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Abstract: This paper introduces studies on mixture of two exponesdigeneralized Weibull-Gompertz distribution (MEGWGD) by
using mixing parametep where 0< p < 1, which generalizes a lot of distributions. Several prapsrof the MEGWGD such as
reversed (hazard) function, moments, maximum likelihostingation, mean residual (past) lifetime, MTTF, MTTR, MTBF
maintainability, availability and order statistics aradied in this paper. It is observed that the present dididghwcan provide a better
fit than some other very well-known distributions.
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1 Introduction

Mixture distributions are one of the mostimportant disitibns which play an important role in many fields. For exaampl
life testing and reliability, engineering, zoology, medi, botany, economics, agriculture, among others. Aldgture
distribution is even more useful because multiple causdailoffe can be simultaneously modeled. In the literatuee th
mixture model has been discussed by many authors suchit@#,b,7,8,11]. The mixture distribution produced from
the combination of two or more distributions has a numbeeodmeters. These parameters include; the shape parameters
scale parameters in addition to the mixing paramptghere O< p < 1. On the other hand, by using mixing parameger
we get new properties of the new distribution.

EL-Damcese et alZ] introduced exponentiated generalized Weibull-Gompeigzibution which generalizes a lot of
distributions such that generalized Gompertz distribytgeneralized Weibull-Gompertz distribution, exponaipiower
distribution, generalized exponential distribution, Y@l extension modell2], among others.

2 Exponentiated Generalized Weibull-Gompertz Distribution

The random variabl¥X is said to be has EGWGD if it has the following CDF fab,c,d, 8 > 0 as follows.
)p oxd 0
Fuxabed. )= [1-e =] o W

whereb, 6 andd are shape parameteesis scale parameter amds an acceleration parameter.
Exponentiated generalized Weibull-Gompertz distributioth five parameters will denoted by EGWGDb, c,d, 6).
The probability density functioffix (x;a, b, c,d, 8) of EGWGD@,b,c,d, 6) is

¥ cd d 18t
fx (x;a,b,c,d, §) = abgxP~le~ @ (" ~D+of (1+ de — e”") {1 G

(2)
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The survival function can be obtained as follows
o 1)]°
R(x;a,b,c,d,08) =1— [1— g (e —”} . x>0 (3)
The hazard functioh(x) is

0-1
abexb—le—a%’(ecxd —1)tod (1+ %Xd _ e—cxd) [1 _ e—a)é)(ecxd _1)}
h(xa,b,c,d,8) =

1— {1 P —n} o @

Recently, it is observed that the reversed hazard funclimysan important role in the reliability analysis; s& [The
reversed hazard functiaiix) of the EGWGDA&, b, c,d, 0) is

abgxb-Le- 2l ~1)+od (1+ edyd efcxd)

{1 _ e-at(e® —1)} o

r(x;a,b,c,d,6) = (5)

3 Mixture of Exponentiated Generalized Weibull-Gompertz Distribution

The random variablX is said to be has mixture of exponentiated generalized Wemmpertz distribution (MEGWGD)
if it has the following CDF for each element in the vec®e= O(a,b,c,d, 0,a,8,A, p, w) greater than zero and> 0 as
follows.

Fx(x,©) = pFi(x;a,b,c,d,0) + (1 - p)FA(x a0, B,A,p,w)

2]
_ p |:1 o eaXb(eCXdl>:| + (1 o p) |:1 o efaXB(eAprl>:| . (6)

The probability density functioffix (x; @) of MEGWGD is

fx (x;0) = abE)|O>3"‘1e""‘*"(e‘:xd‘1)+C"d <1+ %xd — e‘CXd) [1— e‘ai)(ecxd‘”]

FaBo(l— pxf-le @ -1ae (1+ )\prp — e"‘xp) {1 — e‘“xﬁ(dxp‘”} e 7)
Also; the survival function can be obtained as follows.
b 1)]° B _1)]%
Rx(x0)=1-p [l—ea =D _(1-p) [1—e’°’x ( 4)} . (8)

