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PREFACE

The book presents important tools and techniques for treating problems in mod-
ern multivariate statistics in a systematic way. The ambition is to indicate new
directions as well as to present the classical part of multivariate statistical analysis
in this framework. The book has been written for graduate students and statisti-
cians who are not afraid of matrix formalism. The goal is to provide them with
a powerful toolkit for their research and to give necessary background and deeper
knowledge for further studies in different areas of multivariate statistics. It can
also be useful for researchers in applied mathematics and for people working on
data analysis and data mining who can find useful methods and ideas for solving
their problems.

It has been designed as a textbook for a two semester graduate course on multivari-
ate statistics. Such a course has been held at the Swedish Agricultural University
in 2001/02. On the other hand, it can be used as material for series of shorter
courses. In fact, Chapters 1 and 2 have been used for a graduate course ”Matrices
in Statistics” at University of Tartu for the last few years, and Chapters 2 and 3
formed the material for the graduate course ”"Multivariate Asymptotic Statistics”
in spring 2002. An advanced course ”Multivariate Linear Models” may be based
on Chapter 4.

A lot of literature is available on multivariate statistical analysis written for differ-
ent purposes and for people with different interests, background and knowledge.
However, the authors feel that there is still space for a treatment like the one
presented in this volume. Matrix algebra and theory of linear spaces are continu-
ously developing fields, and it is interesting to observe how statistical applications
benefit from algebraic achievements. Our main aim is to present tools and tech-
niques whereas development of specific multivariate methods has been somewhat
less important. Often alternative approaches are presented and we do not avoid
complicated derivations.

Besides a systematic presentation of basic notions, throughout the book there are
several topics which have not been touched or have only been briefly considered
in other books on multivariate analysis. The internal logic and development of
the material in this book is the following. In Chapter 1 necessary results on ma-
trix algebra and linear spaces are presented. In particular, lattice theory is used.
There are three closely related notions of matrix algebra which play a key role in
the presentation of multivariate statistics: Kronecker product, vec-operator and
the concept of matrix derivative. In Chapter 2 the presentation of distributions
is heavily based on matrix algebra, what makes it possible to present complicated
expressions of multivariate moments and cumulants in an elegant and compact
way. The very basic classes of multivariate and matrix distributions, such as nor-
mal, elliptical and Wishart distributions, are studied and several relations and
characteristics are presented of which some are new. The choice of the material
in Chapter 2 has been made having in mind multivariate asymptotic distribu-



xii PREFACE

tions and multivariate expansions in Chapter 3. This Chapter presents general
formal density expansions which are applied in normal and Wishart approxima-
tions. Finally, in Chapter 4 the results from multivariate distribution theory and
approximations are used in presentation of general linear models with a special
emphasis on the Growth Curve model.

The authors are thankful to the Royal Swedish Academy of Sciences and to the
Swedish Institute for their financial support. Our sincere gratitude belongs also
to the University of Tartu, Uppsala University and the Swedish Agricultural Uni-
versity for their support. Dietrich von Rosen gratefully acknowledges the support
from the Swedish Natural Sciences Research Council, while Ténu Kollo is in-
debted to the Estonian Science Foundation. Grateful thanks to Professors Heinz
Neudecker, Kenneth Nordstrém and Muni Srivastava. Some results in the book
stem from our earlier cooperation. Also discussions with Professors Kai-Tai Fang
and Bjorn Holmquist have been useful for presentation of certain topics. Many
thanks to our colleagues for support and stimulating atmosphere. Last but not
least we are grateful to all students who helped improve the presentation of the
material during the courses held on the material.

Uppsala

November 2004
Tonu Kollo
Dietrich von Rosen



INTRODUCTION

In 1958 the first edition of An Introduction to Multivariate Statistical Analysis by
T. W. Anderson appeared and a year before S. N. Roy had published Some Aspects
of Multivariate Analysis. Some years later, in 1965, Linear Statistical Inference
and Its Applications by C. R. Rao came out. During the following years several
books on multivariate analysis appeared: Dempster (1969), Morrison (1967), Press
(1972), Kshirsagar (1972). The topic became very popular in the end of 1970s and
the beginning of 1980s. During a short time several monographs were published:
Giri (1977), Srivastava & Khatri (1979), Mardia, Kent & Bibby (1979), Muir-
head (1982), Takeuchi, Yanai & Mukherjee (1982), Eaton (1983), Farrell (1985)
and Siotani, Hayakawa, & Fujikoshi (1985). All these books made considerable
contributions to the area though many of them focused on certain topics. In the
last 20 years new results in multivariate analysis have been so numerous that
it seems impossible to cover all the existing material in one book. One has to
make a choice and different authors have made it in different directions. The
first class of books presents introductory texts of first courses on undergraduate
level (Srivastava & Carter, 1983; Flury, 1997; Srivastava, 2002) or are written for
non-statisticians who have some data they want to analyze (Krzanowski, 1990,
for example). In some books the presentation is computer oriented (Johnson,
1998; Rencher, 2002), for example). There are many books which present a thor-
ough treatment on specific multivariate methods (Greenacre, 1984; Jolliffe, 1986;
McLachlan, 1992; Lauritzen, 1996; Kshirsagar & Smith, 1995, for example) but
very few are presenting foundations of the topic in the light of newer matrix alge-
bra. We can refer to Fang & Zhang (1990) and Bilodeau & Brenner (1999), but
there still seems to be space for a development. There exists a rapidly growing
area of linear algebra related to mathematical statistics which has not been used
in full range for a systematic presentation of multivariate statistics. The present
book tries to fill this gap to some extent. Matrix theory, which is a cornerstone
of multivariate analysis starting from T. W. Anderson, has been enriched during
the last few years by several new volumes: Bhatia (1997), Harville (1997), Schott
(1997b), Rao & Rao (1998), Zhang (1999). These books form a new basis for
presentation of multivariate analysis.

The Kronecker product and vec-operator have been used systematically in Fang
& Zhang (1990), but these authors do not tie the presentation to the concept of
the matrix derivative which has become a powerful tool in multivariate analysis.
Magnus & Neudecker (1999) has become a common reference book on matrix
differentiation. In Chapter 2, as well as Chapter 3, we derive most of the results
using matrix derivatives. When writing the book, our main aim was to answer
the questions ”Why?” and ”In which way?”, so typically the results are presented
with proofs or sketches of proofs. However, in many situations the reader can also
find an answer to the question ”"How?”.

Before starting with the main text we shall give some general comments and
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remarks about the notation and abbreviations.

Throughout the book we use boldface transcription for matrices and vectors. Ma-
trices will be denoted by capital letters and vectors by ordinary small letters of
Latin or Greek alphabets. Random variables will be denoted by capital letters
from the end of the Latin alphabet. Notion appearing in the text for the first time
is printed in talics. The end of proofs, definitions and examples is marked by g
To shorten proofs we use the following abbreviation

(1.3.2)

which should be red as ”the equality is obtained by applying formula (1.3.2)”. We
have found it both easily understandable and space preserving. In numeration of
Definitions, Theorems, Propositions and Lemmas we use a three position system.
Theorem 1.2.10 is the tenth theorem of Chapter 1, Section 2. For Corollaries four
integers are used: Corollary 1.2.3.1 is the first Corollary of Theorem 1.2.3. In a
few cases when we have Corollaries of Lemmas, the capital L has been added to
the last number, so Corollary 1.2.3.1L is the first corollary of Lemma 1.2.3. We
end the Introduction with the List of Notation, where the page number indicates
the first appearance or definition.

LIST OF NOTATION

o — elementwise or Hadamard product, p. 3

® — Kronecker or direct product, tensor product, p. 81, 41
@ — direct sum, p. 27

@ — orthogonal sum, p. 27

A — matrix, p. 2

a — vector, p. 2

¢ — scalar, p. 3

A’ — transposed matrix, p. 4

I, - identity matrix, p. 4

A, — diagonalized matrix A, p. 6

ay — diagonal matrix, a as diagonal, p. 6
diagA — vector of diagonal elements of A, p. 6
|A| — determinant of A, p. 7

r(A) — rank of A, p. 9

p.d. — positive definite, p. 12

A~ — generalized inverse, g-inverse, p. 15

AT — Moore-Penrose inverse, p. 17

A(K) — patterned matrix (pattern K), p. 97
K, ; — commutation matrix, p. 79

vec — vec-operator, p. 89

A®F — k-th Kroneckerian power, p. 84

VE(A) — vectorization operator, p. 115

RF(A) — product vectorization operator, p. 115
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dY
X matrix derivative, p. 127

m.i.v. — mathematically independent and variable, p. 126
J(Y — X) - Jacobian matrix, p. 156

|[J(Y — X)|+ — Jacobian, p. 156

AL — orthocomplement, p. 27

B_LA — perpendicular subspace, p. 27

B|A — commutative subspace, p. 31

R(A) — range space, p. 34

N(A) — null space, p. 35

C(C) — column space, p. 48

X - random matrix, p. 171

x — random vector, p. 171

X — random variable, p. 171

fx(x) — density function, p. 174

Fy(x) — distribution function, p. 174

©x(t) — characteristic function, p. 174

E[x] — expectation, p. 172

D[x] — dispersion matrix, p. 173

cx[x] — k—th cumulant, p. 181

mg[x] — k—th moment, p. 175

My [x] — k—th central moment, p. 175

me[x] — k—th minimal cumulant, p. 185

mmy[x] — k—th minimal moment, p. 185

mmy[x] — k—th minimal central moment, p. 185

S — sample dispersion matrix, p. 284

R — sample correlation matrix, p. 289

Q) — theoretical correlation matrix, p. 289

N,(p,X) — multivariate normal distribution, p. 192
Npn(p, 3, ¥) — matrix normal distribution, p. 192
E,(p, V) — elliptical distribution, p. 224

W, (3, n) — central Wishart distribution, p. 237
W,(3,n, A) — noncentral Wishart distribution, p. 237
MB;(p,m,n) — multivariate beta distribution, type I, p. 249
MBi(p,m,n) — multivariate beta distribution, type II, p. 250

2, convergence in distribution, week convergence, p. 277
P, convergence in probability, p. 278

OP() — p. 278

op(-) — p. 278

(X)0" — (X)(X)', p. 355

XV



CHAPTER 1

Basic Matrix Theory and Linear
Algebra

Matrix theory gives us a language for presenting multivariate statistics in a nice
and compact way. Although matrix algebra has been available for a long time,
a systematic treatment of multivariate analysis through this approach has been
developed during the last three decades mainly. Differences in presentation are
visible if one compares the classical book by Wilks (1962) with the book by Fang
& Zhang (1990), for example. The relation between matrix algebra and multivari-
ate analysis is mutual. Many approaches in multivariate analysis rest on algebraic
methods and in particular on matrices. On the other hand, in many cases multi-
variate statistics has been a starting point for the development of several topics
in matrix algebra, e.g. properties of the commutation and duplication matrices,
the star-product, matrix derivatives, etc. In this chapter the style of presentation
varies in different sections. In the first section we shall introduce basic notation
and notions of matrix calculus. As a rule, we shall present the material with-
out proofs, having in mind that there are many books available where the full
presentation can be easily found. From the classical books on matrix theory let
us list here Bellmann (1970) on basic level, and Gantmacher (1959) for advanced
presentation. From recent books at a higher level Horn & Johnson (1990, 1994)
and Bhatia (1997) could be recommended. Several books on matrix algebra have
statistical orientation: Graybill (1983) and Searle (1982) at an introductory level,
Harville (1997), Schott (1997b), Rao & Rao (1998) and Zhang (1999) at a more ad-
vanced level. Sometimes the most relevant work may be found in certain chapters
of various books on multivariate analysis, such as Anderson (2003), Rao (1973a),
Srivastava & Khatri (1979), Muirhead (1982) or Siotani, Hayakawa & Fujikoshi
(1985), for example. In fact, the first section on matrices here is more for nota-
tion and a refreshment of the readers’ memory than to acquaint them with novel
material. Still, in some cases it seems that the results are generally not used and
well-known, and therefore we shall add the proofs also. Above all, this concerns
generalized inverses.

In the second section we give a short overview of some basic linear algebra ac-
centuating lattice theory. This material is not so widely used by statisticians.
Therefore more attention has been paid to the proofs of statements. At the end
of this section important topics for the following chapters are considered, includ-
ing column vector spaces and representations of linear operators in vector spaces.
The third section is devoted to partitioned matrices. Here we have omitted proofs
only in those few cases, e.g. properties of the direct product and the vec-operator,
where we can give references to the full presentation of the material somewhere
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else. In the last section, we examine matrix derivatives and their properties. Our
treatment of the topic differs somewhat from a standard approach and therefore
the material is presented with full proofs, except the part which gives an overview
of the Fréchet derivative.

1.1 MATRIX ALGEBRA

1.1.1 Operations and notation

The matriz A of size m x n is a rectangular table of elements a;; (i =1,...,m;
ji=1...,n):
a1 ‘e A1n
A= ,
am1 .. Qmn

where the element a;; is in the ¢—th row and j—th column of the table. For
indicating the element a,; in the matrix A, the notation (A);; will also be used. A
matrix A is presented through its elements as A = (a;;). Elements of matrices can
be of different nature: real numbers, complex numbers, functions, etc. At the same
time we shall assume in the following that the used operations are defined for the
elements of A and we will not point out the necessary restrictions for the elements
of the matrices every time. If the elements of A, of size m X n, are real numbers we
say that A is a real matrix and use the notation A € R™*". Furthermore, if not
otherwise stated, the elements of the matrices are supposed to be real. However,
many of the definitions and results given below also apply to complex matrices.
To shorten the text, the following phrases are used synonymously:

- matrix A of size m X n;

- m X n—matrix A;

-A:mxn.
An m x n—matrix A is called square, if m = n. When A is m x 1—matrix, we call

it a wvector :
a11

A =
Gm1

If we omit the second index 1 in the last equality we denote the obtained m—vector
by a:
a

am
Two matrices A = (a;;) and B = (b;;) are equal,

A =B,
if A and B are of the same order and all the corresponding elements are equal:

a;; = b;;. The matrix with all elements equal to 1 will be denoted by 1 and, if
necessary, the order will be indicated by an index, i.e. 1,,xn. A vector of m ones
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will be written 1,,. Analogously, 0 will denote a matrix where all elements are
Zeros.
The product of A : mxn by a scalar ¢ is an m x n—matrix cA, where the elements
of A are multiplied by c:

cA = (ca;j).

Under the scalar ¢ we understand the element of the same nature as the elements
of A. So for real numbers a;; the scalar c is a real number, for a;;—functions of
complex variables the scalar ¢ is also a function from the same class.

The sum of two matrices is given by

A+B=(a;+by), i=1,...,mj=1,...,n
These two fundamental operations, i.e. the sum and multiplication by a scalar,
satisfy the following main properties:
A+B=B+A;
(A+B)+C=A+ (B+C);
A+ (-1)A=0;
(c1 4+ 2)A =c1A 4 cA;
¢(A +B) = cA + ¢B;
c1(c2A) = (c1e2)A.
Multiplication of matrices is possible if the number of columns in the first matrix

equals the number of rows in the second matrix. Let A : m xn and B : n xr, then
the product C = AB of the matrices A = (a;;) and B = (by;) is the m x r—matrix

C = (¢;j) , where
n
Cij = 5 Qikbyj -
k=1

Multiplication of matrices is not commutative in general, but the following prop-
erties hold, provided that the sizes of the matrices are of proper order:
A(BC) = (AB)C;
AB+C)=AB+ AC;
(A+B)C=AC+BC.
Similarly to the summation of matrices, we have the operation of elementwise

multiplication, which is defined for matrices of the same order. The elementwise
product A o B of m x n—matrices A = (a;;) and B = (b;;) is the m x n—matrix

AoB:(aijbij), i:l,...,m,j:l,...,n. (1.1.1)

This product is also called Hadamard or Schur product. The main properties of
this elementwise product are the following:
AoB=BoA;
Ao(BoC)=(AoB)oC;
Ao(B+C)=AocB+AoC.
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The transposed matrix of the m x n—matrix A = (a;;) is defined as an n x
m—matrix A’, where the element a;; of A is in the i—th column and j—th row
(i =1,...,m;j = 1,...,n). The transposing operation satisfies the following

basic relations:

Any matrix A : m X n can be written as the sum:

m n

A= ZZaijeid;-, (112)

i=1 j=1

where e; is the m—vector with 1 in the i—th position and 0 in other positions,
and d; is the n—vector with 1 in the j—th position and 0 elsewhere. The vectors
e; and d; are so-called canonical basis vectors. When proving results for matrix
derivatives, for example, the way of writing A as in (1.1.2) will be of utmost im-
portance. Moreover, when not otherwise stated, e; will always denote a canonical
basis vector. Sometimes we have to use superscripts on the basis vectors, i.e. e},
e?, d,lﬁ and so on.

The role of the unity among matrices is played by the identity matriz 1,,;

10 ... 0
0 1 0 o
I, = o : = (6ij)7 (Za.] = 17---am)a (113)
00 ... 1
where d;; is Kronecker’s delta, i.e.
1, 1=17,
dij = { . ]
0, i#j.

If not necessary, the index m in I, is dropped. The identity matrix satisfies the
trivial equalities
I,A=AI,=A,

for A : m x n. Furthermore, the canonical basis vectors e;, d; used in (1.1.2) are
identical to the i—th column of I,,, and the j—th column of I,,, respectively. Thus,
I, = (e1,...,en) is another way of representing the identity matrix.

There exist some classes of matrices, which are of special importance in applica-
tions. A square matrix A is symmetric, if

A=A
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A square matrix A is skew-symmetric, if

A=A
A real square matrix A is orthogonal, if

A'A=1
Then also AA’ =1. A matrix A € R™*™ is semiorthogonal if

A'/A=1, or AA'=1,.

The two m-vectors a and b are orthogonal if

a'b =0.

Obviously then also b’a = 0. The orthogonal m x m—matrix A defines a rotation
or reflection in R™. If we denote

y = Ax,

then it follows from the orthogonality of A that the vectors x and y are of the
same length, i.e.
xX'x=yy.

A square matrix A is idempotent if
A?=A.
A square matrix A is normal if
AA' = A'A.

Note that symmetric, skew-symmetric and orthogonal matrices are all normal
matrices.

A square matrix A : m x m is a Toeplitz matrix, if a;; = o;—; for any i,j =
1,...,m. It means that in a Toeplitz matrix A the elements satisfy a;; = au
when i — j = k — [. Different subclasses of Toeplitz matrices are examined in
Basilevsky (1983), for example.

An m X m—matrix A is an upper triangular matrix if all elements of A below the
main diagonal are zeros:

a1 a1 ... A1m
0 aso ... aom

0 0 ... Gmm
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If all the elements of A above its main diagonal are zeros, then A is a lower
triangular matrix. Clearly, if A is an upper triangular matrix , then A’ is a lower
triangular matrix.

The diagonalization of a square matrix A is the operation which replaces all the
elements outside the main diagonal of A by zeros. A diagonalized matrix will be
denoted by Ay, i.e.

ail 0 e 0
0 a2 ... 0

A= . T . (1.1.4)
0 0 ... amm

Similarly, a; denotes the diagonal matrix obtained from the vector
a= (ala az, ..., am)l:

al 0 0

0 a9 0
aq — .

0 0 ... an

An extension of this notion will also be used. From square matrices Ay, Ao, ...,
A, a block diagonal matrix Ag is created similarly to ag:

Ay O 0

0 A, 0
Ag = .

0 o ... A,

Furthermore, we need a notation for the vector consisting of the elements of the
main diagonal of a square matrix A : m X m:

. /
diagA = (a11,a22, ..., Gmm)’".

In few cases when we consider complex matrices, we need the following notions. If
A = (a;;) € C™*" then the matrix A : m x n denotes the conjugate matriz of A,
where (K)ij = T;; is the complex conjugate of a;;. The matrix A* : n x m is said
to be the conjugate transpose of A, if A* = (A). A matrix A : n X n is unitary,

if AA* =1,. In this case A*A = 1I,, also holds.
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1.1.2 Determinant, Inverse

An important characteristic of a square m X m—matrix A is its determinant |A|,
which is defined by the equality

A= S (~)NOrsin) T ay.s (1.1.5)
j =1

(J1yeeesdim)
where summation is taken over all different permutations (ji,...,jm) of the set
of integers {1,2,...,m}, and N(j1,...,Jm) is the number of inversions of the
permutation (ji,...,Jm). The inversion of a permutation (ji,...,jm) consists of

interchanging two indices so that the larger index comes after the smaller one. For
example, if m =5 and
(jh e 7j5) = (27 17 5747 3)7

then
N(2,1,5,4,3) =1+ N(1,2,5,4,3) =3+ N(1,2,4,3,5) =4+ N(1,2,3,4,5) = 4,

since N(1,2,3,4,5) = 0. Calculating the number of inversions is a complicated
problem when m is large. To simplify the calculations, a technique of finding
determinants has been developed which is based on minors. The minor of an
element a;; is the determinant of the (m — 1) x (m — 1)—submatrix A; of a
square matrix A : m x m which is obtained by crossing out the i—th row and j—th
column from A. Through minors the expression of the determinant in (1.1.5) can
be presented as

m

j=1
or

m . .

|A| = Zaij(—l)l+3|A(ij)\ for any j. (1.1.7)

i=1
The expression (—1)""7|A(;;| is called cofactor of a;;. Any element of A is a
minor of order 1. Fixing r rows, e.g. (i1,...,4.), and r columns, e.g. (j1,...,7r),
of a matrix A gives us a square submatrix of order r. The determinant of this
matrix is called a minor of orderr. If (41, ...,4,) = (j1,- .., Jjr), we have a principal

submatriz of a square matrix A and the determinant of a principal submatrix is
called a principal minor of order r of A. The sum of the principal minors of order r
of A is denoted tr, A and known as the r—th trace of A. By convention trgA = 1.
The most fundamental properties of the determinant are summarized in

Proposition 1.1.1.
(i) For A:m xm
Al =|A].

(ii) If|A] and |B| are non-zero,

|AB| = |A[[B].
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(ili) For A:m xmn and B:n xm
I, + AB| = |I, + BA|.

When |A| # 0, the m x m—matrix A is called non-singular and then a unique
inverse of A exists. Otherwise, when |A| = 0, the matrix A : m x m is singular.
The inverse is denoted A~! and it is defined by the equation

AA =1, = ATA.

Explicitly we can express a general element of the inverse matrix in the following
way
(1) |Ag|

(A7) = Al

(1.1.8)

For the inverse the main properties are given in

Proposition 1.1.2. Suppose that all the inverses given below exist. Then

(i) (AB)"! =B~'A;
(ii) (A7 =(A")7
(iii) A7t =|ATY).
1
1.1.3 Rank, Trace
The vectors x1,...,x, are said to be linearly independent, if
Z CiX; = 0
i=1
implies that ¢; = 0,47 =1,2,...,r. When z is an m-vector and the m X m—matrix
A is non-singular (|A| # 0), then the only solution to the equation
Az =0, (1.1.9)

is the trivial solution z = 0. This means that the rows (columns) of A are linearly
independent. If |[A| = 0, then exists at least one non-trivial solution z # 0 to
equation (1.1.9) and the rows (columns) are dependent. The rank of a matrix is
closely related to the linear dependence or independence of its row and column
vectors.
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Definition 1.1.1. A matrix A : m X n is of rank r, if the maximum number of
linear independent columns of A equals r. ]

The rank of a matrix A is denoted by 7(A) and it can be characterized in many
different ways. Let us present the most important properties in the next proposi-
tion. In some statements given below we will use the notation A° for a matrix such
that A A = 0 and r(A°) = m—r(A) if A : m xn. Also the notation (A : B) will
be used for a partitioned matrix consisting of two blocks A and B. Partitioned

matrices are discussed in detail in Section 1.3. However, if a;, i = 1,2,...,p, are
the p columns of a matrix A we sometimes write A = (a;,aq,...,a,) instead of
A=(a;:ay:...:ap).

Proposition 1.1.3.
(i) The rank of a matrix equals the maximum number of linearly independent
rows of A, i.e.

r(A) =r(A’).
(i) For A: mxn
r(A) < min(m,n).
(iil) The rank of a A equals the order of its largest nonzero minor.
(iv) For arbitrary matrices A and B of proper sizes
r(AB) < min(r(A),r(B)).
(v) For arbitrary matrices A and B of proper sizes

r(A+B) <r(A)+r(B).
(vi) Let A, B and C be of proper sizes and let A and C be non-singular.

Then
r(ABC) = r(B).

(vii) Let A: m x n and B satisfy AB = 0. Then
r(B) <n—r(A).
(viii) Let A and B be of proper sizes. Then

r(A:B)=r(A'B°) +r(B).

(ix) Let A and B be of proper sizes. Then

r(A:B)=r(A)+r(B)—r((A°:B%°).
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(x) Let A: n x m and B: m x n. Then
r(A—ABA)=r(A)+r(I, —BA)—m=r(A)+r(I, — AB) —n.

Definition 1.1.1 is very seldom used when finding the rank of a matrix. Instead the
matrix is transformed by elementary operations to a canonical form, so that we
can obtain the rank immediately. The following actions are known as elementary
operations:

1) interchanging two rows (or columns) of A;

2) multiplying all elements of a row (or column) of A by some nonzero scalar;

3) adding to any row (or column) of A any other row (or column) of A multiplied

by a nonzero scalar.

The elementary operations can be achieved by pre- and postmultiplying A by
appropriate non-singular matrices. Moreover, at the same time it can be shown
that after repeated usage of elementary operations any m X n—matrix A can be
transformed to a matrix with I, in the upper left corner and all the other elements
equal to zero. Combining this knowledge with Proposition 1.1.3 (vi) we can state
the following.

Theorem 1.1.1. For every matrix A there exist non-singular matrices P and Q

such that
I, O
PAQ = ( 0 0) ,

where r = r(A) and P, Q can be presented as products of matrices of elementary
operations. 1

Later in Proposition 1.1.6 and §1.2.10 we will give somewhat more general results
of the same character.

The sum of the diagonal elements of a square matrix is called trace and denoted
trA, i.e. trA = ) . a;. Note that trA = triA. Properties of the trace function
will be used repeatedly in the subsequent.

Proposition 1.1.4.
(i) For A and B of proper sizes

tr(AB) = tr(BA).

(i) For A and B of proper sizes and B non-singular
trA = tr(B~'AB).

(iii) For A and C of proper sizes and C orthogonal
trA = tr(C'AC).

(iv) For A and B of proper sizes and constants a,b € R

tr(aA + bB) = atrA + btrB.
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(v) If A satisfies A2 =nA, n € N, then
trA = nr(A).
If A is idempotent, then
trA = r(A).
(vi) For any A
tr(A’A) =0
if and only if A = 0.
(vii) For any A
tr(A’) = trA.
(viii)  For any A
tr(AA’) = tr(A’A) = Z Z a?j.
i=1 j=1

(ix) For symmetric A and B
tr{(AB)?} < tr(A*B?).
(x) For A and x of proper sizes
x'Ax = tr(Axx’).

(xi) For any symmetric A such that A # 0

rA) >\

There are several integral representations available for the determinant and here
we present one, which ties together the notion of the trace function, inverse matrix
and determinant. Sometimes the relation in the next theorem is called Aitken’s
integral (Searle, 1982).

Theorem 1.1.2. Let A € R™*™ be non-singular, then

]. ’ !’
A7l & —1/2tr(AAyy") g 1.1.10
| | (27T)m/2 /m € y) ( )

where me denotes the multiple integral / e / and dy is the Lebesque measure:
R R

dy =[[}Z, dy;. —— I
m times

REMARK: In (1.1.10) the multivariate normal density function is used which will

be discussed in Section 2.2.
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1.1.4 Positive definite matrices

Definition 1.1.2. A symmetric m x m—matrix A is positive (negative) definite
if x’Ax >0 (< 0) for any vector x # 0. 1

When A is positive (negative) definite, we denote this by A > 0 (< 0), and
sometimes the abbreviation p.d. (n.d.) is used. A symmetric matrix A is positive
semidefinite (p.s.d.), if X’ Ax > 0 for any x and x’Ax = 0 for at least one x # 0.
A matrix A is called negative semidefinite (n.s.d.), if x’ Ax < 0 for any x and there
exists at least one x # 0 for which x’Ax = 0. To denote p.s.d. (n.s.d.) we use
A >0 (A <0). The notion non-negative definite (n.n.d.) is used for the matrix A
if A>0or A >0, and analogously the matrix A is non-positive definite (n.p.d.)
if A<Oor A<O.

The basic properties of the different types of matrices mentioned above are very
similar. As an example we shall present the basic properties of positive definite
matrices.

Proposition 1.1.5.

(i) A matrix A € R™*™ jg positive definite if and only if |A;| > 0 for
i=1,...,m, where A; is 1 X i—matrix consisting of the elements of the
first i rows and columns of A.

(i) If A >0, then A=1 > 0.

(iii) A symmetric matrix is positive definite if and only if all its eigenvalues
are > 0.

(iv) For any A, the matrix AA’ is n.n.d.

(v) If A is n.n.d., then A is non-singular if and only if A > 0.

(vi) If A : m x m is positive definite and B : n x m is of rank r, n < m, then

BAB’ >0 ifand only if r =n. BAB' >0 ifr <n.
(vii) IfFA>0, B>0, A—-B>0,then B! —A~!>0and|A| > |B|
(viii) If A >0 and B > 0, then |A + B| > |A| + |B]|. ]

There exist many related results. Rao (1973a) is a suitable reference.

1.1.5 Factorizations

A basic property which also may serve as a definition of a positive definite matrix

is given in

Theorem 1.1.3.

(i) The matrix A is positive definite if and only if A = XX’ for some non-singular
X.

(ii) The matrix A is non-negative definite if and only if A = XX’ for some X.

The next theorem is a key result for obtaining several complicated distribution
results.

Theorem 1.1.4. (Cholesky decomposition) Let W : n x n be positive definite.
Then there exists a unique lower triangular matrix T with positive diagonal ele-
ments such that W = TT'.

PRrROOF: We are going to prove this theorem with the help of an induction argu-
ment. If n =1, the theorem is obviously true. Since W is p.d. we can always find
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an X such that W = XX'. For n = 2 it follows that
X — (9611 12 >
To1 T2

2 2
XX/ — T11 T T $11$§1 + $§2$22
T21711 + T22T12 To1 + T

and then

Since W > 0, X is of full rank; r(X) = 2. Moreover, for a lower triangular matrix
T
t2 tit
TT/ _ 11 11021 )
<t21t11 13, + 13,

Hence, if

tin =(af; +afy)"/?,
tor =(23; + 33%2)71/2(%213311 + Toax12),

tos =(23) + 2% — (a1 + 21) N (@a1211 + 222w12)) V2,

W = TT, where T has positive diagonal elements. Since r(X) = r(T) = 2,
W is p.d.. There exist no alternative expressions for T such that XX’ = TT'
with positive diagonal elements of T. Now let us suppose that we can find the

unique lower triangular matrix T for any p.d. matrix of size (n —1) x (n —1). For
W e Ran’

2 / / /

W = XX/ = x{] + X12X79 T11X5; + X12X22

- - ! / / 9
X21211 + X22X]y  X21X5; + X22X5,

where
x x
x — (11 12
Xo1 Xa2

is of full rank. For the lower triangular matrix

T —
(t21 T22>

T™T = ( t%l tlltl21 ) i

we have

tort11  torth; + TaaTh,

Hence,

2 / N1/2.
t11 =(afy + x12x)5) "%

tor =(23; + x12x],5) T ? (%2111 + Xoax)y).
Below it will be shown that the matrix

X21X/21 +X22X/22 — (x21x11 +X22X112)(5U%1 +X12X112)71(£L'11X12 +X12X/22) (1111)
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is positive definite. Then, by assumption, we can always choose a unique lower
triangular matrix Tao such that (1.1.11) equals T2 Th,. Therefore, with the above

given choices of elements
t11 0
T =
(t21 Ta2 >

is lower triangular and W = T'T’. Now we have only to show that (1.1.11) is p.d.
This follows, since (1.1.11) is equal to the product

(%21 : X22)P(x21 : X22)', (1.1.12)

where
P=1I- (In : X12>/((x11 : X12)(111 : X12)/)71(I11 : X12)
is idempotent and symmetric. Furthermore, we have to show that (1.1.12) is of

full rank, i.e. n—1. Later, in Proposition 1.2.1, it will be noted that for symmetric
idempotent matrices P° =1 — P. Thus, using Proposition 1.1.3 (viii) we obtain

’I“((X21 : X22)P(X21 : XQQ)/) :T(P(Xgl : ng)/)
_ [t X ) (5611) _
=r - =n-—1.
(X/m X2 X1

Hence, the expression in (1.1.12) is p.d. and the theorem is established. 1

Two types of rank factorizations, which are very useful and of principal interest,
are presented in

Proposition 1.1.6.
(i) Let A € R™X" of rank r. Then there exist two non-singular matrices G €
R™*™ and H € R"*"™ such that

_ -1 Ir 0 —1
amat (% 0)m

and
A =KL,

where K € R™*", L € R™*", K consists of the first r columns of G~ and L
of the first r rows of H™!.

(ii) Let A € R™*™ of rank r. Then there exist a triangular matrix T € R™*™
and an orthogonal matrix H € R"*™ such that

and
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where K € R™*", L € R"™*", K consists of the first r columns of T and L of
the first r rows of H. I

For normal matrices, in particular, other useful factorizations are available which
are based on eigenvalues and eigenvectors. These, as well as the Jordan factoriza-
tion, are presented in §1.2.10. It concerns especially Theorem 1.2.39 and Theorem
1.2.41 — Theorem 1.2.44.

1.1.6 Generalized inverse

The notion of the generalized inverse of a matrix (shortly g-inverse) is not usually
included into a basic course on linear algebra, and therefore we will pay more
attention to it here. Classical reference books on generalized inverses are Rao &
Mitra (1971), Pringle & Rayner (1971), Campbell & Meyer (1991) and Ben-Israel
& Greville (2003). When A is a non-singular n X n—matrix, the linear equation
in x,

Ax =b,
can be solved easily by inverting the matrix A, i.e.
x=A""b.

Behind the above equation there is a system of linear equations in n variables.
Every equation can be considered as a condition on the n variables. However, in
many statistical problems it is not so common that the number of variables equals
the number of conditions which have to be satisfied. Still, we are interested in
solving an equation which now can be stated as

Ax =D, (1.1.13)

where A € R™*" or A € R™*™ is singular, i.e. |A| = 0, which means that some
rows (columns) are linearly dependent on others. Generalized inverses have been
introduced in order to solve the system of linear equations in the general case, i.e.
to solve (1.1.13).

We say that the equation Ax = b is consistent, if there exists at least one xg such
that Axy = b.

Definition 1.1.3. Let A be an m X n—matrix. An n X m—matrix A~ is called
generalized Inverse matrix of the matrix A, if

x=A"b
is a solution to all consistent equations Ax = b in x. ]

There is a fairly nice geometrical interpretation of g-inverses (e.g. see Kruskal,
1973). Let us map x € R"™ with the help of a matrix A to R™, m < n, ie.
Ax =y. The problem is, how to find an inverse map from y to x. Obviously
there must exist such a linear map. We will call a certain inverse map for a g-
inverse A~. If m < n, the map cannot be unique. However, it is necessary that
AA "y =Ax =y, ie A~y will always be mapped on y. The following theorem
gives a necessary and sufficient condition for a matrix to be a generalized inverse.
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Theorem 1.1.5. Annxm—matrix A~ is a generalized inverse matrix of A : mxn
if and only if
AATA=A. (1.1.14)

PROOF: Let us first prove that if A~ is a generalized inverse, then (1.1.14) holds.
For every z there exists a b such that Az = b. Thus, a consistent equation has
been constructed and according to the definition of a g-inverse, for every z,

z=A"b=A Az

Hence, Az = AA~ Az and since z is arbitrary, (1.1.14) holds.
Let us now prove sufficiency. Suppose that (1.1.14) is valid and that the equation
(1.1.13) has a solution for a specific b. Therefore, a vector w exists which satisfies

Aw =Db.
Because A = AA~ A, it follows that
b=Aw=AA"Aw =AA"Db,

which means that A~b is a solution to (1.1.13). 1

Corollary 1.1.5.1. All g-inverses A~ of A are generated by
AT =A  +Z-AJAZAA,

where Z is an arbitrary matrix and Ag is a specific g-inverse.

