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Abstract: This review is about verifying and generalizing the supremum test statistic developed by
Balakrishnan et al. Exhaustive simulation studies are conducted for various dimensions to determine
the effect, in terms of empirical size, of the supremum test statistic developed by Balakrishnan et al.
to test multivariate skew-normality. Monte Carlo simulation studies indicate that the Type-I error
of the supremum test can be controlled reasonably well for various dimensions for given nominal
significance levels 0.05 and 0.01. Cut-off values are provided for the number of samples required
to attain the nominal significance levels 0.05 and 0.01. Some new and relevant information of the
supremum test statistic are reported here.

Keywords: Monte Carlo simulations; multivariate skewness; skew-normal distribution; supremum
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1. Introduction

In this brief review, we summarize existing tests for multivariate skew-normality,
both comparing their efficacy in terms of power as well as their practical implementation
in terms of programming complexity. Afterwards, we focus on the superb supremum
test developed by Balakrishnan et al. [1]. The exact distribution of the supremum test
statistic was developed therein when the parameters of the skew-normal distribution
were known. Exhaustive Monte Carlo simulations are conducted herein to determine the
effect, in terms of empirical size, of the use of this distribution when the skew-normal
parameters are unknown for the case of dimensions d equal to 3, 5, 8, and 10. Finally, cut-off
values are provided for the number of samples required to attain the nominal 0.05 and 0.01
significance levels.

Many multivariate techniques have been developed based on the assumption of mul-
tivariate normality in the last century: see [2–7]. There is a great quote “Normality is a
myth; there never was, and never will be, a normal distribution” in [8]. When the assump-
tion of multivariate normality is met, a multivariate linear model with an unstructured
variance–covariance matrix can be fit effortlessly due to the existence of closed-form maxi-
mum likelihood estimators (MLEs) for the unknown parameters. Due to this convenience,
some leniency crept into the use of the multivariate normal distribution in order to avoid
complexities arising in optimization procedures for multivariate non-normal distributions.
Moreover, when the assumption of multivariate normality appeared to be a grave mis-
specification, a transformation of the response vector was recommended in order to fix the
original deficiency. However, this fix cannot correct the non-normality issue completely
in many datasets, but only to a certain extent. Nevertheless, with the advent of better
computers, there appears to be no compelling reason to restrict oneself to the multivariate
normal distribution when, in fact, real data mostly have some non-negligible skewness.
For example, one prominent alternative to the normal distribution is the skew-normal (SN)
distribution. Azzalini introduced the univariate SN distribution in 1985 [9], and after a
decade, Azzalini and Dalla Valle [10] proposed a multivariate extension of Azzalini’s SN
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distribution. Interested readers are recommended to read the recent article by Kollo [11] on
a journey from normal distribution to skewed multivariate distributions in order to get a
deep insight on the evolution of multivariate SN distribution.

We write Z ∼ SNd(0d, Ω̄, a) to denote the normalized multivariate skew-normal
distribution of Azzalini and Dalla Valle [10] type having probability density function
(p.d.f.)

fZ(x) = 2φd(x; Ω̄)Φ(a′x), x ∈ Rd,

where Ω̄
d×d

is a positive-definite (PD) correlation matrix; a is a d-dimensional vector of

shape (skewness) parameters, albeit indirectly; φd(Z; Σ) denotes the p.d.f. of a Nd(0d, Σ)
random variable; and Φ(·) is the cumulative distribution function of a standard normal
random variable. This family of distributions can be extended to include location and scale
parameters through the usual transformation

Y = ξ + ωZ,

where ξ is a d-dimensional location vector and ω = diag(ω1, . . . , ωd) is a PD matrix (i.e.,
ωi > 0 for all i = 1, . . . , d) representing the scale parameters. In this case, we write
Y ∼ SNd(ξ, Ω, a) to denote that its p.d.f. is

fY (x) = 2φd(x− ξ; Ω)Φ(a′ω−1(x− ξ)), x ∈ Rd,

where Ω = ωΩ̄ω is a PD covariance matrix.

