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Abstract

This study proposed a new stochastic model by the mixture of Gamma and Zeghdoudi distribution (MGZ
Distribution). The Reliability Analysis and statistical features such as moments, Moment generating
function, order statistics, stochastic ordering, entropy, and the Maximum Likelihood Estimation of the
model parameters were derived. Two real-time datasets of cancer patients’ survival times were used to
demonstrate the model’s goodness-of-fit using the AIC, BIC, and AICC model selection methods. The new
MGZ model has been compared with the other classical models like Exponential, Lindley and Shanker.
The result shows that the proposed model is more flexible than the other models with the lowest values of
AIC, BIC and AICC.

Keywords: Mixture distribution, Moments, Order Statistics, Maximum likelihood Estimation,
Goodness of fit Criteria.

1. INTRODUCTION

The statistical distributions have been extensively utilized for analyzing time-to-event data, also
referred to as survival or reliability data, in different areas of applicability, including medical
science. In recent years, an impressive set of new statistical distributions has been explored by
statisticians. The development of an expanded class of classical distribution is required in analysis,
biomedicine, reliability, insurance, and finance. Recently, many researchers have been working in
this area and have proposed new methods to develop improved probability distributions with
utility. A statistical analysis is often employed, which heavily relies on the assumed probability
model or distributions.

A Zeghdoudi distribution [8] random variable X with a parameter 6 > 0 is described by its
probability density function (pdf)

93
fi(x:6) = 5=—5x(1 +x)e %, x>0, >0 1)

Considering the gamma distribution [18] with parameters § = 3, 8, the pdf can be defined as:
1
fo(x;0) = 5939(26_9’(, x>0, 6>0 2)

Lindley [5] introduced the fiducial distribution and Bayes theorem. Rama Shanker [17]
proposed a mixture of exponential (f) and gamma (2,0) distributions, leading to the Shanker
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distribution. Shanker [14] also combined exponential (0), gamma (2, 6), and gamma (4, 0) distri-

. . . e s . 03 92 6 . c e .
butions with respective mixing proportions g T PreTe and g 076 This distribution

is known as the Uma distribution. The Akash distribution is a two-component mixture of an

. c e . . es . 92 2
exponential and a gamma distribution with mixing proportions 5=, and z%5.

Shanker [16] later proposed the Komal distribution with applications in survival analysis.
Rama Shanker [13] also worked on combining exponential (6) and gamma (2, 6) distributions

with mixing proportions ;Z(j-;—ilr)l’ and 92+#9+1 This article introduces the (MGZD), which was
developed using a blend of Gamma and Zeghdoudi distributions. The probability density func-
tion (pdf) and cumulative distribution function (cdf) of the proposed distribution, along with
several statistical characteristics and a reliability analysis, are discussed in the following sections.
The maximum likelihood estimation (MLE) method is used to estimate model parameters. Cancer
remains one of the leading causes of morbidity and mortality worldwide, impacting millions of
lives annually. Despite advancements in cancer detection, treatment, and prevention, the global
cancer burden continues to rise due to population aging, expansion, and shifts in risk factors.
According to Sung et al. [19], the most recent global cancer data in 2020 showed approximately
10 million cancer-related deaths and 19.3 million new cases. The most common diagnoses were
breast, lung, colon, prostate, and stomach cancers. The American Cancer Society [3] reported that
advancements in early detection and treatment have improved survival rates, with breast cancer
5-year survival rates exceeding 85% in high-income countries. The World Health Organization
[20] estimated the global economic impact of cancer at over $1 trillion annually, covering direct
treatment costs and indirect losses such as productivity declines. Additionally, regional disparities
in cancer incidence and mortality exist due to differences in healthcare access, risk factors, and
early detection services. Approximately 70% of cancer deaths occur in low- and middle-income
countries.

