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Abstract A new generator of continuous distributions called Exponentiated Gener-
alized Marshall-Olkin-G family with three additional parameters is proposed. This
family of distribution contains several known distributions as sub models. The prob-
ability density function and cumulative distribution function are expressed as infinite
mixture of the Marshall-Olkin distribution. Important properties like quantile func-
tion, order statistics, moment generating function, probability weighted moments,
entropy and shapes are investigated. The maximum likelihood method to estimate
model parameters is presented. A simulation result to assess the performance of the
maximum likelihood estimation is briefly discussed. A distribution from this family
is compared with two sub models and some recently introduced lifetime models by
considering three real life data fitting applications.
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1 Introduction

In recent years, many different methods of generating new continuous distributions
by adding one or more parameters to the classical ones were developed and some new
families of distributions have been introduced in the statistical literature. The Mar-
shall-Olkin generated family by Marshall and Olkin [16], exponentiated generalized
class of distribution studied by Cordeiro et al. [4], exponentiated Marshall-Olkin-G
family Dias et al. [7], exponentiated generalized Half-logistic distribution by Thi-
ago et al. [22], Marshall-Olkin Kumaraswamy-G family by Handique et al. [12],
Kumaraswamy Marshall-Olkin-G family Alizadeh et al. [2], Kumaraswamy gen-
eralized Marshall-Olkin-G family by Chakraborty and Handique [6], generalized
Marshall-Olkin Kumaraswamy-G family by Chakraborty and Handique [5], beta
Marshall-Olkin-G family by Alizadeh et al. [3], beta generalized Marshall-Olkin-
G family by Handique and Chakraborty [9], beta generated Kumaraswamy-G family
by Handique et al. [13], beta generated Kumaraswamy Marshall-Olkin-G by Hand-
ique and Chakraborty [10] and beta generalized Marshall-Olkin Kumaraswamy-G by
Handique and Chakraborty [11] are some of the notable ones among others.

In this paper we introduce a new extension of Marshall-Olkin-G [MO-G(«, )]
family of distribution by considering it as the baseline distribution in the exponen-
tiated generalized [E-G(a, b, )] class of distribution studied by Cordeiro et al. [4].
We refer to this new family of distribution as the Exponentiated Generalized Marshal-
1-Olkin [EGMO-G(a, b, «, 1) for short] which encompasses many known families of
distributions and study some of its general properties, parameter estimation and data
modelling applications. The cumulative distribution function (cdf), probability density
function (pdf), survival function (sf) and hazard rate function (hrf) of this proposed
family of distribution are respectively given by

FEOMOG (1 b o, ) = [1 — [2G)/(1 — @GN, (1)
abal g(x)G(x)* {1 —aG )} — a?G(x)?1P~!
G (x)|ab+! ’ @)
[1-aGw)]
FEOMOG (g b, ) =1 — [1 — [aG(x) /{1 — aG ()1 3)
abag()G) {1 — &G} — a?G(x)1P~! @
(1 —aGI[1 — aG)]ab — [{1 —&aG(x)} — a?Gx)1b})

FEOMOG (. b o, ) =

and hrf hEGMO'G(x;a, b,a,n) =

where G(x) and g(x) is the baseline sf and pdf respectively and —oo < x < 00, o >
0,a > 0, b > 0 and » is the parameter vector of the baseline distribution.

For @ = 1, we get back E-G(a, b, n), which in turn reduces to MO-G(«, ) when
a,b=1.

1.1 Physical Basis of EGMO-G
For a and b are positive integers consider a parallel system comprising of b inde-

pendent components. Suppose that, each of this component again comprises of a
serially connected subcomponents which are identically independently distributed
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with cdf FMOG(x; o, n). Let X;1, Xi2, ..., Xiq denote the lifetimes of the subcompo-
nents within the jth component, j = 1,2, ..., b and X; denote the lifetime of the jth
component. Then for the lifetime of the system X we have

PX<x)=PX1<x,X2<x,....Xp<x)=PX; <x)’ =[1 - P(X; > x)]°
=[1—PXi>x, X12>x,....,X1a >1)1]°
=[1 - P(X11 > x)
=[—{1—P(Xn <0}V =11 - {1 = FMCCx; e, )1’
=[1 - [Gx)/{l —aGx)}]“]"

This is the cdf of EGMO-G(a, b, o, 3).

The primary motivation of proposed family is to derived a new extension of the
MO-G distribution by inducting three additional parameters with an aim of (1) bring in
more flexibility with respect to skewness, kurtosis, tail weight and length, (2) Covering
some important known distributions as particular and related cases and (3) Providing
significant improvement in data modelling.