1.1. Canonical Form of a Multivariate Skew-Normal Variable

Definition 1. Let Y ∼ SNd(ξ, Ω, a) and aY∗ = (a∗, 0, . . . , 0)′, where a∗ = (a′Ω̄a)1/2. An
affine transformation of Y , Y∗, is said to be in canonical form if Y∗ ∼ SNd(0d, Id, aY∗).

Result 1. For Y ∼ SNd(ξ, Ω, a), define M = Ω−1/2ΣΩ−1/2, where Σ = var(Y) and Ω1/2 is
the unique positive definite symmetric square root of Ω. Let QΛQ′ denote a spectral decomposition
of M, where without loss of generality, we assume that the diagonal elements of Λ are arranged in
increasing order, and H = Ω−1/2Q. Then,

Y∗ = H ′(Y − ξ)

has canonical form.

See [12] for the above Result 1. An affine non-singular transformation of Y results in
a canonical form with d uncorrelated components, where the first univariate component
can be skewed SN1(0, 1, a∗) with a∗ = (a′Ω̄a)1/2, and the remaining components are
distributed as N1(0, 1). Now, the question is: how do we test multivariate skew-normality,
and how many samples are needed for the testing?

2. Hypothesis Test

Balakrishnan et al. [1] tested the following hypothesis:

H0 : Y ∼ a multivariate skew-normal distribution with some location-scale parameters

vs. H1 : Y � a multivariate skew-normal distribution. (1)

To the best of our knowledge, there appears to be but two references on tests for mul-
tivariate skew-normality. As noted in Meintanis and Hlavka [13], tests can be constructed
using the multivariate Kolmogorov–Smirnov and the Cramer–von Mises goodness-of-fit
test statistics. However, these were shown to possess less power and more computational
complexity than the so-called Meintanis and Hlavka test developed therein, which is based
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on the empirical moment generating function. Moreover, the Meintanis and Hlavka test
statistic is not without its own computation complexities as well, since it requires bootstrap
resampling and the numerical solution of a first-order partial differential equation. Finally,
the Meintanis and Hlavka test was also shown to be more powerful than yet another test
statistic redolent of the technique used in [1], where the modulation invariance property of
the multivariate SN distribution was used to arrive at a test statistic approximated by a χ2

distribution.
Balakrishnan et al. [1] proposed a test for multivariate skew-normality by exploiting

the modulation invariance property of the SN distribution and transformations of univari-
ate normal distributions, such as the absolute value of a univariate SN distribution being
equivalent to the absolute value of a univariate normal distribution, which in turn is a
half-normal distribution [14], and the ratio of a univariate normal random variable and
a half-normal random variable is a Cauchy random variable. In their paper, the authors
obtained a test statistic from the canonical form of the multivariate skew-normal distribu-
tion as described in Section 1.1, and suggested three forms of combined statistics from n
random samples (independent and identically distributed) of d variate observation, where
d ≥ 2. Of the three combined statistics, the bin-ensemble test was decided against in favor
of the other two due to its seemingly large variability, while the remaining two statistics
had similar power. Out of these two tests, the supremum test is the exact test; thus, we
study it little bit more in this review and report some new and relevant information about it.
As suggested by a referee, we include more details on the Balakrishnan et al.’s supremum
test [1] in the following section. Some parts (e.g., Result 1) from Balakrishnan et al. [1] are
also included in the previous section so that the reader could follow the following section
with ease.

Balakrishnan et al.’s (2014) Supremum Test

Balakrishnan et al. [1] considered one d-dimensional observation y = [y1, . . . , yd]
′

generated by the random variable Y = [Y1, . . . , Yd]
′ to test the Hypothesis 1, i.e., if its

distribution is a multivariate SN distribution. Let Y∗ = [Y∗1 , . . . , Y∗d ]
′ denote the canonical

form of Y . If H0 is true, from Section 1.1, Y∗1 is univariate skew-normal, and all other
variables Y∗2 , . . . , Y∗d are distributed as normal random variables. For i = 2, . . . , d, the
ratios Y∗i /|Y∗1 | are distributed as Cauchy random variables, since the absolute value of
a SN distribution, |Y∗1 |, is distributed as half-normal [14]. If H1 is true, the marginal
components of Y∗ may not follow the marginal distributions as mentioned in Section 1.1,
and Balakrishnan et al. [1] used this property proficiently to construct a test statistic to test
the Hypothesis 1.