Statistical models are essential for studying cancer due to its complexity and heterogeneity.
These models estimate survival rates, assess treatment effectiveness, and predict cancer risk. By
incorporating new data and trends, these models improve predictions, enhance patient outcomes,
and guide public health policies. Lastly, the results of fitting various well-known distributions
to cancer survival data using (MGZD) are presented. All computations in this research were
performed using the statistical programming language R.

2. NEew MixTURE DISTRIBUTION

This section introduces the MGZ distribution, a new distribution created by combining two
existing distributions. Let X be a random variable with a mixed distribution. Its probability
density function (p.d.f), f(x), is expressed as follows

k
flx) = ;Wifi(x)

where f;(x) is the probability density function for all i, and w;, i = 1,...,k, denote mixing
proportions that are non-negative and satisfy

wizl

o

I
—

1

The components of the mixture are - f1(x) ~ Gamma(3,0) with parameters § = 3,6 -

f2(x) ~ Zeghdoudi(#) with parameter 6. These two independent random variables have mixing

proportions % and ﬁ, respectively. Thus, the density function of X is given by

3
f(x;6,B) = ,B(:—l <'[23x2+2_3|c_9(1+x)> e 0% 3)

395



Poovitha R, Pandiyan P RT&A, No 2 (84)
MIXTURE GAMMA ZEGHDOUDI DISTRIBUTION Volume 20, June 2025

The function defined in Equation (3) represents a valid probability density function f(x;6, B)

forallx >0
/Oof(x'e ,3)0lx:/oo i <'Bx2+x(1+x))ee"dx
0 m o B+1\2 246

after simplification, we get

/Ooof(x;e,ﬁ)dx =1

T
fmldfi=l

ﬂll'IIT.

$=108=1

Figure 1: PDF plot of MGZD different 6 and p. Figure 2: CDF plot of MGZD different 6 and p.
The cumulative distribution function (c.d.f) of MGZD is defined as
9 /B x
E ,.91 — / v (P2 _~ 1 —0x d
(x;6,B) 0ﬁ+1(2x +2+9( +x)>e x

after simplification, we obtain

‘ 1 [By(3,60x)  09(2,0x)+ (3, 0x)
F(x’e’ﬁ)_ﬁﬂ{ 2 240

], x>0,0,B>0 4)

3. RELIABILITY ANALYSIS

This section provides the reliability function, hazard function, reverse hazard function, cumulative
hazard function, odds rate, Mills ratio, and mean residual function for the MGZ distribution.

3.1. Survival Function
The survival function of the MGZ distribution is defined as
S(x) =1—F(x;6,8)

1 [By(3,0x) 6v(2,0x)+ (3, 0x)

SO =1-577 |7 210

3.2. Hazard Rate Function

An important metric for describing life phenomena is the hazard rate function of the MGZ
distribution, which is defined as

~ 1—F(x;6,B)
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h(x—( 0 (85 + g (1+0)) )

- [ﬁw(gm 4 97(2,9?:97(3,9@}

3.3. Reverse Hazard Function

The reverse hazard rate function of the MGZ distribution is defined as

~ f(x;0,B)
") = E0, p)

h(x) = (93 (§x2 2t (1 +x)) e—f)x)

30%) | 67(20 3,0
[ﬁ7(2 ) 4 61( xz)je'r( X)}

3.4. Cumulative Hazard Function
The cumulative hazard function of the MGZ distribution is defined as
H(x) = —In(1—-F(x;6,B))

1 [By(3,0x) 6v(2,0x)+ (3, 0x)
pr1 { 2 2+0 ] _1)

H(x) = ln(

3.5. Odds Rate Function
The odds rate function of the MGZ distribution is defined as

F(x;0,B)
1—F(x;0,B)

[/37(3,93{) i 67(2,6x)+'y(3,6x)}
O(x) _ 2 246
B+1)— [ﬁ'r(gﬁm + 97(2,9962);%97(3,93()}

O(x) =

3.6. Mean Residual Function

The mean residual function of the MGZ distribution is defined as

1 (o)
M(x) = m/ LF(£:6, B)dt — x
_ 1 e 93 :3 2 —0x
B+T 2 240

using the substitution method and

o
I'(s,x) :/ £ le tdt,
X

we obtain

M(X) _ 2 246
0(B+1) - (ﬁv(’;’ﬂﬂ + 97(2,9962):97(3/996))

B (4,0x) 4 6I'(3,0x)+T(4,0x) ]
X
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Figure 3: Survival function of MGZD. Figure 4: Hazard function of the MGZD.

