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Abstract
We consider the one-sided testing for the shape parameter in the half exponential
power distribution. Under the noninformative priors such as the reference priors, we
develop the objective Bayesian testing methods for the shape parameters. Since the
noninformative priors is improper, the Bayes factors can not be computed accurately.
Thus we want to develop the Bayesian testing methods via the fractional Bayes factor
and the intrinsic Bayes factors to solve this problem. To evaluate the performance of
the proposed Bayesian testing methods, we compute the posterior probabilities in some
environments of parameters and sample sizes. Thus numerical studies and an example
are provided.
Keywords: Fractional Bayes factor, intrinsic Bayes factor, reference prior, shape parameter.

1. Introduction
The well-known exponential power (EP) distribution has the following density function.


p1−1/p
|x|p
f (x) =
exp −
, −∞ < x < ∞,
(1.1)
2Γ(1/p)
p
where p > 0 is the shape parameter. This distribution consists of a wide range of symmetric distributions and also it allows a continuous variation from normality to nonnormality.
Nadarajah (2005) provided a comprehensive study of its mathematical properties.
One interesting property of the EP distribution is that it can provide both platykurtic and
leptokurtic than the normal density. Specifically, this property is determined by the shape
parameter p. Its tails can be more platykurtic (p > 2) or more leptokurtic (p < 2) than the
normal distribution. In addition, it includes the Laplace exponential distribution (p = 1)
and the normal distribution (p = 2) as several special cases. This distribution has been
widely used in the Bayesian analysis and robustness studies (Box and Tiao,1962; Goodman
and Kotz, 1973).
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On the other hand, the most models that used to describe the lifetime process are defined on nonnegative measurements. Thus Gui (2013) develops a half exponential power
distribution which is a positive truncation in the model (1.1). Therefore the resulting nonnegative half exponential power distribution generalizes the half normal distribution and
thus becomes more flexible. Then the density function is given by


p1−1/p
xp
(1.2)
f (x) =
exp − p , x ≥ 0,
ξΓ(1/p)
pξ
where ξ > 0. In similar way as done by Ferrerira and Slazar (2014), we reparameterize the
EP distribution as
 
p 
1
Γ[1 + 1/p]x
f (x) = exp −
,x ≥ 0
(1.3)
σ
σ
by setting σ = ξp1/p Γ[1 + 1/p]. In this paper, we consider this distribution since it provides
a simplified computation than the EP density (1.2) in our study.
For the shape parameter in the half exponential power distribution (1.3), this paper focuses on the development of Bayesian one-sided testing method. In Bayesian hypothesis
testing, the Bayes factors based on the proper priors have been found to give good results.
However, since noninformative priors such as Jeffreys’ prior or reference prior (Berger and
Bernardo, 1989, 1992) are improper, thus the Bayes factors can not be computed clearly
because of the indeterminate constants of improper priors. There has been much research to
solve this problem in the computation of the Bayes factors with noninformative priors (for
example, Spiegelhalter and Smith (1982), O’Hagan (1995) and Berger and Pericchi (1996)).
An excellent study of the Bayesian testing methods under noninformative priors is given
in Berger and Pericchi (2001). Also the methods introduced in Berger and Pericchi (2001)
showed good performances in many statistical problems (Lee et al., 2016, 2017).
In our study, we want to develop the objective Bayesian one-sided hypothesis testing methods for the shape parameter in the half exponential power distribution by the Bayes factors.
The content of the paper is as follows. In Section 2, we propose the Bayesian hypothesis
testing methods via the fractional Bayes factor and the intrinsic Bayes factors under the
reference priors. In Section 3, numerical studies and an example are given. In Section 4, the
concluding remarks are given.

2. Bayesian hypothesis testing methods
Let Xi , i = 1, · · · , n denote observations from the half exponential power distribution with
the scale parameter σ and the shape parameter p. Then likelihood function is given by
p !
n 
X
1
Γ[1 + 1/p]xi
f (x|σ, p) = n exp −
,
σ
σ
i=1

(2.1)

where x = (x1 , · · · , xn ). We are interested in testing the hypotheses H1 : p ≤ p0 versus
H2 : p > p0 and so we propose the Bayesian testing methods via the intrinsic Bayes factors
and the fractional Bayes factor.
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2.1. Bayesian testing method via the fractional Bayes factor
From the likelihood function (2.1) the likelihood function of the hypothesis H1 : p ≤ p0 is
p !
n 
X
1
Γ[1 + 1/p0 ]xi 0
, 0 < p ≤ p0 .
L1 (σ|x) = n exp −
σ
σ
i=1