On the other hand, the hazard rate function is

o 425
i 1-p [1— e*axb@“d*l)] " _(1-p) [1_ efcrxwx"—n} ¢
aBo(1— ppfle @1 (14 2030 e M) [1- gl )] ot .
" 1- p[l—e—aﬁ(ecxd—l)r_(l_ p) [1_e—axﬁ(ef\xp—l)}w ®)
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and the reversed hazard rate function is

6-1
abgp-lg- (& -1od (1458 - o) {1_ ea%’(ecxdl)]

p [l— e*”*’(e“d*lﬂ " (1-p) {1— efaxﬂ(e“"—b} ¢

aBw(1—ppfte PN (140040 e ) [1_e (e ] @t

W

N (10)

p[1-eae-] r1-p) [1-e-aPe-1)]

Figures 1 and 3 provide the PDFs and hazard rates functiamodEGWGD for different parameter values, also Figures
2 and 4 provide the PDFs and hazard rates functions of MEGWiBDifferent mixing parameter values.
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Fig. 1: Probability density function of two EGWGD with parametess: 0.4,b=0.5,¢c=0.6,d=0.7,6 =0.8;a =0.2,8=0.3,p =
0.4,A =05,0=0.6

0.4+

0.3

5 5]

0.1

[= = p=04 = = p=0.7 = p=09|

Fig. 2: Probability density function of two MEGWGD with parametees= 0.4,b = 0.5,c = 0.6,d = 0.7,6 = 0.8; a = 0.2, =
0.3,0=0.4,A = 0.5, w= 0.6 and different parameter p.
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Fig. 3: Hazard rate function of two EGWGD with parametears:0.4,b=0.5,c=0.6,d=0.7,0 =0.8;a0 =02, =0.3,p =041 =
0.5, =0.6.

Fig. 4: Hazard rate function of twvo MEGWGD with parameters: 0.4.b=0.5,c=0.6,d =0.7,06 =0.8; a =02, =0.3,p =
0.4,A = 0.5, w = 0.6 and different parameter p.

Remark 1. From MEGWGD the following special cases can be derived:

1.Generalized Weibull - Gompertz distribution GWGIXY, ¢,d), whenf = 1 andp = 1.
2.Exponentiated generalized Weibull - Gompertz distibbuEGWGD@, b, c,d, 8), whenp = 1.
3.Gompertz distribution GDa(c), when6 =1, b=0,p=1 andd = 1.

4.Generalized Gompertz distribution GG& ¢, 8), whenb=0,p=1 andd = 1.

5.Exponentiated modified Weibull extension, whes 0, p= 1 andc = (%)d, a>0.
6.Exponential power distribution EP&(, c), when8 = 1, p=1 andb = 0.
7.Generalized exponential power distribution GERM(c, 8), whenb =0 andp = 1.
8.Weibull extension model oflP], whenb = 0 andp = 1.

9.Exponential distribution E§, when c tends to zero,=1,0 =1,p=1 andb = 0.

10.Generalized exponential distribution GEED), when c tends to zerd,= 1,p=1 andb = 0.
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4 Statistical Properties

4.1 The median and the mode

It is observed as expected that the mean of MEGWGD cannottiaineld in explicit forms. It can be obtained as infinite
series expansion so, in general different moments of MEGW@EDb, we cannot get the quartilg of MEGWGD in a
closed form by using the equatiéi (x; ©) — q = 0. Thus, by using Equatio), we get

1—eax3(ecygl>] 9+ (%) [1-e”xg(e“§l>] T a (11)

The mediarm(X) of MEGWGD can be obtained from Equatiohlf, wheng = 0.5.
Moreover, the mode of MEGWGD can be obtained as a solutioheofdllowing nonlinear equation.

d

&fx (X @) 0
A A 6-1
d b 1e*axb(ec 7l)+CXd 1+ ijd . e_C)@ 1— efaxb(ec 71> +
dx b
o N w—-1
aBw(l— p)xﬁ_le—axﬂ (e" p—1>+)\xp 14 2P )\P _e M) (11— e—axﬁ (e" p—l) —0. (12)
ablp B

It has to be obtained numerically.

