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Abstract: Considering that the choice of loss function plays a significant role in the derivation of
Bayesian estimators, we propose a novel asymmetric loss function named the weighted Q-symmetric
entropy loss for computing the estimates of the parameter and reliability function of the Burr XII
distribution. This paper covers the classical maximum-likelihood, uniformly minimum-variance
unbiased, and Bayesian estimation methods under the squared error loss, general entropy loss,
Q-symmetric entropy loss, and new loss functions. Through Monte Carlo simulation, the respective
performances of the considered estimators for the reliability function are evaluated, indicating that
the Bayesian estimator under the new loss function is more efficient than those under other loss
functions. Finally, a real data set is used to demonstrate the practicality of the presented estimators.

Keywords: reliability function; Burr XII distribution; maximum-likelihood estimation; uniformly
minimum-variance unbiased estimation; Bayesian estimation; weighted Q-symmetric entropy
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1. Introduction

A system’s reliability function, R(t), represents the probability that an object survives
longer than time ¢, which is also called the survival function. Reliability analyses are mainly
devoted to forecasting the probability of survival time for experimental systems, which can
help administrators control costs, plan maintenance actions, and assess system availability.
Based on the needs of practical applications, numerous scholars have investigated the
reliability of different distributions, making use of classical estimators and Bayesian esti-
mators under various loss functions and different priors. The authors of [1] provided the
maximume-likelihood and Bayesian estimates for the three-parameter exponential-Weibull
distribution with type-II censored samples. The authors of [2] analyzed the parameter
estimates and reliability features of the one-parameter Lindley distribution using classical
and Bayesian techniques with progressive type-II censored samples. A novel parameter
estimation method named the E-Bayesian method was introduced in [3], which was used
to estimate the reliability under a binomial distribution. Under a hybrid model with two
exponential distributions of certain mixing proportions, the authors of [4] investigated
the unbiased estimations of the reliability function. Furthermore, the equivalent unbi-
ased estimators of the reliability were also derived under the scenario where the negative
weighting of the components of the mixture distribution was allowed. The authors of [5]
considered an estimator of the reliability function of the power Lomax distribution in
stress—strength models. The authors of [6] obtained the classical reliability estimations
of a multi-component system, in which the stress and strength variables followed the
unit-generalized exponential distributions. The Bayesian estimations with Gamma and
weighted Lindley priors were also discussed. On account of the situation where the data of
torpedo loading tests were limited and included samples without failures, the authors of [7]
proposed a new Bayesian evaluation method based on fused information to estimate the
reliability of torpedo loading, for which the lifetime distribution and failure rate prior dis-
tribution were assumed to follow exponential and Gamma distributions, respectively. The
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authors of [8] calculated the estimators of the reliability for the adaptive, type-II progressive
censored data of the unit-Lindley distribution using frequentist and Bayesian methods.

In contrast to the limitations of classical estimation methods, which exclude prior
information, Bayesian estimates have been more abundantly researched by scholars in
recent years due to their consideration of prior distributions, allowing for the inclusion of
historical or subjective information. In Bayesian methods, estimates are obtained using
different loss functions. Therefore, one of the main challenges for researchers is choosing
the right loss functions according to the specific situation; that is, a well-designed loss
function yields a more accurate Bayesian estimator. Many scholars have investigated new
loss functions and compared the performance of Bayesian estimators under different loss
functions. The authors of [9] discussed the Bayesian parameter estimator of the Lindley
distribution and their corresponding posterior risks separately using seven different loss
functions. However, in response to the derivation error of the posterior risks under the
entropy loss function in the paper, a correct derivation was given in [10]. The authors of [11]
proposed a novel analysis method to evaluate potential loss in a process safety field. The
potential loss analysis was discussed in detail along with case studies. The authors of [12]
suggested defining a new loss function for use in Bayesian methods to decrease the effects
of outliers in crowd behavior analysis. The authors of [13] proposed a novel loss function
named the weighted composite Linex loss function and compared the performance of the
estimators under it with other estimators under the Linex loss, weighted Linex loss, and
composite Linex loss functions. The authors of [14] introduced a novel weighted general
entropy loss function and compared it with other loss functions. The authors of [15] derived
the parameter estimations of the exponential distribution with complete data, which were
comparatively analyzed using maximum-likelihood and Bayesian estimations with the
squared error loss, entropy loss, and composite Linex loss functions.

The Burr XII distribution is very flexible as a lifetime distribution, as its hazard rate
function can be either monotonic or unimodal, which means that it is much more suitable
for modeling different types of lifetime data. Thus, it is more compatible with the precise
situations of system reliability analysis and has been widely studied by scholars and applied
in practice.

The probability density function (PDF) and cumulative distribution functions are
expressed as

fla,B) =apx® 1 (1+x%) P x>0,ap>0, (1)
Fxia,p) =1 (1+x") 7, @

where « and B represent the shape parameters.
The hazard rate and reliability functions are expressed as

a—1
h(x;a,B) = (Xlﬁjf . (3)
R(te,B) = (1+1)F. 4)

As a vitally flexible distribution, the Burr XII distribution has many tight connections
with other well-known distributions. Whena = 1, § = 1, and & = §, the Burr XII distri-
bution is equivalent to the Pareto, log-logistic, and paralogistic distributions, respectively,
with all their scale parameters equal to 1.

The PDF plots corresponding to the selected parameter values are shown in Figure 1.

Based on Figure 1, when « > 1, the PDF plots of the Burr XII distribution have a single
peak, which is skewed to the right. As 8 increases, the density plot becomes steeper. In
contrast to the case of « > 1, the function curve monotonically decreases when & < 1.

The hazard rate plots with different values of « are shown in Figure 2, indicating that
the hazard rate decreases monotonically for « < 1. However, when a > 1, the hazard rate
quickly reaches its peak and then decreases as the argument x increases. As x approaches
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Figure 1. PDF plots of the Burr XII distribution for varying parameter values.
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Figure 2. Hazard rate plots of the Burr XII distribution with different values of «.

The reliability plots are shown in Figure 3.
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Figure 3. Reliability plots of the Burr XII distribution with different values of «.

The Burr XII distribution has a broad range of applications in lifetime analysis due to
its excellent flexibility and practicality as a lifetime distribution. The Burr XII distribution
was adopted in [16] to investigate the reliability of a transit traffic control system with
medium loads. Using a progressive type-II censored scheme, the authors of [17] considered
estimates for the Burr XII distribution using E-Bayesian methods. The authors of [18]
discussed the Bayesian estimators of the parameters and reliability under the Burr XII
distribution, which were compared with classical maximum-likelihood estimation. For a
mixture system of three Burr XII distributions, the authors of [19] analyzed the Bayesian and
maximum-likelihood estimators, along with the elegant closed-form algebraic expressions
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of Bayesian estimators, as well as the posterior risks. Under the Burr XII distribution, the
authors of [20] introduced an improved adaptive type-II progressive censoring scheme, in
which the frequentist and Bayesian inferences were established.

