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Abstract

The goal of this article is to test the hypothesis related to the independence of fea-
tures between any two repeated measures in a block compound symmetry structure
under the doubly multivariate normal model. The Rao score and Wald test statistics
are determined and the characteristic function of the likelihood ratio test statistic is
presented. For all of these test statistics, the asymptotic distributional properties are
compared using simulation studies, and the robustness of the empirical distributions
is considered. Furthermore, for power analysis purpose, the Kullback-Leibler diver-
gence is proposed to measure discrepancy between hypotheses and the power of each
mentioned tests, as well as F-test and Roy’s largest root test, is studied. Finally, all
mentioned tests are applied to a real data example.
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1 Introduction

In modern experiments, huge datasets consisting of measurements of many features,
observed repeatedly in time, at various locations and depths, taken from many indi-
viduals, are usually collected. This paper deals with doubly multivariate data that can
be stored in a three-dimensional tensor of observations of size n x m x u, where n
is the number of individuals (sample size) and m and u are the numbers of repeated
measurements of, for example, different features and locations, respectively. In such
experiments, especially in genetics or medicine, the sample size is often too small to
estimate all the unknown parameters of the model. To avoid this problem, regular-
ization of estimators is proposed as one of the solutions, while the second one is to
consider a patterned covariance matrix.

One of the common patterns for a doubly multivariate model is a block compound
symmetry (BCS) structure, which is a direct extension of compound symmetry, com-
mon for multivariate models. BCS has been introduced in Rao (1945, 1953), where the
problem of discriminating genetically different groups is studied. Note that the BCS
structure is common for experiments, where the covariance matrix does not change
when vectors from different repeated measures are interchanged, and hence, in the
literature, it is also called an exchangeable structure.

A general method to test means and covariance matrices related to models with
the BCS covariance structure has been proposed in Arnold (1973, 1979) as a way of
reducing the number of unknown parameters for estimation. A similar problem has
been also studied in Szatrowski (1976, 1978, 1982). Furthermore, Perlman (1987)
found that if the collected data has symmetries, it is possible to obtain a more accurate
estimate of the covariance matrix. Recently, Leiva (2007) formulated the generalized
Fisher linear discrimination method under the BCS covariance structure and derived
the maximum likelihood estimators of BCS. The estimation of BCS, as well as circular
Toeplitz structure, was considered in Liang et al. (2012), while the optimal estimators
of the BCS structure was proposed in Roy et al. (2016); Koziot et al. (2018). The
application of the BCS structure in multivariate interval data problems is shown in
Hao et al. (2015). The tests for the mean structure under the model with the BCS
covariance matrix were proposed in Zmyslony et al. (2018); ZeZula et al. (2018), while
the likelihood ratio test (LRT) and the Rao score test (RST) to test the BCS covariance
structure were presented in Roy and Leiva (2011); Roy et al. (2018); Filipiak and Klein
(2021). The asymptotic normal distribution of the LRT under the assumption of the
size of each block and the sample size tending to infinity was presented in Sun and Xie
(2020). Very recently, Liang et al. (2021) derived the LRT for testing simultaneously
the mean and particular structures of blocks of the BCS covariance matrix.

The aim of this paper is to test independence between features measured repeatedly,
e.g., over time or locations, under the normal model with the BCS covariance structure.
The LRT for such a hypothesis was studied, for example, in Fonseca et al. (2018),
where also a new test statistic being F-distributed, say FT statistic, is proposed. In
the same year Tsukada (2018) compared the power of LRT, modified LRT (using
Bartlett correction), Wald test (WT) and RST, but only for selected types of alternative
hypothesis. It should be noted that the Wald test statistic is given without the proof
in Tsukada (2018). In this paper we revise this test and show that the form presented

@ Springer



Testing independence under a block... 679

in Tsukada (2018) is not in line with the definition of Wald test given by Rao (2005).
Very recently Koziot et al. (2021) gave a review on testing hypotheses under the BCS
structures, and introduced also Roy’s test statistics having the largest root distribution.

The main goals of this paper are to determine the RST and WT statistics and to
derive the exact distribution of LRT. Moreover, using simulation studies we compare
the asymptotical properties of mentioned likelihood ratio based tests and we verify
their robustness for non-Gaussian data. Finally, we recall the FT and Roy’s largest root
tests and we study the power of each considered test. For this purpose, we introduce
the entropy loss function (Kullback-Leibler divergence between two distributions) as
a measure of discrepancy between the null and alternative hypotheses. We show that
such an approach allows to compare the power of the test for various alternatives, in
contrast to the approach usually considered in the literature, where particular structures
of alternative hypotheses are studied; cf. Fonseca et al. (2018), Tsukada (2018). Note,
finally, that the presented results can be applied in many areas of science, e.g. genetics,
medicine, dietetics, agriculture, physics, image processing or engineering. In this paper
we use horticultural real data example to compare all considered tests.

The paper is organized as follows. In Sect. 2 the model and hypotheses of interest,
as well as the maximum likelihood estimators (MLEs) of unknown parameters, are
presented. The RST, WT, LRT, FT and Roy’s test statistics are formulated in Sect. 3,
together with their properties, such as the convergence of the distribution of RST and
WT statistics to the limiting chi-square distribution, the exact distribution of LRT
statistic, as well as the independence of the distributions of all test statistics on the
true values of unknown parameters. The powers of all tests are analyzed in Sect. 4.
Finally, to illustrate presented methods, the independence of the petal lengths between
any two flowers of Kalanchoe plants is tested in Sect. 5. The article is summarized in
the Discussion section.

2 Model and hypothesis

We consider an experiment performed on # individuals in which m features are repeat-
edly measured u times, where these repeated measurements could be time points,
locations, depths, etc. LetX; = (x;,...,x; )’,i = 1,..., n,beindependent and iden-
tically distributed um-dimensional vectors of observations, where x;;, j =1, ..., u,
are m-dimensional vectors of measurements of the jth feature on the ith individual
(at each of the u repetitions).

