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1. Introduction

Recently, there has been an increased interest among statisticians to develop new extended
distributions to be more capable for modeling data in different areas such as lifetime analysis,
engineering, economics, finance, demography, actuarial, biological, and medical sciences.

The Fréchet (Fr) distribution is an important distribution developed within the extreme
value theory. It has applications in life testing, floods, horse racing, rainfall, queues in
supermarkets, sea waves, and wind speeds. Further information about the Fr distribution and
its applications can be explored in Kotz and Nadarajah (2000).

Aiming a more flexible Fr distribution, for many years statisticians have been developing
various extensions and modified forms of the Fr distribution, with different number of
parameters. For example, the exponentiated Fr due to Nadarajah and Kotz (2003), the beta
Fr due to Nadarajah and Gupta (2004) and Barreto-Souza, Cordeiro, and Simas (2011), the
transmuted Fr due to Mahmoud and Mandouh (2013), the gamma extended Fr due to da
Silva et al. (2016), the Marshall-Olkin Fr due to Krishna et al. (2013), the Kumaraswamy Fr
due to Mead and Abd-Eltawab (2014), the transmuted Marshall-Olkin Fr due to Afify et al.
(2015), the Kumaraswamy Marshall-Olkin Fr due to Afify et al. (2016a), the Kumaraswamy
transmuted Marshall-Olkin Fr due to Yousof et al. (2016), the Weibull Fr due to Afify et al.
(2016b) and the beta exponential Fr due to Mead et al. (2017).

The probability density function (PDF) and cumulative distribution function (CDF) of the
Fr distribution are given by (for x > 0)
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Benha University, Banha, 13511, Egypt.
Color versions of one or more of the figures in the article can be found online at www.tandfonline.com/Ista.

© 2018 Taylor & Francis Group, LLC


https://doi.org/10.1080/03610926.2018.1465080
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/03610926.2018.1465080&domain=pdf&date_stamp=2018-10-25
mailto:dr.zohdynofal@fcom.bu.edu.eg
http://www.tandfonline.com/lsta

2 (&) Z.M.NOFAL AND M. AHSANULLAH

g, B) = ,Baﬁx_ﬁ_lexp |:— (%)ﬂ] and G(x; o, B) = exp |:— (%)ﬁ] (1)

respectively, where o > 0 is a scale parameter and 8 > 0 is a shape parameter.

In this paper, we define and study a new lifetime model called the generalized transmuted
Fréchet (GTFr) distribution. Its main feature is that three additional shape parameters are
inserted in Equation (1) to provide greater flexibility for the generated distribution. Based
on the generalized transmuted-G (GT-G) family of distributions, we construct the new five-
parameter GTFr model and give a comprehensive description of some of its mathematical
properties hoping that it will attract wider applications in engineering, survival and lifetime
data, reliability, and other areas of research.

Let g(x; &) and G(x; &) denote the density and cumulative functions of the baseline model
with parameter vector £. Nofal et al. (2017) defined the CDF of their GT-G family by

F(xha,bE) = G(x:6)* {1+A—AG(x;§)b} )
The PDF of the GT-G family is given by
fErabe) =gwHGwH T a0+ -2 @+DGwo] 3

where a > 0,b > 0 and |A| < 1 are shape parameters.

Henceforth, let G be a continuous baseline distribution. We define the GT-G distribution
with three extra parameters a, b and A by the PDF (Equation 3). A random variable X with
PDF (Equation 3) is denoted by X ~GT-G(},4,b,§).If a = b = 1, it corresponds to the
transmuted class (TC) studied by Shaw and Buckley (2007). For b = 0, the GT-G family
reduces to the exponentiated-G (E-G) family defined by Gupta et al. (1998) and finally the
GT-G family reduces to the baseline distribution whena = b = 1and A = 0.

The rest of the paper is outlined as follows. In Section 2, we define the GTFr distribution,
provide its sub-models and give some plots for its PDF and hazard rate function (HRF).
We derive useful mixture representations for its PDF in Section 3. We provide in Section 4
some mathematical properties of the GTFr distribution including ordinary and incomplete
moments, moments of the residual and reversed residual lifes, moment generating function
(mgf), order statistics and probability weighted moments (PWMs). In Section 5, we provide
some useful characterization results. The maximum likelihood estimates (MLEs) of the
unknown parameters are obtained in Section 6. In Section 7, the GTFr distribution is applied
to a real data set to illustrate its potentiality. Finally, in Section 8, we provide some concluding
remarks.