(2.2)

And the reference prior of σ in the hypothesis H1 is
3

1

π1N (p, σ) ∝ σ −1 p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 ,

(2.3)

0

where 0 < p ≤ p0 and ψ (·) is the trigamma function. Then with the likelihood (2.2) and the
reference prior (2.3), the element mb1 (x) in the FBF (fractional Bayes factor) of O’Hagan
(1995) under H1 is given by
mb1 (x)
Z ∞Z

p0

Lb1 (p, σ|x)π1N (p, σ)dσdp

=
0

0
p0

Z
=

p

− 52

0



bn
[(1 + 1/p)ψ (1 + 1/p) − 1] Γ
p
1
2

0

 (X
n

)− bn
p
b [Γ(1 + 1/p)xi ]

p

dp. (2.4)

i=1

For the hypothesis H2 , the reference prior for (p, σ) is
3

1

π2N (p, σ) ∝ σ −1 p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 ,

(2.5)

where p0 < p < ∞. The likelihood function in the hypothesis H2 is
p !
n 
X
Γ[1 + 1/p]xi
1
, p0 < p < ∞.
L2 (p, σ|x) = n exp −
σ
σ
i=1

(2.6)

Thus under the hypothesis H2 , the element mb2 (x) of FBF with the likelihood (2.6) and the
reference prior (2.5) can be computed and the results is as follow.
mb2 (x)
Z ∞Z

∞

=
0

Z

Lb2 (p, σ|x)π2N (p, σ)dσdp

p0
∞

=

− 25

p
p0



bn
[(1 + 1/p)ψ 0 (1 + 1/p) − 1] Γ
p
1
2

 (X
n

)− bn
p
p

b [Γ(1 + 1/p)xi ]

dp. (2.7)

i=1

N
of FBF is given by
Therefore the element B21
N
B21
=

S2 (x)
,
S1 (x)

(2.8)
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where

− 52

)− np
  (X
n
n
p
[(1 + 1/p)ψ (1 + 1/p) − 1] Γ
dp
[Γ(1 + 1/p)xi ]
p
i=1

− 52

)− np
  (X
n
n
p
[(1 + 1/p)ψ 0 (1 + 1/p) − 1] Γ
[Γ(1 + 1/p)xi ]
dp.
p
i=1

p0

Z

p

S1 (x) =
0

1
2

0

and
∞

Z
S2 (x) =

p
p0

1
2

And the ratio of marginal densities with fraction b is
mb1 (x)
S1 (x; b)
=
,
S2 (x; b)
mb2 (x)

(2.9)

where

p0

Z
S1 (x; b) =

− 52

p
0



bn
[(1 + 1/p)ψ (1 + 1/p) − 1] Γ
p
1
2

0

 (X
n

)− bn
p
p

b [Γ(1 + 1/p)xi ]

dp

i=1

and

Z

∞

S2 (x; b) =

− 52

p
p0



bn
[(1 + 1/p)ψ (1 + 1/p) − 1] Γ
p
1
2

0

 (X
n

)− bn
p
p

b [Γ(1 + 1/p)xi ]

dp.

i=1

Therefore the FBF of H2 versus H1 is given as follow.

F
B21

=

N
B21

R b
L (x|θ1 )π1N (θ1 )dθ1
·R b
L (x|θ2 )π2N (θ2 )dθ2

mb1 (x)
mb2 (x)
S1 (x; b)S2 (x)
.
S1 (x)S2 (x; b)

N
= B21
·

=

(2.10)

Note that in practice, only one dimensional integration is needed to the computations of the
FBF of H2 versus H1 .
2.2. Bayesian hypothesis testing method via on the intrinsic Bayes factor
From computation of the fractional Bayes factor in Section 2.1, we can obtain the comN
in the intrinsic Bayes factor. Thus only computation of the marginal densities
ponent B21
for the hypotheses H1 and H2 is needed under the minimal training samples. The marginal
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densities of X(l) = (Xi , Xj ) are finite for all 1 ≤ i < j ≤ n under each hypothesis. Therefore
we can conclude that the size of any minimal training sample is 2.
Then the marginal densities mN
0 (xi , xj ) under H0 (= H1 ∪ H2 ) : p > 0 is given by
mN
0 (xi , xj )

∞

Z

∞

Z

f (xi , xj |σ, p)π0N (σ, p)dσdp

=
0

0
∞

Z

5

1

p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 Γ [2/p]

=
0

×

p

2
p −p

{[Γ(1 + 1/p)xi ] + [Γ(1 + 1/p)xj ] }

dp.