A normal matrix model is assumed here, in which the observation vectors for all
individuals are placed in rows one below the other, that is,

X = (X1, X2, o, Xp) ~ Ny (L', Iy, ), (1)

where 1, is an n-dimensional vector of ones, p is a um-dimensional general mean (the
same for every individual), I,, is an identity matrix of order n, and €2 isan unknown
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symmetric positive definite covariance matrix of order um. Model (1) can also be
presented in a vectorized form as

vec X ~ Ny (Lum @ 1), 1),

where vec is the operator stacking the columns of a matrix one below the other and ®
is a Kronecker product.
It is known, that if € is unstructured, its MLE is of the form

S = 1X'Q,X, )

where Q,, =1, — %ln 1, is the orthogonal projector onto the orthocomplement of the
column space of 1,,, while an unbiased estimator has the form

$* = -LXQ,X.

Note that, if um is close to the sample size, both estimators are ill-conditioned. Fur-
thermore, if um > n the estimators are singular. To avoid these problems and to reduce
the number of unknown parameters, one may impose the appropriate structure on the
covariance matrix, which decreases the number of unknown parameters. In this paper
we consider the BCS structure

o'y ... Ty
I'iTg... TNy

@pcs = | . . =L®To+ U —L)®T =T 3)
...y

with symmetric positive definite (p.d.) matrix 'y of order m, and with symmetric
matrix I'1 of order m such that T is p.d. Matrix I is a variance-covariance matrix of
m features at any given repeated measurement, while I'y is a covariance matrix of m
features between any two repeated measurements.
After reparameterization one can get an equivalent form of BCS structure of the
form
r=Q,®A+P,® A, 4)

where P, = %lu 1), is the orthogonal projector onto the column space of 1,. This
form is more useful from a computational point of view. Since P,Q, = 0, to ensure
the positive definiteness of I it is enough to assume that A;, i = 1, 2, are symmetric
positive definite matrices. The relationship between (3) and (4) can be represented as
A =To-T
{Az =T+ @w—-DI.

Note that the BCS structure is also called exchangeable, since the vector x;; can be
interchanged with x;;/, j, j "=1, ..., u, without changing the covariance matrix.
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Since the space of BCS structures is a quadratic subspace, that is, the power of BCS
also belongs to the same space, cf. Seely (1971), the MLE of T is a projection of S
given in (2) onto the space of BCS structures, that is,

T=Q,®A +P,®A,, 5)

with
A; =L BTr, [(Q,®1,)8], A, =BT, [(P, ®L,)SI; (6)

u—1

cf. Filipiak et al. (2020). Alternatively, if T is expressed as (3),

To=1BTr,S, Ti= e (BSum,, 8 — BTr,, S), (7
where BTr,, (A) = Zl“: 1 Aji is ablock trace operator defined on the partitioned matrix
A = (Ajj),i,j =1,...,u, with blocks of order m; cf. Filipiak et al. (2018), and
BSum,, (A) = Z?:l Z;{:I A"AI"

We are interested in testing the hypothesis related to the independence of features
between two repeated measurements. This means that we are testing the block diago-
nality of the covariance matrix, which can be presented as

Hy: =TandT'1 =0 vs H: =T ®)
or, equivalently, using parameterization (4),
Hy: A=Ay vs H: =Q, % A1 +P, ® A;. 9

The spectral form of the BCS structure given in (9) provides simpler algebraic transfor-
mations than the previous one, and thus will usually be considered in the forthcoming
sections.

Let us denote A; = A in (9) by A. Then, the null hypothesis can be written as
2 =1, ® A. Since the space of block diagonal matrices is a quadratic subspace, the
MLE of A is a projection of S onto the space of block diagonal matrices, that is,

A =1BTr,S. (10)
The MLEs given in (6) and (10) will be used for determining the test statistics in
the next section.
3 Test statistics
In this section we give an overview of the tests for the considered hypothesis, with
determination of RST and WT statistics. Note that the form of RST statistic has been
stated by Tsukada (2018), however, in this paper we present an alternative proof of its

form. Moreover, in Tsukada (2018) the WT statistic has been given without any proof;
therefore, in this paper we prove that the WT statistic has a more complex form. We
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also verify the convergence of likelihood ratio based tests to the limiting chi-square
distribution, using empirical distributions for RST and WT, and the exact distribution
of LRT, formulated in Theorem 3 and proved in Appendix C.

Another test for (9), FT, having F-distribution with respective degrees of freedom,
has been introduced by Fonseca et al. (2018). Its generalization is Roy’s test, having
the largest root distribution; cf. Mardia et al. (1979). In this paper we recall their forms,
and we verify the robustness of all tests for non-Gaussian data.

We start with determining the RST statistic. The proof of the following theorem
can be found in Appendix A.

Theorem 1 Under hypothesis (9) the Rao score test statistic can be expressed as
~ ~ 72
RS = gtr{ [Ium —Td, ®A)" ] }

where T and A are given in, respectively, (5) and (10).

Denoting the MLEs of covariance matrix under alternative and null hypothesis by,
respectively, 2y, and £ y,, we may represent the above RS test statistic as

-~ ~_172
RS = gtr{ [Ium - szH,szHé] }

which is in line with the RS for testing various covariance structures in Filipiak and
Klein (2021).

It is worth noting that under hypothesis (8), which is obviously equivalent to (9),
we may formulate the following corollary, that can be proven directly from Theorem 1
by considering the parameterization of I' and A through I'g and I';.

Corollary 1 Under hypothesis (8) the Rao score test statistic can be expressed as
_ ENEES
RS = 20=0 ¢ [(F T, 2],

where fo and f] are given in (7).

Note, that the RST statistic presented in Corollary 1 can be also expressed as formula
(3.20) in Tsukada (2018).

Finally, recall that, due to Rao (2005), under considered null hypothesis and if
the sample size n — oo, presented RST statistic is x 2 distributed with m(m + 1)/2
degrees of freedom. The same limiting distribution is related to the second well know
test - Wald test, presented in the next theorem, with the proof in Appendix B.