2. The GTFr distribution
By inserting the CDF in Equation (1) in Equation (2), we obtain the CDF of the GTFr model

(for x > 0)
F(x) = exp |:—a (%)5] {1 + A — Aexp [—b (%)ﬂ” (4)

The corresponding PDF of Equation (4) is given by
B B
flx) = ,Baﬁx_ﬁ_lexp |:—a <g> :| {a (1+4+A)—Ar(a+b)exp [—b <g> :|} (5)
X X
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where «, B,a, and b are positive parameters and |A| < 1. Here, « is a scale parameter
representing the characteristic life and 8, a, b, and A are shape parameters representing
the different patterns of the GTFr distribution. We denote a random variable X having
PDF (Equation 5) by X ~GTFr(«, 8, A,a,b). The HRE, reversed hazard rate function and
cumulative hazard rate function of X are given by

Balx~lexp [—a (%)ﬁ] {a (1+2X)—A(a+b)exp [—b (%)’3]}
1 —exp [—ﬂ (%)ﬁ] {1 + A — Lexp [—b (%)’3]}

BalxB-1 {a (14+21) —A(a+b)exp [_b (a)ﬁ]}

{1 + A — Aexp [—b(%)ﬁ]}

Hx) = —In (1 — exp |:—a (%)ﬁ] {1 4 — Aexp [—b (%)ﬁ] })

respectively.

The GTFr distribution is a very flexible model having several special cases. Its 11 sub-
models are listed in Table 1. The plots of the GTFr density for some parameter values «, 8, A,
a, and b are displayed in Figures 1 and 2. The plots in Figures 1 and 2 show that the pdf of the
GTFr distribution can be reversed J-shape, right-skewed, left-skewed or bimodal.

Figures 3 and 4 provides some plots of the hrf of the GTFr model for selected parameter
values. It can be seen that the hrfis very flexible so the proposed distribution should be useful
to model increasing, decreasing, unimodal, and bathtub failure rates behavior.

h(x) =

T(x) =

and

3. Linear representation
The GTFr density function Equation (5) can be expressed as
fE=a04+1)g® G —r@+b)gx) G ! (6)

By inserting Equation (1) in Equation (6), we obtain

fo) =a(l+ 1) BaPx P lexp [_a (E)ﬁ}

X

Table 1. Sub-models of the GTFr model.

Model a B A a b Author

GTIR a 2 A a b New

GTIEx o 1 A a b New

TFr o B A 1 1 Mahmoud and Mandouh (2013)
TIEx o 1 A 1 1 -

TIR o 2 A 1 1 -

EFr a B 0 a 0 Nadarajah and Kotz (2003)
EIR o 2 0 a 0 -

EIEx o 1 0 a 0 -

Fr o B 0 1 1 Fréchet (1924)

IR o 2 0 1 1 Keller and Kamath (1982)
1Ex o 1 0 1 1 Treyer (1964)

Abbreviations: IR, Inverse Rayleigh; IEx, Inverse Exponential; E, Exponentiated; T, Transmuted.
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Figure 2. The PDF plots of the GTFr distribution for some parameter values.

—A(a+b)BaPx P lexp |:— (a+b) (%)ﬁ} 7)
Then, the PDF in Equation (7) can be expressed as
fG) = A+ 1) ha (%) = A hayp () (8)

where hj (x),j = a,a+ b, is the Fr density with scale parameter « jl/ B and shape parameter 8.
Equation (8) is a mixture of two Fr densities. As a result some of the properties that we
have obtained can also be obtained considering this property.
Let Z be a random variable having the Fr distribution Equation (1) with parameters «
and B. For r < B, the rth ordinary and incomplete moments of Z are, respectively, given by
w,=a"T(1—r/B)and ¢,(t) ="y (1 —1/B, (oz/t)ﬁ) , where

oo z
I (m) =/ y" e Vdy and y(s,2) =/ y e Vdy
0 0

are the complete gamma function and lower incomplete gamma function, respectively.
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Figure 3. The hrf plots of the GTFr distribution for some parameter values.
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Figure 4. The hrf plots of the GTFr distribution for some parameter values.