And the marginal density mN
1 (xi , xj ) under H1 is given by
mN
1 (xi , xj )

∞

Z

p0

Z

f (xi , xj |σ, p)π1N (σ, p)dσdp

=
0

0
p0

Z
=

1

5

p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 Γ [2/p]

0

×
Also the marginal density
mN
2 (xi , xj )

p

2
p −p

{[Γ(1 + 1/p)xi ] + [Γ(1 + 1/p)xj ] }

mN
2 (xi , xj )
∞

Z

under H2 is given by
Z

∞

f (xi , xj |σ, p)π2N (σ, p)dσdp

=
0

Z

dp.

p0
∞

5

1

p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 Γ [2/p]

=
p0

×

p

2
p −p

{[Γ(1 + 1/p)xi ] + [Γ(1 + 1/p)xj ] }

dp.

Thus the EIBF (encompassing arithmetic intrinsic Bayes factor) of Berger and Pericchi
(1996) for hypotheses H2 versus H1 is given by
EI
B21

PL
N
N
l=1 B10 (x(l))
= B21
× PL
N
l=1 B20 (x(l))
"P
#
n
S2 (x)
i<j T1 (xi , xj )/T0 (xi , xj )
Pn
=
,
S1 (x)
i<j T2 (xi , xj )/T0 (xi , xj )

(2.11)

N
N
where Bi0
(x(l)) = mN
i (x(l))/m0 (x(l)), L = n(n − 1)/2,

Z
T0 (xi , xj )

=

∞

1

5

p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 Γ [2/p]

0

×
T1 (xi , xj )

=

p

p −2

p

2
p −p

{[Γ(1 + 1/p)xi ] + [Γ(1 + 1/p)xj ] } p dp,
Z p0
5
1
p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 Γ [2/p]
0

×

{[Γ(1 + 1/p)xi ] + [Γ(1 + 1/p)xj ] }

dp
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and
Z
T2 (xi , xj )

∞

5

1

p− 2 [(1 + 1/p)ψ 0 (1 + 1/p) − 1] 2 Γ [2/p]

=
p0

×

p

2
p −p

{[Γ(1 + 1/p)xi ] + [Γ(1 + 1/p)xj ] }

dp.

Lastly the MIBF (median intrinsic Bayes factor) by Berger and Pericchi (1998) of hypotheses H2 versus H1 is computed as
MI
B21

=
=

N
N
B21
× M E[B12
(x(l))]


S2 (x)
T1 (xi , xj )
ME
,
S1 (x)
T2 (xi , xj )

(2.12)

where M E represents the median for all the training sample Bayes factors. It can be seen
that the computations of the EIBF and the MIBF for hypotheses H2 versus H1 require only
one dimensional integration.

3. Numerical studies
In order to evaluate the developed Bayesian hypothesis testing methods, we want to compute the posterior probability under some simulation environments of parameters (p, σ) and
sample size n. In particular, for fixed (p, σ), we generate 500 independent random samples
with sample sizes n from the half exponential power distribution with (p, σ). We test the
hypotheses H1 : p ≤ p0 versus H2 : p > p0 . Then we compute the posterior probabilities of
hypothesis H1 under the assumption of the equal prior probabilities.
The values of the averages and the standard deviations of posterior probabilities are given
in Tables 3.1, 3.2 and 3.3. The standard deviation is the value given in parentheses. In Tables
3.1, 3.2 and 3.3, the notations P F (·), P EI (·) and P M I (·) represent the posterior probabilities
of the hypothesis H1 by the FBF, the EIBF and the MIBF, respectively.
From the results of Tables 3.1, 3.2 and 3.3, we can see the reasonable decisions that the
FBF, the EIBF and the MIBF accept the hypothesis H1 as the values of p0 is greater than
p, whereas reject the hypothesis H1 as the values of p0 is smaller than p. And the EIBF and
the MIBF seem to prefer the hypothesis H1 more than the FBF. Also to overall results is
that the EIBF and the MIBF give similar behaviors for all sample sizes.
Example 3.1 This example is taken from Gui (2013). We consider the stress-rupture
dataset and the life of fatigue fracture of Kevlar 49/epoxy that are subject to the pressure
at the 90% level. The dataset has been previously studied by Andrew and Herzberg (1985).
Gui (2013) showed that the half exponential power model fits better than the half normal
model using the AIC and BIC. And the MLE of p is 0.8815.
We want to test the hypotheses H1 : p ≤ p0 versus H2 : p > p0 . The values of the Bayes
factors and the posterior probabilities of H1 are given in Table 3.4. From the results of Table
3.4, we can see that the posterior probabilities via the Bayes factors give the same answer.
That is, all Bayes factors choose the hypothesis H1 when p is 0.8815 and the values of p0
are greater than p. Also comparing the decisions of the EIBF with the FBF, it seems that
the FBF tends to favor hypothesis H1 .
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Table 3.1 The averages and the standard deviations in parentheses of posterior probabilities
σ
1.0