Theorem 2 Under hypothesis (9) the Wald test statistic can be expressed as
-~ 1~ o~ PO PR
W= %VGC/ (A] —Az) [m(A1®A1)+(A2®A2)] vec (Al —Az)

with K] and Zz given in (6).
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We shall note, that to determine the Wald test statistic under hypothesis (8) it is
enough to replace matrices A1, A by respective transformations given in (2), however,
the form of W will be much more complex. It is also possible to determine W going
directly from null hypothesis (8), nevertheless, in such a case the Fisher information
matrix given in Appendix A cannot be applied directly.

Finally observe, that plugging the MLE of covariance matrix under null hypothesis
instead of alternative into the form of WT, respective test statistic presented by Tsukada
(2018) will be obtained. Note however, that such approach is not in line with the
definition of the Wald test given by Rao (2005).

The Rao score test is based on the MLE of vector of parameters under null hypoth-
esis, while the Wald test used the MLE under alternative. The third test of Rao’s “holy
trinity” is the likelihood ratio test, based on comparison of the MLEs under the null
and alternative hypotheses. When testing (9), the likelihood ratio A has the form

~ —~ /2
A A,
A:(—| 1||Z|L 2') . (11)

It is well known (Rao 2005) that under the null hypothesis, LR = —2In A is approxi-
mately distributed as x> with m(m + 1)/2 degrees of freedom. It should be noted that
if the covariance parameters fall on the boundary of their parameter space, then the
asymptotic distribution of LR becomes a mixture of x? distributions, as discussed in
Self and Liang (1987). Instead of an approximate distribution, which works well only
for relatively large sample sizes, one can use the exact distribution of the LR presented
in the following theorem, with the proof given in Appendix C.

Theorem 3 The characteristic function of LR = —21n A, with A being the likelihood
ratio test statistic given in (11), is of the form
u—numit
(u — 1)—n(=Dmir’
ﬁ |:F<(nl)(u21)+1j 7itn(u71)) l—-(n—j ﬂ.m) F(mq);ﬂq) :|

2
N r(52) (e i)

@) =

j=1

The exact distribution of LRT statistic with the use of the above characteristic
function can be computed with the use of R package CharFunToolR developed in
Gajdos (2018) on the basis of Matlab package CharFunTool provided in Witkovsky
(2018).

‘We shall also mention, that in the literature some modifications of LRT are studied.
One of the example is multiplication of LR by a constant equal to 1 — (4> — u +
1)(2m2 +3m—1)/(6(n — Du(u — 1)(m + 1)); cf. Tsukada (2018). Using the general
theory of asymptotic expansions from Anderson (2003), such modified test statistic
converges faster to respective x> distribution. Nevertheless, since in this paper we
give the exact distribution of LRT, we do not consider mentioned modification as a
separate test.
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Finally note, that a big advantage of all presented test statistics is the following
property, with the proof given in Appendix D.

Proposition 1 The distributions of RST, WT and LRT statistics under the null hypoth-
esis in (9) do not depend on the true values of p and A.

Using simulations, we compare now the behavior of the empirical distributions of
RST and WT statistics with respect to their convergence to the limiting distribution
and we collate them with the exact distribution of LRT.

Recall, that all proposed tests can be performed if n > m. Moreover, forn — oo, the
distribution of RS, W and LR test statistics tends to the y 2 distribution with m (m+1) /2
degrees of freedom. Thus, in Figs. 1, 2, 3, 4 and 5 we present the empirical null
distributions of RST and WT, exact distribution of LRT and the limiting x 2 distribution
with respect to the sample size for u = 3 and respectively m € {3, 6, 9} and form = 3
and respectively u € {6, 9}. It can be seen that distributions of all test statistics tend
to the limiting distribution with the increase of n, however, the convergence of RST
is the quickest and even for relatively small sample size does not differ significantly
from the limiting one, which is not the case for WT nor LRT.

The next two presented tests, the FT and Roy’s test, are based on unbiased estimators
of unknown parameters, instead of MLEs. Roy et al. (2016) presented such unbiased
estimators of A; and A, in terms of multiple sums of vector products. Recall that
since the space of BCS structures is a quadratic subspace, these estimators can also be
obtained by projection of sample covariance matrix S* onto the space of BCS matrices;

n=5, m=3, u=3 n=10, m=3, u=3
0.20 0.20
0.15 0.15
Y \ 2,
o.10f ) N 0.10f
1 A ] \\
" \ y A
0.05} 4 AN 0.05} 4
1 N N
1 AN N
| N
5 10 15 20 25 30 5 10 15 20 25 30
n=25, m=3, u=3 n=50, m=3, u=3
0.20 0.20
0.15 0.15
0.10 0.10
0.05 0.05
5 10 15 20 25 30 5 10 15 20 25 30

Fig.1 Empirical null distribution of RST (blue) and WT (red) and exact distribution of LRT (green) along
with the X62 distribution (black dashed) for m = 3, u = 3. (Colour figure online)
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n=5, m=3, u=6 n=10, m=3, u=6
0.15 0.15
N N
\ \
\ \
0.10 \ 0.10 \
\\ \
\J
\J
\J \J
0.05 \ 0.05
J <
b X DN
5 10 15 20 25 30 5 10 15 20 25 30
n=25, m=3, u=6 n=50, m=3, u=6
0.15 0.15
P
0.10 0.10
0.05 0.05
5 10 15 20 25 30 5 10 15 20 25 30

Fig.2 Empirical null distribution of RST (blue) and WT (red) and exact distribution of LRT (green) along
with the X62 distribution (black dashed) for m = 3, u = 6. (Colour figure online)

n=5, m=3, u=9
0.15
-
1 \}
i \
0.10f | *
AY
\
\
0.05 *
N
I
1
1 R~
5 10 15 20 25 30
n=25, m=3, u=9
0.15
p
0.10
0.05
5 10 15 20 25 30

n=10, m=3, u=9
0.15
\J
\J
0.10 \
\
\J
\J
\J
0.05 \
5 10 15 20 25 30
n=50, m=3, u=9
0.15
0.10
0.05
5 10 15 20 25 30

