x)dx.

From the expansions cos(fx) = Y ;o 0 (tx) and sin(tx) = Y 7o 07 —1r - (tx)¥*1, we obtain

27+1)
_ (=) (_1>rt2r . ) =) (_1)rt2r+1 .
0l = ¥ o E(Xz”lr;s G BT
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Figure 4.2: (a) Skewness of X as function of a for some values of yu. (b) Skewness of X as
function of a for some values of ¢.
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4.7 Entropies

Here, we consider the random variable Z ~GN(a,0,1). Thus, the Rényi entropy is defined
as

1 too
k() = ;= log [ f1(x)dx

fory >0and y # 1.
First, we consider v = n = 2,3,..., p = 0, ¢ = 1 and the rth moment of the standard

normal distribution given by

'’ e ™ (4.25)

R
We have two cases: m, = 0,if risodd,and m, =1 x 3... x (r — 1), if r is even.
Using (4.17), we can write from (4.5) and (4.17)

l 1 n n + H 1lX
=gt () o v

S {— ( ; D) log(27) — (]42’1) log(n) +log

1—n

Y onjmj /] } , (4.26)

j=0

where g, ; = (jeo) ' Y, [m(n+1) — jlem @uj-m & = Y20 drcrj, om0 = € and the m;'s are
given by (4.25). The quantities d, s are defined in Section 4.3, whereas the ¢, ;’s and the a,'s
are given in Section 4.5.

We can write Iz () = (1 — ) ' E{f(Z)7"'}. Let 6 = E(Z). For - real positive, we have

E{f(z)"} =" E{1+0[f(Z) -]},

where § = 6. From the generalized binomial expansion, we obtain

[1+0[£(2) - }“—1+i S (p(z) - o,
where S, = }“:_01(’)/ — 1 — ). Further,
E{f(Zz)"1} = (1 + i Gn (Z) — 5]”}) : (4.27)

We now obtain E{[f(Z)]"} for n > 2. From equation (4.5) and using the binomial expan-
sion, we can write

pn = E{[f( }—Z@nﬂwbn]/
where ¢, ; = E{Z/ ¢(Z)"}. Thus,

Puj= [ ¥ p()" dx.
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Setting /(1 + 1) x = y, we can easily determine the last integral and then rewrite p, as

1 \"& 1 VT
Pn = (\/2?> jgopn,j <\/m> ﬂ’lj . (4.28)

By expanding the binomial term in (4.27), we can obtain an explicit expression for Iz (), which
holds for any v real positive and y # 1, given by

© gn On n B
T+ Lo k(’;) pk], (429)

k=0

R(y)=(1-7)"1o"

where py is determined from (4.28). Algebraic details can be found in Appendix D.

Next, the Shannon entropy of a random variable Z is defined by E{—1log[f(Z)]}. Itis a
special case of the Rényi entropy when 7 1 1. Equation (4.26) is very complicated for limiting,
and then we derive an explicit expression for the Shannon entropy from its definition. We can

write

logl(x)] = log { () (g 1~ &))" "}
= —log[oT(a)] +log[¢(x)] + (a — 1) log {—log[1l — P(x)]} . (4.30)

So, we first calculate E {log[¢(X)]} and E [log { —log[1 — ®(X)]}]. Setting p = 0and o =1,
the first quantity is easily calculated as follows

2
E {loglp(0)]} =~ log(2m) < E (% ) == log@m) + '], 63D

where p " comes from (4.13) or (4.14) with n = 2.
The second quantity E [log { — log[1 — ®(x)]}] is obtained from the expansion of
log {—1log[1l — ®(x)]}. We can write (for 0 < u < 1) from MATHEMATICA

5u2 u®  251u*  19u°  19087u°  751u”  1070017u®

log {—log[1— u]} = log(u) + = + = 4+ = 4 + +
& & 0% 2 T 24 T8 T 2880 T 288 ' 362880 | 17280 ' 29030400

2857u° n 2684225310
89600 958003200
From equations (4.30)-(4.32), we obtain the Shanon entropy E{—log[f(Z)]} using the or-
dinary moments given by (4.13), (4.14) and (4.17). Equations (4.26), (4.29)-(4.32) are the main
results of this section.

+ o). (4.32)

4.8 Order statistics

Suppose Zi,...,Z, is a random sample from the standard GN distribution and let Z;., <
-++ < Zj., denote the corresponding order statistics. Using (4.5) and (4.6), the pdf of Z;, can
be expressed as

- (z — n—!”—i_ i (n—i - a r )@ r—1 z
i = i SV (7 )[ZM +1) @)1 9(2)] X

j=0
. i1
X [Z by @(z)“*k] :
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Based on equations (2.7) and (2.8), we obtain

o]

o i+j—1
[Z bkq)(z)a—l—k] _ Z Mitj1k q)(z)(i—&-j—l)a—&-k/
k=0

k=0

where 77;4; 10 = bé+j—1 and iy j1) = (kbo)™* Yk m@i+j) — k] by Hitj—1k—m- Hence, the
pdf of Z;., reduces to

fzn — Z m]k}’ l+])ll+k+1’ 1 (433)
j=0 r,k=0

where

(—1)] (ﬂ + 1") n! br 77i+j—1,k
G-l (n—i—jij

Mj gy =

Equation (4.33) can be expressed as

fl n Z Z z+])a+k+r( ) (4-34)
7=0 r,k=0
where
Fipr = ™Mk,
W i+ a+k+r]

Equation (4.34) is the main result of this section. It reveals that the pdf of the standard GN
order statistics is a triple linear combination of exp-N densities with parameters (i +j)a+k+r,
u = 0and ¢ = 1. So, several mathematical quantities of the GN order statistics such as
ordinary and incomplete moments, mgf and mean deviations can be immediately obtained
from those quantities of the exp-N distribution. It gives the pdf of the GN order statistics as a
power series of the standard normal cdf multiplied by the standard normal density function.

As an application of (4.33), the s-th ordinary moment of Z;., becomes

n—i [ee]
an) = Z Z Mk rTs, (i+])at+k+r—1s
j=0 k=0
where T, (;4 j)s4k4r—1 can be obtained from (4.15).

Another closed-form expression for E(Z;,) can be derived using a result due to Barakat
and Abdelkader (2004) applied to the independent and identically distributed case. Thus,

Bz =s ¥, covt (10 (1) e

j=n—i+1

where Ji(s) = [;°z° 7! [1 — F(z)/dx. By expanding [1 — F(z)}/ and using (4.6) , we obtain J;(s).
For any real 2 > 0, we can write from equations (4.6) and (2.8)

Ji(s) = mio(—l)m (2) [ = (;bkcb(z)”*k)mdx

. 0o o ] )
= Z (_1)m (] ) Z dm,k Ts—1,ma+k = Z Z (_1)711 <] > dm,k Ts—1,ma+ks
mJ = k=0 m=0 m

where d,,  is defined in Section 4.5 and the quantities T, , are given in equation (4.15).
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4,9 Estimation

Here, we consider estimation of the unknown parameters of the GL distribution by the
method of maximum likelihood. Let x, . . ., x, be a random sample of size n from the GN(a, j, 0)
distribution. The log-likelihood function for the vector of parameters 8 = (a,,0)" can be ex-
pressed as

1) = —nlog(c)—nlog[l(a)] + glog [‘P <xi ~ P‘)}

ag

—|—(a—1)i;log{—log [1—q><xl;P‘>H. (4.35)

i=1

The components of the score vector U(6) are given by

U, (8) = —n¢<ﬂ)+iélog{—log [1—‘1’(%;#)}}’
( l y>+( 01);[1q><"@,"(;](log[1)¢<W)]’

(") ¢ (*")

v oiSal-9 (#)]log[l - ¢ (ﬁ‘?)]’

where (-) is the digamma function.

Setting these expressions to zero and solving them simultaneously yields the maximum
likelihood estimates (MLEs) of the three parameters, under some regularity conditions. For
more details, see Nocedal and Wright (1999, chapter 8) We use the matrix programming lan-
guage Ox (MaxBFGS subroutine), see for example, Doornik (2006) and the procedure NLMixed
in SAS to compute the MLE 6. For interval estimation of the model parameters, we require the
expected information matrix. The 3 x 3 total observed information matrix J() is given by

Jaa ]ay Jao
](0) = . ]yy ];w ’
Joo

whose elements are listed in Appendix E. Under conditions that are fulfilled for parameters
in the interior of the parameter space but not on the boundary, the asymptotic distribution of
V(0 —0) is N3(0,K(8)~1), where K(0) = E{J(8)} is the expected information matrix. The
multivariate normal N3(0,](8)~!) distribution can be used to construct approximate confi-
dence intervals for the parameters.

The LR can be used for testing the goodness of fit of the GL distribution and for comparing
this distribution with the normal model. We can compute the maximum values of the unres-
tricted and restricted log-likelihoods to construct LR statistics for testing some sub-models of
the GL distribution. For example, we may use the LR statistic to check if the fit using the
new distribution is statistically “superior” to a fit using the normal distribution for a given
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data set. In any case, hypothesis tests of the type Hy : ¢ = 4 versus H : ¢ # 1y, where
Y is a vector formed with some components of 6 and i is a specified vector, can be per-
formed using LR statistics. For example, the test of Hy : a = 1 versus H : Hj is not true is
equivalent to compare the GN and normal distributions and then the LR statistic reduces to
w = 2{¢(a,ji,0) — ¢(1,11,0)}, where @, ji and 0 are the MLEs under H and ji and ¢ are the
estimates under Hj.

4.10 Applications

In this section, the potentiality of the GN model is illustrated in two applications to real
data. An alternative analysis of these data can be performed using the normal distribution.
The beta-normal (BN) (Eugene et al., 2002) and Kumaraswamy-normal (KwN) models extend
the normal model and they can also be used to fit data that come from a distribution with

heavy tails reducing the influence of aberrant observations.

The BN distribution
The BN pdf with parameters y and ¢ and two extra shape parameters « > 0 and g > 0 is

o= S o (5] oo () o) e

—0co < x < oo. Fora = B = 1, we obtain the normal distribution. Recently, Alexander et
al. (2012) and Cordeiro et al. (2012) proposed the generalized beta-generated and McDonald
normal distributions, respectively. The first generated model contains, as special cases, several

given by

important distributions discussed in the literature such as the normal, exponentiated normal,
BN and KwN distributions, among others.

Kumaraswamy-normal (KwN) distribution
The KwN pdf with parameters u and ¢ and two extra shape parametersa > 0 and b > 0 is
given by

f(x):‘f<p<x_”> [@(H‘)rl [1—@“(H’>]bl, o< x< oo (437)

(o g o

For a = b = 1, we have the normal distribution. Clearly, equation (4.37) is much simpler than
(4.36).

4.10.1 Application 1: Carbohydrates data

The first example refers to the data from agronomic experiments (Matsuo, 1986) conducted
at the Federal University of Parand. The main objective was to verify the content of carbohy-
drates (in %) of the corn farms. Some summary statistics for the CO data are: mean=66.34,
median=66.64, minimum=62.35 and maximum=68.46.
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The parameters of each model are estimated by maximum likelihood (Section 4.7) using

the subroutine NLMixed in SAS. We report the MLEs (and the corresponding standard errors
in parentheses) of the parameters and the values of the Akaike Information Criterion (AIC),
Consistent Akaike Information Criterion (CAIC) and Bayesian Information Criterion (BIC) in
Table 4.1. The lower the values of these criteria, the better the fit. Since the values of these
statistics are smaller for the GN distribution compared to their values for the other three mod-
els, we can conclude that the new distribution is the best model among the four to explain the
current data. An analysis under the GN model also provides a check on the appropriateness of
the normal model and indicates the extent for which inferences depend upon the model. For
example, the LR statistic for testing the hypothesis Hy : a = 1 versus H : Hj is not true, i.e. to
compare the GN and normal models, is w = 2{—63.05 — (65.20)} = 4.30 ( p-value = 0.0381),
which provides support toward the new model.

Table 4.1: MLEs and information criteria.

Carbohydrate a U o AIC CAIC BIC
GN 0.1454 683276 0.7443 | 132.1 1329 1369
(0.0277)  (0.2963) (0.0388)

Normal 1 66.3379 14800 | 134.3 134.8 137.6
- (0.2467)  (0.1744)

o B U o

BN 0.1167  0.0678 65.5745 0.3683 | 137.3 138.6 143.6
(0.0471) (0.0129) (0.3649) (0.0475)
a b U o

KwN 0.1859  0.0309 66.6857 0.3460 | 132.2 1333 138.3
(0.2023) (0.0281) (1.1912) (0.1034)

4.10.2 Application 2: Carbon monoxide data

Here, we work with carbon monoxide (CO) measurements made in several brands of
cigarettes in 1994. The data have been collected by the Federal Trade Commission (FTC), an
independent agency of the United States government, whose main mission is the promotion
of consumer protection. For three decades the FTC regularly has released reports on the nico-
tine and tar content of cigarettes. The reports indicate that nicotine levels, on average, had
remained stable since 1980, after falling in the preceding decade. The report entitled “Tar,
Nicotine, and Carbon Monoxide of the Smoke of 1206 Varieties of Domestic Cigarettes for the
year of 1994” at https://www.erowid.org/plants/tobacco/tobacconic.shtml includes some
information about the source of the data, smoker’s behavior and beliefs about nicotine, tar and
carbon monoxide contents in cigarettes. The data are in Appendix F.

The data include n = 384 records of CO measurements, in milligrams, in cigarettes of
several brands. Some summary statistics for the CO data are: mean=11.34, median=12.00,
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Table 4.2: MLEs and information criteria.

Carbon monoxide a U o AIC CAIC BIC
GN 0.1432 169819 2.0889 | 1931.8 1931.9 1943.3
(0.0085) (0.2476) (0.0378)

Normal 1 11.3425 4.0626 | 1950.4 1950.5 1958.1
- (0.2187) (0.1547)
« B U o
BN 0.2143  3.1422 18.5092 2.8673 | 19329 1933.0 1948.3
(0.0906) (0.4851) (0.4680) (0.5866)
a b U o
KwN 0.2242  0.0730 11.8209 1.2921 | 1929.1 1929.2 1944.5
(0.0420) (0.0262) (1.1516) (0.1306)

minimum=0.05 and maximum=22.00. In each case, the parameters are estimated by maximum
likelihood using the subroutine NLMixed in SAS. We report the MLEs (and the corresponding
standard errors in parentheses) of the parameters and the values of the AIC, CAIC and BIC
statistics in Table 4.2. Since the values of these statistics are smaller for the GN and KwN
distributions compared to those values for the other models, the new distribution is a very
competitive model to explain these data and it is more parsimonious. The LR statistic for
comparing the GN and normal models is w = 2{—962.9 — (—1946.4)} = 20.6 (p-value =<
0.0001), which yields favorable support toward to the first model.

411 Concluding remarks

In this chapter, we propose a new model called the gamma-normal distribution which ex-
tends the normal distribution. The proposed distribution is very versatile to fit real data and
could be a good alternative to the normal and two recent generalizations of this distribution.
We study some of its structural properties. We provide explicit expressions for the ordinary
and incomplete moments, quantile and generating functions, mean deviations, Rényi entropy,
Shannon entropy, order statistics and their moments. We derive a power series expansion for
its quantile function which is useful to obtain alternative formulae for several mathematical
measures. The model parameters are estimated by maximum likelihood and the observed in-
formation matrix is determined. The potentiality of the new model is illustrated by means of
two examples.
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412 Appendix

Appendix A: Quantile function

We derive a power series for the Q¢ n (1) in the following way. First, we use a known power
series for Q!(a,1—u). Second, we obtain a power series for the argument 1 —exp[—Q~!(a,1 —
u)]. Third, we consider the power series for the normal quantile function given in Stein-
brecher (2002) to obtain a power series for Qgn (u).

We introduce the following quantities defined by Cordeiro and Lemonte (2011). Let Q! (4, z)
be the inverse function of

Qa,z)=1— —=—~+ = = u.

The inverse quantile function Q~!(a,1 — u) is determined in the Wolfram website ! as

1 B w? (3a+5)w? [a(8a + 33) + 31]w*
Qal-u) = Wt g+ e 12) T 3+t @t2)at3)
{a(ala(125a 4 1179) + 3971] + 5661) + 2888} w®

24(a+1)*(a+2)%(a+3)(a+4)

+ +O0(w®),

where w = [ul'(a + 1)]'/*. We can write the last equation as
z=0Q! (a,1—u) Z&u (4.38)

where 6;’s is given by J; = b;T(a+1)"% Here, by = 0, b; = 1 and any coefficient bi4q (for
i > 1) can be obtained from the cubic recurrence equation

_ 1 i i—s+1 ‘ i ‘
bi"'l:"{z Z b"bsbi—r—s+25(l_r_s+2 Z i— r+27’7’_a—(1—a)(1+2_r>]}'
l(ﬂ—|—1) r=1 s=1 r=2

The first coefficients are by = 1/(a+1), b3 = (3a+5)/[2(a +1)%(a +2)], .... Now, we present
some algebraic details for the GN qf, say Qgn(u). The cdf of X is given by (4.4). The normal
quantile function can be expressed as (Steinbrecher, 2002)

On(u) = Z di [ (u— 1/2)} , (4.39)

where the coefficients dy’s are defined by dy = 0 for k = 0,2,4,... and dy = €(k—1)/2 for
k =1,3,5,... The quantities ¢;'s are determined recursively from

oo 1 i(2r+1)(2k—2r+1)erek,r
T 2026+ 3) & (r+1)(2r+1)

Thttp:/ / functions.wolfram.com/GammaBetaErf/InverseGammaRegularized /06 /01/03/
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Expanding the binomial term in (7.27), we obtain

QOnl) = 3(VIndy Yo(~2) (=L y k 2t (M) e

k=0 s=0 k:Os:O 5

Changing Y52 o Y5, by Y2, Y% ., we have
Z:}: s kdk(k>lf,
s=0k=s °

and then Qn (1) = Y22 o ws u°, where ws = Y5> (—2)° % (v2m)* (]s() dy and the quantity d; was
defined above.

