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Abstract

The Logistic-Modified Weibull distribution is introduced as a new
lifetime distribution based on the T-X family. Some properties of the
new distribution are studied. Also, the estimation of the parameters
is discussed using different methods such as maximum likelihood and
Bayesian. The asymptotic variance-covariance matrix is obtained. Fi-
nally, we provide an application to real data.
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1 Introduction

Familier distributions are modified and/or generalized using different di-
rections. These directions are interested in deriving new families of univariate
continuous distributions by introducing one or more additional shape parame-
ter(s)to the baseline distribution. Some of well-known families are: ”the beta-
G family (Eugene et al.,2002; Jones,2004); the gamma-G family(type 1)(Zo-
grafos and Balakrishanan, 2009); the Kumaraswamy-G (Kw-G)family(Cordeiro
and de Castro,2011); the gamma-G type 2 family (Risti¢ and Balakrishanan,
2012); the McDonald - G (Mc-G) family (Alexander et al., 2012); the gamma-G
family type 3(Torabi and Montazari, 2012); the log-gamma-G family (Amini
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et al., 2012);exponentiated generalized-G family (Cordeiro et al., 2013); the
transformed - transformer T-X family (Alzaatreh et al., 2013); the exponenti-
ated T-X family (Alzaghal et al., 2013); the Weibull-G family (Bourguignon et
al., 2014); the gamma-X family (Alzaatreh et al., 2014); the logistic-G (Torabi
and Montazari, 2014); the logistic-X family (Tahir et al., 2014); the T-normal
family (Alzaatreh et al., 2014); the T-X family using quantile functions (Al-
jarrah et al., 2014); the T-X family using the logit function (Al-Aqtash et al.,
2015) and more.

Suppose that we have a random variable (r.v.) 7 € [a,b] such that
—00 < a < b < oo with the probability distribution(pdf), say v(t). Also,
let Q[G(x)] be a function of the cumulative distribution function (cdf) of a
random variable X. Alzaatreh et al. (2013) introduced the T-X family of dis-
tributions with the following formula:

Q[G(=)]
F(z) = / o(t)dt (1)

where Q[G(x)] satisfies the following conditions:

Q[.]with support|[a, b],
Q[.] is differentiable and monotonically non-decreasing, and
Q[.] = a as x— —oo and Q[.] —b as x— o

The pdf corresponding to (1) is given by

f(x) = v(Q(G(2))) —Q(G(x)) (2)

Tahir et al. (2014) studied the case when T follows the logistic distribution
with shape parameter a > 0, its cdf is

(1+e )™ —0o <t < oo, (3)
The corresponding pdf take the form
v(t) = ae”"((14+e ™)™ —00o <t < c0. (4)

and they studied the case when Q[G(x)] = log{—[log[l — G(z)]}(Aljarrah et
al., 2014) expressed this function as a quantile function). So the new family
of continuous distributions generated from a logistic r.v. called the logistic-X
family takes the following cdf and pdf, respectively

F(z) = [1+{-log[l - G(=)]}™] ", (5)
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fle) = %{‘l% — G} DL+ {—log[L - G@]} ) (6)

where g(x) is the pdf of the baseline distribution. In this article we consider X
follows Modified Weibull (Sarhan and Zain-Din, 2009) r.v. and introduced the
logistic-Modified Weibull distribution as a new distribution in the following
section.

2 Logistic-Modified Weibull Distribution

The Modified Weibull distribution has pdf and cdf given by
g(r) = (a + cAze™ e (@A) " G(z) = 1 — e (@2+A) regpectively. Then from
(5) we can obtain the cdf of logistic-Modified Weibull distribution as follow

1

F ) = , a,c, N, >0,z >0, 7
2w (7) = [ (o + w0 ] @)
so, the survival function is
)\ c\—a
(az + Az°) ,a,c, N, a>0,x >0, (8)

Starw () = 14 (ax + Axc)~¢]

and the corresponding pdf takes the form

a(a + Aex®™V)(ax + Az¢)~@+)
fruw (x) 1 (o 1 o) 2 sa, e, N\, a>0,2>0 (9)

One can note the following special cases:

for A =10 or (o« =0,c=1), we have the Logistic-Exponential (LE).
for o = 0, we have Logistic-Weibull (LW).

for @« = 0, ¢ = 2, we have the Logistic-Rayleigh (LR).

for ¢ = 2, we have Logistic-Linear Failure Rate distribution(LLF R).

Plots of the pdf of the LMW for different parameter values are given in
figure (1). From (8) and (9) the hazard function of the LMW distribution is
given by

c—1
W) = ala+ Xext™h)
(ax + Axe)[1 + (ow + Az©) 9]

and figure (2) displays some shapes of the hazard function for selected param-
eter values.