Fig.3 Empirical null distribution of RST (blue) and WT (red) and exact distribution of LRT (green) along
with the X62 distribution (black dashed) for m = 3, u = 9. (Colour figure online)
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n=7, m=6, u=3 n=10, m=6, u=3
0.15 0.15
0.10 0.10
0.05 \ 0.05
[’ \
\
\ A
Ay W
p
20 40 60 80 20 40 60 80
n=25, m=6, u=3 n=50, m=6, u=3
0.15 0.15
0.10 0.10
0.05 0.05
20 40 60 80 20 40 60 80

Fig.4 Empirical null distribution of RST (blue) and WT (red) and exact distribution of LRT (green) along
with the x5, distribution (black dashed) for m = 6, u = 3. (Colour figure online)
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n=25, m=9, u=3
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n=75, m=9, u=3
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Fig. 5 Empirical null distribution of RST (blue) and WT (red) statistics and exact distribution of LRT
(green) statistic along with the X‘%S distribution (black dashed) for m = 9, u = 3. (Colour figure online)
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cf. Filipiak et al. (2020). Thus, the unbiased estimators given in Roy et al. (2016) can
also be represented as

Ay = L BTr, [(Qu®L)S*l.  A; = BTr, [(P, ® L,)S*].
The FT statistic, introduced by Fonseca et al. (2018), has the form

v Arv
- ~ £
VAV

F

and is F distributed with n — 1 and (n — 1)(# — 1) degrees of freedom; cf. Fonseca
et al. (2018)[Lemma 3.1]. Since the unbiased estimators of A; and A, differ from
respective MLEs only by a constant, we can also represent FT statistic in terms of
MLE:s, that is

v Arv
F=——.
VAV

Noting that

Ry~ W (A = D@ = 1), o~ Wy (bA2,n = 1)

are independent; cf. Roy et al. (2015), the F distribution of the above FT statistic also
follows.
Observe, that according to (D.1), the FT statistic can be expressed as

B VAY2Y, A2y B wYow
N v’Al/z’Y\‘lA]/zv N w"?1w’

where ?1 and ?2 are givenin (D.2). Thus, even if under null hypothesis the distribution
of the above FT statistic does not depend on the true value of A, the choice of vector v
should be appropriate. Note, that if v is equal to the column of identity matrix, in fact
the hypothesis about specific entry of covariance matrix being equal to zero is tested,
which is the same as (9) only if m = 1. Furthermore, if v = 1,, (as it was assumed
in, e.g., Fonseca et al. (2018)) then the hypothesis about the sum of all elements of I';
being equal to zero is tested. Thus, the proposed test statistic is appropriate to test (9)
if all the entries of IT'; are of the same sign (or some of them, but not all, are zeros).
In fact, the choice of vector v as the vector of nonnegative (nonpositive) components
corresponds to testing the value of weighted sum of the elements of I';. Concluding,
for testing (9), it would be natural not to fix a single v, but to choose some optimal
vector of quadratic forms in FT.
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688 K. Filipiak et al.

To achieve higher power of the test it is natural to choose a vector v maximizing
the value of the test statistic. Thus, maximizing F for all v € R™ we obtain the test

statistic F;, = Ajax (Zzzl_l); cf. Koziot et al. (2021), where A4 (+) is the largest

root of the matrix in parenthesis. The inference can be made using Roy’s test of the
form

1
u—lFm

R=—""71—-
1+MT1Fm

’

which has the largest root distribution with parameters m, (n — 1)(u — 1), and n — 1;
for more details see e.g. Mardia et al. (1979). For simplicity we will abbreviate this
distribution as RLR (Roy’s largest root).

Notice, that vector v in F,,, is the eigenvector corresponding to the maximal eigen-
value of ZZK]“, thus it is not fixed anymore, but depends on the data. As a result, as it
is mentioned in Koziot et al. (2021), Roy’s test does not necessarily have higher power
than the F-test, it is advantageous only when the largest eigenvalue is substantially
larger than the remaining ones.

In order to check the robustness of considered tests with respect to some perturba-
tions from normality, for various combinations of m, u and n, we generated the data
from the following non-Gaussian distributions: multivariate 3, f5, gamma distribution
with parameters (2, 1.5), and uniform on the interval (0, 1). The results for m = 9,
u = 3 and n € {10, 25} are given in Fig. 6. It can be seen that for small sample
sizes, the distributions of all test statistics under non-normality are quite close to the
relevant empirical null distributions, however, if the sample size increases, for consid-
ered ¢ distributions, the test statistics are appearing to tend to some other distribution
than chi-square. Similar observation was noticed for other sets of parameters (results
not presented in this paper). Therefore, the robustness of test statistics, especially for
multivariate ¢ distributions, will be the topic of future research.

4 Power study of considered tests

For power comparison purpose Fonseca et al. (2018) considered the covariance struc-
ture under alternative constructed by choosing a block diagonal matrix with I'g on the
diagonal and stating a scaled randomly generated matrix I'j as off-diagonal blocks,
that is,

r=Iu®r0+(Ju_Iu)®)Vrlv

where A is a parameter ensuring positive definiteness of I'. Note, that for various matri-
ces I'1, parameter A belongs to different domains (ensuring positive definiteness), and
hence the discrepancies |X| are not comparable. Moreover, such approach allows to
consider only very specific types of alternatives and also null hypothesis, choosing the
same I'( in both, null and alternative. Thus, in this paper, as a measure of discrepancy
between given alternative, I', and a set of block-diagonal matrices I, ® A, we mini-
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RST; n=10 RST; n=25
0.06 0.06
0.05 0.05
0.04 0.04
0.03 0.03
0.02 0.02
0.01 0.01
00020 40 60 80 100 120 140 00020 40 60 80 100 120 140
WT; n=10 WT; n=25
0.12 0.12
"
0.10 0.10
0.08 0.08
0.06 0.06
0.04 0.04
0.02 0.02
00026 40 60 80 100 120 140 00020 40 60 80 100 120 140
LRT; n=10 LRT; n=25
0.05 0.05
0.04 0.04
0.03 0.03
0.02 0.02
0.01 m 0.01
50 100 150 200 50 100 150 200
F-test; n=10 F-test; n=25
12
1.0
0.8
0.6
0.4
0.2
0% 1 2 3 4 5 % 1 2 3 4 5
Roy's test; n=10 Roy's test; n=25
8 8
6 6
4 4
2 2
80 0.2 0.4 0.6 0.8 1.0 1.2 8o 0.2 0.4 0.6 0.8 1.0 1.2