4.2 The moments

The following Lemma 4.1 gives the r-th moment of MEGWGD.

Lemmad4.l. If X has MEGWED(xQ), the r-th moment oX, sayur’, is given as follows foro, 8 > 1 and positive integer
and the other components@> 0,x >0

=555 5 St () (°) o (PR )

o i) - (r+b( i+1)+0d 1) anl D) iiii J'@:HKAMM (IJ() <wi—1) «

kb d

. y r+B(j+1)+pt—1 1+ r+ +1+£
Proof. Since ©
= / X fx (x; ©)dx (14)
0
substituting from 7) into (14), we have
= p/o X f1(x.a,b,c,d, 8)dx+ (1— p)/o X f2(x.0, B, A, p, @)dx= pla+ (1— p)lg (15)
where
A= abe/mxr+b—1e—a>&)(ecxd—1)+c>é’ (1+%jxd_e—cxd> |:1_e—axb(e°’<d—1):| dx
0
= abBla; — abBlao + acdblaz, (16)
Ig = an/mxf+B*1e*“XB<e"xpfl>+AX" (1+ /\prp —e“p> [1—e*"’xﬁ(e’\xp*l>rildx
0
= adfwlg1 — afwlgy+ awAplgs, a7)
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and
o v A 197t
|Al:/0 o +b-1g-al(e ~1)+od [1_e—axb(e° —1)} dx

6-1

np = /°° W HD-Lg-ab(e@d 1) [1_e—a>80<ecxd—1) dx
0

6-1

Ins = /°° -1 1) of [1 et n] gy
0

w—1

g1 = /'Do Xr+B—1e—axﬁ(e"Xp—1)+)\xp [1_ e—axﬁ(ef‘xp—l)} dx,
0

Y w—1
Ig2 = /0 xr+5—1e‘axﬁ(e'\xp—1) [1_e_axﬁ(e/\xp_1)} dx

w—1

lgs = /mXr+5+p‘1e‘axﬁ(el\xp_l)+'\xp {1—e—axﬁ(e"xp—1)} dx
0
Now, we getiaz, since 0< [1— e*""xb“"“d*l)]e*1 < 1, forx > 0, then by using the binomial series expansion we have
[1_ efaﬂo(ecxdfl)]efl _ i(_1)| (6 I— 1) e,iaxb<ec>@71>’
i=

then

® _ < i(0—1\ i W
Ia1 :/0 Xr+b leCXd i;(_l)l( | )e (|+l)axb(ec l)dX1

ijo ) ; —1)"*itk(c (].j;;'j))e(a(l—f—i))j <|J(> (ei—l) /mxr+b+bj+£d—1e—ck>€’dx
& i 0

j 1)@+ ) @a+i) [\ [o—1 r+b(j+1)+d¢-1)
LA I () (T ()

Similarly, we find that

SR )0 (s
jlod(ck) " E i

355 <><><—>
Lo k*”ldé;1d

. Z}Z}%% I+J+kC 1+JB)<) () a(l+i)) (|J<> (wi—1>l_ <r+B(J+1)+P(€—1)+1>'

jlop PR P

B4 (M)
i1p M P

. ij%% J:;k Aklw’+i))j (lj() (wi—l) r (W*Q'

Substituting froml aj andlg;, i = 1,2,3 into Equations16) and (L7) then into Equation5), we get Equationi(3). This
completes the proof.

5 Order Statistics

Let X(1n) < Xam) < -+ < X(nn) denote the order statistics from this sample whigh,, denote the lifetime of ain —
i +1)-out of-n system which consists of independent and identically components (iid). Then the gfdK ., | =
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1,2,3,--- ,nis given by
n!