When d = 2, T2 =
Y∗2
|Y∗1 |

is a sensible test statistic to test the Hypothesis 1. Under
H0, T2 is distributed as a Cauchy random variable; if H1 is true, Y∗2 is not distributed
as a standard normal, and a sample from this distribution will be likely to have larger
values in absolute value with respect to a sample from the standard normal distribution.
Balakrishnan et al. [1] mentioned that the critical region will be CR = {|T2| > t∗}, where t∗

is the 1− α percentile of the Cauchy distribution for a test with significance level α. When
d > 2, Balakrishnan et al. [1] introduced the following test statistic:

T = max
{

Y∗2
|Y∗1 |

,
Y∗3
|Y∗1 |

, . . . ,
Y∗d
|Y∗1 |

}
−min

{
Y∗2
|Y∗1 |

,
Y∗3
|Y∗1 |

, . . . ,
Y∗d
|Y∗1 |

}
=

max{Y∗2 , Y∗3 , . . . , Y∗d } −min{Y∗2 , Y∗3 , . . . , Y∗d }
|Y∗1 |

. (2)

If H0 is true, T has the distribution of the range of a Cauchy random variable; if H1
is true, a larger range is expected. Therefore, a realistic critical region is CR = {T ≥ t∗},
where t∗ is the 1− α percentile of the distribution of T under H0 for a test with significance
level α. Note that both T2 and T are pivotal quantities. See Balakrishnan et al. [1] for the
distribution of T under H0 that requires to evaluate a double integration numerically.
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Their combined tests for a sample of size n follow the following rubric: for each of the
n samples, they first calculated their proposed statistics T1, T2, . . . , Tn and then combined
these n statistics in three different ways to get a pooled statistic. Out of these three pooled
statistics, the supremum test statistic, U = max

n
{T1, T2, . . . , Tn}, can be used to develop

an exact test when ξ, Ω, and a are known, since under these conditions, the distribution
function of T is known, from which the distribution function P(U ≤ u) = [P(T ≤ u)]n. This
is the reason we want to study this test statistic in more detail. When these parameters are
unknown and n falls below the cut-off values developed here, critical values and p-values
must be estimated by simulation or a like method. Finally, Balakrishnan et al. [1] compare
their test statistic with the Meintanis and Hlavka test statistic when d = 2 and conclude
that the latter test tends to outperform or be equivalent to their test under the situations
considered therein. Notwithstanding, the test statistic developed by Balakrishnan et al. [1]
is far less computationally intensive.

To evaluate their three proposed tests, they carried out some Monte Carlo simulations
to calculate empirical significance levels (ESLs) when the nominal significance level (NSL)
α was 0.05. For sample sizes 100, 200, and 300, they simulated 1000 samples from a
3-dimensional SN distribution with fixed

ξ =

1
2
3

, Ω =

1 1 1
1 2.5 1
1 1 5

 and a =

 1
−2

3

,

but treated as unknown parameters. This choice of parameters is associated with a mod-
erate skewness, having a Mardia index of skewness [15,16] as 0.5; a sample from this
distribution would have a∗ ≈ 3.3. Balakrishnan et al. [1] have estimated these parameters
by the maximum likelihood (ML) method and computed ESLs of all three pooled tests
when the NSL was α = 0.05 from a sample of 1000. See Table 1 in [1]. This Table 1 gives
an idea of the needed sample size in a sample to test the skew-normality. We see from
this table a sample size between 100 and 200 is required for the supremum test statistic to
achieve the NSL when d = 3, and the critical value (CV) is obtained via the approximate
distribution function, it being apparent that the NSL is always attained when the critical
value is obtained via simulation. In real life, we often get dataset with larger d. However,
nothing was mentioned about ESLs for larger d in Balakrishnan et al. (2014), thus motivat-
ing our study of the behavior of the supremum test statistic for larger d in this short review.
In the process, we verify and extend their table for d = 3, but use 50,000 simulations instead
of 1000. From our results, it appears that the previous mentioned sample size between 100
and 200 is larger than necessary to attain the requisite NSL.