The rest of this article is organized in five more Sections. In Sect. 2 some important
sub models are derived drop these words for the family. In the next section we discuss
few important general results of the proposed family. In Sect. 4 different methods of
estimation of parameters are presented. We present real life examples of comparative
data fitting in Sect. 5. The paper ends with concluding remarks in the final Section.

2 Special Models and Shapes of the Density and Hazard Function

In this section we provide some special cases of the EGMO-G(a, b, «, 1) family of
distributions of namely (a) EGMO-E(a, b, «, 1), (b) EGMO-W(a, b, «, 8, y) and (c)
EGMO-L(a, b, o, B, y) by taking Exponential (1), Weibull (8, y) and Lomax (8, y)
as the base line G and plotted the pdf and hrf for some choices of the parameters to
study the variety of shapes assumed by the family.

2.1 The EGMO-Exponential (EGMO-E) Distribution

Let the base line distribution be exponential with parameter A > 0, g(x) = Ae ™ and
Gx)=1- e~ x > 0, then for the EGMO-E(a, b, a, A) model we get the pdf, cdf
and hrf respectively as

ab(xa)n(e_)”x)a[{l _ &E—AX}a _ aa(e—AX)a]b—l
[1 — qe—*x]ab+]
FESMOE(q, b, o, 2) = [1 — [ee ™ /{1 — @e™*}]1” and
abota)»(e_)\x)a[{l _ &e—)»x}a _ aa(e—)w\‘)a]b—l
[1— e ([l — ae ™14 — [{I —ae >} —a(e )Py’

FEMOE(xa b, a, 1) =

’

hPOMOE(x a, b o, 1) =
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2.2 The EGMO-Weibull (EGMO-W) Distribution

Taking the Weibull distribution [23] with parameters 8 > 0 and y > 0 having pdf
and cdf g(x) = yﬁxﬂ_le_”ﬁ and G(x) =1 — e"”‘ﬁ, x > 0 respectively we get the
pdf, cdf and hrf of EGMO-W(a, b, «, B, y) distribution respectively as

abaayﬁxﬂ_l(e_yxﬁ Y1 — &e—yxﬂ @ — aa(e—yxﬂ)a]b—l
- &e—)/xﬁ Juh+1 ’

FEOMOW (b o, B, y) =

FEOMOW (. b o By = [1 — [ae " /{1 — e~ 7" 1191 and
abaypef N e Y1 — aemr e e rr g
(1 —ae v J((1 — ge=r<" )b — (1 —ae= 7 )@ —qae=r*Fyapb)

REGMO-W (4 b o, B, y) =

2.3 The EGMO-Lomax (EGMO-L) Distribution

Considering the Lomax distribution [15] with pdf and cdf given by g(x) = (8/y)[1 +
/I P* D and G(x) =1 —[1+(x/y)]1#, x > 0,8 > 0and y > 0 the pdf, cdf
and hrf of EGMO-L(a, b, «, B, y) distribution are respectively given by

EGMO-L ... _aba(B/y)l1 + (x/y)]~@B+D
! (50000 P V) = G+ ey Pt

— a1+ (x/y) Pt
FEOMOL(xia b o, B y) = [1 — [all + (x/»)]7P /{1 —all + (x/y)] 111" and
_ aba“(B/y)1 + (/PO + (/)1 Py
[1—&ll+ /I PI([1 — &l + (x/y)]Fleb
=@l + /)P — a1+ G/ P!
—[{1 — &l +(x/y)1 P — e[l + (x/y)]Pa1b})

x [{1—all+x/y)] P

hEGMO_L(X;Cl, b, o, ,37 y)

From the plots in Figs. 1 and 2 it can be seen that the family is very flexible and
can offer different types of shapes for density and hazard like increasing, decreasing,
right skewed, including bathtub shape for hazard.

f(x)
(x)
00 02 04 06 08 10 12
f | " " . " i
)

05

(a) (b) (©)
Fig. 1 Density plots of a EGMO-E, b EGMO-W and ¢ EGMO-L
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Fig. 2 Hazard plots of a EGMO-E, b EGMO-W and ¢ EGMO-L
3 Mathematical and Statistical Properties
3.1 Linear Representation in Terms of Exponentiated-MO-G(«, 1)

We consider the binomial expansion

(-2 = Z( 1)k< ) ©)

which holds for any integer ¢ and |z| < 1. Using expansion (5) in Eq. (1), for
a € (0, 1), we can express the EGMO-G(a, b, «, 1) cdf as

FEGMO_G(X;CI, b’ o, }1) = [1 — [(XG(X)/{l - &G(x)}]a]b

— Z (_l)m (Z)FMO_G()C;O(, 7’)am
= Z( 1)’"( )Z( 1y (“]’")FMOG(x o, )/

= Z o MO (e, )/ ©)
j=0

By differentiating (6), we obtain

o
FEMOC(xia, ba ) = MOS0 Y ) FMO(x )/ ! @)
Jj=0

Z FMO Ox;a, )/ ®)

where o, = 30 (=1)/*m <b> ("}a> andw; = jo'.

m
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Equations (6) and (8) reveal that the cdf and pdf of EGMO-G(a, b, «, ) are linear
combination of corresponding functions of exponentiated-MO-G(«, 3).