4. STATISTICAL PROPERTIES
In this section, we derive the structural properties, moments, moment-generating function,

characteristic function, and the " moment for the MGZ distribution. We also investigate the
mean, variance, coefficient of variation, skewness, kurtosis, and dispersion.

4.1. Moments

The 7" moment of a random variable X is defined as

E(X) = = [ ¥ f(xi6,) dx

/ é X —0x
Hr = ,3+1(2 2+6(1+x))e dx
on simplifying the integral and using, ) f ~#*dx, we obtain
;L 1 ﬁf(r—i—S) 0T (r+2)+T(r+3) 5)
Hr= or(g+1) 2 2+0

where I'(.) is the gamma function. By substituting r = 1,2, 3, and 4 in Equation (5), we obtain

. . 6(‘B+1)+9(3‘B+2)
E(X)‘Mea“‘< 6B+ 12 +6) )
 [24(B+1) + 6028+ 1)
E(XZ>‘< O+ D21 0) )
_ [120(B+1) +66(10B +4)
200 = (PG nare )
720(B + 1) + 100(368 + 12))
94([3+1)(2+9)

E(X*) = (

4.2. Variance
The variance is given by ~ ¢? = E(X?) — [E(X)]?. On substituting the values, we get

o {24(ﬁ+1)+69(2[3+1)] B [6([54—1)—1—6(3[&—1—2)}2
62(B+1)(2+06) 0(B+1)(2+6)
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after simplification

o (3B*(6*+40+4)+6B(6%+40+4) +2(6> + 60+ 6)
7T ( 02(p+1)2(2+0)2 >

4.3. Coefficient of Variation

The coefficient of variation (C.V.) is defined as

cv.=2
u

_ \/3B2(0%+ 40+ 4) +6B(62+ 40 +4) +2(62 + 60 + 6)

cv 6(B+1)+6(36+2)

4.4. Skewness

The skewness is given by
E(X3)
o3

Skewness = /1 =

after simplification

Skewness = ( (120(B+1) + 66(108 +4)) >
[(3B2(62 446 + 4) + 68(62 + 40 + 4) + 2(62 + 60 + 6)]*/*

4.5. Kurtosis

The kurtosis is defined as
E(X*)
oA
[720(B + 1) + 100(368 + 12)]
[(3B2(0%2 +46 +4) +6B(6% + 40 +4) +2(6% + 60 + 6)}2

Kurtosis = B, =

Kurtosis = <

4.6. Moment Generating Function

The moment-generating function (MGF) of a random variable X is denoted by Mx(t) and is
defined as

My () = E(eX) = /Oooetxf(x;G,ﬁ) dx, teR

Mx(t) = i /met" éx2+i(1+x) e %% dx
B+1.Jo 2" T2+0

simplifying and by applying the Taylor series e* = Z;'io % V 0o < x < 00, we obtain

Mx(t) = /Oo (1 +tx + (£x)* +) (ﬁx2+ L(1 +x)) e 0% dx

0 2! 2 2496

Mx() = 15 [T 5 rsep) dx

=0/

~~
.