3. Monte Carlo Simulation Studies

We shall use the component-wise representation to denote a d× 1 vector, a = (a1, . . . , ad)
′,

by a = (ai) and to denote a d× d matrix, A, by A = (aij), where i, j ∈ {1, 2, . . . , d}. In the
following tables, we suppose d = 3, 5, 8, 10 and define the relevant skew-normal direct
parameters as

ξ
d×1

= (i)

a
d×1

= (I(i ≤ 3)(−1)i+1i)

Ω
d×d

=


(ω11) = 1
(ωii) = 2.5(i− 1), for i = 2, . . . , d
(ωij) = 1, for i 6= j

,

where I(·) denotes the indicator function.
Table 1 replicates the simulation set-up in [1], changing only the number of Monte

Carlo simulations [17] from 1000 to 50,000 and considering more sample sizes. That is, the
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same parameter values were selected, and MLEs were obtained for each simulated sample
using the reliable selm.fit function occurring in Azzalini’s sn package in R. Taking into
account the sampling error associated with the calculated empirical sizes, Table 1 agrees
with that in [1] for n equal to 200 and 300, but it gravely disagrees with their reported value
of 0.095 for the empirical size when n = 100. Perhaps this was merely a typographical
error on their part or an unfortunate set of 1000 simulations; notwithstanding, our table
ameliorates this deficiency, showing close agreement between the nominal and empirical
size for a sample size of 100. This being found, the extension of sample sizes considered is
shown in order to provide a lower acceptable bound on use of their reported critical value
in order to attain the nominal size. Confidence intervals (CIs) of 95% for the corresponding
ESLs are also computed in Table 1 to get a better idea on a sample size value. To be
conservative, we recommend using n = 55 as such a lower bound. Table 1 also calculates
ESLs and 95% CIs for the corresponding ESLs for NSLs α = 0.01 to get an idea of the
needed sample size to test the multivariate skew-normality. Finally, in situations where
this condition is violated, standard bootstrapping procedures can be employed to obtain
critical values agreeing with the nominal size.

Table 1. ESLs with asymptotic 95% CIs of the supremum test statistic for various sample sizes when
d = 3 and the NSLs are equal to 0.05 or 0.01.

Sample Size ESL for 95% CI for ESL ESL for 95% CI for ESL
n α = 0.05 α = 0.05 α = 0.01 α = 0.01

7 0.192 (0.189, 0.195) 0.046 (0.044, 0.048)
8 0.179 (0.175, 0.182) 0.040 (0.039, 0.042)
9 0.165 (0.161, 0.168) 0.037 (0.035, 0.038)
10 0.158 (0.154, 0.161) 0.034 (0.033, 0.036)
15 0.118 (0.115, 0.121) 0.026 (0.025, 0.028)
20 0.097 (0.094, 0.099) 0.021 (0.020, 0.022)
30 0.072 (0.070, 0.074) 0.014 (0.013, 0.016)
35 0.064 (0.062, 0.066) 0.013 (0.012, 0.014)
40 0.059 (0.057, 0.061) 0.011 (0.011, 0.012)
45 0.057 (0.055, 0.059) 0.011 (0.010, 0.011)
50 0.053 (0.051, 0.055) 0.011 (0.010, 0.012)
55 0.052 (0.050, 0.054) 0.011 (0.010, 0.012)
60 0.050 (0.048, 0.052) 0.010 (0.009, 0.011)
65 0.051 (0.049, 0.053) 0.010 (0.009, 0.010)
70 0.052 (0.050, 0.054) 0.010 (0.009, 0.011)
75 0.051 (0.049, 0.053) 0.010 (0.009, 0.011)