3.2 Quantile Function and Related Results

Inverting the cdf we get

o get[y L= FFOMOC G, ba )y e
o +@a{l — FEGMOG(yx: q b o, y)l/b}1/a

Using this formula we can generate a random number x from EGMO-G(a, b, «, 1)
given a uniform random number u as

x =G {1 —u")V @ +a(l —ul /M),
The pth quantile x,, for EGMO-G(a, b, , ) can be easily seen as
xp =G = {1 = p")! Ve j(@ +a(l — p'P) ),
hence the median is given by
x05 =G 1= {(1 = 0.5V j(q + a(1 — 0.51/2)1 /4y
The Bowley skewness [14] measures and Moors kurtosis [17] measure are robust

and less sensitive to outliers and exist even for distributions without moments. For
EGMO-G(a, b, «, n) family these measures are given by

_ Yot Xamm T2y e XG/8) T X8+ Xa/8) T X(5/8)
X3/4) ~ X(1/4) X(6/8) ~ X(2/8)

B

For example, when G is taken as the exponential distribution with parameter A > 0,
the pth quantile is given by —(1/A)log[1 — p]. Therefore, the pth quantile x,, of
EGMO-E(a, b, «, 1) is obtained as

1 -
xp = = log[l = [1 = {(1 =M1 /(@ +-&(1 —u /)]

3.2.1 Plots of the Bowley Skewness and Moors Kurtosis

From the Figs. 3 and 4 it is easily seen that the flexibility of both the skewness and
kurtosis are controlled by the additional parameters a, b and «.

3.3 Distribution of Order Statistics
Suppose X1, X,..., X, is a random sample from any distribution belonging

EGMO-G(a, b, a, n) family. Let X,., denote the rth order statistics. The pdf of X;.,
can be expressed as
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Fig. 3 Bowley skewness of EGMO-E distribution in (i) and (ii) as a function of « when @ = 1.5, A = 1 for

some values b > 1 and b < 1 respectively and in (iii) and (iv) as a function of @ when b = 0.6, A = 1 for
some values & > 1 and o < 1 respectively
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Fig. 4 Moors Kurtosis of EGMO-E distribution in (i) and (ii) as a function of ¢ when « = 1.5, = 5.5 for
some values b > 1 and b < 1 respectively and in (iii) and (iv) as a function of @ when b = 1.6, A = 1 for
some values & > 1 and o < 1 respectively

fran(x) = - ])'( 1 2 Z( 1)/( )fEGMO G(x a,b,a, n)FEGMO G(x ab,a, 77)]+r 1

Now using the general expansions of the EGMO-G(a, b, «, 1) pdf and cdf in Sect.
3.1 we get the pdf of the rth order statistics for of the EGMO-G(a, b, «, 3) as

Fran) = 1),( ),Z< 1)/( )fM°G<x @, n)ZkaMOG(x o, !
k=0

Jj4r—1

o0
> @ FMOS (s, )
=0

where wj, and a)l’ are defined Sect. 3.1.

Now
00 jr—1 00
MO-G, . ! MO-G, .. 1
ZwEF (x;0, 1) =Zdj+r—1,1F (x;a, )
1=0 =0

where djyr 11 = 15 L [e(j +7) = Klwjdjsr 11— [19].

1
/
lay,
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Therefore the pdf of the rth order statistic of EGMO-G(a, b, «, 5) distribution can
be expressed as

| n—r ) _ o0
Ffran(0) = m S -1y (” i )fMO'G<x;a, 0> o FMOS (o, !
. P

k=0

o0
x> djr 1 FMOS (x5 e,
=0

.
(r—l)‘(n—r)'z( DJ( >

o0
x| MOSGsa ) Y ordjir 1 i FMO G, !

k=0
o0
= MOSia ) Y e FMOG (e, ) ©)
k,1=0
— : n—r
where Ay, = #&_MZ?ZS (=1’ ( j )wkdj+r—1,z, diyr—11 =

1

o] D=1 [c(j+r)—klw)djsr—1, 1 —c, o and w] defined in above.