Concentrating on the Burr XII distribution, this study covers the maximum-likelihood
estimation (MLE), uniformly minimum-variance unbiased estimation (UMVUE), and
Bayesian estimations of the shape parameter and the reliability function. For Bayesian
estimations, the squared error loss (SEL), general entropy loss (GEL), and Q-symmetric
entropy loss (QEL) functions, together with the new loss function proposed in this paper
named the weighted Q-symmetric entropy loss (WQEL), were applied. Our innovation
lies in providing UMVUE and Bayesian estimations under the new loss function for the
reliability of the Burr XII distribution. The evaluation of the given estimators, especially
the Bayesian estimators under the new WQEL function, is also discussed.

The remainder of this paper is structured as follows. In Section 2, the frequentist
methods of the MLE and UMVUE under the Burr XII distribution are investigated. Section 3
deals with the Bayesian estimators under the three pre-existing loss functions, namely the
SEL, GEL, and QEL functions. In Section 4, a novel loss function named the weighted
Q-symmetric entropy loss function is proposed and applied. The Monte Carlo simulation
is established in Section 5, which is conducted to assess the performance of the given
estimators. In Section 6, a remission time data set is used to demonstrate the utility of the
discussed estimators.

2. The Classical Estimators of the Parameters and Reliability

In this section, we focus on the calculation of the classical estimators, including the
MLE and UMVUE, for both the parameter g and the reliability function.

2.1. Maximum-Likelihood Estimation

Let x = (x1,xp,-- ,xn)’ denote a sample of size n from the Burr XII distribution;
therefore, the likelihood function is computed as

L(a, B;x) fouaﬁ—ﬂé”ﬁ”nxz (1+x% P, (5)

and the log-likelihood function is

™=

InL(a,B;x) =nlna+nln+ («—1) ilnxi (ﬁ—i—l)
i=1

(14 7). (6)

Il
—_

Consequently, the derivative of Function (6) concerning f is

dlnL n
In(1+ x*). (7)
95 "B l; )
The second-order derivative of Function (6) is expressed as
?InL n
87,32 = —E <0, 8)

which means that ,3 MLE €xists and is unique.
We set Function (7) to zero in order to find the value of B that maximizes Function (6),
which is also the MLE of B. It is obtained as follows:

n

N 9
;7:1 ln(l + xl-“) ©)

BMLE =

where « is supposed to be known.
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According to the unique invariance property of the MLE, Ry (t) is naturally com-
puted as

RMLE(t) = (1 + t“)iBMLE. (10)

2.2. Uniformly Minimum-Variance Unbiased Estimation

Suppose that X = (X1, X, ,Xn)' represents a random sample of the Burr XII
distribution. Then, the statistic S = }_' ; In(1 + X;*) has a Gamma (n, %) distribution, for
which the PDF is structured as follows:

n
d(x;n, B) = Fl?n)xnleﬁx,x >0,

where T'(+) denotes the Gamma function.
The statistic S can be proved to be a sufficiently complete statistic for . According to

the Lehmann-Scheffé theorem, given E (%) — _£_ the UMVUE of the parameter f3 is

n—17

A n—1
Pumvue = —5—, (11)

and the approximate UMVUE expression of R(t) is

RUMVUE(t) = (1 + ta)‘BUMVUE. (12)

In order to obtain an accurate expression for the UMVUE of R(t), we present the
following theorems.

Theorem 1. When considering the random sample X = (X1, Xa,- -+ , Xy)' from the Burr XII
distribution, the UMVUE of the PDF f(x) at a given point, x, is expressed as

ax® 1(n—1)(1-s1 1n(1+x"‘))ni2

fUMVUE(x) = s(1+x%) , §> ln(l + x“)
0, 0.w.

(13)

wheres = Y In(1+ x;%).

Proof. Based on the Lehmann—-Scheffé theorem, as S is a completely sufficient statistic, we
can infer that f(X,|S), which is the conditional PDF of X, given S, is the UMVUE of f(x).
Let L denote Y-/ ' In(1 + X;*), for which the PDF is structured as

gt 2,-pl
— n—=z ,—
qo(l)—r(n_l)l e P1>0,

where I = Y/ n(1 + x;%).
Then, considering the independence between L and Xj,, the joint PDF of L and X, is
written as ¢(I,x,) = (1) - f(xn).

As S = L +In(1+ X}), we perform a variable transformation to obtain the joint PDF
of (S, X,;), which is

n—1
= ii (s — In(1 4 %)) 2e AE-In(Hx0) L4 gx®=1(1 4 x8) P71 5 > In(1 + 2%).

Additionally, the PDF of S is

g(s) = F’[zz) s lehs,
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Thus, the conditional PDF of X, given S is obtained as % That is, the UMVUE of f(x)

is calculated as

ax® n—1)(1—s'In(1+ xﬁ))n*2

s(14+x%)

fumvue(xn) = ,s > In(1+x%).

O
Based on Theorem 1, the UMVUE of R(t) is presented in Theorem 2.

Theorem 2. Given the estimate fupyue(x) of the PDF f(x), the UMVUE of the reliability
function R(t) is derived as

ﬁumvug(t) = /too fUMvug(x)dx = (1 —s7! In(1+ t“))nil,s > In(1+ ). (14)

Proof. In order to prove the first equality of the theorem, we note that f t°° fu Mmvue(x)dx is
the function of S, which is sufficient and complete for 8. Thus, we only need to prove that
[ fumvue(x)dx is unbiased for R(t).

E(/twfumvu&"(x)dx) = /Ooo /toofUMVUE(x)dx'g(s)ds
:/too /Ooo (Pf;(’sx)")g(s)dsdx

= [ Flax
= R(f)

where g(s) denotes the PDF of S.
Then, we can calculate the specific expression for Rumvue (t) as follows:

Rumvue(t) :/t Ffumvue(x)dx
-2

a—1(,_ 1 ay )"
{ too ax*(n 1)(1 s~ In(1+x )) dx, s> ln(l i t“)
0

s(1+x%)
, 0.w.

[y (1—w)"2(n—1)du, s> In(1+ %)
0, 0.w.

« -1
{(1—1“(15”))” , s> In(1+ %)

0, 0.w.
O

3. Bayesian Estimation under the SEL, GEL, and QEL Functions

The choice of loss function is an essential element of Bayesian methods. In this section,
we first compute the Bayesian estimators under three commonly applied loss functions,
including the squared error loss (SEL), general entropy loss (GEL), and Q-symmetric
entropy loss (QEL) functions, in order to compare the effects of the estimators under the
newly proposed loss function.

Suppose 0 is the estimate for the parameter 6 to be estimated. Then, the SEL, GEL, and
QEL functions are defined as follows:

Lser (6,6) = (6—6)7, (15)



Appl. Sci. 2024, 14, 3308 7 of 20

A o\’ 0
Leer(6,0) = o] plné —1,p #0, (16)

A\ 1 A\ 1
Loer(8,0) = (Z) +<Z> —2,4 #0. (17)

In order to evaluate the performance of different Bayesian estimators in multiple
scenarios, we consider both informative and non-informative priors.