100 0.050 (0.048, 0.052) 0.010 (0.009, 0.011)
150 0.050 (0.048, 0.052) 0.010 (0.009, 0.011)
200 0.051 (0.049, 0.053) 0.010 (0.009, 0.011)
300 0.051 (0.049, 0.053) 0.010 (0.009, 0.011)

In addition, tables are also developed when the number of responses d equals 5, 8,
and 10. From Tables 2–4, it appears that the test achieves the nominal significance level
0.05 when n is around 75 for d = 5, when n is around 110 for d = 8, and when n is around
135 for d = 10. For these values of d, no closed-form solution exists for the CDF of the
supremum test statistic. Therefore, one must rely on numerical integration techniques
to obtain the requisite critical values. Using a nested call of R’s integrate function, the
critical values for various sample sizes n were obtained in order to calculate the empirical
size. The R code used is given in the Appendix A.
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Table 2. ESLs with asymptotic 95% CIs of the supremum test statistic for various sample sizes when d = 5 and the NSLs are
equal to 0.05 or 0.01.

Sample Size α = 0.05 α = 0.01

n ESL 95% CI for ESL ECV ESL 95% CI for ESL ECV

6 0.171 (0.168, 0.174) 193 0.036 (0.035, 0.038) 981
7 0.156 (0.153, 0.159) 225 0.034 (0.032, 0.035) 1145
8 0.145 (0.142, 0.149) 257 0.030 (0.029, 0.032) 1308
9 0.141 (0.138, 0.144) 289 0.029 (0.027, 0.030) 1472
10 0.133 (0.130, 0.136) 321 0.028 (0.027, 0.029) 1635
20 0.096 (0.094, 0.099) 641 0.018 (0.017, 0.020) 3270
30 0.078 (0.076, 0.080) 962 0.016 (0.015, 0.017) 4904
40 0.069 (0.067, 0.071) 1282 0.014 (0.013, 0.015) 6538
50 0.061 (0.060, 0.064) 1602 0.012 (0.011, 0.013) 8173
55 0.056 (0.054, 0.058) 1762 0.012 (0.011, 0.013) 8990
60 0.056 (0.054, 0.058) 1922 0.011 (0.010, 0.012) 9807
65 0.054 (0.052, 0.056) 2082 0.010 (0.010, 0.011) 10,625
70 0.053 (0.051, 0.055) 2243 0.011 (0.010, 0.012) 11,442
75 0.052 (0.050, 0.054) 2403 0.010 (0.009, 0.011) 12,258
80 0.052 (0.050, 0.054) 2563 0.011 (0.010, 0.012) 13,076

100 0.050 (0.048, 0.052) 3203 0.010 (0.010, 0.011) 16,345
150 0.049 (0.047, 0.050) 4805 0.010 (0.009, 0.011) 24,518
200 0.050 (0.049, 0.052) 6406 0.010 (0.009, 0.011) 32,690
300 0.051 (0.049, 0.053) 9608 0.010 (0.009, 0.011) 49,034

Table 3. ESLs with asymptotic 95% CIs of the supremum test statistic for various sample sizes when d = 8 and the NSLs are
equal to 0.05 or 0.01.

Sample Size α = 0.05 α = 0.01

n ESL 95% CI for ESL ECV ESL 95% CI for ESL ECV

9 0.141 (0.138, 0.145) 380 0.028 (0.026, 0.029) 1933
10 0.138 (0.135, 0.141) 422 0.029 (0.028, 0.031) 2148
20 0.113 (0.110, 0.116) 842 0.023 (0.021, 0.024) 4295
30 0.097 (0.094, 0.099) 1263 0.020 (0.019, 0.021) 6442
40 0.082 (0.080, 0.085) 1684 0.017 (0.016, 0.018) 8589
50 0.076 (0.074, 0.079) 2104 0.015 (0.014, 0.016) 10,736
60 0.067 (0.065, 0.069) 2525 0.014 (0.013, 0.015) 12,882
70 0.064 (0.062, 0.067) 2946 0.013 (0.012, 0.014) 15,029
75 0.062 (0.060, 0.065) 3156 0.012 (0.011, 0.013) 16,103
80 0.060 (0.058, 0.062) 3366 0.011 (0.011, 0.012) 17,176
85 0.058 (0.056, 0.060) 3577 0.011 (0.010, 0.012) 18,250
90 0.057 (0.055, 0.059) 3787 0.011 (0.010, 0.012) 19,323
95 0.057 (0.055, 0.059) 3997 0.011 (0.010, 0.012) 20,397