ProoF: By Theorem 1.1.5, A~ is a g-inverse since AA~A = A. Moreover, if A
is a specific g-inverse, choose Z = A~ — Ay . Then

A +Z—A;AgZAA; = A~

1
The necessary and sufficient condition (1.1.14) in Theorem 1.1.5 can also be used
as a definition of a generalized inverse of a matrix. This way of defining a g-inverse
has been used in matrix theory quite often. Unfortunately a generalized inverse
matrix is not uniquely defined. Another disadvantage is that the operation of a
generalized inverse is not transitive: when A~ is a generalized inverse of A, A
may not be a generalized inverse of A~. This disadvantage can be overcome by
defining a reflexive generalized inverse.
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Definition 1.1.4. A generalized inverse matrix A~ is a reflexive generalized in-
verse matrix, if

AT =A"TAA" (1.1.15)

1

Theorem 1.1.6. A g-inverse A~ : n X m is a reflexive g-inverse if and only if

r(A7) =r(A).

PROOF: By definition of a reflexive g-inverse, r(A~) = r(A~A) as well as r(A) =
r(AA7). From Proposition 1.1.4 (v) follows that

r(AAT)=tr(AA7) =tr(A7A) =r(A7A)

and thus reflexivity implies r(A) = r(A™).
For proving sufficiency, let us take A € R™*™ and utilize Proposition 1.1.3 (x).
Then

r(AT—ATAA ) =r(A7)+r(I, —AA7T)—m=r(A") —r(AA7)
=r(A7)—-r(A)=0

which establishes the theorem. ]

Note that for a general g-inverse r(A) < r(A ™), whereas reflexivity implies equal-
ity of the ranks. To obtain a uniquely defined generalized inverse matrix we have
to add two more conditions to (1.1.14) and (1.1.15).

Definition 1.1.5. An n x m—matrix AT is called the Moore-Penrose generalized
inverse matrix, if the following equalities are satisfied:

AATA = A, (1.1.16)
ATAAT = AT, (1.1.17)
(AAT) = AAT, (1.1.18)
(ATA) = ATA. (1.1.19)
1

Uniqueness of the Moore-Penrose inverse is proved in the next theorem.

Theorem 1.1.7. For A : m x n the Moore-Penrose inverse matrix AT : n x m is
uniquely defined.

PROOF: Let us assume on the contrary, that there exist B and C, both satisfying
(1.1.16) — (1.1.19), with B # C. We will show that this assumption leads to a
contradiction. Namely, by using (1.1.16) — (1.1.19) to both matrices B and C
repeatedly, the following sequence of equalities emerges:

B = BAB = B(AB) = BB'A’ = BB/(ACA)' = BB'A’/(AC) = BABAC
= BAC = (BA)'CAC = A'B/(CA)'C = A'C'C = (CA)'C = C. .
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The definition of a generalized inverse matrix and, in particular, the definition
of the Moore-Penrose inverse are not constructive. They do not tell us how to
find these matrices. Here we present one way to obtain them. Let A be an
m X n—matrix of rank r. By interchanging rows and columns of A we can reach
the situation when the r X r submatrix in the upper left corner of A is non-singular.
Therefore, without loss of generality, it can be assumed that

B C
(5 8)
where B : r x r is non-singular and (D : E)’ is linearly dependent on (B : C)’, i.e

(D:E) = (B:C)Q for some matrix Q. Thus, D’ = B’'Q and E' = C'Q. Then
it is possible to show, by utilizing elementary rules for multiplying partitioned

matrices, that
_ B! o
Ao (B0

In the literature many properties of generalized inverse matrices can be found.
Here is a short list of properties for the Moore-Penrose inverse.

Proposition 1.1.7.

(i) Let A be non-singular. Then

At =A""
(ii) (A+)+ — A.
(iil) (A/)Jr _ (A+)'_
(iv) Let A be symmetric and idempotent. Then

AT =A.

(v) The matrices AAT and AT A are idempotent.
(vi) The matrices A, AT, AA" and AT A have the same rank.
(vii) A’AAT = A = ATAA.
(vi) A/(ATY AT = AT = AT(AT)A.
(ix) (A_/A_)+ _ A+(A+)',
(x) AAT = A(A’A)A.
(xi) A+ = A'(AA')"Y, if A has full row rank.
(xii) A+ = (A’A)"'A’, if A has full column rank.

(xiii) A =0 if and only if AT = 0.



BAsic MATRIX THEORY AND LINEAR ALGEBRA 19

(xiv) AB = 0 if and only if BFA* = 0.

1.1.7 Problems

1.
2.

N Otk W

13.
14.

15.

Under which conditions is multiplication of matrices commutative?

The sum and the elementwise product of matrices have many properties which
can be obtained by changing the operation ”4” to ”0” in the formulas. Find
two examples when this is not true.

Show that A='A =1 when AA~! =1

Prove formula (1.1.8).

Prove statements (v) and (xi) of Proposition 1.1.4.

Prove statements (iv), (vii) and (viii) of Proposition 1.1.5.

Let A be a square matrix of order n. Show that

A+ AL =) Ntr, A,

1=0

01 2
A_(l 2 1)'

Let

Find A~.

. When is the following true: A* = (A’A)~A’?
10.
11.
12.

Give an example of a g-inverse which is not a reflexive generalized inverse.
Find the Moore-Penrose inverse of A in Problem 8.

For A in Problem 8 find a reflexive inverse which is not the Moore-Penrose
inverse.

Is AT symmetric if A is symmetric?

Let T be an orthogonal matrix. Show that I' o I" is doubly stochastic, i.e. the
sum of the elements of each row and column equals 1.

(Hadamard inequality) For non-singular B = (b;;) : n x n show that

IBJ? < ﬁz":blz]

i=1j=1
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1.2 ALGEBRA OF SUBSPACES

1.2.1 Introduction

In statistics and, particularly, multivariate statistical analysis there is a wide range
of applications of wvector (linear) spaces. When working with linear models or
linearizations, it is often natural to utilize vector space theory. Depending on
the level of abstraction a statistician needs certain tools. They may vary from
column vector spaces associated with matrices to abstract coordinate free vector
space relations. A fairly universal set of relations between subspaces in a finite-
dimensional vector space is provided by lattice theory. In order to introduce the
reader to this topic we recall the definition of a vector (linear) space V:

Let x, y, z, ... belong to V, where the operations ” +” (sum of vectors) and ” -
(multiplication by scalar) are defined so that x +y € V, ax = o - x € V, where «
belongs to some field K and

”

X+y=y+x,

(x+3)+2=x+(y+2),

there exists a unique null vector 0 in the space so that, for all x € V, x + 0 = x,
for every x € V there exists a unique —x € V so that x + (—x) = 0,

1-x=x,

a(Bx) = (af)x, a,f€ K,

(a+ B)x = ax + Bx,

a(x+y)=ax+ay.

If these conditions are satisfied we say that we have a vector space V over the field
K.

However, the starting point of this paragraph is the observation that the totality
of subspaces of V forms a modular lattice with respect to set inclusion (see the
next paragraph for a definition) which is sometimes called the Dedekind lattice.
The modular lattice structure implies some very fundamental algebraic rules. It is
interesting to see that these rules generate new results which are useful for appli-
cations as well as for getting better insight of the problems under consideration.
In particular, we are going to deal with decompositions of subspaces.

Usually, in multivariate analysis inner product spaces are used, and then it is possi-
ble to apply a specific part of the lattice theory, namely the theory of orthomodular
lattices. From the definition of an orthomodular lattice several fundamental vector
space decompositions follow, and under the inner product assumptions one really
appreciates the elegance and power of the theory. Furthermore, in order to treat
multivariate problems, we extend some of the results to tensor products of linear
spaces. In this section it is supposed that the reader is familiar with a basic course
of linear algebra. The proofs given here will be somewhat more condensed than
in other parts of this book. Finally, we mention that at the end of this section
we will apply some of the vector space results when considering eigenvalues and
eigenvectors. In particular, invariant spaces and normal operators (matrices) will
be considered.
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1.2.2 Lattices and algebra of subspaces

This paragraph contains certain fundamental laws as well as principles of the alge-
bra of subspaces when treating subspaces as elements of the lattice of subspaces.
We also fix some basic terminology as well as useful definitions. The reader, who
is interested in getting deeper insight into lattice theory, is referred to the classical
book by Birkhoff (1967) or one at a more advanced level by Grétzer (1998).
There are many examples of sets A where some ordering < is defined and where
the following three properties hold for all a,b,c € A:

(i) a<a
(ii) ifa <band b < a then a = b;
(iii) if a <band b <cthena<ec.

The relations (i) — (iii) are called partial order relations. A set A equipped with
relations (i) — (iii) is called a partially ordered set and is denoted by < A, <>. The
notation a > b (meaning b < a) can also be regarded as a definition of a partial
order relation. The relation > satisfies also (i) — (iii), if < does, and so < A,>> is
a partially ordered set. Then < A, >> is called the dual of < A, <>. Let ¢ be a
statement about < A, <>. If in ¢ we change all occurrences of < by > we get the
dual of ¢. The importance of duals follows from the Duality Principle which we
formulate following Grétzer (1998). The Principle is often used in lattice theory
to shorten proofs.

Duality Principle. If a statement is true in all partially ordered sets, then its
dual is also true in all partially ordered sets.

Let < A, <> form a partially ordered set and H C A, a € A. Then a is an upper
bound of H, if and only if h < a, for all h € H. An upper bound is the least upper
bound (lLu.b.) of H, or supremum of H, if and only if, for any upper bound b of
H, we have a < b. We shall then write a = sup H. The concepts of lower bound
and greatest lower bound (g.1.b.), or infimum, are similarly defined. The latter is
denoted by inf H. Let () be the empty set. Observe that inf () exists, if and only
if A has a largest element. At the same time sup () exists, if and only if A has a
smallest element.

Definition 1.2.1. A partially ordered set < A,<> is a lattice if inf{a,b} and
sup{a, b} exist, for all a,b € A. ]

In the rest of this paragraph we are going to work with subsets of vector spaces.
When considering vector spaces some authors use a coordinate free approach,
whereas others prefer to work with methods which depend on the choice of basis.
Since the theory of lattices will be employed, the main results of this section are
given in a spirit of a coordinate free approach. More precisely, we consider the
elements of the space together with the axioms which build up the space. It is noted
that later when working explicitly with matrix derivatives and approximations, we
switch over to an approach based on coordinates.

We consider a finite-dimensional vector space V, and denote its subspaces by A,
B, C, ... (possibly indexed). Moreover, A stands for the totality of subspaces of
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V. The following presentation was initiated by Nordstrom & von Rosen (1987). Tt
is obvious that A is partially ordered with respect to set-inclusion C, which means
that the following lemma is true.

Lemma 1.2.1. Let A, B and C be arbitrary elements in A. Then

(i) A CA; reflexivity
(i) if ACB and B C A then A = B; antisymmetry
(iii) if ACB and B C C then A C C. transitivity

1

For given subspaces A and B, an upper bound is an element in A which includes
every element in {A,B}. As noted before, the least upper bound (l.u.b.) is an upper
bound which is included in every upper bound. From Lemma 1.2.1 it follows that
the L.u.b. is unique. Analogously, we have a lower bound and a unique greatest
lower bound (g.l.b.). For arbitrary subspaces A and B, the intersection ANB =
{x:x€ AxecB}and thesum A+ B ={y+z:y € A,z € B} act as g.l.b.
and Lu.b. of {A, B}, respectively (Jacobson, 1953, p. 26). For instance, AN B is
included in A and B, and any space included in A and B is also included in A NB.
Since A is partially ordered and a l.u.b. as well as a g.l.b. exist, A, or strictly
speaking, the ordered pair (N, C), forms a lattice of subspaces (e.g. see Birkhoff,
1967, p. 6). This implies that it is possible to use lattice theory when studying
intersections and sums of subspaces. Moreover, if {A;} is any sequence of subsets
of A, the subspaces N;A; and ), A; act as g.1.b. and Lu.b. for {A;}, respectively
(e.g. see Birkhoff, 1967, p. 6).

From Lemma 1.2.1 it follows that if the relation of set-inclusion is reversed, A
is again partially ordered. Thus, interchanging the compositions N and + we
get the dual lattice of A. Hence, to any statement concerning elements of A, a
dual statement is obtained replacing compositions and relations with their duals.
Consequently, only one statement in the dual pair of statements needs to be proved.
In the following theorem we have brought together some of the most basic algebraic
laws for sums and intersections of subspaces.

Theorem 1.2.1. Let A, B and C be arbitrary elements of the subspace lattice
A. Then the following laws hold:

(i) ANA=A  A+A=A idempotent laws

(ii) ANB=BNA, A+B=B+A; commutative laws

(iii) ANBNC)=(ANB)NC, associative laws
A+ (B+C)=(A+B)+C;

(iv) ANA+B)=A+ (ANB) =A; absorptive laws

(v) ACBsANB=A< A+B=B8B; consistency laws



Basic MATRIX THEORY AND LINEAR ALGEBRA 23

(vi) ACB=(ANC)CBNC; isotonicity of compositions

(vii) ANB+C) D (ANB)+ (ANC), distributive inequalities
A+ BNC)C(A+B)N(A+C);

(viii) CCA=ANB+C)=(ANnB)+C, modular laws

ACC=A+BNC)=(A+B)NC.

PROOF: The statements in (i) — (vii) hold in any lattice and the proofs of (i) — (vi)
are fairly straightforward. We are only going to prove the first statements of (vii)
and (viii) since the second parts can be obtained by dualization. Now, concerning
(vii) we have

ANB)+(ANC)CANB+C)+ANB+C)

and the proof follows from (i).
For the proof of (viii) we note that, by assumption and (vii),

(ANB)+CCAN(B+C).

For the opposite relation let x € AN (B + C). Thus, x =y + z for some y € B
and z € C. According to the assumption C C A. Using the definition of a vector
space y =x —z € A implies y € ANB. Hence x € (ANB) 4+ C. 1

The set A forms a modular lattice of subspaces since the properties (viii) of the
theorem above are satisfied. In particular, we note that strict inequalities may
hold in (vii). Thus, A is not a distributive lattice of subspaces, which is somewhat
unfortunate as distributivity is by far a more powerful property than modularity.
In the subsequent we have collected some useful identities in a series of corollaries.

Corollary 1.2.1.1. Let A, B and C be arbitrary elements of the subspace lattice
A. Then

(i) (AN(B+C))+B=((A+B)NC)+B,
(A+(BNC)NB = ((ANB)+C)NB;
(ii) (AN(B+C))+BNC)=(A+BNC))N((B+C),

(ANB)+C)N(A+B) = ((A+B)NC) + (ANB);
(iii) ANB+(ANC))=(ANB)+ (ANC), modular identities

A+BNA+C)=A+B)N(A+C);
(iv) ANB+C)=ANn((BNA+C))+C), shearing identities

A+BNC)=A+(B+(ANC))NC).
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PRrROOF: To prove the first part of (i), apply Theorem 1.2.1 (viii) to the left and
right hand side, which shows that both sides equal to (A + B) N (B 4+ C). The
second part of (i) is a dual relation. Since BN C C B + C, the first part of (ii)
follows by applying Theorem 1.2.1 (viii) once more, and the latter part of (ii) then
follows by virtue of symmetry. Moreover, (iii) implies (iv), and (iii) is obtained
from Theorem 1.2.1 (viii) by noting that ANC C A. 1

Note that the modular identities as well as the shearing identities imply the mod-
ular laws in Theorem 1.2.1. Thus these relations give equivalent conditions for A
to be a modular lattice. For example, if C C A, Corollary 1.2.1.1 (iii) reduces to
Theorem 1.2.1 (viii).

Corollary 1.2.1.2. Let A, B and C be arbitrary elements of the subspace lattice
A. Then

(i) (ANB)+(ANC)+BNC)=(A+(BNC)NB+(ANC))
={ANB+C)+BNC)}N{BNA+C))+(ANC)},
A+B)NA+C)NB+C)=(ANB+C))+(BN(A+C))
={A+BNC)NB+C)} +{B+(ANC))N(A+C)};
(ii) {ANB)+(ANO)INn{(ANB)+ (BNC)} =ANB,

{A+B)NA+C)}+{(A+B)NnB+C)} =A+B.

PROOF: By virtue of Theorem 1.2.1 (viii)

(ANB)+(ANC)+BNC)=ANB+(ANC))+ (BNC)
=(A+BNC)NB+ (ANC)).

Applying Corollary 1.2.1.1 (ii) we also have

ANB+C)+BNC)NBNA+C)+ (ANC))
=A+BNC)NB+C)NB+(ANC))N(A+C)
=A+BNC)NB+ (ANC))

establishing the first part of (i). The latter part of (i) is a dual statement. Applying
Corollary 1.2.1.1 (iii) yields

(ANB)+(ANC))N((ANB) + (BNC))
=ANB+ANC)NBN(A+BNC))=ANB

which establishes the first part of (ii). The second part is again dual. ]

A different kind of consequence of the modularity of A is the following.
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Corollary 1.2.1.3. Equality in Theorem 1.2.1 (vii) holds if and only if
(ANB)+(BNC)+ (CNA)=(A+B) NB+C)N(C+A). median law

Proor: Distributivity implies that both sides in the median law equal to
ANB+C)+ (BNC).
Conversely, if the median law holds,

ANB)+(ANC)=ANB+ANC)=ANB+ANB+BNC+ANC)
=ANB+A+B)NB+C)N(C+A))
=ANB+B+C)N(C+A)=ANB+C).

Corollary 1.2.1.4. Let B and C be comparable elements of A, i.e. subspaces such
that B C C or C C B holds, and let A be an arbitrary subspace. Then

A+B=A+C, AnNB=ANnC = B=C. cancellation law

PROOF: Suppose, for example, that B C C holds. Applying (iv) and (viii) of
Theorem 1.2.1 we have

B=(ANB)+B=(ANC)+B=(A+B)NnC=(A+C)nC=C.

1
Theorem 1.2.1 as well as its corollaries were mainly dealing with so-called subspace
polynomials, expressions involving N and +, and formed from three elements of
A. Considering subspace polynomials formed from a finite set of subspaces, the
situation is, in general, much more complicated.

1.2.3 Disjointness, orthogonality and commutativity

This paragraph is devoted to the concepts of disjointness (independency), orthog-
onality and commutativity of subspaces. It means that we have picked out those
subspaces of the lattice which satisfy certain relations and for disjointness and
orthogonality we have additionally assumed the existence of an inner product.
Since the basic properties of disjoint subspaces are quite well-known and since
orthogonality and commutativity have much broader impact on statistics we are
concentrated on these two concepts.

Among the different definitions in the literature, the following given by Jacobson
(1953, p. 28) appears rather intuitive.

Definition 1.2.2. Let {A;}, i = 1,...,n, be a finite set of subspaces of A. The
subspaces {A;} are said to be disjoint if and only if A; (1 (32, A;) = {0}, for all
values of 1. ]

Although Definition 1.2.2 seems to be natural there are many situations where
equivalent formulations suit better. We give two interesting examples of the re-
formulations in the next lemma. Other equivalent conditions can be found in
Jacobson (1953, pp. 28-30), for example.
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Lemma 1.2.2. The subspaces {A;}, i = 1,...,n, are disjoint if and only if any
one of the following equivalent conditions hold:

1) C;A)N ;A ={0}, i€, j€ J, for all disjoint subsets I and J of the
finite index set;

(i) Ain(32;A,) = {0}, for all i > j.

PROOF: Obviously (i) is sufficient. To prove necessity we use an induction ar-
gument. Observe that if I consists of a single element, (i) follows by virtue of
Theorem 1.2.1 (vi). Now assume that B, = >, .. A;, i € I satisfies (i), where i*
is a fixed element in I. Then, for i,i* € [ and j € J

O _A)N ZA (Aix +B;») ZA
:(AM(EMAMZ& ZA = AN (DA ={o},

J J

where the shearing identity (Corollary 1.2.1.1 (iv)), the assumption on B;+ and
the disjointness of {A;} have been used. Hence, necessity of (i) is established.
Condition (ii) is obviously necessary. To prove sufficiency, assume that (ii) holds.
Applying the equality

ANB+C)=ANB+ (CND)),

for any D such that A+B C D C V, and remembering that V represents the whole
space, we obtain

AN A) =AN(An+ D Ay)

J#i J#i,n
= AN (A N AN+ D A = AN (Y Ay)
Jj#n J#i,m J#i,m

Similarly,

NO_A) =Ain (Aigr + > _A))

J#i J<i
= AN (AN QoA+ A) =An(Q_A) = {0},
j#i j<i j<i

Since the argument holds for arbitrary ¢ > 1, sufficiency of (ii) is established.

It is interesting to note that the ”sequential disjointness” of {A;}, given in Lemma
1.2.2 (ii) above, is sufficient for disjointness of {A;}. This possibility of defining
the disjointness of {A;} in terms of fewer relations expressed by Lemma 1.2.2 (ii)
heavily depends on the modularity of A, as can be seen from the proof.
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Definition 1.2.3. If {A;} are disjoint and A =), A;, we say that A is the direct
sum (internal) of the subspaces {A;}, and write A = &;A,;. 1

An important result for disjoint subspaces is the implication of the cancellation
law (Corollary 1.2.1.4), which is useful when comparing various vector space de-
compositions. The required results are often immediately obtained by the next
theorem. Note that if the subspaces are not comparable the theorem may fail.

Theorem 1.2.2. Let B and C be comparable subspaces of A, and A an arbitrary
subspace. Then

A®B=A®C=B=C. .

Now we start to discuss orthogonality and suppose that the finite-dimensional
vector space V over an arbitrary field K of characteristic 0 is equipped with a
non-degenerate inner product, i.e. a symmetric positive bilinear functional on the
field K. Here we treat arbitrary finite-dimensional spaces and suppose only that
there exists an inner product. Later we consider real or complex spaces and in
the proofs the defining properties of the inner products are utilized. Let P(V)
denote the power set (collection of all subsets) of V. Then, to every set A in
P(V) corresponds a unique perpendicular subspace (relative to the inner product)
1 (A). The map L: P(V) — A is obviously onto, but not one-to-one. However,
restricting the domain of L to A, we obtain the bijective orthocomplementation
map L [ao: A — A, L|a(A)=A"L.

Definition 1.2.4. The subspace A* is called the orthocomplement of A. ]

It is interesting to compare the definition with Lemma 1.2.2 (ii) and it follows that
orthogonality is a much stronger property than disjointness. For {A;} we give the
following definition.

Definition 1.2.5. Let {A;} be a finite set of subspaces of V.

(i) The subspaces {A;} are said to be orthogonal, if and only if A; C Aj holds,
for all i # j, and this will be denoted A; L A;.

(i) If A = ), A; and the subspaces {A;} are orthogonal, we say that A is the
orthogonal sum of the subspaces {A;} and write A = B, A,. [

For the orthocomplements we have the following well-known facts.

Theorem 1.2.3. Let A and B be arbitrary elements of A. Then

(i) ANAt={0}, ABAT=V, (A" =A; projection theorem
(ii) (ANB)t = AL + B, (A+B)t = AL NBL; de Morgan’s laws
(iii) (ACB)=B+ CAL antitonicity of orthocomplementation

1

By virtue of Theorem 1.2.3 (i) the orthocomplement of A is the perpendicular
direct complement of A. Hence, A is self-dual (with orthocomplementation as
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dual automorphism) which is an evident but important observation since dual
statements for orthocomplements in the lemmas and theorems given below may
be formulated.

Theorem 1.2.3 (i) and (ii) imply that inner product spaces satisfy the conditions
for a lattice to be an ortholattice of subspaces. However, A is modular and thus
belongs to the class of modular ortholattices. Moreover, it can be shown that A
also is an orthomodular lattice of subspaces, i.e. the elements of A satisfy the next
lemma.

Lemma 1.2.3. Let A and B be arbitrary elements of A. The following two
conditions always hold:

(i) ACB=B=AmBA NB); orthomodular law

(i) A=(ANB) @(ANBL) symmetricity of commutativity
if and only if
B=(ANB) @A NB). 1

Note that in general the two conditions of the lemma are equivalent for any or-
tholattice. The concept of commutativity is defined later in this paragraph. Of
course, Lemma 1.2.3 can be obtained in an elementary way without any reference
to lattices. The point is to observe that A constitutes an orthomodular lattice,
since it places concepts and results of the theory of orthomodular lattices at our
disposal. For a collection of results and references, the books by Kalmbach (1983)
and Beran (1985) are recommended. Two useful results, similar to Theorem 1.2.2,
are presented in the next theorem.

Theorem 1.2.4. Let A, B and C be arbitrary subspaces of A. Then

(i) ABB=ABC&B=C;

(i) ABBCABECaBCC.

PROOF: Since A C B+ and A C C* we get from Lemma 1.2.3 (i)
Bt =A@BANBYH) =A)BALNC) =C,

where in the second equality de Morgan’s law, i.e Theorem 1.2.3 (ii), has been
applied to A BB = A 8 C. Thus (i) is proved, and (ii) follows analogously. ]

Note that we do not have to assume B and C to be comparable. It is orthogonality
between A and C, and B and C, that makes them comparable. Another important
property of orthogonal subspaces not shared by disjoint subspaces may also be
worth observing.
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Theorem 1.2.5. Let B and {A;} be arbitrary subspaces of A such that B L A;
for alli. Then B L )", A,. 1

This fact about orthogonal subspaces does not hold for disjoint subspaces, i.e.
BN A; = {0}, for all ¢, does not imply BN (3, A;) = {0}. Basically, this stems
from the non-distributive character of A exhibited in Theorem 1.2.1.

One of the main results in this section will be given in the following theorem. The
decompositions of vector spaces belong to those constructions which are commonly
applied in statistics. We are going to use these results in the following paragraphs.
There are many other decompositions available but the reader who grasps the
course of derivation can easily find alternative results.

Theorem 1.2.6. Let A, B and C be arbitrary elements of A. Then
i) A=(AnNB) @ANA+BY);

(i) A+B=ABA+B)NAY

(i) At =(A+B)* mA+B)NAL;

(iv) V=(A+B)NnAt @ (A+B)NB) @(A+B)" 8(ANB);

(v) V=ANB+CO)r@ANBNAT+B+C)BAN(AT +B) @ AL

PRrROOF: All statements, more or less trivially, follow from Lemma 1.2.3 (i). For
example, the lemma immediately establishes (iii), which in turn together with
Theorem 1.2.3 (i) verifies (iv). 1

When obtaining the statements of Theorem 1.2.6, it is easy to understand that
results for orthomodular lattices are valuable tools. An example of a more tra-
ditional approach goes as follows: firstly show that the subspaces are disjoint
and thereafter check the dimension which leads to a more lengthy and technical
treatment.

The next theorem indicates that orthogonality puts a strong structure on the
subspaces. Relation (i) in it explains why it is easy to apply geometrical arguments
when orthogonal subspaces are considered, and (ii) shows a certain distributive
property.

Theorem 1.2.7. Let A, B and C be arbitrary subspaces of A.

(i) IBLCandA LC, then AN(BEC)=ANB.

i) ANA*+B+C)=ANAt+B)+AN (AL + Q).

PROOF: By virtue of Theorem 1.2.1 (v) and the modular equality (Corollary
1.2.1.1 (iii),

ANB+C)=ANC N (BNCHBC)=ANBNCt=ANB

establishes (i). The relation in (ii) is verified by using the median law (Corollary
1.2.1.3), Theorem 1.2.6 (i) and some calculations. 1
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Corollary 1.2.7.1. Let A, B and C be arbitrary subspacesof A. If B 1. C,;A 1. C
and A C (BB C), then A CB. 1

Let V; and V5 be two disjoint subspaces. Then every vector z € V; ® V5 can be
written in a unique way as a sum z = X3 + X2, where x; € V; and x5 € V,. To
see this, suppose that

Z —=X1 + X2, X1 GVl, XQEVQ;
Z —=X3 + X4, x3 €V, x4€V,.
Then
O=X1 — X3+ X2 — X4
which means that x; — x3 = x4 — X3. However, since x; — x3 € Vi, x4 — X3 € Vs,
V1 and Vs are disjoint, this is only possible if x; = x3 and x5 = x4.

Definition 1.2.6. Let V; and V4 be disjoint and z = x1 + X3, where x; € V; and
x9 € Vy. The mapping Pz = x; is called a projection of z on V; along Vs, and
P is a projector. If V, and Vo are orthogonal we say that we have an orthogonal
projector. 1

In the next proposition the notions range space and null space appear. These will
be defined in §1.2.4.

Proposition 1.2.1. Let P be a projector on Vi along V5. Then
(i) P is a linear transformation;
(i) PP = P, ie. P isidempotent;

(iii) I — P is a projector on Vo along V; where I is the identity mapping defined
by Iz = z;

(iv) the range space R(P) is identical to V1, the null space N'(P) equals R(I — P);
(v) if P is idempotent, then P is a projector;
(vi) P is unique.

PRrOOF: (i): P(az1 + bzs) = aP(z1) + bP(z2).
(ii): For any z = x; + X2 such that x; € V; and x5 € V, we have

P%z = P(Pz) = Px; = x;.

It is worth observing that statement (ii) can be used as a definition of projector.
The proof of statements (iii) — (vi) is left to a reader as an exercise. 1

The rest of this paragraph is devoted to the concept of commutativity. Although it
is often not explicitly treated in statistics, it is one of the most important concepts
in linear models theory. It will be shown that under commutativity a linear space
can be decomposed into orthogonal subspaces. Each of these subspaces has a
corresponding linear model, as in analysis of variance, for example.
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Definition 1.2.7. The subspaces {A;} are said to be commutative, which will be
denoted A;|A;, if for Vi, j,

Ay = (AN Ay) B(A; NAT).

Note that A; = A; NV = A; N (AJL B A;), where V stands for the whole space.
According to Definition 1.2.7 a distributive property holds under commutativity,
which leads us to easily interpretable decompositions.

Now we present some alternative characterizations of commutativity.

Theorem 1.2.8. The subspaces {A;} are commutative if and only if any of the
following equivalent conditions hold:

(i) AN (A NA)T =ANAF, Vi
(i) AN (AN AT LA N (A NA)Y, Vg
(ii) AN (AN Aj)L - Aj‘, Vi, j.

PRrROOF: First it is proved that {A;} are commutative if and only if (i) holds,
thereafter the equivalence between (i) and (ii) is proved, and finally (iii) is shown
to be equivalent to (i).

From Lemma 1.2.3 (i) it follows that we always have

Ay =(ANA) BA; NA)TNA,.

Thus, by definition of commutativity and Theorem 1.2.4, commutativity implies
(i). For the opposite relation note that (i) via Lemma 1.2.3 (i) implies commu-
tativity. Turning to the equivalence between (i) and (ii), let us for notational
convenience put

A=AN(ANA)Y, B=Ar B(A;NA;), C=ANAS.

We are going to show that A = C. If (ii) is true, A C B. Therefore, Lemma 1.2.3
(i) implies B = A B A+ NB, and we always have that B = C @8 C* N B. However,
CtNB= (At +BLH)NB = At NB, giving us A = C. Thus (i) implies (i). The
converse is trivial. Turning to the equivalence between (i) and (iii), it follows from
Theorem 1.2.1 (v) that if (iii) holds,

AN (A AT = AN (AN AT NAF = A NAT.

The converse is obvious. 1

The statement in Theorem 1.2.8 (ii) expresses orthogonality of A; and A; mod-
ulo A; NA;. If A; and A; are subspaces corresponding to factors ¢ and j in an
analysis of variance model, then Theorem 1.2.8 (ii) gives us the usual condition
for orthogonality of ¢ and j (e.g. see Tjur, 1984). We may also note that a pair of
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subspaces A; and A; satisfying Theorem 1.2.8 (ii) is referred to in the literature as
”orthogonally incident” (Afriat, 1957) or ”geometrically orthogonal” (Tjur, 1984).
Furthermore, there is a close connection between orthogonal projectors and com-
mutativity. It is interesting to note that the orthomodular lattice structure of
A is carried over in a natural way to the set of idempotent and self-adjoint (see
Definition 1.2.6) linear operators defined on V. An idempotent linear operator is
a projector according to Proposition 1.2.1, and a self-adjoint projector is called
an orthogonal projector since (I — P) is orthogonal to P and projects on the
orthogonal complement to the space which P projects on.

Theorem 1.2.9. Let P; and P;; denote the orthogonal projectors on A; and
A; M A, respectively. The subspaces {A;} are commutative if and only if any of
the following two equivalent conditions hold:

(i) P,P;=P;P;, Vi, j;
(if) P P; = Py, Vi, j.
PRrOOF: Suppose that A; and A; commute. Since
A= (AN A)) B(A; NAY)
we have
P =P;+Q,

where @ is an orthogonal projector on A; N A]-L. Thus, P;Q = 0, PjP;; = F;;
and we obtain that P;P; = P;;. Similarly, we may show via Lemma 1.2.3 (ii) that
P, P; = P,;. Hence, commutativity implies both (i) and (ii) of the theorem.
Moreover, since P;, P; and P;; are orthogonal (self-adjoint),

P,P; = P,; = P;P,.

Hence, (ii) leads to (i). Finally we show that (ii) implies commutativity. From
Theorem 1.2.6 (i) it follows that

Ay =ANA; B AN (A NA)T
and for projectors we have
P =P +Q,
where @ is an orthogonal projector on A; N (A; N Aj)J-. Thus,
PP, = P;j + P;Q

and if (ii) holds, P;@ = 0 and therefore Theorem 1.2.8 (iii) implies commutativity.

1
There are many other possible characterizations of commutativity beside those
presented in Theorem 1.2.8 and Theorem 1.2.9. A summary of the topic with sta-
tistical applications has been given by Baksalary (1987). In particular, Baksalary
presented 46 alternative characterizations including those mentioned in this para-
graph. Another useful theorem can easily be established by employing Theorem
1.2.9 (i).
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Theorem 1.2.10. Let A and B be subspaces of V. Then

(i) ACB= A|B;
(i) A LB = A|B;
(i) AB = AB;
(iv) AB = BJA.

Note that inclusion as well as orthogonality implies commutativity, and that (iv) is
identical to Lemma 1.2.3 (ii). Moreover, to clarify the implication of commutativity
we make use of the following version of a general result.

Theorem 1.2.11. Let {A;} be a finite set of subspaces of V, and B a subspace
of V that commutes with each of the subspaces A;. Then

(i) B[, Aiand BN (32, A) = > ,(BNA);

PRrROOF: Setting A = >, A; the first part of (i) is proved if we are able to show
that A = (ANB) B(ANBL). To this end it is obviously sufficient to prove that

AC(ANB)@ANBL).
By virtue of the assumed commutativity we have
A; = (A, NB) B(A; NBH)

for all ¢ implying

A= (AinB) B (A;NBY)). (1.2.1)

7 ?

Applying Theorem 1.2.1 (vii) yields

> (AinB) CANBand Y (A;NBY) CANB.. (1.2.2)

K2

Combining (1.2.1) and (1.2.2) gives us the first part of (i). To prove the second
part of (i) note that (1.2.2) gives

ANBC (D (A;NB)B(ANBY))

K2

and Theorem 1.2.5 implies that A NB is orthogonal to »_.(A; N B1). Thus, from
Corollary 1.2.7.1 it follows that ANB C >,(A; NB), and then utilizing (1.2.2) the
second part of (i) can be verified. Writing M;A; as (3, Aj)* and using Theorem
1.2.10 (iii) together with the first part of (i) proves that B|N; A;. The second part
of (ii) follows similarly. 1
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Corollary 1.2.11.1. Let {A;} and {B;} be finite sets of subspaces of V such that
A;|B;, for all i,5. Then

(i) (ZAi)ﬁ(ZBj) = (AiNBy);

ij

(ii) (VA + ()By) = [ )(Ai +By).
i j ij
1
Corollary 1.2.11.2. Let {A;},i=1,...,n, be a finite set of subspaces of V, and

B a subspace of V. The following conditions are equivalent

(i) BlA;, Vi
(ii) ]B%fiémn(]ﬂ%m&i) m DAZ- NB;
(iif) V = Eﬂ(ﬁ NA;) @ (D A+ NB) @ En(ﬁl NA;) @ (D A+ nBL).

PROOF: We just prove that (ii) implies (i).

]BmAj:(%(]BmAi)ElﬂAme)mAj

BBNA)BBMNA; @8 AFNB)NAT-
i¢j(ml)(mJOzm)m]

B(BNA;) B[ A NB.

i#]
By adding BN A; to this expression, by assumption we obtain B again. Hence,
B=BNA; BBNA;S.

1
These two corollaries clearly spell out the implications of commutativity of sub-
spaces. From Corollary 1.2.11.1 we see explicitly that distributivity holds under
commutativity whereas Corollary 1.2.11.2 exhibits simple orthogonal decomposi-
tions of a vector space that are valid under commutativity. In fact, Corollary
1.2.11.2 shows that when decomposing V into orthogonal subspaces, commutativ-
ity is a necessary and sufficient condition.

1.2.4 Range spaces

In this paragraph we will discuss linear transformations from a vector space V to
another space W. The range space of a linear transformation A : V — W will be
denoted R(A) and is defined by

R(A) ={x:x= Ay,y € V},
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whereas the null space N'(A) of A is defined by
N(A)={y: Ay ={0},y e V}.