4. Properties

Here, we investigate mathematical properties of the GTFr distribution including ordinary and
incomplete moments, moment of the residual and reversed residual lifes, mgf, order statistics,

and PWMs.

4.1. Ordinary and incomplete moments

The nth ordinary moment of X is given by

w, =EX") = 1+ E(Y]) - AE(Y],,)

where

E(Y”):fwx"h‘(x)dxj=aa+b
0 g ’ ,
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Therefore, for n < 8, we obtain

MZ=(1+k)a5a”F(1—%)—A(a+h)2a"r(1—%> )

Setting n = 1 in Equation (9), we have the mean of X.

Remark 1. Table 2 shows that different choices of a and b could yield positive and negative
skewness.

The nth central moment of X is given by
n
n
My =EX — )" =Y (-DF (k) (WD) g
k=0

The nth incomplete moment of the GTFr distribution is defined by ¢, (¢) = fot X" f(x)dx.
Using Equation (8), we can write

t t
ou®) = 1) [ o = [ oy 0 d
0 0

and then using the lower incomplete gamma function, we obtain (for n < j)

H=a+nabary(1-"a(%)
@n()—(-i-)aa)’(—Fﬂ(?))

_A(Hb)zany(l_g,<a+b)(§)ﬂ)

The important application of the first incomplete moment, which follows from the above
equation with n = 1, is related to the Lorenz and Bonferroni curves. These curves are very
useful in economics, reliability, demography, insurance and medicine.

Another application of the first incomplete moment is related to the mean residual life and
the mean waiting time given by m; (t) = [1 — ¢1(¢)] /R(t) — tand M, () =t — @1 () /F(t),
respectively.

Further, the amount of scatter in a population is evidently measured to some extent by the
totality of deviations from the mean and median. The mean deviations about the mean and
about the median of X can be expressed as

8 (X) = /0 |X — wi | f0)dx = 21 F(u)) — 21 (1))
and

S3(X) = /O IX — M f()dx = p; — 201 (M)

Table 2. Skewness of the GTFr model for various values of a and b.

a b Skewness a b Skewness a b Skewness
5 5 2.068135 2 2 —0.496087 4.00 5 1.202875
5 3 2.082621 2 1 —0.577528 3.00 5 0.302502
5 1 1.851670 2 0.9 —1.429561 2.00 5 —0.648299
4 4 1.242962 2 0.8 —1.428610 1.00 5 —1.783897
4 2 1.192853 2 0.7 —1.429425 2.90 5 0.209642
3 3 0.389904 2 0.6 —1.432128 2.69 5 0.012828
3 1 0.245648 2 0.5 —1.436843 2.68 5 0.003397
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respectively, where ) = E(X) comes from Equation (9), F(u}) is simply calculated from
Equation (4), 1 (u}) is the first incomplete moment and M is the median of X.

4.2. Residual and reversed residual life functions

The sth moment of the residual life, say ms(f) = E[((X —¢)° | X > t],t > 0, s = 1,2,...,
uniquely determine F(x). The sth moment of the residual life of X is given by

ms(f) = RO / (x — t)°dF(x)
Using the generalized binomial series and Equation (8), we can write (for r < )

B r o\B
R(t) Z( (){(1+A)aﬂa F(I—E,g(?))
el )

where I'(k,z) = [ ZOO y*~1e7dy is the the upper incomplete gamma function.

An interesting function called the mean residual life (MRL) function or the life expectation
at age t is defined by m; (f) = E[(X — t) | X > t], which represents the expected additional
life length for a unit which is alive at age t. Setting s = 1 in the last equation gives the MRL of
X.