E(x)

M

~

Mx(t) =
0

-
Il

2 ti Br(j+3) , 6r(j+2)+T(j+3)
MX(t)_];)j!Of(ﬁ+1)[ S 2+0
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4.7. Characteristic Function

The characteristic function of a random variable X is denoted by ¢x(t) and is defined as

px(t) = E@) = [ e (x;0,p) dx
0
using the definition of the moment-generating function
Px(t) = Mx(it)

© (it)  [BT(j+3)  OT(j+2) +T(j+3)
];]'wﬁﬂ)[ S 210

5. ORDER STATISTICS
Let X(l), X(z), ey X(n) be the order statistics of a random sample X, X», ..., X;, from a continuous

population with probability density function fx(x) and cumulative density function Fx(x). Then,
the pdf of the " order statistic X (r) can be written as

Fron(x) = (rl)’!l(’nr)![p(x;e)rl[l — F(x;0)]" " f(x;8), x> 0. ©6)

simplifying Equation (6) and substituting Equations (3) and (4), we obtain

frn(x) = m i (n;r) (ﬁil)rﬂ'l

» {ﬁ’r(&()x) 0v(2, 9x)+’)/(3,9x)]7+j1

2 246
0 (B —ox
X,B+1 (2x +2_H9(1+x)>e

First order statistic X))

o) =2 B () ()

% {57(3,996) n 0v(2,0x) +7(3,9x)]f

2 240

/ﬁ1 (ﬁ 2+2+9(1+x)) -

n't Order statistic (X))

L [BY(3.6%) | 07(2,6%) +7(3,6%) AT
2 2+6

0> (B X —9x
X,B+1 (2x —|—2+9(1+x)>e
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6. StocHASTIC ORDERING

A crucial technique in reliability and finance for evaluating the relative performance of models is
stochastic ordering. Let X and Y be two random variables with probability density functions f(x)
and f(y), cumulative distribution functions F(x) and F(y), and survival functions S(x) = 1 — F(x)
and S(y) =1 — F(y). Then,

® Mean residual life order (MRLO) is denoted as

X <mrro Y, if mx(x) <my(y), Vx

e Hazard rate order (HRO) is denoted as

Sx(x)

X< Y, if
SHRO ¥, 1 Sy (y)

is decreasing for x > 0

e Stochastic order (SO) is denoted as

X <s0Y, if Sx(x) <Sy(y), Vx

Likelihood ratio ordering proof, assume that X and Y are two independent random variables
with probability density functions fx(x;6,8) and fy(x;A,a). If 6 < A and B < w, then the
likelihood ratio is

x(x;6, )

~ fr(xAa)

substituting the density functions

A= [ (5% + 25 (14 0)) %]
=4
a1 )

(
(%xz + x (1 +x)

| =
therefore,
3
log(A) = log {m} +log {‘gxz + ﬁ(l + x)} —log [gxz + Z—F%(l + x)} —(0—A)x

differentiating with respect to x

dlog(A) _ ( {,Bx + zz"fel} B {“x + zzxf)}} L 9))
)

dx 52+ 751 +x)]  [§22+ 25 (1+5)]
hence,
dlog(A) <0
ox

iff <Aand B <ua,
Thus, the likelihood ratio is decreasing, proving that the MGZ distribution follows likelihood
ratio ordering.

7. BONFERRONI AND LORENZ CURVES

In this section, the Bonferroni and Lorenz curves are derived using the MGZ distribution. These
curves are powerful tools for analysing distributions and have diverse applications in fields such
as economics, insurance, income inequality, reliability, and medicine. For a random variable X
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and its probability density function f(x), the Bonferroni and Lorenz curves are constructed. Here,
f(x)dx represents the probability that a randomly selected unit falls within a given interval.