(—1)!(n—i)

We defined the first order statisti®$,) = min(Xy, Xz, -+, Xn), the last order statistics a§,) = max(Xy, Xz, -, X%n). Let
X1,X2,- -+, Xy be a random sample from MEGWGD with CDF and PDF in Equatiéhsaiid (7) respectively. Then the
PDF of the first order statisticg 1) = X1 is given from equation(®) as follows.

fin(x) = FOOIF ()] L= F o)™ (18)

0 n—1
f1n(x,0) =n [1— p [1— e‘axb(ecxd‘D] —(1-p) {1—e‘“xﬁ(dxp‘1)} w} {abepﬁ‘le‘ax%cxd‘l)*“d X

6-1
(1+ %jxd - e‘c’@) {1— e—axb(e“d—l)] +aBw(l- p)xﬁ—le—"x”@“p—l)HX" (1+ )\Bp - e"‘xp) X

[1_ e_axﬁ(ef‘xp—l)}wl}. (19)

Also, the PDF of the last order statistisg, = Xn:n is given from Equation8) as follows.

n-1

0
fun(X,©) = n [p [1—eaxb<ecxdl>} +(1—-p) [1— e“ﬁ(e'\xpl)}w] {abepxb1ea‘>go(ecxd1)“”<d X

91
(1+ %jxd - e‘c"d) {1— e‘aﬁ(ecxd‘l)] +apw(l— p)xﬁ—le—axﬁ@xp—l)HXp (1+ )\Bp - e"‘xp) x

[1_ efaxﬂ(ef‘xp—l)} w—l} . (20)

6 Reliability Analysis
6.1 Mean time to failure (repair)

In order to design and manufacture a maintainable systésnécessary to predict the mean time to failure (repaiy), sa
MTTF(MTTR), for various fault conditions that could occurthe system.

Lemma 6.1. If T is a random variable has MEGWGD, then the mean time to failtepair) is given as follows for
w, 8 > 1 and positive integer, the other component®ip- 0, x > 0

MTTEMTTR = 22P iii/; w:;twy (Ii) <6i_1> :

Lb(j+1)+d(ie-1) ) did 1+b(j+1)+d
+(J+)+ >+ +J,-<+(J;r)+ +1>]+

(A+§) =i

aﬁw 0 j oo |+J+k)\£( ( )J w—1
202 1+B<J+1)+mp k i %
SO0 j1a1p(AK)

hr (LA +1 )+p(L—1) 1)+p(1kgj)‘r(1+B(J;1)+£p+1>].

(e
e

(21)

Proof. We have
MTTF(MTTR):/ R(t;@)dt:/ tf (t; ©)dt = .
0 0

then from EquationX3), whenr = 1, it is easy to prove the lemma.
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6.2 Availability At)

Itis defined by the probability that the system (componens)iccessful at time

Lemma 6.2. If the reliability function for a component is given R (t; ©), whereT has MEGWGD and the distribution
of a repair time density is the PDRt; ©) of MEGWGD then the availabilityA(t) is given agt) = 0.5.

Proof. The proof is simple by using Lemma (6.1) and

MTTF
At) =
O = MFTEr VTR

Moreover, the mean time between failures (MTBF) is an imgrarimeasure in repairable system (component). This
implies that the system (component) has failed and has legired. Like MTTF and MTTR, MTBF is the expected
value of the random variable time between failures. Matttealdy,

MTBF=MTTF+MTTR

6.3 Maintainability \(t)

Let T denote the random variable of the time to repair or the tatelrdime. If the repair tim@ has a repair time density
function f (t; ©), then the maintainability (t) is defined as the probability of isolating and repairing dtfaua system
within a given time. If the repair tim& is a random variable has a repair time density funcfitn®) of MEGWGD,
then the maintainability (t) is defined as

V(t)=P(T gt):p{l—eaxb(ecxdl)]g . p)[ e a1 >r’. (22)

6.4 The mean residual (past) lifetime MRL(MPL) for MEGWGD

In reliability theory and survival analysis, to study thietime characteristics of a live organism there have beénetin
a several measures such as the mean residual lifet{iteand the mean past lifetimgt), assuming that each component
of the system has survived up to tirhe

Lemma 6.3. If T is a random variable has MEGWGD, then the mean residuaini,efMRL), is given as follows for
w, 0 > 1 and the other components@> 0, x > 0