The sth moment of the reversed residual life uniquely determines F(x) and it is defined by

M(t) = E[(t = X)* | X < {] / (t — x)°dF(x)

0
wheret > 0ands = 1,2,...
Therefore, the sth moment of the reversed residual life of X, given that r < 8, becomes

o r a\B
M,(t) = F(t) § :( 1)’ (){(HA)aﬁa y<1—E,a<?) )
. 8
_MH@MW(I_%,(HMG) )}

The mean reversed residual life, also called mean inactivity time (MIT) or mean waiting time
(MWT), represents the waiting time elapsed since the failure of an item on condition that this
failure had occurred in (0, t) and it is given by M;(¢¥) = E[(t — X) | X < t], and its simply
follows from the last equation with s = 1.

4.3. Generating function
Let M;(t) be the mgf of Y, j = a,a + b. Therefore, using Equation (8) the mgf of X, say
M(t) = E(e™), is given by

M(t) = (14 2) My (x) — AMaqp (x) (10)
First, we provide the mgf of the Fr distribution as provided by Afify et al. (2016b). We can
write the mgf of W = 1/X as

o
M(t;a, ) = ﬂotﬂ/ et/ (B=1 e—(aw)ﬂdw
0
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By expanding the first exponential and determining the integral, we obtain

(o.¢]

o= $ 2L

n=0

Consider the Wright generalized hypergeometric function defined by

p‘-IJ |: (yl,Al),...,(]/p,Ap) . ]_i }I;lr()/j‘FAjl’l) x"
q

(B B1)s- s (B Bg) * )~ & 4T (8+Bn) nl

Then, we can write M(t; o, ) as

M(ta, B) = 1W (1’_f_1) ;at] (11)

Combining the Equations (10) and (11), the mgf of X reduces to

r -1
M(t):{(l+k) W (L—p );aal/ﬂ tj|

-2 1Y |:(1, __'8_1) ;o (a+ b)l/ﬁ t]}

4.4. Order statistics

Let X, ..., X, denote n independent and identically distributed GTFr random variables.
Further, let X(1), .. ., X(») denote the order statistics from these # variables. Then, the PDF of
the ith order statistic X(;), say f;.,(x), is given by

. _f(—x)n_i (" i+j—1
f“"(")‘Ba,n—iH);( 1)1( ; )F(x)

Using Equation (4), we obtain

i+j—1
P/t = exp| a4 - 1) (2)'] {12 e[ -0 (2)']
ok it k(i+j—1)

St o (5) (7]

k=0

xexp{—[a(i+j— 1) + kb] <3>ﬂ}

X

Then, we have

el % N ivj—1 (A k(i+j—1>
FOF(x)™ —g< DF (1 + 1) (—1H> p

x <a (1+ 1) dexp {— [a (i + 1) + k] (%)ﬂ}

—A(a+b) dexp:—[a (i+j)+bk+1D)] (%)ﬂ}) (12)
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where d = BaPx~#~1. Then, we can write

fin(x) = [“k,j 8a(i+j)+kb (x) — bk,j 8a(i+j)+b(k+1) (x)] (13)
J k=0

(=DM a1 +21) 1+ 1)1 < A )k (n - i) (i +j— 1)
ag; =
ST Bln—i+D[a(i+j)+ko] \1+4) \ j k
_— (=D A (a+ b) (1 + 2)itiL ( A )" (n - i) (i—i—j— 1)
YT BGn—i+D[a(i+j)+bkh+D]\1+2) \ k
and g, (x) denotes the Fr density function with with scale parameter an'/# and shape
parameter . Thus, the density function of the GTFr order statistics is a mixture of Fr densities.
Based on Equation (13), we can obtain some structural properties of X;, from those Fr

properties.
The nth moment of X;.,, (for n < B) is given by

Il
)

where

n—i 0o

EXi,) = Z Z [“k»J'E (Y:(i+j)+kb) - bk»J'E (YZ(i+;)+b<k+1>)] (14)
j=0 k=0
Equation (14) reveals that the nth moment of X;,, can be expressed as an infinite linear
combination of Fr moments.
Based upon the moments in Equation (14), we can derive explicit expressions for the
L-moments of X as infinite weighted linear combinations of the means of suitable GTFr
distributions. The L-moments are given by

s—1

1 —1
ESZEZ(_I)]{ <S k )E(Xs—k:s)a s>1

k=0

4.5. Probability weighted moments

The PWMs are expectations of certain functions of a random variable. The PWM approach
can be used for estimating parameters of any distribution whose inverse form cannot be
expressed explicitly.