p0
2.0

p
1.0

1.5

1.8

2.2

2.5

3.0

2.0

2.0

1.0

1.5

1.8

2.2

2.5

3.0

3.0

2.0

1.0

1.5

1.8

2.2

2.5

3.0

n
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40

P F (H1 |x)
0.530 (0.274)
0.731 (0.275)
0.826 (0.217)
0.924 (0.127)
0.387 (0.236)
0.497 (0.286)
0.615 (0.289)
0.702 (0.256)
0.339 (0.225)
0.416 (0.269)
0.494 (0.267)
0.564 (0.278)
0.284 (0.192)
0.328 (0.235)
0.394 (0.261)
0.405 (0.265)
0.233 (0.164)
0.278 (0.236)
0.326 (0.235)
0.364 (0.259)
0.228 (0.169)
0.212 (0.199)
0.235 (0.205)
0.245 (0.214)
0.531 (0.273)
0.722 (0.272)
0.830 (0.224)
0.919 (0.145)
0.383 (0.238)
0.510 (0.274)
0.604 (0.291)
0.702 (0.259)
0.344 (0.225)
0.413 (0.268)
0.493 (0.282)
0.562 (0.275)
0.300 (0.206)
0.327 (0.243)
0.387 (0.261)
0.419 (0.278)
0.263 (0.182)
0.291 (0.230)
0.316 (0.253)
0.347 (0.253)
0.237 (0.161)
0.224 (0.199)
0.233 (0.215)
0.239 (0.212)
0.512 (0.274)
0.723 (0.261)
0.853 (0.203)
0.910 (0.149)
0.370 (0.243)
0.524 (0.286)
0.600 (0.285)
0.697 (0.254)
0.326 (0.225)
0.421 (0.265)
0.502 (0.272)
0.565 (0.281)
0.281 (0.194)
0.336 (0.251)
0.366 (0.262)
0.424 (0.257)
0.256 (0.177)
0.283 (0.235)
0.308 (0.243)
0.337 (0.246)
0.223 (0.164)
0.220 (0.181)
0.229 (0.212)
0.255 (0.225)

P EI (H1 |x)
0.665 (0.275)
0.785 (0.263)
0.840 (0.219)
0.915 (0.145)
0.517 (0.275)
0.604 (0.286)
0.623 (0.288)
0.649 (0.288)
0.455 (0.259)
0.509 (0.290)
0.524 (0.298)
0.527 (0.296)
0.387 (0.250)
0.386 (0.269)
0.393 (0.275)
0.407 (0.281)
0.364 (0.228)
0.310 (0.249)
0.323 (0.255)
0.305 (0.256)
0.329 (0.223)
0.266 (0.223)
0.241 (0.210)
0.198 (0.203)
0.668 (0.267)
0.776 (0.264)
0.848 (0.221)
0.916 (0.151)
0.521 (0.280)
0.601 (0.289)
0.621 (0.296)
0.673 (0.273)
0.472 (0.266)
0.504 (0.285)
0.514 (0.303)
0.534 (0.294)
0.421 (0.258)
0.385 (0.267)
0.398 (0.284)
0.372 (0.264)
0.361 (0.238)
0.343 (0.256)
0.320 (0.252)
0.304 (0.241)
0.318 (0.234)
0.255 (0.229)
0.244 (0.230)
0.202 (0.208)
0.647 (0.274)
0.774 (0.257)
0.849 (0.219)
0.907 (0.157)
0.509 (0.273)
0.584 (0.298)
0.638 (0.285)
0.687 (0.274)
0.445 (0.262)
0.484 (0.296)
0.509 (0.296)
0.533 (0.295)
0.398 (0.252)
0.391 (0.276)
0.373 (0.265)
0.383 (0.266)
0.363 (0.233)
0.345 (0.263)
0.304 (0.256)
0.304 (0.253)
0.318 (0.226)
0.270 (0.238)
0.244 (0.230)
0.200 (0.190)