™0 = gy [ 10)] 23)

whereRy (t; ©) be the reliability (survival) function, EcB andu/1 the mean (MTTF), Eq.13) (whenr = 1), and
bj+¢d—d+1

i 1)i+itkel (K i\ 7O\ a4 bjrrddin & bj+fd—d+1
—t—p}ozo ; W)dfl ) (IJ(> (i>e01‘ [(CJtd)—ri_+ > (1™ <7ﬁ1 >><
K=0 jteld(c m=1
bJ+1d d+1 j '+J+k+/ Ak i /i ) . Bi+lp—p+1
"] %zo%% ey PR () ()2 e
Bit+tp—p+1

p Bi+lp—p+1 itlp—
5, (R0 Jtp>*"“‘% el

m=1 m
Proof. Since 1 e 1
= R ROO)= gras (1),
where
u’lz/ xf(x;©)dx, /Rx@
0

R)((X; e) —1— p |:1_ eaxb(eCXdl):| (1 p) [ axB(e)\xP ):| w’
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by using Lemma (6.1) when= 1, we gety;.
Now, we want to get(t) as follows.

t t 6 t
t) = / R(x)dx=t — p/ [1—ea’p(ecxd1)] dx—(1— p)/ {1—e*"xﬁ(e’\xpfl)}wdx
0 0 0

=t—pli—(1-p)la, (24)
where

t ] t y )
0 0

since
Y A B R e e (- S CU L AN A WS
et s s e () () e
Lo foi o L i
then
_ Z o |+J+k+[ Ck )( ) bj+édecjxddx
o ~o J'I'

M s ;Ms
oM8 oM8

.
e Ry

i=0j=ok=0/=0  jlld(c
bj+fd—d+1
i od— d bj+¢d—d+1 L d
(Cjtd)bHéd d+1+ (—1)mm! % (Cjtd)bjwd a1 ' (25)
m=1 m
Similarly;
i )|+J+k+/()\k) ( )] (J) (w) "
|2 = . ef\J X
%Z)%/% "o )\J)Ej+f’p+l K :
Bj+lp—p+1
BJ+(p p+1 % Bi+tp—p+1 ] Bittp—p+1
(AjtP) + (—=1)™m! 3 (AjtP)y p . (26)
m=1 m

Substituting from Equation2p) and @6) into Equation 24), we get Equation43). This completes the proof.

The mean past lifetime (MPL) corresponds to the mean timqesetdsince the failure & given thatT; <t. In this case,
the random variable of interestfis— T;|T; <t], i = 1,2,---,n. This conditional random variable shows the time elapsed
since the failure of; given that it failed at or before The expectation of this random variable gives the meanlifetine
(MPL) P(t).

Lemma 6.4. If T is a random variable has MEGWGD, then the mean past lifetiieL(, is given as follows for all
componentof® > 0, x > 0.

P(t) = =[Pl + (1 D)tz @7)

M
—~
—
~—

where
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jooo 1)|+J+k+£(ck)( ) ; 0 citd
=333 5 e () (1)

bj+/d—d+1
j+d— - a bj+d—d+1 o
{(cjt“)bﬂdﬂJr S (-)™m (7% )(cjtd)%’”“’ "“m],
m=1
o w0 qyitjtktl ClaiNi /s _
53 (1) (7))
I=0)=RkEUE= epA)) P
EJ+€p p+1 W Bit+tp—p+1 Bi+lp—p+1
(AjtP) + Z (—1)"m! r% (AjtPy oM.
m=1
Pr oof
Pty = - [Fxo)d
0= gay ), FOeOx
_ 1 ! —axb(ecxd—l) o t —C{XB(eAXp—l) w
= Fro) p/o [1—e dx+(1—p)/o {1—e } dx
1

Substituting from Equation26) and @6) into Equation 28), we get Equationd7). This completes the proof.