It is supposed that the spaces are defined over the real or complex fields and are
equipped with an inner product. Although several of the lemmas and theorems
given below hold for transformations on finite-dimensional vector spaces defined
over arbitrary fields, some of the theorems rest on the fact that if A : V — W,
the adjoint transformation A’ is a map from W to V. All transformations in
this paragraph can be identified via corresponding matrices, relative to a given
basis. Thus the results of this paragraph hold for spaces generated by columns of
matrices, i.e. we consider column vector spaces without any particular reference to
a fixed basis, and therefore so-called column vector spaces can be identified with
their corresponding range space.

Definition 1.2.8. An inner product (e, e) in a complex or real space is a scalar
valued function of the ordered pairs of vectors x and y, such that

(x,y) =(y,%); hermitian (symmetric)

(ax1 + bxa,y) =a(x1,y) + b(x2,y); bilinear

(x,x) >0, (x,x)=0 ifandonlyifx=0, positive

where  denotes complex conjugate. ]

Definition 1.2.9. For a space (complex or real) with an inner product the adjoint
transformation A’ : W — V of the linear transformation A : V — W is defined
by (Ax,y)w = (x, A’'y)y, where indices show to which spaces the inner products
belong. 1

Note that the adjoint transformation is unique. Furthermore, since two different
inner products, (x,y); and (x,y)s2, on the same space induce different orthogonal
bases and since a basis can always be mapped to another basis by the aid of
a unique non-singular linear transformation A we have (x,y)1 = (4x, Ay)s for
some transformation A. If B = A’A, we obtain (x,y)1 = (Bx,y); and B is
positive definite, i.e. B is self-adjoint and (Bx,x) > 0, if x # 0. A transformation
AV — Vis self-adjoint if A = A’. Thus, if we fix some inner product we
can always express every other inner product in relation to the fixed one, when
going over to coordinates. For example, if (x,y) = X'y, which is referred to
as the standard inner product, then any other inner product for some positive
definite transformation B is defined by x’By. The results of this paragraph will
be given without a particular reference to any special inner product but from the
discussion above it follows that it is possible to obtain explicit expressions for any
inner product. Finally we note that any positive definite transformation B can be
written B = A’A, for some A (see also Theorem 1.1.3).

In the subsequent, if not necessary, we do not indicate those spaces on which and
from which the linear transformations act. It may be interesting to observe that
if the space is equipped with a standard inner product and if we are talking in
terms of complex matrices and column vector spaces, the adjoint operation can
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be replaced by the conjugate transposing which in the real case is identical to
the transposing operator. Our first lemma of this paragraph presents a somewhat
trivial but useful result, and the proof of the lemma follows from the definition of
a range space.

Lemma 1.2.4. Let A, B and C be any linear transformations such that AB and
AC are defined. Then

(i) R(AB) = R(AC) if R(B)=mR(C);
(ii) R(AB) C R(AC) if R(B)C R(C).

The next two lemmas comprise standard results which are very useful. In the
proofs we accustom the reader with the technique of using inner products and
adjoint transformations.

Lemma 1.2.5. Let A be an arbitrary linear transformation. Then

N(A) =R(A)*

PROOF: Suppose y € R(A)*. By definition of R(A) for any z we have a vector
x = Az € R(A). Hence,

0=(x,y) = (4z,y) = (z, A'y) = A'y = 0.

Implication holds also in opposite direction and thus the lemma is proved. 1

Lemma 1.2.6. Let A be an arbitrary linear transformation. Then

R(AA) = R(A).

PROOF: From Lemma 1.2.4 (ii) it follows that it is sufficient to show that R(A) C
R(AA"). For any y € R(AA")L = N(AA’) we obtain

0= (AAy,y) = (Ay,A%y).

Thus, A’y = 0 leads us toy € AN(A") = R(A)*. Hence R(AA")* C R(A)* which
is equivalent to R(A) C R(AA"). 1

In the subsequent, for an arbitrary transformation A, the transformation A° de-
notes any transformation such that R(A4)* = R(A°) (compare with A° in Propo-
sition 1.1.3). Note that A° depends on the inner product. Moreover, in the next
theorem the expression A’ B° appears and for an intuitive geometrical understand-
ing it may be convenient to interpret A’ B° as a transformation A’ from (restricted
to) the null space of B’.
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Theorem 1.2.12. For any transformations A, B assume that A’ B is well defined.
Then the following statements are equivalent:

(i) R(A") C R(A'B°);
(i) R(A") = R(A'B?);
(iii) R(A)NR(B) = {0}.

PRrOOF: First note that if R(A) C R(B) or R(B) € R(A) hold, the theorem is
trivially true. The equivalence between (i) and (ii) is obvious. Now suppose that
R(A) NR(B) = {0} holds. Then, for y € R(A’B°)* and arbitrary x

0 = (x, B® Ay) = (B°x, Ay).

Hence, within R(A’B°)* we have that R(A) and R(B°) are orthogonal. Thus,
R(A) € R(B) within R(A’B°)* contradicts the assumption, unless Ay = 0 for
all y € R(A'B°)L. Hence R(A") C R(A'B°).

For the converse, suppose that there exists a vector x € R(A) N R(B) implying
the existence of vectors z; and z, such that x = Az; and x = Bzs. For all y, of
course, (x, B°y) = 0. Hence,

0 = (Azy, B%y) = (z1, A’ B%y)

implies z; € R(A'B°)t = R(A’)*. Therefore we obtain Az; = 0, and thus x = 0.

1
An interesting consequence of the equivalence between (ii) and (iii) is given in the
next corollary. Let us remind the reader that AA’ is always a non-negative definite

transformation and that any non-negative definite transformation can be written
AA’ for some A.

Corollary 1.2.12.1. In the notation of Theorem 1.2.12
R(AA'B°) N R(B) = {0}.

Fairly often it is meaningful to utilize results concerning the dimensionality of
the range space when establishing theorems. The dimensionality is given by the
number of linearly independent elements (basis vectors) which via linear operations
generate all other elements of that particular space. In the next lemma we give
some fundamental results which will be used later. The dimensionality of a space
V is denoted by dimV.

Lemma 1.2.7. Let A and B be arbitrary linear transformations such that the
relations are well defined. Then

(1) dim(R(A)) = dim(R(A"));
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(i) dim(R(A) + R(B)) = dim(R(A)) + dim(R(B)) — dim(R(4A) N R(B));
(iii) dim(R(A) + R(B)) = dim(R(A’B°)) + dim(R(B));

(iv) R(A) C R(B) if and only if dim(R(A)+ R(B)) = dim(R(B)).
1

Theorem 1.2.13. Let A, B and C be arbitrary linear transformations such that
the products of the transformations are well defined. Then

(i) R(AA'B) = R(AA'C) & R(A'B) = R(A'C);
(ii) R(AA'B) C R(AA'C) & R(A'B) C R(A'C).

PRroOOF: We will just prove (ii) since (i) can be verified by copying the given proof.

Suppose that R(AA'B) C R(AA'C) holds, and let H be a transformation such

that R(H) = R(B)+R(C). Then, applying Lemma 1.2.7 (i) and (iv) and Lemma

1.2.6 we obtain that

dim(R(A'C)) = dim(R(C'A)) = dim(R(C'AA")) = dim(R(AA'C))

=dim(R(AA'C) + R(AA'B)) = dim(R(H'AA"))
=dim(R(H'A)) = dim(R(A'H)) = dim(R(A'C) + R(A'B)).

The converse follows by starting with dim(R(AA’C)) and then copying the above

given procedure. ]

Theorem 1.2.14. Let A, B and C' be linear transformations such that the spaces
of the theorem are well defined. If
R(A) & R(B) CR(C) and R(A)&R(B)=R(C),
then
R(A") & R(B) = R(O).

PROOF: Lemma 1.2.7 (i) implies that
dim(R(A") @ R(B)) = dim(R(A) & R(B)) = dim(R(C)).

The next theorem is also fairly useful.

Theorem 1.2.15. Let A and B be arbitrary linear transformations such that the
products of the transformations are well defined. Then

R(A(A'B?)%) = R(A) N R(B).
PrOOF: Since R(A)* and R(B)* are orthogonal to R(A(A’B°)°), it follows from
Theorem 1.2.5 that the sum is also orthogonal to R(A(A’B°)°). Thus,
R(A(A'B°)°) C R(A) N R(B). Therefore, applying Lemma 1.2.7 (iii) confirms
that the spaces must be identical. 1
Many decompositions of vector spaces are given in forms which use range spaces
and projectors. Therefore the next theorem due to Shinozaki & Sibya (1974) is
important, since it clearly spells out the relation between the range space of the
projection and the intersections of certain subspaces.
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Theorem 1.2.16. Let P be an arbitrary projector and A a linear transformation
such that PA is defined. Then

R(PA) = R(P) N (N(P) +R(A)).

PROOF: Suppose that A (P) + R(A) = N(P) + R(PA) holds. In that case the
result follows immediately from Theorem 1.2.1 (viii), since R(PA) C R(P). The
assumption is true since

R(A) =R((I — P)A+ PA) CR((I - P)A) + R(PA) C N(P) + R(PA)

and R(PA)=R(A— (I —-P)A) CR(A) + N(P). 1
As already noted above in Theorem 1.2.9, if P = P’, then P is said to be an

orthogonal projector. In this case N(P) = R(P)* leads to the equality R(PA) =
R(P)N (R(P)* + R(A)) which is a more commonly applied relation.

Corollary 1.2.16.1. Let P be an arbitrary projector and A a linear transforma-
tion such that PA is defined with N'(P) C R(A). Then

R(PA) = R(P)NR(A).

The rest of this paragraph is devoted to two important decompositions of vector
spaces. Our next theorem was brought forward by Stein (1972, p. 114) and Rao
(1974).

Theorem 1.2.17. Let A and B be arbitrary transformations such that A’ B° is
defined. Then

R(A) +R(B) = R(AA'B°) ® R(B).

PRrROOF: Corollary 1.2.12.1 states that R(AA'B°) and R(B) are disjoint. Thus it
is obvious that

R(AA'B°) & R(B) C R(A) + R(B). (1.2.3)

For any y € (R(AA'B°) @ R(B))* we have y = B°z; for some z;, since y €
R(B)*. Hence, for all z,,

0 = (AA'B°zy,y) = (AA'B°zy, B°21) = (B” AA' B2, 21)
implies that, for all zs,
0= (B Az3,z1) = (Azs, B’z) = (Azs,y).

Therefore, R(A) C R(AA'B°) ® R(B) and the opposite inclusion to (1.2.3) is
established. 1
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Corollary 1.2.17.1. If R(B) C R(A), then
R(A) = R(AA'B°) & R(B).

With the help of Theorem 1.2.16 and Theorem 1.2.6 (ii) we can establish equality
in (1.2.3) in an alternative way. Choose B° to be an orthogonal projector on
R(B)*. Then it follows that

R(AA'B°)) B R(B) = R(A) + R(B).

Therefore, Theorem 1.2.14 implies that equality holds in (1.2.3). This shows an
interesting application of how to prove a statement by the aid of an adjoint trans-
formation.

Baksalary & Kala (1978), as well as several other authors, use a decomposition
which is presented in the next theorem.

Theorem 1.2.18. Let A, B and C be arbitrary transformations such that the
spaces are well defined, and let P be an orthogonal projector on R(C'). Then

V =B, 8B, 8 R(PA) B R(P)*,
where
B; =R(P) N (R(PA) + R(PB))™",
By =(R(PA) + R(PB)) N R(PA)™.

Proor: Using Theorem 1.2.16 and Corollary 1.2.1.1 (iii) we get more information
about the spaces:

By = R(C) N (R(C)" +R(A) + R(B)) N (R(C) N (R(C)T + R(A)))*"
(C)N(R(C) +R(A) + R(B)) N (R(C) " + (R(C) NR(A)™))
(C)NR(A)T N (R(C): + R(A) + R(B)).
By virtue of these relations the statement of the theorem can be written as
V=R(C)N(R(A) +R(B))* 8 R(C)NR(A) N (R(C): +R(A)
+R(B)) B R(C)N (R(C)" +R(A)) BR(C)H
which is identical to Theorem 1.2.6 (v). 1

1.2.5 Tensor spaces

In the present paragraph we will give a brief introduction to tensor spaces. The
purpose is to present some basic results and indicate the relationship with the
Kronecker product. For a more extensive presentation we refer to Greub (1978).
We are going to use the notion of a bilinear map. Briefly speaking, p(x,y) is a
bilinear map if it is linear in each argument. The underlying field is supposed to
have characteristic 0.
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Definition 1.2.10. Let p: VW — V®W be a bilinear map from the Cartesian
product of the vector spaces V and W to a vector space V @ W, satisfying the
following two conditions:

(i) ifdimV = n and dimW = m, then dim(V @ W) = mn;
(ii) the set of all vectors p(x,y), where x € V, y € W, generates V@ W.
Then the space V@ W is called the tensor product of V and W. 1

The space V® W is uniquely determined up to an isomorphism. It can be shown
(Greub, 1978, p. 9) that there always exists a bilinear map satisfying the conditions
given in Definition 1.2.10. Furthermore, let A C V, B C W and let p; be the
restriction of p to A x B. Then p; generates a vector space (tensor product)
ABCV®Wand for any x € A and y € B, p1(x,y) = p(x,y) (Greub 1978, p.
13).

In the next theorem we give the most fundamental relations for subspaces A @ B
of Vo W. Let A; and As be the lattices of subspaces of V and W, respectively.

Theorem 1.2.19. Let A, A; € Ay, i=1,2, and let B, B; € A5, i=1,2,. Then
(i) A®B={0} if and only if A = {0} or B = {0};
(11) Al & Bl Q Ag & Bg if and Oﬂly lfAl g Ag and Bl Q BQ,
under the condition that Ay # {0}, By # {0};
(iil) (A1 +A2) ® (B1 + B2) = (A1 ® By) + (A1 ® Ba) + (A2 ® B1) + (Ag @ Ba);
(iv) (A1 ®@B1) N (A ®Bs) = (A1 NA) ® (B; NBy);
(V) (Al ®B1) N (AQ ®B2) = {0} if and only If(Al ﬂAg) = {0} or (Bl ﬂBQ) = {0}

PRrROOF: Since by Definition 1.2.10 (i) dim(A ® B) = dim(A) x dim(B), (i) is
established. The statement in (ii) follows, because if p is generating Ay ® Bsy, a
restriction p; to p generates A; ® B;. The relation in (iii) immediately follows
from bilinearity and (v) is established with the help of (i) and (iv). Thus the proof
of the theorem is completed if (iv) is verified.

Note that (iv) holds if any of the subspaces are equal to zero, and in the subsequent
this case will be excluded. First the elements in VxW are ordered in such a manner
that Ay x By C Ay x By if and only if A; C Ay and B; € By. The reason for
doing this is that from (ii) it follows that the proposed ordering implies that any
bilinear map p: Vx W — V® W is isoton. According to Birkhoff (1967, p. 8) a
consequence of this ordering of subspaces in V x W is that the totality of subspaces
in Vx W forms a direct product lattice, and that the g.l.b. of {A; x By, Ay x Bo}
is given by A; N Ay x By NBy. This fact is of utmost importance.

Now, since trivially

(A1 NAz) ® (B1 NB2) C (A1 ®By) N (A2 ® By)

we obtain that (A; N As) ® (B; NBs) is a lower bound. Moreover, there exists a
bilinear map

p: (Al ﬂAg) X (Bl QBQ) — (Al ﬂAg) X (Bl QBQ)
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Therefore, since (A; N Az) x (B; NB2) and (A; ® Ag) N (B; ® By) are g.lb., it
follows from the isotonicity of bilinear maps that (iv) is verified if we are able to
show that the following inclusion

(A1NA2)®(BINB) €Y Ci@D; C (A ®B1)N (A2 ®By). (1.2.4)

is impossible for any choices of C; and D; in (1.2.4). We must consider this, since
subspaces of A ® B may not equal C ® D for some C and D, i.e. ), C; ® D; may
not equal C ® D. However, if (1.2.4) holds, C; ® D; is included in A; ® B; and
Ay ® Bs, implying that C; C Ay, D; C By, C; C Ay and D; C By, which in turn
leads to C; C Ay N Ay and D; C B; NBy. Thus,

Z(Ci ®D; C (A1 NAy) ® (B NBy)
and therefore equality must hold in (1.2.4), which establishes (iv). 1

The above theorem can easily be extended to multilinear forms, i.e. vector spaces,
generated by multilinear mappings (see e.g. Greub, 1978, p. 26, or Marcus, 1973).
Furthermore, there are several other ways of proving the theorem (e.g. see Greub,
1978; Chapter I). These proofs usually do not use lattice theory. In particular,
product lattices are not considered.

In the subsequent suppose that V and W are inner product spaces. Next an inner
product on the tensor space V® W is defined. The definition is the one which is
usually applied and it is needed because the orthogonal complement to a tensor
product is going to be considered.

Definition 1.2.11. Let p: VXW — VW and (e, )y, (e, o)y be inner products
onV and W, respectively. The inner product on V x W is defined by
(p(x1,¥1), p(X2, Y2)vew = (X1,%2)v(y1,Y2)w.

The next theorem gives us two well-known relations for tensor products as well as
extends some of the statements in Theorem 1.2.6. Other statements of Theorem
1.2.6 can be extended analogously.

Theorem 1.2.20. Let A, A; € A and let B, B; € As.
(i) Suppose that A; ® By # {0} and Ay ® By # {0}. Then
A]_ ®BlLA2®BQ if and on]yifAlLAg OI‘Bl LBQ,

(i) (A®B):=(A*®B)BA®BY)BAL @B
=(AteW) BAQBY)
= (A*®@B)B(VeB);

(iil) (A, @ By) = (A;NA; ®B; NBy) B(A; N (AL +Ay) @B NBy)
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B(A; NA; @B N (B +By))
B(AIN (A7 +Ay) @B N (By +By));

(iv) (A1 ®By) + (A ©By))*
=A{ N (A1 +A2) @By N (By + By) + (A1 + A2)" ® By N (By + By)

+ (A1 + AT @By NBy + Ay N (A; + Ag) @ BY N (By + By)
+ (A1 +A) T @B N (Br +B2) + A N (A + Ar) ® (By +By)*
+AINA ® (B +Bo)t + A N (AL + Ar) ® (By + By)*

+ (AL + Az)L ® (B + BQ)L

=Ay N (A +A2) @B + A NA ® (By +By)t

+ AT N (AL +A2) @By + (A +Ax)T @ W

=Af @By N (B +Bs) + (A +Ar)" @By NBy
+Ay @B N (By +By) + Ve (B +By)t.

PRrROOF: The statement in (i) follows from the definition of the inner product given
in Definition 1.2.11, and statement (ii) from utilizing (i) and the relation

Vew=(ABAY)® Ba3B
=(A®B) BA®B) B(At®B) B(AT @B,

which is verified by Theorem 1.2.19 (iii). To prove (iii) and (iv) we use Theorem
1.2.19 together with Theorem 1.2.6. 1
The next theorem is important when considering so-called growth curve models
in Chapter 4.

Theorem 1.2.21. Let Ay, i =1,2,...,s, be arbitrary elements of Ay such that
Ay CAg_1 C--- C Ay, and let B;, i = 1,2,...,s, be arbitrary elements of As.
Denote C; =3, .;<;B;. Then

(i) ZA ®B)t =(A®C)) B (AjNAf,; ®C)) B(AT @W);

1<j<s—1
(ii) ZA ®B)" = (VoC)), B (A L6C;NCi,) B(A'B)).

PROOF: Smce inclusion of subspaces implies commutativity of subspaces, we ob-
tain

A; = A B A AL 1 =1,2,...,s—1
i=As B AN A, =120 s



44 CHAPTER I
and thus

ZAZ-QQIB,»:AS@(CSEZ B AjNAf, ®B;
i

_ i<j<s—1
i<s—1

=A,®C, Y AjNAj, ®C, (1.2.5)

1<j<s—1

which is obviously orthogonal to the left hand side in (i). Moreover, summing the
left hand side in (i) with (1.2.5) gives the whole space which establishes (i). The
statement in (ii) is verified in a similar fashion by noting that (C]-{l = (CjL BC;N
Ci,. 1
Theorem 1.2.22. Let A; € Ay and B; € As such that (A1®B1)N(A2®B2) # {0}.
Then

Al ® El|A2 ® EQ if and OH]y if A1|A2 and El‘EQ.

PROOF: In order to characterize commutativity Theorem 1.2.8 (i) is used. Sup-
pose that A;|As and By |Bs hold. Commutativity follows if

(A1 ®@B1)" + (A1 @B1) N (A @ By) = (A1 @ By) " + (A © By). (1.2.6)
Applying Theorem 1.2.6 (i) and Theorem 1.2.19 (iii) yields

Ay @By =(A1NA @B NBy) B(Ax N (A NAY)T @By)
H (Al NAs @By N (Bl n Bg)l). (127)

If A1|A2 and B1|B3, Theorem 1.2.8 (i) and Theorem 1.2.20 (ii) imply

(AaN(A; N AL @By) B(A NAy ® (By N (B NBy)L)
C(A®B)=Af @W8 A, ®Bf,

where W represents the whole space. Hence (1.2.6) holds. For the converse, let
(1.2.6) be true. Using the decomposition given in (1.2.7) we get from Theorem
1.2.1 (v) and Theorem 1.2.20 (ii) that (V and W represent the whole spaces)

ANA® (BN (B NBy)Y) C(A @B = A @W @ A @B
AcN(A1NA) OB NBy C(AL ®B))T =Af ®B; BV ®B7.

Thus, from Corollary 1.2.7.1, Theorem 1.2.19 (ii) and Theorem 1.2.8 (i) it follows
that the converse also is verified. ]

Note that by virtue of Theorem 1.2.19 (v) and Theorem 1.2.20 (i) it follows that
A1 ®B; and Ay ® By are disjoint (orthogonal) if and only if A; and A, are disjoint
(orthogonal) or By and B, are disjoint (orthogonal), whereas Theorem 1.2.22 states
that Ay ® By and Ay ® Bs commute if and only if A; and B; commute, and A,
and By commute.

Finally we present some results for tensor products of linear transformations.



Basic MATRIX THEORY AND LINEAR ALGEBRA 45

Definition 1.2.12. Let A : V; — Wy, B : Vo — Wy be linear maps, and let
p1: V1 xVy -V, ®Vy and pg : Wi x Wy — Wy ® Wy be bilinear maps. The
tensor product AQ B :V; ® Vo — Wy @ Ws is a linear map determined by

A® Bpi(x,y) = p2(Ax, By), Vx €V, Vy e V,.

Note that by definition
R(A® B) =R(A) @ R(B),

which means that the range space of the tensor product of linear mappings equals
the tensor product of the two range spaces. From this observation we can see that
Theorem 1.2.19 and Theorem 1.2.20 can be utilized in this context. For example,
from Theorem 1.2.19 (ii) it follows that

R(A1 ® B1) C R(A2 ® Bg)

if and only if R(A41) € R(Az) and R(B1) € R(Bz). Moreover, Theorem 1.2.20
(ii) yields

R(A® B)* = (R(A)" @ R(B)) B(R(A) ® R(B)") B(R(A)" @ R(B)").

Other statements in Theorem 1.2.20 could also easily be converted to hold for
range spaces, but we leave it to the reader to find out the details.

1.2.6 Matriz representation of linear operators in vector spaces

Let V and W be finite-dimensional vector spaces with basis vectors e;, ¢ € I and
d;, j € J, where I consists of n and J of m elements. Every vector x € V and
y € W can be presented through the basis vectors:

x:inei, y:Zyjdj.

el jed

The coefficients x; and y; are called the coordinates of x and y, respectively. Let
A :V — W be a linear operator (transformation) where the coordinates of Ae;
will be denoted a;;, j € J, ¢ € I. Then

Zyjdj =Yy = Ax = szAez = ZQ}Z Za]’idj = Z(Z ajix,»)dj,

jeJ il i€l jeJ jed el

i.e. the coordinates y; of Ax are determined by the coordinates of the images Ae;,
1 € I, and x. This implies that to every linear operator, say A, there exists a
matrix A formed by the coordinates of the images of the basis vectors. However,
the matrix can be constructed in different ways, since the construction depends
on the chosen basis as well as on the order of the basis vectors.
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If we have Euclidean spaces R™ and R™, i.e. ordered n and m tuples, then the
most natural way is to use the original bases, i.e. e; = (dir)k, ¢,k € I; d; = (0;1)1,
4,1 € J, where 9§, is the Kronecker delta, i.e. it equals 1 if » = s and 0 otherwise.
In order to construct a matrix corresponding to an operator A, we have to choose
a way of storing the coordinates of Ae;. The two simplest possibilities would be
to take the :—th row or the i—th column of a matrix and usually the i—th column
is chosen. In this case the matrix which represents the operator A : R* — R™
is a matrix A = (a;;) € R™*", where aj; = (4e;);, j=1,...,m; i =1,...,n.
For calculating the coordinates of Ax we can utilize the usual product of a matrix
and a vector. On the other hand, if the matrix representation of A is built up in
such a way that the coordinates of Ae; form the i—th row of the matrix, we get
an n X m—matrix, and we find the coordinates of Ax as a product of a row vector
and a matrix.

We are interested in the case where the vector spaces V and W are spaces of p X g—
and r X s—arrays (matrices) in RP*? and R"**, respectively. The basis vectors are
denoted e; and d; so that

iel={(1,1),(1,2),...,(p,q9},

jed={(1,1),(1,2),...(r,s)}.
In this case it is convenient to use two indices for the basis, i.e. instead of e; and
d;, the notation e, and d, will be used:

€; > €y,

dj _)dtua
where
er:(évkﬂéwl)7 U7k:]‘)""p; w7l:17"'7q;
diy = (0, Oun), tm=1,...,7; un=1,...,s.

Let A be a linear map: A : RP*? — R"**. The coordinate ¥, of the image AX

is found by the equality
P g
Ytu = Z Z QpukiThi- (1.2.8)
k=1 1=1

In order to find the matrix corresponding to the linear transformation A we have
to know again the coordinates of the images of the basis vectors. The way of
ordering the coordinates into a matrix is a matter of taste. In the next theorem
we present the two most frequently used orderings. The proof of the theorem can
be found in Parring (1992).

Theorem 1.2.23. Let A: U — V, U € RP*9 V € R"** be a linear transforma-
tion.
(i) If the tu—th coordinates of the basis vectors e, form a p x g—block Ay,:

Atu: (atuvw)7 v = 177]97 w = 17"'7q7 (129)
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the representation of the transformation A is a partitioned matrix which equals

A11 e Als
A= : . :
A ... A

Then the coordinates of the image Y = AX are given by

Yo, = tr(A},X). (1.2.10)

(ii) If the representation of the transformation A is a partitioned matrix which

equals
A11 . Alq

A, ... A,

where Ay : v X s consists of all coordinates of the basis vector ey,
Ay = (apur), t=1,...,m1;u=1,...,s, (1.2.11)

the coordinates of Y = AX are given by

Yeu = (ZzﬂfklAkz) : (1.2.12)

k=11=1

REMARK: In (1.2.12) the coordinate y:, can be considered as an element of the
star-product X = A of the matrices X and A which was introduced by MacRae
(1974).

In the next theorem we briefly consider bilinear maps and tensor products.
Theorem 1.2.24. Let A : V; — Wy, V; € R*", W; € R", B : Vo, — Wy,
Vs € R? and Wy € R®. Then in Definition 1.2.10 A ® B and vecAvec’B are both

representations of the linear map A® B, where ® in A ® B denotes the Kronecker
product which is defined in §1.3.3, and vec is the vec-operator defined in §1.3.4.

PrROOF: Let p1 : Vi xVy -V, ®Vy and P2t Wy X Wy — Wi @ W be bilinear
maps. Then, by Definition 1.2.10 and bilinearity,

A®Bp1(xlvx2) ZPQ(AX17BX2> = Z Z Z Z aj1ilbj2i2xi11x122p2(djl‘17d?g)’

J1€J1 jo€J2 i1 €1 i2€Is

where
1 E ol gl
Ax = a]lll‘rildjl

i1€11

and
2 _ 22
Bx® = g bjyin 5, dj, -

io€12
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If we order the elements {a;, j, bi,;, } as

ai1byy oo anbis - abin - arebig
CLll'bql T all.bqs e ah:bql e alrbqs
apl'bll e apl.bls e apr.bll e apr.bls
apl.bql . apl'bqs o byt o+ aprbys

the representation can, with the help of the Kronecker product in §1.3.3, be written
as A ® B. Moreover, if the elements {a;, ;, b;,;,} are ordered as

apbyn - allbql atbiz - allbq2 te aans
aplbll ce Clp1bq1 Clp1512 te aplqu T Clp1bqs
ai2byn - a12bq1 aizbiz - alzqu ce a12bqs
ap2bii o+ apabgr  apabia o apabga 0 apabys
aprbll o aprbql aprb12 o aprbq2 o aprbqs
we have, according to §1.3.4, the matrix which equals vecAvec'B. ]

REMARK: If in (1.2.9) aiypw = Giubyw, it follows that

A11 Als
A= : . |=A8B
A o A

When comparing A : V — W in Theorem 1.2.23 with the tensor map A ® B :
Vi ®Vy — W ® Wy, where dimV = dim(V; ® Vo) and dimW = dim(W; @ Ws),
some insight in the consequences of using bilinear maps instead of linear maps is
obtained.

1.2.7 Column vector spaces
The vector space generated by the columns of an arbitrary matrix A : p X ¢ is
denoted C'(A):

C(A)={a:a= Az, zc R}

Furthermore, the orthogonal complement to (C'(A) is denoted C'(A)*, and a
matrix which columns generate the orthogonal complement to (C'(A) is denoted
A° ie. C(A°) = C(A)L. The matrix A° shares the property with A~ of
not being unique. For example, we can choose A° = I — (A’)"A’ or A° =
I—A(A’A)" A’ as well as in some other way.
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From the definition of a column vector space and the definition of a range space
given in §1.2.4, i.e. R(A) = {x:x = Ay,y € V}, it follows that any column vector
space can be identified by a corresponding range space. Hence, all results in §1.2.4
that hold for range spaces will also hold for column vector spaces. Some of the
results in this subsection will be restatements of results given in §1.2.4, and now
and then we will refer to that paragraph.

The first proposition presents basic relations for column vector spaces.

Proposition 1.2.2. For column vector spaces the following relations hold.

(i) C(A) C ((B) if and only if A = BQ, for some matrix Q.
(ii) If C(A+BE) C C(B), for some matrix E of proper size, then C'(A) C
C'(B).
If C(A) C C/(B), then C'(A+BE) C (C(B), for any matrix E of proper
size.
(iif) C(A'B,) C C(A'By) if C'(By) € C'(By);
C(A'By) = C'(A'By) if C(B1) = C'(Bo).
(iv) C(A'B) = C(A") if C(A) € C(B).
(v) C(A)n C(B) = C((A°:B)?).
(vi) For any A~
CA"A=C

if and only if C(C') C C'(A).

(vii) C(A")= C'(A'B) if and only if r(A'B) = r(A’).

(viii)  Let A € RP*?, S > 0 and r(H) = p. Then C(A’) = C(A'H) =
C(A'SA).

(ix) Let A € RP*? and S > 0. Then
C(A’SA)~A’SA = C if and only if C'(C) C C(A");
A(A’'SA)"A’SB =B ifand only if C'(B) C C'(A);
CAB(CAB)~C = C if r(CAB) = r(C).

(x) CA B is invariant under choice of g-inverse if and only if
C(C) € C(A') and C(B) € C(A).

(xi) Let S > 0, then C1(A’SA)~ C, is invariant under any choice of (A’'SA)~
if and only if C'(C}) C C'(A’) and C(Cy) C C'(A)).

(xii) If C(C')C C(A') and S > 0, then

C(C) = C(C(A'SA)") = C(C(A'SA)"A’S).

(xiii)  C(AB) C C(AB®) if and only if C'(A) = C'(AB?). I

In the next theorem we present one of the most fundamental relations for the
treatment of linear models with linear restrictions on the parameter space. We
will apply this result in Chapter 4.
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Theorem 1.2.25. Let S be p.d., A and B be arbitrary matrices of proper sizes,
and C any matrix such that C'(C) = C'(A’)Nn C'(B). Then

A(A’SA)"A’ — AB°(B° A’'SAB°) "B’ A’
—A(A’SA)"C(C'(A’SA)"C) C'(A'SA)A’.

PRrOOF: We will prove the theorem when S = I. The general case follows imme-
diately by changing A to S'/2A. Now, if S = I we see that the statement involves
three orthogonal projectors (symmetric idempotent matrices):

A(A'A) A/,
AB’(B° A’AB°) B A’

and
A(A'A)"C(C'(A’A)"C)"C'(A’A)" A"

Let P = A(A’A)~ A’ and then
C(A)Nn C(AB%)* = C(P)n C(AB)" .
By virtue of Theorem 1.2.15,
C(P(PAB®)°) = C'(P(AB°)°) = C'(A(A’A)"C).
Since C'(AB°) C (C'(A), it follows from Theorem 1.2.6 (ii) that,
C(A) = C(AB°) @ C'(A)n C(AB°)* = C(AB°) @ C(A(A’A)"C)

and the given projections are projections on the subspaces ('(A), C'(AB°) and
C(A(A’A)~C). 1

Corollary 1.2.25.1. For S > 0 and an arbitrary matrix B of proper size
S~ - B°(B“SB°) "B’ =S~ 'B(B'S”!B)"B'S .

The matrix AA’(AA’ + BB’)" BB’ is called parallel sum of AA’ and BB’. Two
basic properties of the parallel sum are given in

Lemma 1.2.8. Let all the matrix operations be well defined. Then

(i) AA'(AA'+BB') BB’ =BB'(AA’'+ BB')"AA’;

(i) (AA'(AA'+BB')"BB’)” = (AA’)” +(BB')".

Proor: Since C'(B) = C(BB’) C C'(A:B)= ('(AA’ + BB’) we have

BB’ = (AA’ + BB')(AA’ + BB') BB’ = BB/(AA’ + BB') (AA’ + BB)),
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where in the second equality it has been used that C'(B) C C'(AA’+BB’). This
implies (i).
For (ii) we utilize (i) and observe that
AA'(AA’'+BB')"BB{(AA’)” + (BB’)"}AA'(AA’ + BB') BB’
—BB/(AA’ + BB')"AA/(AA’ + BB)) BB’
+AA'(AA’'+ BB')"BB'(AA' + BB')"AA'
=BB'(AA’' + BB')"AA’(AA' + BB')" (AA’ + BB')
=BB'(AA’' + BB')"AA’.
1

In the next theorem some useful results for the intersection of column subspaces
are collected.

Theorem 1.2.26. Let A and B be matrices of proper sizes. Then
(i) C(A)NC(B)=C(A%:B)*;
(i) C(A)N C(B)= C(A(A'B?)°);
(iii) C(A)NC(B)= C(AA’(AA'+BB')"BB’') = ((BB'(AA’+BB’)"AA’).
ProoOF: The results (i) and (ii) have already been given by Theorem 1.2.3 (ii)
and Theorem 1.2.15. For proving (iii) we use Lemma 1.2.8. Clearly, by (i) of the
lemma
C(BB'(AA'+BB')"AA’) C C(A)n C(B).
Since
AA'(AA’ +BB')"BB'{(AA’)” + (BB')" JA(A'B?)°
=AA'(AA’'+ BB')"B(B'A°)° + BB'(AA’ + BB')"A(A'B?)°
= (AA'+BB')(AA’' + BB') A(A'B°)° = A(A'B°)°,
it follows that
C(A)n(C(B)C C(AA'(AA' + BB')"BB'),
and (iii) is established. 1
For further results on parallel sums of matrices as well as on parallel differences,
we refer to Rao & Mitra (1971).

1.2.8 Eigenvalues and eigenvectors
Let A be an m x m—matrix. We are interested in vectors x # 0 € R™, whose
direction does not change when multiplied with A, i.e.

Ax = Ax. (1.2.13)

This means that the matrix (A — AI) must be singular and the equation in x given
in (1.2.13) has a nontrivial solution, if

|A — A\I| =0. (1.2.14)
The equation in (1.2.14) is called characteristic equation of the matrix A. The
left hand side of (1.2.14) is a polynomial in A of m—th degree (see also Problem

7 in §1.1.7) with m roots, of which some are possibly complex and some may be
identical to each other.



52 CHAPTER 1

Definition 1.2.13. The values \;, which satisfy (1.2.14), are called eigenvalues or
latent roots of the matrix A. The vector x;, which corresponds to the eigenvalue

A; in (1.2.13), is called eigenvector or latent vector of A which corresponds to
i 1

Eigenvectors are not uniquely defined. If x; is an eigenvector, then cx;, ¢ € R,
is also an eigenvector. We call an eigenvector standardized if it is of unit-length.
Eigenvalues and eigenvectors have many useful properties. In the following we list
those which are the most important and which we are going to use later. Observe
that many of the properties below follow immediately from elementary properties
of the determinant. Some of the statements will be proven later.