P M I (H1 |x)
0.670 (0.272)
0.790 (0.259)
0.845 (0.214)
0.919 (0.141)
0.525 (0.273)
0.614 (0.282)
0.633 (0.285)
0.660 (0.284)
0.465 (0.257)
0.520 (0.288)
0.536 (0.296)
0.539 (0.294)
0.396 (0.248)
0.397 (0.269)
0.405 (0.276)
0.420 (0.281)
0.376 (0.226)
0.321 (0.252)
0.335 (0.257)
0.317 (0.258)
0.337 (0.222)
0.277 (0.225)
0.253 (0.214)
0.209 (0.208)
0.673 (0.263)
0.782 (0.260)
0.853 (0.216)
0.919 (0.147)
0.529 (0.276)
0.611 (0.286)
0.631 (0.292)
0.684 (0.269)
0.479 (0.264)
0.516 (0.283)
0.525 (0.301)
0.546 (0.292)
0.430 (0.256)
0.397 (0.268)
0.410 (0.285)
0.386 (0.265)
0.370 (0.236)
0.355 (0.257)
0.332 (0.255)
0.316 (0.244)
0.327 (0.233)
0.265 (0.231)
0.255 (0.233)
0.212 (0.213)
0.653 (0.271)
0.780 (0.252)
0.854 (0.214)
0.911 (0.152)
0.516 (0.270)
0.594 (0.295)
0.649 (0.282)
0.697 (0.270)
0.455 (0.259)
0.494 (0.295)
0.522 (0.295)
0.545 (0.294)
0.407 (0.250)
0.402 (0.276)
0.386 (0.267)
0.396 (0.267)
0.373 (0.231)
0.357 (0.265)
0.316 (0.259)
0.316 (0.257)
0.328 (0.225)
0.281 (0.240)
0.255 (0.233)
0.211 (0.195)
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Table 3.2 The averages and the standard deviations in parentheses of posterior probabilities
σ
1.0

p0
4.0

p
1.0

2.0

3.0

5.0

6.0

7.0

2.0

2.0

1.0

2.0

3.0

5.0

6.0

7.0

3.0

2.0

1.0

2.0

3.0

5.0

6.0

7.0

n
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40
10
20
30
40

P F (H1 |x)
0.609 (0.281)
0.841 (0.242)
0.935 (0.149)
0.984 (0.069)
0.383 (0.227)
0.551 (0.298)
0.681 (0.283)
0.774 (0.249)
0.291 (0.170)
0.397 (0.273)
0.446 (0.281)
0.550 (0.283)
0.223 (0.152)
0.231 (0.191)
0.234 (0.217)
0.252 (0.226)
0.213 (0.140)
0.190 (0.157)
0.187 (0.186)
0.197 (0.190)
0.189 (0.126)
0.182 (0.172)
0.163 (0.176)
0.163 (0.169)
0.597 (0.281)
0.840 (0.235)
0.950 (0.133)
0.982 (0.072)
0.370 (0.223)
0.547 (0.283)
0.701 (0.290)
0.754 (0.266)
0.300 (0.187)
0.375 (0.251)
0.431 (0.278)
0.526 (0.292)
0.239 (0.150)
0.230 (0.189)
0.237 (0.221)
0.266 (0.242)
0.225 (0.139)
0.198 (0.183)
0.188 (0.168)
0.196 (0.188)
0.205 (0.136)
0.176 (0.158)
0.166 (0.156)
0.157 (0.173)
0.599 (0.278)
0.854 (0.218)
0.938 (0.145)
0.969 (0.106)
0.390 (0.231)
0.536 (0.301)
0.691 (0.283)
0.766 (0.250)
0.289 (0.182)
0.367 (0.255)
0.469 (0.295)
0.515 (0.290)
0.226 (0.149)
0.227 (0.195)
0.241 (0.217)
0.261 (0.225)
0.221 (0.143)
0.205 (0.176)
0.188 (0.190)
0.186 (0.190)
0.213 (0.143)
0.172 (0.163)
0.155 (0.162)
0.166 (0.169)