3.4 Probability Weighted Moment
The probability weighted moments (PWMs), first proposed by Greenwood et al. [8],

are expectations of certain functions of a random variable whose mean exists. The
(p, g, r)th PWM of X is having cdf F(x) defined by

Ipgr= / XPIFO)[1 — F(x)]" f(x)dx

From Eq. (7) the sth moment of X can be expressed as

+00

o0
E(X%) = / xSfMO'G(x;oz, n)ijFMO'G(x;a, n)j_ldx
e j=0
00 +00
=) w; /xSFMO'G(x;a, /= MO0 a, pydx
]:0 —00
o0

MO-G
Z ij 1,0
Jj=0
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Oo —_
where TMOG = [ xP{ FMOG(x; o, )} {FMOG(x; o, )Y [ MOC(x; , )Idx s

—0oQ
the PWM of MO-G(e, ») distribution.
Proceeding as above we can derive sth moment of the rth order statistic X,.,, on
using Eq. (9) as E(X},) = 213?1:0 )\k,ll“ﬁffl)'_Gl’O, where w; and Ay are defined in
Sect. 3.1 and 3.2.

3.5 Moment Generating Function (mgf)
The mgf of EGMO-G(a, b, «, 1) family can be easily expressed in terms of those of

the exponentiated MO-G(«, 5) distribution using the results of Sect. 3.1. For example,
using Eq. (8), it can be seen that

oo

Mx(s) = E[e**] = / e’ FEOMO-G (v b o, p)dx
>, d
— st /__FMO-G ‘a, ]d
/e Za) r (x;a,p)dx
o

= Za); / ¥ — FMOG(x o p)dx = Za)jMX(s),
o0

dx o,
where w is define in Sect. 3.1 and X has exponentiated MO-G(«, 1) distribution.

3.6 Rényi Entropy

The entropy of a random variable is a measure of uncertainty. The Rényi entropy is
defined as Ig(8) = (1 — 8)~'log (/°C, f(t)°dt) (for details, see [21]), where § > 0
and § # 1. Using expansion given in Eq. (5) in Eq. (2) we can write for « € (0, 1)

FEOMOG ()3 — (ap[ FMO-O(x; 0, ;19711 — {FMO(x; @, )} 1P~ ! fMOC(x; 0, p))®

o0 .
= @b’ MOC(a, ) Y (—1i* (‘W’j_” ) (“(’ +k‘”_5>{FM0'G(x;a, mi¥
k=0

Thus for o € (0, 1), the Rényi entropy of EGMO-G(a, b, «, n) can be obtained as

1r(8) = (1 —8)""1o if' 7[ ag(x) ]8[ G(x) de
o ¢ " ln—aéwr] Lir—aée) ’

Jk=0

where & = (ab)’(—1)/** (5(bj— 1)) (a(j +];S) — 5)'
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3.7 Shapes

The shapes of the pdf and hrf can be described analytically. The critical points of the pdf
of the EGMO-G family are the roots of the equation: f—x log[ f EGMO-G (x;a,b,a,n)] =
0

L 8@ 8D g, el ZaGG)T as) + aa Glx) g(x)
g(x) G(x) {1 —aG(x)}* —a?G(x)
~(ab+ )8 _ (10)
1 —aG(x)

The critical point of the hrf of the EGMO-G family the roots of the equation:
4 10g[hEMOC(x;a, b, a, )] = 0

/ e a—1 ac a—1 >
G (1—a) 8 - 1)a(l ocG(x»_ _0g() +aaf G g(x) ocg_()_c)
g(x) G(x) {1 —aG@)}* —a’Gx) 1—aG(x)

_abll —=aGWI* — {[{l —=aGW)}* —a*G)*al —aG(x))*~'ag(x) +aa’ G()* ' g(x))

[1—aG))* — [{1 —aGx)} — atG(x)]P

=

=0

(11)

There may be more than one root Eqs. (10) and (11). If x
xo is a root of the (10) then it corresponds to a local maximum,
local minimum or a point of inflexion depending on whether ¥ (xp)
0,¥(x0) < Oory(xg) = 0 and similarly for (11) w(xg) < 0, w(xp)
Oor w(xg) = 0 where ¥(x) = (d?/dx*)log[ fEOMO-C(x:qa, b, , 9)] and w(x)
(dz/dxz)log[hEGMo'G(x; a,b,a,n)].

We have illustrated the application of the above results graphically for EGMO-
E by considering same set of values of the parameters for which we have plotted
its pdfs in Fig. la. It can be seen that except for the yellow coloured all the other
curves of (d/dx)log[ f EGMO-E ()] cuts the horizontal axis (form Fig. 5a) and ¥ (x) =
(dz/dxz)log[fEGMo'E(x)] < 0 (see Fig. 5b) i.e. the corresponding pdfs fEGMO-E ()
are log-concave and unimodal. The exception of yellow coloured curve is because the
corresponding pdf fFSMO-E(y) is a decreasing function (see Fig. 1a) with maximum
at zero. Similar conclusion can be drawn for the plots of (d /dx) log[h"FSMOE(x)] and
w(x) = (d?/dx?)1og[hFSMOE(x)] < 0 (see Fig. 6a, b).