Proposition 1.2.3.

(i) If B=CAC™!, where A, B, C are m x m—matrices, then A and B have
the same eigenvalues.

(i) If A is a real symmetric matrix, then all its eigenvalues are real.

(iii) The matrices A and A’ have the same eigenvalues.

(iv) The eigenvectors of A and A + cI are the same for all constants c.

(v) Let A and B be m X m—matrices with A being non-singular. Then the

matrices AB and BA have the same eigenvalues.

(vi) If \1,..., A\, are the eigenvalues of a non-singular matrix A, then
Ao\ are the eigenvalues of A1

(vii) If A is an orthogonal matrix, then the modulus of each eigenvalue of A
equals one.

(viii) All eigenvalues of a symmetric idempotent matrix A equal one or zero.

(ix) If A is a triangular matrix (upper or lower), then its eigenvalues are

identical to the diagonal elements.

(x) The trace of A : m x m equals the sum of the eigenvalues \; of A, i.e.
trA = "\ (1.2.15)
i=1
(xi) The determinant of A : m X m equals the product of the eigenvalues \;
of A, i.e.

Al =] N
i=1

(xii) If A is an m X m—matrix, then

tr(A%) =) AL,
1=1



(xiii)

(xiv)

(xv)

(xvi)

(xvii)

(xviii)

(xix)
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where A1, ..., A\, are the eigenvalues of A.

If A is a symmetric m X m—matrix with the eigenvalues \;, then

Zm:)‘? = ii“?j-
i=1

i=1 j=1

If all eigenvalues of m x m—matrix A are real and & of them are non-zero,
then
(trA)? < ktr(A?).

Let A : m x m have rank r and let the number of non-zero eigenvalues
of A be k. Then r > k.

Let Ay > Xg > --- > A, be the eigenvalues of A > 0, and let B: m x k
be of rank k such that diag(B'B) = (g1,...,gx)’. Then

k
/ o (-
max |B'AB| = [T rig:-

i=1

Let Ay > Ao > -+ > A\, be the eigenvalues of A > 0, and let B: m x k
be of rank k such that B’B is diagonal with diagonal elements g1, . . ., g.
Then

k
min IB'AB| = li[l Am41-iGi-

Let Ay > Ao > .-+ > A, be the eigenvalues of a symmetric matrix A :
m xm, and let g > po > -+ > p,y, be the eigenvalues of B > 0: m x m.
Then

Let Ay > Ay > --- > A, be the eigenvalues of a symmetric matrix A :
m x m. Then, for any symmetric idempotent matrix B : m x m of rank
T’

i /\m—i—i-l S tI‘(AB) S 27: /\z
=1 i=1

PRrROOF: The properties (xvi) and (xvii) are based on the Poincare separation
theorem (see Rao, 1973a, pp. 65-66). The proof of (xviii) and (xix) are given in
Srivastava & Khatri (1979, Theorem 1.10.2). 1

In the next theorem we will show that eigenvectors corresponding to different
eigenvalues are linearly independent. Hence eigenvectors can be used as a basis.
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Theorem 1.2.27. Let A1, Ao, ..., A, Ai # Aj, © # j, be eigenvalues of a matrix

A and x;, i = 1,2,...,m, be the corresponding eigenvectors. Then the vectors
{x;} are linearly independent.

PROOF: Suppose that
m
Z C;X; = 0.
i=1

Multiplying this equality with the product

we get ¢; = 0, since

cj(Aj = Am) (A = Am—1) X X (A = A1) (A — Ajm1) X x (A — A1)x; = 0.

Thus,

m

Z C;X; = 0.

=1

it
By repeating the same procedure for j = 1,---,m, we obtain that the coefficients
Sa‘tiSfy Cm =Cn—1=...=C = 0. 1

If A is symmetric we can strengthen the result.

Theorem 1.2.28. Let A1, Ao,..., A, Ai # Aj, © # J, be eigenvalues of a sym-
metric matrix A and x;,7=1,2,...,m, be the corresponding eigenvectors. Then,
the vectors {x;} are orthogonal.

PRrROOF: Let A and p be two different eigenvalues and consider

Ax =)x
Ay =py.

Then y’Ax = \y’x and x’ Ay = pux'y which imply
0=y Ax—x'Ay = (A — p)y'x

and thus those eigenvectors which correspond to different eigenvalues are orthog-
onal. .

Next we are going to present a result which is connected to the well-known Cayley-
Hamilton theorem. One elegant way of proving the theorem is given by Rao
(1973a, p. 44). Here we will show an alternative way of proving a related result
which gives information about eigenvalues and eigenvectors of square matrices in
an elementary fashion.
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Theorem 1.2.29. Let the matrix A be of size m x m and r(A) = r. Then
T
[XT+1 ::jg:(%—lfxa
=1

for some known constants c;.

Proor: Let D : r x r be a diagonal matrix with diagonal elements d; such that
di#d;ifi#jandd; #0,4,5 =1,...,r. If we can find a solution to

d{ 1 dl d% N d;_l Co
d; 1 dy d2 ... 45! c
2 = . 2 ! (1.2.16)
dr 1 d, d& ... d! Cro1

we may write
r—1
D" = E <%I)?
i=0

However, the Vandermonde determinant

1 dy d3 ... d!

1 dy d3 ... dy!

s =] =, (1.2.17)
1 d} di d:'*l ~

differs from 0, since by assumption d; # d;. Thus, (1.2.16) has a unique solution.
By definition of eigenvalues and eigenvectors,

AZ = ZA, (1.2.18)

where Z : m x r consists of 7 linearly independent eigenvectors and the diagonal
matrix A: 7 x r of different non-zero eigenvalues. From (1.2.18) and Definition
1.1.3 it follows that

A =7ZAZ~
and since AZ~Z = A, which holds because C'(A) = C'(Z'),
A" =7ZANZ".

Thus, since A is a diagonal matrix, A” = Z:;Ol c;A*. Then,

r—1 r—1
A" =ZAN'Z = coZZ ™ + ZciZAiZ* = coZZ ™ + ch-Ai.
i=1 =1

Postmultiplying the obtained equality by A = ZAZ~ yields

r—1
Af+4 :(m}&%-EE:C@Aj+a
i=1
which establishes the theorem. 1

REMARK: In the above proof we have supposed that all eigenvalues are distinct.
However, since we can always use A" = Z::_Ol ¢; A", this is not a significant restric-

tion.
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Corollary 1.2.29.1. If A : m X m is non-singular, then

m—1
A" =) GA
=0
and )
AN = AT E Y gAY
i=1

Let A be an eigenvalue, of multiplicity 7, of a symmetric matrix A. Then there
exist r orthogonal eigenvectors corresponding to A. This fact will be explained in
more detail in §1.2.9 and §1.2.10. The linear space of all linear combinations of
the eigenvectors is called the eigenspace, which corresponds to A, and is denoted
by V(A). The dimension of V(\) equals the multiplicity of A. If A and p are
two different eigenvalues of a symmetric A, then V(\) and V(i) are orthogonal
subspaces in R™ (see Theorem 1.2.28). If Ay,..., A\ are all different eigenvalues
of A with multiplicities my,...,mg, then the space R™ can be presented as an
orthogonal sum of subspaces V(\;):

k
R™ = 8 V(\)

and therefore any vector x € R™ can be presented, in a unique way, as a sum

k
x=> x (1.2.19)
i=1

where x; € V(\;).

The eigenprojector Py, of the matrix A which corresponds to A; is an m x
m—matrix, which transforms the space R™ onto the space V()\;). An arbitrary
vector x € R” may be transformed by the projector Py, to the vector x; via

P)\qjx = Xi,

where x; is the ¢—th term in the sum (1.2.19). If V is a subset of the set of all
different eigenvalues of A, e.g.

V={\ . \}

then the eigenprojector Py, which corresponds to the eigenvalues A\; € V, is of

the form
Py =Y P,.
XN EV

The eigenprojector Py, of a symmetric matrix A can be presented through the
standardized eigenvectors y;, i.e.

m;
Py =) vy
j=1
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Basic properties of eigenprojectors of symmetric matrices are given by the following
equalities:

P\, Py, =Py;

P/\iP>\j :0) 17&.77

k
> P, =L
i=1

These relations rely on the fact that yjy; = 1 and yjy; = 0, i # j. The eigen-
projectors Py, enable us to present a symmetric matrix A through its spectral

decomposition:
k
A= Z APy,
i=1

In the next theorem we shall construct the Moore-Penrose inverse for a symmetric
matrix with the help of eigenprojectors.

Theorem 1.2.30. Let A be a symmetric n X n—matrix. Then
A = PAP/;
AT =PATP,

where AT is the diagonal matrix with elements

ML N A0

(Af)i=1< " L

O7 if )\z = O,
P is the orthogonal matrix which consists of standardized orthogonal eigenvectors
of A, and )\; is an eigenvalue of A with the corresponding eigenvectors P ,.

PROOF: The first statement is a reformulation of the spectral decomposition. To
prove the theorem we have to show that the relations (1.1.16) - (1.1.19) are fulfilled.
For (1.1.16) we get

AATA =PAP'PATP'PAP = PAP = A.
The remaining three equalities follow in a similar way:
ATAAT =PATP'PAP'PATP = A™;
(AATY =(PAP'PATP') = PATP'PAP' = PATAP' = PAATP' = AA™T;
(ATA) =(PATP'PAP') = PATP'PAP = ATA.
1
Therefore, for a symmetric matrix there is a simple way of constructing the Moore-

Penrose inverse of A, i.e. the solution is obtained after solving an eigenvalue prob-
lem.

1.2.9. FEigenstructure of normal matrices

There exist two closely connected notions: eigenvectors and invariant linear sub-
spaces. We have chosen to present the results in this paragraph using matrices
and column vector spaces but the results could also have been stated via linear
transformations.
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Definition 1.2.14. A subspace C'(M) is A-invariant, if
C(AM) C C(M).

It follows from Theorem 1.2.12 that equality in Definition 1.2.14 holds if and only
if C'(A")nC'(M)+ = {0}. Moreover, note that Definition 1.2.14 implicitly implies
that A is a square matrix. For results concerning invariant subspaces we refer to
the book by Gohberg, Lancaster & Rodman (1986).

Theorem 1.2.31. The space (C'(M) is A-invariant if and only if C'(M)* is A’-
invariant.

PROOF: Suppose that C'(AM) C C'(M). Then, M® AM = 0 = M’A’M° which
implies that C'(A’M?°) C ('(M?). The converse follows immediately. 1
The next theorem will connect invariant subspaces and eigenvectors.

Theorem 1.2.32. Let ('(A')N C’(l\/[)l = {0} and dim C' (M) = s. Then C'(M)
is A-invariant if and only if there exist s linearly independent eigenvectors
X1,Xg,...,Xs of A such that

CM) = C(x1)® Clx2) @ ® C(xs).

Proor: If /(M) is generated by eigenvectors of A then it is clear that C'(M)
is A-invariant. Suppose that /(M) is A-invariant and let P be a projector on
C (M), then C'(P) = C'(M). By assumptions and Theorem 1.2.12

C(PAP) = C(PAM) = C'(AM) = /(M) (1.2.20)

which implies that the eigenvectors of PAP span ('/(M), as well as that PAP =
AP. However, for any eigenvector x of PAP with the corresponding eigenvalue
A,

(A—-ADx=(A-A)Px= (AP — AI)Px=(PAP — \I)x =0
and hence all eigenvectors of PAP are also eigenvectors of A. This means that
there exist s eigenvectors of A which generate C'(M). 1

REMARK: Observe that x may be complex and therefore we have to assume an
underlying complex field, i.e. M = . ¢;x;, where ¢; as well as x; may be complex.
Furthermore, it follows from the proof that if C'(M) is A-invariant, any eigenvector
of A is included in C'(M).

If C(A)Nn C(M)* = {0} does not hold, it follows from the modular equality in
Corollary 1.2.1.1 (iii) that

C(M) = C(AM) 8 ¢(M) N C(AM)™. (1.2.21)

Let P be a projector on (/(M), as in the proof of Theorem 1.2.32. Since
C(PAP) = C(AM), we note that

C(AM) = C'(x1) ® C(x2) @--- @ C(xs),
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where x;, ¢ = 1,2,...,7, are eigenvectors of A. Since in most statistical applica-
tions A will be symmetric, we are going to explore (1.2.21) under this assumption.
It follows from Theorem 1.2.15 that

C(M)N C(AM)* = C(M(M'AM)°) (1.2.22)
and then once again, applying Theorem 1.2.15,
C(AM(M'AM)°) = C(AM)n C(M)* € C(M)n C(M)*" = {0},

C'(A)t. Choose A° to be an orthogonal

which implies that C'(M(M'AM)°) C
— A(AA)"A. Then, by Theorem 1.2.16 and

projector on C'(A)*t, ie. A° =1
Theorem 1.2.1 (viii),

C(A°M(M'AM)°)
— C(A)" N (C(A)+ C(MOMAM)?) = C(A)" N C(M(M/AM)°)

15y CM)IO CAM)E 1 C(A)" € C(M) N C(AM)™

Therefore C'(M)N C'(AM)! is A-invariant and is included in C'(A°). Hence
we have established the following theorem.

Theorem 1.2.33. Suppose that A is a symmetric matrix. Let C' (M) be A-
invariant, dim C'(M) = s, x1,...,%; linearly independent eigenvectors of A, and
Yi,---,Yu eigenvectors of I — A(AA)~A. Then

CM)=Cx1)BCxz)B---8C(xy) B Cly1) B Cly2) 8-+ 8 Clyw),

where v < t, w <wu and v+ w = s. ]

Suppose that A is a square matrix. Next we will consider the smallest A-invariant
subspace with one generator which is sometimes called Krylov subspace or cyclic
invariant subspace. The space is given by

C(x,Ax,A%x,..., A" 'x), a<p, xR’

In particular, a proof is given that this space is A-invariant. We are going to study
this space by generating a specific basis. In statistics we are interested in the basis
which is generated by a partial least squares algorithm (PLS). For details about
the algorithm and PLS we refer to Helland (1988, 1990). Let

Ga = (g17g27"‘7ga)7

where g;, i = 1,2,...,p, are recursively defined vectors:
g1 =X
Bat1 =(I— Au_18a(8, A0 184) 8,)8a; (1.2.23)

Aa :Aafl - Aaflga(g;Aaflga)ig;Aafla AO =A. (1224)
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In (1.2.23) and (1.2.24) as well in the applications it will be supposed that

gl A,_18, # 0 when A, 18, # 0. In statistics A is usually positive definite and
therefore this assumption holds. First of all it will be shown that the vectors g;
form a basis. Note that the matrix

Aa—lgu(g;Aa—lga)igg

is idempotent, and by Theorem 1.2.16 it follows that

C(8at1) = C(ga)" N{C(Au_184) + C(84)}
= O(ga)J_ N {C(ga—l)l N (C(Aa—an—l) + C(Aa—2ga))
+ C((ga—l)l N (C(Aa—2ga—1) + C(ga—l))}'

Moreover, using the distributive inequalities in Theorem 1.2.1 (vii) we obtain

C(ga+1) € C(ga)" N Cga-1)" N{C(Aa-2(8a : 8a-1)) + C(8a1)}
C...C C(Gy)" N{C(AG,) + C(g1)}-

Thus, C(gar1) € C'(G,)*, which means that G, defines an orthogonal basis and
dimG, = a. Now we are going to show that

C(Go) = Cl(g1,Agy, ..., A 'gy). (1.2.25)

For a = 1 equality (1.2.25) is obviously true as well as for a = 2, since C'(g1) C
C(Ag1) + C(g1) implies (modular laws) that

Clg281) = Clg)" N{C(Ag)+ C(g)} + Clg1) = C(Agi, &)
In order to verify (1.2.25) we will use induction. Suppose that
C(Ga-1) = C(g1,Ag1, ..., A" %g1)
holds, and then

C(Ga) =0C(8a) + C(Ga-1)
=C(8a-1)" N{C(As_28a—1) + C(8a-1)} + C(Ga_1)}
C...C C(Ga-1)"N{C(AG4_1) + C(g1)} + C(Ga-1)
= C(Ga1)" N{C(Go1) + C(A“'g1)} + C(Goo)
=(C(g1,Agi,..., A" 'gy).

However, since dim C'(G,) = a and dim C' (g1, Ag1,..., A% 1g;) < a, we may
conclude that
C(Ga) - C(gh Ag17 ey Aa_lgl)

and that the vectors g1, Agy,..., A% g, are linearly independent.
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Let us consider the case when C'(g1,Agi,..., A% !gy) is A-invariant. Suppose
that A,_1g, = 0, which, by (1.2.23), implies g,+1 = g, and A, = A,_1. Observe
that

C(AL 1) = C(ga—1)" N{C(A} »8.) + C(A; )}
=C(8)" NC(AL 5) == C(Ga1)' N C(A).

Since A,_18, = 0 yields
C(ga) € C(Ga1) + C(ANF
it follows that
C(Ag.) € C(AGa-1) = (Agi,...., A" 'gy).

Thus, C(g1,Ag1,...,A% 1g;) is A-invariant, i.e. G, is A-invariant. Further-
more, if g,+1 = 0, then

C(AGa) C C(Ga-l-l) = C(Ga)a

since C'(G,) = C(g1,Ag1,...,A% 1 g), which means that G, is A-invariant.
On the other hand, if C'(AG,) C C(G,) and A,_18, # 0, then C(g.+1) C
C(G,)* N C(G,) = {0}. Hence we have proved the following theorem.

Theorem 1.2.34. Letg; beap—vectorand A;_1 : pxp,i=1,2,...,a+1,a < p,
be given by (1.2.23) and (1.2.24), respectively. Suppose that g, A,_18, # 0 when
Aa—lga 7é 0.

(i) If Ay_18, = O for some a < p, then C'(g1,Agy,..., A% gy) is A-invariant.

(ii) If Aq—18a # O, the vectors g; = 0, for j = a+1,a + 2,..., if and only if
C(g1,Agy,...,A% gy) is A-invariant. I

Corollary 1.2.34.1. Ifg; € R?, then g,+1 = 0 and C(g1,Ag1,..., AP g;) is
A-invariant. ]

To prove Corollary 1.2.34.1 we may alternatively use Theorem 1.2.29 where it was
shown that there exist constants ¢;, 1 = 1,2,...n < p, such that

Zn: CiAi =0.
i=1

Thus, A"g; is a linear function of g;, Agy,..., A" g,
An important special case when considering eigenspaces is given in the next state-
ment.
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Theorem 1.2.35. Ifg; € R?, C(g1) € C(A), A:pxpand C(A) is generated
by a < p eigenvectors of A, then

C<g17Ag17 .o 7Aa_1g1) = C(A)

Proor: Obviously C'(g1,Ag,..., A% 1g;) C C'(A). According to the Remark
after Theorem 1.2.32 and Corollary 1.2.34.1 any eigenvector of A belongs to
C(gh Agl, . 7AAa_lgl). Thus7 C(A) - C(glvAglv - ,Au_lgl). 1
Up to now we have not examined complex matrices. In Theorem 1.2.32 — Theorem
1.2.35 we have presented the results for real matrices. However, all the results
are valid for complex matrices if we interpret transposed matrices as conjugate
transposed matrices. In the following we shall consider complex eigenvalues and
eigenvectors. Necessary notation was given at the end of §1.1.1. Our intention
is to utilize the field of complex numbers at a minimum level. Therefore, several
results given below can be extended but we leave this to an interested reader.
The class of normal matrices will be studied in some detail. Remember that
according to the definition a normal matrix A satisfies the equality

AA’ = A'A. (1.2.26)

Let x be an eigenvector of A € RP*P and A the corresponding eigenvalue. Then,
by (1.2.13)
Ax = )Xx

holds. Here x and A may very well be complex. As noted before, the possible
values of A are determined via the characteristic equation (1.2.14). If (1.2.13)
holds, then

AA'x = A'Ax = A'x

and thus A’x is also an eigenvector. Furthermore, in the same way we may show
that (A’)?x, (A’)%x, etc. are eigenvectors, and finally we can get a finite sequence

of eigenvectors,
x, A'x, (A)*x,..., (AP~ Ix, (1.2.27)

which corresponds to A. From Corollary 1.2.34.1 it follows that the vectors in
(1.2.27) span an A’-invariant subspace. Let

zc Ox,A'x, (A)x,..., (AP 'x),

where x is an eigenvector of A. Then, z = Zf:_ol ci(A)x for some c¢; and
p—1 p—1
Az = Z cA(A)'x = Z ci(A)'Ax = )z,
i=0 i=0
which means that any vector in the space C'(x, A’x,(A’)%x,...,(A’)P~!x) is an

eigenvector of A. In particular, since C'(x,A’x,(A’)%x,...,(A)P~1x) is A'-
invariant, there must, according to Theorem 1.2.32, be at least one eigenvector
of A’ which belongs to

C(x, A%, (A)%x, ..., (A7),
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which then also is an eigenvector of A. Denote the joint eigenvector by y; and
study C'(y1)*. By Theorem 1.2.31 it follows that (C'(yi)* is A-invariant as well
as A’-invariant. Thus we may choose an eigenvector of A, say xi, which belongs
to C'(y1)*. Therefore, by repeating the above procedure, we can state that the
space C'(x1, A%y, (A')?x1, ..., (A)P71x;) is Al-invariant as well as belongs to
C'(y1)*, and we may find a common eigenvector, say y2, of A and A’ which is
orthogonal to the common eigenvector y;. In the next step we start with the space

O(ylaYQ)J_

which is A-invariant as well as A’-invariant, and by further proceeding in this way
the next theorem can be established.

Theorem 1.2.36. If A is normal, then there exists a set of orthogonal eigenvec-
tors of A and A’ which spans the whole space C'(A) = C'(A). 1

Suppose that we have a system of orthogonal eigenvectors of a matrix A : p X p,
where the eigenvectors x; span the whole space and are collected into an eigen-
vector matrix X = (x1,...,%p). Let the eigenvectors x;, corresponding to the
eigenvalues )\;, be ordered in such a way that

AX=XA, X=(X;:Xy), XiX;=D, XiX;=0, A(l})l g)’

where the partition of A corresponds to the partition of X, X is non-singular
(in fact, unitary), D and A; are both non-singular diagonal matrices with the
difference that D is real whereas A; may be complex. Remember that A* denotes
the conjugate transpose. Since

X*A'X = A*X*X = AjD = DA} = X*XA*
and because X is non-singular it follows that
A'X = XA*.
Thus
AA'X =AXA* = XAA*

and

A'AX =A'XA = XA*A = XAA" = AXA* = AA'X
which implies AA’ = A’A and the next theorem has been established.

Theorem 1.2.37. If there exists a system of orthogonal eigenvectors of A which
spans C'(A), then A is normal. I

An implication of Theorem 1.2.36 and Theorem 1.2.37 is that a matrix A is normal
if and only if there exists a system of orthogonal eigenvectors of A which spans
C'(A). Furthermore, by using the ideas of the proof of Theorem 1.2.37 the next
result follows.
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Theorem 1.2.38. If A and A’ have a common eigenvector X and \ is the corre-
sponding eigenvalue of A, then X\ is the eigenvalue of A’.

ProOOF: By assumption

Ax = \x,
A'x = ux

and then x*Ax = Ax*x implies
px*x = x*A'x = (x*Ax)* = \x*x.

Corollary 1.2.38.1. The eigenvalues and eigenvectors of a symmetric matrix are
real. ]

Corollary 1.2.38.2. If the eigenvalues of a normal matrix A are all real then A
is symmetric. 1

1.2.10 Eigenvalue-based factorizations

Let A be a real n x n—matrix where the non-zero eigenvalues are denoted \; and
the corresponding unit length eigenvectors x;, j = 1,...,ny. Since A is real, it
follows that x; is real if and only if A; is real. Furthermore, it is possible to show
that if x; is a complex eigenvector, X; is also an eigenvector. Let Xp;_1 = u; +ivy,
Xo; = u; — vy, j = 1,2,...,q, be the complex eigenvectors corresponding to
the complex eigenvalues Aoj_1 = pj + 105, Aoy = p; — @65, j = 1,2,...,q, and
Xj, J = 2¢+1,...,n1, be real eigenvectors corresponding to the real non-zero
eigenvalues \;. Moreover, let A\, 41,..., A, be all zero eigenvalues. Let

p1o 01 p2 02 Hq O
E— Aogits -+ Angs Onn,
{ (—51 H1 ) ’ <_52 H2 ) ’ ’ (_(5q K )’ parh T [d]

(1.2.28)
and
Q1 = (ug, v, U2, Ve, ..., Xog 41, -+, Xny ), (1.2.29)

where it is supposed that the eigenvectors are of unit length. Next a theorem is
proven which gives us an eigenvalue-based factorization of a normal matrix.

Theorem 1.2.39. Any normal matrix A : n X n can be presented as a product

A =QEQ,
where E is given by (1.2.28) and Q is an orthogonal matrix.

PROOF: Suppose that A : n x n is normal and 7(A) = n;. Then one can always
find a system of eigenvectors x; of A corresponding to the non-zero eigenvalues
Ai, ©=1,...,nq1, in such a way that

AX = )(AA7 X = (Xl : XQ), XTXI == Inla X{Xg = 0,
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where A = (A1,0,_p,)[a), With Ay = (A1,..., A, )q and X = (X1,..., Xy, : Xa).
Here X is of size n x nj, Xy is of size n X (n — ny) and X is non-singular. Put

Q= (Q1:Q2), where Q,Q; =0, Q5Q2 =1, Q; is defined by (1.2.29), and Q is
non-singular. Let the eigenvectors be standardized, i.e.

I=X;X; = Q/Q..
Therefore, the equation AX = XA is identical to

AQ = QE,
which means that A = QEQ~!. However, since Q is of full rank, Q' = Q!, and
thus QQ’' = Q'Q =1, i.e. Q is orthogonal. ]

From the theorem two important corollaries follow, of which the first one already
has been presented in Theorem 1.2.30.

Corollary 1.2.39.1. Let A : nxn be a real symmetric matrix. Then there exists
an orthogonal matrix Q such that

QAQ=A
and

A = QAQ/,
where

A=A, 0,...,0)0

ProoF: If A is symmetric, E in (1.2.28) must also be symmetric, and therefore
all the eigenvalues A; have to be real. ]

Corollary 1.2.39.2. Let A : n xn be a real skew-symmetric matrix. Then there
exists an orthogonal matrix Q such that

QAQ=A

and

QAQ' =A,

(0 & 0 & 0 4,
A= {05 85 8) (5 ),

PrROOF: If A is skew-symmetric, E in (1.2.28) must also be skew-symmetric.
Hence, for the complex eigenvalues p; = 0, j = 1,2,...,2¢, and all real eigen-
values have to be equal to zero. 1

where
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Corollary 1.2.39.3. If A is normal and x is an eigenvector of A, then x is also
an eigenvector of A'.

PRrROOF: From the theorem it follows that A = QEQ’. Then Ax = Ax implies
that
EQ'x = \Q'x

and thus Q'x is an eigenvector of E. Furthermore, by the structure in E any
eigenvector of E is also an eigenvector of E’. Therefore, according to Theorem
1.2.36, E'Q'x = AQ'x, which gives us

A'x = QE'Q'x = Ix.

In the following we will perform a brief study of normal matrices which commute,
ie. AB =BA.

Lemma 1.2.9. If for normal matrices A and B the equality AB = BA holds,
then
A'B =BA’

and
AB' =B'A.
PROOF: Let
V=A'B-BA’
and consider VV':
VV' = A’'BB'A - BA'B'A — A'BAB’ + BA’AB’
which by assumption is identical to
VV' = A'BB'A -BB’'A’A -~ A’/ABB’ + BA’AB’
= A'BB’'A -BB'AA’ - A’/AB'B + BA'AB’.
Thus
tr(VV') =0,
which by Proposition 1.1.4 (vi) implies that V = 0. 1

Lemma 1.2.10. If for normal matrices A and B the equality AB = BA holds,
then C'(AB) = C(A)n C(B).

PROOF: It is obvious that C'(AB) € C'(A)N C'(B). Then, by Theorem 1.2.6 (i),
CA)NCB)=C(AB)@ C(A)n C(B)Nn C(AB)*. (1.2.30)
We are going to show that if AB = BA, then

C(A)n C(B)n C(AB)* = {0}.
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Theorem 1.2.15 implies that
CA)NCB)N CAB)* = C(A(A’BO)"((A’BO)"/A’AB)O). (1.2.31)

Moreover, using Theorem 1.2.15 again with the assumption of the lemma, it follows
that

C((A'B°)” A’AB) = C'((A'B°)? BA’A) = (O'((A'B°)° BA’)
= C((A’/B°)” A'B).
Thus the right hand side of (1.2.31) equals
C(A)n C(B)N C(B)* = {0},

which via (1.2.30) establishes the lemma. 1

Lemma 1.2.11. If for normal matrices A and B the equality AB = BA holds,
then C'(A)| C'(B), i.e. the spaces C'(A) and C'(B) commute.

PROOF: From Theorem 1.2.8 (iii) it follows that we have to show that
C(A)nC(ANB)* C C(B)*,
which by Lemma 1.2.10 is equivalent to
B’A(A’AB)° = 0.
By Lemma 1.2.9 this is true since
C(A’AB) = C(BA'A) = C(BA')= C'(A'B).

Theorem 1.2.40. Let A € RP*P and B € RP*P be normal matrices such that
AB = BA. Then there exists a set of orthogonal eigenvectors of AB which also
are eigenvectors of A and B which generate C'(AB).

PROOF: Let y; be an eigenvector of AB, i.e. ABy; = Ay;. Then y1,A’yq,...,
(A")* 1y, for some a < p, are eigenvectors of AB. The set is A-invariant and
thus there is an eigenvector of A’ and, because of normality, also of A which
belongs to

C(yh A/yh R (A/)a_lyl)'

Denote this vector by x;. Thus,

a

x1 =Y a(A) 'y

i=1

for some constants ¢;. This implies that ABx; = Ax;, which means that x; is
an eigenvector of AB as well as to A. Furthermore, x1,B'xq,..., (B’)bxl7 for
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some b < p, are all eigenvectors of AB. The space generated by this sequence is
B’-invariant and, because of normality, there is an eigenvector, say z, to B which
belongs to

C(Xl, B/Xl, ey (Bl)bilxl).

Hence,
b . b a ) )
2= GBY xi=) > dia(B)YHA) Ty
j=1 Jj=114i=1

for some constants d;. It follows immediately that z; is an eigenvector of AB,
A and B. Now, as in the proof of Theorem 1.2.36, study ('(z1)* which among
others is (AB)’-invariant and AB-invariant. Thus there exists an eigenvector of
AB, say y2, which belongs to C'(z;)*. Thus,

C(y2a A/y2a KRN (A/)a71}’2)

is A’-invariant and orthogonal to (C(z;). Now we can continue as before and end
up with

b a
Zo = Z Z dei (B/)jil(A/)iilyQ,

j=11i=1
which is an eigenvector of AB, A and B. Clearly, zjz2 = 0 since y; is an
eigenvector of B and A. We may continue by considering C'(z1,22)". 1

Now, if A and B commute, we have by Definition 1.2.5 that

CA)=C(A)NCB) B CA)NCB),
C(B)= C(A)N CB) 8 C(A)' N C(B).

Furthermore, applying Lemma 1.2.9 gives that AB is normal and thus there exists
a system of orthogonal eigenvectors x1,Xa, ..., X,aB) Which spans C'(A)Nn C'(B).
By Theorem 1.2.40 these vectors are also eigenvectors of C/(A) and C'(B). Since
A is normal, orthogonal eigenvectors u,(aB)+1, Ur(AB)+2; - - - » Up(a) Which are or-
thogonal to x1,Xs,...,%,aB) can additionally be found, and both sets of these
eigenvectors span (J(A). Let us denote one of these eigenvectors by y. Thus,
since y is also an eigenvector of A’,

Ay =)y, (1.2.32)
A'B'y =0 (1.2.33)

for some A. However, (1.2.32) and (1.2.33) imply that
0=A'B'y=B'A'y = \B'y.
Hence y is orthogonal to B and we have found that u,(aB)+1, Ur(AB)+2; - - - s Ur(A)

generate

C(A)n C(B)*.
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Indeed, this result is also established by applying Theorem 1.2.4 (i). Furthermore,
in the same way we can find orthogonal eigenvectors
Vr(AB)+1> Vr(AB)+2;5 - - - » Vr(B) of B7 which generate
CB)NC(A)".
Thus, if we put the eigenvectors together and suppose that they are standardized,
we get a matrix
X1 = (Xla X2;- -, Xr(AB)) Ur(AB)+1; Ur(AB)+25
-+, Ur(A)s Vr(AB)+1) Vr(AB)+25 - - - 7VT‘(B))7
where X7X; = I. Consider the matrix X = (X;,X3) where X5 is such that

X35X; =0, X3X, = I. We obtain that if X is of full rank, it is also orthogonal
and satisfies

AX =XA;, A1:<‘%1 g),

sxoxa ae (3 1)

where A7 and A, are diagonal matrices consisting of the eigenvalues of A and
B, respectively. From the proof of Theorem 1.2.39 it follows that we have an
orthogonal matrix Q and

_ P10 Hq g ) }
E; = e A yeees Ang ,
' { ( =01 ) ( —0q  Hq ot (d]

My 53) (Hl 5’) / ’ }
E, — T A A IS U U
? { < =81 m =0y Hg ) P "

such that

A =QE.Q

B = QE:;Q’.
The procedure above can immediately be extended to an arbitrary sequence of nor-
mal matrices A;, i = 1,2,..., which commute pairwise, and we get an important

factorization theorem.

Theorem 1.2.41. Let {A;} be a sequence of normal matrices which commute
pairwise, i.e. AjA; = AjA;, 1 # j, i,7 =1,2,.... Then there exists an orthogonal
matrix Q such that

(i) 5(i) (2) 5(i) ) )
. H1 1 Hq q (4) (i) } /
A, = X RO I i N e s A2 0y ,
=Q { ( —(5?) Mgl) ) <—5¢(1 ) /Jé ) ) 2att e [d] °
where )\,(f) and u,(f) + i6,(j) stand for non-zero eigenvalues of A,;. 1
REMARK: For some ¢ some of the blocks

< @680 )
(7) (1)
=057 My

or )\y) may be zero.
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Theorem 1.2.42. Let A > 0 and B symmetric. Then, there exist a non-singular
matrix T and diagonal matrix A = (A1,..., \pn)q such that

A=TT, B =TAT,
where \;, i =1,2,...m, are eigenvalues of A~'B.

PROOF: Let A = XX’ and consider the matrix X ~'B(X’)~!. Since, X 'B(X’)~!
is symmetric, it follows by Corollary 1.2.39.1 that there exists an orthogonal matrix
Q such that

X 'B(X)7!' = QAQ.
Thus A = XQQ'X’ and B = XQAQ'X’. If we put T = XQ, the theorem is
established. 1

Corollary 1.2.42.1. Let A > 0 and B p.s.d. Then there exist a non-singular
matrix T and diagonal matrix A = (A1, ..., Am)q such that

A=TT, B =TAT,
where \; > 0,41 =1,2,...m, are eigenvalues of A~'B. ]

It follows from the proof of Theorem 1.2.42 that we can change the theorem and
establish

Theorem 1.2.43. Let A > 0 and B be normal. Then there exists a matrix T > 0
and an orthogonal matrix Q such that A = QTQ’ and B = QEQ’, where

E{(Hl 51>7<M2 52>7“.7</Lq 5Q>70} ,
=01 —do o —0q Mg ()
1

Corollary 1.2.43.1. Let A > 0 and B be skew-symmetric. Then there is a
matrix T > 0 and an orthogonal matrix Q such that A = QTQ' and B = QAQ’,

where 5 5 5
A= , et ,0 .
{(—61 0 -0y O —6q4 O [l
1

Another type of factorizations are given by the Schur and Jordan factorizations
which are also called Schur and Jordan decompositions.

Theorem 1.2.44. (Schur factorization) For A € R™*™ there exists a unitary
matrix U such that
U*AU =H,

where H is an upper triangular matrix with eigenvalues of A as its main diagonal
elements.