By replacing (4.38) in equation (4.10), we can write

Qon(u) I}l—l—UQN{l—exp [—Zérur/”]}.
r=0

By expanding the exponential function and using (2.7), we have

> _1\! o0 r/a\!
1 - exp (_ E 5;» ur/a> = ( 1) (Zr:O 57’ u )
r=0

I
_1\!
where p, = Y12, ( 11)! fur, fir = (r60) ' b q[q(l+1) = 1] 6 fip—q for r > Tand f1p = Sh.
Combining (4.10) and (4.40), we obtain

Qon(u) =p+0Qn (1—i}7rur/“>-

r=0

T
agk

~
Il
o

Il

[E

|
gk

—1)" 2 fi u/ SN
T zl—g)pru , (4.40)

N
I
<}

Using the know result for Qn(u) in the last equation and expanding the binomial term, we
have

o) = ool 1 Ep)
s=0 r=0

gt () () )

Now, using (2.7), we obtain

Qon(u) = p+o {iZ(—l)j (j) W ih]}ru’/”}

where hj, = (rpo) ' Xh—o[m(j + 1) — ] pum hjr— . Finally,
Qen(u) = p+a ) pihj,u’"
r=0

where p; = 122 Yi_o(—1) ws (3)-
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Appendix B: Moments

Here, we use equation (2.7) and the power series ®(x) = Yiloa; x/ given in Section 4.5. We
have

Toy) = [ ¥ flx)dx

Inserting (4.5) (with y = 0 and ¢ = 1) in the last equation gives

Zd/xq‘) d(x) dx.

From the power series for ®(x) and equation (2.7), we have
Z dy Cr]/ X" p(x)d Z dycyj / X" e 2 dx,
jr=0 ]r =0

where d, is defined in Section 4.3 and the quantities c, ; are obtained from (2.8) using the 4;’s of
the power series for ®(x). Setting z = x2/2, we obtain

v2/2 n+j—1 1 . n—+ ] +1 y
d, / (22) F e Fdz = —— Y 214, <>
\/—]rzo Cr,j (22) € \/Ej,rzo rCrjY 5

Tny

where (-, -) is the gamma incomplete function.
The second representation for T, (y) is based on the integral A(j,q) = [7_x/ e /24y,
which is determined for 4 > 0 and g < 0. We define

Y A .y S R Vo e O B
G(j) /Oxe dx =2 F(Z .

Forg < 0Oand g > 0, we have

A(j,q) = (=1Y G(j)) + (="' H(j,q) and A(j,q) = (1) G(j) + H(j,q),

respectively, where the integral H(j,q) = |, Oj xf e=¥/2dx can be easily determined as (Whittaker
and Watson, 1990)

) 2j/4+1/4qj/2+1/2e—q2/4 )
H(j,q) = G/2+1/2)(j +3) Ni/as1/a,/4+3/4(97/2)

D/ 4H1/44j/2-3/2~ /4 ,
724172 Nj/ai5/a/a+3/4(97°/2),

where Nk,m(x) is the Whittaker function (Abramowitz and Stegun, 1972, p. 505; Whittaker
and Watson 1990, pp 339-351) given, in terms of the confluent hypergeometric function
1Fi(a;b;2) = Y02 0 k,, or in terms of the Kummer’s function U(a, b;z) = z7*2F(a,1+a —
b; —z~1), where (a ) k was defined in Section 4.5. We have
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xm+1/2 1 xm+1/2
Nk,m:mlF] <2+m—k,1+2m,x> and Nk,m:ex/zu<2+m—k,l+2m,x>

Combining (4.5) and (4.17), we can write

[ee] y 2 (o] i
Tu(y) = Z K Sr+1(a+k) /0 /2N ¢, i xdx
—0 =0

1 i y . 2
= Z brsri1(a+k)cy, / It e ™ /2y,
\ 27T jk,r=0
where ¢,; = (jag) ™! Z{ﬂ:l [m(r +1) —jlamcyjm, for j > 1, ¢;0 = ap and cop = 1 and the
quantities a;’s are defined in Section 4.5.
Computing the last integral, we have

1
T, = bicyispii(a+k)A(j+n,y),
n(Y) \/Enkgo kCrjsri1(a+k) A(j+n,y)

where A(-,-) is determined as before and s,(a) is given by (4.8).
The third representation for T, (y) is based on the normal qf. We have

Zd/ ¥ p(x) D(x) dx

The last integral can be rewritten according to the normal qf Qn(u) given in Section 4.4.
Thus, using equations (2.7) and (4.11), we have

Tu(y) = id /~CI>(y) (iw u5>n u'du = id /(D(y) ie udu
— r 0 — S — r 0 — n,s 7
r=0 s=0 r=0 s=0

where e,s = (swo) 1Y, _1[m(n+1) —s]wy eps—m (for s > 1),e,0 = wi and the quantities

wy,’s are given in Section 4.4. Finally, we obtain
o] q)(y)r+s+1
T, = d —
n(y) = ) drens (r+s+1)

r,5=0

Appendix C: Generating function

Here, we present the algebraic details of the second representation for M(t) based on the
quantile power series of X. Using (4.12) with y = 0 and ¢ = 1, we obtain

M(t):/olexp [t Qon(u)] du—/ exp[ (Zp]h]yu )] du,

where p; = Zs 0 Dimo(— 1) () ws, s = T2 (V2m)K(=2)** di () and
hii = (ipo) ™ Lin—o[m(j + 1) — i] pm hji—m. Other quantities are well-defined in Section 4.4.



where @, ; = (]'Eo)_1

71
Expanding the exponential function, we have
k
M(t) B /l i tk (Z;?O:O?] h]',r LI”/IJ) iy i dk,r tk
0 (=0 K o (5 +1) K
where di, = (rgo) ' Y,

m1m(k+1) —r] gmdi,—m (forr > 1),dyo = gf, doo = 1, the quantities
gj's are given by g; = p; hj, and the other quantities p; and £, are defined before

Appendix D: Rényi entropy

The Rényi entropy of a random variable with pdf f(x) is defined as

Ir(7) =

+o0
Y
1_,ylog . f7(x)dx

for v > 0 and oy # 1. We provide details about the Rényi entropy for -y positive integer first
and then for positive real.
First, assuming v =n = 2,3

, 4 =0and ¢ =1, we can write from (4.5) and (4.17)

IR(H) =

n
e*an/Z (id ic x]> dX}
r 1,
=0 j=0

Letting y = y/nx and using equation (4.25), we have
1
Ir(n) =

(n—1) (j+1) - /
p—1 { > log(27) + 5 log(n) — log [];) On 1M, ] },
Z{w:l m

[ (7’1 + 1) _]] e ©n,j—m (fOI'j > 1) #n0 = ES/ E]‘ =3y
m; is the jth moment of the normal distribution. The quantities d,’s are defined in Section 4.3

Ej:O dy ¢,j and
‘ ities d,’
and the a,’s and ¢, ;s are given in Section 4.5
We can write Ig(y) = (1 —7) " 'E{f(Z)""'}. Let § = E(Z). For v real positive, we can
E{f(2) 1} =" EQ1+0[f(2) - o)}77,
where 6 = . From the generalized binomial expansion, we obtain

Q\Xn

(e oLf(E) - )7 =14 L SR @) - o)

~
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where 3, = ;:01 (v —1—j). Further, we have

> 9” Sn

E{f(z)~"} =0 (1 +)

E{[f(2) - 51”}) .

We now calculate E{[f(Z)]"} for n > 2. From equation (4.5) and using the binomial expan-
sion, we can write

on =E{[f(D)]"} = }_ onjPn,
=0
where ¢, ; = E{Z/ ¢(Z)"}. Then,
Yuj= [ () dx.
Setting /(1 + 1)x = y, we can easily determine the last integral and write p,, as
1 n oo 1 ]+1 ,
n=|— ni | ———= m;'.
= () o (Gen)

By expanding the binomial term in (4.27), we can obtain an explicit expression for Iz (7y), which
holds for any 7 real positive and  # 1, given by

B e (1)l

Ig(y)=(1—9y) 1o

where p; is determined from (4.28).

Appendix E: The observed information matrix

The elements of the observed information matrix J(0) for the three parameters (a, y, o) are

given by:
_ / _ 1 ‘P(Zi)
Joo = 2@ T = G L () logl — ()]
_1¢ zip(zi)
Jaw =5 Z; [1— ®(z;)]log[1 — ®(z;)]’
_n lamny 2(z) @1 & ¢Az){1+logll - @)
==z ; T 0@) logl—®@)] ¢ &1 - ()P {logl — @))%
2 @eDE (2 D)
o = 7;“ 7 LT 0 logll — ()]
-1 GGt ot~ 005
L (1= () P{loglt = ()]}
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n 3 20 —1) zip(z;)

Jor = ﬁ‘ﬁf“ 7 L =) logll — )]
a—l L 22 {1+10g[1— (zi)]}
1:1[ z;)|*{log[1 — ®(z;)] }2’

where z; = (x’;” ) and ¢’(-) is the trigamma function.

Appendix F: Data of application 2

The data are:
0.05,0.05,0.05,1,1,2,2,3,2,3,3,3,3,3,4,5,4,6,6,7,4,4,6,6,6,6,6,6,7,5,5,6,7,8,8,5,4,4,
4,4,5,6,6,6,6,6,6,7,7,7,7,7,7,7,7,7,7,5,6,6,6,7,7,7,8,8,8,8,8,5,6,6,6,8,8,8,8,8, 8,
9910,10,11,11,11,11,11,12,12,12,5,9, 10, 10, 5,6, 8,9, 9,9, 10, 11, 10, 10, 12, 15, 10, 11, 11,
11,11,11,12,12,12,13,14,9, 6,9, 9, 10, 10, 10, 10, 10, 10, 11, 11, 12, 10, 10, 10, 10, 10, 10, 11, 11,
11,11,11,11,11,11,11, 12, 12,12,12,12,12,13, 13, 13, 13, 13, 13, 13, 11, 12, 12, 12, 13, 13, 15,
16,16,17,17,18, 15, 10, 10, 10, 11, 11, 12, 12, 9, 10, 10, 10, 10, 11, 11, 11, 11, 11, 11, 11, 12, 12, 12,
12,13, 13, 14, 14, 14, 14, 15, 12, 13, 13, 14, 14, 14, 16, 14, 15, 15, 15, 17, 18, 14, 15, 16, 15, 14, 11,
11,11, 12,13,13,14,15,15,9,12,12,12,12,19, 12, 13, 14, 14, 14, 15, 16, 16, 14, 15, 15, 16, 14, 14,
17,9,11,12,12,13,13,13, 13, 14, 14, 15, 16, 18, 13, 13, 14, 14, 14, 14, 14, 15, 15, 15, 15, 15, 15, 16,
16,16,17,17,14,14,14,15,16,17,9,13,13,14, 14, 15, 16, 13, 13, 14, 14, 14, 14, 14, 14, 14, 14, 15,
17,17,12,15,22,12,17,17, 15, 14, 15, 15, 16, 16, 17, 17, 17, 15, 16, 20, 20, 13, 15, 15, 15, 12, 18,
16,16, 16, 14, 16, 15, 15, 16,18,16,16,18,16
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CHAPTER b

The gamma Lindley distribution

Resumo

Uma nova distribui¢cdo de dois parametros chamada de modelo gama Lindley é definida e
estudada. Varias de suas propriedades estruturais sdo derivadas, incluindo expressdes explic-
itas para o momentos, fungdes quantilica e geradora de momentos, desvios médios e proba-
bilidade ponderada de momentos. Também investigamos as estatisticas de ordem e de seus
momentos. Técnicas de maxima verossimilhanga sdo usadas para ajustar o novo modelo e para
mostrar sua potencialidade. Com base em trés critérios, o modelo proposto prevé um melhor
ajuste para dois conjuntos de dados reais do que os modelos Lindley e exponencial geométrico
complementar.

Palavras-chave: Desvios médios. Distribui¢do gama. Distribui¢do Lindley. Estimac¢do de méx-
ima verossimilhanca. Fun¢do quantilica.

Abstract

A new two-parameter distribution called the gamma Lindley model is defined and studied.
Various of its structural properties are derived, including explicit expressions for the moments,
quantile and generating functions, mean deviations and probability weighted moments. We
also investigate the order statistics and their moments. Maximum likelihood techniques are
used to fit the new model and to show its potentiality. Based on three criteria, the proposed
model provides a better fit to two real datasets than the Lindley and complementary exponen-
tial geometric distributions.
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Keywords: Gamma distribution. Lindley distribution. Maximum likelihood estimation. Mean

deviation. Quantile function.

5.1 Introduction

The Lindley distribution is an important uniparametric law with support on the positive
real line. The pdf (for x > 0) of the Lindley L(A) distribution with a scale parameter A > 0 is

given by
A2 A
g(xA) = ] +A(1 +x)e M (5.1)
Its cdf becomes
A
G(x;A) =1—e M <1+ 1+x}\) . (5.2)

This model pioneered in Lindley (1958) is denoted by X ~ L(A). Such distribution has
been strongly used in several contexts. For instance, the Lindley distribution was firstly used
in order to measure the difference between Fiducial and posterior distributions (related to
Bayesian analysis) (Lindley, 1958) Subsequently, Sankaran (1970) used such law as the mixing
distribution of a Poisson parameter, resulting in the distribution known as the Poisson-Lindley
distribution. Recently, Ghitany et al. (2008) discussed and studied various properties of the
Lindley pdf (5.1).

Although the Lindley distribution is frequently used, it involves only one parameter, what
makes its application to the lifetime context a hard task. Various parametric models have been
developed recently to cope with the wide variety of patterns in survival data. Some of the
proposed parametric models have incorporated one or two shape parameters in a classical
distribution to account for additional possible hazard shapes. This chapter aims to build up a
new model with one additional parameter.

This chapter is organized as follows. In Section 5.2, we introduce the GL distribution and
provide plots of its density and hrf. We derive expansions for the pdf and cdf (Section 5.3),
explicit expressions for the gf (Section 5.4), ordinary and incomplete moments and Bonferroni
and Lorenz curves (Section 5.5), and generating function (Section 5.6).In Section 5.7, we in-
vestigate the order statistics and their moments. The estimation of the model parameters is
performed by maximum likelihood in Section 5.8 and a simulation study and two applications
to real data are provided in Section 5.9. Concluding remarks are addressed in Section 5.10.

5.2 The gamma Lindley distribution

By taking the pdf (5.1) and cdf (5.2) of the Lindley distribution with scale parameter A > 0,
the pdf and cdf of the GL distribution are obtained from equations (2.1) and (2.2) (for x € R)
as

A2

flx) = W(l +x)e M [Ax —log (1 + Ax)r_l (5.3)

1+A
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and

1 /Axlog(lJrl’]:‘A)
0

F(x) = 0 e tdt = 1y <a,/\x —log [1 + Ax ]) - (5.4)

1+A

In this chapter, a random variable X having density function (5.3) is denoted by X ~GL(A, a).
Evidently, equation (5.3) does not involve any complicated function and the Lindley distribu-
tion arises as the basic exemplar for a = 1.

The GL survival function, S(f) = 1 — F(t), can not be expressed in closed-form. However,
it may be obtained in terms of the incomplete gamma function ratio.

By means of the Inverse Transform Method (for more details see Gentle, 2003), we can de-
fine the GL random number generator (RNG) from the well-known gamma cdf and Lindley
cdf that can be easily implemented using common statistical packages. We motivate the new
model by comparing the performances of the GL, Lindley, Weibull and complementary expo-
nential geometric (CEG) distributions applied to two real data sets.

Figure 5.1 displays possible shapes of the density function (5.3) for selected parameter val-
ues. It is evident that the GL distribution is much more flexible than the Lindley distribution.

5.3 Useful expansions

Expansions for (5.3) and (5.4) can be derived using the concept of exponentiated distri-
butions. Consider the exponentiated Lindley (exp-L) distribution with power parameter 2 > 0
defined by Y ~ exp-L(A, a) with cdf and pdf given by

H,(y) = {1—e“ <1 - 1):5)\)}%

aA? Ax a-1
ha(y): 1 A(].—FX)G_AX {1—6_)\x <1+1_|_/\>} 7

and

_|_
respectively.
In this section, we present expansions for (5.3) and (5.4) in the form of a theorem and a
corollary.
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(c) The GL(2,a) hazard for black curves

Figure 5.1: Plots of the GL density and hazard functions for some parameter values.

Theorem 5.3.1. Let X ~ GL(A,a). The pdf of X can be expressed by the linear combination

F) = Y behas(x),
k=0

where h, i (x) denotes the exp-L(A, a + k) pdf given by

ha+k<x> = 1+)\

(a+k)A?

Ax

—Ax A Ax
(1+x)e {1 e <1+1+/\

(k+1—a)

1 k

b= G RT@ -1 ]_20 (a—1-))

(d) The GL(A, 3) hazard

I

(5.5)



81
and p;  is defined as follows.