The (s, 7)th PWM of X is defined by

o0

psr = E {XS F(X)’} = / X Fx)" f (x) dx

Using Equation (12), we can write
fEF® =Y (-DFa+a) (ﬁ) (l:)
k=0 +
X (a(l + X) dexp {— [a(r+1) + kb] (%)ﬂ}

—A(a+b)dexp{—[a(r+l)+b(k+l)] (%>ﬂ}>
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or, equivalently, we have

o0
FEFC)" =" [mk gagri1)+kb () — Wk Zar1) 4bk41) (%)]
k=0
where
=DM a4+ ( PN (r)
T T T ) + kb 1+1/) \k
and

_ (—1)k+j)»(a+b)(l+>»)r< ; )"()
YT b+ \142) \k

Therefore, ps, can be defined as an infinite linear combination of Fr moments, by

oo
psr=) [mkE (chz(r—i-l)-i-kb) — WiE (Y;(r+1)+b(k+1)>:|
k=0

where
o
E(Y;) = / x* hg (x) dx
0

Therefore, for s < 8, we obtain

o0

Psr = Z {mk [a(r+ 1)+kb]§afr (1 — i)
k=0 ﬁ

—wrla(r+1)+b(k+ 1)]50451“(1——)}

5. Characterization

We will present two characterization theorems based on truncated moments. To prove the
main characterization theorems we need the following two lemmas.

Assumption 1. Suppose the random variable X is absolutely continuous with CDF F(x) and
PDF f(x). Let

y =sup{x|F(x) > 0} and §=inf{x|F(x) <1}
We assume E(X) exist.
Lemma 1. Let X be a random variable under the Assumption 1. Assume
EX|X < x) =g(0)t(x)

where g(x) is a continuous differentiable function with the condition

X o
/ u—g(u)du<ooforallx,y<x<8
y 8w
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and

Then

x u—g (u)

flx) = cefl’ HO) du, y<x<$é

Proof. We have
S5 ufuydu
f@)

Differentiating with respect to x, we obtain

xf () = f1(x)g(x) + f(0)g (x)

gx) = or / ufu)du = g(x)f (x)
Y

and hence
fo _x—gw
fx) g(x)

On integrating both sides of the equation, we have

X “_g,(”) du

f(x) = Cefy g(u)

and c is such that

8
/ fx)dx =1
Y

Lemma 2. Let X be a random variable under the Assumption 1. Assume
E(X|X = x) = g(x)h(x)

where g(x) is a continuous differentiable function with the condition

X /
/ Lg(u)du<oo,forall Xy <x<$§
y &)

and

Then

_ xu+g’(u) u
fx)=ce /v @ Ty <x<3§

where c is determinated by the condition f}f f(x)dx = 1.

Proof of this lemma is similar to the proof of Lemma 1.
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Theorem 1. Let X be a random variable satisfying the Assumption 1 with y = 0 and § = oo,
then

E(X]X < x) = g(x)T(x)

where

T(x) =%

1/B ¢ _ 1y _ 1Byre 1
(14 Maa ra(%)ﬂ(l 5) —Aa+b) otF(aer)(%),g(l )

g = a(l + M) Balfx—P~Lexp[—a(¢)P] — r(a+ b)BaPx—P~lexp[—(a+ b)(%)ﬂ]’ =t

with
Ti(y) = /00 w e tdu
If and only if
fx) =a(l + 1) pafx P Lexp [_a (%)’3}
— Ha+b)pa’x " exp [—(a +b) (%)ﬂ] B> 1
Proof. If
= By—B—1 (P
f(x) = a(1l+1)palx exp[ a<x) ]
st e (Y
Then

f)gx) = /x {a(l + ) BaPuP exp [—a (g>ﬂi|
0 u

—Ala + b)ﬁtxﬁu_ﬂ exp [—(a + b) (%)ﬂ] } du

_ 1/8 _ _ 1/8 _
= (14 DeaPTu ), (1= 1/8) = Ma+0)VPal( 0 (1 =1/8), > 1

with
I(y) = /OO w "le T du
Thus X
(1+ k)aal/ﬁf‘;(%)ﬁ(l —1/B) — Ma+ b)l/ﬂarfa+b)(%)ﬁ(l —1/B)
80 = a(l+ 1) Balx—B—1exp [—a (%)ﬁ] — Ma + b)Babx—PLexp [—(a +b) (%)""]
Suppose
a0 (1+naaPTe g (1= 1/B) = A+ Pal( ) w),(1=1/)