PROOF: Details of the proof of the theorem can be found in Bellmann (1970, pp
202-203). ]
In the special case, when A is symmetric, the statement of Theorem 1.2.44 co-
incides with Corollary 1.2.39.1. The last theorem of this section is connected to
so-called Jordan normal forms (see Gantmacher, 1959).
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Theorem 1.2.45. (Jordan factorization) Let A € R™*™ and Ji(\) : k x k
denotes the upper triangular matrix of the form

A1 0 ... 0
0o X 1 ... O
0O 0 0 ... 1
0 0 0 ... XN\

Then there exists a non-singular matrix H : m x m such that
A=HJH !

where
J= (Jkl’JkQ) oo aJkr)[d]

with ki1 + ko + - - -+ k. = m. The values \; are eigenvalues of A which do not have
to be distinct. ]

1.2.11 Problems
1. Show that C'(A’) = C'(A™T).

2. Verify (iii) — (vi) in Proposition 1.2.1.

3. Show that an orthogonal projector is self-adjoint.

4. Prove (v), (xi) and (xiii) in Proposition 1.2.2.

5. Verify relation (1.2.17). Determine the following two determinants
l+dy+di+di di+di+d} di+d} df 2 dy d¥ d3
l+dy+d3+ds do+di+dy d3+d5 d3 PR 2 d3
Itds+d2+d} ds+di+dd di+dd a3 ™ |1 ds &2 d3|
l+di+di+d} do+di+d} di+di di 1 dy di d}

6. Show that Gram-Schmidt orthogonalization means that we are using the fol-
lowing decomposition:

C(x1:X2:...:Xp)
:C(X1)+C(X1)LQO(X1ZX2)+O(X1SXQ)LQC(X12X21X3)+"'
"'+C(X1:XQ:...:Xm_l)LmC(Xl:XQ:...:X"L),

where x; € RP

7. Prove Theorem 1.2.21 (i) when it is assumed that instead of Ay C A;_; C
... C A the subspaces commute.

8. Take 3 x 3 matrices A and B which satisfy the assumptions of Theorem
1.2.42-Theorem 1.2.45 and construct all four factorizations.

9. What happens in Theorem 1.2.35 if g; is supposed to be complex? Study it
with the help of eigenvectors and eigenvalues of the normal matrix

(41)

10. Prove Theorem 1.2.44.
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1.3 PARTITIONED MATRICES

1.3.1 Basic notation and relations

Statistical data is often obtained as measurements from some repeated procedure.
For example, we have often independent, identically distributed observation vec-
tors on several experimental units or we may have different types of information
available about our data, like within individuals and between individuals infor-
mation in repeated measurements. In both cases we will present the information
(data and design) in form of matrices which have certain pattern structure or
consist of certain blocks because of the underlying procedure. Moreover, certain
useful statistical quantities lead us to matrices of specific structures. An obvious
example is the dispersion matrix which is defined as a symmetric characteristic of
dependency. In Section 1.1 we listed several structures of matrices like symmet-
ric, skew-symmetric, diagonal, triangular displaying structure in an explicit way,
or normal, positive definite, idempotent, orthogonal matrices which have certain
implicit structure in them. In this section we give a general overview of techniques
for handling structures in matrices.

Definition 1.3.1. A matrix A : p X q is called partitioned matrix (or block-
matrix) if it consists of uv submatrices A;; : p; x q; (blocks) so that

All A12 T Alv u v
A= : : .Y pi=pY g =q
i=1 j=1

Aul Au2 o Auv

A partitioned matrix will often be denoted
A:[Alj] izl,...,u;j:].,...,’l).

If it is necessary, dots are used to separate blocks in a partitioned matrix.
Following Anderson (2003) we shall use double indices for indicating rows and
columns of a partitioned matrix. A row of the partitioned matrix A is denoted by
an index (k, 1), if this is the (Ei:ll p; +1)—th row of A, i.e. this is the {—th row
of the k—th block-row (Agy :...: Apy).

A column of A is denoted by an index (g, h), if this column is the (Ef:_ll gi+h)—th
column of the matrix A, i.e. it is the A—th column in the g—th column of the blocks

Aig
Ay
The element of the partitioned matrix A in the (k,)—th row and (g, h)—th column
is denoted by A(k,1)(g,h) OF (A)(k:,l)(g,h)'

Using standard numeration of rows and columns of a matrix we get the relation

i=1

Ak,0) (g:h) = Akt Pt gy th (1.3.1)
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In a special case, when u = 1, the px g—matrix A is a partitioned matrix of column
blocks which is divided into submatrices A; : p X g; so that ¢; > 0, Z§:1 g =q:

A=(A1:Ay:...: A

We denote this matrix
A:[Alj], j:L...J}.

For indicating the h—th column of a submatrix A, we use the index (g, h), and
the element of A in the k—th row and the (g, h)—th column is denoted by a(g.4)-
If A : px qis divided into submatrices A; so that A; is a p; X ¢ submatrix, where
pi > 0,> " pi = p, we have a partitioned matrix of row blocks

Ay
A= :
A,
which is denoted by
A=Ay i=1,...,u

The index of the {—th row of the submatrix Ay is denoted by (k,{), and the
element in the (k,)—th row and the g—th column is denoted by a 1)g-

A partitioned matrix A = [A;;], i =1,...,u, j =1,...,v is called block-diagonal
if A;; =0, i # j. The partitioned matrix, obtained from A =[A;;],i=1,...,4,
j = 1,...,v, by block-diagonalization, i.e. by putting A;; = 0, ¢ # j, has been
denoted by A in §1.1.1. The same notation Ay is used when a block-diagonal
matrix is constructed from u blocks of matrices.

So, whenever a block-structure appears in matrices, it introduces double indices
into notation. Now we shall list some basic properties of partitioned matrices.

Proposition 1.3.1. For partitioned matrices A and B the following basic prop-
erties hold:
(i)

cA = [cAjj], i=1,...,u; j=1,... v,

where A = [A;;] and c is a constant.
(ii) If A and B are partitioned matrices with blocks of the same dimensions, then

A+B:[AU+BU], iil,...,u;jil,...,’u,

B (A +B),] = [Ay] + By

(ili) If A = [A;] is an p x g—partitioned matrix with blocks

u v
Aij i pi X g5, O pi=p> ¢=a
i=1 j=1
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and B = [Bj;] : ¢ x r—partitioned matrix, where

w
Bji i q; xm, (ZWZT),

=

then the p x r—partitioned matrix AB = [C;;] consists of p; x r;—submatrices

v
Cil:ZAiijh i:l,...,u;l:l,...,w.
j=1

1
In many applications a block-structure is given by
Ay Aypp
A= . 1.3.2
(A21 A22> (13.2)

In this case there exist useful formulas for the inverse as well as the determinant
of the matrix.

Proposition 1.3.2. Let a partitioned non-singular matrix A be given by (1.3.2).
If Aoy is non-singular, then

A = |Ag|[A11 — AraAsy Asi;
if A1 is non-singular, then

|A| = |A11||Az — A AT Ay,

PROOF: It follows by definition of a determinant (see §1.1.2) that

T T
‘ 6[1 le = |T11|| T2
and then the results follow by noting that
1 T —ARAG AL Ap I 0
|A22HA11 - A12A22 A21| - 0 I A21 A22 7A2—21A21 I

Proposition 1.3.3. Let a non-singular A be partitioned according to (1.3.2).
Then, when all below given inverses exist,

Al = ?2_21 L _A1_11A11201_11
—Agy A2 Cyy Ch '
where
Ci1 =Ags — Ay AL Ay,
Ca =Aq — A12A521A21~

1
The matrices Ci; and Css in Proposition 1.3.3 are called Schur complements of
Aq; and Ao, respectively. There exist a wide range of applications for Schur
complements in statistics (see Ouellette, 1981).
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Proposition 1.3.4. Let

_ (A Ap 1 (A A2
A_<A21 A22> and AT ={ pn gz

so that the dimensions of A1y, A2, Asy, Aoy correspond to the dimensions of
A A2 A2 A22 respectively. Then

() (AMTIAR = —ApAL;

(i) C(A12) € C(A11 — A1pAL As);

(111) if A >0, then C(Alg) - C(All) 1

Proposition 1.3.5. If the Schur complements C;; (i = 1,2) in Proposition 1.3.3
are non-singular, then

(i)  Ch =Ay +ARAxn(An — ApAy Ay) TApAL,
Cp = AL + AL A (Agy — An AL A) TAn AL

-1
. !, ’ All A12 B1
(11) (Bl . B2) <A21 A22 (B2>
= (B1 - ARALBy) (A — AAL AL (B — AALBy)
+ B5A521B27

where By and By are matrices of proper sizes. 1
Related to Proposition 1.3.5 is the so-called Inverse binomial theorem.

Proposition 1.3.6 (Inverse binomial theorem). Suppose that all included in-
verses exist. Then

(A+BCD) '=A"'-A'BDA'B+C)'DA L

PROOF: Premultiplication by A + BCD gives

(A+BCD)(A"' — A 'B(DA'B+C 1) 'DA )
=I1-BDA'B+C)"'DA"! + BCDA™!
—~BCDA 'B(DA'B+C!)"'DA!
=1-B(CDA'B+I)(DA'B+C ) "'DA™' + BCDA!
=I-BCDA' + BCDA ' =1

1
Propositions 1.3.3 and 1.3.6 can be extended to situations when the inverses do
not exist. In such case some additional subspace conditions have to be imposed.
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Proposition 1.3.7.
(i) Let C'(B) C C(A), C(D’') C C(A’) and C be non-singular. Then

(A+BCD)" =A~ —-A"B(DA'B+C !)"DA".

(i) Let C(B) € C(A), C(C') € C(A'). Then
(é [B)>_ = <A0_ 8) + (_AI_B> (D—-CA B) (—CA™ :T).

The next two results concern with the g-inverse of (A : B).

Proposition 1.3.8. One choice of g-inverse of the partitioned matrix (A : B) is
given by
_ At — ATBR*
aim = (AR,

where
R=(I- AA+)B.

PROOF: First it is noted that

(A:B)(A:B)” = AAT — AATBR' + BR* = AA" + (I- AAT)BR"
= AAT + RR*

and by (1.1.18)
RRTA =0, RR"TB=RR"R=R, AA'B+RR'B=B.

Thus,
(A:B)(A:B)"(A:B)=(A:B).

1
Observe that the g-inverse in Proposition 1.3.8 is reflexive since R™ A = 0 implies

AT - ATBR™T
RT

_ <A+ ‘I?:BW) —(A:B)".

(A:B)‘(A:B)(A:B)‘:( >(AA++RR+)

However, it is easy to show that the g-inverse is not a Moore-Penrose inverse.
Therefore, in order to obtain a Moore-Penrose inverse, the proposition has to be
modified somewhat (Cline, 1964).
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Proposition 1.3.9. The Moore-Penrose inverse of the partitioned matrix (A : B)
equals

AT — ATBH
LB
where
H=R" + (I-RTR)ZB'AT AT(I- BR"),
R=(I-AA")B,
Z={I+(I-RTR)BAYA*B(I-R'R)}"".
1
Some simple block structures have nice mathematical properties. For example,
consider
A B
( B A) (1.3.3)

and multiply two matrices of the same structure:

A, B Ay B\ _ ([ AjA; —-BiB; A;B; +BjA; (1.3.4)
-B; A -B; A, -B1A; —A1B, A;A;—B;B,. /° o

The interesting fact is that the matrix on the right hand side of (1.3.4) is of the
same type as the matrix in (1.3.3). Hence, a class of matrices can be defined
which is closed under multiplication, and the matrices (1.3.3) may form a group
under some assumptions on A and B. Furthermore, consider the complex matrices
A, +iB; and A5 + iBs, where ¢ is the imaginary unit, and multiply them. Then

(Al + ’LB1>(A2 + ZBQ) = A1A2 — B1B2 + ’L(AlBQ + B1A2> (135)

and we see that multiplication in (1.3.5) is equivalent to multiplication in (1.3.4).
Indeed, we have obtained a generalized version of the fact that the space of complex
p—vectors is isomorphic to a 2p—dimensional real-valued space. Now the above
given ideas will be extended somewhat, and the sum

A+iB+jC+EkD (1.3.6)
will be considered, where i = j2 = k? = —1,ij = —ji = k, jk = —kj = 1
and ki = —ik = j. Hence, we have introduced an algebraic structure which is

usually called quaternions structure and its elements quaternions. For a general
and easily accessible discussion of hypercomplex number, of which quaternions and
the complex numbers are special cases, we refer to Kantor & Solodovnikov (1989).
The reason why quaternions are discussed here is that multiplication of elements
of the form (1.3.6) is equivalent to multiplication of matrices with a structure given
in the next block matrix:

A B C D
-B A -D C
-C D A -B
-D -C B A
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Now we briefly consider some more general structures than complex numbers and
quaternions. The reason is that there exist many statistical applications of these
structures. In particular, this is the case when we consider variance components
models or covariance structures in multivariate normal distributions (e.g. see An-
dersson, 1975).

Suppose that we have a linear space L of matrices, i.e. for any A, B € L we have
aA + B € L. Furthermore, suppose that the identity I € L. First we are going
to prove an interesting theorem which characterizes squares of matrices in linear
spaces via a Jordan product ab + ba (usually the product is defined as %(ab + ba)
where a and b belong to a vector space).

Theorem 1.3.1. Forall A/ BeL
AB +BA €L,

if and only if C?2 € L, for any C € L. .
ProoF: If A%, B2 € L we have, since A+ B €L,

AB+BA=(A+B)?-A*-B*cL.
For the converse, since I + A € L, it is noted that
2A +2A =A(I+A)+(I+A)AcL

and by linearity it follows that also A? € L. ]

Let GG1 be the set of all invertable matrices in L, and G2 the set of all inverses of
the invertable matrices, i.e.

G ={Z: |Z[£0,Z L), (1.3.7)
Gy :{2_1 D INS Gl}

Theorem 1.3.2. Let the sets G; and Gs be given by (1.3.7) and (1.3.8), respec-
tively. Then G1 = G, if and only if

AB+BAcL, VA, Bel, (1.3.9)

or
A?cL, VAcL. (1.3.10)

PRrROOF: The equivalence between (1.3.9) and (1.3.10) was shown in Theorem 1.3.1.
Consider the sets G; and Ga, given by (1.3.7) and (1.3.8), respectively. Suppose
that Go C L, i.e. every matrix in G5 belongs to L. Then G; = G5. Furthermore,
if Go CL, for any A € Gy,

A=A - ((A+D'-AHleq, =G,
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Now suppose that A2 € . when A € G;. Then, by Theorem 1.3.1,
A2(A+T)+ (A+DA% €L,
since I + A € L. Thus A® € L. By induction it follows that A’ € L, i = 0,1, .. ..

From Corollary 1.2.29 (ii) we obtain that if A : n x n, then there exist constants
¢; such that

n—1
AT =AY AT e L
=1

i.e. Go C L and the theorem is established. 1

The results in Theorem 1.3.1 and Theorem 1.3.2 have interesting statistical im-
plications. Under so-called Jordan algebra factorizations, Tolver Jensen (1988)
showed how to use similar results in a statistical context.

1.3.2 The commutation matrix

The notion of interest in this section was probably first introduced by Murnaghan
(1938) as permutation matriz. Commonly the notion appears under this name in
the literature. On the other hand, in recent publications on mathematical statistics
more often the word ”commutation” matrix has been used and we are also going
to follow this tradition. However, as noted by some authors, it would be more
appropriate to call the matrix a transposition matrix.

Definition 1.3.2. The partitioned matrix K,, ; : pgxpq consisting of ¢ x p—blocks
is called commutation matrix, if

1; g:j’h:i’ Z’)h:]‘?"'?p; j’g:17"'7Q7

(Kp,a) (i) (g.n) = {0_ (1.3.11)

otherwise.

From the definition it follows that one element in each column and row of K, ,
equals one and the other elements are zeros. As an example we shall write out the
matrix Ko 3.

Example 1.3.1.

0
1 0 0 0
0 1
Ky s =
0O 0 : 0 0

The commutation matrix can also be described in the following way: in the
(4,7)—th block of K, 4 the (j,4)—th element equals one, while all other elements in
that block are zeros. The commutation matrix is studied in the paper by Magnus
& Neudecker (1979), and also in their book (Magnus & Neudecker, 1999). Here

we shall give the main properties of the commutation matrix.
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Proposition 1.3.10. Let K, ; be the commutation matrix. Then
(1) Ky =Koy

(11) Ky oKgp = Ipg;

(iii) Koi1=Ki, =1,

(iv) Kp,ql = £1. 1
According to (i) and (ii) of the proposition, it follows that K, , is an orthogonal
matrix. In the proof of the next proposition and other places it is convenient to
use the indicator function 1¢,—py, i.e.

) _J1 a=b,
{a=b} = 0 otherwise.

Proposition 1.3.11.
(i) Let a partitioned matrix A : m X n consist of r x s—blocks:

A:[A”] Zzl,,p,jzl,,q

Then the partitioned matrix AK; , consists of r x g—blocks and the (g, h)—th
column of the product is the (h, g)—th column of A.
(ii) Let a m x n—partitioned matrix A consist of r X s—blocks

AZ[A”} izl,...,p;jzl,...,q

Then the partitioned matrix K, ,A consists of p x s—blocks and the (i, j)—th
row of the product matrix is the (j,1)—th row of A.

PRrROOF: To prove (i) we have to show that
(AK.q) @) = (A <h 9)
,q, h=

foranyi=1,....p; j=1,...,7;, g=1,.
(iii) we have

(AKs,9)(i.5)(g.h) ZZ ) (i, (k) () (k.0 (9,h)

., 8. By Proposition 1.3.1

k=11=1
1311);; )iy ey Lig=13 Lin=ry = (A)(0,5) (h,0)-

Thus, statement (i) is proved. The proof of (ii) is similar and is left as an exercise
to the reader. I

Some important properties of the commutation matrix, in connection with the
direct product (Kronecker product) and the vec-operator, will appear in the fol-
lowing paragraphs

1.3.3 Direct product

The direct product is one of the key tools in matrix theory which is applied to
multivariate statistical analysis. The notion is used under different names. The
classical books on matrix theory use the name ”direct product” more often (Searle,
1982; Graybill, 1983, for example) while in the statistical literature and in recent
issues the term ”Kronecker product” is more common (Schott, 1997b; Magnus &
Neudecker, 1999; and others). We shall use them synonymously throughout the
text.
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Definition 1.3.3. Let A = (a;;) be apxg—matrix and B = (b;;) an r X s—matrix.
Then the pr x gs—matrix A ® B is called a direct product (Kronecker product) of
the matrices A and B, if

A@B=a;B], i=1,....p; j=1,...,q, (1.3.12)
where
aijbn .o aijbls
aB =1 :
aijbrl . aiijs
1

This definition somewhat overrules a principle of symmetry. We could also define
A ®B as consisting of blocks [Aby], k=1,...,r; I =1,...,s (Graybill, 1983, for
example). Sometimes one distinguishes between the two versions, i.e. by defining
the right and left Kronecker product. It is easy to see that in both cases we
have notions with similar properties which are equally useful in applications. By
tradition it has happened that definition (1.3.12) is used more often. Moreover,
the so-called half Kronecker products (Holmquist, 1985b) are also related to this
notion.

Here a list of basic properties of the direct product will be given where we shall not
indicate the sizes of the matrices if these coincide with those given in Definition
1.3.3.

Proposition 1.3.12.

(i) (A®@B)r—1)+1,5(9—1)+h = (A @ B).1y(g,n)-
(ii) (A ® B)(k,l)(g,h) = ak:gblh~ (1.3.13)
(iii) (A®B) =A'"®B.

(iv) Let A,B:px qand C,D :r x s. Then
(A+B)®@(C+D)=A®C+A®D+B®C+B®D.
(v) Let A:pxq B:rxsand C:txu. Then
A BoC)=(A®B)®C.
(vi) Let A:pxqgand B:gxwand C:r x s, D:s xt. Then
(A®C)(B®D)=(AB)® (CD). (1.3.14)
(vii) Let A :p x p and B : ¢ X ¢ be non-singular matrices. Then

(AeB) '=A"'@B L
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In the singular case one choice of a g-inverse is given by
(AB)"=A " ®B".
(viii)  Let A :px qand B:r xs. Then
AB=K,,(B®AK,,. (1.3.15)
(ix) If A is p x p—matrix and B is ¢ X g—matrix, then
|A @ B[ = |A"[B]".

(x) r(A®B)=r(A)r(B).
(xi) A ®B=0ifand only if A =0 or B=0.
(xii) If a is a p—vector and b is a g—vector, then the outer product

ab’'=a@b' =b' ®a. (1.3.16)

(xiii) Any eigenvalue of A ® B equals the product of an eigenvalue of A with
an eigenvalue of B. ]

The direct product gives us another possibility to present the commutation matrix
of the previous paragraph. The alternative form via basis vectors often gives us
easy proofs for relations where the commutation matrix is involved. It is also
convenient to use a similar representation of the direct product of matrices.

Proposition 1.3.13.
(i) Let e; be the i—th column vector of I, and d; the j—th column vector of 1.

Then -
Ky = ZZed/ dje;). (1.3.17)

i=1 j=1

(ii) Let e;,, €;, be the iy—th and io—th column vectors of 1, and L., respectively,
and d;,, d;, the ji—th and ja—th column vectors of 1, and I, respectively.
Then for A :pxqand B:r x s

= b (e d Y
ASBE Y Y o) end)
1<i1<p, 1<iz<r,
1<j1<q 1<j2<s

ProoF: (i): It will be shown that the corresponding elements of the matrix given
on the right hand side of (1.3.17) and the commutation matrix K, , are identical:

P q q
Z Z(eid;) X (d_je;) (1 5 13) Z(eidg‘)kg(dje;)lh

i=1j=1 (k) (00h) )ia j=1

Pq
ZZ (exdy)rg(dier,)in (15.11) (szq)(k,l)(g,h)'

i=1 j=1
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(ii): For the matrices A and B, via (1.1.2), the following representations through
basis vectors are obtained:

p q T s
A=D > aglendy),  B=30 3 buplend),)
i1=1j1=1 i2=1 jo=1
Then
A ® B = Z Z a’i1j1 bi2j2 (eild;.l) ® (ei2d;2).

1<i; <p, 1<ia<r,
1<j1<q 1<j2<s

1
To acquaint the reader with different techniques, the statement (1.3.15) is now
verified in two ways: using basis vectors and using double indexation of elements.
Proposition 1.3.13 gives

Kpﬂn(B ® A)K&q
= > Y (ei€}, ®ese] )(BeA)(d),d) ®d;d),)

1<i1<p, 1<ia<r,
1<j1<q 1<j2<s
/ / / / / ’
E E bi2j2 Qiq gy (eileiz ® eiQei1)<ei2dj2 ® eildjl)(djz dj1 ® djl djz)
1<i; <p, 1<i2<r,
1<j1<q 1<j2<s

’ r
E E bizjzailjleildﬁ ® €j; dj2 =A®B.
1<i; <p, 1<ia<r,
1<j1<q 1<j2<s

The same result is obtained by using Proposition 1.3.12 in the following way:

(Kp.r(B® A)KS»q)(ij)(gh) = Z(Kp,r)(ij)(kl) (B& A)K&q)(kl)(gh)

k.l
= > (B A)Gimm) Ksg)mnygn) = (B ® A)i)(hg) (151z)
m,n
= . (A@B)Gij)gn)-

(1.3.13)

In §1.2.5 it was noted that the range space of the tensor product of two mappings
equals the tensor product of the range spaces of respective mapping. Let us now
consider the column vector space of the Kronecker product of the matrices A and
B, i.e. C(A ® B). From Definition 1.2.8 of a tensor product (see also Takemura,
1983) it follows that a tensor product of C'(A) and C'(B) is given by

CACB)=C(@ar1®b;:...:a;®bs;:a;®b;:...:a1@bs:...:a, ®by),

where A = (a; : ... :a,) and B = (by : ... : bg). This means that the tensor
product of (J(A) and ('(B) includes all combinations of the direct products of
the columns of A with the columns of B. However,

C((A1:A2)®(B1:By)) = C((A1® (B1:B2)) : (A2 ® (By: By)))
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and since by definition of the Kronecker product the columns of A; ® (B : Ba),
i = 1,2, are identical to those of (A; ® By) : (A; ® By), although differently
arranged, we have established that

O((Al : Ag) X (Bl IBQ)) = C((Al ®B1) : (A2 ®B1) : (Al ®B2) : (A2 ®B2))

Thus, according to the definition of a tensor product of linear spaces, the column
vector space of a Kronecker product of matrices is a tensor product, and we may
write

C(A)® C(B)= C(A©B).

Moreover, when later in §1.3.5 considering column spaces of tensor products, the
results of §1.2.5 are at our disposal which is of utmost importance.

Now, the direct product will be considered in a special case, namely when a vector
is multiplied by itself several times.

Definition 1.3.4. We call a p*—vector a®*, the k—th power of the p—vector a,
ifa®® =1 and
a®k —a®---®a.
~————
k times

In general, for any matrix A the Kroneckerian power is given by

APF —A®. . @ A.
N————

k times

Furthermore, Proposition 1.3.12 (v) implies that A®*B®* = (AB)®*. In partic-
ular, it is noted that

a® @ a® = a®*+i) ke N. (1.3.18)

The following statement makes it possible to identify where in a long vector of the
Kroneckerian power a certain element of the product is situated.

Lemma 1.3.1. Let a = (a1...,a,) be a p—vector. Then for any i1,...,i; €
{1,...,p} the following equality holds:

Wiy iy - - - i, = (a%F);, (1.3.19)
where

G = (i1 — DpF 4 iy — Dp" 2 4 ..+ (in—1 — 1)p + ig. (1.3.20)

PrOOF: We are going to use induction. For k = 1 the equality holds trivially, and
for k = 2 it follows immediately from Proposition 1.3.12 (i). Let us assume, that
the statements (1.3.19) and (1.3.20) are valid for k =n —1:

iy .. a,_, = (@27Y), (1.3.21)
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where
i= (i — 1)p" 2+ (i — Dp" 3 + ...+ (ig—2 — )p +in_1 (1.3.22)

with i € {1,...,p" " '}; 41,...,in—1 € {1,...,p}. It will be shown that (1.3.19)
and (1.3.20) also take place for £k = n. From (1.3.18)

a®" = a® 1 ga.
For these two vectors Proposition 1.3.12 (xii) yields

(@®"); = @®" V)a,,, (1.3.23)
J=(i=1)p+in, (1.3.24)

with j € {1,...,p"}; i€ {l,...,p"'}; 4, € {l,...,p}. Replacing the vector
a®=1) in (1.3.23) by the expression (1.3.21), and in (1.3.24) the index i by formula
(1.3.22) we get the desired result. 1

From Lemma 1.3.1 it follows that some coordinates of a®* are always equal. If all
the indices i; are different (j = 1,...,k), then at least k! coordinates of a®* are
equal, for example. This means that there exist permutations of the coordinates
of a®F which do not change the vector. These permutations can be presented
through the commutation matrix K, ,.

Example 1.3.2. By changing the order of multipliers a in the product

®2

a®“ =a®a,

it follows via Proposition 1.3.12 (viii) that for a:p x 1
®2 _ ®2
a® =K, ,a"".

For the powers of higher order many more equivalent permutations do exist. In
the case of the third power we have the following relations

®3 — szypa®3;

®3 — Kp,p2a®3;

99 = I ® Kp,p)a®3?

9 = (Kpp @ Ip)sz’pa®3;

®3 = (Kpp ® Ip)a®3'

I I

Observe that the relations above are permutations of basis vectors (permutations
acting on tensor products). This follows from the equality

®3 _ E
a = Ay Ay Qig (eil ®e;, ® em)

111213
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Thus

sz)pa®3 corresponds to the permutation e;, ® e;, ® e;,,
®3
Kpp

(I, K, ,)a®® corresponds to the permutation e;, ® e;, ® e,,

2a corresponds to the permutation e;, ® e;, ® e;,,

(Kpp ® Ip)sz’pa@’?’ corresponds to the permutation e;, ® e;, ® e;,,

(K, ®1,)a®®  corresponds to the permutation e;, ® e;, ® e;,,

and together with the identity permutation I,s all 3! possible permutations are
given. Hence, as noted above, if i1 # is # i3, the product a;, a;,a;, appears in 3!
different places in a®3. All representations of a®3 follow from the basic properties
of the direct product. The last one is obtained, for example, from the following
chain of equalities:

a®’ (1.3:.15) K,,(ava)®a=K,,(a®a)® (I,a) (1.;4)(Kp_,p ® Ip)a®3

or by noting that
(KP7P Y Ip)(eil ® €;, & eia) = €4, & €;, & €.

1
Below an expression for (A + B)®* will be found. For small k this is a trivial

problem but for arbitrary k complicated expressions are involved. In the next
theorem H?:o A stands for the matrix product AgA; --- Ay.

Theorem 1.3.3. Let A: p xn and B: p x n. Denote i; = (i1,...,%;),
J
LG ki) = [[Mo—r @ Kyimr s @ Toiir),  Li(0, £, d0) = Le
r=1
and
Jip=1{ij;j<i; <k, j—1<i;_1<i;—1,...,1<i; <ip—1}.
Let ) ; Q= Q for any matrix Q. Then

(A+B Z Z 1] A®j®B®k j)Ln(jak7ij)/'

J=01i;€J;x

PROOF: An induction argument will be used. The theorem holds for k = 1,2, 3.
Suppose that the statement is true for (A 4+ B)®¥~1. We are going to apply that
L,(j, k — 1,ij)(A® @ B®* 1L, (j,k — 1,i;) @ B
= (Ly(j. k = 1,ij) @ L,)(A® @ B 1 @ B) (L (j, k — 1,i;) @ I,)
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and

L,(j,k — 1,ij)(A% @ B¥* 1L, (j,k - 1,i;) ® A
= (Lyp(j, k — 1,1;) @ L,)(A® @ B9 @ A)(Ln(j, k — 1,1;) @ 1)
= (Ly(j. k- 1,ij) ® L) (I ® Kpe-1-5,) (A% @ A @ B¥F~177)
X (L @ Ky pio1-3) (L (4, k — 1,1;) ® 1,).

By assumption
(A+B)*" = {(A+B)*" '} @ (A+B)

k—2
= {3 Y LGk 1Li)(A% @ B, (G k — 1)

J=1Jj5-1
+A®F L B¥ 1 @ (A +B)
=81 +S: +A®" 1 @B+ K1 ,(A@B®* K, i1 + A®F + B¥¥ (1.3.25)

where
k—2 ) .
S = Z Z (LP(]7 k— lvij) ® IP)(ij ® ka—l—j,p)(A@]Jrl ® B®k717])
J=1Jj k-1
X (InJ X Kn,n’“_l_-7)(Ln(j7 k— 17 ij)/ b2 In)
and

k—2
S =" Y (L0 k—1,ij) ®L,)(A® @ B¥*9)(L,(j.k — 1,i;) @ L)

J=1Jj k-1

If the indices in S; are altered, i.e. j +1 — j, then

k—1
S1=Y Y (L(-Lk-1i1)@L)I @Ky, ,) (A% @ B¥)
J=2Jj—1,k-1

X (I-1® Kn7nk—j)(Ln(j -1,k — 1,ij,1)l ®1I,).

Let i; = k, which implies that we may replace (Iyj-1 ®Kgr—; ) by (Ii-1 @K ;-5 )
and obtain

(Ls(] — 1,I€ — 1,ij_1) X Is)(Iijl ® Ksk—j7s) . Ls(j, k,ij).

Hence,

k-1 k
$1=3"% 3 L,(.ki)(A% @ B I)L,(j, ki)'

J=2dj=k Jj_1,k-1
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Furthermore,
Ls(jv k— ]-7 i]) & Is = Ls(jv ka ij)
and
S, = Z Y L, )(A®T @ BE* )L, (j, k, i;)’.
j=1 ]; k—1
From the expressions of the index sets J;_; x—1 and Jj 1, it follows that

k—2
S1+8:=> Y Ly(j,k,i;) (A% @ B®* /)L, (j, k,i;)' + S5 + Sa,  (1.3.26)
3=2 Jjk
where
k=1 k
Si= Y. > Y Lliki)AY @ BH )L,k
J=k—14;=k Jj_1 51
and
1
Si=) > L,(j.k i) (A% @ B )L, (j, k1))
J=1Jj k-1
However
k—1
S; + A loB = L,(j, ki) (A®* "1 @ B)L,(j, k,i;)’  (1.3.27)
J=k—1J;
and
1
Si+ Kyt p (AP @ B)K,, i1 = > > Ly, k) (A @ BY )L (5, k. 1)
3=1J, 4
(1.3.28)
Hence, by summing the expressions in (1.3.26), (1.3.27) and (1.3.28), it follows
from (1.3.25) that the theorem is established. 1

The matrix Ly (j, k, i;) in the theorem is a permutation operator acting on (A®7)®
(B®*=J). For each j the number of permutations acting on

(A®J) ® (B@k*j)

equals (l;) Moreover, A®* and B®* are the special cases, when j = k and j = 0,
respectively. Instead of the expression presented in the lemma, we may write

(A+B)® Z > o(A®T @ B¥ ),

Jj= OUESPJ”

where Sfj" is a certain set of permutations. An analogue of Theorem 1.3.3 for the
more general relation (}°; A;)®* has been derived by Holmquist (1985a).

1.3.4 vec-operator
Besides the direct product, the vec-operator is the second basic tool from ”newer”
matrix algebra in multivariate statistical analysis.
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Definition 1.3.5. Let A = (ai,...,a,) be p X ¢g—matrix, where a;, i =1,...,q,
is the i—th column vector. The vectorization operator vec(-) is an operator from
RP*4 to RPY, with

a1

vecA =
q
1

As for the commutation matrix (Definition 1.3.2 and Proposition 1.3.13), there
exist possibilities for alternative equivalent definitions of the vec-operator, for in-
stance:

vec: RP*Y — RPY. vec(ab’) =b®a Vae RP Vb e R (1.3.28)

According to (1.3.28) we can write, through unit basis vectors d; and e;,

vecA = Z aije; @d;, e; € RY, d; € RP, (1.3.29)
ij
since A = Z aijd;e;. Many results can be proved by combining (1.3.29) and

Proposition 1. 3 12. Moreover7 the vec-operator is linear, and there exists a unique
inverse operator vec™! such that for any vectors e,d

vec He®d) = de’

There exist direct generalizations which act on general Kroneckerian powers of
vectors. We refer to Holmquist (1985b), where both generalized commutation
matrices and generalized vec-operators are handled.

The idea of representing a matrix as a long vector consisting of its columns ap-
pears the first time in Sylvester (1884). The notation ”vec” was introduced by
Koopmans, Rubin & Leipnik (1950). Its regular use in statistical publications
started in the late 1960s. In the following we give basic properties of the vec-
operator. Several proofs of the statements can be found in the book by Magnus &
Neudecker (1999), and the rest are straightforward consequences of the definitions
of the vec-operator and the commutation matrix.

Proposition 1.3.14.
(i) Let A :pxgq. Then
K, ,vecA = vecA'. (1.3.30)

(ii) Let A:pxgq,B:gxrand C:r xs. Then
vec(ABC) = (C' ® A)vecB. (1.3.31)
(iii) Let A:pxgq, B:gxr,C:rxsandD:sxp. Then
tr(AB) =vec’A'vecB, r =p; (1.3.32)
tr(ABCD) =vec’A(B @ D’)vecC’ = vec’ Avec(D'C'B’);
(ABCD) =(vec'(C') ® vec’A)(I, ® K; , ® I,)(vecB ® vecD’);
) =(ved’B @ vec'D)K; 45 (vecA @ vecC).
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(iv) Let A:px qand B:r x s. Then

vec(A®B) = (I, ® K, , ® I.)(vecA ® vecB); (1.3.33)
(I, 0K, s @I )vec(A ® B) = (vecA ® vecB);
K, ps(vecA @ vecB) = vec(K, s(B' ® A));
(I, @ Kp g @ LK, gps(vecA @ vecB) = vec(K,, S(B' @ A')).

(v) Let A:pxgq, B:r x s and set

G1 =(I; ® Ks p @ 1) Kpgrss
G2 =(I, ® Ky @ L) Kprgs,
G3 :(Iq X Ks,r & IP)KCNVSP'

Then

G '=G, i=1,23;

G (vecB @ vecA) = vec(A ® B);

Govec(A ® B) = vecA’ @ vecB/;
Gsvec(K, (B® A")) = vec(K, ,(A ® B)).

(vi) Let A; :pxq,B; :7x5,C;:qxs,D;:pxr,E;:pxsandF; : ¢gxr. Then
the equation

Z A; ®B)) ZvecD vec' (C}) + K, (F, @ E;)

is equivalent to

Z vecAivec’Bi = Z CL ® DZ + qu(E; ® FZ)

The relation in (i) is often used as a definition of the commutation matrix. Further-
more, note that the first equality of (v) means that G;, i = 1,2, 3, are orthogonal
matrices, and that from (vi) it follows that the equation

A ®B =vecD'vec'(C') + K, . (F' ® E)

is equivalent to
vecAveB=C®D+ K, ,(E'®F).