3.1. Bayesian Estimation under the Informative Prior

Assume that § follows the informative Gamma prior distribution with the hyperpa-
rameters (a, %), which is expressed as

— v a—1,-bp
ﬂl(ﬁ)—r(a)ﬁ e %,a>0,b>0p>0. (18)
Therefore, the posterior distribution function of j is

11(B|X) = %‘Bn—i—a—le—(b-&-sw. (19)

The Bayesian estimations of the parameter § under the above loss functions are,
respectively, computed as

Bser = E(BIX) = Zig/ (20)
poe = [E67100) = s M @
5 [ E(BX) 2%17 1 [T(n+a+q) %
Pore = | gy = 5rs\Torroey) 22

Furthermore, the Bayesian estimations of R(t) under the SEL, GEL, and QEL functions
are calculated separately as

n+a
Reea(t) = BRI = |5 sm | - @)
Ror (1) = [E(R(1X)] 7 = {b—l—S—bp—'inS(l—i-t“)]_p’ =
) | ER®NX) [T (b5 —gIn(l+ )]
Fornll) = [(()|) -[irsmmaem) =

3.2. Bayesian Estimation under the Non-Informative Prior

The non-informative prior utilized is the quasi-density prior. It has broad applications,
such as its employment in [21] for the calculation of the Bayesian and Bayesian shrinkage
estimators. The quasi-density prior of 8 is defined as

p

Based on the quasi-density prior, the posterior distribution function follows

1
ml

m(B) = m>0,B>0. (26)

Gamma (n —-m+1, %) . Due to the positivity of the hyperparameters of the Gamma distri-
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bution, it is important to ensure that n — m + 1 is greater than 0. The Bayesian estimations
of the parameter  are given as

n—m+1

BseL = E(BIX) = —5— (27)

A 1 A[Ti—m—p+1)]F
por = [E(51X)] 7 = g p e D] es)

. TEBIX)]%  1[T(n—-m+q+1)]%
for = |y s T m g0 )

The Bayesian estimators of R(t) are expressed as follows

R S n—m+1
Rser(t) = E(R(1)|X) = [S—f—ln(l—kt”‘)} , (30)
Roeul) = [E(R(7IX)] " = - EREED T 61

. | EROX) [T 15— gin(1 4 )]

RopL(t) = | —F——75| = [S+qhﬂ(l—i—t"‘)] (32)

E(R(t)*ﬂg)

4. A Novel Loss Function: The Weighted Q-Symmetric Entropy Loss (WQEL) Function

Inspired by the weighted general entropy loss function introduced in [14], the pro-
posed novel loss function, WQEL, is defined based on the QEL function. In this section, we
present the definition and a brief description of the WQEL function. The relevant Bayesian
estimators under it are also included.

4.1. The Definition of the WQEL Function
The WQEL function is derived from the QEL function and is defined as

AN\ 1 A\ 4
A 1 0 0
Lwoer (6,60) = 0 <9> + <9> —2|,z€R,qg#0, (33)

where 9% denotes the weighted function imposed on the expression of the QEL function. Ob-
viously, the WQEL function is a generalized form of the QEL function, and it is asymmetric.
When z = 0, the WQEL devolves into the QEL.

For symmetric loss functions, such as the QEL function, overestimates and under-
estimates have the same effects on its function value. Thus, the estimates obtained from
the QEL are inaccurate in cases where there is a bias toward overestimated or underesti-
mated values. In contrast to the symmetry of the QEL function, the new WQEL function is
asymmetric, which means that it is more practical and flexible than the QEL function.

Specifically, when z = 0, the WQEL function degrades into the QEL function, the
estimator of which has no preference for overestimation or underestimation. When z > 0,

the estimator under the WQEL function is more biased toward the case of g < 1, and vice

versa for the case of g > 1.
Figure 4 provides a graphical representation of the WQEL function with the given
parameter values 8 = 1,2 and the chosen values of g and z.



Appl. Sci. 2024, 14, 3308

9 of 20

L(6/0)

6=2
- — g=1 0 9 — g=1,z=1
— a2 \ — g=2, z=1
=3 ' q=3, z=1
1 g=1, z=2
] N g=2, z=2
' =3, z=2
®
s 1
< )
~ |
o )
o -
T T T T T T T T T T
0.0 05 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
A
0/0

Figure 4. The plots of the WQEL function.

From Figure 4, we can conclude that the WQEL function is strictly convex and non-
negative. Moreover, regardless of the values of the parameters g and z, as the deviation

of % from 1 increases, the value of the WQEL function grows larger, fulfilling the require-
ments for a loss function. However, when 6 = 1, the WQEL is equivalent to the QEL
function, which means that the value of z has no effect on the value of the WQEL func-
tion. Additionally, increasing the value of g or decreasing the value of z leads to a larger

function value.
. A 1(78\7 i
Theorem 3. Under the WQEL function Lwggr, (9, 9) = [(9) + (g

the Bayesian estimate 0 of 0 to be estimated is derived as

)q—Z},zeR,q;«éO,

E<6w|x>)} 2

e = gy

(34)

Proof. The Bayesian estimation 0 for 6 is the estimate used to minimize the posterior risk,
which is expressed as

RiSkL (é, 9) = E(LWQEL (é, 9))

A\ 7 A\ 1
1 0 0
=/ — |2 -2/ - do
ve 0% (9) +<9> 2| - m(01X)

N A 1
— [ #1671 n(elx)de + [ 601 m(elx)de 2 [ om(e1X)ds
/, OlX)do+ [ @X)d0—2 [ Zm(6l)
=07E(0797%|X) + 07 9E(07 *|X) — 2E(6*|X),
where 71(6|X) refers to the given posterior distribution. Considering that the parameter

estimate under the WQEL function aims to minimize the posterior risk, we find

aRiSkL
00

— g E(97177(X) — g0 T E(#7]X).
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It is worth clarifying that Risky (é, 0) is a convex function; thus, we can straightfor-

wardly obtain the minima of the posterior risk by setting aRaigkL = 0. Consequently, the
Bayesian estimation of 8 under the WQEL function is
1
o [E@x) 1H
WQEL = B2 X)|
O
Moreover, it is worth mentioning that when q = 0.5 and z = —0.5, the estimators

under the WQEL function are equivalent to the estimators under the SEL function; that is,
the WQEL function is an extension of the SEL function.