Proof: Based on an expansion due to Nadarajah et al. (2013), we can write (for a > 0)
ek

1 © k+1—a\ & VTG Pk s

(Flog(1 =GN = a-D L (7 7) sl sl

k=0 j=0

where the constants p; x can be calculated recursively by

k —1" (i _
pix=k1Y (=1) ([m(J]rJlr)l) d Pik—ms

m=1

fork=1,2,...and p;p = 1. Let

) k(D)) pi

b = (a+K)T(a—1) D (a—1—))

j=0

Then, equation (5.3) can be expressed as

F) =Y behai(x),

k=0
where h, x(x) = (a;rﬂAz (1+x)e™ {1—e™M(1+ {_‘T"A) }Hkil denotes the exp-L(A,a + k)
density function.
Corollary 5.3.2. The cdf of X can be expressed as
F(x) = 2 by HaJrk(x)/ (5.6)
k=0

where Hyy(x) = {1 —e™ (14 £%) }Hk denotes the exp-L cdf with parameters A and a + k.

Theorem 5.3.1 and Corollary 5.3.2 are the main results of this section. They reveal that the
GL pdf and cdf are linear combinations of the exp-L pdf’s and cdf’s, respectively. So, several
mathematical properties of the GL distribution can be obtained by knowing those properties
of the exp-L distribution.

5.4 Quantile Function

The GL qf, say Qgr(#) = F~'(u), can be expressed in terms of the Lindley gf (Qr(+)).
Inver-
ting equation (5.4), the qf of X (for 0 < u < 1) reduces to

Qor(u) = Flu) = Q1 {1 —exp[-QY(a,1 —u)]}, (5.7)

where Q71(a,u) is the inverse function of Q(a,z) = 1 — 7(a,z)/T(a). Quantities of interest
can be obtained from (5.7) by substituting appropriate values for u. The simulation of the
GL distribution is addressed in Section 5.9. Figure 5.2 displays some plots of the GL qf for
A=a=ke {1/4,1/2,1,4}. From a theoretical point of view, some intractable statistical
quantities of X can be derived from a power series expansion for Qg (u). To that end, we have
the following theorem.
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Theorem 5.4.1. The Lindley qf can be expanded as

Qr(u) = i tau", (5.8)
n=0

where t, = Z;o:n-&-l(_l)k_n (ln{) 7Tk

Proof: We can determine the Lindley qf using the Lagrange theorem.
We assume that the power series expansion holds

x = G(u) = xo+ i fie (u—uo)*, fr = G'(u) #0,
k=1

where G(u) is analytic at a point u, that gives a simple x(-point.
Then, the inverse function G~!(x) exists and is single-valued in the neighborhood of the

point x = x(. The power series inverse x = Qy (u) is given by

x = Qu(u) = up+ Y m (u—up)",
k=1

where
1 ¢! k X — X0
T = — —— X and x) = .
0= 5 () v = s
Then, we can write the GL gf as follows
G(x)—l—<l+ Ax)eux—u —1—x§:f-xi
- 1+)\ - 0 = 1 7
where g = 1 and f; = (—A)'*! {ﬁ — W]
Thus, we have
x) = = — . = xl=— | —— x!, (5.9)
lP( ) G(X) _ MO Zi:(}fi xl /\ (%) Z:ZOQI )\2 ggl

where @0 = -1, éi = —0j,00 = 1 and 0; = %Zfilf]gl—]
So, we obtain from equation (5.9)

Vo1 (T AR (k—1)!
- A2k ’

(T

(5.10)

X=Xp

where vg; = (kgy) ™' Loy [m(i +1) — k] 9, Vii—m and vg = g = 1.
From equations (5.9) and (5.10), 7ty is given by

TTx

1 dkfl . 1+Ak
— g aer (e} | = e

X=Xq

Hence, the Lindley qf reduces to

00 k
Qu(u) =Y, W (u—1)*.

k=1
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An alternative expression for Qy (x) is

QL) = Y by,

n=0

where t, = ZZO:nH(—l)k_n (1;1) TT-

Corollary 5.4.2. The GL qf can be expanded as

Qe (u Z Tu'l", (5.11)

where T, = hj, p;, p; and hj,; are defined and discussed in Appendix A.

n —
5 -
=
S

o
= ;
o ;
= N ’
C
]
>
O

o

0.0 0.2 0.4 0.6 0.8 1.0

Probability

Figure 5.2: Plotsof the GLgqf for A =a =k € {1/4,1/2,1,4}.

5.5 Moments

The ordinary and incomplete moments of X can be derived from the moments of Y fol-
lowing the exp-L(A, a + k) distribution. From Theorem 5.3.1, we can write

Mo = E(X") =} be EQYY').
k=0
Using the moments of Yy ~ exp — L(a + k) (Nadarajah et al., 2012), the following corollary is
obtained.

Corollary 5.5.1. Suppose that y; =E (X”) exists. Then,

[oe]

1, A—f—l a—l—k YbrK(a+k,A,n,A), (5.12)

where K(a,b,c,d) = }2 021 OZ]H WLZ])CHH( i )(]H)F(C‘f’k‘f’l)
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Further, we can express 1, in terms of Qy (1) as

o 1
ph= Y be(a+k) [ Qul) T du
k=0
Thus, an alternative expansion for i, can be obtained from Theorem 5.4.1 in the form of the

following corollary.

Corollary 5.5.2. Suppose that ), = E(X") exists. Then,

2 br(a+k)e,,
I : i 5.13
n i,kzzo(a-i-l—Fk—Fl) ( )

where the quantities e, ; are determined from (2.8) and (5.8) as e,; = (ity}) Y, _4[m(n +1) —
i\t epi—m, fori > 1, e,0 = tj, and the quantities t; and dy are defined in Appendices A and B,
respectively.

The skewness and kurtosis measures can be calculated from the ordinary moments using
well-known relationships. Plots of these quantities for some parameter values as functions of
a are displayed in Figure 5.3.

2.0

1.0

Skewness measure
0.4 0.6 .
| |
Kurtosis measure
1.4
| |

1.8

1.6

o S e ~ |
S | . <
e | e |
o -
T T T T T \ T T T T T \
0 1 2 3 4 5 0 1 2 3 4 5
A A
(a) Skewnessgr: (A, a) = (e, k) (b) KurtosisgL: (A,a) = (e, k)

Figure 5.3: Plots of the skewness and kurtosis measures for the GL distribution.

The nth incomplete moment of X can be based on the Lindley gf as

00 1—e A (14 AL
/ (1+£%) Qu(u)" uote=1 4,

mu(y) = /Oy X" f(x)dx =Y (a+k)b

k=0 0

Let s = {(I,r) € N x N;1+r = s}. After some algebra, using (2.7) and (5.8) and based on
the set J;, we obtain the subsequent corollary.
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Corollary 5.5.3. Suppose that m,(y) exists. Then,

ma(y) =Y 0,y =Y syt (5.14)
1,r=0 s=0

— (71)] (ﬂ+k) kaH',lﬁ-’y H ++k+1 >
where §1, = i k-0 W) and gs = Y e, G fors 2 0.

More details about (5.14) and other quantities are addressed in Appendix B.
We can derive the mean deviations of X about the mean /| and about the median M in
terms of its first incomplete moment. They can be expressed as

6 = 2[u) F(uy) — my(p))] and 6 = py —2my (M), (5.15)

where p} = E(X) and m1(q) = [{ x f(x) dx.

The quantity m;(g) can be obtained from (5.14) with n = 1 and the measures J; and ¢, in
(5.15) are determined by setting q = uj and g = M, respectively.

For a positive random variable X, the Bonferroni and Lorenz curves are defined by B(7) =
mi(q)/ () and L(7r) = mq(q)/u}, respectively, where ¢ = Qgr(7r) comes from (5.7) for a
given probability 7r. Figure 5.4 displays plots of the GL Bonferroni function for A = a =k €
{1/4,1/2,1,4}.

Bonferroni function
0.00 0.05 0.10 0.15 0.20 0.25 0.30
|

0.0 0.2 0.4 0.6 0.8 1.0

Probability

Figure 5.4: Plots of the Bonferroni curve for A =a =k € {1/4,1/2,1,4}.

Next, we obtain the probability weighted moments (PWMs) of X. They cover the sum-
marization and description of theoretical probability distributions. The primary use of these
moments is to estimate the parameters of a distribution whose inverse cannot be expressed
explicitly. The (s, p)th PWM of X is formally defined as

&, p = E[X° F(X)] = /Ooo ¥ F(x)P f(x) dx.

Using (2.7), (6.5) and (5.6), we obtain the subsequent corollary.
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Corollary 5.5.4. The (s, p)th PWM of X is given by

I(s+k+2)

ad Kpr Wiy,
Gop =Y A IT(s+k+1) + o |

5.16
00+ Aty (5.16)

o 1t k+2 o -
where Wy,; = Y20 M%(i)(lf), dy =Y obksra(a+k), ap, = (rog)
Y1 m(p +1) =1l vmcprm Vm = Lpeobxsm(a +k) and s,,(a) is given by (5.21) (Section F).
Other quantities and some details about (5.16) can be found in Appendix B.

Equations (5.12), (5.14) and (5.16) are the main results of this section. Some algebraic details
are given in Appendix B.

5.6 Generating function

A first representation for the mgf M(t) of X can be based on its qf. We have

1
M(t) = [ exptQor(u)] du.
Expanding the exponential function using (5.11) and after some algebra, we obtain:

Corollary 5.6.1. The mgf of X can be expressed as

= dsy

R

a

(5.17)

where dsj = (jg0) ™! Z{nzl[m(s +1) = jlgmdsjmfors = 1,dsp = &3, doj =1, 8j = p; hj, and the
quantities p; and h;, are given in Section 5.4.

More details about this corollary can be found in Appendix C.

A second representation for M(t) is determined from the exp-L generating function. We
can write M(t) = Y12 by Mk(t), where by is defined in Section 5.3 and M (t) is the mgf of
Y ~ exp —L(a +k):

Corollary 5.6.2. The mgf of X is given by

(a+k)A?

M (t) = T+ A

K(a+k A0,A—t), (5.18)
where K(a,b,c,d) is defined in Section 5.5. Equations (5.17) and (5.18) are the main results of this
section.

5.7 Order statistics

Suppose Xj, ..., X, is a random sample from the GL distribution and let Xj., < - -+ < Xy
denote the corresponding order statistics. The following theorem gives an expansion for the
pdf of the ith order statistic X;.,, say fi.,(2).
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Theorem 5.7.1. The pdf of X;.,, can be expanded as

fin(2) = Y Y fikr Misjasksr(2), (5.19)
j=0 k=0
where
form Mk
AT = Tl + a+k+7]

Proof: Here, we use the follows relationship: for z € (0, 1) and any real non-integer «, we have

¥ = i se(a)z’, (5.20)
r=0

r(—1)f+’ (‘;‘) <i> (5.21)

Combining equations (5.6) and (5.20), we obtain

F(x) = i b sr(a+k) {1 —e M <1+ 1)—\Fx/\>}r

k,r=0

where

e

sr(a) =
I

= Z kar(ﬂ+k) G(x)r.
k,r=0

By differentiating the previous equation, we can write
f(x) =g(x) ) d G(x), (5.22)
r=0

where d, =Y 32 besr(a+k—1).
Using (5.6) and (5.22), the pdf of X;., can be expressed as

n—i

n! (n—i i

fold =i iy (7)) rorrer
—n—!nii 1)/ n—i - a4+ 2)atr=1 (5,
_(i—l)!(n—i)!jzo( 1)]( i )L;)br( +7)G(2)"" g(z)

o i+j—1
X [Z bi G(z)“+k] :
k=0

Based on equations (2.7), (2.8) and after some algebra, we obtain

[ee]

. i4j—1
[Z by G(Z)Hk] =Y Tirj-1k G(z)lHi-Dathk
k=0 k=0

where Hitj-10 = bé+j_1 and Hitj—1k = (kbo)_l er(nzl [m(z + ]) — k] by, Mitj—1k—m- Hence, the

pdf of X;., reduces to

n—i ©o o
fi:n (Z) — g(z) Z Z mj,k,r G(Z)(l+])ﬂ+k+r—1, (523)
j=0 k=0
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where

(—1)] (ﬂ + 1") n! br 77i+j—1,k
G-l (n—i—jjt

Mj g,y =

Equation (5.23) can be expressed as

fin(z g

1+])a+k+1’( )

TM%%

where

mj,k,r
[+ j)atkrr]

fj,k,r =

Equation (5.19) reveals that the pdf of the GL order statistics is a triple linear combination of
exp-L densities with parameters (i + j)a + k + r and A. Then, several mathematical quantities
of the GL order statistics such as ordinary and incomplete moments, mgf and mean deviations
can be obtained from those exp-L quantities.

5.8 Estimation

Consider a random variable X ~ GL(A,a) and let @ = (A, a)' be the model parameters.
Thus, the associated log-likelihood function for one observation x reduces to

0(0;x) = [21og(A) — log(1 + A)] — log[['(a)] + log(1 + x) — Ax

+ (a — 1) log [/\x — log (1 + 1):;)}. (5.24)

The maximum likelihood estimate (MLE) of 8 is determined by maximizing

0,(0) = YI'; £(6;x;) from a data set x1, ..., x,,. The score function comes from (5.24) as

200(6;x) aﬁ(@;x))T
oA " oa '

Up = (Uy, uzz)T:<

After some algebra, two identities hold:

~ 04(0;x)
Uy = =37 (5.25)
2+ A a—1 ] [ X
= S0y x — (5.26)
(A + DA Nx — log (1+ 123 ) A+ MNA+1+Ax)
d
" u, = 2490 [Ax —1og (1+ Ax )| - ¥
©T T 9a % 8 1+A ’

where ¥(-) is the digamma function.

Additionally, in order to make inference on the model parameters, we obtain the observed
information matrix,

2L(0;x) d2e(6;x)
dadA da?

2 L(8;x) 9*L(0;x)
H(G;x) — ( A2 dAda >,
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and the expected information matrix

K(6) = E[-H(6;X)] = ( aa K )

Kar  Kaa

By differentiating the score function, we have «,, = —¢'(a),

KM:/MM—(a—l)E{dZlog[AX—log(1+ AX )]}

(A+1)272 d A2 1+A
and
K — o —F X - (A+1)(1§A+/\X)] (5.27)
A “ AX — log(1 + )\A—Jz(l) ' '
From (5.25), we have

X
X - (A+1)(1+A+AAXX) — (a— 1)_1 E(X) — 2+ A ,

E(U,)=0 < E

where E(X) is given by (5.14) with n = 1.
Thus, substituting the last result in (5.27), we obtain

Ko = (@ — 1>-1{E<X> - (fjfm}

5.9 Applications

5.9.1 Simulation study

This section aims to provide a simulation study in order to assess the accuracy of the
MLEs described in Section 5.8. One of the advantages of the GL distribution is that its cdf
has tractable analytic form. This fact provides a simple random number generator (RNG)
given by the Algorithm 1. The use of this algorithm is illustrated in Figure 5.5 for the GL(3,2)
distribution.

A RNG FOR THE GL DISTRIBUTION [1]
Generate a value u from U ~ I'(a,1). A possible outcome x from X ~ GL(A,a) is then given
by the solution of the non-linear equation:

Ax—log<1+ Ax >:u.

Now, we perform a simulation study in order to assess the influence of the Lindley pa-
rameter, A, on the GL additional parameter, a. To that end, we consider 5,000 Monte Carlo
replications and, on each generated data, we compute the MLEs and (i) the average, (ii) bias
and (iii) mean square error (MSE) to be quantified like an assessment criterion.
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Figure 5.5: Plots of the theoretical and empirical densities for the GL(3,2) distribution.

From Section 5.8, taking Uy = 0, the MLEs are given by the solutions of the system of

non-linear equations:

24+ A —1 1 _
o~ M xE L [ A ] !1 - (1+A)(A+1+Axi)] =0
Ax; —log (1+1+—’A>

Y1 log [/\xi — log (1 + ﬁx)’\ﬂ —nY¥(a) = 0.

The MLEs do not have closed-form expressions and we use the numerical BFGS procedure to
obtain them, which is reportedly fast and accurate. The simulation process will be conducted
following the steps:

1. Simulated GL distributed data of N € {50,100,150} are obtained by means of the GL
RNG.

2. Two scenarios are considered: (a) a = 2 and A € {1,2,3,4,5} and (b) s = 5and A €
{1,2,3,4,5}.

3. Generated data is submitted to ML estimation to obtain parameter estimates and sample
biases and MSEs.

The initial parameter values chosen in the iterative process are (A,a) = (1,1). Table 5.1
gives the mean estimates for (A, 2) and their associated MSEs for all scenarios. The MSE values
decrease as the sample size increases as expected. Further, smaller values of the MSE at a
specified pair are associated to the smaller parameter values. In order to assess separately the
influence of increasing both A and a on the MLE of 4, we display plots of Bias(a) as functions
of A € {1,2,3,4} for a € {2,5} in Figure 5.6. These plots indicate that the bias decreases when
A increases and it is slower for large values of a.
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Table 5.1: Average of MLEs and their corresponding estimates for the MSE
(a,A) N a MSE(@) A  MSE(A)
(2,1) 50 3114 1724 1213 0.105

100 3.016 1252 1.179  0.060

150 2989 1114 1.170  0.050

(2,2) - 2362 0397 2138 0.203
2293 0201 2.076 0.084

2257 0142 2.048 0.054

(2,3) - 2217 0264 3152 0.420
2151 0.116 3.052 0.173

2130 0.080 3.027  0.115

(2,4) - 2164 0225 418 0717
2109  0.104 4.078 0.322

2.080 0.061 4.024 0.195

(5,1) 50 6.625 5.087 1160  0.085
100 6.393  3.064 1.125  0.043

150 6.326 2469 1115  0.031

(5,2) - 5850 2566 2189 0.248
5.649 1224 2120 0.107

5560 0.799 2.090 0.064

(5,3) - 5597 1904 3225 0.483
5426  0.867 3.131  0.210

5351 0563 3.090 0.132

(5,4) - 5476 1.676 4258  0.831
5314 0.747 4139  0.357

5259 0481 4.099 0.229

5.9.2 Applications to real data

Here, we perform two applications to real data to show that the proposed model is more
adequate than other more common lifetime distributions. We consider a study in the survival

context and an application to the SAR image data.