The next property enables us to present the direct product of matrices through
the vec-representation of those matrices.
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Proposition 1.3.15. Let A:rxs,B:sxt, C:mxn and D :n X p. Then

AB ® CD = (I, ® vec'D’)(I, ® vecC'vec’'B’ ® I,)(vecA’ @ L,t).

1.3.5 Linear equations

Matrix equations play an important role in many fields. We will give a fairly simple
approach to solve linear equations which is based on some results about vector
space decompositions of tensor spaces given in §1.2.5. In (1.1.13) we considered
Ax = b as an equation in x. First it is noted that Ax = b has a solution, i.e.
it is consistent, if and only if b € ('(A). Furthermore, any solution of a linear
equation system Ax = b consists of two parts, namely, a particular solution xq
and the general solution of the homogenous equation Ax = 0. By Definition 1.1.3
of a g-inverse we observe that if the equation is consistent, x = A~ b is a particular
solution. Moreover, x = (I — A~ A)z, where z is arbitrary, is a general solution
of Ax = 0. To see this, note that by Theorem 1.1.5, (I — A~ A)z is a solution of
Ax = 0. For the opposite, suppose that x is a solution of Ax = 0. This implies
that x = (I — A~ A)x and thus we have found a z such that x = (I — A7 A)z.
Hence, it can be stated that the general solution of

Ax=Db
equals
x=A"b+(I-A Az,

which is a well-known and a commonly applied solution. However, z is of the same
size as x, which is unnatural since all the solutions to Ax = 0 can be generated by
a smaller number of arbitrary elements than the size of x. Keeping this in mind, it
is observed that Ax = 0 means that x € C'(A’)*. Hence, all solutions to Ax = 0
are given by the orthogonal complement to C'(A’), which leads us to the relation

x = (A')°z,

where z is arbitrary. By a proper choice of (A’)° it is possible to generate all
solutions with a minimum number of free elements in z.
Now we are going to consider matrix extensions of the above equation:

AXB =C,
and
AXB; =C;, i=1,2.

Furthermore, the solutions of these equations will be utilized when the equation
A1X1B1 + A2X2B2 =0

is solved. It is interesting to compare our approach with the one given by Rao &
Mitra (1971, Section 2.3) where some related results are also presented.
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Theorem 1.3.4. A representation of the general solution of the consistent equa-
tion in X:
AXB=C

is given by any of the following three formulas:

X = Xy + (A')°Z,B' + A'Z,B° + (A')°Z3B’;

X _ XO + (A/)OZ1 + A/ZQBOI;

X =X+ 2B + (A)°Z, B/,
where X, is a particular solution and Z;, 1 = 1,2, 3, stand for arbitrary matrices

of proper sizes.

PROOF: Since AXB = 0 is equivalent to (B’ ® A)vecX = 0, we are going to
consider C'(B ® A’). A direct application of Theorem 1.2.20 (ii) yields

CBeA) =CB°cA)B CBe(A)) B OB (A))
—CB°21) 8 CBo(A))
—CB°2A)B C(Io(A)).

Hence
vecX = (B° ®@ A')vecZ; + (B ® (A')%)vecZs + (B° @ (A')?)vecZs
or
vecX = (B° ® A')vecZ; + (I® (A')?)vecZs
or

vecX = (B° @ I)vecZ; + (B ® (A')%)vecZs,
which are equivalent to the statements of the theorem.

1
Theorem 1.3.5. The equation AXB = C is consistent if and only if C'(C) C
C(A) and C(C') C C'(B’). A particular solution of the equation is given by

Xp=A"CB".

PRrROOF: By Proposition 1.2.2 (i), C(C) € C(A) and C'(C’') € C'(B’) hold if
AXB = C and so the conditions are necessary. To prove sufficiency assume that
C(C) C C(A) and C(C') C C(B') are true. Then AXB = C is consistent
since a particular solution is given by X of the theorem. ]

The next equation has been considered in many papers, among others by Mitra
(1973, 1990), Shinozaki & Sibuya (1974) and Baksalary & Kala (1980).
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Theorem 1.3.6. A representation of the general solution of the consistent equa-
tions in X:

A1XB; =C,
A3XB;, =Cy
is given by

X =X + T3Z,S) + T4ZyS) + T4Z3S, + T1Z4S}s + T4Z5S}
+T1Z6S) + T2Z7S) + T3ZsS) + T4ZoS)

or
X =Xo + (A3)°Z1S] + (A : AY)°ZoS) + (A1)°ZsS; + Z4S),
or
X =Xg + T1Z1BS + T2Zo(B1 : By)® + T3Z3BS + T4Zy,
where Xy is a particular solution, Z;, © = 1,...,9, are arbitrary matrices of proper
sizes and S;, T;, i = 1,...,4, are any matrices satisfying the conditions
C(S1) = C(B1:Bx)n C(B1)*,  C(T1) = C(A]: Ay N C(A})",
C'(Sz) = C'(B1) N C'(By), C(Ty) = C(A1) N C(A)),
C(Ss) = C(B1:Ba)Nn C(Ba)",  C(T3) = C(A1: Ay N C(AS)",
C(S4) = C(B1:By)*, C(T4) = C(A]: A3

PRrROOF: The proof follows immediately from Theorem 1.2.20 (iv) and similar con-
siderations to those given in the proof of Theorem 1.3.4. ]

Corollary 1.3.6.1. If C'(B;) C C'(B3) and C'(A}) C ('(A}) hold, then

X = Xg + (AL : (A})°)°Z,BS + ALZoBY + (A})°Zs.

1
Corollary 1.3.6.2. If Ay =1 and By =1 hold, then
X = X, + (A})°Z,BY .
1
The next theorem is due to Mitra (1973) (see also Shinozaki & Sibuya, 1974).
Theorem 1.3.7. The equation system
A;XB; =C
e (1.3.34)
A XB; =C,

is consistent if and only if A;XB; = C; and A;XBy = Cs are consistent and

ATA(ATA, + ASA,)”ALCyB,Y (BB + B;B,) BB
— A)As(ALAs + AlA,)"A!CB,(BsB, + B;B|) ByB,. (1.3.35)
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A particular solution is given by
Xo = (AjA2 + A1A;)” AC1B(B2B) + B1B)~
+ (A5A, + ATA,)”ALCyBLY(ByB, + B1B)™
+ (A1A1)TALA5(AYA; + ATA) A C B (B;B) + BB~
+ (ALA2) " ATA(ALAS + ATA,)” ALCyBL (BB, + B1B,) . (1.3.36)
PROOF: First of all it is noted that the equations given by (1.3.34) are equivalent
to
AA;XB;B] =ACB/, (1.3.37)
ALA>XB,B, =ALC,BYj. (1.3.38)
After pre- and post-multiplication we obtain the following equations
A3A2(A3A; + AA1)"ATAXB, B (BB, + B;B}) BB,
= AjA3(A3A> + A1A,)"AC B (B2B) + B1B)) BB
and
ALA(ASA; + ATAL) T ALASXB B, (BB, + B1B|) BB
= AJA1(A3A; + A1A)7 AL CyB;)(B;B) + B1B}) BB
Since, by Lemma 1.2.8
ATA(ASA; + ATAL)TALA, = ASA5(AsA; +ATA ) AA,
and
B;B, (BB, + B;B|) " B;B] = B;B|(B,B), + B;B]) " B:B;
the condition in (1.3.35) must hold. The choice of g-inverse in the parallel sum is
immaterial.
In the next it is observed that from Theorem 1.3.5 it follows that if (1.3.35) holds
then

(A5A2)"ATA 1 (ALA; + ATA )" AC,B;(B2B) + B1B}) B B)
= (ALA, + AJA,)”AC,B{(B:B) + B;B|) " B,B,
and
(A1A1)TAA(AYA, + A1A;)”AIC B (B2B; + BiB) ByB;
= (A3A; + AlA,)” ALC2B,(B:2B; + B B}) "B Bj.
Under these conditions it follows immediately that X given by (1.3.36) is a solu-
tion. Let us show that AjA;X,B;B} = A|C;B}:
A/ A X,B,B/
= AA(AYA; + A1A;)”AIC,B|(B:B; + BB|) BB}
+A3A5(A3Ar + A1A,)AC B (B2B) + B1B}) B2B;)
+ATA(ATA1)TA3A5(AA> + ATA) T ACi B (B:B; + B1B|) BB
+ATA(AjA2 + ATA,) AL CyBy(B2B) + B1B}) "B2B;)
= A|C;B|(B:B; + B;B!) BB} + A|C,B}(B;B) + B;B}) BB,
— A/C,B..
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Theorem 1.3.8. A representation of the general solution of
A X1B; + AxX3By, =0

is given by

Xy =—ATAx(ALAY: (A'2)0)°Z3(B2(B'1)°)0/B2Bf + (A)°Zy + A’1Z2B‘1’l,

Xy = (ALAY 1 (A})°)°Zs(B2(B))°)” + ALASZ,BY + (A))°Zs
or
X1 =— A7 A5 (A5AD)°(ALAS)” AYZe(B,(B))°)  BoB + (A})°Zy + A{ZoBY
Xy = (AZA7)” (ALAD)” AD)°Zs + (ALAT)’(ALAD)” ALZo(Ba(B))°)”

+ ALAZ,BY
where Z;, 1 =1,...,6, are arbitrary matrices.
PrOOF: From Theorem 1.3.5 it follows that there exists a solution if and only if
C(A2X:Bs) € C(A1),  C(ByX5A%) € C(BY).

These relations are equivalent to

AY A,X,B, = 0, (1.3.39)
AX,By(BY)° =0 (1.3.40)

and from Theorem 1.3.4 and Theorem 1.3.5 it follows that
X, = —A7AyX,B,BT + (A))°Zy + A Z,BS . (1.3.41)

Equations (1.3.39) and (1.3.40) do not depend on Xy, and since the assumptions
of Corollary 1.3.6.1 are fulfilled, a general solution for X5 is obtained, which is
then inserted into (1.3.41).

The alternative representation is established by applying Theorem 1.3.4 twice.
When solving (1.3.39),

X, = (ALA9)°Zs + ALAZ,BY (1.3.42)
is obtained, and inserting (1.3.39) into (1.3.40) yields
Ax(A4AS)°Z3B,(B))° = 0.

Hence, ) ) )

Zs = ((ASA7)7 A5)°Zs + (A5A7) ALZe(B2(B1)")”
which in turn is inserted into (1.3.42). The solution for X; follows once again from
(1.3.41). ]

Next we present the solution of a general system of matrix equations, when a
nested subspace condition holds.
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Theorem 1.3.9. Let H; = (A} : A} :...: A}). A representation of the solution
of
AZXBZZO, i:1,27...,8,

when the nested subspace condition C'(Bs) C C(Bs—1) € --- C (/(B1) holds, is

given by
s—1

X =HZB, + Y H{Zi1 (B : Biy1)” + Zy By

i=1
or

S

X = H%Z, + Z(HH :H?)°Z,B? + Z,,1BY,

i=2
where Z; are arbitrary matrices.
PROOF: By vectorizing the linear equations the proof follows immediately from
Theorem 1.2.21. ]
Finally the general solution of a linear equation is given in a form which sometimes
is convenient to use.

Theorem 1.3.10. A representation of the general solution of the consistent equa-
tion in x:
Ax=b

is given by
x=ATb,

where A~ is an arbitrary g-inverse.

PrOOF: From Theorem 1.3.5 and Theorem 1.3.6 it follows that a general solution
is given by

where A is a particular g-inverse and q is an arbitrary vector. Furthermore,
since AATA = A, all g-inverses to A can be represented via

A~ = A; +7Z— AJAZAA;, (1.3.44)
where Z is an arbitrary matrix. Now choose Z = q(b’b)~!b’. Then
A"b=A;b+Zb—A;AZAA b = Asb+(I-A;A)Zb=A;b+(I—A;A)q.

Thus, by a suitable choice of Z in (1.3.44), all solutions in (1.3.43) are of the form
A~b. ]
Observe the difference between this result and previous theorems where it was
utilized that there always exists a particular choice of g-inverse. In Theorem
1.3.10 it is crucial that A~ represents all g-inverses.
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1.3.6 Patterned matrices

The notion patterned matriz has been used differently. Graybill (1983) explains
it as: ”... by recognizing a particular structure, or pattern, in certain matrices...
we call such matrices patterned matrices.” Nel (1980) uses the notion in a more
restricted meaning: ”The matrix is said to be patterned, if a certain number of its
elements are constants or repeated by the absolute value of the elements.”
Furthermore, there are problems when we need only some part of a matrix and
it is of no importance what kind of relation this part has with the rest of the
matrix. For example, when examining the asymptotic distribution of the multiple
correlation coefficients, so-called amputated matrices were introduced by Parring
(1980) in order to cut away certain rows and columns of the original matrix. In
this case we only need to identify certain parts of the matrix.

We are going to consider patterned matrices as subsets of matrix elements without
tieing the notion of a patterned matrix to any specific relation among the elements
of the matrix. We talk about a patterned matrix A (K) if any element or certain
part of the original matrix, defined by an index-set K, has been selected from A,
i.e. a certain pattern has been ”cut out” from the original matrix. If the selected
part consists of constants and repeated by the absolute value of the elements we get
Nel’s (1980) version of a patterned matrix. In fact, the major part of applications
of patterned matrices concern symmetric, skew-symmetric, diagonal, triangular
etc. matrices which are all patterned matrices in the sense of Nel (1980).

Definition 1.3.6. Let A be a p X g—matrix and K a set of pairs of indices:
K= {(Z,j) i€ lg,j € Ji;Ix C {1,...,p};JK C {1,...,q}}. (1345)

We call A(K) a patterned matrix and the set K a pattern of the p x ¢g—matrix A,
if A(K) consists of elements a;; of A where (i,j) € K. I

Note that A(K) is not a matrix in a strict sense since it is not a rectangle of
elements. One should just regard A(K) as a convenient notion for a specific
collection of elements. When the elements of A(K) are collected into one column
by columns of A in a natural order, we get a vector of dimensionality r, where
r is the number of pairs in K. Let us denote this vector by vecA(K). Clearly,
there exists always a matrix which transforms vecA into vecA (K). Let us denote
a r x pg—matrix by T(K) if it satisfies the equality

vecA(K) = T(K)vecA, (1.3.46)

for A : p x ¢ and pattern K defined by (1.3.45). Nel (1980) called T(K) the
transformation matrix. If some elements of A are equal by modulus then the
transformation matrix T (K) is not uniquely defined by (1.3.46). Consider a simple
example.

Example 1.3.3. Let S be a 3 x 3 symmetric matrix:

s11 s12 0
S= | s12 s22 523
0 523 33
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If we define a pattern K for the lower triangular part:
K ={(i,j) 14,5 =1,2,3;i > j},

then the matrix

T

o O O o o =
o O O O = O
o O o o O O
o O o o O O
S O = O O O
o = O O O O
o O o o O O
o O o o O O
_ o O O o o

is a transformation matrix because it satisfies (1.3.46). However, the matrix

100 00 0 000
0 %2 0 100 0 0 0
1 1
T, |00 2 00 0 5 00 (1.3.47)
00 0 010 000
00 0 00 3 0 £ 0
00 0 00 0 0 0 1

also satisfies (1.3.46). Moreover, in (1.3.47) we can replace the third row by zeros
and still the matrix will satisfy (1.3.46). 1
If one looks for the transformation that just picks out ”proper” elements from A,
the simplest way is to use a matrix which consists of ones and zeros like T;. If
the information about the matrices A and A(K) is given by an index-set K, we
can find a transformation matrix

T(K) : vecA — vecA(K)

solely via a 0-1 construction. Formally, the transformation matrix T(K) is an r X
pg—partitioned matrix of columns consisting of r x p—blocks, and if (vecA(K))s =
a;j, where f € {1,...,r}, i€ {1,...,p}, € {1,...,q}, the general element of the
matrix is given by

1 i:h’j:g’ gzlﬁ"'7p;h:]‘7"'7q; (1348)
0 elsewhere, e

(TE)) gy = {

where the numeration of the elements follows (1.3.1). As an example, let us write
out the transformation matrix for the upper triangle of an n x n—matrix A which
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will be denoted by G,,. From (1.3.48) we get the following block-diagonal parti-
tioned n(n + 1) x n®?—matrix G:

G, = ([Gu, -, [Gan))ia) (1.3.49)

Gii = (el,...,ei)’ i:17...,7’L, (1350)

where, as previously, e; is the i—th unit vector, i.e. e; is the ith column of I,,.
Besides the general notion of a patterned matrix we need to apply it also in the case
when there are some relationships among the elements in the matrix. We would like
to use the patterned matrix to describe the relationships. Let us start assuming
that we have some additional information about the relationships between the
elements of our matrix. Probably the most detailed analysis of the subject has
been given by Magnus (1983) who introduced linear and affine structures for this
purpose. In his terminology (Magnus, 1983) a matrix A is L-structured, if there
exist some, say (pg — r), linear relationships between the elements of A. We are
interested in the possibility to "restore” vecA from vecA(K). Therefore we need
to know what kind of structure we have so that we can utilize this additional
information. Before going into details we present some general statements which
are valid for all matrices with some linear relationship among the elements.
Suppose that we have a class of p x g—matrices, say M, ,, where some arbitrary
linear structure between the elements exists. Typical classes of matrices are sym-
metric, skew-symmetric, diagonal, triangular, symmetric off-diagonal. etc. For all
a, € R and arbitrary A, D € M, ,

aA+ (D e M, 4,

and it follows that M, , constitutes a linear space. Consider the vectorized form
of the matrices A € M, 4, i.e. vecA. Because of the assumed linear structure, the
vectors vecA belong to a certain subspace in RP?, say r-dimensional space and
r < pq. The case r = pg means that there is no linear structure in the matrix of
interest.

Since the space M, 4 is a linear space, we can to the space where vecA belongs,
always choose a matrix B : pg x r which consists of r independent basis vectors
such that B'B = I.. Furthermore, r < pq rows of B are linearly independent. Let
these r linearly independent rows of B form a matrix B : 7 X r of rank r and thus
B is invertable. We intend to find matrices (transformations) T and C such that

TB=B, CB=B. (1.3.51)

This means that T selects a unique set of row vectors from B, whereas C creates
the original matrix from B. Since B'B = I, it follows immediately that one
solution is given by

T = BB/, C=BB'.

Furthermore, from (1.3.51) it follows that TC = I, which implies

TCT =T, CTC =C,
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and since CT = BB’ is symmetric, C is the Moore-Penrose inverse of T, i.e.
C=T+.

For any matrix A € M, , we can always express vecA = Bq for some vector
q. In the following we shall find the matrix B such that T satisfies (1.3.46).
Thus T is a transformation matrix while T realizes the inverse transformation.
Furthermore, TTT = BB’ will always act as an orthogonal projector which later
in special cases will be studied in more detail. If we would not have required the
basis vectors to satisfy B'B = I,., we could also have obtained T and C matrices,
but then BB’ would not have been an orthogonal projector. In order to consider
the inverse transformation which enables us to "restore” vecA from vecA(K) we
need additional information. The information is given in the form of a pattern
identifier induced by the linear structure. Therefore, from now on we will just be
focusing on certain patterned matrices that we call linearly structured matrices.

Definition 1.3.7. A matrix A is linearly structured if the only linear structure
between the elements is given by |a;j| = |aw| # 0 and there exists at least one
(i,J) # (k’l) so that |ai]‘| = ‘akl| # 0.

For a linearly structured matrix A : p X q, with r different by absolute value
non-zero elements, a pattern identifier k(i,j) is a function

k(,):IxJ— H,

I={1,....p}, J={1,...,q}, H=A{1,...,r}
such that for a;; # 0, agn # 0,

k(i,j) = k(g, h) <= laij| = |agn|-

In Definition 1.3.7 we have not mentioned k(¢, j) when a;; = 0. However, from
the sequel it follows that it is completely immaterial which value k(i, j) takes if
a;; = 0. For simplicity we may put k(i,j) = 0, if a;; = 0. It follows also from
the definition that all possible patterned matrices A(K) consisting of different
non-zero elements of A have the same pattern identifier k(¢, ). In the following
we will again use the indicator function 1y,—, i.e.

) _J 1, a=b a#0,
{a=b} = 0, otherwise.

The next lemma gives a realization of the basis matrix B.

Lemma 1.3.2. Let A : p X q be a linearly structured matrix with r different by
absolute value non-zero elements and pattern identifier k(i,j). The basis matrix
B generates vecA, i.e. vecA = Bq for some q, if

(d; ® ei)fé(i)j)w, (1.3.52)

1 m(i, j)

B-Y

P q
i=1 j=
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where

P q
= Zzl{lau\zla7~s\} (1.3.53)

r=1s=1
and the unit basis vectors d; : ¢ X 1, €;: p x 1 and fy,; j) : 7 x 1.

PROOF: The statement follows, since

vecA = Z a;j(d; ®e;)

1 1
=>" > d;®e fk(u)fk(gvh” |‘a9h|\/m(¢ 7) /m(g, h)

i,J g,h

=B ) fig.nlaghl—F——=
gzh S (g,h)

1
Lemma 1.3.3. Let B be given by (1.3.52). Then, in the notation of Lemma 1.3.2,

(i) the column vectors of B are orthonormal, i.e. B'B =1,;

.. 1
(11) ZZ ®ez dl®ek) 1{\a17| laml} =7 (1.3.54)

T m(i, )

PROOF: Since fi(;j) = fug.n) if 1{ja,|=la,n} = 1, straightforward calculations

show that 1
B'B = ka(ld) k(i,g) 7 o I
> m(i, j)
and thus (i) is verified. Statement (ii) follows in a similar manner. 1

Note that for linearly structured matrices the product BB’ is independent of the
pattern identifier k(4, 7).

Lemma 1.3.4. For a linearly structured matrix A : p X q, with the pattern
identifier k(i, j), the matrix B in (1.3.51) is given by

P 4 r
B=) Y Y ffllp—am(ij) %2 (1.3.55)

i=1 j=1s=1
where fi,(; ;) and m(i, j) are defined in Lemma 1.3.2. ]

REMARK: Note that B is diagonal and thus

T

p q
- Zzzf £11 0. y=sym(i, 5) 2 (1.3.56)

i=1 j=1 s=1

From Lemma 1.3.2 and Lemma 1.3.4 it follows that T and C = T can easily be
established for any linearly structured matrix.
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Theorem 1.3.11. Let T = BB’ and TT = BB™! where B and B are given by
(1.3.52) and (1.3.55), respectively. Then

T= sz i © €)1k jy=sym(i, )~ sgn(aij), (1.3.57)
s=1 4,5

T* *ZZ @ €)E L (i, )=syS8n(ais), (1.3.58)
s=1 4,5

where m(i, j) is defined by (1.3.53) and the basis vectors e;, d;, fi; ;) are defined
in Lemma 1.3.2.

PRrROOF: From (1.3.52) and (1.3.55) we get

T—BB’
sgn(ai;)
i1,71 s=1 mit,J

= ZZZf i ® €)' Lin(iy jo)=s} Lik(i.d)=s)

11,51 4,J s=1

x m(ir, j1) "> *m(i, j) "/ ?sgn(a;;)

= ZZf ®ez 1{k(z]) s}m(ivj)_lsgn(aij)’

i,j s=1

since

> L giy=sy = min, 1)

i1,J1
and k(i1,j1) = k(i, j) implies that m(i1,j1) = m(4,j). Thus, the first statement is
proved. The second statement follows in the same way from (1.3.52) and (1.3.56):
Tt =BB'

sgn(a;
= Z(d X ez)fk(%])ij Z Zf f l{k (i1,51)= 5}m(7’17]1) 12

1,7 (Zj)zlglsl

=) ZZ @ €))L ik(iy ju)=s} Lik(i,j)=s5}

i1,j1 t,j s=1
x m(ir, j1) " *m(i, j) "/ ?sgn(a;;)
= Z Z i ® ez f 1{k(7, 3)= s}bgn(aw)
i, s=1

The following situation has emerged. For a linearly structured matrix A the struc-
ture is described by the pattern identifier k(i, j) with several possible patterns K.
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The information provided by the k(i,7) can be used to eliminate repeated ele-
ments from the matrix A in order to get a patterned matrix A(K). We know that
vecA = Bq for some vector q, where B is defined in Lemma 1.3.2. Furthermore,
for the same q we may state that vecA(K) = Bq. The next results are important
consequences of the theorem.

Corollary 1.3.11.1. Let A be a linearly structured matrix and B a basis which
generates vecA. Let B given in Lemma 1.3.4 generate vecA(K). Then the trans-
formation matrix T, given by (1.3.57), satisfies the relation

vecA (K) = TvecA (1.3.59,)

and its Moore-Penrose inverse T, given by (1.3.58), defines the inverse transfor-
mation

vecA = TTvecA(K) (1.3.60)
for any pattern K which corresponds to the pattern identifier k(i,j) used in T.

PROOF: Straightforward calculations yield that for some q
TvecA = TBq = Bq = vecA(K).

Furthermore,
T*vecA(K) = TTBq = Bq = vecA.

1
As noted before, the transformation matrix T which satisfies (1.3.59) and (1.3.60)
was called transition matrix by Nel (1980). The next two corollaries of Theorem
1.3.11 give us expressions for any element of T and T, respectively. If we need to
point out that the transition matrix T is applied to a certain matrix A from the
considered class of matrices M, we shall write A as an argument of T, i.e. T(A),
and sometimes we also indicate which class A belongs to.

Corollary 1.3.11.2. Suppose A is a p X q linearly structured matrix with the
pattern identifier k(i,j), and A(K) denotes a patterned matrix where K is one
possible pattern which corresponds to k(i,j), and T(A) is defined by (1.3.57).
Then the elements of T(A) are given by

1
i s — A(K
i 0y = (veeA(K)).,

(TADsGi) =\ =2 i ayy = —(vecA(K)),, (1.3.61)
ms

0, otherwise,

where s = 1,...,r,i=1,...,p, 7 =1,...,q, vecA(K) : r x 1 is as in Corollary
1.3.11.1, the numeration of the elements follows (1.3.1) and

P q
M= D73 LjtveeA () |=os '

i=1 j=1
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Corollary 1.3.11.3. Suppose A : p X q is a linearly structured matrix with the
pattern identifier k(i,j), and A(K) denotes a patterned matrix where K is one
possible pattern which corresponds to k(i, j), and T is defined by (1.3.57). Then
the elements of T are given by

1 if a;; = (vec A(K))s,
(TH)ays = =1 if ay; = —(vec A(K))s, (1.3.62)

0 otherwise,

where s = 1,...,r,i=1,...,p, 7 =1,...,q, vecA(K) : r x 1 is as in Corollary
1.3.11.1 and the numeration of the elements follows (1.3.1). 1

Example 1.3.4 Let us see what the transition and inverse transition matrices
look like in Example 1.3.3. Indeed, we can easily check that Ts in (1.3.47) is the
transition matrix. Direct calculation yields the inverse transition matrix:

1 0 0 0 0 0
01 0 0 0 0
00 1 0 0 0
0 1.0 0 0 0
Tf=|0 0 0 1 0 0
00 0 0 1 0
00 1 0 0 0
00 0 0 1 0
00 0 0 0 1

1
For applications the most important special case is the symmetric matrix and its

transition matrix. There are many possibilities of picking out %n(n + 1) different

elements from a symmetric n X n—matrix (2%, in fact). Two most common of
them being the lower and the upper triangles. The point of using the transition
matrix is that for any choice of elements, the transition matrix will always be the
same and is described by the so-called duplication matrix which has been carefully
examined by Magnus & Neudecker (1999), as well as by others. In our treatment we
shall use somewhat different notation. Let A be a symmetric n X n—matrix and let
the patterned matrix consisting of the elements of its lower triangle be represented

by Aa. Denote the corresponding transition matrix by Dy, : gn(n + 1) x n%:

D, vecA = vecAn. (1.3.63)

Then
D, vecA = vecA. (1.3.64)

The matrix D} is called duplication matriz and its basic properties have been
collected in the next proposition (for proofs, see Magnus & Neudecker, 1999).
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Proposition 1.3.16. Let the duplication matrix D} be defined by (1.3.64) and
the corresponding transition matrix D,, by (1.3.63). Then

(i) K, ,.D} = D;;

no

.. 1
(i) D/D, = 5(Inz +Kon);

(iii)  for any n—vector b and A : n xn
1
D/D,(b®A) = 5(b®A+A®b);

(iv) forA:nxn
DD, (A ® A)D; = (A® A)D};

(v) forA:nxn
D/D,(A®A)D; = (A®A)D;

(vi)  for non-singular A :n x n

(D,(A®A)D}) ' =D, (A" A~)D};

n?

(vii) for non-singular A :n xn
(D} (A®A)D})~' =D, (A" @ A™")DY,.

As we saw in Theorem 1.3.11, it was possible to characterize transition matrices
mathematically. Unfortunately, in general, not many interesting and easily inter-
pretable properties can be found for these matrices. One reason for this is that T
is a function of the pattern identifier, which means that results depend on fy; ;).
However, Nel (1980) brought forward the notion of pattern matriz which shares
some basic properties with TF. For example, both generate the same subspace.
We shall call it pattern projection matriz.

Definition 1.3.8. Let T be the transition matrix for a linearly structured matrix
A : p x q with the pattern identifier k(i,j). Then the matrix M : pq X pq, defined
by

M=T'T (1.3.65)

is called the pattern projection matrix of A. ]

Observe that M is an orthogonal projector and from a geometrical point of view
this is an interesting definition. Some basic properties of the pattern matrix M
are collected in the following proposition. The statements all follow in elementary
way from Definition 1.3.8 and from the fact that M is a projector.
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Proposition 1.3.17. Let M be given by (1.3.65). Then

(i) M is symmetric;
(i) M is idempotent;
(iii) if A is p x g—matrix with the transition matrix T, then
MvecA = vecA; (1.3.66)
(iv) T is invariant under right multiplication and T™ is invariant under left
multiplication by M, respectively. 1

Now some widely used classes of linearly structured n x n square matrices will be
studied. We shall use the following notation:

s (sp) for symmetric matrices (s,, if we want to stress the dimensions of the
matrix);

ss (ssy) — skew-symmetric matrices;

d (d) — diagonal matrices;

¢ () — correlation type matrices or symmetric off-diagonal matrices;
(up) — upper triangular matrices;

l

u
I (1) — lower triangular matrices;
t (t,,) — Toeplitz matrices.

For instance, M(s) and T(s) will be the notation for M and T for a symmetric A.
In the following propositions the pattern identifier k(7,j) and matrices B, T, T™
and M are presented for the listed classes of matrices. Observe that it is supposed
that there exist no other relations between the elements than the basic ones which
define the class. For example, all diagonal elements in the symmetric class and
diagonal class differ. In all these propositions e; and f(; ;) stand for the n— and
r—dimensional basis vectors, respectively, where r depends on the structure. Let
us start with the class of symmetric matrices.

Proposition 1.3.18. For the class of symmetric n X n—matrices A the following
equalities hold:

1 n n
B(sn) =% > (e e ysen(ai) + (e @), ysen(aii),

4,J=1 i=1
i#]
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1 n T
T(sn) =5 > fulej @ei + e @ e;) Lk j)=sysenlai;)
i,j=1s=1
i<
n ks 1
+) 0D fulei ®e) Lpai—spsen(ai), 1= Zn +1),
i=1 s=1
n T

T+(5) = Z Z(ej ®Xe +e X ej)fgl{k(i’j)zs}sgn(aij)
ij=1s=1
1<J

)0 (e ® €)1 (i, —sy58n(ais),

i=1 s=1

M(s) :%(I +Kpn).

PRrROOF: If we count the different elements row by row we have n elements in the
first row, n — 1 different elements in the second row, n — 2 elements in the third
row, etc. Thus, for a;;, i < j, we are in the i—th row where the j—th element
should be considered. It follows that a;; is the element with number

n+n—1+n—-2+---+n—i+1+75—1

which equals
1
n(t—1)— §i(i — 1)+ 75 =k(,7).

If we have an element a;;, ¢ > j, it follows by symmetry that the expression
for k(i,7) is true and we have verified that k(7,j) holds. Moreover, B(s) follows
immediately from (1.3.52). For T(s) and T*(s) we apply Theorem 1.3.11. 1

Proposition 1.3.19. For the class of skew-symmetric matrices A : n X n we have

k(i, j) =n(min(i, j) — 1) —  min(i, j)(min(i, j) — 1) + max(4, j) — min(é, j), i # j,
k(i, i) =0,

1 n
B(ssy) = 7 Z (e ® ei)fy(; jsen(aij),
ij=1
i

1 «— « 1
T(S'Sn) = 5 .Zl §fs(ej Re —e R ej)ll{k(i7j):s}sgn(a¢j), r= 571(71 — 1),
i<
T+(SS) = Z Z(ej (4 e, —¢e; (Y ej)f;l{k(i7j):s}sgn(aij),
i=15=1
i<j

M(ss) = %(I —Kpn).
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PRroOOF: Calculations similar to those in Proposition 1.3.18 show that the relation
for k(i,7) holds. The relations for B(ss), T(ss) and T™(ss) are also obtained in
the same way as in the previous proposition. For deriving the last statement we
use the fact that sgn(a;;)sgn(a;;) = 1:

M(ss) = B(ss)B'(ss) = Z (ej@ei)(ejRe —e; Re;) = %(I —Kyn).

1

Jj=1

Proposition 1.3.20. For diagonal matrices A : n x n with different diagonal
elements we obtain

k(i) =i, k(i) =0, i#j,

B(d) = Z( & e)el,
T(d,) = Xn; ei(e;®e;),
T =3 (e @ e
M(d,) = Z( & )(ei ® ) = (Knn)a

ProOF: In Lemma 1.3.2 and Theorem 1.3.11 we can choose fy(; ;) = €; which
imply the first four statements. The last statement follows from straightforward
calculations, which yield

M(d) = B(d)B'(d) = Z(ei Re;)(e; ®e) = (Knn)a
i—1
1

Observe that we do not have to include sgn(a;;) in the given relation in Proposition
1.3.20.

Proposition 1.3.21. For any A : n X n belonging to the class of symmetric
off-diagonal matrices it follows that

k(i,5) =n(min(i,j) — 1) — %min(i,j)(min(i,j) — 1) + max(¢, 7) — min(¢, 5), @ # 7,
k(i,7) =0,

1 n
B(c,) = 7 Z (e; ® ei)f,’c(i,j)sgn(aij),
ij=1
i]?fj
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1 e © 1
T(cn) = B Z Zfs(ej ®e; +e; ®e;) i )=ssgn(aij), r= in(n - 1),

i,j=1s=1
i<j
n n
T (c,) = Z Z(ej Qe +e @ ej)fs'1{k(i}j)zs}sgn(aij),
ij=1i=1
ij<j
1
M(e,) = §(I + K, n) — (Knn)d

PROOF: The same elements as in the skew-symmetric case are involved. Therefore,
the expression for k(i,j) follows from Proposition 1.3.19. We just prove the last
statement since the others follow from Lemma 1.3.2 and Theorem 1.3.11. By
definition of B(c)

n n 1

M(C) :B(C)B/(C) = Z Z §<ej ® e’i)fllc(i,j)fk(kyl) (el X ek)/sgn(aij)sgn(akl)
i,7=1k,l=
ijyéj k;ﬁll

1 — 1
=3 D (ej@e)(e;@e +e®e;) = 5T+ Knn) = (Kan)a-
ij=1
i#i
'

Proposition 1.3.22. For any A : nxn from the class of upper triangular matrices

k(i,j) =n(i—1) — i(i —= 1) +j, i<j,
k(i,j) =0, i>j,

n
B(u,) = Y (e; ®e)ff; jysen(ai;),

ij=1
i<j

n T 1
T(un) = Y Y file; @ei) L j—sysen(ai;), r= Zn +1),

ij=1s=1
i<j

TH(un) = Y (e; ® i) 1k,)=spsen(aij),
7.%j§:jl s=1

M(u,) = Y (e; @ e;)(e; @ e;).
Z%]Szjl

PROOF: Here the same elements as in the symmetric case are regarded. The
expression for k(i, 7) is thus a consequence of Proposition 1.3.18. Other statements
could be obtained by copying the proof of Proposition 1.3.21, for example. 1
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Observe the similarity between T(u,) in Proposition 1.3.22 and G,, given by
(1.3.49) and (1.3.50). By symmetry it follows that we may state a proposition for
lower triangular matrices. Moreover, note the similarity between T(l,,) and D,,
given by (1.3.63) and (1.3.64).