100 0.054 (0.052, 0.056) 4208 0.011 (0.010, 0.012) 21,471
105 0.055 (0.053, 0.057) 4418 0.011 (0.010, 0.012) 22,543
110 0.053 (0.051, 0.055) 4628 0.010 (0.010, 0.012) 23,617
115 0.054 (0.052, 0.056) 4839 0.010 (0.010, 0.011) 24,691
120 0.051 (0.049, 0.053) 5049 0.010 (0.010, 0.011) 25,765
125 0.051 (0.049, 0.053) 5259 0.011 (0.010, 0.012) 26,838
130 0.049 (0.047, 0.051) 5470 0.010 (0.010, 0.011) 27,912
135 0.052 (0.050, 0.054) 5680 0.011 (0.010, 0.011) 28,985
140 0.052 (0.050, 0.054) 5890 0.010 (0.010, 0.011) 30,058
145 0.050 (0.048, 0.052) 6101 0.010 (0.010, 0.011) 31,132
150 0.050 (0.048, 0.052) 6311 0.011 (0.010, 0.012) 32,206
200 0.051 (0.049, 0.053) 8415 0.011 (0.010, 0.011) 42,940
300 0.050 (0.048, 0.052) 12,621 0.011 (0.010,0.011) 64,409
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Table 4. ESLs with asymptotic 95% CIs of the supremum test statistic for various sample sizes when d = 10 and the NSLs
are equal to 0.05 or 0.01.

Sample Size α = 0.05 α = 0.01

n ESL 95% CI for ESL ECV ESL 95% CI for ESL ECV

11 0.133 (0.130, 0.136) 509 0.027 (0.026, 0.029) 2595
12 0.133 (0.130, 0.136) 556 0.027 (0.025, 0.028) 2831
13 0.131 (0.128, 0.134) 602 0.026 (0.025, 0.028) 3066
14 0.133 (0.130, 0.136) 648 0.028 (0.027, 0.029) 3302
15 0.133 (0.130, 0.136) 694 0.027 (0.026, 0.029) 3538
20 0.125 (0.122, 0.128) 925 0.025 (0.024, 0.027) 4717
30 0.105 (0.102, 0.108) 1387 0.023 (0.021, 0.024) 7075
40 0.093 (0.090, 0.095) 1849 0.019 (0.018, 0.020) 9433
50 0.086 (0.083, 0.088) 2311 0.018 (0.017, 0.019) 11,791
60 0.078 (0.076, 0.081) 2773 0.016 (0.015, 0.017) 14,148
70 0.075 (0.073, 0.078) 3235 0.014 (0.013, 0.015) 16,506
80 0.070 (0.068, 0.073) 3697 0.014 (0.013, 0.015) 18,864
90 0.065 (0.063, 0.067) 4159 0.012 (0.011, 0.013) 21,222

100 0.062 (0.059, 0.064) 4621 0.012 (0.011, 0.013) 23,580
110 0.057 (0.055, 0.059) 5083 0.012 (0.011, 0.013) 25,938
115 0.057 (0.055, 0.059) 5314 0.012 (0.011, 0.013) 27,117
120 0.056 (0.054, 0.058) 5545 0.011 (0.011, 0.012) 28,296
125 0.054 (0.052, 0.056) 5776 0.010 (0.010, 0.011) 29,474
130 0.055 (0.053, 0.057) 6007 0.011 (0.010, 0.012) 30,654
135 0.052 (0.050, 0.054) 6238 0.011 (0.010, 0.012) 31,832
140 0.051 (0.049, 0.053) 6469 0.011 (0.010, 0.012) 33,011
145 0.051 (0.049, 0.051) 6700 0.010 (0.009, 0.011) 34,190
150 0.051 (0.049, 0.053) 6931 0.009 (0.009, 0.010) 35,369
200 0.049 (0.047, 0.051) 9241 0.010 (0.009, 0.011) 47,158
300 0.051 (0.049, 0.052) 13,861 0.010 (0.009, 0.011) 70,737