First application: Modeling reliability data

We consider the analysis of the time between failures for repairable item in the form of a
data set discussed by Murthy et al. (2004) [pp. 278, Data Set 15.1]. Such quantity is a widely
used variable in reliability and, assuming the condition of a constant failure rate, it can be
defined as the time between two consecutive failures. In terms of an initial analysis, Table 5.2
provides a descriptive discussion of the current data set. The descriptive statistics indicate that
the empirical distribution of the data is right skewed (skeness = 1.295462 > 0) and leptokurtic
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Figure 5.6: Plots of the bias estimates for a in terms of A in the GL distribution.

(kurtosis = 4.31917 > 3). Further, the sample mean and median are not much different and
the relationship between mean and dispersion is very expressive (CV = 73.08%).

Table 5.2: Descriptive statistics from the real data set

Size kurtosis skewness Mean Median CV% Min Max
30 4.31917 1.295462 1.5430 1.2350 73.08 0.11 4.73

We compare the proposed GL distribution with three other lifetime models: (a) the Lindley,
(b) the Weibull and (c) the complementary exponential geometric (Louzada, 2011) distribu-
tions. As an initial inferential discussion, Table 5.3 provides the MLEs and their corresponding
standard errors. The estimates present low standard errors what makes a comparative study
of fitness in terms of the estimates acceptable. Figure 5.7 displays the histogram of the data
and the fitted densities.

Table 5.3: MLEs and their standard errors based on the first real data set

Models 1 Xy
GL 1.702903 (0.006475723) 1.496357 (0.004269048)
L 0.9762392 (0.0006029884) °

W 1.709983 (0.0016919445)  1.463319 (0.0013725423)
CEG 1.2440647 (0.003156975)  0.2369999 (0.0006839305)

In order to quantify the performance of the current distributions, we adopt three goodness-
of-fit measures for discriminating both the empirical (f,) and fitted (]?) densities: (a) Sym-
metrized Kullback-Leibler divergence (Eguchi and Copas, 2006; Seghouane and Amari, 2007),



93

0.5

0.4

0.3
|

0.2

0.1

Empirical and fitted densities

Real values

Figure 5.7: Application to real data.

KL(fy, f), (b) Symmetrized chi-square divergence (Taneja, 2006), x2(f,, f), and (c) Kolmogorov-
Smirnov measures, KS( fn,f). Table 5.4 lists the values of these measures based on the current
data set. The results indicate that the GL model outperforms the other distributions according

to these criteria.

Table 5.4: Godness-of-fit measures based on a real data set

Measures GL Lindley Weibull CEG

X2(fu, f) | 0.04216311 0.04746565 0.04549579  0.04558648
KL(fn, f) | 0.01834463 0.02254057 0.02000603 0.01910870
KS(fu, f) | 016983330 0.19526670 0.17020000 0.17070000
p-valueyg | 0.74514940 0.62345490 0.74416100 0.74262650

Second application: Modeling intensity data from SAR images

SAR images have been indicated as remote sensing important tools. Among several advan-
tages, the analysis of SAR images can be justified by the ability of producing high spacial reso-
lution images and of operating in all-weather and all-day. However, such images are strongly
contaminated by an interference pattern, nominated by speckle noise (Oliver and Quegan, 1998).
This phenomenon requires a specialized model to be used in the processing of SAR images.

In general (or polarimetric terms), these images are obtained obeying the following method-
ology: orthogonally polarized pulses (in vertical, “V’, or horizontal, ‘H’, orientations) are sent
towards a target, and the returned echo is captured with respect to each polarization: HH, HV,
VH (in practice, HV ~ VH) and VV. As a consequence, resulting images are understood as
an outcome from a sequence either (i) of complex random vectors (called single look) or (ii) of
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Hermitian positive definite random matrices (called multilook) (Martinez and Pottier, 2007).
This application consists in an advance in case (ii) on which each pixel is represented by 3x3
Hermitian positive definite matrices, whose diagonal elements are positive real intensities:

|Zun|  Zunnv Zabp-vy
Z =\ Zimnv | Zavl Zavwv |,

Z ﬁH—VV Z ﬁV—VV ’ ZVV |

where {|Zun|, |Zuv|, |Zvv|} represents the set of intensities from Zyy, Zpy, and Zyy polar-
ization channels (complex random vectors) and { Zppnv, Zun-vv, Zuv-vy } indicates the set of
possible products between two different polarization channels such that Zy.g = Z5Zg, for A,B
€ {HH,HV, VV}, and * denotes the conjugate of a complex number. In particular, we propose
the GL model for describing the terms | Zyy| in one sample extracted from SAR images.
According to the survey proposed by Gao (2010), empirical distributions for describing in-
tensity SAR data consist of models which have no sound deduction in theory, coming from
the experience of analyzing real data. Some works (Oliver and Quegan, 1998; Fernandes, 1998;
de Fatima and Fernandes, 2000; Gao, 2010) have indicated that the Weibull distribution is one
of the best bi-parametric models for describing single-look images for intensity. However,
the performance of such distribution is affected by multi-look effect (Ulaby et al., 1986). The
proposed distribution can be also used as an alternative model for describing intensities in
polarization channels extracted from SAR images. In the subsequent discussion, we present
evidence in favor of the GL distribution to be used as pre-processing step of SAR images.

Table 5.5: Descriptive statistics from the second real data set

Window kurtosis skewness Mean Median CV % Min Max
41 x 41 5.885843 1.386258 0.0341400 0.0302800 59.80 8.33 x 10~* 0.1417

Table 5.6: MLEs and their standard errors based on the second real data set

Models o %
GL 2.945013 (0.04340277) 87.226878 (0.6839667)
L 30.22958 (0.6631777) °

\W 0.03852693 (0.0005583914)  1.78024116 (0.032154107)
CEG 77.35430015 (0.9419955)  0.09774584 (0.005164741)

To that end, we use an image of San Francisco obtained by the AIRSAR sensor —an airborne
mission with PolSAR capabilities designed by the Jet Propulsion Laboratory. This figure was
obtained athttp://earth.eo.esa.int/polsarpro/datasets.html by means of the polSARpro
software. Figure 5.8(a) displays a 41 x 41 pixels image (HH channel) of San Francisco recorded
by this sensor, acquired with four nominal looks. Table 5.5 presents a fast descriptive analysis
from extracted data. This empirical distribution provides more evidence to be right skewed
and to have a leptokurtic form than that furnished by the data in the first application.
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Table 5.7: Godness-of-fit measures based on a real data set
Measures GL Lindley Weibull CEG
X2 (fn, f) 190.70514 2891.6875  460.0431 4849014

-~

KL(fu, f) 72.99628 552.5212 116.2774 148.6457

-~

KS(fu, f) | 0.02866805 0.2211755 0.0517323  0.05193516
p-valueyg | 053451750 < 10716 0.04779928 0.03515184

Based on these data and in order to advance in inferential process, the MLEs are listed in
Table 5.6. The fitted densities for the intensity SAR returns are plotted in Figure 5.8. Note that
larger returns values are well described by the GL distribution.

Table 5.7 gives the goodness-of-fit measures for the second application. Under the three
criteria — x2, KL and KS — the GL model is meaningfully better than the other models. Addi-
tionally, assuming to a decision error (nominal level) of 5%, the p-valueyg indicates that only
for the GL distribution the null hypothesis that SAR intensity data come from X ~ GL(A, a) is
not rejected.

510 Concluding remarks

In this chapter, we apply the gamma-G class of distributions pioneered by Zografos and
Balakrishnan (2009) and Risti¢ and Balakrishnan (2011) to define a new distribution named
as gamma Lindley (GL) distribution. The structural properties of this distribution, which in-
clude the moments, quantile and generating functions, order statistics, is studied in details.
Additionally, we derive a power series for the qf which is useful to obtain some mathemati-
cal measures. The proposed distribution has been shown to be very versatile to fit skew real
data. Maximum likelihood method is used to estimate the unknown parameters in the pro-
posed model. A simulation study was performed to evaluate the performance of the MLEs.
Finally, we consider two applications from survival data and synthetic aperture radar (SAR)
images under which the proposed distribution is compared with three other lifetime models.
According to three goodness-of-fit criteria, the GL distribution outperforms other distributions
in terms of model fitting.
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(a) Application to AIRSAR image.
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Figure 5.8: Application to AIRSAR image.

511 Appendix

Appendix A:Quantile function

We derive a power series for Qg (1) following the steps. First, we use a power series for
~1(a,1 — u). Second, we obtain a power series for the argument 1 — exp[—Q~1(a,1 — u)].
P 8 P
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Third, we derive a power series for the Lindley gf using the Lagrange theorem to obtain a
power series for Qg (u).
We introduce the following quantities defined by Cordeiro and Lemonte (2011). Let Q(a,z)
be the inverse function of

. 7laz)  T(az)
Qa,z) =1 Ma) — T(a) = u.
The inverse quantile function Q~!(a,1 — u) is determined in the Wolfram website ! as
2 3 4
1 B B w (Ba+5)w [a(8a + 33) + 31w
Qlal—u) = Wt g+ e 12(a+2) T 3a+ 1)@ £2)(a+3)
n {a(ala(125a 4 1179) + 3971] + 5661) + 2888} w® +O(w)
24(a+1)*(a+2)?(a+3)(a+4) ’
where w = [ul'(a + 1)]'/%. We can write the last equation as
z=0Q! (a,1—u) Z(Su (5.28)

where 6; = b;T(a + 1)/%. Here, by = 0, by = 1 and any coefficient b;, (for i > 1) can be
obtained from the cubic recurrence equation

. i i—s+1
biy1= {Z Z bybsbi_y sy28(i—7r—5+2)

X XZ:EEZ-,HZr[r—a— (1 —a)(i+2—r)]}.
r=2

The first coefficients are by = 1/(a + 1), b3 = (3a+5)/[2(a + 1)?(a +2)], ... Now, we present
some algebraic details for the GL qf, say Qg (). The cdf of X is given by (5.4). By inverting
F(x) = u, we obtain (5.7).

By replacing (5.28) in equation (5.7), we can write

Qor(u) = QL (1 —exp [— iér u”“] > )
r=0

By expanding the exponential function and using (2.7), we have

s _1)! 0 r/a\!
1—exp <— Z Oy u”/“> — ( 1) (Zr:O Oru )
r=0

Il
_1\!
where p, = Y20 U0, £ = (r60) T [q(1 + 1) — 1] & fi—q for r > 1and fip = 4
Combining (5.7) and (7.28), we obtain

Qqr(u) (1—Zpr )

Thttp:/ / functions.wolfram.com/GammaBetaErf/InverseGammaRegularized /06 /01/03/

T
gk

N
Il
<}

I

—_

|
¢

—DE YR fipu/ - /
. =1- r;op, u'’e, (5.29)

N
Il
o
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Using the power series for Q; (1) in the last equation and expanding the binomial term gives

n [ee] n (o] ]
n
s = {8 (-} (B0 ) (E)
n=0 j=0 17 \s=0
Now, using (2.7), we can write
Qe (u {2 -1/ () b zhj,ruf/a} { Y z 'ty (1) /}
n=0j=0 ] r=0 n,r=0j=0 J
where hj, = (rpo) ™' Lp—olm(j + 1) — ] pm hjy—m. Finally,
QGL E TI’ 7
where T _P] jrr p] Zn OZ] O( )] tn (;1)

Appendix B: Moments

Here, we demonstrate the results obtained in Section 5.5. The nth ordinary moment of
X ~GL(A, a) can be expressed in terms of Qy (1) as follows

w, = B(X") = ibk (a+k) /1 Qr (u)" u™ 1 du.
k=0 0

Inserting (5.8) in the last equation and using (2.7), we have

n
oo 1 <) .
‘u; = Z by (Ll + k) / (Z t; ul> w1y
k=0 0 \i=0
> 1 e 2 br(a+k)ey;
_ . a+i+k—1 _ k 1,i
— l-,kZ::obk (a+k) en’l/o u du i,kZ::O Tk

where ¢,,; = (ity ) Chy_q[m(n+1) —i] twen;m and e, = #].
Now, we use equation (2.7) and the power series Qr (1) = Y, t; x' to obtain the nth in-
complete moment given in Section 5.3. We obtain

Ay

ma(y) = E(X"|X <y) = i(“ + k)by /Ole () Qr (u)"u" 1 du.
k=0

So, using the Lindley gf and equation (2.7), we have

1—e M (14 AL
mn(y) = (a+k)bkvn,i/() ( +A ) a—i-l-‘rk 1du

0

o a+i+k
(a+K) by o, {1_e_~y <1+ y)} ’
, atitk 1+

i

D72 TD7e

»
Il

i
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where v,,; = (itg) "' Y4, _1[m(n +1) — i] ty v, ;_, and the coefficients t; are given in Appendix
A.

Expanding the binomial term and the exponential function in the last equation, we obtain

> (21)beon w1 (a+K) Ay N (a+itk
n = i, . '
iy (y) l,j,;—o a+i+k < +1+A> < ] )y
i (1) b vn,i i1 (a +K) A (ﬂ+z’+k> <]> Lr
iii—o (@it k)(1+A) i)\

where u;; = (lag) ™ Y m(l+1) =] an ujj_ymand a; = —A/I.
Let s = {(l,r) € N xN;l1+r =s}. We have

ma(y) = Y. 0,y =Y a5y,
s=0

1Lr=0

0o —1)) by vy 1y (a+k) AT j
where g1, = Yo ity (1)) and g = Sasey, o fors >0

Further, we obtain the (s, p)th PWM of X using equations (2.7) and (5.22) as follows

Gp = EXCFO)) = [ ¥ P flx) de

00 [eS) P )
- /0 x° (Z UrG(x)r> g(x) Y d; G(x)' dx
r=0 1=0

) 2 - I4r
“Pl’dlA * S =X X X
= —_ 1 1—- 1 dx,
er::O T o (1+x)x°e e e X

where a,, = (rvg) ' Y1 [m(p+1) — 1] 0y apr—m, 0r = Lo bisr(a + k) and s,(a) is given by
(5.21)(Section 5.7). Further, d; = Y 77, by s,(a +k —1).
Thus, expanding the binomial term and the exponential function in the last equation, we

have

— - (_1)t"‘;7,rdl)‘k+2 B (1+7 ® s+k o — ()X
CGp = ) (T A <k>< t >/0 (tx) e a

Lk,r,t=0

The integral in the last equation comes from the gamma function. Thus, we obtain

2 KW
Cor = L e [F(s+k+1)+

I'(s+k+2) ]
A (14 t)s ’

AA+1)

D)t A2
where wy, s = Y1, ( ()4 (1)( thr

W ) and dl iS glVen abOVe.

Appendix C: Generating function
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Here, we present the algebraic details of the second representation for M(t) based on the
quantile power series of X. Using (5.11) with u = 0 and ¢ = 1, we obtain

M(t) = /Olexp [t Qcr(u)] du —/ exp[ <Z (! )] du,

where T, = By, B, = 20 Tino(—1) () b b = Tia (<15 (), s given in Ap-
pendix A. and hj; = (i po) ™' Lhy—o[m(j + 1) — i] pm ji—m. Other quantities are well-defined in
Section 5.4.

Expanding the exponential function, we have

k r/a ) k
/ t (T Oru ) dy — Z d. s t‘,
k= 0( )k

where dy, = (r1o) ' Y, q[m(k+1) —#] Tudi,_m (for r > 1), dyg = 74, dop = 1, the quantities
Tj's are given by 7; = P; hj, and the other quantities p; and 1, are defined before.
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CHAPTER O

A new generalized gamma distribution

Resumo

A modelagem e andlise de tempo de vida é um aspecto importante do trabalho estatistico
em uma ampla variedade de informacao cientifica e campos tecnolégicos. Neste capitulo, in-
troduzimos e estudamos a distribui¢do gama-Nadarajah-Haghighi, que pode ser interpretada
como uma distribui¢do gama generalizada truncada( Stacy, 1962). Esse modelo pode apresen-
tar fungdo taxa de falha nas formas constante, decrescente, crescente, em forma de um tipo es-
pecial de banheira e um tipo especial de banheira invertida, dependendo dos valores dos seus
pardmetros. Demonstramos que a nova func¢do de densidade pode ser expressa como uma
combinagdo linear de fun¢des densidade de exponecializadas Nadarajah-Haghighi (Lemonte,
2013). Varias de suas propriedades estruturais sdo derivadas, incluindo algumas expressdes
explicitas para o momentos, fun¢des quantilica e geradora, assimetria, curtose, desvios, cur-
vas de Bonferroni e Lorenz, probabilidade ponderada de momentos e dois tipos de entropia.
Também obtemos as estatisticas de ordem. O método de maxima verosimilhanga é usado para
estimar os parametros do modelo e da matriz de informacado observada é derivada. Ilustramos

o potencial da nova distribuigdo por meio de duas aplica¢des para conjuntos de dados reais.
Palavras-chave: Distribuicdo gama generalizada. Distribui¢do Nadarajah-Haghighi. Estimacdo
de méxima verossimilhan¢a. Funcado taxa de falha.