The r** raw moments for the LMW distribution are obtained using the
following formula:

(10)

9) k c—1 c¢\—(a+1)
B(XH) :/ ax® (o + e 1) (ax + Ax°) s (11)
0 1+ (ax + Aze)=9]?
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Figure 1: Probability density function of LMW distribution for different values

of the parameters
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Figure 2: Hazard function of LMW distribution for different values of the

parameters

one can use numerical integration procedures to calculate (11).
The r*" raw moments are obtained for the LW distribution as follows

E(X")

ac [ :L.k—(ac—i-l)

v et
X Jo TF Oao) o2
kr, -k 7w(k)

—(A%)ae ese[——] (12)

where 0 < ﬁ < 2,( see formula 3.194-6 page 316 in Gradshteyn and Ryzhik
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(2007)).

3 Parameter Estimation

Here, two methods of estimation; maximum likelihood and Bayesian Estima-
tion are discussed.

3.1 Maximum Likelihood Estimation

Let

L a”H (o + Aexy™ 1 Hoz:tmt)\x ~(at1) Hl—l— (qx; + Ax§)~ ]_2 (13)
=1 =1 =1

The log-likelihood function is given by

InL = nlna—i—Z In(a+Mezs ) —(a+1) Z In(ox;+Azy)—2 Z In[14(ax;4+Az5) ™.
: — :

(14)
The first derivatives of the log-likelihood function are given as follows
" In(ax; + Axf)
Ik —— -3 ] Az$) + 2 -
50 Znaxz—i— zy) + Zl+axl+)\x)]
dlnL x§ az; + Ar§) ()
e = 1 —_— 15
oA Za—i—)\chl (a+ >Z[axz+)\x]+ Zl—i—(axz—i-)\x) a] (15)
AzEH (1 + clna;) r§ xs lnx (ax; + Ax§) (et
dlnL ? % 7 7
ere — — 1 + 2aA
de Z [ + Ae§™ ] (a+ )Z [omcZ + Ax¢] Z (a; + M)~
dinL u x;(ax; + M\t ) (a+1)
dlnL - - 1
da ;[a—l—/\cxf_l] (a+ )Z[aaf; + Az§] 2 Zl—i— (ax; + Axf)~9]
Equating equations in (15) to zero and solving them numerically, one can ob-
tain the estimates of the unknown parameters. Now, the second order deriva-
tive of log-likelihood function are obtained as follows
Pinp _M oy Zn: (ax; + Ax§)"2n(ax; + Ax§)? B Zn: (ax; + Ax§)~n(ax; + \xf)?
da a? — 1+ (ax; + Ax§)=2)? — 1+ (ax; + Ax§)—9]
L _ i x§ 49 i z¢(ax; + Axf) "1 — aln(az; + Mxf)
daA ax; + A 1+ (ax; + Ax§)~]

i=

“lax; + Axf) "2 n(ax; + Maf)
2 7
* Z 1+ (ax; + Ax§)—9)? ’
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PinL i Az§log[z] 49 i Azé(ax; + Az§) " Hoglz;] (1 — aln(ax; + Azt))

Odac oax; + )“Tzc — [1 + (Oél'i + )\xf)—a]

¢(ax; + Axf) 72 n[z;]in(ax; + Ax§)
—2a\ ‘
¢ Z 1+ (az; + Ax§)—a)? ’

=Y i e
19 Z (o + )\:Ua)xj‘:z;l;)ai?- )\:Bf)’

a‘;l)‘gL - Zz:: (a fg\:;—l)z + Zz;: [((iij—l—lixjfc) 2] +2a(= zZn; 121-06:2;—:——;\ 1):\32 )a_2]
+2azz": : +oz:;; + jiﬁ;;

8‘?’\? B 21_1; (cv —|——ci_/\in W A Zzn; 2;:1;:;6["1;;]) - zi: m[ixjff)lngl]
R o
2a QAZ i +QZZ;: ix)-;—]z

BEQXL T Z (o + c)\mc )2 il % +2a(=a—1)A g x[§+j_(?j;l++/\)\xi;)__2:]_22
+2a22 1 +a:[;; j\—x)\:)v )2 ]2 ’

52InL Z A5 n[z][2 + clnfz])] <= AxSTHL + clnlzy]] B i (a + 1) AxSln|x;]?

ger (a +chzs™) —~  (a+cAzy” )2 [ax; + A\xf]

(a + DA2xIn[z;]?
T ; loz; + Ax§)?
" n(w)?[(axs + Axd) [+ (—a — DAxs((aw; + Aaf) ™)
2 )\ ? ? ? ? 1
ea Z 1+ (ax; + Az§)~9]

=1

"L (o + Ar§) 2 2in )
2a°\ : d
2a Z 14 (az; + Ax§)=e]2
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DL _ _Z Az + clnlxy]]
Odca O{+C/\ZL’C 1)

DY
i=1

(a+ D[Az5tin[z;))?