P EI (H1 |x)
0.736 (0.258)
0.878 (0.212)
0.945 (0.139)
0.985 (0.070)
0.515 (0.265)
0.639 (0.302)
0.708 (0.285)
0.767 (0.261)
0.419 (0.237)
0.472 (0.296)
0.501 (0.304)
0.526 (0.294)
0.330 (0.214)
0.281 (0.231)
0.269 (0.251)
0.264 (0.237)
0.291 (0.191)
0.222 (0.197)
0.200 (0.196)
0.198 (0.209)
0.297 (0.198)
0.191 (0.184)
0.174 (0.192)
0.144 (0.155)
0.718 (0.256)
0.882 (0.198)
0.943 (0.141)
0.986 (0.059)
0.517 (0.259)
0.633 (0.301)
0.720 (0.288)
0.783 (0.255)
0.417 (0.241)
0.446 (0.281)
0.504 (0.307)
0.534 (0.306)
0.331 (0.214)
0.262 (0.216)
0.267 (0.228)
0.252 (0.247)
0.319 (0.203)
0.225 (0.180)
0.204 (0.194)
0.191 (0.208)
0.288 (0.179)
0.212 (0.193)
0.176 (0.185)
0.141 (0.170)
0.743 (0.236)
0.870 (0.214)
0.960 (0.111)
0.982 (0.065)
0.512 (0.258)
0.592 (0.309)
0.707 (0.287)
0.786 (0.263)
0.410 (0.236)
0.458 (0.285)
0.505 (0.302)
0.544 (0.310)
0.331 (0.213)
0.265 (0.223)
0.268 (0.244)
0.245 (0.231)
0.305 (0.200)
0.238 (0.206)
0.192 (0.204)
0.192 (0.200)
0.297 (0.187)
0.211 (0.191)
0.167 (0.182)
0.149 (0.174)

P M I (H1 |x)
0.736 (0.258)
0.879 (0.211)
0.946 (0.138)
0.985 (0.070)
0.518 (0.263)
0.643 (0.300)
0.712 (0.283)
0.771 (0.258)
0.423 (0.235)
0.478 (0.295)
0.507 (0.304)
0.533 (0.292)
0.334 (0.212)
0.287 (0.231)
0.276 (0.252)
0.272 (0.239)
0.296 (0.189)
0.227 (0.198)
0.206 (0.198)
0.204 (0.211)
0.301 (0.196)
0.195 (0.184)
0.179 (0.195)
0.149 (0.158)
0.719 (0.254)
0.883 (0.196)
0.944 (0.140)
0.987 (0.059)
0.520 (0.256)
0.638 (0.298)
0.724 (0.286)
0.786 (0.253)
0.421 (0.238)
0.452 (0.280)
0.511 (0.306)
0.541 (0.305)
0.335 (0.213)
0.269 (0.217)
0.273 (0.229)
0.258 (0.249)
0.323 (0.202)
0.232 (0.181)
0.210 (0.196)
0.196 (0.210)
0.293 (0.178)
0.218 (0.193)
0.182 (0.187)
0.146 (0.172)
0.743 (0.234)
0.872 (0.212)
0.961 (0.109)
0.982 (0.064)
0.515 (0.256)
0.597 (0.307)
0.712 (0.284)
0.790 (0.260)
0.416 (0.234)
0.465 (0.283)
0.512 (0.301)
0.551 (0.309)
0.335 (0.211)
0.271 (0.223)
0.274 (0.245)
0.252 (0.233)
0.311 (0.199)
0.244 (0.207)
0.197 (0.206)
0.198 (0.202)
0.302 (0.186)
0.217 (0.192)
0.173 (0.184)
0.154 (0.176)
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Table 3.3 The Bayes factors and the posterior probabilities of H1 : p ≤ p0
p0
0.7
0.8
0.9
1.0
1.1

F
B21
23.375
1.897
0.769
0.357
0.162

P F (H1 |x)
0.041
0.345
0.565
0.737
0.861

EI
B21
48.541
2.947
0.965
0.380
0.149

P EI (H1 |x)
0.020
0.253
0.509
0.725
0.870

MI
B21
39.153
2.413
0.801
0.319
0.126

P M I (H1 |x)
0.025
0.293
0.555
0.758
0.888

4. Concluding remarks
In this paper, we studied the Bayesian one-sided hypothesis testing methods via the intrinsic Bayes factors and the fractional Bayes factor for the shape parameter in the half
exponential power distribution under the reference priors. From our numerical studies, we
know that the developed Bayesian testing methods give an almost reasonable decisions for
all parameter configurations of simulation. Also we can see that the FBF prefers the hypothesis H2 to the EIBF and the MIBF from the results of simulation. In practical applications,
we recommend the use of the FBF rather than the EIBF and the MIBF in terms of ease of
implementation and its simplicity in our numerical studies.
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