Abstract

The modeling and analysis of lifetimes is an important aspect of statistical work in a wide
variety of scientific and technological fields. We introduce and study the gamma-Nadarajah-
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Haghighi distribution which can be interpreted as a truncated generalized gamma distribution

(Stacy, 1962). It can have a constant, decreasing, increasing, upside-down bathtub or bathtub-
shaped hazard rate function depending on the values of its parameters. We demonstrate that
the new density function can be expressed as a mixture of exponentiated Nadarajah-Haghighi
density functions (Lemonte, 2013). Various of its structural properties are derived, including
some explicit expressions for the moments, quantile and generating functions, skewness, kur-
tosis, mean deviations, Bonferroni and Lorenz curves, probability weighted moments and two
types of entropy. We also obtain the order statistics. The method of maximum likelihood is
used for estimating the model parameters and the observed information matrix is derived. We
illustrate the potentiality of the new distribution by means of two applications to real data sets.

Keywords: Generalized gamma distribution; Hazard rate function; Nadarajah-Haghighi dis-
tribution; Maximum likelihood estimation.

6.1 Introduction

In the last decades, several distributions have been proposed based on different modi-
fications of the beta, gamma and Weibull distributions, among others, to provide bathtub
hrfs. We cite the exponentiated Weibull distribution pioneered by Mudholkar and Srivas-
tava (1993). Cordeiro et al. (2010) defined the Kumaraswamy Weibull distribution, Kong and
Sepanski (2007) studied the beta gamma distribution and Cordeiro et al. (2011) proposed the
exponentiated generalized gamma distribution.

If G(x;a,A) = 1 — exp[—(Ax)"] is the Weibull cumulative distribution with parameters
a > 0 (shape parameter) and A > 0 (scale parameter), then equation (2.2) yields the generalized
gamma (“GeGa”) cumulative distribution (Stacy, 1962)

; _ (@ (Ax)Y)
F(x;a,a,A) = T@
and the corresponding pdf given by

[X)LDUI
I'(a)

The GeGa distribution having the Weibull, gamma, exponential and Rayleigh as special

f(x;a,a,A) = x*Lexp[—(Ax)Y].

models is widely used for modelling lifetime data. Ortega et al. (2003) discussed influence
diagnostics in GeGa regression models, Nadarajah and Gupta (2007) applied the GeGa distri-
bution to drought data, Huang and Hwang (2006) presented a simple method for estimating
the model parameters using its characterization and moment estimation and Cox et al. (2007)
developed a parametric survival analysis and taxonomy for its hrf. More recently, Ortega et al.
(2008) compared three types of residuals based on the deviance component in GeGa regression
models under censored observations and Ortega et al. (2009) proposed a modification of these
regression models to allow the possibility that long-term survivors may be presented in the
data.
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Nadarajah and Haghighi (2011) proposed a new generalization of the exponential distribu-

tion as an alternative to the gamma, Weibull and exponentiated exponential (EE) distributions
with cdf and pdf (for x > 0) given by

G(x;a,A) =1 —exp[l — (14 Ax)*],

and
g, A) = a A(1+ Ax)* Lexp[l — (14 Ax)*],

respectively, where « > 0 (shape parameter) and A > 0 (scale parameter). If Y follows the
Nadarajah-Haghighi (NH) distribution, we write Y ~ NH(a, A). The generalization always
hasits mode at zero and yet allows for increasing, decreasing and constant hrfs. Lemonte (2013)
studied the exponentiated NH (exp-NH) distribution.

Here, we combine the works of Zografos and Balakrishnan (2009) and Nadarajah and
Haghighi (2011) to derive some mathematical properties of a new three-parameter distribu-
tion called the gamma Nadarajah-Haghighi (GNH) distribution, with the hope that it may give a
“better fit” compared to the GeGa distribution in certain practical situations. Additionally, we
study some of its mathematical properties and discuss maximum likelihood estimation of the
model parameters. This distribution is expected to have immediate application for modeling
failure times due to fatigue and lifetime data in fields such as engineering, finance, economics
and insurance, among others.

The rest of the chapter is organized as follows. In Section 6.2, we present the density func-
tion and hrf and provide plots of such functions for selected parameter values. In Section 6.3,
we derive useful expansions for its cumulative and density functions. In Section 6.4, 6.5 and 6.6
we provide general properties of the GNH distribution including the moments, quantile and
generating functions, skewness, kurtosis, mean deviations, Bonferroni and Lorenz curves and
probability weighted moments. The Rényi and Shannon entropies are derived in Section 6.8.
The estimation of the model parameters is performed by maximum likelihood in Section 6.9
and two applications to real data are given in Section 6.10. Concluding remarks are addressed
in Section 6.11.

6.2 The new distribution

In this section, we introduce a new generalization of the gamma distribution. If G(x;a, A) =
1 —exp[l — (1+ Ax)?] is the NH cumulative distribution with parameters « and A, then equa-
tion (2.2) yields the GNH cumulative distribution (for x > 0)
¥y(a, (1+Ax)* —1)
I'(a) '

where A > 0 is a scale parameter and the other positive parameters x and a are shape parame-

F(x;a,a,A) =

(6.1)

ters.
The corresponding density function becomes

oA

o) (1+ A0 [(1+ Ax)* — 1)L exp{—[(1 + Ax)* —1]}. (6.2)

flx;a,a,A) =
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In this chapter, a random variable X following (6.2) is denoted by X ~ GNH(a,«, A). Ev-

idently, the density function (6.2) does not involve any complicated function. It is a positive

point of the current generalization. It can be proved that the GNH density function is log-
convex if « < 1and a < 1, and it is log-concave if « > 1 and a > 1. Furthermore,

o, a<l,
lim f(x;a,0,A) =< 0, a>1,
x—0

aA, a=1.

The study of the GHN distribution seems important since it extends some useful distribu-
tions previously studied in the literature. In fact, the NH distribution is obtained by taking
a = 1. The gamma distribution corresponds to « = 1, whereas the exponential distribution is
obtained by takinga = 1anda = 1. Fora = 1,a = 17/2 and A = 2, equation (6.2) reduces
to the chi-squared distribution, where 17 denotes the degrees of freedom. Figure 6.1 displays
some plots of the density function (6.2) for some parameter values. It is evident that the new
distribution is much more flexible than the NH distribution.

15

f(x)
1.0
|

0.5
|

0.0

Figure 6.1: Plots for the GNH pdf for some parameter values; A = 1.

We note five motivations for the proposed distribution:

e Ability (or the inability) of the GNH distribution to model data that have their mode fixed
at zero;

o If Y is a Gamma-G (GG) random variable with shape parameters &« and a4, and scale
parameter A, then the density in (6.2) is the same as that of the random variable Z = Y —
A~1 truncated at zero; that is, the GNH distribution can be interpreted as a truncated GG
distribution;

e As we shall see later, the GNH hrf can be constant, decreasing, increasing, upside-down
bathtub (special case, without the constant part) or bathtub-shaped (special case, without the
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constant part);

e Some distributions commonly used for parametric models in survival analysis are special
cases of the GNH distribution, such as the NH, gamma, chi-squared and exponential distribu-
tions;

e It can be applied in some interesting situations as follows: biological and reliability stud-
ies, see Cordeiro et al. (2011a); failure times of fatiguing materials (see Section 6.10), among
others.

The GHN hrf is given by

A A1+ Ax)* 7 L[(1T+ Ax)* — 1] exp{—[(1 + Ax)* — 1]}
I'(a, (14+ Ax)*—1) ’

T(x;a,a,A) = (6.3)

where I'(a,z) = I'(a) — v(a,z) = [ t*"le"'dt. Figure 6.2 displays plots of the GNH hrf for
some parameter values.

The new distribution is easily simulated as follows: if V is a gamma random variable with
shape parameter a > 0, then

X=A"1 {(1+V)1/“—1}

has the GNH(a, «, A) distribution.

6.3 Useful expansions

Expansions for equations (6.1) and (6.2) can be derived using the concept of exponentiated
distributions. Consider the exp-NH distribution with power parameter 2 > 0 defined by
Y ~ exp-NH(a, «, A) with cdf and pdf given by

Hy(x) = {1 —exp {1 — (14 Ax)"}}"

and
(14 Ax)* Lexp {1 — (1 + Ax)*}
[1—exp {1—(1+Ax)*}]"

respectively. Then, equation (6.2) can be expressed as

ha(x) =aaA

) = X () = () Yo+ K) B G, (64)
=0 =0
where
MY k (—1)j+k(];) Pk
b = (a+k)T(a—1) ;) (a—1-7)
and

Hasr(x) = aA(a+k) (14 Ax)* ! exp{l—(1+Ax)*}[1—exp{l—(1+ /\x)”‘}]‘”k*1
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Figure 6.2: The GNH hrf for some parameter values; A = 1.

denotes the exp-NH(a + k, &, 1) density function. Equation (6.4) is the main result of this sec-

tion. It reveals that the GNH density function is a mixture of exp-NH densities. So, several

GNH properties can be obtained by knowing those properties of the exp-NH distribution.
The cdf corresponding to (6.4) becomes

F(x) = i by Hyr(x) = i be {1 —exp[1— (1+ Ax)*]}*F, (6.5)
k=0 k=0

where H(x) = {1 —exp [1 — (14 Ax)*]}*** denotes the exp-NH cdf with parameters a + k,
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a and A.

For z € (0,1) and any real non-integer «, we have
zf =) s (a)7, (6.6)

where

Combining (6.4) and (6.6), we obtain
x) Y d,G(x)', (6.7)
r=0

whered, = (r+1)"' Y2 by (a +k)s,(a+k—1).

6.4 Quantile Function

The GNH gf, say Q(u) = F~1(u), can be expressed in terms of the NH qf (Qng(+)). Invert-
ing equation (6.1), it follows the qf of X as

F'(u) = Qonu(u) = Qnu {1 —exp[-Q (a1~ u)]} , (6.8)

for 0 < u < 1, where Q~!(a, u) is the inverse function of Q(a,z) = 1 — 7(a,z) /T (a). Quantities
of interest can be obtained from (6.8) by substituting appropriate values for u. Further, after
some algebra, the NH qf can expressed as (Nadarajah and Haghighi, 2011)

Onir(u) = A1 {[1 —log(1 —u)]"/* — 1} : 6.9)
By replacing (6.9) in equation (6.8), we obtain
1 1 1/a
Qonp (1) = A [1 —log[l — (1 —exp[—Q '(a,1— u)])]} 1%, (6.10)
The inverse function Q~!(a, u) follows from the Wolfram website as
z=0Q Ya,1—u) }:az , (6.11)

where aqg = 0, a1 = T(a+1)V%, ay = T(a+1)>%/(a+1),a3 = Ba+5T(a+1)%/[2(a+
1)%(a +2)], etc.
Then, after some algebra using (2.7), (6.9) and (6.11), we obtain

3

1

Qenu(u) =Y g, u'?, (6.12)
0

where 7, = (q0 —1)A™%, G, = g;A7! (i > 1). The quantity q; and some other quantities of
interest and algebraic details are given in Appendix A. Equations (6.10)-(6.12) are the main
results of this section.
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6.5 Moments

The ordinary and incomplete moments of X can be immediately obtained from the mo-
ments of Y having the exp-NH(a, «, A) distribution. Thus, we can write from (6.4)

e = E(X") = ) b E(YY).
k=0

Using the moments of Y; ~ exp — NH(a + k) (Lemonte, 2013), we have

uy=E(X") =A"" ) b Ru(w,a+k), (6.13)
where R, (x,a +k) = [ {{1 —log(1 —u)]"/* —1}" u"*~1du is an integral to be computed
numerically.

Alternatively, we can write y}, in closed-form, based on the quantity E(Y}') (Lemonte, 2013),
as

& L (—)" (a+ k)T by fa+k—1\ (n i ;
= 5§ U0 (k1) () (), g

where I'(a,x) = [~z le ?dz.
Let T, (y) denote the nth incomplete moment of X. That is, T,(y) = [ x" f(x) dx. From
equation (6.4), we can write

Tu(y) = Y b T (y,a+k), (6.15)
k=0

where TNH (y, a + k) denotes the incomplete moment of Y;. In Lemonte (2013), two expressions
for TN (y, a + k) are given. The first one is

1/a n
_ _ _ a+k—1
s { [1 log(1 u)} 1} u du,

which involves numerical integration. The second one is given in closed-formed as

S & ()" (a+ k) ety fa+k—1\ (n
Trll\IH(yrﬂ—f—k) = A n'kZ:OZO ]_|_1)z/oc+1 < j > <1> %
jk=0i=

(o]

TNH(y, 0+ k) = (a + k)A™" /1

—exp!~

« T <;+1, (j-l-l)(l-i—)\y)”‘) .

Using the incomplete first moment, we can derive the mean deviations of X about the mean
iy and about the median M as, respectively,

61 = 2[py F(py) — Tu(p)] and 62 = py — 2Ti(M). (6.16)

For a positive random variable X, the Bonferroni and Lorenz curves are defined by B(7r) =
Ti(q)/ (rtuy) and L(7w) = Ti(q)/uy, respectively, where ¢ = F~1(71) = Qgnu(7) comes from
the gf (6.10) for a given probability 7.
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Figure 6.3: Bonferroni and Lorenz curves for some parameter values.

Next, we obtain the probability weighted moments (PWMs) of X. The primary use of these
moments is to estimate the parameters of a distribution whose inverse can not be expressed
explicitly. The (s, p)th PWM of X is formally defined as

&,y = E[X° F(X)] = /Ow ¥ F(x)P f(x) dx.

Using equations (2.7), (6.4) and (6.5), we have

Gp= L cprwremil (S +11), 6.17)

r,s,m,i=0

> (=1)Htrmts—l g gy (kN (147\ (o —1\ (s+n
Wy s,mi = Z A5kl 1 . . ,
im0 Mai+1) i j n m

dj is defined in Section 6.3, vy, = Y 2o bxsm(a + k), sm(a + k) is given in Section 6.3, g, =
(ro0) "t Uheq[m(p+1) — ] v Gpr—m (forr > 1) and ¢ = p.
Equations (6.13), (6.14), (6.15) and (6.17) are the main results of this section.

To illustrate the behaviour of the skewness and kurtosis as functions of the parameters,

where

Figure 6.5 displays the Galton’s skewness (Johnson et al, 1994, p. 40) and Moors” kurtosis
(Moors, 1988) for a selected values of 2 and &, with A = 1. These measures are considered more
robust than those usual skewness and kurtosis measures and they exist even for distributions
without moments. The Galton’s skewness is given by

3 1 1
Q1) +9(3)-2Q(3)

T e -om

whereas the Moors kurtosis is given by

Q5 —Qf

~—
|
@)
—~
QolUn
~—

M=
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Figure 6.5 suggests that both Galton’s skewness and Moors’ kurtosis increase as « increases,
whereas the behaviour for increasing a seems to be different. Also, the parameter a seems to

have a much smaller effect in these quantities than «.

Galton's skewness for selected values Moor's kurtosis for selected values
of the parameters of the parameters

Galton's skewness
Moor's kurtosis

Figure 6.4: Galton’s skewness and Moor’s kurtosis for the GNH distribution.

6.6 Generating function

A first representation for the mgf M(f) of X can be based on the qf. We have

1
M(t) = [ exp [t Qani(u)] du.
Expanding the exponential function, using (6.12) and after some algebra, we obtain

> dy tF

M(t) =)

o (5 +1) K
where d; = (iq) " Ly [m(k + 1) = i] G, di i for k > 1, do = 45, do; = 1,4, = q:A ™" (for
i>1),9, = (90 — 1)A~! and g; and other quantities are defined in Appendix A.

A second representation for M(t) is determined from the exp-NH generating function.
We ca write M(t) = Y32 by Mi(t), where by is given in Section 6.3 and M(t) is the mgf of
Yy ~ exp — NH(a + k) given by

(6.18)

2 17 Gy tF
Mi(t) =) ;7/;41, (6.19)

i,r=0

where 17; = Y37 %(bf 8ir = (o) ' X [n(i+1) — 7’] Cn&ir—ns Gr = Lp—o fmmr, dmy =
(rag) ™t Yholo(m +1) — 1] ay dyr—o, fn = Z;im(_l)jim (r]n) (“71)]‘ /j!, where

(@ h); = («7!) (' =1)...(a! —j+1) is the descending factorial. Other quantities and
details about (6.19) are provided in Appendix B.

Equations (6.18) and (6.19) are the main results of this section.
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6.7 Order statistics

Suppose Xi, ..., X, is arandom sample from the standard GNH distribution and let X;.,, <
-+ - < Xy:y denote the corresponding order statistics. Using (6.4) and (6.5), the pdf of X;., can
be expressed as

n! o (n—i
fin(z) = (i—l)!(n—i)!]g(_l)]< i >><

(o) 00 i+j_1
X [g(z) Y (a+7)b, G(z)“”_l] [Z by G(z)”+k] ,
k=0

where the coefficients bs are given in Section 6.3. Based on equations (2.7) and (2.8), we obtain

o]

. ij-1
[Z by G(Z)Hk] =Y nisjo1x G(z)"H,
k=0 k=0

where Ni+j—1,0 = Ké+j_1 and Nitj—1k = (kbo)_l Zﬁ:l [m(z + ]) - k] by Witj—1k—m- Thus, the pdf
of X;.,, reduces to
fin(z) = g(2) ), my, G(z)2atktr=1, (6.20)
k,r=0
where
(1)l by i1k
far (i—Dt(n—i—j)j!