X

a(l + A)Balx—P-1lexp [—a (O‘)ﬂ] — i@+ Db)pafx—P-lexp [—(“ +b) (%)ﬂ]
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Then we have

@) = x — g)

A(x) + B(x)
a(l + 2)paPx=P~1exp [—a (%)ﬁ] — Ma+ b)Balx—P-1exp [—(a +b) (%)ﬂ]
where
a B

Alx) = }%(xﬂﬂe_“(})ﬂ A+1 |:61,3 (%) — B+ 1)]
and

1 B 5

B(x) = —zoBhexp [—(a+b) (%) } (a+b) [ﬁ+ 1—(a+b)g (%) ]

Thus
et QU A(x) + B(x)

g a(l + A)BaPx—B-1exp [—a (%)ﬁ] — Ma+ b)Balx—P-1exp [—(a +b) (%)ﬂ]
By Lemma 1, we have
fx) A(x) + B(x)

O a1+ et t-texp[~a(9)"] - Ma+ bpabxt- exp[~a+b) (¢)’]

Integrating the above equation, we obtain
B
fl)=c¢ {a(l + )\),Baﬁxfﬁfl exp [—a (E) } —Aa+ b)}
x
B
Bx Pl exp | — ¢
x Balx exp[ (a+b)<x>}
Using the boundary condition | ooo f(x)dx = 1, we will have ¢ = 1. O

Theorem 2. Let X be a random variable satisfying the Assumption 1 with y = 0 and § = oo,
then

EX|X > x) = m(x)h(x)

where
h(x) = 1 {(;)(x)
(1 +NaaPT w1 = 1/8) — i(a+b)Pal gy @)1 —1/B)
e = ca(l + 1) BaPx—P-lexp [—a (%)ﬂ] — Ma+ b)BalPx—PLexp [—(a + b) (%)5]
B>1
and

Cye(y) =/ w e "du
0
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If and only if

Fx) = a(l + 1)palx P exp [—a (%)ﬂ] — @+ b)BaPr P lexp [—(a +b) (%)ﬂ} ,
B>1

Proof. If

f(x) = a(l + 1) pafxPexp [—a (%)’3} — Ma+ b)afx P exp [—(a +b) (%)ﬂ]

Then

feomx) = /

X

(o.¢]

{a(l + k)ﬂaﬁu_ﬁ exp |:—a <g)ﬁ]

u
—Aa+ b),Baﬂu_’g exp |:—(a + b) (%)B:H du

=1+ )»)aal/ﬁl"a(%)ﬁ(l —1/B) — A+ b)l/ﬂar(m)(%)ﬁu —1/B8),8>1

with
X
Ce(y) = / u’ " le7¥dy
0
Thus
1+ A)aal/ﬂFa(aT)ﬁ(l —1/8) — Aa+ b)l/ﬁar(m)(%)ﬁa —1/8)
m(x) = B B
a(l+ A)BaPx—P—Lexp [—a (%) ] — Aa+ b)Balbx—P-lexp [—(a +b) (%) ]
Suppose
@ a1+ A)aal/ﬁra(%)ﬁ(l —1/B) — r(a+ b)l/ﬁar(ﬁb)(%)ﬁ(l —1/B)
m(x) =

a(l + 1)BaPx—B—1exp [—a (%)ﬂ] — Ma+ b)Balbx—P-1-exp [—(a +b) (%)ﬂ]
Then we have

g(x) = —x—g)

A(x) + B(x)
a(l 4+ A)BaPx—B-lexp [—a (%)ﬁ] — Ma+ b)Balx—P~Lexp [—(a +b) (%)ﬂ]
where
p B
A(x) = #aﬂﬂe—“(z)ﬂ G+ 1) [a,B (5) -6+ 1)]
and