4.2. Bayesian Estimations under the WQEL Function

According to Theorem 3, the Bayesian estimator of 8 under the informative Gamma
prior distribution with the hyperparameters (a, }) is given as

. TE@EIX))E 1 [Tntatq—2)]5
ﬁWQEL‘{EWﬂm] ‘b+s[r<n+a—q—z>} ‘ 59

Furthermore, the reliability function’s Bayesian estimator for the Burr XII distribution
is represented as follows:

n+a

E(R(t)q_zlz) g [b+5(q+z)ln(1+t"‘)} %

RwoeL(t) = | —7———5&| = (36)

QeL (1) E(mw*li*ﬂg) b+S+(g—z)In(1+1%)
Regarding the non-informative quasi-density prior, as m(B) = %, the Bayesian

estimations of § and R(t) under the new loss function are expressed separately as

3 [ E(B17%|X) 2177_1 I'n—m+q—z+1) % (37)

WREL = E(p=1—2X)| ~ S|T(n—-m—g—z+1)] ’

1
- 2 n—m
— E(R(H)T7|x) |7 [s —(g+2)In(1 + t“)} o
WQEL(E) = | =7 ————~| =
Q E(R(t)_q_z\x) S+ (g —2z)In(1 +t*)

5. Simulation

Monte Carlo simulation is widely employed in the literature to assess the performance
of different models. For example, the authors of [22] employed it to estimate the reliability of
logistics and supply chain networks. This section concentrates on a graphical demonstration
of the performance under the applied reliability estimators for comparison and assessment
purposes using Monte Carlo simulation. The simulation program was operated using the
statistical software R, version 4.2.2. We conducted the simulation using a Windows 10
system with an 11th Gen Intel(R) Core(TM) i5-1135G7 @ 2.42 GHz CPU.

Different estimation methods were evaluated by comparing the mean squared error
(MSE), which is defined as

1
N

1

A N o 2
MSE(R(t)) = (Ri(t) = R(1))?, (39)
=1

where N represents the number of iterations.
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Given that the MSE acts on a given value t for R(t), we then adopted the Mean
Integrated Squared Error (MISE) to measure the performance of the discussed estimators
for the reliability function globally. The MISE is defined as

MISE(R(5)) = 1. i (; i (Ri(t;) - R(t]-))2> =2 Y MSER()),  (40)
i j=1

=1 j=1

where ¢; refers to the particular values of  selected from the reliability function R(t) and T
is the number of the selected values denoted by ¢;.
The simulation involved the following procedures:

(1) Before proceeding with the simulation, we initially determined the values of each
known parameter in the model. The parameters a and p appeared in the Burr XII
distribution and were set as « = 2 and B = 0.5. We employed sample sizes of
n = 10,n = 30, and n = 100. In the Bayesian estimators, the hyperparameters of
the informative Gamma prior were (2,1), and the values of m in the quasi-density
prior were m = 0.5,1. As for the value p, which occurred in the GEL function, it was
setas p = 0.5 and p = 2. We considered q = 0.5,2 for the QEL function, as well
asz = —0.5,4 = 0.5and z = —1, g = 2 for the WQEL function. For the choice of
z = —0.5, 9 = 0.5, we aimed to verify that the WQEL estimator for z = —0.5, 4 = 0.5
was equivalent to the estimator under the SEL function. For the latter, it represented
a choice of parameters for the WQEL estimator that exhibited the best performance,
which we determined after many attempts.

(2) We obtained n samples randomly selected from the Burr XII distribution using the
inverse transforming sampling method with the given values of a and f.

(8) We repeated step (2) N = 1000 times and calculated the MISE values. When N was
large enough, the effects of random errors occurring each time we obtained the random
sample in step (2) diminished, resulting in more informative simulation results.

As observed in Figure 1, significant variations emerged with small values of ¢ in the
probability density plots. Thus, it should be noted that when computing the MISE, we took
the argument of the reliability function as t = (0.5,1,1.5,2,3,4). The simulation records are
presented in Tables 1-5.

The estimates were evaluated with varying values of &, n, m, p, g, and z.

From the Monte Carlo simulation results, we can conclude the following:

(1) By comparing Tables 2-5, it is evident the estimators under the WQEL function for
the parameter g = 2, z = —1 exceeded the estimators under other loss functions from
a comprehensive point of view due to their smaller MISE values. This result is better
visualized in Figure 5.

(2) Based on the results in Tables 2 and 5, a Wilcoxon signed-rank test was conducted
for the corresponding estimates under different priors in order to determine whether
the estimates under the SEL and the WQEL with g = 0.5, z = —0.5 were significantly
different. The null hypothesis for the test was that there was no significant difference
between the two sets of data. The significance level was set at 0.05. Based on the
results in Tables 2 and 5, the p-value of the Wilcoxon signed-rank test was calculated
as p = 0.7829 > 0.05, indicating that the estimates under the SEL and WQEL function
with g = 0.5, z = —0.5 had similar values. Thus, when g = 0.5, z = —0.5, the
estimators under the WQEL function were equivalent to those under the SEL function.
This demonstrates the flexibility and advantages of the new WQEL function.

(3) As seen in Table 1, the classical estimators under the Burr XII distribution with
parameter & = 2 were more efficient than the estimators when o = 1.

(4) Asseen in Tables 2-5, regardless of the loss function used, the estimates under the
informative Gamma prior were more efficient than those under the non-informative
quasi-density prior, which demonstrates the benefit of an appropriate informative
prior distribution for Bayesian estimators.
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(5) Meanwhile, as seen in Tables 3 and 4, the estimates under the GEL and QEL functions
with g = 0.5 yielded better results than those with g4 = 2, which implies that the GEL
and QEL values are sensitive to the values of the parameter 4.

(6) As seen in Tables 1-5, as the sample size n increased, the MISEs of almost all the
estimators decreased.

Table 1. The MLE and UMVUE of R(t), with their MSEs shown in brackets.