(ax; + cAxf)?
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"L a5 n[x] e 4+ Arg) T2 "L oS n[x) [ax; + Awg) 202
2 o 1 )\ (2 1 2 (2 1
+2a(=a Z 1+ [az; + \xf]~a Z (1 + [az; + Ax§]—2)?
n 1 " (a+1)a?
Pl _ N~ & S S ded S
2 ; (o + eAxs1)2 * ; (ax; + cAx§)?

" 2oz + Axg) T2
2a(—a —1 PO AT
+2a(=a );14—[@:@4-)\935]@

+2a® i (%2 o 4 Ar] .
i=1

1+ [ax; + Axg]=2)?

and the observed information matrix is given by
JO)=—-|,° ’ ’ ’ (16)

Inverting the information matrix and replacing the unknown parameters by
their mles to obtain the asymptotic variance-covariance matrix of (¢, a, 5\, Q)
100(1 — )% approximate confidence intervals for the parameters a, ¢ , A
anda are respectively, (a4 — zy\/var(a),a + 2y +/var(a)), (¢ — 2z var( ), ¢+

var(¢)), (A — 2 var(\)), A + 234/ va ar(\)),and (& — zzy/var(&)), & +

var(&))

z

R R

z

3.2 Bayesian Estimation

Here we assume that prior distribution is non-informative, i.e. m(a, A, ¢, a)
(M where a, A\, c and o > 0.To compute approximate Bayes estimates, one
can use the Gibbs sampling procedure which used to generate samples from
posterior distributions. The joint posterior distribution is

m(a, \, ¢, alx) < mo(a, A\, ¢, a) expl(x, a, A, ¢, @),

where [(z,a, )\, c,a) is the logarithm of the likelihood function is given in
(14).When we set p; = log(a), p» = log(\), p3 = log(c) and py = log(a), the
joint prior distribution will be 7(p1, p2, ps3, pa) o constant,—oo < p1, p2, p3,and

Y
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ps < oo and the joint posterior distribution take the form

7(p1, p2, P3, palx) o

i=1

R. M. Mandouh

7(p1, p2: ps, pa) nexp(pr) + Y loglexp(ps) + exp(ps + ps)(z

—(exp(p1) +1) Y loglexp(ps)z; + eap(ps)a ™)

i=1

~2 " log[1 + (exp(pa)w; + exp(pz) s ™)) ~erlo)]
i=1

Using the WinBUGS software, posterior summaries of interest can be obtained
such as: the mean; the standard deviation; credible interval and others.

3.3 A Numerical Example

Now, we generate a sample of size n = 100 from LMW distribution to estimate
the four unknown parameters a, \, c,and a. For our sample, let ag = 1.5, \g =
1.5,¢o = 0.5,and ag = 0.5. The MLEs and 95 % confidence intervals for the
four parameters a,\, ¢ and « are listed in The following table:

Table 1: the MLEs and confidence intervals for the four parameters a,\, ¢
and o of the LMW model

Parameter | Estimate | Standard Deviation | 95% Confidence Interval
a 1.59339 2.14579 (0.00000, 4.46450)
A 1.56919 0.15846 (0.78898, 2.34940)
c 0.465364 0.138631 (0.0000, 1.195134)
o 0.227414 0.696207 (0.0000, 1.862819)

Consider the sample mentioned above and consider the reparameterization
p1 = log(a), po = log(N), ps = log(c)andps = log(a) for the LMW distribution
with non-informative uniform priors U(-0.001, 0.001), U(-8.0, 6.5), U(-0.001,
-0.001)and U(-0.001, -0.001) respectively. Using WinBUGS software, a set of
70000 Gibbs samples was generated after a ”burn-in-sample” of size 1000 to
eliminate the initial values considered for the Gibbs sampling algorithm. To
asses the accuracy of the posterior estimates, the Monte Carlo error (MC error)
for each parameter is calculated. As table (2) shows the MC error is less than
5 % of the sample standard deviation, indicating convergence of the algorithm.