B(x) = xﬁ—lﬂaﬂﬁk (a+ b) exp |:— (a+ b) (%)ﬂ} |:ﬁ t1-(atb)p (3);3]
Thus
o x+gk)
8(x)
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_ A(x) + B(x)
a(l + 1) BaPx—P~1exp [—a (g)ﬂ] — Ma+b)paPx=Flexp [—(a +b) (%)ﬁ]

By Lemma 2
£ _ A(¥) + B@)
SO a1+ et t-texp[~a(9)’] - M+ bpatxt-texp[~a+b) (2)’]

Integrating the above equation, we obtain
B B
f(x) = ca(l+ A),Baﬂx_’s_l exp |:—a <%) ] — MMa+ b)ﬂoﬂgx_ﬂ_1 exp |:—(a + b) (%) i|

Using the boundary condition | ooo f(x)dx = 1, we will have ¢ = 1. O

6. Estimation

The maximum likelihood estimators (MLEs) have desirable properties and can be used when
constructing confidence intervals and regions and also in test statistics. We consider the
maximum likelihood to estimate the unknown parameters of the GTFr model from complete
samples only. Let x1,...,x, be a random sample of the GTFr distribution with unknown
parameter vector ¢ = (a, B, A, g, b)T.

The log-likelihood function for ¢, say £ = £(¢), is given by

{=nlnB+nBlna—(B+ I)Zln(xi) —aZsi—{—Zln(ki)
i=1 i=1 i=1

where s; = (oz/x,-)ﬁ and k; = [a (I+A)—Xr(a+Db)exp (—bsi)].
The score vector is given by

Uy = 28 _ (3¢ 3¢ Bt e ae T
3¢ \ 9o’ 3B’ 91" da’ b
where
W np  aP Ab(a+Db)B
o= Fﬂ - 7’3 Zs,- + TﬁZsieXp (=bsi)
i=1 i=1
04 n n n
@ = E +nlna — Zi:l In (x;) — aZsi In (a/x;)
i=1
W 1
— = Z —[a— (a+ b)exp (=bs)]
0 =k
EYa - "1
_=—Zs,-+ —[14 1 — rexp (—bsp)]
da i=1 i=1 ki
and

W N1
5= 2 (M@t bysi+ 1 exp (—bsy)]
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We can obtain the estimates of the unknown parameters by setting the score vector to zero,
U($) = 0. By solving these equations simultaneously gives the MLEs @, B, % aand . Statisti-
cal software can be used to solve these equations numerically by means of iterative techniques
such as the Newton-Raphson algorithm because they can not be solved analytically. For the
GTFr distribution all the second order derivatives exist.

For interval estimation of the model parameters, we require the 5 x 5 observed information
matrix J(¢) = {J,s} for r,s = a, B, A, a, b, whose elements are given in the Appendix. Under
standard regularity conditions, the multivariate normal N5(0,J (g/b\)_l) distribution can be
used to construct approximate confidence intervals for the model parameters. Here, J (@) is
the total observed information matrix evaluated at ¢. Therefore, approximate 100(1 — ¢)%
confidence intervals for «, 8, A, a and b can be determined as:

65\3&240/2 Joa> B\i&p/z Jgp> /)::tzgo/Z\/]aa: aiz(p/Z\/]aa

b+ Zp /2 Job

where z, 5 is the upper gth percentile of the standard normal distribution.

and

7. Application

In this section, we provide an application of the GTFr distribution to show its importance.
We now provide a data analysis in order to assess the goodness-of-fit of the new model.
The data set refers to brain cancer diseases in Iraq from January 1, 2009 to December 31,
2009 and it consists of 50 observations (see Al-Kanani and Jasim 2012). For this data set
we shall compare the fits of the GTFr model with other competitive models namely: the
Kumaraswamy transmuted Marshall-Olkin Fréchet (KTMOFr), transmuted Marshall-Olkin
Fréchet (TMOFr), beta Fréchet (BFr), gamma extended Fréchet (GEFr), Marshall-Olkin
Fréchet (MOFr), transmuted Fréchet (TFr) and Fréchet (Fr) distributions with corresponding
densities given (for x > 0) by