A Ao

4 Estimation

In this section, parameters estimation of the EGMO-G(a, b, «, 5) distribution is pre-
sented using the maximum likelihood method.

4.1 Maximum Likelihood Estimation

The model parameters of the EGMO-G(a, b, «, 5) distribution can be estimated by
maximum likelihood. Let X = (x1, x2,...,x,) be a random sample of size r
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Fig. 5 1st and 2nd derivative of the log of density function of the EGMO-E
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Fig. 6 1st and 2nd derivative of the log of hazard function of the EGMO-E

from EGMO-G(a, b, , n) with parameter vector ¢+ = (a, b, «, 17T)’ , Where n =
M1, m2, ..., 14 )’ corresponds to the parameter(s) of the baseline distribution G. Then
the log-likelihood function is given by

€= £(9) = rlog(ab) + ralog(a) + Y _log[g(xi, M +(a — 1) Y _log[G(x;, )]

i=1 i=1

+(b— 1) logl{l —aG(xi, P}l — *Glxi, )]
i=1
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This log-likelihood function can not be solved analytically because of its complex
form but it can be maximized numerically by employing global optimization methods
in R.

By taking the partial derivatives of the log-likelihood function with respecttoa, b,
and 5 components of the score vector Uy = (U, Up, Uy, U"r)T can be obtained as
follows:

at

.
U= = £+rlog(a)+ l;‘log[é(x,», nl+b—1)

y i {1 —aG(xi, )} log[l —aG(x;, ] — [aG(x;, PI* loglaG(xi, n)]
- {1 —aG(xi, M} — [aG(x;, )]

—b Y log[l —aG(x;,n)]
i=1
U, = 275 - Zlog[{l —aG(xi, D1 —a’G(xi, M)l —a lejlog[l —aGxi, )]
a—1 _ a—1 a
U, — 1) Z a{l —aGx;, M) 'G(xi, n) — aa®'G(xi, n)
{1 —aGx;, ) — [aG(x;, )]

— (ab+ 1)2 G, m)

1 —aG(x;, )
() ()
_ g (xla ") _ G (xh ”)
= Z st I)Z G(xi, )

+ (b _ 1)2 Cl{l — otG(Xi, ”)}aflG(ﬂ)(_xi, 17) — aaé('xi, ﬂ)ailé(ﬂ)(x,', 77)
i=1 {1 =aG(xi, M =[G (xi, PI°

aGP®(x;, n)
—(ab + 1)2 et

4.1.1 Asymptotic Standard Error for the MLEs

For large sample the standard error for the MLE of jth parameter #; is approximated
by /0, where D;; = V) = In_l(ﬁ), where 7,(§) = (i,-j) is the observed Fisher’s
information matrix defined as iij =~ (—826(19)/819,-319j)19:15, i,j=12,...,3+¢.

4.2 Simulation Study
Here, we examine the performance of the maximum likelihood method for estimating
the EGMO-E parameters by using the Monte Carlo simulation study with 10,000

replications. We calculate the average of estimated parameters, bias and mean square
errors (MSE).
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Table 1 Means, standard error estimates, Biases and RMSEs of a, l;, & and X, for the EGMO-Exponential
model with true valuesa = 0.5, b =15, =0.8and A = 0.3

n Parameter Mean Biases Standard error MSE
100 a 0.2925 —0.2075 0.3036 0.1352
b 1.4134 —0.0866 0.3477 0.1284
o 0.8517 0.0517 0.1835 0.0363
A 0.7457 0.4457 0.3336 0.3100
200 a 0.3076 —0.1924 0.2814 0.1162
b 1.4303 —0.0697 0.2074 0.0479
o 0.8076 0.0076 0.0802 0.0065
A 0.6725 0.3725 0.2820 0.2183
300 a 0.3036 —0.1964 0.2598 0.1061
b 1.4407 —0.0593 0.1635 0.0302
o 0.7968 —0.0032 0.0538 0.0029
A 0.6475 0.3475 0.2502 0.1833
500 a 0.3106 —0.1894 0.2439 0.0954
b 1.4427 —0.0573 0.1213 0.0180
o 0.7909 —0.0091 0.0305 0.0010
A 0.6071 0.3071 0.2189 0.1422

e Data is generated using the inversion of cdf given in Sect. 3.2.
e (0.5,1.5,0.8 and 0.3) are taken as the true parameter values a, b, « and . Simulation
is conducted for the sample sizes n = 100, 200, 300 and 500.