a=1 =2
n t R(t) Rymre(t) Rumvue(t) R(t) Rype(t) Rumvue(t)
0.5 0.81649658 0.79830820 0.81626338 0.89442719 0.88565190 0.89639883
(0.01797478)  (0.01155408) (0.00047127)  (0.00088616)
1.0 0.70710678 0.68291247 0.70890501 0.70710678 0.68966910 0.71525862
(0.03486863) (0.02298424) (0.00299053) (0.00573007)
1.5 0.63245553 0.60618792 0.63646654 0.55470020 0.53649463 0.56986806
10 (0.04442302)  (0.02983809) (0.00561123)  (0.01096665)
2.0 0.57735027 0.55058731 0.58337646 0.44721360 0.43166353 0.46792616
(0.04938721) (0.03367085) (0.00713106) (0.01418885)
3.0 0.50000000 0.47399620 0.50932171 0.31622777 0.30713612 0.34348456
(0.05253700) (0.03664100) (0.00788300) (0.01615392)
4.0 0.44721360 0.42268128 0.45903381 0.24253563 0.23835455 0.27271242
(0.05188266)  (0.03680236) (0.00745202)  (0.01562739)
MISE 0.04184555 0.02858177 0.00525652 0.01059218
0.5 0.81649658 0.80893908 0.81465544 0.89442719 0.89052256 0.89396449
(0.00072124)  (0.00100228) (0.00006955)  (0.00002266)
1.0 0.70710678 0.69663229 0.70502461 0.70710678 0.69858304 0.70693723
(0.00161781)  (0.00225745) (0.00041127)  (0.00013514)
1.5 0.63245553 0.62070971 0.63057413 0.55470020 0.54474965 0.55578332
30 (0.00230277) (0.00322353) (0.00071715) (0.00023770)
2.0 0.57735027 0.56505489 0.57580377 0.44721360 0.43760598 0.44966745
(0.00279960)  (0.00392933) (0.00085372)  (0.00028515)
3.0 0.50000000 0.48750994 0.49918223 0.31622777 0.30863208 0.32073713
(0.00342229) (0.00482337) (0.00084900) (0.00028707)
4.0 0.44721360 0.43498953 0.44705740 0.24253563 0.23685588 0.24824119
(0.00375780) (0.00531353) (0.00073975) (0.00025247)
MISE 0.00243692 0.00342492 0.00060674 0.00020337
0.5 0.81649658 0.81482589 0.81649446 0.89442719 0.89330715 0.89431505
(0.00008583) (0.00011766) (0.00000028) (0.00000231)
1.0 0.70710678 0.70481881 0.70728430 0.70710678 0.70464073 0.70710766
(0.00018964)  (0.00026032) (0.00000167)  (0.00001398)
1.5 0.63245553 0.62991930 0.63283046 0.55470020 0.55179898 0.55508032
100 (0.00026678) (0.00036658) (0.00000298) (0.00002496)
2.0 0.57735027 0.57472474 0.57790782 0.44721360 0.44439590 0.44800089
(0.00032122) (0.00044178) (0.00000361) (0.00003035)
3.0 0.50000000 0.49738876 0.50086232 0.31622777 0.31398420 0.31762257
(0.00038671)  (0.00053258) (0.00000370)  (0.00003123)
4.0 0.44721360 0.44470870 0.44831221 0.24253563 0.24085309 0.24428314
(0.00041959)  (0.00057848) (0.00000330)  (0.00002793)
MISE 0.00027830 0.00038290 0.00000259 0.00002179
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Table 2. The Bayesian estimates under the SEL function and « = 2 and § = 0.5, with their MSEs
shown in brackets.

Gamma Prior

Quasi-Density Prior (m = 0.5)

Quasi-Density Prior in = 1)

n t R(t) Rser (t) Rser (1) RseL(t)
0.5 0.89442719 0.87280694 0.87876107 0.88414680
(0.00005850) (0.00281316) (0.00212439)
1.0 0.70710678 0.66263949 0.67697393 0.68941180
(0.00044212) (0.01368563) (0.01039924)
15 0.55470020 0.50540811 0.52430887 0.54016925
10 (0.00097336) (0.01977326) (0.01509506)
2.0 0.44721360 0.40146574 0.42221176 0.43920878
(0.00140592) (0.02012684) (0.01540660)
3.0 0.31622777 0.28199122 0.30315901 0.31998567
(0.00186986) (0.01583332) (0.01214019)
4.0 0.24253563 0.21790019 0.23821225 0.25407353
(0.00200895) (0.01167751) (0.00894554)
MISE 0.00112645 0.01398495 0.01068517
0.5 0.89442719 0.88797084 0.89003636 0.89173440
(0.00016410) (0.00349479) (0.00320910)
1.0 0.70710678 0.69349769 0.69843747 0.70253490
(0.00089375) (0.01778125) (0.01640886)
15 0.55470020 0.53946625 0.54590884 0.55130046
30 (0.00143191) (0.02675688) (0.02480931)
2.0 0.44721360 0.43315695 0.44013600 0.44602126
(0.00158133) (0.02812639) (0.02618147)
3.0 0.31622777 0.30620266 0.31313071 0.31904293
(0.00139320) (0.02316576) (0.02168828)
4.0 0.24253563 0.23596620 0.24244581 0.24802471
(0.00110573) (0.01763246) (0.01657375)
MISE 0.00109500 0.01949292 0.01814513
0.5 0.89442719 0.89185526 0.89300322 0.89350584
(0.00012076) (0.00032429) (0.00033945)
1.0 0.70710678 0.70139532 0.70421845 0.70544587
(0.00069190) (0.00205874) (0.00215655)
15 0.55470020 0.54789939 0.55167397 0.55330387
100 (0.00116836) (0.00386530) (0.00405207)
2.0 0.44721360 0.44051295 0.44467979 0.44646880
(0.00135234) (0.00491583) (0.00515697)
3.0 0.31622777 0.31070706 0.31494691 0.31675174
(0.00128635) (0.00544252) (0.00571607)
4.0 0.24253563 0.23821968 0.24224326 0.24394571
(0.00108394) (0.00515261) (0.00541648)
MISE 0.00095061 0.00362655 0.00380627
Table 3. The Bayesian estimates under the GEL function and &« = 2 and B = 0.5, with their MSEs
shown in brackets.
Gamma Prior Quasi-Density Prior (n = 0.5) Quasi-Density Prior (im = 1)
p =205 p=2 p =205 p=2 p =205 p=2
not R(t) Rger(t) Rger(t) Reer(t) Rger(t) Reer (1) Reer(t)