My =

Equation (6.20) can be expressed as

fi:n (Z) = Z fk,r h2u+k+r (x)/ (621)
k,r=0
where
_ My r
Jir = 2a+k+r’

Equation (6.21) is the main result of this section. It reveals that the pdf of the GNH order
statistics is a double linear combination of exp-NH densities with parameters 2a +k +r, a
and A. So, several mathematical quantities of the GNH order statistics such as ordinary and
incomplete moments, mgf and mean deviations can be obtained from those quantities of the
exp-NH distribution.

6.8 Entropies

Entropy can be understood as a measure of variation or uncertainty of a random variable
X. The Rényi and Shannon entropies are the two more common measures (Shannon, 1948;
Rényi, 1961). The Rényi entropy of a random variable with pdf f(x; 0) is defined as

Hyo(0) = 1iclog {E [fc—l(x;a)}} — 1iclog (/OOO £(x;0) dx>, (6.22)
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forc > 0and c # 1.
The Shannon entropy of a random variable X is defined by Hs(0) = E {—1log [f(X;0)]}. It
is the special case of the Rényi entropy when ¢ 1 1.
Direct calculation yields that the Shannon entropy of the random variable X as

Hs(0) = — {log(a) + log(A) — log[['(a)]} — (« — 1) E [log(l + AX)] — 1+ E(1 + AX)*
— (a — 1) Elog[(1 + AX)* — 1].

Next, we obtain an expansion for the GNH Rényi entropy. From a result by Lemonte and
Cordeiro (2011)

Oo .
SR
j=0
where

fi = 50 = £ (5) B,

and from equation (6.7), we can write

0o ¢ 00 . j
fc(x) — gc(x) (Z(:) d,,GV(x)> — gc(x) Z(:)f] (Z{; d, Gf(x)> .
r= = r=

By applying equation (2.7), we have

F) = ¢ Y fie, Clx 2 ;7 8°(3) G ().

where Ey denotes the expected value based on the exp-NH random variable Y defined at the
beginning of Section 6.3.

6.9 Maximum likelihood estimation

Here, we propose a method for obtaining the maximum likelihood estimates (MLEs) of the
GNH model parameters. Let x1,...,x, be a sample of size n from X ~ GHN(a,a,A). The
log-likelihood function for the vector of parameters @ = (a,a, 1) " can be expressed as

n

0(0) =n{log(ax) + log(A) — log[T'(a)] } + (&« — 1) ilog(l +Ax;) +n— Z (1 + Ax;)"

i=1

(a—1) Zlog + Ax)* — 1]
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The components of the score vector are given by
de(e) dee) de(oe) ) T
da * da’ dA /7

Up = (U Us, Uy)" = (

u, = —n¥® Zlog + Ax)" — 1],
n
U, = Z—I—Zlog(l-i—)\xi)— (14 Ax)® log(1 + Ax;) +
i=1 i=1
(1 + Ax)*log(l + Ax;)
—1
+ (a )g 1+ Ax)e — 1
and
U = "t@-1)y (> 2 w1+ Ax) T+ a(a—1)x
A = 1—|—Axi et !

1
n
xi (1 + Ax;)®
X
Z [ 1+ Ax)s — 1} ’
where ¥ () is the digamma function.
Setting these equations to zero, U(#) = 0, and solving them simultaneously yields the
MLE 0 of 8, under some regularity conditions. These equations can not be solved analytically
but statistical software to compute them numerically using iterative techniques such as the

Newton-Raphson algorithm are available. For interval estimation of the model parameters,
we use the 3 x 3 total observed information matrix J(0) given by

d2e(e) d*(e) dx(e)
Iaa ]aoc ]a/\ dada c%adzx dzud)x
J(8) = o Ju Jar = i (iifglea) Ccliofgix) ’
2

whose elements are

n o n a—1
_ (D) _ Z (1 + Ax;)* log(1l + Ax;) _ Z xi (1 4+ Axg)
Ju nEE) e i— (1 4+ Axp)x —1 o Jar “ (1 —i- Axj)r —17

i=

— Y (1 + Ax)* log* (1 + Ax;)

7

(14 Ax) log?(1 + Axy) [(1 4 Ax)® — 1] — (1 4+ Ax;)* log?(1 + Ax;)
+(a—1)2{ [T+ Ax)e — 1] }

n X n
]M:Z< +1Axl>—uc; x (14 Ax)* T log(l + Axp) le + Ax;)"

(a—1) i ax;(1+ Ax)* log(l + Ax;) + x (1 4+ Ax)*
(1 + )\XZ')D‘ -1

Coaxi (1 + Ax)*™ ! log(1 + Ax;g)
[(1+ Ax;)* — 1]?
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and

n L 2
]M:_ﬁ_ E( +Ax1> a(a — 1) Zx 14+ Ax;)®

i=1
{( a—1)x; (1 4+ Ax;)*2 [(1+Axi) —1] —ax; (1 +/\xi)2”‘2}
[(1 4+ Axj)r —1]2 '

Under standard regularity conditions (Cox and Hinkley, 1974) that are fulfilled for parame-
ters in the interior of the parameter space but not on the boundary, the multivariate normal
N3(0, ] (@fl) distribution can be used to construct approximate confidence intervals for the
parameters.

6.10 Applications to real data

We conduct two applications of the GNH distribution to real data for illustrative purposes.
We estimate the unknown parameters of the fitted distributions by the maximum-likelihood
method as discussed in Section 6.9. All computations were done using the 0x matrix pro-
gramming language (for more details see Doornik, 2006). The first example is a data set from
Nichols and Padgett (2006) consisting of 100 observations on breaking stress of carbon fibres
(in Gba). For the second example, we consider the data set consisting of the number of suc-
cessive failures for the air conditioning system of each member in a fleet of 13 Boeing 720 jet
airplanes (Proschan, 1963). Obviously, due to the genesis of the GNH distribution, the posi-
tive data are by excellence ideally modelled by this distribution. Thus, the use of the GNH
distribution for fitting these two data sets is well justified.

Table 6.1 provides some descriptive measures for the two data sets, which include central
tendency statistics, standard deviation (SD), skewness (CS) and kurtosis (CK), among others.

Table 6.1: Descriptives statistics.
Statistic Real data sets
stress carbon fibres number sucessive of failures

Mean 2.621 92.704
Median 2.700 54.000
Mode 2.170 14.000
SD 1.014 107.916
CSs 0.374 2.122
CK 0.173 4.938
Minimum 0.390 1.000
Maximum 5.710 603.000

One of the important device which can help selecting a particular model is the total time
on test (TTT) plot (for more details see Aarset, 1987). This plot is constructed through the
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quantities

T(i/n) = li Xi + (1 — 1) Xy
=1

n
/ 2 Xjn versus i/n,
=1

wherei=1,...,nand Xj,, is the j-th order statistics of the sample (Mudholkar et al., 1996).
The TTT plots for the fibres data and for the number of successive failure data are pre-
sented in Figure 6.5. The TTT plot for the fibres data in Figure 6.5(a) indicates a decreasing
hrf, whereas the TTT plot for the number of sucessive failure data in Figure 6.5(b) reveals
an upside-down bathtub hrf. Therefore, these plots indicate the appropriateness of the GNH
distribution to fit these data, since the new model can present both forms of the hrf.
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Figure 6.5: TTT plots — (a) stress carbon fibres data; (b) number of sucessive failures air condi-

tioning system data.

The three-parameter GeGa, (Stacy, 1962), exp-NH (Lemonte, 2013) and gamma exponen-
tiated exponential (GEE) (Risti¢ and Balakrishnan, 2012) distributions are also fitted to these

data. Their densities are given by

o Avéﬂ

feega(x) = me_l exp[—(Ax)"], x >0,
O = am (1+Ax)* texp {1 — (1 + Ax)*} .
Jopnn() = aad 1ot Y
foee(x) = ?(i)e“(l —e M) 1 Jog(1—e ™))", x>0,

respectively, where A > 0,a > 0 and a > 0 are parameters.
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Table 6.2 lists the MLEs (and the corresponding standard errors in parentheses) of the pa-
rameters of the four fitted distributions to both data sets. From the figures of Table 6.2, for the
stress carbon fibres data set, we note that @ > 1 and @ > 1 for the GNH and exp-NH mod-
els, which implies that the hrf for these distributions are decreasing in accordance with Figure
6.5(a). Further, for the number of successive failure data, we have @ < 1 and @ > 1 for the
GNH and exp-NH models, implying that the hrf is upside-down bathtub in accordance with
Figure 6.5(b).

Table 6.2: MLEs (standard erros in parenthesis).

Distribution Estimates
stress carbon fibres number of sucessive failures
GNH(a, A, a) 29102 0.2273  3.1231 0.4906  0.0838 1.6009
(2.2944) (0.2677) (0.7864) (0.0955) (0.0795) (0.4855)
GG(a, A, a) 1.1528 1.7814  2.9543 1.2642  0.3735  5.1353
(0.1335) (0.7722) (0.7690)  (5.7261) (0.1747) (4.5431)
exp-NH(a, A, a) 2.6211  0.1981  4.1170 0.6275  0.0273 1.1007
(0.0632) (0.0365) (0.9971) (0.0080) (0.0262) (0.1291)
GEE(A, a, a) 0.2697  8.0755  6.1597 0.0001  3.3052 16.6892

(0.0243) (1.1726) (1.0632) (10°6)  (0.3448) (1.7474)

Now, we shall apply formal goodness-of-fit tests to verify which distribution fits better
to these real data sets. We consider the Cramér-von Mises (W*) and Anderson-Darling (A*),
which are described in details in Chen and Balakrishnan (1995), and Kolmogorov-Smirnov
(KS) statistics. Table 6.3 gives the values of the KS, W* and A* statistics (and the p-values
of the tests in parentheses) for the data sets. Thus, according to these formal tests, the GNH
model fits the current data better than the other models, i.e., these values indicate that the
null hypothesis is strongly not rejected for the GNH distribution. Thus, according to these
goodness-of-fit tests, the GNH model fits the current data better than the other models. These
results illustrate the potentiality of the GNH distribution and the importance of the additional
shape parameter.

Figure 6.6 and Figure 6.7 display the QQ plot with envelope, which allows us to compare
the empirical distribution with the fitted GNH distribution and plots of the estimated pdf’s
of the fitted GNH, GG, exp-NH and GEE models to these data. They indicate that the GNH
distribution is superior to the other distributions in terms of model fitting. These QQ-plots
support the result obtained by the KS, W* and A* tests. From these plots, we conclude that
the proposed distribution provides a better fit to these data than the GG, exp-NH and GEE
models.
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Table 6.3: Goodness-of-fit tests.

Distribution stress carbon fibres number of sucessive failures
KS W+ A* KS W+ A*
GNH 0.0645 0.0706 0.4132 0.0442 0.0311 0.2401
(0.7998) (0.2720) (0.3317) (0.8554) (0.8316) (0.7735)
GG 0.0793 0.1443  0.7307 0.0443 0.0460  0.3236
(0.5548) (0.0286) (0.0550) (0.8543) (0.5714) (0.5231)
exp-NH 0.0859 0.1100  0.5653 0.0462 0.0671  0.4493
(0.4514) (0.0801) (0.1397) (0.8175) (0.3039) (0.2744)
GEE 0.9997 0.1615  0.8265 0.9959 0.0345  0.2563

(<0.001) (0.0165) (0.0318)  (<0.001) (0.7783) (0.7204)
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Figure 6.6: (a) QQ plot with envelope for the GNH distribution and (b) fitted densities of the
GNH (solid line), GG (dashed line), exp-NH (dotted line) and GEE (dotdash line) distributions
for fibre data.
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Figure 6.7: (a) QQ plot with envelope for the GNH distribution and (b) fitted densities of the
GNH (solid line), GG (dashed line) exp-NH (dotted line) and GEE (dotdash line) distributions
for number of successive failures for the air conditioning system.

6.11 Concluding remarks

In this chapter, we propose a new generalized gamma distribution called the gamma-
Nadarajah-Haghighi (GNH) distribution. We demonstrate that the hazard rate function of
the GNH distribution can be increasing, decreasing, bathtub-shaped and upside-down bath-
tub shaped. A detailed study on some mathematical properties of the new distribution is
presented. The model parameters are estimated by maximum likelihood and the observed in-
formation matrix is determined. The potentiality of the new model is demonstrated by means
of two real data sets. In fact, the GNH distribution model fits the two data sets well. We hope
that the proposed model may attract wider applications in statistics.

6.12 Appendix

Appendix A: Quantile function

We derive a power series for Qgnp (1) in the following way. First, we use a known power
series for Q~!(a,1—u). Second, we obtain a power series for the argument 1 —exp[—Q (4,1 —
u)]. Third, we consider the NH qf given in Nadarajah and Haghighi (2011).
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We introduce the following quantities defined by Cordeiro and Lemonte (2011). Let Q! (a, z)
be the inverse function of

o v(a,z) T(az)
Qs =15y = T(a) -

The inverse function Q~!(a,1 — u) is determined in the Wolfram website ! as

_ B w? (3a +5)w? [a(8a +33) + 31]w*
Qe l—u) = wt et e 1) T 3at 13 £ 2)(a 1)
{a(ala(1250 + 1179) + 3971] + 5661) + 2888} w’ | | ()
24(a+ 1)*(a +2)%(a+3)(a + 4) v

where w = [ul'(a + 1)]'/%. We can write the last equation as in (6.10), where the §!’s are given
by §; = b;T'(a + 1)i/@, Here, by = 0, b; = 1 and any coefficient b; 1 (for i > 1) can be obtained

from the cubic recurrence equation

B 1 iiestl_ : .

b= { Y. Y bibsbiysins(i—1—5+2) Z iparr—a—(1 —a)(z—|—2—r)]}.
l((l—|—1) r=1 s=1 r=2

The first coefficients are by = 1/(a+1), b3 = (3a+5)/[2(a +1)*(a +2)], .. .. Now, we present
some algebraic details for the GNH qf, say Qgng(#). The cdf of X is given by (6.1). By invert-
ing F(x) = u, we obtain (6.10). The NH qf is given by (6.9).

So, using (6.11), we have

1+Q Ya,1—u) Zru

whererg =land r; =a; (i > 1).
Now, replacing the last result in (6.10), we obtain

Qan () {(Zrl )1/a1}

By expanding (Z riut/ “) *and using (2.7) and (2.8), we have
<Zri ui/a) _ Zfi(“il) (Zri ui/a> — Z fiej,iui/a/
i=0 j=0 i=0 i,j=0

where fi(a™1) = Y2 i(= 1) ](]) (@ He/k, (a7 =aHat=1)... (a7t —k+1) is the de-
scending factorial, €;; = (irg) ! Y m(41) =il ry €ji—m (fori > 1)and ¢;; = ré
Using the last result, we obtain

Qenu(u) = Zﬁi u'’e,

where 7, = (g0 — AL, q; = gA ' (i>1)and g; = fi(a™1) Z}?io €j,i-

Thttp:/ / functions.wolfram.com/GammaBetaErf/InverseGammaRegularized /06 /01/03/
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Appendix B: Generating function

Here, we present the algebraic details of the second representation for M(t) based on the
quantile power series of X. From equation (6.12), we can write

M(t) = /01 exp [t Qonm(u)] du —/ exp [ (qu )]

G = (-DAL G =qA (02 1), 00 = fila VIR0 €0 fj = Ty (=17 () (B)e/K,
(a e =at(at=1)... (a7 —k+1) is the descending factorial, €;; = (irg) ™ ¥}, [m(j +
1) —iltmejimand p=1/a.

Expanding the exponential function, we have

1 oo tk Zz Oq z/u) ) dkl tk
! du = ,
/ 1kZ:O ( ) k’

where dy; = (i) ! Ly [m(k +1) = i]g,, dyim (for i > 1), do =Gy, dop = 1.
Next, we obtain the exp-NH generating function using the exp-NH qf as follows:

Myt (6) = [ oxp [1Quy wia()] du = [ expltr (1~ log(1 — u)]* ~ 1) du

Expanding the exponential function, we obtain

M (t)—f:i : [1—1log(1—ul/P)t/* -1 kd (6.23)
exp—NH _k,O AR Kl ) og u u, .

where 1 — log(1 — u!/#) can be expressed as
1—log(1 —ul/P) = Zvr ,

where v, =. Using (2.7) and (2.8), we have
o] 1/a o 0 m
(Zv,ur/ﬁ> = me (Zvrur/ﬂ>
r=0 = =

m,r=0
where i = £2,(<1)/7 () (&), /7t ( - >] — (@ )(& = 1)... (a1 = j+1) is the de-
cending factorial and vy, = (rvg) ! Zn_l[ (m+1) —r] vpVimr—n.
Further, using (6.24) and the binomial expansion, we can write

k
(- togt—u/B)e 1} = <2fmvm,rur/ﬂ—1)

m,r=0

- £ () (£

=0
= Y (-1 ( )gw P, (6.25)
ir=0
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where v, = Yoo fu Vi and g, = (ry0) ! Yo_q[s(i+1) — 7] s gir—s (for r > 1) and gi9 = 7i.
Thus, replacing (6.25) in (6.23), we obtain

o = i 2 0 (e [

k=0 *,r=0
_ i i &irt
i,r=0 1’/‘3 +1

wheren7; = Y 17 % (’Z‘)
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CHAPTER [

The Gamma Extended Weibull Distribution

Resumo

Neste capitulo, estudamos a distribuicdo tempo de vida de quatro parametros denominada
gama Weibull estendida, que generaliza as distribuicdes de Weibull e Weibull estendida, entre
varios outros. Obtemos expressdes explicitas para os momentos incompletos, fun¢des quan-
tilica e geradora, desvios médios, entropias e confiabilidade. O método de méxima verossi-

milhancca é usado para estimar os pardmetros do modelo. A aplicabilidade do novo modelo é

ilustrada por meio de um conjunto de reais.