Fig.6 Empirical null distributions of test statistics (presented in rows) under normality (black dashed), the
multivariate 73 (red), t5 (green), gamma G (2, 1.5) (blue), and uniform U (0, 1) (purple) distributions, for
m =9,u =3, n = 10 (left panel), n = 25 (right panel). (Colour figure online)

@ Springer



690 K. Filipiak et al.

mize Kullback-Leibler divergence between two distributions that differ in covariance
matrix, that is

¢ = min |tr [r—l(lu ® A)] —In | T @, @A) | —um] , (12)

where the symmetric p.d. matrix I' has BCS structure with some given symmetric
matrices I'g (p.d.) and I'1, while A is a symmetric p.d. matrix for which the minimum
is attained. Using the same differentiation rules as in Appendix A, it can be shown
that the minimum (12) is obtained for

-1
A= (AT + A7) (13)
with A; and A, defined in (2). It should be noted that (13) determines the block
diagonal structure which is the closest one in the sense of (12), and does not need to be
the same as the diagonal blocks used in the alternative hypothesis. Observe moreover
that since the value of ¢ is not upper bounded, we use the transformation n = 1 — ﬁ
that shrinks ¢ into the [0, 1) interval. Note that, in contrast to the method used by
Fonseca et al. (2018), for arbitrary randomly generated I'g and I'{, the minimum A
and the discrepancy 1 can be determined and compared to each other.

Summing up, for various values of u and m, we first randomly generate matrices
I'p and T', for which we determine the discrepancy 5. For example, for u = m = 3,
we choose the matrices

88.910 —13.002 14.855 26.195 —0.231 —4.579
o= —13.002 84921 5285 |, I''=| —0.231 2.357 —1.647 |, (14)
14.855  5.285120.934 —4.579 —1.647 3.495

for which the minimum in (12) is attained at

75.995 —13.2497 17.5422
A = | —13.2497 84.7433 5.49956
17.5422  5.49956 120.196

giving n = 0.2012.

In the study on power, we start by verifying the power of all the tests mentioned for
m = u = 3 and n = 5, such that I'g is given in (14), and I'; is randomly generated
300 times. For each case that gives a positive definite I' (exactly for 237 cases), we
generate the data matrix X ~ N, ,, (0, I,, T'), for which all tests are then performed.
For rejection of null hypothesis we use respectively the empirical null distribution of
RST and WT, the exact distribution of LRT (presented in Theorem 3 and computed
using CharFunToo1R package), F distribution withn — 1 and (n — 1) (u — 1) degrees
of freedom for FT, and RLR distribution with m, (n — 1)(u — 1), and n — 1 degrees
of freedom (computed with the use of the algorithm of Chiani (2016)) for Roy’s test.
Similarly to Fonseca et al. (2018) and Koziot et al. (2021), to perform FT we choose
v = 1,,. In all comparisons, the significance level 0.05 is used. The empirical power
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Fig.7 Empirical powers of RST, WT, LRT, FT, and Roy’s test statistics form = u = 3, n = 5, with respect
to discrepancy 1. (Colour figure online)

is calculated as the ratio between the number of rejections and the number of all trials
performed. The results of the simulations are presented in Fig. 7.

It can be seen that RST, LRT, and Roy’s test statistics increase with the discrepancy,
in contrast to FT, for which for two equally distant BCS structures the power differs
significantly, and to WT, for which the power is often below nominal significance level
(Wald test is biased). The different behavior of these latter tests may also be caused
by inappropriate choice of discrepancy; however, this topic will be studied in future
research. Concluding, in the following part of this chapter, we compare power of RST,
LRT and Roy’s test only.

For power comparison, we consider m € {3,6}, u € {3,6,9},and m = 9, u €
{3, 6}. For each pair (u, m) we choose I'p and I'| in such a way that the discrepancy
n equals 0.2 and 0.4. The forms of all chosen matrices, except those given in (14),
are available from the authors on request. Then, similarly as in the previous case, for
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u=3, n=0.2 u=3, n=0.4

20 10 50 0 oo™ 20 30 50 50 Too"

Fig. 8 Empirical powers of RST (blue), LRT (green) and Roy’s test (purple) statistics depending on n for
m =3, u € {3, 6,9} and for n = 0.2 (left panel) and n = 0.4 (right panel). (Colour figure online)

selected sample sizes that ensure the existence of all three tests (n > m), we generate
50,000 data matrices, for which the empirical powers are computed. The simulation
results are presented in Figs. 8, 9 and 10. It can be seen that for both n the power of
the RST (blue line) and Roy’s test (purple line) exceed the power of the LRT (green
line) for each considered sample size. Moreover, for n = 0.4, the power of RST and
Roy’s test is indistinguishable.

5 Real data example
In this section we consider an example originally presented in Liang et al.

(2015)[Table 1], where the hierarchical model with block circular structure (in partic-
ular BCS structure) has been studied.
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u=3, n=0.2

20 40 60 80 100 20 40 60 80 100

Fig.9 Empirical powers of RST (blue), LRT (green) and Roy’s test (purple) statistics depending on n for
m = 6,u € {3, 6,9} and for n = 0.2 (left panel) and n = 0.4 (right panel). (Colour figure online)

Data consisting of measurements of petal length made in 11 specific Kalanchoe
plants from the same greenhouse are analyzed. From each plant 3 flowers have been
randomly chosen. Note that each flower has 4 petals. We assume that the covariance
between every two flowers is the same, which follows the BCS structure of the disper-
sion matrix. It is worth noting that since in each flower the arrangement of the petals
is circular, Liang et al. (2015) additionally assumed a circular structure of covariance
between the petals in each flower. This assumption is not required in this paper. For
clarity, in this experiment we have n = 11 individuals, m = 4 petals on each of u = 3
flowers.