0.5 0.89442719 0.87140372 0.87026485 0.87612504 0.87922039 0.88161397 0.88458424
(0.00106033) (0.00114039) (0.00088713) (0.00248670) (0.00110622) (0.00185289)
1.0 0.70710678 0.65434913 0.64627825 0.66598801 0.66730555 0.67868420 0.67996289
10 (0.00621832) (0.00768797) (0.00562169) (0.01599278) (0.00708721) (0.01237333)
1.5  0.55470020 0.48900975 0.47207264 0.50452769 0.49865813 0.52056621 0.51473525
(0.01071165) (0.01499681) (0.01051735) (0.02964375) (0.01341461) (0.02379694)
2.0 0.44721360 0.37904214 0.35530830 0.39607007 0.38304555 0.41299112 0.39988712
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Gamma Prior Quasi-Density Prior (in = 0.5) Quasi-Density Prior in = 1)
p =05 p=2 p =05 p=2 p =05 p=2
n t R(t) RgEL(t) RgEL(t) RgEL(t) ReEL(t) RgEL(t) RgEL(t)
(0.01257647) (0.01933857) (0.01331347) (0.03643286) (0.01716271) (0.03017420)
3.0 0.31622777 0.25327911 0.22265381 0.27034802 0.24807910 0.28649631 0.26363066
(0.01216126) (0.02104647) (0.01458305) (0.03646115) (0.01913548) (0.03165639)
4.0 0.24253563 0.18698475 0.15444508 0.20294492 0.17647134 0.21762876 0.19003693
(0.01032390) (0.01903242) (0.01365523) (0.03073922) (0.01817177) (0.02759084)
MISE 0.00884199 0.01387377 0.00976299 0.02529274 0.01267967 0.02124077
0.5 0.89442719 0.88766716 0.88736115 0.89011987 0.88942071 0.89181649 0.89112759
(0.00017263) (0.00018145) (0.00035683) (0.00365531) (0.00041000) (0.00336090)
1.0 0.70710678 0.69125993 0.68897494 0.69716673 0.69384270 0.70127555 0.69798682
(0.00104473) (0.00121108) (0.00221791) (0.02023757) (0.00255941) (0.01875387)
1.5 0.55470020 0.53455143 0.52948226 0.54228481 0.53570474 0.54769448 0.54115605
30 (0.00186306) (0.00236742) (0.00406974) (0.03277765) (0.00471768) (0.03061345)
2.0 0.44721360 0.42595670 0.41848646 0.43434034 0.42506486 0.44023337 0.43098113
(0.00225965) (0.00309198) (0.00506667) (0.03637781) (0.00589735) (0.03420434)
3.0 0.31622777 0.29615197 0.28568462 0.30444455 0.29188496 0.31031786 0.29771262
(0.00231005) (0.00351199) (0.00540968) (0.03205038) (0.00633896) (0.03044504)
4.0 0.24253563 0.22456720 0.21271462 0.23227316 0.21823016 0.23776179 0.22360194
(0.00205173) (0.00334479) (0.00497283) (0.02530012) (0.00585770) (0.02420882)
MISE 0.00161698 0.00228478 0.00368228 0.02506647 0.00429685 0.02359774
0.5 0.89442719 0.89191557 0.89182890 0.89252575 0.89283063 0.89303047 0.89333401
(0.00000000) (0.00000002) (0.00000585) (0.00032018) (0.00000365) (0.00033527)
1.0 0.70710678 0.70110758 0.70045100 0.70260600 0.70291078 0.70383863 0.70414238
(0.00000007) (0.00000078) (0.00003684) (0.00197680) (0.00002333) (0.00207297)
1.5 0.55470020 0.54692685 0.54544847 0.54892510 0.54872742 0.55056053 0.55036310
100 (0.00000029) (0.00000385) (0.00006851) (0.00360110) (0.00004398) (0.00378215)
2.0 0.44721360 0.43887700 0.43666933 0.44107582 0.44027511 0.44286817 0.44206792
(0.00000061) (0.00000858) (0.00008623) (0.00445328) (0.00005600) (0.00468372)
3.0 0.31622777 0.30814837 0.30498792 0.31037011 0.30862551 0.31217125 0.31042468
(0.00000121) (0.00001777) (0.00009358) (0.00470124) (0.00006186) (0.00495591)
4.0 0.24253563 0.23516280 0.23152431 0.23725680 0.23494691 0.23894864 0.23663301
(0.00000159) (0.00002381) (0.00008700) (0.00428232) (0.00005825) (0.00452247)
MISE 0.00000063 0.00000914 0.00006300 0.00322249 0.00004118 0.00339208
Table 4. The Bayesian estimates under the QEL function and &« = 2 and B = 0.5, with their MSEs
shown in brackets.
Gamma Prior Quasi-Density Prior (m = 0.5) Quasi-Density Prior (m = 1)
q=205 q=2 q=205 q=2 q=20.5 q=2
n t R(t) Roer(t) Roer(t) Roer(t) Roer(t) RoEer(t) Roer(t)
0.5 0.89442719 0.87177507 0.87174935 0.87652719 0.88071209 0.88457977 0.88601588
(0.00103479) (0.00103636) (0.00089526) (0.00226954) (0.00024260) (0.00167339)
1.0 0.70710678 0.65688460 0.65635514 0.66872637 0.67756936 0.68713813 0.68996808
(0.00578756) (0.00586942) (0.00578980) (0.01242161) (0.00151643) (0.00932654)
1.5 0.55470020 0.49419175 0.49239579 0.51012950 0.51968885 0.53318154 0.53555167
10 (0.00954473) (0.00992351) (0.01108011) (0.02033247) (0.00279849) (0.01558087)
2.0 0.44721360 0.38620110 0.38287256 0.40383561 0.41200643 0.42802265 0.42892594
(0.01082966) (0.01161192) (0.01433154) (0.02315430) (0.00350127) (0.01809230)
3.0 0.31622777 0.26245327 0.25649611 0.28039597 0.28457583 0.30337980 0.30095278
(0.00999489) (0.01142056) (0.01630101) (0.02182261) (0.00376708) (0.01763912)
4.0 0.24253563 0.19679374 0.18908714 0.21379666 0.21461880 0.23470551 0.22960587
(0.00824171) (0.00997375) (0.01575132) (0.01843233) (0.00348225) (0.01531750)
MISE 0.00757222 0.00830592 0.01069151 0.01640548 0.00255135 0.01293829
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Table 4. Cont.