Palavras-chave: Desvios médios. Distribuicdo gama Weibull estendida. Distribuicdo Weibull
estendida. Estimagdo de maxima verossimilhanca. Funcdo geradora. Fungdo quantilica.

Abstract

We study a four-parameter lifetime distribution named the gamma extended Weibull model,
which generalizes the Weibull and extended Weibull distributions, among several others. We
obtain explicit expressions for the raw and incomplete moments, generating and quantile func-
tions, mean deviations, entropies and reliability. The method of maximum likelihood is used
for estimating the model parameters. The applicability of the new model is illustrated by
means of a real data set.

Keywords: Extended Weibull distribution; Gamma extended Weibull distribution; Generating
function; Maximum likelihood estimation; Mean deviation; Quantile function.
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7.1 Introduction

There are hundreds of continuous univariate distributions and recent developments focus
on constructing wider distributions from classic ones. The two-parameter Weibull has been the
most popular distribution for modeling lifetimes. However, its major weakness is its inabil-
ity to accommodate non-monotone hazard rates. This has led to new generalizations of this
distribution. One of the first extensions allowing for non-monotone hazard rates, including
the bathtub shaped hazard rate function (hrf), is the exponentiated Weibull (Exp-W) distribu-
tion studied by Mudholkar and Srivastava (1993), Mudholkar et al. (1995) and Mudholkar et
al. (1996). It has been well established in the literature that the Exp-W distribution provides
significantly better fits than traditional models based on the exponential, gamma, Weibull and
log-normal distributions. In the last paper, the authors presented a three-parameter extended
Weibull (EW) model to yield a more flexible distribution. Further, Shao et al. (2004) used this
distribution to study flood frequency and Hao and Singh (2008) described some of its appli-
cations in hydrology. We take the EW distribution as the baseline distribution for a further
generalization introduced here.

The three-parameter EW distribution is defined by the pdf and cdf (Mudholkar et al., 1996)

Shap(x) = ABxPL(1+ar xﬁ)_%_l, a>0 and gyp(x) = ABxP~1 e M y=0, (7.1)

Grap(x)=1—(1+ aAxP) "%, 2 >0 and Gap(x) =1— e M a =0, (7.2)

respectively, where A > 0 is a scale parameter and « > 0 and B > 0 are shape parameters.
The support of the EW distribution is (0,00). The forms of the pdf and cdf when a goes to
zero tend to those ones of the case « = 0. Clearly, the cdf (7.2) extends the Weibull cdf and
this fact justifies the name EW model. Due to the shape parameter &, more flexibility can be
incorporated in model (7.1), which is useful for lifetime data. The survival function associated
to (7.1)is Sy ap(x) =1 — Grap(x) fora > 0and S, 4(x) =1 — G, 4(x) fora = 0.

A family of univariate distributions generated by gamma random variables was proposed
by Zografos and Balakrishnan (2009) and Risti¢ and Balakrishnan (2012). For any baseline cdf
G(x), x € R, they defined the gamma-G (GG for short) model with an extra parameter a > 0 by

the pdf and cdf given by
) =52 (~log 1~ Gl 73
and
~log[1-G(x)]
F(x) = 1“(1a) /0 ’ t"Le~tdt = y(a, —log[1 — G(x)]), (7.4)

respectively, where g(x) = dG(x)/dx, T(a) = [, t*"'e~'dt is the gamma function, y(a,z) =
[y t*~ e dt denotes the incomplete gamma function and 1 (a,z) = 7(a,z) /T (a) is the incom-
plete gamma function ratio.
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The GG distribution has the same parameters of the parent G distribution plus one extra
shape parameter 2 > 0. Each new GG distribution can be determined from a specified G
distribution. For a = 1, the G distribution is a basic exemplar with a continuous crossover
towards cases with different shapes (for example, a particular combination of skewness and
kurtosis).

In this paper, we introduce a new four-parameter model called the “gamma extended Weibull”
(denoted with the prefix “GEW” for short) distribution which contains several distributions as
special models including the EW distribution. This distribution represents only a basic exem-
plar of the GEW distribution. We study some of its mathematical properties. The paper is
outlined as follows. In Section 7.1, we define the GEW distribution and provide some of its
special models. Further, two useful expansions for its density and cumulative distributions
are given in Section 7.2. In Section 7.3, we obtain its quantile function (qf). The generating
function, moments and mean deviations are presented in Sections 7.4, 7.5 and 7.6, respectively.
Closed-form expressions for the Rényi and Shannon entropies are derived in Section 7.7. The
reliability is investigated in Section 7.8. Maximum likelihood estimation of the model param-
eters and some inferential tools are discussed in Section 7.9. The usefulness of the new model
is provided by means of an application to a real data set in Section 7.10. Some conclusions are
offered in Section 7.11.

7.2 The GEW Distribution

By taking the pdf (7.1) and cdf (7.2) of the EW distribution with scale parameter A > 0 and
shape parameters « > 0 and > 0, the pdf and cdf of the GEW distribution are obtained from
equations (7.3) and (7.4) (for x > 0) as

ABxP1 (1+zx/\xﬁ)’%’l {1 B a—1
= ogl(1+aAxP)]} 7, a>0,
f(x/ TI a) = A7 ‘Bxﬂﬂojl e,l;\gj;) (7‘5)
LG ©=0,

71 (a,2log[1 +arxF]) a>0,

F(x;t,a) =
71 (a, Axﬁ), a =0,

(7.6)
where T = (a,B,A). Clearly, when o« — 0, the first expressions in (7.5) and (7.6) tend to the
second ones in these equations. For &« = 0, we note that the GEW distribution is identical to the
generalized gamma (GG) distribution pioneered by Stacy (1962). Hereafter, a random variable
X having pdf (7.5) is denoted by X ~GEW(t,a). Evidently, the density function (7.5) does
not involve any complicated function and the EW distribution arises as the basic exemplar
for a = 1. It is a positive point for the current generalization. The GEW model has several
submodels: the extended Weibull (EW) when a4 = 1, gamma Weibull (GW) when « = 0,
gamma extended exponential (GEE) when = 1, extended exponential (EE) when p =a =1,
gamma exponential (GE) when « = 0 and = 1, Weibull (W) when o« = 0 and a2 = 1, and
exponential when &« = 0 and 2 = B = 1. We motivate the paper by comparing the performance
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of the GEW distribution and some of its sub-models applied to a real data set in Section 7.10. In
Figure 7.1, we display shapes of the pdf (7.5) for some parameter values. Plots of the density
function (7.5) and its hrf for selected parameter values are displayed in Figures 7.1 and 7.2,
respectively.

The new distribution is easily simulated as follows: if V is a gamma random variable with

parameter a, then
/
X = (ofl A" H  fexp(—V)] % — 1})1 f

has the GEW(t, a) distribution. This generate scheme is straightforward because of the exis-

tence of fast generators for gamma random variables.

7.3 Useful expansions

Expansions for equations (7.5) and (7.6) can be derived using the concept of exponentiated
distributions. The exponentiated extended Weibull (exp-EW) distribution follows by raising the
cdf (7.2) to a power a > 0. Let Y ~ exp-EW(t,a) for a > 0 be a random variable having this
distribution. The cdf and pdf of Y are given by

1 a
[1—(1+0¢/\xﬁ)_5] ,  a>0,
H,(x;T) = .
[1—exp(—AxP)]", x =0,
and
aABxP1(1+adxP) a1 — (1+arxB)—x]71 x>0,
N R S R S REIECN -
aABxPle M1 —exp(—AxP))o 1, a=0,
respectively.

Using http://functions.wolfram.com/ GammaBetaErf/ InverseGammaRegularized/ 06/
01/ 03/ 0001/, we can write

{ilog {1 —al xﬂ }ﬂ—l

. © /k+1—a k (_1)]+k(1]{)P],k ‘B—la k—1
= (ﬂ—1)2< r >]§)<a_1_]~>[1—(1—“7\x)“]+ ,

k=0

where a > 0 is a real parameter and the constants p; are given recursively by

k(=)™ [m(i —k
i 3 CU D K

m=1

pj,k—ml

fork=1,2,...and pjo = 1.
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Figure 7.1: Plots of the GEW density.
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Further, for any real parameter a > 0, we define

G )]+k( ) Pik

k
bk:(a+k I'(a—1) ; a—l—])

and then the first equation in (7.5) can be expressed as
=Y bl (), (7.8)
k=0

where h,,((x) = (a+ k) ABxP1 (1+aAxP) "5 1[1 — (1 +ad x—+)]*"5~1 denotes the
exp-EW(7,a + k) density function. The cdf corresponding to (7.8) is given by

x) = i bk Hu+k(x)/

k=0

atk
where H,  ;(x 1—(1+arxB) represents the exp-EW cdf with parameters «, A,
+ P P P

and a + k.

Similarly, we can derive an expansion for the GW density (when a = 0). Using the second
equation in (7.5), we obtain the same expression in (7.8), but the function /4, (x) denotes, in
the case « = 0, the GEW(t,a + k) density function given by the second equation of (7.7).

After some algebra using (7.7) in (7.8), we obtain the representation

‘20 ej gararp(x) if a >0,

]:

fomlama) = (7.9)
.20 ej grp(x) if a=0,
]:

where ¢; = Y22 ((—1)/ (a + k) by (“+k 1), g1+ ap(x) denotes the EW pdf with parameters A* =
(G+DA, a*=a/(j+1)and fand g /\*,ﬁ( x) denotes the Weibull pdf with parameters A* and B.
By integrating (7.9), we obtain

Z 3]' G/\*,(X*,/g(x) if « > O,
=0

FGEW(X; T,ﬂ) = ]OO (710)
Y € Gy p(x) if a=0.
j=0

Equations (7.9) and (7.10) are the main formulae of this section. They indicate that the
GEW density function is a linear combination of EW (when « > 0) and Weibull (when a = 0)
densities. So, several GEW structural properties can be obtained from those properties of the
EW and Weibull distributions.

7.4 Quantile Function

First, we consider the general case & > 0. The GEW ¢f, say Q(u) = F~!(u), can be ex-
pressed in terms of the EW qf (Qrw (+)). Inverting F(x) = u given by (7.6), we obtain the qf of
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X (forO<u <1)as

FY(u) = Qcrw (1) = Qew {1 — exp[-Q M(a,1 - u)]} ) (7.11)

where Q~!(a,u) is the inverse function of Q(a,z) = 1 — 71(a,z). Quantities of interest can be
obtained from (7.11) by substituting appropriate values for u. Further, the EW ¢f is given by

(1 =y 1/B
Qentu) = {00 7.12)

We can obtain the inverse function Q~!(a, u) in the Wolfram website as
zZ = Q ﬂ ]. — u Z az 7

where ag = 0, a; = T'(a+1)"%, a, = T(a+ 1)2/“/(11 +1),a3 = 3a+5)T(a+1)%/2(a+
1)%(a +2)], etc.
By expanding the exponential function and using (2.7), we obtain

exp | =Y au*| =Y pu’,
r=0 r=0
where the p;s are defined in Appendix A. We can write
1\YF (Z?"—o pr ur/a)"‘ o
u)=\— —
QGEW( ) <0€/\> 1—(2;?020;7;’1/[1//“)“

By expanding (Y22, p u'/%)", we can write Qgrw (1) as follows

1/B ifaN —1/B
Qcew (1) = <“A> <§l—o; Z’/”> ,

. ; . k s
where T = Y% fi G Goi = (1p0) ™" Thumolm(s + 1) — il pm Coimms fo = Timg T (5), ()
is the descending factorial, 7o = 1 — 1 and 77, = —7, (r> 1).

Now, the ratio between the two power series reduces to

Qcew (1) ( )1/5 Z’Yz Z’Y* e (7.13)

More details about (7.13) and other quantities are given in Appendix A.
Secondly, for the case a = 0, the algebraic calculations are much simpler. The Weibull gf is

given by
_ 1/p
Qw(u) = [—A U log(1 — u)} . (7.14)
Thus, substituting this result in (7.12) and after some algebra, we obtain
Qew (u Z T (7.15)

where pf = (%)ﬁ 1 s 9] = L (DT (B (I;-)/k! and (a);y = a(a—1)...(a—k+1)
denotes the descending factorial.

Equations (7.13) and (7.15) are the basic results of this section, since we can obtain from
them several mathematical quantities for the proposed model.



136
7.5 Generating Function

We now provide formulae for the moment generating function (mgf) M(t) = E (e™) of X,
using the gf of X obtained in the last section. We consider two different cases. First, for « > 0,

by expanding the exponential function, we have

M(t) = Y b(a+k) / e g(x)G(x)* k"1 dx
k=0 0
o0 1
= ) be(a+k) / et Qew(u) yatk=1 gy, (7.16)
k=0 0

But, expanding the binomial term in (7.12), we have

1/8
Qe = { iy )
- <1>w {1—2;%(—@]‘(‘})}“5
~ \ad LEo(—u)/ ()
B 1\ Zf'iOGjuj -1/
R <“7‘> {Z}X’o@jw} '

where §) =1—10,0; =06, (j > 1) and §; = (—1)](’;‘)
Thus, the ratio between the two power series, we obtain

1 1/p
e = ()" [z]

— Yo, (717)
j=0

where

1 r
+—Y'x_iq,—0,=0,
5loj_21 =14 '

_ 1/ ' .
v= (%) f Vi, Vi = Yoo nllnjs nj = (jro) " Zﬁn:l[m(n +1) —jl km Hj—ms
=Yty U VB g (—1/B); is descending factorial.

i!
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Thus, replacing the result (7.17) in (7.16), we obtain

M(t) = ibk(a—kk) /Olexp{t iv]-uf} LAH=14,,

k=0
= Zbk (a+k) / (ZV]”]> Lk=14,,
k=0
= Zbk (a+k) / (1+ZZ dr]u]> ik,
k=0 r=1j=0
= Y be(a+k) / <1+Z§j u]> R gy
k=0 0 j=0
© b (a+k)¢r
= ﬁ (7.18)
j k=0 ]

where & =1+ o, & =& (j > 1), & = b dyj, dyj = (700) P Tholi(r +1) = )V dyji for r > 1
andj > land d,o = vj,.
Secondly, for « = 0, in a similar manner we can obtain the mgf. From (7.14), we obtain

/B o l+2 yitl /g
Qu(u) = [—A—lloga—u)}l AP (): 1 )

oo 1/p
= yl/p <E Pi ui> ,

i=0

i+2
where @; = (142))\

Thus, expanding the last parenthesis, we have

Qw(u) = u'/P 291- ul,

i=0

where 6; = Y3 o fu Guis Gni = (i) ™" L o[ (n+1) =i PiGnim,
fo =Y, ﬁ (/yand (1/ B); is the descending factorial.
Using the last equation, the mgf for « = 0 is given by

o 1
M(t) = Zbk (a+k) / et Qu(w) yatk=T gy
k=0 70
= b (a+k)gf
_ L/ 7.19
i,kZ::Oa—l—k%—z—i-l/ﬁ (7.19)
where @ = 1+ g0, ¢} = @; (i > 1), @i = L2 Tty 1 = b, i = (i60) ' Ty [m(1 +1) —

i]0mtyimforl >1andi>1landd;y = 90.
By substituting known parameters in equations (7.18) and (7.19), we can obtain specific

formulae for GEW special models.
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7.6 Moments

Some of the most important features and characteristics of a distribution can be studied
through moments. Consequently, we can obtain from (7.8)
aBHD A6 '): e*B<1+1,jle—%> ifa>0and r < f/a,
py=EX") = N (7.20)
A‘Br(gﬂ)g 4 ifa =0,

where ef = ¢; (j +1).

Established algebraic expansions to determine E(X") can be more efficient than computing
these moments directly by numerical integration of (7.5), which can be prone to rounding
errors among others. Further, the central moments (y,) and cumulants (k) of X are determined
from (7.20) by using the well-known relationships

r r r—1 r—1
ﬂr=Z<>< Dfufp,_, and Krzyi—2< B )Kky;—kr
=0 \k =AU

respectively, where k1 = p}. Then, ko = ph — U2, k3 = ph — 3ub py + 2u?, kg = u) — 4phu —

3uf + 12ubu? — 6uft, etc. The skewness 1 = 3 /Kg’/2

and kurtosis v, = x4/ KZ coefficients can

be obtained readily from the second, third and fourth cumulants. Figure 7.3 and 7.4 displays
some plots of the skewness and kurtosis of the GEW model.

For lifetime models, it is of interest to know the rth incomplete moment of X defined by

= [ x" f(x)dx. Moreover, it is simple to verify from (7.9) that T;(y) (when & > 0) can be

expressed as

-1

T(y) = ) e A" Bp(yir, a*A, a* ), (7.21)
j=0
where

Yy
o(y;r,p,q) =/0 X (14 px) 1 ldx

forr,p,q > 0.
Using Mabple, this integral can be determined as

r— —r 1
p(y;r,p,q)zA(nP,q){Zy ”’zH(q ,q+1;q+1—n—py> [B(r,p,q)+C<r,p,q)}},
(7.22)

where > Fj is the hypergeometric function defined by

I'(c) i a+] (b+j)

2Fi(a,b;c;x) = G T(e+)) ]!,

]:

A(r,p,q) = {psin[n(g—r)] (- T+ D)Tr+1-q)} ",
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B(r,p,q) =p T(q+1)T(r+1—9q) [Cos(qn) sin(7tr) — sin(g7) Cos(m’)],

and
Clr,p,q) =mp ' T(r+1)(q—r).