B(p) = Pil f(x:0,) dx and

L(p) = o [ xf0.8) d

where g = F~1(p), with g € [0,1] and

;o 6(ﬁ+1)+9(3ﬁ+2)
““( 0(p+1)(2+0) )

Thus, the Bonferroni and Lorenz curves for our distribution are given by

i (ﬁxz—l— a (1+x)> e %% dx.
Pﬂl .B +1 (2+9)
integrating by the substitution method, we obtain
3,0 0v(2,09)+7(3,0
. [ﬁv(z 1) 4 01 172)+97( q)} ]
(p) = [6ﬁ(9+1)+39ﬁ+29} @)
14 210
The Lorenz curve is given by
L(p) = pB(p)

240

[ﬁv(;ﬁq) 4 97(2,9%):97(3,911)}
L(p) = ( )

{6ﬁ(9+1)+39ﬁ+ze}

8. ENTROPIES

In this section, we derived the Renyi entropy, and Tsallis entropy from the MGZ distribution.
Entropy and information are widely recognized as measures of uncertainty or randomness within
a probability distribution. The entropy functionals of probability distributions are rooted in
a variational definition of uncertainty measures, providing a robust framework for analyzing
probabilistic systems.

8.1. Renyi Entropy

Entropy is defined as a random variable X is a measure of the variation of the uncertainty. It
is used in many fields, such as engineering, statistical mechanics, finance, information theory,
biomedicine, and economics. The Renyi entropy of order A is defined as

log/ F(x;0,B)) dx, A>0,A#1

R) = 1_/\ g/ LBTl(ﬁ 2+2+9(1+x)> —exr dx.

using the gamma function r‘gf ) = o x'~le~%*dx, and the binomial theroem (a+b)* = ¥, (5 j )alb* =,

7
and simplifying the integral, we obtain
1 B\ e i\ (B 1\ T@A—k+1)
o=t (551) BE () () (8) () .
A 1—A g ﬁ +1 ];) = 2 246 ()\9)2/\*k+1
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8.2. Tsallis Entropy

The Boltzmann-Gibbs (B-G) statistical properties introduced by Tsallis have received significant
attention. This generalization of B-G statistics was first proposed by Tsallis (1988) through the
introduction of Tsallis entropy. For continuous random variables, it is defined as

T, = Ail {1—/000[f(x;9,ﬁ)]A dx], AS 0N AT

ne it [ () (G i) ] o]

simplifying the integral using the gamma function ra(f ) = 0°° t=1¢=0%dyx, and the Taylor series

ex:E;”O], Y 0o < x < 00, we obtain

e [ () EE Q) (9 (k) et

9. ESTIMATION OF PARAMETER

)

The MGZ distribution parameter’s maximum likelihood estimates and Fisher’s information
matrix are provided in this section.

9.1. Maximum likelihood Estimation (MLE) and Fisher’s Information Matrix

Consider x1, x2, x3,, x4 be a random sample of size n from the MGZ distribution with parameter
6, B the likelihood function, which is defined as

n

L(x; 9/ ;B) = Hf(xi; 9/ ﬁ)

i=1

o 93 :B 2 —0x;
L = B1i\2 ; 2 + 0 (1 + xi) e Ut
i=1

then, the log-likelihood function is

logL = 3nlogf —nlog(f+1) —|—Z:10g<[3 x? 2+9 > Gle

differentiating with respect to 8 and 3, we obtain

|:x,'+x12 ]
dlog L 3n L (2+6)? LU
a;g _< )+Z B.2 xi _in: (10)
(jxi + 2 (1 xi)) =
x2
dlogL (2)
-0 1)

9B __<ﬁ+1)+; (’32+2 (1+xl))

The maximum likelihood estimate of the parameters for the MGZ distribution is provided
by equations (10) and (11). The equation, however, cannot be solved analytically, so we used R
programming and a data set to solve it numerically. The asymptotic normality results are used
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to derive the confidence interval. Given that if A = (6, ) represents the MLE of A = (6, B), the
results can be expressed as follows

V(A —1) = N (0,7 1(A))
in this case, I(A) represents Fisher’s Information Matrix,
9?log L 9?log L
I()\)— E[ 002 } E[ 200pB ]
I E [8 logL:| E |:8210gL]

B0 9p?