Proposition 1.3.23. For any A : nxn from the class of lower triangular matrices

k(i,j) =n(j—1) = 55 = 1) +4, j <4,
k(i,j) =0, i<j,
B(l,) = Y _ (e ® e;)ff; ;ysen(ai;),

4,J=1
i2]

n s 1
T(ln) =Y > fulei ®e;) 1(ngj=asen(ay), r= Zun+1),
ij=1s=1
i>j

T+(ln) = Z Z(eZ 4 ej)fél{k(i’j):s}sgn(aij),
1%]27_1 s=1

M(l,) = > (e;@e))(ei®e;).
z,ljZ:]l

Proposition 1.3.24. For any Toeplitz matrix A : n X n,

k(laj) :n+.7 _iv

n

1
B(t,) = > (e ®e¢)fé(i,j)ﬁsgn(aij)7

ij=1

1

T(tn) = Y > fie; ® ei)'l{k(i,j)}msgn(au% r=2n-1,
i,j=1s=1

T () = Y D (e ®e)fl 1. jysen(aij),
ij=1s=1
= 1
M(t,) = Z (ej R e;)(e @ eg)

1,5,k =1
joi=l—k

n—lj—il

PROOF: Since by definition of a Toeplitz matrix (see §1.1.1) a;; = a;—; we have
2n — 1 different elements in A. Because j — ¢ ranges through

—(n—1),—(n—2),...,(n—1),

the equality for k(i, ) is true. If j — ¢ =t we have j =t + 4. Since 1 < j < n, we
have for ¢ > 0 the restriction 1 < ¢ <n—t. If t <0 then 1 <i < n+t. Therefore,
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for fixed t, we have n — |t| elements. Hence, B(¢) follows from Lemma 1.3.2. The
other statements are obtained by using Theorem 1.3.11 and (1.3.65). 1

We will now study the pattern projection matrices M(+) in more detail and examine
their action on tensor spaces. For symmetric matrices it was shown that M(s) =
%(Inz +XK,, ). From a tensor space point of view any vectorized symmetric matrix
A : n xn can be written as

vecA = Z aij(ej X ei) = Z aij%((ej ® ei) + (ei ® ej)). (1367)

ij=1 ij=1

Moreover,

0o K (e Do) + (e @ey) = 5((e; @e) + (e ey),  (1368)

et K)(ey @) = Sle; e + (e @) (1.3.69)

and for arbitrary H: n x n
1 1 ,
§(In2 + K, ,)vecH = ivec(H +H'), (1.3.70)

which means that H has been symmetrized. Indeed, (1.3.67) — (1.3.70) all show,
in different ways, how the projector %(Inz + K, ») acts. Direct multiplication of
terms shows that

1 1
§(In2 + Kn,n)§(1n2 — Kn’n) = O

and since %(In2 —K,, »,) is the pattern matrix and a projector on the space of skew-
symmetric matrices, it follows that vectorized symmetric and skew-symmetric ma-
trices are orthogonal. Furthermore, vectorized skew-symmetric matrices span the
orthogonal complement to the space generated by the vectorized symmetric ma-
trices since 1 1
In2 = 5(:[”2 —+ Kn,n) + §(In2 — Kmn).

Similarly to (1.3.67) for symmetric matrices, we have representations of vectorized
skew-symmetric matrices

vecA = Y ayle;@e) =Y az‘j%((ea‘ ®e;) —(e;®ey))

ij=1 ij=1

Moreover,
1 1 1
S Inz —Knp)s((ej @ e) — (e @ e5)) = S((e; @ ei) — (ei @ ej)),

1 1
§(In2 —Kn)(e;@e;) = 5((%‘ ®e;)— (e; @ey))
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and for arbitrary H: n x n
1 1 ,
5(1"2 — K, n)vecH = §V6C(H —-H),

where H — H’ is obviously skew-symmetric. Furthermore, the whole space can be
generated by (e; ® e;) which can also be represented another way:

(ej@e;) = %((ej ®e;) + (e ®ej)) + %((ej ®e;) — (e ®ey)).

Next we are going to decompose the space generated by vectorized symmetric
matrices into two orthogonal spaces, namely the spaces generated by vectorized
diagonal matrices and vectorized symmetric off-diagonal matrices. Everything
follows from the relations:

%(In2+Kn,n) = %(Ini’ + Kn,n) - (Kn,n)d + (Kn,n)d;

(%(IHQ + Kn,n) - (Kn,n)d)(Kn,n)d =0.

Thus, according to Proposition 1.3.20 and Proposition 1.3.21, any matrix can be
written as a sum of a symmetric off-diagonal matrix, a diagonal matrix and a
skew-symmetric matrix.

One advantage of working with projectors is that it is easy to work with any
structure generated by linearly structured matrices as well as to combine these
structures.

Moreover, we have seen that the class of skew-symmetric matrices is orthogonal
to the class of symmetric matrices. It is fairly easy to generalize this result to
arbitrary classes of linearly structured matrices. Consider the basis matrix B

given by (1.3.52). Let
P q
a=>_ > aj(d;®e),
i=1 j=1

and suppose that ¢'B =0, i.e.

P g . N
0=qB= g sen(d) 1.3.71
q quj k(4,5) m(l,]) ( )

where m(i, j) is defined by (1.3.53). Since k(i,j) € {1,2,...,r}, it follows that
(1.3.71) is equivalent to

i=1 j=1

p q Q ..
¥ qijmzo, s=1,2,...,m (1.3.72)

This is a linear equation in ¢;; which can always be solved. If m(i,j) = m, we
will obtain m — 1 different solutions. In particular, if m = 1 for (¢, ) such that
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k(i,j) = s, the corresponding ¢;; = 0. If sgn(a,;;) = 1 and m = 2 for, say (i1, j1)
and (ig, j2), we have
Qir g1 + Qiz g2 = 0
and therefore ¢;, j, = —4i,,j,.- Thus, from (1.3.72) we can determine all vectors
which are orthogonal to B and find the orthogonal complement to B.
Let us consider Toeplitz matrices in more detail. Another way to express the
basis matrix B(t) in Proposition 1.3.24 is

2n—1 n

1
t) = Z Z —————(€htin @ €;)f5gn(airtin).
k=1 i=1 n—[n—k|
i—|n—k|>1

An advantage of this representation is that we can see how the linear space, which
corresponds to a Toeplitz matrix, is built up. The representation above decom-

poses the space into (2n — 1) orthogonal spaces of dimension 1. Moreover, since
M(t) = B(t)B(t)',

2n—1 1
I
Z Z Z = Crimn @ @) Chpin @ &)
i— \n k\>1; |n k\>1

We are going to determine the class of matrices which is orthogonal to the class
of Toeplitz matrices.

Theorem 1.3.12. A basis matrix B(t)° of the class which is orthogonal to all
vectorized n X n Toeplitz matrices is given by

2n—1n—2—|n—k|

Z Z Z (€krion @ €i)(8h) Mk ris

i— \n k|>1

where ; : n x 1, gh : (n—1)? x 1, the j—th element of g}, equals

1
L oifj=gk-Dk-2+r, 2<k<nl<r<k-1,

1
- ipo . 2 1 . . .
(gn);=4¢ b ifj=(Mm-1) 2(2n E-—1)2n—k—2)—r+1,
n<k<2n—-2 1<r<2n-k—1,
0, otherwise
and
—n—kl -
B n—|n—kl—r i1tk
Vin—In—kl—r)2+n—|n—kl—r
1
Mg rq =

Vin—In—k[—r)2+n—|n—k[—r
i=2+n—k.,3+|n—Fk|,...,n—r+1,
0, otherwise.
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PrOOF: First we note that B(t) is of size n? x (2n — 1) and B°(t) is built up
so that for each k we have n — 1 — |n — k| columns in B°(¢) which are specified
with the help of the index r. However, by definition of my ,;, these columns are
orthogonal to each other and thus r(B°(t)) = n? — (2n — 1) = (n — 1)2. Therefore
it remains to show that B° (¢)B(t) = 0 holds. It is enough to do this for a fixed
k. Now,

n—1—|n—k| n
r ’ /
> > gi(Chtion © €)' (Chiy—n © €, )E i ri580(ai k iy —n)
r=1 i,i1=1
1,81 214+ |n—k|
n—1—|n—k| n
el .,
= E E gkfkmkﬂ',ibgn(ahk-i-h—n)'
r=1 i=1
i—|n—k|>1

Since by definition of a Toeplitz matrix sgn(a;g+i—n) = sgn(a,—x) is independent

of 7 and .
Z Mg, = 0,
i=1
i—|n—k|>1
we have that B (¢)B(t) = 0. 1

1.3.7 Vectorization operators

In this paragraph we are going to introduce notions which have been designed par-
ticularly for symmetric matrices and other matrices which comprise linear struc-
tures. These notions enable us to select all nonrepeated elements from the set of
all possible moments of a certain order, or all partial derivatives of a given order,
for example. The presentation of the material is based on the paper by Kollo &
von Rosen (1995b). Let (4, j) stand for the number of combinations given by

,—14+7—1
(i,j)z(l :i > iji=1,2..., (1.3.73)
and

(0,4) = (,0) = 0.
Then (4, j) has the following properties which will be used later:

(i) (i,4) = (4, 1);

(11) (ivj):(iajf1)+(i_17j);
(i) (i+1,5) = > (i,k). (1.3.74)
k=1

In particular,

L)=1 @4 =4 GiH=iG+1)/2 &) => kk+1)/2
k=1
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Moreover, using (ii) it is easy to construct the following table for small values of
i and j, which is just a reformulation of Pascal’s triangle. One advantage of this

table is that (iii) follows immediately.

Table 1.3.1. The combinations (i, j) for ¢,j < 7.

i

i 12 3 4 5 6 7

1 1 1 1
3 4 5 6
6 10 15 21 28
10 20 35 96 84
15 35 70 126 210
21 56 126 252 462
28 84 210 462 924

-

N O U W
el
N O UL W N

In the following a new operator is defined which is called vectorization operator
and which is fundamental to all results of this section.

Definition 1.3.9. For any matrix A : (j,n) x n, j = 1,2,... the vectorization
operator is given by

Vj(A) = (a11,a12; ... y A(5,2)2; @135+ -5 A(5,3)3y - -+, Alny - - -7a(j,n)n)/7 (1.3.75)

where (i,j) is defined by (1.3.73). 1

The vector V7(A) consists of (j + 1,n) elements. In particular, for j = 1,2,3, we
have

V1 (A) :(a117 12y .-, aln)l7
V2(A) =(a11,a12, @22, a13, G423, A33, - - -, Alny A2y - -« 5 Q)

3 /
V2(A) :(a117a12,azz,agz,aw,&23,a33,a437a53,0637--~7an(n2+1)n) .

In Definition 1.3.9 the index j is connected to the size of the matrix A. In principle
we could have omitted this restriction, and V7/(A) could have been defined as a
selection operator, e.g. V1(A) could have been an operator which picks out the
first row of any matrix A and thereafter transposes it.

Now an operator R/ will be defined which makes it possible to collect, in a suitable
way, all monomials obtained from a certain patterned matrix. With monomials of
a matriz A = (a;;) we mean products of the elements a;;, for example, a11a22a33
and agjaszaq; are monomials of order 3.

Definition 1.3.10. For a patterned matrix A : p X q, the product vectorization
operator R’ (A) is given by

RI(A) = VI(RITYA)ved A(K)), j=1,2,..., (1.3.76)
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where R(A) =1 and A(K) is given in §1.3.6. 1
In particular, for a symmetric A, the operator R/ (A) equals
RI(A) =VI(RITHA)VAA)), j=1,2,... (1.3.77)

From Definition 1.3.10 it follows that R’ (vecA(K)) = R/(A) = R/ (A(K)). More-
over, let us see how R (e) transforms a p—vector x = (z1,...,2;,)". From Defini-
tion 1.3.10 it follows that

RY(x) =x, R%*(x)=V?xx).
Thus, R?(x) is a vectorized upper triangle of the matrix xx’.
B(x) = V3R (0x) = V3(V2 ('),

which forms a (4, p)—vector of all different monomials z;x;zk, i,7,k =1,2,.... In
order to establish the fact that R7(A) represents all different monomials of order
J, with respect to the elements ay;, a set G; of monomials of order j is introduced:

G, = Ha,klij(k,l) i (k1) € {0,1,... ,j},zij(;@z) =j
kil ]

To illustrate the set G let us look at the following example.

Example 1.3.5 Let
x 2z
x=(z %),
Then io(k,1) € {0,1,2}, Zk,l i2(k,l) =2 and

Go = {xz, 4z%, €2, 4, 227, xe®, —2x, 2xe®, —Ax, Qe‘”}.

Theorem 1.3.13. R7(A) consists of all elements in G; and each element appears
only once.

PRrOOF: We shall present the framework of the proof and shall not go into details.
The theorem is obviously true for j = 1 and j = 2. Suppose that the theorem holds
for j—1, i.e. R771(A) consist of elements from G;_; in a unique way. Denote the
first (4, k) elements in R7~1(A) by R{;l. In the rest of the proof suppose that A
is symmetric. For a symmetric A :n x n

j—1 i—1
R€3,n71)+n = R/7(A),
and by assumption Rf;l(A), k=1,2,...,(3,n—1)+n, consist of unique elements.

Now,

RI(A) = vec((R{™") a1r, (RS Y ara, - (Ris 1) 1) @n1ns (Rl 1) 1) @nn)
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. j—1 . j—1 .
and since R(37n_1)+n_1 does not include a,,,, R(3,n—l)+n—2 does not include
. )
Ay Qp—1ns RgS,n—1)+n—3 does not include aGnp, Gn_1n,Gn_2n, €tc., all elements
appear only once in R7(A). I

The operator R’(A) will be illustrated by a simple example.

Example 1.3.6 Let
A — <a11 a12)
aiz a2

be a symmetric matrix. Then vec'(A(K)) = (a11, a1z, age) and

R'(A) =vec(A(K)),
R*(A) =V*(R'(A)ved (A(K)))
aly  aniaiz  ajas
=V? | aipar1 a2y agax | = (a3}, a11a12,als, a11022, A12022, a30)
a22a11 22012 a%g

R3(A) =V3(R*(A)ved (A(K)))

!/
)

a% (1%1(112 a%1a22
6@1&12 6111{6@2 11012022
_y3 aélafz afy a%2a32
71022 411012022 110359
a11a12a22 a%zazz a12a§2
alla%z (112@%2 a%z

3 2 2 3 2 2 2 2 3\
:((1117 a71012,0110719, 19, A711A22,011012022, A12022, 11059, @12059, a22) .

(1.3.78)
Moreover,
R =ad},, Rj=(a};,anaiz,a},), R =R*(A), R=di,
Rg =( ?17“%1%2,@11@%2’@?2)/ and Rg = R’(A).
We also see that
R*(A) = vec((R}) a1, (R3) a12, (RS) ass).
1

Let, as before, e,, denote the m—th unit vector, i.e. the m—th coordinate of
e, equals 1 and other coordinates equal zero. The next theorem follows from
Definition 1.3.9.

Theorem 1.3.14. Let A : (s,n) X n and e, : (s + 1,n) — vector. Then

Vi(A) = Zzazje(sﬂ,jq)ﬂ', 1<i<(s,]), 1<j<n.
i g

1
By using Definition 1.3.10 and Theorem 1.3.14 repeatedly, the next theorem can

be established.
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Theorem 1.3.15. For a patterned matrix A, let vecA(K) = ¢ = (¢), i =

1,2,...,n. Then
J

(&) = Y[ Te e

I; r=1

where
Ij :{(il,ig,...,ij)Zig: 172,...,’0;1 Suk,]_ S (k,ik), k= 1,2,...,]}

and
s+1

ug =1+ (ryip_1—1), ug=1.
r=2

PROOF: The theorem obviously holds for j = 1. Furthermore,

/ /
CC = E cilcheileiz

11,12
and since by Theorem 1.3.14
V2 (eU1 e;;z) = eu23

the theorem is true for j = 2. Now suppose that the theorem is true for j — 1. For

j we have _ o
RI(A) =VI(R'™(A))

and since ‘

V(e ,€}) = ey,
the theorem is established. 1
If we want to express R7(A) through the elements of A, instead of coordinates of
vecA(K), we have to know how vecA(K') has been constructed. The index set I,
and ¢; are then transformed to the index set K and ay;, respectively. If A has
some known structure we can give more details, i.e. we can present R’ (A) through
the elements of A instead of using vecA(K). In particular, if A is symmetric, we
obtain

Theorem 1.3.16. For symmetric A :n X n
_ J
R’ (A) = Z(H aiQr—li‘Zr)euj
I; r=1
where

I ={(i1,i2,...,15) 1ig = 1,2,... ,nyigp_1 < iop;
1§UkS(k+1,(3,i2k+2_1)+i2k+1), kZO,,]—l}
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and
j+1
Uj =1+ Z(k‘, (3,i2k_2 — 1) + top_3 — 1), ug = 1.
k=2

For a better understanding of Theorem 1.3.15 and Theorem 1.3.16 we suggest the
reader to study Example 1.3.6.

1.3.8 Problems
1. Let V be positive definite and set S = V + BKB’, where the matrix K is
such that C'(S) = C'(V : B). Show that

S = VB°(B°VB°) B’V + B(B'SB) B'.
2. Extend Theorem 1.3.8 and give necessary and sufficient conditions for
A1 X1B; + AxXsBy =C

to have a solution. Find the solution (Baksalary & Kala, 1980).

3. Verify Corollary 1.3.6.1.

4. If (A : B) has full column rank, show that the Moore-Penrose inverse of
(A : B) equals

: _ (A'QsA)'A'Q
(A . B)Jr - <(B/B)—1B/(I —BA(A/QBAE),,_lA/QB))

_ < (A’A)~TA'(I - B(B/QAB)lB/QA))
- (BIQAB)le/QA )

where

Qa =I-A(A’A)'A/,
Qs =1-B(B'B)"'B’.

5. Prove Proposition 1.3.12 (x) — (xiii).
6. Present the sample dispersion matrix

S:

L3 %) — X

n—1+4

without using the summation operator.
7. Prove that
a® = (K, , © LK, ,a®’.

8. Prove Proposition 1.3.14 (ii), (iii) and (vi).
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9. For any A: p x n from the class of semiorthogonal matrices, i.e. AA’ =1,
which will be denoted sopy,, there exist r = np — %p(p + 1) "free” elements.
Show that

n T
1
T (sopn) = > > (e; @ i)l )=sysen(ay;),  r=np— P+ 1),

1<i<p

where k(i, j) = n(i—1) — 3i(i+ 1)+, j > i and k(i,j) = 0, i > j. Find also
B(s0pn), T(s0py,) and M(sopy,).
10. Prove Proposition 1.3.11 (ii).
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1.4 MATRIX DERIVATIVES

1.4.1 Introduction

The matrix derivative is one of the key notions in matrix theory for multivariate
analysis. Solving extreme value problems, finding maximum likelihood estimators,
deriving parameters of multivariate limit distributions and expanding statistics
into asymptotic series may all serve as examples where matrix derivatives play
an important role. Generally speaking, in all these problems one has to find a
derivative of one matrix, say Y, by another matrix X, which is the main issue of
this section. Matrix derivative is a comparatively new notion among the tools for
multivariate analysis. At the same time the notion has been available for more
than 70 years, at least. Probably the first papers on the topic were written by

Turnbull (1927, 1930, 1931) who examined a differential operator 6% of the form

of a p X g—matrix. Turnbull applied it to Taylor’s theorem and for differentiating
characteristic functions. Today one can refer to two main types of matrix deriva-
tives which are mathematically equivalent representations of the Fréchet derivative
as we will see in the next paragraph. The real starting point for a modern pre-
sentation of the topic is the paper by Dwyer & MacPhail (1948). Their ideas
were further developed in one direction by Bargmann (1964) and the theory ob-
tained its present form in the paper of MacRae (1974). This work has later on
been continued in many other papers. The basic idea behind these papers is to
Ykl
8xij
the original matrix structure of Y and X. Therefore, these methods are called
Kronecker arrangement methods. Another group of matrix derivatives is based on
vectorized matrices and therefore it is called vector arrangement methods. Origin
of this direction goes back to 1969 when two papers appeared: Neudecker (1969)
and Tracy & Dwyer (1969). Since then many contributions have been made by
several authors, among others McDonald & Swaminathan (1973) and Bentler &
Lee (1975). Because of a simple chain rule for differentiating composite functions,
this direction has become somewhat more popular than the Kroneckerian arrange-
ment and it is used in most of the books on this topic. The first monograph was
written by Rogers (1980). From later books we refer to Graham (1981), Magnus
& Neudecker (1999) and Kollo (1991). Nowadays the monograph by Magnus &
Neudecker has become the main reference in this area.

In this section most of the results will be given with proofs, since this part of the
matrix theory is the newest and has not been systematically used in multivariate
analysis. Additionally, it seems that the material is not so widely accepted among
statisticians.

Mathematically the notion of a matrix derivative is a realization of the Fréchet
derivative known from functional analysis. The problems of existence and repre-
sentation of the matrix derivative follow from general properties of the Fréchet
derivative. That is why we are first going to give a short overview of Fréchet
derivatives. We refer to §1.2.6 for basic facts about matrix representations of lin-
ear operators. However, in §1.4.1 we will slightly change the notation and adopt
the terminology from functional analysis. In §1.2.4 we considered linear transfor-

order all partial derivatives by using the Kronecker product while preserving
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mations from one vector space to another, i.e. A:V — W. In this section we will
consider a linear map f : V — W instead, which is precisely the same if V and W
are vector spaces.

1.4.2 Fréchet derivative and its matriz representation

Relations between the Fréchet derivative and its matrix representations have not
been widely considered. We can refer here to Wrobleski (1963) and Parring (1992),
who have discussed relations between matrix derivatives, Fréchet derivatives and
Gateaux derivatives when considering existence problems. As the existence of the
matrix derivative follows from the existence of the Fréchet derivative, we are going
to present the basic framework of the notion in the following. Let f be a mapping
from a normed linear space V to a normed linear space W, i.e.

f:V—W.

The mapping f is Fréchet differentiable at x if the following representation of f
takes place:
f(x+h) = f(x)+ Dxh +e(x,h), (1.4.1)

where Dy is a linear continuous operator, and uniformly for each h

[ G h) |

_)0’
(R

if || b ||[— 0, where || ® || denotes the norm in V. The linear continuous operator
Dy:V—W

is called the Fréchet derivative (or strong derivative) of the mapping f at x. The
operator Dy is usually denoted by f/(x) or Df(x). The term Dxh in (1.4.1) is
called the Fréchet differential of f at x. The mapping f is differentiable in the set
A if f is differentiable for every x € A. The above defined derivative comprises the
most important properties of the classical derivative of real valued functions (see
Kolmogorov & Fomin, 1970, pp. 470-471; Spivak, 1965, pp. 19-22, for example).
Here are some of them stated.

Proposition 1.4.1.

(i) If f(x) = const., then f'(x) = 0.

(ii) The Fréchet derivative of a linear continuous mapping is the mapping itself.

(iii) If f and g are differentiable at x, then (f + g) and (cf), where ¢ is a constant,
are differentiable at x and

(f+9)(x) = f'(x) + 4 (),

(cf) (%) = cf'(x).
(iv) Let V,W and U be normed spaces and mappings

f:V—W: g:W—TU
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such that f is differentiable at x and g is differentiable at y = f(x). Then the
composition h = g ® f; h: V — U is differentiable at x and

W(x)=4¢(y) o f(x).

It is important to have a derivative where property (iv) holds. This enables us
to differentiate composite functions. Another well-known variant, the Gateaux
derivative (or weak derivative) does not have this property, for instance.
From §1.2.6 it follows that being a linear operator, the Fréchet derivative can
be represented in a matrix form in the case of finite-dimensional vector spaces.
Denote the basis of W by {d;}. Then the mapping f : V. — W can be presented,
at any point x of V, by
160 = 3 £ 0.
jeJ
Here J is connected to the set of vectors x € V, for which f is differentiable.
9f;(x)
al’i
exist and the matrix representing the Fréchet derivative is given by a matrix of
partial derivatives (see Spivak, 1965, for example). The opposite is not true,
i.e. in general from the existence of partial derivatives the existence of a Fréchet
derivative does not follow. Sufficient and necessary conditions for the existence of
f'(x) are not easy to use (Spivak, 1965, pp. 20-21): f’(x) exists if and only if every
coordinate function f, is differentiable at x. Fortunately there exist comparatively
simple sufficient conditions for the existence of Fréchet derivatives (Spivak, 1965,
p. 31).

Theorem 1.4.1. Let f:V — W be a mapping such that all partial derivatives
9f;(x)
83%-
continuous at Xg. Then f is Fréchet differentiable at x. ]

If there exists a derivative f’(x), then the partial derivatives yiel,jeld

,i € 1,j € J, exist in an open set which includes the point x¢, and are

As we saw in §1.2.6, the form of the matrix which represents the Fréchet derivative
as a linear operator has to be fixed by convention. If we have RP*? and R"** as
V and W, respectively, then two natural realizations of the Fréchet derivative are
given by the relations (1.2.9) and (1.2.11). In both cases the Fréchet differential
is given by the same equality

Df(x)h = (Df;(x)h)d,.

jeJ

Let us examine, what kind of matrix representations of the Fréchet derivative we
get when starting from the different orderings (1.2.9) and (1.2.11), respectively.
In (1.2.9) the matrix of the linear operator consists of p x g—blocks, where the
(tu)—th block includes all (tu)—th coordinates of the basis vectors in RP*4. For the
Fréchet derivative it means that in the (tu)—th block we have partial derivatives of



124 CHAPTER [

Y, With respect to the elements of X. It is convenient to present all the elements

dy
jointly in a representation matrix X in the following way (MacRae, 1974):

dY 0

X :Y@)&—X7 (1.4.2)
where the partial differentiation operator 8% is of the form
0 0
9 dzr11 Oz
Oxpr  Oxpg

0
The Kronecker product Y ® — means that the operator of partial differentiation
is applied to the elements of the matrix Y by the rule of the Kronecker product:

Y
the tu—th block of j—x is of the form

aytu aytu
JY 81‘11 81‘1,1
axX = . .. . ; t:L ,T’;U:L S
tu aytu aytu
Ozp1  Ozpg
Another way of representing (1.4.2) is given by

dY 8yij ’ ’

o s, @ fug,

dX ijklaxklrsj(@ KBy

where r;, s;, fi and g; are unit basis vectors, as in (1.1.2), with dimensionalities
r,s,p and ¢, respectively.

If the elements of our linear operator are ordered into a matrix by (1.2.11), then
the (uv)—th r x s—block consists of the coordinates of the (uv)—th basis vector.
The matrix which represents the Fréchet derivative consists of r x s—blocks where
in the (uv)—th block we have the partial derivatives of the elements of Y by @,.
The set of all partial derivatives is now easy to present as

dY 0
d7X = 87X ®Y, (143)
where the operator X is given as before. The product in (1.4.3) means that the

(ij)—th block of the matrix derivative equals

ayll 8y15
“ Oyr1 Ors

63:15 o 8xij



BAsic MATRIX THEORY AND LINEAR ALGEBRA 125

Here
dY - 5yij

dxX ox
ikt O R

! !
frg ® risj),

where the basis vectors are defined as before.
Before proceeding we note that the Fréchet derivative is a linear map of an element
x in a linear space. By Proposition 1.4.1 (iii) it follows that if we write f'(x) =
(%),

(le{ + Cgfé,x) = Cl(fivx) + CQ(fé,X),

by linearity of f and by linearity in the argument

(f',e1x1 + cox2) = 1 (f', x1) + ca( [, x2),

where ¢; and ¢y are constants. Hence, using Definition 1.2.10 (ii) and assuming
that (i) of the definition holds, which can be shown to be the case, it follows
that f’(x) generates a tensor space. This explains, via Theorem 1.2.24, in a more
abstract way why, for example, (1.4.2) is a representation of the Fréchet derivative.
The next two popular representations of the Fréchet derivative arise from the
following argument. Let us define the norm in RP*? as

| X [|= \/tr(X’X) = Vvec'XvecX,

where X € RP*4. Then the spaces RP*? and RP? are isometric, which means that

a study of
f . Rpxq SN R’I“XS

can be replaced by a study of
f:RPT — R™,

Using the vectorized representation of a matrix, we get with the help of the vec-
operator a matrix representation of the Fréchet derivative as in Euclidian spaces:
coordinates of the i—th basis vector are kept as i—th row or i—th column of the
representation matrix. If we keep the coordinates of the image of the vector e; € V

dyY
in the i—th row, the matrix X is given by the equality

dy 9 9
X = Fveck VeC Y =ved Y @ —— FvecX (1.4.4)
where
o [0 o 0 9 o oY
OvecX 85611"”’833,,1’83512’”" aa:pg""’ amlq"”’ arpq

and the direct product in (1.4.4) defines the element in vecY which is differentiated

by the operator X Through the basis vectors the derivative in (1.4.4) may

be presented in the following way:
dY 0Yij

dX o
ingl SR irjikel

(g @f)(s; @) = > 8%1 gis}) ® (£s)), (1.4.5)
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where fi,, g;, r;, s; are the basis vectors of sizes p, ¢, r and s, respectively. If
the coordinates of the image of e; € V form the i—th column of the representation
matrix of the Fréchet derivative, the matrix is given by the equality (Neudecker,
1969)

dY_( ]

/
dix == M) ®V€CY (146)

which is identical to
dY - (9y1-j

dX - = 833]@[ &
1,5,k,0 ©,7,k,l

Oyij
(sj@r)(@mef) =) ax; (s;81) @ (rif}),

where the basis vectors are defined as in (1.4.5). The equalities (1.4.2), (1.4.3),
(1.4.4) and (1.4.6) represent different forms of matrix derivatives found in the
literature. Mathematically it is evident that they all have equal rights to be used
in practical calculations but it is worth observing that they all have their pros
and cons. The main reason why we prefer the vec-arrangement, instead of the
Kroneckerian arrangement of partial derivatives, is the simplicity of differentiating
composite functions. In the Kroneckerian approach, i.e. (1.4.2) and (1.4.3), an
additional operation of matrix calculus, namely the star product (MacRae, 1974),
has to be introduced while in the case of vec-arrangement we get a chain rule
for differentiating composite functions which is analogous to the univariate chain
rule. Full analogy with the classical chain rule will be obtained when using the
derivative in (1.4.6). This variant of the matrix derivative is used in the books
by Magnus & Neudecker (1999) and Kollo (1991). Unfortunately, when we are
going to differentiate characteristic functions by using (1.4.6), we shall get an
undesirable result: the first order moment equals the transposed expectation of a
random vector. It appears that the only relation from the four different variants
mentioned above, which gives the first two moments of a random vector in the
form of a vector and a square matrix and at the same time supplies us with the
chain rule, is given by (1.4.4). This is the main reason why we prefer this way
of ordering the coordinates of the images of the basis vectors, and in the next
paragraph that derivative will be exploited.

1.4.3 Matriz derivatives, properties

As we have already mentioned in the beginning of this chapter, generally a matrix
derivative is a derivative of one matrix Y by another matrix X. Many authors fol-
low McDonald & Swaminathan (1973) and assume that the matrix X by which we
differentiate is mathematically independent and variable. This will be abbreviated
m.i.v. It means the following:

a) the elements of X are non-constant;
b) no two or more elements are functionally dependent.

The restrictiveness of this assumption is obvious because it excludes important
classes of matrices, such as symmetric matrices, diagonal matrices, triangular
matrices, etc. for X. At the same time the Fréchet derivative, which serves as
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mathematical basis of matrix derivatives, can be found if we include two natural
assumptions.

0
a) If 2;; = const., then Y~ 0 for any y.
xij
b) If x;; = xg; for some pairs of indices (¢,7) # (k, 1), then 9y = for any
Tij axkl

y which is differentiable by z;;.

Alternatively we could have developed a theory for matrix derivatives where we
would have taken into account that matrices with linear relationships among the
elements could have been presented via defining a specific basis.

Definition 1.4.1. Let the elements of Y € R"** be functions of X € RP*?. The

matrix X € RPI*7* js called matrix derivative of Y by X in a set A, if the partial

derivatives . d exist, are continuous in A, and
ij
dY ,
— = Y 1.4.
dX ~ dvecX O T (147)
where
/
o _ (9 0 , 9 4 4 o) (1.4.8)
OvecX 3111 8a:p1 81’12 8$p2 8:61(1 6‘zpq

It means that (1.4.4) is used for defining the matrix derivative. At the same time
we observe that the matrix derivative (1.4.7) remains the same if we change X
and Y to vecX and vecY, respectively. So we have the identity

dY _ dvec'Y
dX ~ dvecX'’

The derivative used in the book by Magnus & Neudecker (1999) is the transposed
version of (1.4.7), i.e. (1.4.6).

We are going to use several properties of the matrix derivative repeatedly. Since
there is no good reference volume where all the properties can be found, we have
decided to present them with proofs. Moreover, in §1.4.9 we have collected most of
them into Table 1.4.2. If not otherwise stated, the matrices in the propositions will
have the same sizes as in Definition 1.4.1. To avoid zero columns in the derivatives
we assume that x;; # const., i =1,...,p,j=1,...,q.

Proposition 1.4.2. Let X € RP*? and the elements of X m.i.v.
(i) Then

dX
= =L (1.4.9)
(ii) Let ¢ be a constant. Then
d(eX
(X) _ o1, (1.4.10)

dX



128 CHAPTER I
(iii) Let A be a matrix of proper size with constant elements. Then

dA'X
X

=I,®A. (1.4.11)

(iv) Let A be a matrix of proper size with constant elements. Then

d(A'vecX)

A (1.4.12)

(v) Let Z and Y be of the same size. Then

dY +2Z) dY dZ
T - ﬁ + ﬁ. (1.4.13)

PRrROOF: The statements (ii) and (v) follow straightforwardly from the definition
in (1.4.7). To show (i), (1.4.5) is used:

aX 5~ Oy
dX ikl 8a:kl

(er@dp)(e; @d;) =) (e; ®dy)(e; ®d;)

= Z(eje;-) ® (didj) =1, ® Iy = I,
ij

which completes the proof of (i).
Statement (iii) follows from the next chain of equalities:

dA'’X  dX
X - x(10A)=IoA.

It remains to prove (iv):

dA’'vecX  dvecd’ XA dX
= = —A=A.
dX dX dX

Proposition 1.4.3. (chain rule) Let Z : t x u be a function of Y and Y be a

function of X. Then
dZ  dY dZ

ﬁ — KW. (1.4.14)

Proor: It is well known from mathematical analysis that

azij _ azij 8ymn
Oz o ; 5‘ymn 0z .
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Thus, using (1.4.5) with d}, el, d?, €7, and d3,, €3 being basis vectors of size
p, ¢, t, wand r, s, respectively, we have

dZ Ozij | 1 1y( a2 24/
= d F ®d;
dxX L axkl (el ® k)(e] ® 1,)
ijkl
=y Dau W oh a0 ) (e @ ) (e 0 d2)
0 mn axkl /
ijklmn Y
0zi; Oy,
= Y 5 L%l @di)(e) @ &)Y (e) @ dl)(e} @ d?
.. aymn axkl
ijklmnop
8yop 1\ (a3 3y/ Ozij 3 3 3\/a2 2 dY dZ
= E d d g —_— d “®d;
klop 6xk ® k)(ep ® O) ijmn 6y7nn (en ® m)(e] ® Z) dX dY

1
Proposition 1.4.4. Let A and B be constant matrices of proper sizes. Then
(i) d(AXB)
—————Z =BRA’; 1.4.1
o ® A (1.4.15)
(i) d(AYB) _ dY
—_ B® A’ 1.4.1

PRrOOF: To prove (i) we start from definition (1.4.7) and get the following row of
equalities:

d(AXB)  d dvedX(B@ A')] _ dX

/ N , ,
dX  dvecX @ved(AXB) = dX T ax —~ (BeA') = (BeA’).

For statement (ii) it follows by using the chain rule and (1.4.15) that

d(AYB) dY dAYB _ dY

li
X dX day ~ax BOA)
1
Proposition 1.4.5. Let the elements of X be m.i.v. Then
dXx’ dX
dix == Kq,p7 @ == Kp,q' (1417)
PRrROOF: Observe that
dX’  dvecX’ d(K, 4vecX) ,
: =K =K,
dX  dvecX (1.3, 30) dvecX pa '

where the last equality is obtained by Proposition 1.3.10 (i). The second equality
in (1.4.17) is proved similarly. 1
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Proposition 1.4.6. Let W be a function of Y € R"** and Z € R**"™, which
both are functions of X. Then

i
. W _DCAW) AW
aX dX dY Z=const. dX dZ Y =const.
(ii) d(YZ) dY y/ ,
x —axZoL)+ 5@ eY'); (1.4.19)

(iii) if z = 2(X) Is a real function,

dYz) dY  dz
X = oY

PROOF: (i): By virtue of the formula for partial derivatives of composite functions
in analysis we have

8Zmn Bwij
~ 0xgn OZmn

811)2-]- o aymn 8’[1}1']'
8xgh B Zn axgh 6ymn

Z=const. Y =const.