The numerical results of the Monte Carlos simulation study are given in the Table 1.
We evaluate the average of estimated parameters, bias, standard error and mean square
errors (MSE). Based on these results we can conclude that, the biases and MSE
decreases as the sample size increases.

5 Real Life Applications

Here we consider modelling of the three real life data sets, two positively skewed
and other negatively skewed to illustrate the suitability of the EGMO-G(a, b, «, 1)
distribution in comparison to some existing distributions by estimating the parame-
ters through numerical maximization of log-likelihood functions taking exponential
distribution as the base line G.

We have compared the EGMO-E(a, b, o, 1) distribution with some of its sub models
namely the Marshall Olkin-exponential [MO-E(«,21)], Exponentiated generalized-
exponential [EG-E(a, b, 1)] and exponential [E(1)] distributions, and also with useful
lifetime model moment exponential [ME(fS)], exponentiated moment exponential
[E-ME(«, B)], exponentiated exponential [E-E(8, 1)], beta exponential [B-E(«, 8, A)]
distributions for all three data sets.
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The best model is chosen as the one having lowest AIC (Akaike Information Cri-
terion), BIC (Bayesian Information Criterion), CAIC (Consistent Akaike Information
Criterion) and HQIC (Hannan—Quinn Information Criterion). It may be noted that
AIC =2k —2I; BIC =klog(n)—2l; CAIC = AIC +(2k(k+1))/(n —k — 1); and
HQIC = 2klog[log(n)] — 21, where k is the number of parameters in the statistical
model, n the sample size and [ is the maximized value of the log-likelihood func-
tion under the considered model. Moreover the Anderson—Darling (A), Cramer—von
Mises (W) and Kolmogorov—Smirnov (K-S) statistics are also used to compare the
fitted models.

5.1 Likelihood Ratio Test for Nested Models

The EGMO-E(a, b, «, ) distribution reduces to E(A) when a, b, « = 1 to MO-E(«,1)
when a, b = 1 and to EG-E(a, b, 1) if o = 1.
Here we have employed likelihood ratio criterion to test the following hypotheses:

1. Hp:a,b,a =1, that is the sample is from E(})

Hi:a #1,b # 1,a # 1, that is the sample is EGMO-E(a, b, o, 1)
2. Hy:a,b =1, that is the sample is from MO-E(«,2)

Hi:a # 1, b # 1, that is the sample is EGMO-E(a, b, o, A).
3. Hp: @ = 1, that is the sample is from EG-E(a, b, 1)

Hi: o # 1, that is the sample is EGMO-E(qa, b, a, A).

The likelihood ratio test statistic is given by LR=—2 1n(L(19* x)/ L(z9 X)), where
9* is the restricted ML estimates under the null hypothesis Hy and D is the
unrestricted ML estimates under the alternative hypothesis H;. Under the null
hypothesis Hp the LR criterion follows Chi square distribution with degrees of
freedom (df) (dfu; — dfuunr)- The null hypothesis is rejected for p value less than
0.05.

First data set is about 346 nicotine measurements of cigarettes (http://www.ftc.g
ov/reports/tobacco or http://pw1.netcom.com/rdavis2/smoke.html). Second data set
consists of 153 observations, of which 85 are classified as failed windshields, and
the remaining 68 are service times of windshields that had not failed at the time of
observation is taken from Murthy et al. [18]. Third data set consists of 63 obser-
vations about strengths of 1.5 cm glass fibres are taken from Smith and Naylor
[20].

In data modelling applications, information about the shape of the hazard func-
tion can help us in deciding a particular model. To meet this objective, the
concept of total time on test (TTT) plot was proposed by Aarset [1]. The TTT

is drawn by plotting T(i/n) = {(Z;Zl y(,)> +(n— i)y(i)}/Zle Yoy where,
i =1,2,...,n and y,(r = 1,2,...,n) are the order statistics of the sample,
against i /n. The hazard of the given data set is constant, decreasing and increas-
ing depending on the shape of the TTT plot being a straight diagonal line, is
of convex shape and concave shape respectively. The TTT plots for the data sets
considered here are presented Fig. 7 indicate that the all the three data sets have
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() (b) ©

Fig. 7 TTT-plots for the a Data set I, b Data set II and ¢ Data set I1I

Table 2 Descriptive Statistics for the data set I, IT and III

Datasets Minimum Mean Median s.d. Skewness  Kurtosis  Istqu. 3rdqu. Maximum
I 0.100 0.853  0.900 0.334 0.171 0.296  0.600 1.100 2.000
I 0.040 2.563  2.385 1.113 0.085 —0.689  1.866 3.376 4.663
I 0.550 1.507  1.590 0324 —-0.879 0.800  1.375 1.685 2.240

increasing hazard rate. We have also presented the descriptive statistics of the data
sets in Table 2 and findings of the data fitting for set-I, II and III Tables 3, 4,
5, 6, 7 and 8 respectively.