Gamma Prior

Quasi-Density Prior (in = 0.5)

Quasi-Density Prior in = 1)

q=0.5 q=2 q=20.5 q=2 q=0.5 q=2
n t R(t) RoeL(t) RoeL(t) RoeL(t) Roer(t) Roer(t) RoeL(t)
0.5 0.89442719 0.88776850 0.88776648 0.89022165 0.88982998 0.89191680 0.89153098
(0.00016976) (0.00016982) (0.00035915) (0.00354834) (0.00041245) (0.00325973)
1.0 0.70710678 0.69200795 0.69196205 0.69792246 0.69687672 0.70202359 0.70099008
(0.00099295) (0.00099609) (0.00226429) (0.01860601) (0.00260862) (0.01719563)
1.5 0.55470020 0.53619511 0.53602508 0.54395560 0.54238930 0.54935541 0.54780186
30 (0.00171254) (0.00172797) (0.00421938) (0.02880555) (0.00487729) (0.02678139)
2.0 0.44721360 0.42836343 0.42802580 0.43679984 0.43485953 0.44268760 0.44075660
(0.00201945) (0.00205296) (0.00532877) (0.03098345) (0.00617821) (0.02895350)
3.0 0.31622777 0.29950277 0.29883663 0.30789776 0.30549234 0.31378419 0.31137683
(0.00197875) (0.00204472) (0.00582987) (0.02636404) (0.00679263) (0.02483017)
4.0 0.24253563 0.22835483 0.22743407 0.23620124 0.23354352 0.24172242 0.23905083
(0.00170532) (0.00179024) (0.00546613) (0.02050066) (0.00639343) (0.01941772)
MISE 0.00142980 0.00146363 0.00391127 0.02146801 0.00454377 0.02007302
0.5 0.89442719 0.89245776 0.89245759 0.89255470 0.89294560 0.89305929 0.89344847
(0.00000287) (0.00000287) (0.00000571) (0.00032292) (0.00000354) (0.00033805)
1.0 0.70710678 0.70256609 0.70256229 0.70282482 0.70378022 0.70405675 0.70500904
(0.00001726) (0.00001729) (0.00003423) (0.00203113) (0.00002126) (0.00212839)
1.5 0.55470020 0.54904411 0.54902961 0.54941704 0.55068211 0.55105151 0.55231396
100 (0.00003059) (0.00003075) (0.00006056) (0.00377552) (0.00003767) (0.00396038)
2.0 0.44721360 0.44137270 0.44134319 0.44180982 0.44319053 0.44360155 0.44498085
(0.00003695) (0.00003730) (0.00007303) (0.00475742) (0.00004548) (0.00499496)
3.0 0.31622777 0.31093628 0.31087603 0.31142063 0.31279238 0.31322272 0.31459535
(0.00003762) (0.00003836) (0.00007416) (0.00518517) (0.00004627) (0.00545234)
4.0 0.24253563 0.23798035 0.23789508 0.23846706 0.23973927 0.24016162 0.24143623
(0.00003337) (0.00003437) (0.00006566) (0.00484708) (0.00004103) (0.00510286)
MISE 0.00002644 0.00002682 0.00005223 0.00348654 0.00003254 0.00366283
Table 5. The Bayesian estimates under the WQEL function and & = 2 and = 0.5, with their MSEs
shown in brackets.
Gamma Prior Quasi-Density Prior (in = 0.5) Quasi-Density Prior in = 1)
q = 0.5, q=2, q = 0.5, q=2, q = 0.5, q=2,
z = —0.5 z=-—1 z= —0.5 z=-—1 z=—0.5 z=-—1
n t R(t) RwEr (t) Rwoer(t) Rwoer(t) RwoeL (t) RwoeL (t) Rwoer(t)
0.5 0.89442719 0.87376774 0.87293922 0.88242325 0.88164069 0.88765776 0.88690989
(0.00099839) (0.00025586) (0.00078656) (0.00057576) (0.00041115) (0.00076863)
1.0 0.70710678 0.66478387 0.66556646 0.68533967 0.68619447 0.69753618 0.69838503
(0.00672769) (0.00188499) (0.00529014) (0.00407983) (0.00276852) (0.00539957)
1.5 0.55470020 0.50807962 0.51178672 0.53486249 0.53867859 0.55054483 0.55433461
10 (0.01345666) (0.00405720) (0.01055567) (0.00852333) (0.00552254) (0.01120973)
2.0 0.44721360 0.40428351 0.41025985 0.43341208 0.43956737 0.45033312 0.45649534
(0.01812998) (0.00575999) (0.01418586) (0.01186492) (0.00741095) (0.01554604)
3.0 0.31622777 0.28471883 0.29297788 0.31406839 0.32266024 0.33098870 0.33970285
(0.02209363) (0.00748622) (0.01720594) (0.01509382) (0.00894798) (0.01971436)
4.0 0.24253563 0.22042779 0.22937850 0.24836561 0.25776191 0.26442722 0.27404581
(0.02257293) (0.00792845) (0.01750654) (0.01582995) (0.00905742) (0.02066649)
MISE 0.00568643 0.00456212 0.01092179 0.00932793 0.01399655 0.01221747
0.5 0.89442719 0.88647113 0.88708482 0.88967207 0.89028613 0.89137522 0.89198074
(0.00005335) (0.00000596) (0.00010764) (0.00000058) (0.00014066) (0.00000570)
30 1.0 0.70710678 0.68988168 0.69221200 0.69761121 0.69995153 0.70171613 0.70403454
(0.00035648) (0.00001726) (0.00070611) (0.00001361) (0.00091851) (0.00005896)
1.5 0.55470020 0.53471978 0.53884082 0.54489540 0.54905715 0.55029080 0.55443160
(0.00070331) (0.00000963) (0.00136968) (0.00005421) (0.00177420) (0.00016120)
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Table 5. Cont.

Gamma Prior Quasi-Density Prior (in = 0.5) Quasi-Density Prior in = 1)

q=0.5, q=2, q=0.5, q=2, q =0.5, q=2,

z = —0.5 z=—1 z = —0.5 z=-—1 z=—0.5 z=-—1
n t R(t) RwoeL(t) RwoeL(t) RwoeL(t) Rwoer(t) Rwqer(t) Rwqer(t)
2.0 0.44721360 0.42799303 0.43343099 0.43910275 0.44462419 0.44498681 0.45050074
(0.00093228) (0.00000124) (0.00179131) (0.00010908) (0.00231264) (0.00026719)
3.0 0.31622777 0.30105184 0.30789165 0.31221297 0.31922085 0.31811647 0.32515463
(0.00109837) (0.00000623) (0.00207088) (0.00020471) (0.00266126) (0.00041458)
4.0 0.24253563 0.23113783 0.23848864 0.24166793 0.24925245 0.24723402 0.25488318
(0.00108700) (0.00002396) (0.00202404) (0.00026166) (0.00259335) (0.00048287)
MISE 0.00070513 0.00001071 0.00134494 0.00010731 0.00173344 0.00023175
0.5 0.89442719 0.89179149 0.89205948 0.89277982 0.89304674 0.89328344 0.89354917
(0.00000816) (0.00000001) (0.00001466) (0.00000115) (0.00001856) (0.00000245)
1.0 0.70710678 0.70124072 0.70218992 0.70365364 0.70460130 0.70488303 0.70582759
(0.00005338) (0.00000061) (0.00009432) (0.00001022) (0.00011881) (0.00001942)
1.5 0.55470020 0.54769407 0.54934912 0.55089714 0.55255347 0.55252894 0.55418184
100 (0.00010308) (0.00000326) (0.00017927) (0.00002536) (0.00022469) (0.00004428)
2.0 0.44721360 0.44028615 0.44247847 0.44380069 0.44599930 0.44559104 0.44778744
(0.00013408) (0.00000744) (0.00023014) (0.00003964) (0.00028725) (0.00006534)
3.0 0.31622777 0.31047327 0.31327885 0.31401656 0.31683959 0.31582143 0.31864643
(0.00015322) (0.00001568) (0.00025796) (0.00005764) (0.00031996) (0.00008862)
4.0 0.24253563 0.23799360 0.24105707 0.24133394 0.24442428 0.24303539 0.24613188
(0.00014809) (0.00002117) (0.00024599) (0.00006480) (0.00030378) (0.00009567)
MISE 0.00010000 0.00000803 0.00017039 0.00003314 0.00021218 0.00005263

In order to provide an intuitive overview of the estimated reliability function under
different estimators, Figures 5 and 6 illustrate the differences between the Bayesian and
classical estimators of the Burr XII distribution with the parameters « = 2 and g = 0.5,
assuming a sample size of n = 10. In Figure 5, the Gamma prior is set as Gamma(2,1),
while the parameter in the quasi-density prior is set to m = 0.5. Meanwhile, the estimates
under the SEL, GEL, QEL, and WQEL functions are compared for p = 2,4 = 2,and z = —1.

In Figure 5, it can be observed that the reliability functions estimated using the WQEL
function are closer to the real value of R(t), which indicates the superiority of the estimators
under the WQEL function when compared with other estimators.

Gamma prior Quasi-density prior

1.0
0

— R() - — R
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Figure 5. Plots of the Bayesian estimators under the SEL, GEL, QEL, and WQEL functions.
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Figure 6. The MLE and UMVUE of the Burr XII distribution reliability function.