Combining equations (7.21) and (7.22), we obtain the incomplete moments. For a« = 0, T;(y)
can be expressed as

J=0

y(r+1,(+1)Ay).

7.7 Mean Deviations

The mean deviations about the mean and about the median can be used as measures of
spread in a population. They are given by & = E(|X — pj|) = 2uj F(y}) —2Ti(p}) and

!/

0 = E(|X —m|) = puj —2Ti(m), respectively, where the mean p/ is determined from (7.20)
and Ty () follows from (7.21) with r = 1 as

Ti(y) =AY ejp(y; L, a" A% 0 ).
=0

Here, p(y;1, p, q) can be reduced to

(pqy +1) _1}

oy, pq) = —lqalqg—1)p*]"! [(1 Ty

Further, for « = 0, we have

Ze] <*> / o/Be?dy
0

and then T;(q) becomes

i (]JrllA)w{r(lJr;) 7<1+5(]+1)/\qﬁ)]

Both equations for T;(-) can be used to determine Lorenz and Bonferroni curves defined
by L(7t) = T1(q)/p} and B(mr) = Ti(q)/ (7t u}), respectively, where g = Q(7) is the gf (7.12) at
a given probability 7.

7.8 Entropy

The Rényi entropy is defined by

Ir(p) =

5 log {/f(x)de} ,
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where p > 0 and p # 1. For the GEW distribution, the integral in Ir(p) reduces to

LT A 0" 1% e By-p(L+1/2) Bypela-1)
=7 [a“lf(a)] /o x (1+aAxP) [log(1 + aAxP)] dx.

Setting y = x?f~V and v = B/[p(B—1)], b =pla—1)+1,& = a/[a(p —1) +p] and § =
AMa(p — 1) + p], we have

Ir(p) = C/wy”[ﬂ(ﬁ‘m(l+§5y7)“””5) log(1 + &ay")]*dy
0
- CE{yl/[p(ﬁfl)]},

where Y ~ GEW(¢E,7,6,b),

1 AB]°
IICENICERY ) -
and E{YV/[(F-1]} is given by (7.20) for p > a/ (B — 1).
For « > 0, the Shannon entropy is given by
— E{log[f(X)]} = —log(A) —log(p) +1log[l'(a)] + (a — 1) log(w) — (B — 1)E[log(X)]
+(141/a)E[log(1 + aAXP)] — (a — 1)E{log[log(1 + aAXP)]}.
(7.23)

We now obtain the expectations in the right side of (7.23). Setting y = log(1 + aAX?), we have

* ApxP! By~ (1+1/a) -
= R — 1 ﬁ a—1
E[log(X)] /0 log(x) yaorprgy (1-+ aA) log(1 + aAx)]"1dx
1 (e}
— Vo —y/a,,a—1
BaiT(a) [/0 log(eV —1)e Y/ *y" " dy
— log(aX) / e_y/“y“_ldy}. (7.24)
Jo
The second integral in (7.24) is equal to a“T'(a). For the first integral, using the power series
log(t) ]Z <t+1> , for t>0,
we have
/ log(eV —1)e ¥/ %y dy = 2y —— T / (1 —2e V)ttlev/aya-lgy
0
j=0
& 2 2j+1 ®
_ 22 E < ) )k/ e—y(k—i—l/zx) ya—ldy
=02 0
oo 2j+1 a
— oy y b (27“)( 2)"( i ) I(a).
=060 2j+1 ka 41
Thus,
oo 2j+1 2 _9\k
j+1\ (=2
E[log(X LX(:) kzo 311 ( )(ktx 1y log(al)| .



143

Also,
/\ o0
Ellog(1+arXF)] = oc“—lllj(a)/o P11 4+ aAxP) =0 O log(1 + aAxP)]dx
_ )‘:B * 4 —y/a _
= Mr(a>/0 ye Vi%y=aAPu,
and

E{log[log(1 + aAXP)]}

_ M T BY] £B-1 By~ (1+1/a) Byja-1
= M1r(a)/0 log[log (1 + aAx”)] "~ (1 + aAxP) log (1 + aAxP)]*tdx

1 (o]
= T ) ¥ 0By dy = 10g(@) + p(a),

where ¢(.) is the digamma function.
Thus, the Shannon entropy for « > 0 reduces to

—E{log[f(x)]} = —log(A)—log(p) +1log[l(a)] + (x+1)arp—(a—1)¢(a)
B1 [inian) %0 2 (2+1)_(=2)f
+ B [log (ad) ]Zékz(:) 2]+1< >(koc—i—1)”

For &« = 0, we have

~E{log[f(x)]} = — a log() — log(p) +log[I'(a)] + (a p — 1)Eflog(X)] — AE(XP).

By setting y = AxP, we can write

Ellog(X)] = FA(f) / " log (x) ¥ exp(—AxP)dx
= 5 ) MoB(v) ~1og(h)] v~ e ¥y = £ [9(a) — log(1)
and
E(XP) = li\(uf) /Ooo xPEF) L exp(—AxP)dx = %
Thus, the Shannon entropy for a« = 0 is given by
—E{log[f(x)]} = —a[l +1log(A)] —log(p) +log[I'(a)] + aﬁﬁ_  [9(a) ~log(A)]

7.9 Estimation

The maximum likelihood method is used for estimating the parameters of the GEW model.
We determine the maximum likelihood estimates (MLEs) from complete samples only. Let
X1, ..., X, be a sample of size n from the GEW(«, B, A, a) distribution. The log-likelihood func-
tion for the vector of parameters 8 = (a, 8, A,a)T is givenby 1(0) = Y, log[f(x;)] = Y"1 1;(0)

where

i(8) = log(A) +log(p) —log[[(a)] — (4 —1)log(a) + (f — 1) log(x;)
—(14+1/a)log(1+ zx)\xf;) + (a —1)log[log(1 + uc/\xiﬁ)]. (7.25)
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The components of the score vector U(0) are given by YI' ; 9l;(0)/90;, j = 1,...,4, where
0 is substituted by the parameters «, B, A or a. The elements al;(6)/060;,j =1,...,4, are given

below:
—1 log(1+arxf) (L4+1)AxP —1)AxP
o) /on — ——tploslredn) (DA, @- DAy
a a 1+alx 1+alx; log(l+adx;)
1 Ly arx? log(x; a—1)arxP log(x;
p 1+aAx; (1+aAx))log(l+aAx;)
1y axh “1axf
ey /on — - Lrhen w-Dex
Z (1+aAxy)log(l+aAx;)
Ai(0)/0a = —y(a) —log(a) + logllog(1+aAxP)].

Setting these equations to zero and solving them simultaneously yield the MLEs of the
four parameters. For interval estimation on the model parameters, we require the expected
information matrix. The elements of the 4 x 4 total observed information matrix J(6) = {J;s},
where r,s € {«, B, A, a}, are given in Appendix B.

The multivariate normal Ny (0, J(8)!) distribution, where J(8) ! is the observed informa-
tion matrix evaluated at @ = 6, can be used to construct approximate confidence regions for
the parameters.

The likelihood ratio (LR) statistic can be used for comparing the GEW distribution with
some of its special models. We can compute the maximum values of the unrestricted and
restricted log-likelihoods to obtain LR statistics for testing some of its sub-models. In any
case, hypothesis tests of the type Hy : =g versus H : #(, where is a vector formed with some
components of 8 and g is a specified vector, can be performed using LR statistics.

710 Application

In the application, we use Tippett’s (1950) warp break data for six types of weaving warps.
We describe Tippett’s experiment from Tippett (1950, p.105): “The results of a weaving exper-
iment was conducted in a factory. There were 6 lots of warp yarn labelled respectively AL,
AM, etc. They were spun from two growths of cotton, A and B, and each cotton was spun to
three twists (i.e., the number of turns in the yarn per inch): low (L), medium (M), and high
(H). The combination of these three factors give 6 kinds of yarn, which are the experimental
treatments. From each yarn were prepared 9 warps (a warp is a quantity of warp yarn that
goes into one loom as a unit), and, as a loom came available in the course of events, a warp
chosen random from the 54 was assigned to it, until ultimately all 54 were disposed of. More
than one warp was woven in some looms, but that did not upset the randomness of the distri-
bution. The number of warp threads that broke during the waeving of each warp was counted
and expressed as a rate of so many breaks per unit of warp."

We analyse the warp breakage rates for individual warps disregarding the factors. We fit
the GEW model and other sub-models to these data by the method of maximum likelihood.
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The MLEs of the parameters and the AIC (Akaike Information Criterion) measure for the mod-
els are listed in Table 7.1.

Table 7.1: MLEs of the model parameters for the warp breakage rates data (Tippett, 1950), the
corresponding SEs (given in parentheses) and the AIC measure.

Model |« A B a | AIC
GEW | 0.895137 0.000026  9.792369  23.609396 | 420.257020
(0.042691)  (0.000011) (0.714861) (2.615331)
GW 0 0008219  1.622223  2.061746 | 425.080529
) (0.000971)  (0.025583) (0.071981)
EW 0.104458 0.000192 2.499730 1 427.270840
(0.025452)  (0.000032)  (0.052776) ©)
W 0 0.000436  2.236797 1 427.436886
) (0.000047)  (0.029037) ©)
GEE 0.000961 0.190944 1 5.364537 | 421.924911
(0.013883)  (0.026556) ) (0.502296)
EE | 0000100  0.035669 1 1 472.453098
(0.035378)  (0.000717) ) )
GE 0 0.250448 1 6.896945 | 422.114535
) (0.006646) ) (0.176429)
E 0 0.035666 1 1 470.448845
) (0.00066) ) )

The plots of the fitted densities of all models are given in Figure 7.5. They indicate that

the new distribution provides a better fit than the other sub-models. The required numerical
evaluations were implemented by using a R script (sub-routine nlminb that can be found at
http://cran.r-project.org). The data set warpbreaks is available as an R data frame.

A comparison of the new distribution with four of its sub-models using LR statistics is
performed in Table 7.2. These statistics indicate that the new distribution is the most adequate
model to explain the data.

Table 7.2: LR tests for the warp breakage rates data (Tippett, 1950).

Model ‘ Hypotheses ‘ Statistic LR ‘ p-value

GEW vs GW | Hy:a =0vs Hy : Hyis false 6.823509 | 0.008996563
GEW vs EW | Hy:a=1vs Hy : Hyis false 9.013820 0.002679457
GEW vs GEE | Hp: = 1vs H; : Hyis false 3.667891 | 0.055470343
GEWvsGE | Hy:a=0,6=1vs Hy: Hyis false | 5.857515 | 0.053463433
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Figure 7.5: Plots of the GEW density and sub-models for the warp breakage rates data (Tippett,
1950).

711 Concluding remarks

We introduce a new model named the gamma extended Weibull (GEW) distribution and
study some of its structural properties. It generalizes some important distributions in the li-
terature and provides means of its continuous extension to still more complex situations. The
new model contains several distributions as special models including the extended Weibull
(Mudholkar et al., 1996), gamma Weibull (Zografos and Balakrishnan, 2009) and generalized
gamma (Stacy, 1962. We provide explicit expressions for the density function, ordinary and
incomplete moments, generating and quantile functions, mean deviations, entropies and relia-
bility. The model parameters are estimated by maximum likelihood. The usefulness of the new
model is illustrated by means of an application to real data, where the GEW model provides a
better fit than some of its submodels.
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712 Appendix

Appendix A

We derive a power series for Qgew (1) in the following way. First, we use a known power
series for Q~!(a,1—u). Second, we obtain a power series for the argument 1 — exp[—Q~!(a,1—
u)]. Third, we consider the EW (f to obtain a power series for Qgew (1).

Let Q~'(a, z) be the inverse function of

. az) T(az)
Q2) =1-Tiy" = T

The inverse function Q~!(a,1 — u) is determined in the Wolfram website ! as

1 B w? (3a+5)w? [a(8a + 33) + 31]w*
Qal-u) = Wt g+ ) a12) T 3a+t1)@t2)at3)
{a(ala(125a + 1179) + 3971] + 5661) + 2888} w°

24(a+1)*(a+2)%(a+3)(a+4)

+ + O(w6)z

where w = [ul'(a + 1)]'/%. We can write the last equation as
z=0Q Ya,1—u) Zaz , (7.26)

where the a]s are given by a; = b;T(a+ 1)i/  Here, by = 0,b; = 1 and any coefficient bi41 (for
i > 1) can be obtained from the cubic recurrence equation

. i oi—s+1
b1 = ) {2 E bibsbi_y_sips(i—1—5+2) %
i
X Y bbi ot r—a—(l—a)(i-l—Z—r)]}.
r=2

The first coefficients are by = 1/(a+1), b3 = (3a+5)/[2(a + 1)*(a +2)], .. .. Now, we present
some algebraic details to derive the GEW qf, say Qgew (). The EW (f is given by

Qew (1) = {1“;((11_—;1)1:"}1/5‘

By replacing (7.26) in equation (7.11), we can write

—{exp[—QYa,1—u a1
Qoen(v) = {1aA {{:xII;[[—QQ_l((a T u>)]]}}“ } | 72

1h’ctp: / /functions.wolfram.com/GammaBetaErf/InverseGammaRegularized /06/01/03/
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By expanding the exponential function and using (2.7) and (7.26), we have

= I
= 1+ Y mu/* =Y piu’s, (7.28)
i=0 i=0

1)+ ) ; .
where po = —1—|—h0, pi :hi (12 1),]_’11' :Z(lwl fll flz = (Zﬁlo)*l Zq:1[ﬂl(l+1)_l] Cqul,i,q
fori > 1and fip = aé‘ Combining (7.27) and (7.28), we obtain

L\ (ep)t 1
Qozwls) = (M) [1—(z;’iopiuf/ﬂ>“

L\P (o \TE
- (&) ()

1\ VA Z?io,riui/a -1/p
- (@) (o)

. k s
where 7; = Z?:O fs (s)ir Csji = (i 790)_1 EZm:O[m(S + 1) - i] P Csi—m» fs Zk s w/ (“)k
is the descending factorial, 7o = 1 — pand 5, = —7, (r> 1).

From the quotient of the two power series, we have

1 ~1/F
Qcew(u) = ( >/ﬁ <2Pz )
) Ewe F

where

pz+17 Zprlﬂl_ —0/

1

’)’; = ( )1//5 Yir 71 2;1.0:0 Sn€n,is €Eni = (iPO)_l m= [m(n + 1) - l]pm €ni—my

gn =Ly M and (—1/p); is descending factorial.

Appendix B

Let Jo0, = 0%1(0) /00,06, = Y i, 0*log|f (x;)] /06,06, for j,k = 1,...,4, be the elements of
the information matrix J(6), where 6; and 6; are substituted by the parameters «, 3, A or a. Let
1;(0) = log[f(x;)] and q(x;) =1+ zx)txf;. The quantities 0%1;(6) /96;06; are given by



0%1;(0) a—1 2log[q(xi)] 2}\3553 (%+1)A2xi2ﬁ
Wl T a T w alogla(x)] | {logla(x)])?
(a—1)A2xP (a—1)A2x2P
-~ {logg(x)]}? 108{108[ (x)]}  {loglg(x;)]}2 {log{log[q(x:)]}}2’
2%1;(6) /\xﬁ log(xi) ( —}—1)/\34S log(x;) (%+1)A2xi2ﬁtxlog(xi)
dwdp  ag(x;) q(xi) [9(xi)]?
(- DAl log(xi)  (a—1)A2x a log(x;)
q(xi) 10g[ ( i)l [9(xi)]? log[q(xi)]
(a-1) 2222 log(x;)
[9(xi)]? {10g[ (xi)]}> 7
2%1;(6) xf (14+1) lﬁ ( +1)/\x?ﬁ1x (a— 1)fo
A aq(x)  q(x) ()2 q(xi) logla(x)]
(a—l))\xzﬁzx (a—l))\xl.zﬁtx
G2 loglg(x)]  [a(xi)]? {loglg(x:)]}?
2(0) 1, Axb
duda a  q(x;) loglg(xi)]”
L) 1 (21 aArxf [log(x)? n (2 +1)a? A2 x* [log(x;)]?
op* P q(xi) [9(xi)]?
(a )Dc)\xf3 [log(x)]> (a—1)a?A? xfﬁ [log(x;)]?
g(xi) logla(x)] — [9(x:)]? log[q(x:)]
_(a=1) @ 237 [log (x))]?
[9(xi)]* {log[q(x:)]}
2%1;(6) _(%+1)0¢x? log(x;) (%+1)o¢2/\xi2ﬁ log(x;) (a—l)ocxﬁ8 log(x;)
IPoA 9(xi) la(xi)]? 9(xi) log[q(x;)]
(u—l)oczx\xl.zﬁ log(x;) (a—l)ocz)\xizﬁ log(x;)
)P loglg(x)]  [a(x)]? {loglg(x)]}?
2%1;(6) oc/\xf3 log(x;)
opaa q(x;) loglq(xi)]’
2’1;(8) 1 (%—Fl)zxzx?ﬂ (a—1)a? xzﬁ (a—1)a? xzﬁ
Az A2 EREE 10g[67( x)]  [g(x)]? {loglq(x)]}2/
321,(0) axP 921;(0)
orda g(x;) loglg(x;)] "~ 0a? = i),

where 1 (a) = d?log[T'(a)]/da? is the trigamma function.
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