For the data sets I, IT and III, the MLEs of the parameters with their standard
errors for all the competing models are respectively presented in the Tables 3, 5,
and 7 while corresponding AIC, BIC, CAIC, HQIC, A, W, KS and LR statistic with
p value are shown in Tables 4, 6 and 8. For the all data sets, it is evident that the
EGMO-E distribution is the best model with lowest AIC, BIC, CAIC, HQIC, A, W
and highest p value of K-S statistic. Moreover the LR tests reject the two sub mod-
els in favour of the EGMO-E distribution. Therefore we may conclude that it is a
better model than the sub models MO-E, EG-E, E and also useful lifetime models
like moment exponential (ME), exponentiated moment exponential (E-ME), expo-
nentiated exponential (E-E), beta exponential (B-E) distributions for all three data
sets.

Also plots of fitted densities with histogram of the observed data in Figs. 8a, 9a,
10a and cdf of the best fitted distribution with ogive of observed data in Figs. 8b,
9b, 10b for the data sets I, II and III respectively show the adequacy of the proposed
distributions for all the observed data sets.

6 Conclusions
In this paper, a new G family extension of the Marshall-Olkin is proposed with more

flexibility to analyze real life data. We study some of its statistical and mathemati-
cal properties including estimation of the model parameters by maximum likelihood
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Table 3 MLEs, standard error’s and confidence interval (in parentheses) values for the data set I

Models a b a B A
E(}) - - - - 1.173
(0.063)
(1.05, 1.29)
MO-E(«, 1) - - 75.241 - 4.701
(18.053) (0.254)
(39.86, 110.62) (4.20,5.19)
EG-E(a,b, 1)  0.828 5.527 - - 3.292
(0.089) (0.514) (1.067)
(0.65, 1.00) (4.52,6.53) (1.20, 5.38)
ME(B) - - - 0.406 -
(0.016)
(0.37,0.44)
E-ME(c, B) - - 2.574 0.284 -
(0.229) (0.012)
(2.13,3.02) (0.26, 0.31)
E-E(B8, 1) - - - 5.526 2.726
(0.414) (0.128)
(4.71, 6.34) (2.48,2.98)
B-E(a, 8, 1) - - 4.922 17.433 0.298
(0.364) (8.216) (0.128)
(4.21,5.64) (1.33,33.54) (0.05, 0.55)
EGMO- 6.124 2.159 22.869 - 1.999
E(a,b,a,A) (2.349) (0.202) (5.637) (0.076)
(1.52,10.72) (1.76, 2.55) (11.82, 33.92) (1.85,2.15)

Table 4 AIC, BIC, CAIC, HQIC, A, W, KS (p value) and L-R (p value) values for the data set I

Models AIC BIC CAIC HQIC A w KS (p value) LR (p value)
E() 583.66 587.51 583.67 58520 5838  11.79 0.4 368.84
(0.17) (0.004)
MO-E(a, x)  229.62 23732 229.65 232.68  9.84 1.87 028 12.80
(0.08) (0.002)
EG- 30444 31599 30451 309.06  9.41 160 022 85.62
E(a, b, )) (0.23) (0.0006)
ME(B) 388.70 39255 38871 39024  32.38 648 0.3 -
0.22)
E-ME(w, B)  290.62 29832 290.65 29370  8.48 146 024 -
(0.20)
E-E(8, 1) 30244  310.14 30247 30552  9.42 159 022 -
(0.23)
B-E(a, B, ) 27604 28759 276.11 280.66  6.48 1.09 024 -
(0.16)
EGMO- 220.82 23622 22094 22698  2.46 037 022 -
E(a, b, o, 1) (0.25)
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Table 5 MLEs, standard error’s and confidence interval (in parentheses) values for the data set IT

Models a b a B A
E(L) - - - - 0.390
(0.042)
(0.31,0.47)
MO-E(«, 1) - - 36.582 - 1.319
(15.776) (0.149)
(5.66, 67.50) (1.03, 1.61)
EG-E(a,b,2) 1473 3.594 - - 0.573
(0.163) (0.614) (0.094)
(1.15, 1.79) (2.39,4.79) (0.39,0.76)
ME(8) - - - 1.281 -
(0.098)
(1.09, 1.47)
E-ME(w, ) - - 1.723 1.001 -
(0.285) (0.093)
(1.16, 2.28) (0.82,1.18)
E-E(8, 1) - - - 3.596 0.759
(0.614) (0.076)
(2.39,4.79) (0.61,0.91)
B-E(w, B, 1) - - 3.521 18.649 0.069
(0.518) (3.131) (0.066)
(2.51,4.54) (12.51,24.78)  (0,0.19)
EGMO- 7.073 1.300 43.006 - 0.743
E(a,b,a,2) (23.194) (0.596) (74.833) (0.531)
(0, 52.53) (0.13, 2.47) (0, 189.68) (0, 1.78)