Our aim is to verify the hypothesis related to the independence of petal lengths
between any two flowers; hence, the hypothesis (9) is suitable here. We use RST,
WT, and LRT statistics and exact and approximate quantiles of their distributions
to make the decision. Note that in the case of RST and WT the empirical null
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u=3, n=0.2 u=3, n=0.4
power power
1.0

n n
20 40 60 80 100 20 40 60 80 100

Fig. 10 Empirical powers of RST (blue), LRT (green) and Roy’s test (purple) statistics depending on n for
m =9, u € {3, 6} and for n = 0.2 (left panel) and n = 0.4 (right panel). (Colour figure online)

distributions are used as the exact distributions, while the quantiles (and thus also
the p-value) of the exact LRT distribution are computed using the R package
CharFunToolR. In all three cases, the X120 distribution is used as the limiting one.
We also compute F test statistics for three different choices of v: 1,,, vmax being the

eigenvector related to maximal eigenvalue of KZZ[‘ , and some randomly generated
vy = (0.859853,0.175291, 0.011513, 0.405039)’, as well as Roy’s test statistic and
we determine the p-values based on, respectively, F and RLR distributions with respec-
tive degrees of freedom. To calculate the p-value of Roy’s test, we use the algorithm
presented in Chiani (2016). The values of the test statistics together with the respective
p-values are given in Table 1.

The p-values computed from the exact distributions of all the tests suggest the same
decision: at the significance level 0.05, the hypothesis of independence is not rejected.
Furthermore, the decision made on the basis of limiting distribution of RST, WT and

Table 1 Values of RST, LRT, WT, F(1,,), F(Vmax), F(vg), and Roy’s test statistics together with respective
p-values for real data example

RST LRT WT F1,,) F(Vmax) F(vg) R
test statistics 5.974 11.532 8.600 0.700 0.978 0.144 0.601
exact p-value 0.879 0.565 0.569 0.714 0.491 0.998 0.402
X%, p-value 0.817 0.318 0.570 - - - -
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LRT remains the same. However, in the case of RST and WT, the exact and chi-square
p-values are close to each other, which is not the case for LRT. This observation is
very general, as can be seen from the significant discrepancies between the exact and
limiting distributions of LRT, especially for small n, given in Figs. 1, 2, 3,4 and 5.
Note that for different choice of v in the F test we obtain various values of test
statistic and, obviously, different p-values. In the example considered, the decision
remains the same; however, for other datasets, different decisions can be made. Thus,
from a practical point of view, the Roy’s test should be preferable to the F-test, as
it does not depend on the choice of v. However, since the determination of the RLR
distribution, as well as the exact distribution of LRT, involves complex computations
with the use of special packages, while the (empirical) exact distributions of RST and
WT do not differ significantly from limiting x2 distribution, even if the normality
assumption is not fulfilled, the RST or WT procedure with p-value taken from the
limiting distribution seems to be the most useful for practitioners. Finally, because of
biasedness of WT shown in the previous section, the type II error can be much higher
than one can accept. Therefore, the RST is suggested to be used by practitioners.

6 Discussion

In this article we determined the RST and WT statistics as well as we showed the char-
acteristic function of LRT statistic for testing the independence of features between
repeated measurements in the BCS covariance structure. For all of these test statistics
we proved that their null distributions do not depend on the true parameters. For FT and
Roy’s test this conclusion is obvious. The robustness analysis performed for selected
distributions showed, that all mentioned tests are relatively consistent, however, some
future research must be done under the non-normality assumption, especially for mul-
tivariate t distribution of the data. Nevertheless, since WT is biased, and since the
values of F test statistic strongly depend on the choice of vector v, it is difficult to
verify the power of these test, and thus they are not taken into consideration in power
comparison. In the power analysis we showed that the powers of RST and Roy’s tests
do not differ significantly and usually exceed the power of LRT.

Summing up, the F test would be good for testing the hypothesis about the values
of specific elements of covariance matrix, in which case vector v should be chosen
according to the tested hypothesis. Because of biasedness of WT and since the determi-
nation of the exact distribution of LRT and RLR distribution is relatively complex, the
RST with its limiting 2 distribution can be recommended for the use by researchers.
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Appendix A: Proof of Theorem 1

Following Rao (2005) the Rao score test statistics is a function of score vector s and
Fisher information matrix F, that is

RS = s'(0)F 1 (0)s(0).

Note, that the score vector s(f) is a vector of first derivatives of log-likelihood
function with respect to the vector of parameters under alternative, that is § =
(;L’ ,vech’ Ay, vech’ Az) /, where vech A is a vector obtained from vec A by eliminating
all elements arranged above the main diagonal of A; cf. Magnus and Neudecker (1986).
Observe, that it is easy to recover all the entries of vec A from vech A by duplication
of respective elements, that is vec A = D,,, vech A, where D, is an m? x %m(m +1)
duplication matrix; cf. Magnus and Neudecker (1986).

Due to Magnus and Neudecker (1986), by the derivative of an arbitrary function
dvec G(A)
dvec’ A
is computed with respect to vech” A. It is easy to see that

dvec GAA dvec GA dvech’ A
veeGlAd) _ dveeGA) 1y Since the log-likelihood
dvech’ A dvec’ A

function is a scalar function, in considered case resulting score vector is of dimension
um + m(m + 12; R

Noting, that @ is the MLE of 6 under the null hypothesis, for (9) we obtain § =
(ﬁ’, vech’ K, vech’ Z)/ with & = %X’ln and A presented in (10). Observe, however,
that since the considered hypothesis does not contain any restrictions on u, the first
entry of the score vector (first derivative with respect to u) will reduce to 0 when pu is
replaced by its MLE. Thus, without loss of generality, we consider the score vector of
the dimension m (m + 1). Similarly, the Fisher information matrix is of order m(m+1).