The second derivatives of the log-likelihood function are

2
by2 20(xit) Hbap) | (it
*logL _ <3n>+i ( R (1+xl))( 2+9)F ) ((2+9)2
02 —  \e2)
i=1

(ﬁ 2+2 (1+x1)>2

2\
8210gL _ (2)

op? _((ﬁ‘f‘l ) ; (gx12+2 (1—0—x))2

Plogl & % (1+x)
2098 _g 20021 40 + 1))

10. APPLICATIONS

In this section, the proposed MGZ distribution is applied to the real data sets.

Dataset 1: Survival time of breast cancer patients (in months) of patients. The secondary
data has been taken from a private tertiary care hospital in Puducherry. 63, 61, 58, 57, 55, 26, 5,
20, 54, 58, 30, 24, 35, 27, 47, 67,70, 78, 39, 26, 65, 77, 49, 50, 27, 41, 65, 52, 48, 62, 38, 26.

Dataset 2: We have used the data representing the size of the Tumour (in mm) of 210 pa-
tients with node-positive breast cancer, as reported by Royston and Altman (2013). The entire
data set contains patient records from a 1984-1989 trial conducted by the German Breast Cancer
Study Group (GBSG) of 720 patients with node-positive breast cancer; it retains the 686 patients
with complete data for the predictive variables. We used the initial 210 sample values for the
analysis. 18, 20, 40, 25, 30, 52, 21, 20, 20, 30, 12, 30, 21, 25, 57, 25, 21, 27, 12, 45, 18, 18, 30, 30,
25, 14, 21, 30, 23, 30, 55, 11, 40, 25, 15, 29, 15, 45, 40, 30, 60, 21, 20, 58, 30, 28, 25, 18, 40, 35,
30, 21, 45, 40, 20, 19, 52, 80, 40, 20, 80, 30, 33,16, 25, 39, 52, 50, 39, 42, 65, 28, 25, 23, 32, 15,
40, 35, 25, 30, 22, 45, 20, 27, 29, 22, 24, 25, 23, 30, 50, 45, 7, 8, 18, 16, 28, 21, 15, 20, 12, 20, 30,
50, 25, 30, 25, 32, 35, 20, 28, 26, 35, 23, 80, 20, 20, 34, 30, 23, 35,70, 20, 45, 24, 28, 35, 25, 60,
35, 40, 23, 40, 21, 35, 55, 120, 23, 50, 55, 16, 22, 21, 12, 14, 60, 55, 120, 23, 50, 55, 16, 22, 21, 12,
14, 60, 30, 25, 40, 48, 35, 25, 28, 35, 30, 35, 22, 12, 21, 35, 52, 36, 25, 31, 20, 30, 25, 44, 21, 30,
32,50, 21, 20, 60, 35, 30, 20, 23, 49, 55, 20, 25, 22, 18, 30, 20, 40, 35, 13, 70, 27, 21, 25, 80, 36, 32, 25, 19.

Dataset 3: Age of the patients with advanced lung cancer in years (J. F. Lawless (2003)). 69, 64,
38, 63, 65, 49, 69, 68, 43, 70, 81, 63, 63, 52, 48, 61, 42, 35, 63, 56, 55, 67, 63, 65, 46, 53, 69, 68, 43,
55, 42, 64, 65, 65, 55, 66, 60, 67, 53, 62, 67, 72, 48, 68, 67, 61, 60, 62, 38, 50, 63, 64, 43, 34, 66, 62,
52, 47, 63, 68, 45, 41, 66, 62, 60, 66, 38, 53, 37, 54, 60, 48, 52, 70, 50, 62, 65, 58, 62, 64, 63, 58,
64, 52, 35, 63, 70, 51, 40, 69, 36, 71, 62, 60, 44, 54, 66, 49, 72, 68, 62, 71, 70, 61, 71, 59, 67, 60,
69, 57,39, 62,50, 43, 70, 66, 61, 81, 58, 63, 60, 62, 42, 69, 63, 45, 68, 39, 66, 63, 49, 64, 65, 64, 67, 65, 37.
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We observe its flexibility over some well-known existing distributions. The results for the
analysis in this present study are obtained using R software. We have also calculated the Akaike
Information Criteria (AIC), Bayesian Information Criteria (BIC), Akaike Information Criteria
Corrected (AICC), and -2logL for the considered distributions to observe their fit. The distribution
with the value of lowest AIC and BIC and AICC is considered as the best. The Akaike Information
Criteria (AIC), Bayesian Information Criteria (BIC), Akaike Information Criteria Corrected (AICC),
and -2logL are used to compare the goodness of fit of the fitted distribution. The following
formula can be used to determine AIC, BIC, AICC, and -2logL.