7 Parameters Estimation

7.1 Maximum likelihood estimates

In this section, we derive the maximum likelihood estimaiéthe unknown parametecsf, A, w and p of MEGWGD
based on a complete sample when the parameters a,b are andglatto 0.6. and, 3 andp are equal to 0.5. Consider
a random sampl¥;, X, - - - , X, from MEGWGD. The likelihood function of this sample is

n
é_iElf(x.,c,e,)\,w,p). (29)
The log likelihood function becomes
L= _iln f(x;c,0,A,0,p) = _iln[pfl(xi;c,6)+ (1—p)fa(xi; A, )] . (30)
1= 1=
The derivative of the log likelihood function with respeatdach of the five parameters was as follows.
oo 2 p df1(%)
%:i;Df1(><i;c,6)+(1—p)fz(x.-;/\,w) dc ’
oL ¢ p df1(%)
%_-zipfl (xi;C,0)+ (1—p) ;A , ) 36
1-p 9 fa(x)
leflx. C,0)+(1—p)faxi;A,w) A
1-p 9 fa(x)
Zipflx. C,0)+(1—p)fax;A,w) dw ’

f1(x;c,0) — fa(Xi; A, w)
(7p 4 pfi(%;:c,0) + (1—p)f2(x;A, @)

MLEs can be obtained by equating the above equations to nelreaving for all the parameters. Numerical methods and
computer facilities are required to solve these equatiodg@t the required results.
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7.2 Asymptotic confidence bounds

In this section, we derive the asymptotic confidence intereathese parameters wherg, A, w andp as the MLEs of
the unknown parametecsd, A, w andp can not be obtained in closed forms, by using variance canee matri>do‘1 see

[el, Wherelg1 is the inverse of the observed information matrix

N N N L %L 7
92 T 9cdf ~ dcdX ~ dcdw ~ dcdp
AL AL AL QA %L
960c ~ 962 900X 309w  08dp
-1 | _ %L 9L 9L QA 9°L (31)
0 — | “9Adc T 9Ad8 " 9A2  9Adw  dAdp |
I Y N L N 9L
dwdc ~ dwdl ~ dwdX  dwZ ~ dwdp
0L AL A QA %L
dpoc  dpdB  dpdA opdw  ap?
thus
[ var(€) coué B) covEA) cowE @) covE,p) |
cov6,€) var(6) cov6,A) cov6,®) covb,p)
lot= | covA,&) covA,B) var(A) couA,d) couA,p) |, (32)
cov(@, €) cordv, B) coMw,A) var(@w) covw,p)
cov(p,€) coup,B) corp,A) covp,w) var(p)

The derivatives irp are given as follows:

L p? of1(x p 92f1(%)
W__iZ[Dfl(m;C,9)+(1—p)fz(Xa;)\,w)]Z( ) Z\pflx. CO)+(1-phiiw o2
Lo p? 9 fa(x dfl x, n o 22,(%)
0cdo _i;[pfl(xi;C,e )+ (1— p) fa(xi; )\,a))]z dc Z1p1‘1 (xi;c,0)+ (1—p)fa(xi;A, ) 0cdB
. p(1—p) 0 fa(x )dfl(x,)
dcoA i;[pfl(xi;c,e )+ (21— p) fa(xi; )\,w)]z oA dc ’
%L _ pP(1-p) d1a(x) A 1(%)
9cow _Z [pfi(x;c,0)+ (1—p)fa(xi; A, w)? dw  dc '’
o’ _ fa(xi,A, w) df1(x)
dcdp & [pfi(xi;c,08)+ (1— p)falxi;A,w)]? dc
2L n P dt1(% p 526,(x)
962 Zl [pfi(x;c,6) (1—D)f2(><a;)\,w)]2( ) Z\pflm C,0)+(1—p)fa(x;A, ) 962
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L p(L—p) 9fa(x) Of(%)

9607~ A iph(xic0)+ (1_phA@] A 08

oL L p(1—p) dfa(x) 9f1(x)

060w i;[pflm:c,e) +(1-p A, w)? dw 96

2L 2 fo(Xi, A, w) df1(x)