Table 2: Summary results for the posterior parameters in the case of the

:xp(ps)*l)]

(17)

LMW model
Parameter | Estimate | Standard Deviation | MC error | 95 % Credible Interval
a 1.000 5.775E-4 2.371E-6 (0.991, 1.001)
A 658.6 6.49300 0.04353 (641.2, 665.0)
« 1.000 5.777E-4 2.226E-6 (0.991, 1.0()1)
c 1.000 5.781E-4 1.275E-6 (0.999, 1.001)
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3.4 Application of real data

Data Set:”This data set is generated data to simulate the strengths of glass
fibers which reported in Smith and Naylor (1987). The data set is: 1.014-
1.082- 1.081- 1.185- 1.223- 1.248- 1.267- 1.272- 1.271- 1.276- 1.275- 1.278- 1.288-
1.286- 1.292- 1.306- 1.304- 1.355- 1.364- 1.361- 1.379- 1.409- 1.426- 1.46- 1.459-
1.476- 1.481- 1.484- 1.501- 1.506- 1.524- 1.526- 1.535- 1.541- 1.568- 1.579- 1.581-
1.591- 1.593- 1.602- 1.67- 1.666- 1.684- 1.691- 1.704- 1.735- 1.731- 1.747- 1.748-
1.757- 1.806- 1.800- 1.867- 1.878- 1.876- 1.91- 1.916- 1.972- 2.012- 2.456- 2.592-
3.197- 4.121”.

Here, we put a = 0. The mles for the LW distribution are

a =355 \=05,and ¢ =1.55

Using Kolmogorov-Smirnov goodness of fit test, one can note that the LW
distribution fit to this data with Kolmogorov-Smirnov goodness test statistic
D=0.1513 and p-value=0.112. For our data set, the MLEs and 95 % confidence
intervals for the three parameters a,A and c are listed in The following table:

Table 1: the MLEs and confidence intervals for the three parameters a,\ and
¢ of the LW model

Parameter | Estimate | Standard Deviation | 95% Confidence Interval
a 3.55 0.348 (2.855, 4.245)
A 0.50 0.129 (0.243, 0.758)
c 1.55 0.0633 (1.424, 1.677)

To obtain the MLE of the survival function of LW distribution, replace the
parameters a, A and ¢ by their MLEs a, A and ¢ in (8). Also, one can obtain
Kaplan - Meier estimator of survival function for the data set. The estimates
are displayed graphically in figure (3).

Figure (4) displays TTT plot which has concave shape and so it has in-
creasing shaped failure rate which agrees with the plot of the MLE of failure
rate.

To compute approximate Bayes estimates in the case of the LW distribu-
tion, one can use the Gibbs sampling procedure which used to generate samples
from posterior distributions. Here, we assume that prior distribution is non-
informative, i.e. m(a, A, ¢) ﬁ where a, A\,¢ > 0.Then the joint posterior
distribution is
m(a, A, c|z) o< mo(a, A, ¢) expl(z, a, A, c)
where [(z, a, A, ¢) is the logarithm of the likelihood function is given in (14).When
we set p; = log(a), p2 = log(\) and p3 = log(c), the joint prior distribution will
be w(p1, p2, p3) x constant, —oo < pi, pz,and ps < oo and the joint posterior
distribution take the form
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Figure 3: The MLE (R) and Kaplan - Meier (S) estimates of survival function
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Figure 4: TTT plot for the data set

T(p1, p2, p3lz) o w(p1, p2, p3) exp(pr + ps — exp(p1)p2 — (exp(p1) exp(pz) + 1) *

S logas — 23 log[l + (exp(ps) () o))~y (18)
=1 =1

Posterior summaries such as: the mean; the standard deviation; credible in-
terval and others can be obtained using the WinBUGS software.
Approximate Bayes estimates

Here, we assume that prior distribution is non-informative, i.e. mo(a, A, ¢) oc ==
where a, A\, ¢ > 0. Consider the sample data mentioned above and consider the
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reparameterization p; = log(a), p» = log(\) andps = log(c) for the LW dis-
tribution with non-informative uniform priors U(0,1), U(0,0.01) and U(-4,-3)
respectively. Using WinBUGS software, a set of 10000 Gibbs samples was
generated after a ”burn-in-sample” of size 1000 to eliminate the initial values
considered for the Gibbs sampling algorithm. Table (2) shows that the MC
error is less than 5 % of the sample standard deviation.

Table 2: Summary results for the posterior parameters in the case of the LW

model
Parameter | Estimate | Standard Deviation | MC error | 95 % Credible Interval
a 1.9070 0.23630 0.002813 (1.4690, 2.3900)
A 1.0040 0.002873 3.243E-5 (1.0000, 1.0100)
c 0.03654 0.009015 1.246E-4 (0.0195, 0.0493)

From Tables 1-2, one can note that the confidence intervals based on maximum
likelihood inference is larger than the credible intervals based on the posterior
summaries.
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