(& ()
KTMOFI’:_f(x)=abaﬁ9ﬂx_ﬂ_la(l+)“)e ) —(artatr—De "\*

|:a+(l—a)e_(’9‘)ﬁi|2a+l
B
x |:oz(1 + k)e_<%) —(erta— 1)e‘2(¥

8 g4 b—1
|:oz(1+)»)e_(?‘) —(ak+a—l)e_2<%) ]

B 2a
|:0(+(1a)e(§‘) :|

) (%)
TMOFr: f (x) = afghx—p-1¢0te 1/ —(@itati—le “\*

g 2a+1
|:a+(1—a)e_(?‘) i|

BEr: f(x) = Bﬁaz) —B—1 ~a(%)’ [1—e (¢ )’3]

£
~—
=
L 1
N
|
—

xq1—
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MOFr: f (x) = apopf x—P-1 exp [— (%)ﬂ] {a + (1 —a)exp [— (%)ﬂ]} 2,
where «, 8, 6, a, and b are positive parameters and |1| < 1.

The model selection is carried out using goodness-of-fit measures including the Akaike
information criterion (AIC), consistent Akaike information criterion (CAIC), Hannan-
Quinn information criterion (HQIC), Bayesian information criterion (BIC), maximized log-
likelihood under the model (—2?), Anderson-Darling (A*) and Cramér-Von Mises (W*)
statistics.

Table 3 lists the numerical values of goodness-of-fit statistics, whilst the MLEs and their
corresponding standard errors (in parentheses) of the model parameters are given in Table 4.

The figures in Table 3 reveal that the GTFr distribution provides a superior fit to the
brain cancer data than other compitive models. Figure 5 displays the fitted PDF of the GTFr
distribution.

8. Conclusions

In this paper, we propose a new five-parameter distribution called the generalized transmuted
Fréchet (GTFr) distribution, which extends the Fréchet distribution. An obvious reason for
generalizing a classical distribution is the fact that the new model provides more flexibility
to analyze real life data. We provide some of its mathematical and statistical properties.
The GTFr density function can be expressed as a mixture of Fréchet densities. We derive
explicit expressions for the ordinary and incomplete moments, generating function, residual
and reversed residual life functions, order statistics and probability weighted moments.
The maximum likelihood estimation of the model parameters is discussed. The proposed

Table 3. Goodness-of-fit statistics for brain cancer data.

Model 20 AIC CAIC BIC HQIC A* w*

GTFr 519.669 529.669 533309 539.229 531.033 0.050269 0.326498
KTMOFr 522,098 534.098 536.051 545.569 538.466 0.091987 0.488535
TMOFr 524.287 532.288 533.176 539.936 535.199 0.546332 3.067689
MOFr 524.609 530.609 531.131 536.346 532.794 0.160599 0.862163
GEFr 524.889 532.885 533.779 540.537 535.802 0.164100 0.870300
BFr 524.942 532.942 533.831 540.590 535.855 0.163970 0.873906
TFr 534.345 540.345 540.867 546.082 542.529 0327316 1.811177
Fr 536.975 540.975 541.231 544,799 542432 0.368007 2.046653

*Hold comparison between the new model and the other ones.

Table 4. MLEs and their standard errors (in parentheses) for brain cancer data.

Estimates
Model a B x a b @
GTFr 20.9776977 2.5572262 —0.7140562 0.6820838 23.3572016
KTMOFr 1.5414615 0.5775995 —0.2728668 41280928 34.3155264 9.7678627
TMOFr 11.2397898 2.2811016 —0.1360837 449213072
MOFr 13.832297 2.189104 26.221601
GEFr 43.643954 0.146632 109.608149 53.637852
BFr 40.0087709 0.1408282 58.3679124 91.6079253

TFr 316673854 1.3824328 —0.6056032
Fr 41.151081 1.262842




18 (&) Z M.NOFAL AND M. AHSANULLAH

Density
0.010 0.015 0.020
]

0.005

0.000

0 50 100 150 200 250

X

Figure 5. The estimated PDF of the GTFr model for brain cancer data.

distribution, applied to a real data set, provides better fits than some other nested and non
nested models.
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