Remark 1. As expected, we observe from Tables 1–4 that the required sample size increases with
the increase in the number of response variables d. We also see from Tables 2–4 that the critical
values or the cut-off values also increase with d. One can easily compute the CV for d = 3, as it has
the closed-form solution. See Lemma 1 in [1]. Therefore, one must be very cautious in choosing the
number of samples and the critical values as otherwise the Type I error rate could be substantially
inflated.

We see the calculated value of the statistic T in (2) increases if a variable is added, and thus the
calculated value of the supremum test statistic U. Since the critical values also increase with d, a
variable should be added only if it adds a significant amount to U.

Remark 2. It was found that for n suitably large, obtaining the upper 95% and 99% quantiles
of the supremum test statistic led to numerical instabilities, notwithstanding fine tuning of the
rel.tol parameter. Specifically, it was found that these instabilities occurred in the value of the
upper 95% quantile for sample sizes near 265, 205, and 190 when the number of responses d
equals 5, 8, and 10, respectively. Fortunately, MATLAB’s integral2 function possesses far greater
accuracy than use of the nested base R functions in order to evaluate the requisite double integral.

As expected, we see from Tables 1–4 the ESL decreases with the sample size n for fixed
d. Moreover, the ESL increases as d increases for fixed n. This is true for α = 0.05 as well as
α = 0.01.

4. Discussions

Since U possesses a readily calcuable distribution function, one can obtain critical
value (uα) for the supremum test by using the distribution of T as P(T ≤ uα) = (1− α)1/n.
However, one must be careful about using the critical values obtained therefrom when
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ξ, Ω, and a are unknown since this implies that the double integral representation of the
distribution function of T is an approximation. From Tables 1–4, we see that for d = 3,
a sample of 55 is needed for NSL α = 0.05, and for d = 5, 8, and 10, samples of sizes 75,
110, and 135 are needed for NSL α = 0.05. These samples of sizes are chosen as being
the first (or nearly the first) to have a CI that contains the nominal size. Tables 1–4 also
calculate ESLs and 95% CIs for the corresponding ESLs for NSLs α = 0.01. We see that
one could reduce the sample sizes by 5-15 for each d for NSLs α = 0.01. Furthermore,
Tables 2–4 calculate empirical CVs (ECVs) of the supremum statistic. For d = 3, one can
easily compute the CV, as it has the closed-form solution as

√
2 tan

(
π
2 (1− α)(1/n)).

5. Conclusions

Basically, this review is about verifying and generalizing the supremum test statis-
tic developed in [1] and reporting some new and notable information about it. In this
short review, simulation tests are carried out for various dimensions to examine the in-
fluence of the supremum test statistic established by Balakrishnan et al. [1] to test for
multivariate skew-normality in terms of empirical size. The number of samples necessary
to achieve the nominal significance levels of 0.05 and 0.01 are given as cut-off values. We
will extend the supremum test statistic to test the skew-normality of doubly multivariate
data with Kronecker product covariance structure and report it in a future correspon-
dence. Recently, Opheim and Roy [18] developed doubly multivariate linear models with
matrix-variate skew-normally distributed errors by assuming that the covariance matrix
defining the location-scale matrix-variate skew-normal distribution has block compound
symmetry structure.
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Appendix A. The R Code

T.integrand = function(x,y,z) { (d-1)*(pnorm(x+z*y)-pnorm(x))^(d-2)
*dnorm(x)*sqrt(2/pi)*exp(-.5*y^2) }
T.CDF = function(z) {
integrate(function(y) {
sapply(y, function(y) {
integrate(function(x) T.integrand(x,y,z), -Inf, Inf,
rel.tol=.Machine$double.eps^.85)$value
})
}, 0, Inf, rel.tol=.Machine$double.eps^.85)$value
}
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