Table 6 AIC, BIC, CAIC, HQIC, A, W, KS (p value) and L-R (p value) values for the data set II

Models AIC  BIC CAIC HQIC A w KS (p value)  L-R (p value)
E() 33196 33440 332.00 33294 1179 236 031 75.78
(0.002) (0.003)
MO-E(a, 1) 266.12 27100 26627  268.08 191 037 0.3 7.94
(0.09) (0.02)
EG- 286.78 296.10 287.07  291.72 465 089 020 28.60
E(a, b, 2) (0.002) (0.003)
ME(B) 291.52 293.96 291.57 29250 467 082  0.19 -
(0.003)
E-ME(«, B) 283.58 288.46 28373  285.54 1.81 025 0.3 -
0.11)
E-E(8, 1) 286.78 291.66 28693  288.74 204 028  0.14 -
(0.09)
B-E(a, B,2) 28284 290.16 283.14  285.78 122 011  0.09 -
(0.38)
EGMO- 262.19 27194 262.69  266.10 0.59 008  0.07 -
E(a, b, o, 1) (0.75)
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Table 7 MLEs, standard error’s and confidence interval (in parentheses) values for the data set I1I

Models a b a B A
E(L) - - - - 0.663
(0.083)
(0.50, 0.83)
MO-E(«, 1) - - 168.723 - 3.531
(57.271) (0.235)
(56.47, 280.97) (3.07, 3.99)
EG-E(a,b,2)  0.175 31.347 - - 14.909
(0.817) (9.517) (69.554)
0, 1.78) (12.69, 50.00) (0, 151.23)
ME(8) - - - 0.753 -
(0.067)
(0.62, 0.88)
E-ME(w, ) - - 12.925 0.313 -
(3.641) (0.025)
(5.79, 20.06) (0.26, 0.36)
E-E(8, 1) - - - 31.351 2.661
(9.518) (0.237)
(12.69,50.01)  (2.19, 3.13)
B-E(, B, M) - - 30.764 17.750 0.306
(9.469) (3.136) (0.017)
(12.20,49.32)  (11.03,23.89) (0.27,0.34)
EGMO- 5.768 2.324 197.889 - 2.614
E(a,b,a,2) (3.920) (0.841) (160.139) (0.588)
(0, 13.45) (0.68, 3.97) (0, 511.76) (1.46, 3.78)

Table 8 AIC, BIC, CAIC, HQIC, A, W, KS (p value) and L-R (p value) values for the data set III

Models AIC  BIC CAIC HQIC A w KS (p value)  L-R (p value)
E() 179.66 181.80 179.73  180.50 1841 386  0.39 147.02
(0.008) (0.008)
MO-E(a, 1) 5536  59.65 5556  57.05 435 085 0.6 20.72
(0.17) (0.02)
EG- 68.76 7518  69.16  71.28 432 079 0.5 32.12
E(a, b, 2) (0.22) (0.0005)
ME(B) 13464 13678 13471 13548  13.17 263 031 -
(0.0001)
E-ME(«, B) 64.16 6844 6436  65.84 410 075 0.4 -
(0.24)
E-E(8, 1) 6676  71.04 6696  68.44 433 079 0.5 -
(0.22)
B-E(a, B, A) 5412 60.54  54.53 56.64 308 056 0.3 -
(0.32)
EGMO- 38.63 4721 3932 42.00 127 021 008 -
E(a, b, o, 1) (0.86)
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Fig. 8 a Observed histogram and fitted densities of the EGMO-E distribution and other competitive models.
b Estimated cdf of the EGMO-E model and the empirical cdf for the data set I
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Fig. 9 a Observed histogram and fitted densities of the EGMO-E distribution and other competitive models.
b Estimated cdf of the EGMO-E model and the empirical cdf for the data set II

method. New distribution applied to three real data sets provides better fit than its sub
model and some other recently introduced distributions. It is therefore a useful new
contribution to the pool of existing extensions of Marshall-Olkin models.
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10 a Observed histogram and fitted densities of the EGMO-E distribution and other competitive models.

b Estimated cdf of the EGMO-E model and the empirical cdf for the data set III
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