Considering T given by (4) and since | T |=| A [“"!| A, |, the log-likelihood
function under H; in (9) can be presented as

G(A) withrespect to A we mean .If A is a symmetric matrix, the derivative

dvecA
= D,,, and thus,

according to the chain rule,

(u—-1
2

num n n 1 e
InL = —Tln(Zn) — In| Ay | —Eln | Az | —Etr(Yl" Y)

with Y := Y(u) = X — 1,u’. In order to obtain the score vector, we differentiate the
above log-likelihood function with respect to #. Using the chain rule as described in
Magnus and Neudecker (1986), the differentiation formulas given in Fackler (2005),
and Corollary 2.10 of Filipiak et al. (2018), we obtain

dlnL
oA

=1 [(u —Dvec' A}

—ved' GY' V)1, ® Ky @ 1) (vec Qu ® L) (AT © Afl)] D
—3[@=Dvec AT

—ved {BTr,[(Qu @ L) YY1} (AT! ® Al‘l)] Dy,
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where K, ,, is an um x um commutation matrix that transforms an m x u matrix A as

d1n
K., vec A = vec A’. Similar result can be obtained for

with A replaced by

2
A, with the projection matrix Qy replaced by Py, and with tr Q, = u — 1 replaced
by tr P, = 1. Plugging in @ under Hj into the above formulas, and observing that

1 1 1
“YY=-Y(mY@® = -XQ:X =8,
n n n

we get

s(0) = —2(L ®D),)
(u — 1) vec Al - (K_l ® Z_]) vec{BTr,,[(Q, ® I,,,)S1}
veeA” = (A ' @A) vec(BTr[(P, ® L,)S]}

which, due to the formulas (6) for MLEs of BCS structure, can be simplified to

-~ n , u—1)A &A )vec(A—Ay)
0)=—>T1, ®D ] o~ PO . ALl
s(0) 2(2@ m)( @ 1®A 1)Vec(A—A2) ) (A1)

To compute Fisher information matrix, second order partial derivatives and their
expected values are calculated. The detailed computations only for parameter A are
presented here, as the derivatives with respect to A, result from the same arguments.

Using derivatives from Fackler (2005) and formula (1.4.23) from Kollo and von
Rosen (2005) we get

3%InL _ _
= gn;n{(u — DA @AY
IA3
—(ved'{BTrm[(Qu ® L) iY'Y} @ L) Iy @ Ky @ L)
@2 ®ved AT +vec AT @ L2) (AT ® A;l)}Dm.

To compute the expectation of the above, we use the notation E(Y'Y) = T (cf. Kollo
and von Rosen (2005)[Th. 2.2.9(1)]), and hence from orthogonality of P, and Q,, we
obtain

Fii=—3D, (w-D@AT @A)
—{VCC/[BTI‘m (Qu ® Al)] ® Im2}(1m ® Km,m & Im)
(L ®ved AT +vec AT @ L) (AT @ A;l))Dm.

Noting, that the block-diagonal elements of Q, ® A are equal to ”u;l A itis easy to
see that BTr,,(Q, ® A1) = (u — 1)A. Furthermore, since for symmetric matrix A

(ved A@D, )Ly @ Ky @ L) (vec A~ @1,2)
= e A®@D )L, @Ky @ L) (A,2 @ vecA™ ) =D/,
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cf. Filipiak et al. (2016)[Lemma 1], we obtain

nwu—1) _ _
Fi1 = TD;H(AI '® ATHD,,. (A-2)

Plugging in the MLE’s of unknown parameters under Hy, we finally obtain

~ nf{@w-1p, A" @A "D, 0
FO) =3 RS
and, from Filipiak et al. (2016)[Prop. 1(iv)],
RPN
“17y — 2 (A ®A) 0 4
F (0)—;(12®Dm)(” ! 0 AwA (I, ®D,,),

where D,ﬁ is a Moore-Penrose inverse of D,,,. Denoting the score vector (A.1) as

S2

s(0) = —2(I, ® D) <51>,

we get

P
—(A®A) 0 / S|
RS=§(s’1,s’2)(Iz®DmD$)<“1 0 AoA (I, @ DD o)

Using Magnus and Neudecker (1986)[formulas (54) and (36)] we may further simplify
the above RS to

RS = 1 [(u —DvedA —ADA @A ) vec(A — A))
tvec'(A — A)A T @A) vec(A — Zz)]

sla-Dul@-A)A"'A-ApAa™

T tl(A—A)A ' (A—A»AT]

2 {(u —DtrlLy —2AA "+ AA A AT

T tr[l, — 2A,A" + ZZZ_IZZZ_I]]

3ol —20@Q 0 AR + Q0 A AR AT
—20P, @ AA ) + tr(P, ® KZZ”KZK*‘)]

Finally, from idempotency and orthogonality of Q,, and P, we obtain

RS = 4t [Lin —2Qu® A1 + P, ® Ar)(I, @A)

+Qu®A +P, ®A)NT, @A)
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(Qu®A +P, ® A1, ® K*‘)]

=y | [Ium ~Ta, ® K)—1]2 }

Appendix B: Proof of Theorem 2

Due to Rao (2005) the Wald test statistics for testing composite null hypothesis h(0) =
¢ can be represented as

W = (h(@) — ¢)A~' @) (h(®) — o),

where A(0) = H(0)F~'(6)H'(9), with H(6) being the matrix of derivatives of h with
respect to the components of 8, F(0) is the Fisher information matrix and 6 is the
MLE of 6 under alternative. Considering hypothesis (9) we may note that the null
hypothesis can be written as vech(A; — Az) = 0,,(n41),2 Which is equivalent to
(Im(m+1)/27 _Im(m+l)/2) 0= 0m(m+1)/2, where 6 = (vech/ A] s vech’ Az)/. It follows
that h(9) = (I, —I) @ with identity matrices of order m(m + 1)/2, and hence H(f) =
(I, —I), while F(0) is a block diagonal matrix with diagonal blocks given in (A.2) and
equal to %D;n(Az_l ® Az_l)Dm. We then obtain