2k(k +1)

AIC =2k ~2logL, BIC =klogn ~2logl, and AICC=AIC+ =5y

Where, k= number of parameters, n sample size, and -2logL is the maximized value of the
log-likelihood function.

3 — MGZD
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=
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Figure 5: Fitting density curve for dataset 1 Figure 6: Fitting density curve for dataset 2
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Table 1: The MLEs of MGZD parameters and AIC, BIC, AICC, and -2logL for Data Set 1.

Distributions ML Estimates -2logL AIC BIC AICC

Mixture of Gamma and 203.2229 207.2229 209.4939 207.8229

Zeghdoudi 0 = 0.05542 (0.0067)
B = 0.00403 (0.00017)

Exponential 229.6043 231.6043 232.3970 231.8043
6 = 0.0185 (0.0038)

Lindley 2132929 2152929 216.4284 215.4929
6 = 0.0363 (0.00535)

Shanker 212536 214.536 215.6727 214.736

6 = 0.0369 (0.00543)

Table 2: The MLEs of MGZD parameters and AIC, BIC, AICC, and -2logL for Data Set 2.

Distributions ML Estimates -2logL AIC BIC AICC

Mixture of Gamma and 1717.616 1721.616 1728310 1721.674

Zeghdoudi 0 = 0.09355 (0.00372)
B = 0.00382 (0.00593)

Exponential 1876.483 1878.483 1881.830 1878.502
6 = 0.03119 (0.00215)

Lindley 1770519 1772.519 1775.866 1772.539
6 = 0.06059 (0.00295)

Shanker 2753.765 2755765 2759.112 2755.784

0 = 0.07918 (0.00348)

Table 3: The MLEs of MGZD parameters and AIC, BIC, AICC, and -2logL for Data Set 3.

Distributions ML Estimates -2logL AIC BIC AICC

Mixture of Gamma and 1233.039 1237.039 1242.878 1237.128

Zeghdoudi 0 = 0.05143 (0.00253)
B = 14.3464 (41.4323)

Exponential 1388.006 1390.006 1392926 1390.036
0 = 0.01716 (0.00146)

Lindley 1291.502 1293.502 1296.422 1293.532
6 = 0.03374 (0.00203)

Shanker 2092.173 2094.173 2097.093 2094.203

6 = 0.04516 (0.00243)

From table 1, 2 and table 3, the (MGZD) mixture gamma and zeghdoudi distributions has
the lowest AIC, BIC and AICC values, thus making it to be fitted better than the (Exponential,
Lindley and Shanker) distributions. Figure 5, 6 and 7 also explicates the better model.

11. CONCLUSION

This study introduces a novel two-parameter distribution known as the Modified Gamma-
Zeghdoudi Distribution (MGZD). This distribution is a compound mixture of the Zeghdoudi
and Gamma distributions, two well-known statistical models. Essential features of the MGZD,
such as survival and hazard functions, have been analyzed. We have explored some of the
important statistical properties, such as entropies, Bonferroni and Lorenz curves, moments (mean,
variance, skewness, and kurtosis), order statistics, and stochastic ordering. We have estimated
the parameters of the MGZD are estimated using the maximum likelihood estimation method.
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To assess the effectiveness, the MGZD is applied to three real-world data sets and compared
with well-known distributions. The results illustrate that the MGZD gives a better fit to the data,
proving its superiority over other known classical models in enclosing the above data structure.
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