9600~ A phixic.0) + (1 p) s A @ 29

92L n p)2 afa(x)\? » 1-p 02f5(x)
a/\z__zl [pfi(x;c,6)+ (1—p)f2(>q;)\,w)]2( oA ) 'lefl(Xi;C,e)"‘(l_p)fZ(Xi;)‘aw) 7
oL -p)? dfa(x) 9f1(x) 1-p afa(x)
0A0w & [phi(x;c,6)+ (1—p>fz<m,w>] dw A i;[pfl(xi:c,eml—p)fzm;A,w)]ZdzwdA’
0_2L B f1 (%, A, w) dfa(x)

dAdp i;[pfm;c,e) (1-p)fax;A,@)]* 04

9°L n (1-p)? 9 fa(x; —p 9%2(x)
W:_i;[pfl(x;;c,e)+(1—p)fz(x.-;)\,w)]z( ) Z1|0f1>qce+ —p XA w) Jdw? ’
oL 0 f1 (%, A, ) 0 12(x)

0wap__i;[pfl(m:079)+(1—p)fz(m:/\,w)]z Jw

9°L n f1(x, A, w) — f2(Xi, A, W)

op? _i;[pfloq;c,e)ﬂl— p) f204; A, w))*

We can derive thél — 6)100% confidence intervals of the parametgi A, w andp by using variance covariance matrix
as in the following forms

éiZg\/var(é), éiZg\/var(é), ;\izg\/var(;\), @izg\/var(&)), and p‘izg var(p).

whereZ; is the uppe(g)th percentile of the standard normal distribution.
2

8 Data Analysisand Discussion

In this section, we present the analysis of a real data seguke MEGWG model. Therefore, provide a comparison
between the proposed model and the other fitted models likeurei of generalized exponential distribution (MGED),
mixture of exponential distribution (MED) and mixture ofrggralized Weibull-Gompertz distribution (MGWGD). The
data have been obtained frorh(. It represents the strength of 1.5 cm glass fibres, measatréthtional physical
laboratory, England.

The MEGWG model is used to fit this data set. The MLE(s) of thkenomvn parameter(s), the value of log likelihood
(L), the corresponding Kolmogorove Smirnove (K-S) ), Alaikformation criterion (AIC), correct Akaike information
criterion(CAIC) and Bayesian information criterion (BI@t statistic and its respective p-values for four différaodels
are given in Tables 1 and 2.

Table 1: The MLE(s) of the parameter(s), (K-S) values and P-values.

MLEs
The Model o} 6 @ ¢ A K-S p-Value
MED 0.258 - - 0.401 0.205 0.225 0.00276
MGED 0.364 0.035 0.326 0.236 2.981 0.201 0.01045
MGWGD 0.487 - - 0.941 1.269 0.194 0.01497

MEGWGD 0.746 0.015 0.701 0.814 1.258 0.113  0.38009

(@© 2016 NSP
Natural Sciences Publishing Cor.



J. Stat. Appl. Pro5, No. 3, 455-468 (2016)www.naturalspublishing.com/Journals.asp NS = 467

Table2: The log likelihood, AIC, CAIC and BIC.

The Model -L AIC CAIC BIC
MED 27.358 60.71 6112 67.14
MGED 22.107 54.21 55.26 64.92

MGWGD 14296 3459 3499 41.02
MEGWGD 11.012 32.04 33.07 40.37

Table 1 and 2 show that, MEGWG model is the best among thosédisons because it has the smallest value of (K-S),

AIC, CAIC and BIC test. Figure 5 obtains the empirical andneated reliability functions of the MEGWG model for
data.

0.8

0.6
R(x)
0.44

0 T T T T
0 05 1 1.5 2

[——MEGWeD Emprical |

Fig. 5: The Empirical and estimated reliability functions of the 8%/ G model for data.

By substituting the MLE of unknown parameters in Equati®i) (we get estimation of the variance covariance matrix as

18x108 95x10° 12x101282x105 26x1077
95x10°% 45x102-1.6x10°9.7x102%-9.9x 108
Iot=112x1012-16x10° 83x10513x103 53x10°°
82x105 97x103 13x10323x10%4 13x102
26x107 —99x108 53x10513x102 26x10°3

The approximate 90% two sided confidence interval of thematersc, 6,A, w andp are [0.671, 1.125],[0.0013, 0.023],
[0.913,1.514],[0.613,0.817] and [0.511, 0.817] respedtyi
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