1 p+ +
L DA, ®A)D 0 I
_ 2 _ u—1"-"m 1 D% m
A®0) = d,-D ( 0 D/ (A ® A2>D;:’) (—I>

=20 [ ;L1 (A1© A + (A2 @ A | DY

and, plugging the inverse of A(/0\) into the formula for Wald test statistic, we get

W =

2 vech' (A — Ay) D), [ﬁ(&l @A)+ (A ® Zz)]fl D,, vech (A; — Ay).
lirom the definition of duplication matrix we have D,, vech (21 — Kz) = vec (Kl —
A7) and the thesis follows.
Appendix C: Proof of Theorem 3
Denoting A = n(u — I)Zl, A = nK2 and observing that

nuA = nu(u — I)Zl —|—nuZ2 =A; +A,,

we may write (11) as

As = A2 _ ut" 1A I”*llAzl.
’ (= HE=Dm A+ Ay |

@ Springer



700 K. Filipiak et al.

where A; ~ W, (A,(n — )(u — 1)), Ay ~ W,,(Ar,n — 1) and A| and A, are
independent; cf. Roy et al. (2015); Filipiak and Klein (2021).

Since the probability density function of any m x m matrix W ~ W, (2, v) can be
expressed as

with multivariate gamma function of order m given as

m
() = 2" DATT =5,
i=1

cf. Kollo and von Rosen (2005)[Th. 2.4.6], we may express the i-th moment of | W |
by the following formula

E(W[") = /W W V)W

~Su(e! W) W s
Z/ w2 IV aw
w

v
22T 22

_ —m—1+2h
(3 +h) / e gy | AW
= 5-mhp_ (¥ —h m(v+2h) V+2h
27 () | 217w Tt +h) | 5|2
C(%+h
=2 | x| M (C.D)

Cn(3)

where W is the symmetric positive-definite matrices space. Hence, the 4-th moment
of Ay can be written as

uumh

= D
| Ay @D Ay |
/Al /Az | Al + Ay |4
e (1™ LA /2 | A |(n D@—1)—m—1]/2
2m(n D@-1/2p, ((n—l)z(u—l>> | 1|(=D=1/2
e~ (17 Ay 2 | Ay |(n—2—m)/2
2m(n /2, ( )|1 |(n=1)/2

E(Ah) =

dAdA;
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A r ((n—l+2h)(u—l)> _14on
— u'" | 1 |uh .2umh . " 2 . Fm (ﬂ 2 )
(1 — 1)(u=Dmh ry (0=e=D) T (51

/.:41 /.:42 | Al +A2 |uh

e—tr(1” Al)/2|A1 |[(u D(n—142h)—m—1]/2

2m(n 142 w=/2[, ((n 1+22h)(u—1)) | A |(1=142) (u=1)/2
e—tr(l_lAz)/Z | A, |(n—1+2/1—m—1)/2

X omn—te2m2r, (2=LE2h) | A 14202 dA1dA;
B (zu)umh
- (u— 1)(u—l)mh
r, ((n—1+22h)(u—1)) r, (n—12+2h)
x A E(A T,

O (=50 1 (151)

where A = A1 + Ay ~ W, (A, (n — 1 + 2h)u). Now, using (C.1), we can write

o (S5 e, (3552

— 1)—Dmh “Du— _ _
(u — 1)—Dm Fm(W)Fm("_zl)ch(n é+2h)>

uumh

= (= —Dmh

m r((”*”(”;”“’uh(u—l)) F(”;f+h) F((n—l)gﬂ—j)
. 7 .

E(A") =

X

F((n—l)(u;l)+l—j) ( ;j) ' F((n—l);+l—j+hu)

j=1

Appendix D: Proof of Proposition 1

Itis enough to show that the distribution of the RS, LR and Wald test statistics presented
respectively in Theorem 1, (11) and Theorem 2 under the null hypothesis given in (9)
does not depend on the true value of A.

The observation matrix X can be written as X = 1,7 + EQ!/2, where !/? =
I, ® AY? with AY2AY2 = A and E ~ N, (0, I, I,,,), therefore

X'Q,X = !’E'Q,EQ!/2.
Hence, due to (10) and using Filipiak et al. (2018)[Lemma 2.11], we have

A = 1 BTr,[S] = L BTr,[X'Q,X] =
= L BTr, 521/212 Q,EQ'? = L BTr,[(1, ® AYHEQ,E1, ® A/?)] =

nu

= A2 L BT, [E'Q,EIAY? = A2 A2,
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where Y does not depend on the true values of the unknown parameters. Similarly
we find that the estimators in (6) can be expressed as

A= AYV2Y A2 and Ay = AVPY,AV2, ({D.1)

where both ?1 and ?2 do not depend on the true values of the unknown parameters,
since

o~

Y = ﬁ BTr,,[(Qu @ I)E'Q,E(Q, ® Ly)],

o~

i , (D.2)
TZ =u BTrm[(Pu & Im)E QnE(Pu ® Im)]

Therefore for estimator T given in (5) it holds
i: = ® AI/Z) <Qu & ?1 +P,® ?2> I, ® Al/z),
and after substituting into RST statistic given in Theorem 1 it can be presented as

RS = gtr{ [l — Qe T+ P, @ T, ® ?o)‘l]2 I

The LRT statistic (11) and Wald test statistic given in Theorem 2 can be expressed
as

= =~ 2
AR
[ Yo | ’
~ 1~ - ~ <~ 1! -~ -
W= %ved (T1 - Tz) I:uTl(Tl RYN+(T2® Tz)i| vec (’Y‘l - Tz) ,
respectively.
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