Figure 6 shows that as t increases, the estimated Ry g(t) progressively approaches
the true value of R(t), whereas the UMVUE of R(t) progressively deviates.

6. Real Data Analysis

A real data set was employed in this section to illustrate the utility of the Burr XII
distribution and its corresponding estimators. The data set comprises 128 observations
recording the remission time (in years) of bladder cancer patients, as studied in [23].
An effective and accurate estimator of the reliability functions can greatly assist doctors
in understanding the remission time of bladder patients globally and in managing the
therapeutic interventions for these patients.

Before estimating the reliability of this data set, we initially calculated the Bayesian in-
formation criterion (BIC) for this data set for various commonly used lifetime distributions,
including the Burr XII, Gamma, Weibull, Lindley, log-logistic, and linear-exponential distri-
butions, to determine whether it is plausible to fit this data set with the Burr XII distribution.

The PDFs of the considered candidate distributions are structured as follows:

wh
Gamma: f(x; A, w) = — MY x> 0,0 > 0,0 >0,

T(A)

A A=l oA
Weibull: f(x; A, w) = 5(%) e~ (&) ,x>0,A>0,w>0,

2

Lindley: f(x;7) = 11_7‘_17 (I+x)e ™,x>0,1>0,

. Awx@—1
Log-logistic: f(x;A, w) = ————,x>0A>0,w>0,
(1+Axw)

Linear—exponential: f(x;A, w) = (A + wx)ef(/\x+%wx2),/\ +wx > 0.

The goodness-of-fit results are shown in Table 6.
The results in Table 6 show that the Burr XII distribution should be selected over the
other candidate distributions due to its smaller BIC values.
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Table 6. MLEs of the candidate models and their BICs on the data set.
Model Parameter Estimates BIC

Burr XII distribution %=1.428458, [3=2.064648 193.0478

Gamma distribution A=1.172510, ©=1.502313 200.3035

Weibull distribution A=1.047834, ©=0.796724 201.7417

Lindley distribution 7=1.747608 198.9121

Log-logistic distribution A=3.222481, =1.725157 196.4830

Linear—exponential distribution A=1.381229, ©=-0.113880 201.0009

In order to enhance the persuasive power of this study, a Kolmogorov—Smirnov
test was conducted as a validation supplement. Let Fy, £, and F, denote the underlying
distribution of the data, the estimated Burr XII distribution, and the empirical distribution,
respectively. The test statistic for the null hypothesis Hy : Fy = F versus the alternative
hypothesis Hj : Fy # F is shown below:

Dy= sup |F(x)—Fui(x)|.

—oolx<0o0

The Kolmogorov-Smirnov distance between the estimated Burr XII distribution and
the empirical distribution was calculated as D, = 0.035015 < D,(0.05). This suggests
that under a significance level of 0.05, there are no significant discrepancies between the
estimated Burr XII distribution and the empirical distribution of the data. Moreover, the
p-value of the test was calculated as p = 0.9976 > 0.05. A high p-value indicates a high prob-
ability of obtaining the observed results, thus we cannot reject the null hypothesis, which
verifies the correctness of choosing the Burr XII distribution as the best-fitting distribution.

In order to visualize this data set more intuitively and compare it with the fitted Burr
XII distribution, the histogram of the remission time data and the corresponding Burr XII
distribution are shown in Figure 7. This suggests that both the histogram of the real data
and the PDF of the underlying distribution exhibit similar patterns.
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Figure 7. Histogram of the remission time and its fitted Burr XII distribution.

Table 6 indicates that for the Burr XII distribution, the MLE of « is & = 1.428458. In
order to verify that the real data are consistent with the case of a fixed « and unknown B as
studied in this paper, we carried out a likelihood ratio test for the integrity of our studies
using the Burr XII distribution. Let the null and alternative hypotheses be Hy : « = 1.428458
and Hj : « # 1.428458, respectively. The test statistic is



Appl. Sci. 2024, 14, 3308

19 of 20

sup L(a, B;x)
x=1.428458,6>0

sup L(w,B;x)
2>0,8>0

A:

Considering that —2 In A approximately obeys a chi-square distribution with 1 degree
of freedom, the p-value was calculated as 0.9999952 > 0.05, which indicates that under a
significance level of 0.05, we cannot reject the null hypothesis. Therefore, we determined
that the real data set obeys the Burr XII distribution with a = 1.428458 and  unknown.

Consequently, the classical and Bayesian estimates for selected points of the reliability
function of the remission time data are presented in Table 7. For the Bayesian estimates, we
adopted the non-informative quasi-density prior with m = 0.5, and the parameters in the
GEL, QEL, and WQEL functions were considered as p = 2,9 = 2, and z = —1, respectively.

Table 7. The estimates of the reliability for selected points of the data set along with the corresponding
running times.

t=20.5 t=1 t=15 t=2 t=3 t=4 Running Time (s)
Ryie(t) 0.520860 0.239044 0.120704 0.067438 0.026501 0.012836 0.192488
Rymvue(t) 0.523521 0.241732 0.122715 0.068874 0.027264 0.013280 0.185871
Rser (1) 0.520399 0.239615 0.121806 0.068634 0.027488 0.013572 0.189641
RgeL(t) 0.517792 0.233867 0.115495 0.062928 0.023466 0.010798 0.187371
ﬁQEL(t) 0.519522 0.237655 0.119619 0.066624 0.026026 0.012534 0.198095
RWQEL(t) 0.521250 0.241462 0.123822 0.070458 0.028787 0.014483 0.212756

In Table 7, it is evident that the running time of the estimator under the WQEL function
was slightly longer than that of the other estimators, but the difference was not significant.
Considering that the accuracy of the estimator under the WQEL function was better than
that of the other estimators, such a time cost is acceptable.

7. Conclusions

Originating from the QEL function, we have proposed a new loss function called the
WQEL and discuss the corresponding parameter and reliability function estimators of the
Burr XII distribution under it. Classical estimators, including the maximum-likelihood and
uniformly minimum-variance unbiased estimations, were also derived comprehensively.
Considering Gamma and quasi-density priors, we discussed the estimators under the SEL,
GEL, and QEL functions for Bayesian procedures and compared them with the estimators
under the new loss function. Through Monte Carlo simulation, the estimator under the
WQEL function was found to be superior to the other estimators, as can be seen in the tables
and plots depicting the discussed estimators of the reliability function. Then, a remission
time data set was analyzed to verify the applicability of the estimators introduced in
this study. Before handling the data set with different estimators, we carried out BIC,
Kolmogorov-Smirnov testing, and histogram procedures to confirm that the distribution
underlying the real data was a Burr XII distribution. Finally, we presented the estimators of
the reliability for the adopted data set.

We investigated frequentist and Bayesian inferences of the reliability function under
the Burr XII distribution with a single unknown parameter and complete samples in this
study. In future research, we expect to explore the corresponding estimators of the Burr
XII distribution with double unknown parameters, as well as various censored schemes.
We will also investigate the performance and provide specific guidance regarding the
parameters of the new loss function in more cases and models.
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