Thus, since

8“}11 1V/.2 2\/
Z 8% el @ dy)(ef @ d}),

we may copy the proof of the chain rule given in Proposition 1.4.3, which imme-
diately establishes the statement.
(ii): From (1.4.18) it follows that

d(YZ) dY d(YZ) dZ d(YZ)
aX dX dy Z=const. dX dZ Y =const.
Thus, (1.4.16) yields
d(YZ) dY Z ,
X dX(Z@I) dX(In®Y).
When proving (iii) similar calculations are used. 1
Proposition 1.4.7.
(i) LetY € R™*" and Y° =1,,n > 1. Then
dY™ dY , -
= — Y’ Y') | . 1.4.2
dX aXxX | . Z ®(Y) ( 0
i+j=n—1;

i,j>0
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(ii) Let X be non-singular and the elements of X m.i.v. Then

X—l
ddT =-X"'o X)) (1.4.21)
(iii) Let Y be non-singular. Then
dy-—" dy—1 72. .
=% Y Y Te (YY)
itj=n—1;
i,5>0
dY , _
=% oY e ). (1.4.22)
z+g;§al;

PRrOOF: (i): To prove the statement we shall use induction. For n =1

Y Y

—=—(I, 1,
X~ ax el
and for n =2 N d p
Y Y Y
—=—(Y®I, I,@Y).
aX dX( L)+ dX( 2Y)
Let us assume that the statement is valid for n = k. Then forn =k + 1
dYF d(YYF) dY* , aYy . i
X T ax C ax e+ x(ren
dY ) , dY
= Yio (Y)Y |dIeoY YFoI
x| 2 Ye)|aeY)+ wren
i+j=k—1;
i,7>0
_dyY i Nj+1 k _dy m Nl
*dx_z (Yio (Y)Y +Y ®I)7d7X > Y"e(Y)
i+j=k—1; m+l=k;
i,7>0 m,1>0
(ii): Differentiate the identity
XX ' =1,
After using (1.4.19) we get
dX dX—1!
X 1tol I®X') =
dX( ®I) + X IeX)=0

and therefore

ax—1!
aX

=-X'eDIeX)'=-X"1eX)"
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(iii): Put Y~! = Z. Then, by (1.4.20),

Y™ dz"  dZ o
X X —ax | 2 e

itj=n—1;
1,720
Iy ! L B
=— | 2 (Y he)”
i+j=n—1;
1,720

Hence, the first equality of statement (iii) follows from the fact that
(Y—l)/ _ (Y/)_l.
The second equality follows from the chain rule, (1.4.14) and (1.4.21), which give

dY-! dydy! aY

_ay _ Y o n—1
X “ax av — ax (¥ e,
Thus,
ay " dY . n—1 —i n—j
axX dX(Y @ (Y') ) . Z Yo
i+j=n—1;
i,i>0

and after applying property (1.3.14) for the Kronecker product we obtain the
necessary equality. ]

Proposition 1.4.8.
(i) Let Z € R™*™ and Y € R"*5. Then

AY®Z) [(dY
aX X

dZ
= — ®vec'Z +vec'Y ® ) (LK, ®1L,). (1.4.23)

(ii) Let A be a matrix with constant elements. Then

d(Y®A) _ ay / rXs mxn,
T = G vl AL 9K, @), Y R AER™ (1.4.24)
AARY) dY

% — (X 9 ved A)Krymn (I © Kos @ 1,), Y € R7%5, A € R,

X
(1.4.25)

PROOF: (i): By virtue of equality (1.3.33) it follows that

dY®Z) d
dX " dvecX

(vecY @ vecZ)' (I @ K,y @ Ly,).
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The properties (1.4.16) and (1.4.18) establish
dY ®Z) (
dX | dvecX

vec'Y @ vec'Z)

Z=const.

+ (vec'Y @ vec’Z)’ } Lo K, n@1y)

dvecX
av
dX

Y =const.

dZ
(Is ® vec'Z) + ﬁ(vec’Y ® Imn)] (I, 9K, pn®1,). (1.4.26)
o dA : .
For the two statements in (ii) we note that X = 0. Ifin (1.4.26) Z = A is
chosen, then (1.4.24) is directly obtained. To prove (1.4.25) we first remark that

(1.4.26) reduces to

dARY dy
% = (vec’A ® ﬁ)(ln & Km,s ® I?")a

and then the commutation property of the Kronecker product (1.3.15) gives the
statement. 1

Proposition 1.4.9. Let all matrices be of proper sizes and the elements of X
m.i.v. Then

(i) dtrY  dY )

x = dXvecI, (1.4.27)
(ii) dtr(A’X)

—_—— = A; 1.4.2
X vecA; ( 8)
dtr(AXBX’
(iii) % = vec(A’XB') + vec(AXB). (1.4.29)
PROOF: (i): The first statement follows, since
dtrY _ dY dvec'IvecY dY

I

dX  dX  dY  (aazdX ¢

(ii): The second statement holds because

dtr(A’X) dA'X
X = ax vecl (1;11)(1 ® A)vecl = vecA.

(iii): For the third statement we have to perform more calculations:

dtr(AXBX')
aX
d(AXBX') dtr(AXBX') dAX _ | dBX'
= (=X el
dX  d(AXBX') (1.419)\ dX BX oD+ x

){(I RANBX' ®I) +K,,(I®B)(I®X'A’)}vecl
1.4.11
1.4.17)

= {(BX'®@A’)+ (B'X'® A’)}vecl = vec(A'’XB’) + vec(AXB).

I® X’A')) vecl

—~—
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Proposition 1.4.10. Let X be non-singular and the elements of X m.i.v. Then
d|X|

X =|X|vec(X 1) (1.4.30)
and
d|X|" =
=r|X|"vec(X ). 1.4.31
o =X [veeX ) (1.4.31)

PRrROOF: The statement (1.4.30) will be proven in two different ways. At first we
use the approach which usually can be found in the literature, whereas the second
proof follows from the proof of (1.4.31) and demonstrates the connection between
the determinant and trace function.

For (1.4.30) we shall use the representation of the determinant given by (1.1.6),
which equals

IX| = @i (1) X ).
J
Note that a general element of the inverse matrix is given by (1.1.8), i.e.

(1) X (]

(X7 = ,
’ X

where |X;;)| is the minor of z;;. Then

0|X i B
8|xij| = (=)™ Xl = (X7)5(X].

Since the obtained equality holds for all values of the indices ¢,j = 1,..., p, we get
the desired result by definition of the matrix derivative:

dlx‘ _ —1\/
dix = VeC(X ) ‘X|

For (1.4.31) we are going to utilize the integral representation of the determinant
given in Theorem 1.1.2. This means that at first the derivative

dx|t
dX
is considered and thereafter it is utilized that
dX|" _dX
ax dX

djxX—!
= —p|X 7t |dX |. (1.4.32)

Then

-1 —-1/2
dxX-' _dxXX[7V? _d 1 / T XXyY) g
ax dX dX (2m)P/2 Jg»

- _ 1 1 / dtI‘(X/ny/) e—%tr(X'ny')dy'
2202 Jp X
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Differentiation under the integral is allowed as we are integrating the normal den-
sity function. Using (1.4.28), we obtain that the right hand side equals

1 1 / 7ltr(X'ny')
_§W /]Rp 2vec(Xyy')e™ 2 dy

= —|X'X| 7Y 2vec(X(X'X) L) = — X[ tvec((X')7h),

and therefore, from (1.4.32), it follows that

d|X|T _ r Nn—1
X =r|X|"vec((X')71).
In particular, this relation holds for r = 1, i.e. (1.4.30) is valid. ]

1.4.4 Derivatives of patterned matrices

In Definition 1.4.1 we included the possibility to differentiate the matrix Y by X,
when some elements in X can be repeated or are constants. In many situations
we are interested in differentiating by nonrepeated and non-constant elements, for
example when finding Jacobians. When X is a partitioned matrix, we may want
to find a derivative by a certain block or section of the matrix. In general, we need
a matrix derivative of one patterned matrix by another patterned matrix. The
notion of patterned matrix was considered in §1.3.6. In this case we consider the
matrix derivative as a collection of partial derivatives and not as a representation
of a linear map.

Definition 1.4.2. Let X € R?*9,Y € R"*°, and let X(K) and Y (K3) be two

patterned matrices with patterns K1 and K, respectively. The matrix derivative

dY (K
M is defined by the equality

dY(Ks) d
dX(K,)  dvecX(K,)

vec'Y (Ks), (1.4.33)

with patterns
K, :{(i,j)ZiGIKl,j € JK1§IK1 C {]-7~~~7p}7JK1 C {1,...,(]}},

ng{(i,j)Z’L'EIK2,_]'€JK2;IK2 C{l,...,r},JK2 C {1,...,8}}.

Note that from Definition 1.4.2 the obvious result

dX(K)
dX(K)

=1

follows.



136 CHAPTER [

Theorem 1.4.2. Let X € RP*1, Y € R"*°, and X(K), Y(K3) be patterned
matrices with the corresponding transformation matrices T(K1) and T(K>), given
by (1.3.46). Then

dY (K3) dY

= T(K1) T (T(K)) (1.4.34)

ProoOF: Combining Definition 1.4.2 with (1.3.44) gives that

Z;E;ﬁ; - a(T(K?)VecX) (T(KQ)VeCY)/ — (T(Kl)avfcx> (T(KQ)VGCY)/
= () P (TR’

1
The idea above is fairly simple. The approach just means that by the transforma-
tion matrices we cut out a proper part from the whole matrix of partial derivatives.
However, things become more interesting and useful when we consider patterned
matrices. In this case we have full information about repeatedness of elements in

matrices X and Y, i.e. the pattern is completely known. We can use the transition
matrices T(X) and T(Y), defined by (1.3.61).

Theorem 1.4.3. Let X € RP*7 Y € R"™°  and X(K1), Y(K3) be patterned
matrices, and let T(X) and T(Y) be the corresponding transition matrices. Then

dY (K>) dY

X5, — T X x (T (1.4.35)
and . -
ax ~ T+(X)CD<EKT)(T+(Y))’7 (1.4.36)

where T(-) and T (-) are given by Corollaries 1.3.11.2 and 1.3.11.3, respectively.

PROOF: The statement in (1.4.35) repeats the previous theorem, whereas (1.4.36)
follows directly from Definition 1.4.1 and the basic property of T (.). ]

Theorem 1.4.3 shows the correspondence between Definitions 1.4.1 and 1.4.2. In
the case when the patterns consist of all different elements of the matrices X and
Y, the derivatives can be obtained from each other via the transition matrices.
From all possible patterns the most important applications are related to diag-
onal, symmetric, skew-symmetric and correlation type matrices. The last one is
understood to be a symmetric matrix with constants on the main diagonal. Theo-
rem 1.4.3 gives us also a possibility to find derivatives in the cases when a specific
pattern is given for only one of the matrices Y and X . In the next corollary a
derivative by a symmetric matrix is given, which will be used frequently later.

Corollary 1.4.3.1. Let X be a symmetric p x p—matrix and X% denote its upper
triangle. Then
dX

axa ~ Gt
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where G,, is the transformation matrix of the upper triangle defined by (1.3.49)
and (1.3.50), and Hy, =L + K, , — (K, ;)4- 1

In the following Proposition 1.4.11 we present the derivatives of matrices with some
basic dependence structures. The formulae are closely related to the corresponding
pattern matrices as can be seen from the expressions in Proposition 1.4.11 and
Propositions 1.3.18 — 1.3.21.

Proposition 1.4.11. Let X € RP*P. Then

(i) for the diagonal matrix Xq4

< = (Kpp)d; (1.4.37)
(ii) for the symmetric matrix X
dX

=L+ Ky — (K (1.4.38)

(iii) for the skew-symmetric matrix X

dXx
ﬁ = Ip2 — Kp,p; (1439)
(iv) for the correlation type matrix X
dX
dix = Ip2 + prp - 2(Kp,p)d' (1440)
1

1.4.5 Higher order derivatives

Higher order derivatives are needed later in series expansions. A natural way
of extending the concept of matrix derivative to higher order derivatives is by a
recursive definition.

Definition 1.4.3. The matrix derivative of order k of Y by X is defined as the
matrix derivative of the matrix derivative of order (k — 1) of Y by X:

d*Y d (dYY
dY
where X is defined by (1.4.7). 1

The following property shows how the k—th order derivative can be presented
non-recursively through the differential operator in (1.4.7). Moreover, in §1.4.3 we
considered Fréchet derivatives and noted their relation to tensor products. Remark
that one can generalize this result to higher order derivatives and observe that a
multilinear mapping with a corresponding higher order tensor product (Kroneck-
erian power in matrix language) will be obtained.
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k
Theorem 1.4.4. The k—th derivative Xk can be written as
d*Y 0 , 0 1o}
—_—= YR —— R Q@ ——. 1.4.42
dXk  OvecX vee Y @ Ovec’X ©e Ovec’X ( )

k—1 times

PRrROOF: The statement is proved with the help of induction. For k = 1, the
relation (1.4.42) is valid due to the definition of the derivative in (1.4.7). Suppose
that (1.4.42) is true for k =n — 1:
d" Y 0 'Y @ 9] _— 0
= V —_— ... _—
dXn—1  gvecX Ovec’X Ovec’X
(n—2) times
Let us show that the statement then also holds for k = n:
d*Y 0 ,dvYY
= vec
dXk  dvecX dXn—1
0 0 , 0 0

!
p— Y RS
OvecX vee (8vecXVGC © Ovec’X © © Ovec’X )

(n—2) times

_ 9 vec'Y ® _9 R - _9_
~ OvecX Ovec’X Ovec’X

n—1 times

1
Another important property concerns the representation of the k—th order deriva-
tive of another derivative of lower order.

Theorem 1.4.5. The k—th order matrix derivative of the l—th order matrix
derivative % is the (k + I)—th order derivative of Y by X:
d* (dY d" Y
aXE (Xm> Gk
PROOF: By virtue of Definition 1.4.3 and Theorem 1.4.4

ﬁ dl—Y = i(7vec’Y® ® 0 )
dXk \ dX! ) dXF \dvecX Ovec’X Ovec’X

l—1 times

ec'Y ® 0 ®-® 0 ® 0 ® 0 ® - ® 0
pr— V —_— PR P [
OvecX Ovec’X Oovec’X — Ovec’X — Ovec’X Ovec’X
| times k—1 times
dk-‘,—lY
= X

1.4.6 Higher order derivatives and patterned matrices
A natural generalization of higher order derivatives to patterned matrices is given
below.
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Definition 1.4.4. Let X(K1) and Y (K3) be patterned matrices with the patterns
K7 and Ko, respectively. The k—th order matrix derivative of Y (K3) by X(K7)
is defined by the equality

d*Y (Ks) d d* 1Y (K,)
= k>2 1.4.43
dX(Kl)k dX(Kl) dX(Kl)k71 ’ -7 ( )
Y(Ks) .
where m is defined by (1.4.33) and the patterns Ky and Ko are presented
1
in Definition 1.4.2. ]

In the next theorem we shall give the relation between higher order derivatives of
patterned matrices and higher order derivatives with all repeated elements in it.

Theorem 1.4.6. Let X(K;) and Y (K3) be patterned matrices with transition
matrices T(X) and T(Y), defined by (1.3.61). Then, for k > 2,

k k ,
m - T(X)% (T(X)®(k_1) ® T(Y)) , (1.4.44)
d"Y dFY (K>)

= =T )W (T+(X)®<’“*1>®T+(Y)>'. (1.4.45)

Proor: To prove the statements, once again an induction argument will be ap-
plied. Because of the same structure of statements, the proofs of (1.4.44) and
(1.4.45) are similar and we shall only prove (1.4.45). For k = 1, since T(X)®" =1
and TT(X)®Y = 1, it is easy to see that we get our statements in (1.4.44) and
(1.4.45) from (1.4.35) and (1.4.36), respectively. For k& = 2, by Definition 1.4.2
and (1.4.36) it follows that

eY d (dY\  d Y (K) ,
e ax ()~ ax (TGRS YY)

Definition 1.4.1 and assumptions about the transition matrices give

% - dvjcxved (T+(X) ZEE?;TWY)/)
=T (X)——vee! D) oy g (x)

dvecX (K1) - dX(K,)

Using property (1.3.14) of the Kronecker product we get the desired equality:

2
% =(T*"X)® veczzglfgj; )(dvec/;i((lﬁ) ® (TH(X) @ TT(Y)))
Y (1)

=T7(X) (TH(X) ® TT(Y))".

dX (K, )?
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Assume that statement (1.4.45) holds for k =n — 1:

-y ALY (K)

T _ T+(X)W (T+(X)®(n72) ® T+ (Y))I .

Let us show that then (1.4.45) is also valid for k& = n. Repeating the same argu-
mentation as in the case k = 2, we get the following chain of equalities

Y d <d”1Y)

dXn X \ dXn-1
T (X) v {TH (X) Y ()20 o TH(Y )}
dvecX (K1) dXn—1
n—1
—TH(x)- Y (X)) @ TH(Y))

dvecX(Ky) C dXn—1

e (T (X)2(" ) & T (V).

=T (X) x

In the case of symmetric matrices we shall reformulate the statement (1.4.45) as
a corollary of the theorem.

Corollary 1.4.6.1. Let X € RP*P|'Y € R"™*" be symmetric matrices and Y a,
X the lower triangles of these matrices. Then

d*Y d*Y A !
. (k-1
Xt =Dr A ((D;) ( )®Dj) : (1.4.46)
where D} is defined by (1.3.64). 1

1.4.7 Differentiating symmetric matrices using an alternative derivative
In this paragraph we shall consider another variant of the matrix derivative,
namely, the derivative given by (1.4.2). To avoid misunderstandings, we shall

dY dY
denote the derivative (1.4.2) by = instead of X which is used for the matrix

derivative defined by (1.4.7). The paragraph is intended for those who want to go
deeper into the applications of matrix derivatives. Our main purpose is to present
some ideas about differentiating symmetric matrices. Here we will consider the
matrix derivative as a matrix representation of a certain operator. The results
can not be directly applied to minimization or maximization problems, but the
derivative is useful when obtaining moments for symmetric matrices, which will
be illustrated later in §2.4.5.

As noted before, the derivative (1.4.2) can be presented as

L =3 2 () @ () (1.4.47)
ijkl

(%ckl
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where r;, s;, fi, g are the basis vectors of sizes r, s, p and ¢, respectively. Assume
that X consists of mathematically independent and variable (m.i.v.) elements.
However, when X : n x n is symmetric and the elements of the lower triangle of
X are m.i.v., we define, inspired by Srivastava & Khatri (1979, p. 37),

k=1

811/".7 / 1? )
((ris}) ® (eufif))), em = (1.4.48)
2}; 0y %7 k#1.

In §1.4.4 the idea was to cut out a certain unique part from a matrix. In this para-
graph we consider all elements with a weight which depends on the repeatedness
of the element in the matrix, i.e. whether the element is a diagonal element or an
off-diagonal element. Note that (1.4.48) is identical to

7:72 8ym (fkfl+flfk +Z y

4 ((ry8]) @ fi £,
837kl Tk 7) @ fifi).

ijk

A general basic derivative would be

Oyij
oy,

ijkl

ez] & dkla

where {e;;} is a basis for the space which Y belongs to, and {dy;} is a basis for
the space which X belongs to. In the symmetric case, i.e. when X is symmetric,
we can use the following set of matrices as basis dy;:

1
i(fkfl/+flfli;)a k<, fkf,;, kl=1,....p

This means that from here we get the derivative (1.4.48). Furthermore, there is
a clear connection with §1.3.6. For example, if the basis matrices %(f;cfl’ + fif}),
k <1, and fif] are vectorized, i.e. consider

1
i(fl®fk+fk®fl)7k<l, fr ® fi,

then we obtain the columns of the pattern projection matrix M(s) in Proposition
1.3.18.

Below we give several properties of the derivative defined by (1.4.47) and (1.4.48),
which will be proved rigorously only for the symmetric case.

Proposition 1.4.12. Let the derivatives below be given by either (1.4.47) or
(1.4.48). Then

(i) d(ZY) _ dZ 2 yvons@zendy n'g
dX  dX dx’




(iii)

(iv)

(vii)

(viii)

CHAPTER 1
for a scalar function y = y(X) and matrix Z
d(Zy) dZ dy

dX dX dX

for constant matrices A and B and X € RP*"™

d(AYB)

dY
= (A®L)~—(B®1IL,):
= ( p)dX( )

for Y € R9%", Z € R**t, being functions of X € RP*",

d(Y @ Z) dz dz
————=Y®~—+ (K s 9L)(Z® =—)(K; ® L,);
= y (Kq,s ® Ip)( dX)( t )

if Y € R?*? is a function of X € RP*"™, then

d(try 1 dyY
(try) _ Z(e;n@)Ip)a(emeIn),

where e, is the m—th column of I ;
it Y € R?7*? is non-singular and a function of X € RP*™ then

dy 1
dX

dY
=—(Y!'oL)=—(Y 'L,
( p)dx( n)
if X € RP*™, then

dX - {veprvec’In if X is m.i.v.,
ax %{Veprvec’Ip +K,,} ifX:pxp issymmetric;
if X € RP<", then

dx’ { K., if X is m.i.v.,
ax ${veclvec'l, + K, ,} if X : p X p is symmetric;
for a constant matrix A

dtr(A’X) { A if X is m.i.v.,
ax $(A+A’) if X is symmetric;
for constant matrices A and B
BXA + B'XA’ if X is m.i.v.,
= %(BXA +B'XA’+ A’XB’ + AXB)

if X is symmetric;

ditr(XAX'B)
dx
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(xi) if AXB is non-singular with A and B being matrices of constants, then
-A'(B'X'A)YB'X'ANIB if X is miv.,
= —%{A/(B’XA')_l(B’XA’)_lB’
+B(AXB) }(AXB)'A} if X is symmetric;

dir((AXB)™1)
dX
(xii) for a non-singular X and any real r

dX|

=L — (X)X
X (X)X

PROOF: (i): Suppose that X is symmetric. Straightforward calculations yield

d(ZY) _ Z 827” ZimYmyj (I‘iS}) ® (eklfkfl/)

ax G O
0 OYmg
= Z Z sz mj + Zim Y (ris}) @ (enfif])
ijkl m axkl

azzm ayn 11
- ZZZ (3x . + Zim o J) (ris;,s,8;) © (exfrf))

ijkl m n ki

dZ dY
=—(YeD)+(ZI)—,

X dX

since

(rishshs)) @ (eufuf]) = (rish, @ efif)) (shs; © 1)
= (ris’m X Ip)(STILSE ® Eklfkfl/)-

(ii): Similarly, for a symmetric X,

Z azljy / (lefkfl/)

ikl 8$kl
_Zy U I'l (eklfkfl +ZZL I'S (9 a eklfkfl)
Oxy, / oxy,
15kl ijkl
dZ Y
==——yY+7Z®=.
dX dX

(iii): From (i) it follows that

d(AYB) dYB dy
dx 1
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(iv): By using (i) and Proposition 1.3.12 we get
AY®Z) d(I,®Z)(Y®L))
dx dx

_M(Y@)It@I )+ (1, ®Z31,)
X

M. (1.4.49)

Now

dZ

A1, ® Z dZ
&(Y@@Itm ) =L L) YeLoL)=Y®o 22 (1450
X X

and

d(Y @I dKy (I, @ Y)K, )
dX
d(It ®Y)

1,0 Z®1L) 1,0 Z oL,

=, ®ZcI,) (K @1)) (K¢r @1,)

dY
:(Kq,s ® Ip)(z QI ® Ip)(It ® ﬁ)(Kw’ ® In)

dY
=Ky 01)(Z 0 =) (Ko @ 1) (1.4.51)

Thus, inserting (1.4.50) and (1.4.51) in the right-hand side of (1.4.49) verifies (iv).
(v): Since ), sms;, =1, it follows that

trY = tr (Z sms;nY> = Z tr(sms,,Y) = Z tr(sl, Ysy,) = Z st Ysm

and then (iii) implies (v).
(vi): Observe that
Y'Y dy~! dY
0=———=———(YoD+ (Y 'ol)=—.
X dX dX

(vii): Here it is noted that

dX
dx
ox;
Za L( ® (rxs))) = > ((rxs)) @ (rasy)),
Gkl Ok Kl
)i
o 0x;; 1
> ® (eurrry)) = Y 5((rxry) @ (raxy) + (rirh,) ® (rpry))
ijkl axkl .
B {veprvec I, if X is m.i.v.,
N %{veclpvec’Ip +K,,} if X:pxpissymmetric.
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(viii): If X is m.i.v., then

dX’ 0,
=2 G s @ (rus])) = D ((sur}) @ (resf) = Koy,
igkl kl

(ix): By virtue of (iii), (v) and (vii)

dtr(A’X) . JXS
— => (s A®I)dx(m®1)

Yo vec(Asy, )vec' (sp,) = >, Asys,, = A if X is m.i.v.,
= % Y mivec(Asy,)ved (sm) + Ky pvec(A'sy, )ved (sp)} = %(A + A')

if X is symmetric.

m

(x): Similar calculations show that

ax
B {Zm Sms, B'XA + Bs,,s, XA’
- % Zm Sm SmB XA’ + AXBSm Sm + A/ )(SmSm

_ [BXA+ B'XA’ if X is m.i.v.,
1(BXA + B'’XA’' + A’XB’ + AXB) if X is symmetric.

B’ + Bs,,s’ XA

m

(xi): From (v), (vi), (vii) and (iii) it follows that
dtr((AXB) 1)

dX

Y (s, @ D(=((AXB)™! @ 1))

m

dAXB

(AXB)™' @I)(en @ 1)

—Z (AXB)'A) ®I)§;((B(AXB)‘1sm) )

_Zvec A'(B'X'A") s, )vec (B(AXB) !s,,)

fZ%{vec(A’(B’X'A’)*1sm)vec’(B(AXB)*1sm)

+((s7,(AXB)"'A) @ DK, ,((B(AXB) 's;,) @ I)}
—A'(B'X'A")"Y(B'X'A/)"'B’ if X is m.i.v.
—L{A/(B'’XA/)"(B'XA')"'B’ + B(AXB) (AXB) A}

if X is symmetric.

(xii): The statement holds for both the m.i.v. and the symmetric matrices and the
proof is almost identical to the one of Proposition 1.4.10. 1
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1.4.8 Minimal derivatives

Dealing with higher order derivatives, one practical problem is how to select the
different partial derivatives from all possible combinations of partial derivatives.
Matrix derivatives of any order which consist of all different partial derivatives,
where each partial derivative appears only once, will be referred to as minimal
derivatives. For the first derivatives one solution to the problem was given in §1.4.4
where derivatives by patterned matrices were considered. If one is interested in
higher order derivatives, a solution to the problem can be obtained by applying
differentiation of patterned matrices iteratively when using different patterns K
which depend on the order of the derivative. Parallel to this possibility another
approach can be used. In the papers by Kollo & von Rosen (1995a, 1995b) the
derivative is defined in a slightly different way from what is standard. The deriva-
tive which we are now going to examine is based on the vectorization operators
V() and R(-) described in §1.3.7.

Let X(K) be a patterned matrix which consists of all different elements and
vecX(K) the k—vector consisting of the elements of X(K). In the case of a
symmetric matrix X the vectorization operator V(-) can be used to perform the
selection of different elements of X in the form of the upper triangle of X.

Definition 1.4.5. Let X(K;) and Y(K>) be two patterned matrices, where the
elements of Y (K5) are functions of the elements of X(K7). The j—th order mini-
mal derivative is given by the equality

Y (Ks) _ Vi ( d (gjlY(KQ)>> (1.4.52)

dX (K, )i dvecX (K1) \ dX(K;)i—1
with R
dY (Ks) _ 1 (dY(K2)>
=V | <=, 1.4.53
dX(Ky) dX (K1) ( )
d
where the derivative WKQ) is defined by (1.4.33) and the vectorization operator
1
V3 by (1.3.75). ]

If X and Y are symmetric matrices and the elements of their upper triangular

parts are different, we may choose vecX(K7) and vecY (K2) to be identical to

V2(X) and V2(Y). Whenever in the text we refer to a symmetric matrix, we

always assume that this assumption is fulfilled. When taking the derivative of
. . : : _ady

a symmetric matrix by a symmetric matrix, we shall use the notation — and

will omit the index sets after the matrices. So for symmetric matrices Y and X
Definition 1.4.5 takes the following form:

aY d -1y
—_ . = V] = 5 1454
dXi (d(Vz(X)) (an‘l)) (1454

Y, (dVA(Y))
=~ =V (> (1.4.55)

with
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A

The next theorem shows that for symmetric matrices § consists of all different
J

partial derivatives of j—th order. However, it is worth noting that the theorem is

true for matrices with arbitrary structure on the elements.

Theorem 1.4.7. Let X, Y be symmetric matrices with Y = Y(X). Then the
8jygh

] b
T

derivative, defined by (1.4.54), consists of all different partial derivatives
which appear only once.

PROOF: To prove the theorem it will be shown that (1.4.54) is determined by the
same construction as the product vectorizing operator R’(-) and the statement
follows then from the uniqueness of the elements of R7(-). First let us define, on
the basis of V7(-), a composition operator Q7 (-).

Definition 1.4.6. For symmetric A :n xn
Q@A) = VIQITHA) O VAAY),  j=12..., (1.4.56)

where QY(A) = 1 and ® is a composition operation which is specially defined for
different forms of Q7 (A). I

There are two important special cases of 7(A), which will be referred to in the
proof of Theorem 1.4.7. From (1.3.77), which defines the product vectorization
operator R’ (-) for symmetric matrices, it follows that the operator Q7(-) turns into
RI(+), if the composition operation is the usual matrix product operation. When
the composition is the differentiation procedure, the operator Q?(-) turns into the
j—th order matrix derivative given by (1.4.54). We have shown in Theorem 1.3.13
that R’(A) consists of all different monomials of order j. Because of the same
structure of Q7(-) for different composition operators, we get the statement of the
theorem immediately. 1

1.4.9 Tables of derivatives
In this paragraph the derivatives given by (1.4.7), (1.4.47) and (1.4.48) are sum-
marized and their properties presented in two tables.
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Table 1.4.1. Properties of the matrix derivatives given by (1.4.47) and (1.4.48).
If X:pxnismiv., then (1.4.47) is used, whereas if X is symmetric, (1.4.48) is
used. If dimensions are not given, the results hold for both derivatives.

Differentiated function Derivative
74y dY dZ
x X N
dZ dyY
Y — (YD) + (ZxI)=—
dx dX
dZ dy
Z = +7ZQ =
Y x'T X
dyY
AYB (A®I, )d B®l,)
dZ dY
Y®Z, Y eR™"ZeR> Y® =—+ K :s0L)(Z0 =) (K ®1,)
dX dX
2 Y
tI‘Y, Y € R9%4 Z e & I (em ®I )
m=1 X
1 dY
Y (Y 'eL)=— (Y '®I,)
dx
X, X is m.i.v. vecI,vec'I,,
X, X is symmetric 3 (vecIvec'I, + K, )
X/, X is m.i.v. K, ,
tr(A’X), X is m.iv. A
tr(A’X), X is symmetric 1A+ A)
tr(XAX'B), X is m.iv. BXA + B'XA’

tr(XAX'B), X is symmetric 1(BXA + B'’XA’ + A’XB’ + AXB)
IX|", reR (X))~ HX]|"
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Table 1.4.2. Properties of the matrix derivative given by (1.4.7). In the table
X e RP*? and Y € R"™*%.

dY
Differentiated function Derivative X Formula
X L, (1.4.9)
cX clyg (1.4.10)
A'vecX A (1.4.12)
dY dZ
Y+Z d—Xer—X (1.4.13)
dZ  dY dZ
Z=7Z(Y),Y =YX — = ——— 1.4.14
W)Y =YX == (1.4.14)
dY
Y = AXB — =B®A’ 1.4.15
dX ® ( )
dZ. dY
Z = AYB — =——(B A’ 14.1
X~ x BeA) (1.4.16)
X’ K,p (1.4.17)
dW dY dW dZ dW
W =W (Y (X),Z(X —_— = = —_—_— 1.4.18
( ( )’ ( )) dX dX dY Z=const. dX dZ Y =const. ( )
dW dY dZ
_ sXt - 2 - 4
W=YZ, ZcR X dX(Z®I’")+ dX(L@Y) (1.4.19)
dY™ dY , .
Y Y'=1,n>1 = — Y'® (Y 1.4.2
’ rh= X dx{,z @ )} (1.4.20)
i+j=n—1;
,5>0
X1, X eRpxp X 1e X))t (1.4.21)
dy—" dY ) )
Y-—"n 0 _ > - _ Y_’_l Y/ —j-1 1.4.
Y=L on>1 —o dx{, > 2 (Y') } (1.4.22)
i+j=n—1;
,5>0
dY dZ
Y®Z, Zc RmXxn {d}( ® vec'Z + vec'Y (024] d}(}(lé ® K'r,'n ® Im) (1423)
dY ,
Y®A, AcRm* (ﬁ @vecA) I, 9 K, , ®1,,) (1.4.24)
dY ,
ARY, AcRmxn (ﬁ Q@ vec' A)Kys mn(In @ Ky s ® 1) (1.4.25)
tr(A’X) vecA (1.4.28)
|X], X eRrxp |X|vec(X 1) (1.4.30)
X4, X eRPxP (Kpp)d (1.4.37)
. dX pxp
X — symmetric X = L+ K, — (Kpp)d, XeR (1.4.38)
. dX «
X — skew-symmetric —— =L, — K, X € RP*P (1.4.39)

dX
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1.4.10 Taylor expansion
A basic tool for further studies in the following chapters is the Taylor series ex-
pansion. We will derive a general formula, which is valid for a matrix function
with a matrix argument:

f:RPXY — R™5,

Because of the isometry between the vector spaces RP*? and RP? (see §1.4.2),
the study of a mapping f is equivalent to the study of a function defined on
the Euclidian space RP? which maps on R™. In this paragraph we are going to
convert classical Taylor series expansions of multivariate functions into compact
matrix forms.

Let us remind of the one-dimensional case. When f is an ordinary univariate real
function, it can be expanded into a Taylor series in a neighborhood D of a point
xo if f(x) is (n + 1) times differentiable at xq:

" 1d
=y = (z — x0)" + 7, (1.4.57)
k=0 k T=T0
where the error term
1 dﬂ+1f(x) n+1
Ty = GRSV s (x — )", for some & € D.

When f(x) is a function from R? to RY, every coordinate f;(x) of f(x) can be
expanded into a Taylor series in a neighborhood D of x, if all partial derivatives
up to the order (n + 1) of f(x) exist and are continuous in D:

fz(X) = fi(XO)

afi( ~ i
+ § f (x=%0)iy + 5 1. B filx (x = Xo0)i, (x —X0)iy
! ur:tlﬁa:t2
ll 1 X=X 11,12 1 _
0 X=Xq
1< " fi(x) ;
+"'+m_ E F (x = X0)iy X v+ X (X =X0)i, + 70,

(1.4.58)

where the error term is

;1 u "t fi(x)
n = (n+1)! Z 0x;, ... 0w,

D1 yeeesly =1
Tyeensbnt1l x=¢€

(X —=X0)i; X+ X (X =%X0)ip s>
for some £ € D.

In the following theorem we shall present the expansions of the coordinate functions
fi(x) in a compact matrix form.
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Theorem 1.4.8. If the function f(x) from R? to R? has continuous partial deriva-
tives up to the order (n+ 1) in a neighborhood D of a point Xq, then the function
f(x) can be expanded into the Taylor series at the point xq in the following way:

f(x) = f(xq) + ,ékl' (Iq ® (x — XO)@(k—n)’ (Cﬁ((;@)

(x —x0) + 1y,

- (1.4.59)
where the error term is
1 o drE(x)
_ ®(k—1
SRR (@ ® (x—x0) 1) ( dxn 1 ) 7E(X7XO)’

for some & € D, (1.4.60)

and the derivative is given by (1.4.41).

PROOF: The starting point of the proof will be (1.4.58), which holds for the co-
ordinate functions f;(x) of

f(x) = Zfi(X)di = (1(x), f2(x),.., fo(x))".

e, (di®e;, ®---®e;,_,)", (1.4.61)

B - " fi(x)
_Z Z_ 0x;, ...0x;,

where e;, and d; are unit basis vectors of size p and ¢, respectively. Premultiplying
(1.4.61) with (x — x¢)" and postmultiplying it with I, ® (x — x0)®*~1 yields

X=Xp

(I, ® (x = x0)¥*71)

- q P oF COhix)
7%1‘ Z 0x;, ...0x;,

Since f(x) = >, fi(x)d;, it follows from (1.4.58) that by (1.4.62) we have the
term including the k—th derivative in the Taylor expansion for all coordinates (in
transposed form). To complete the proof we remark that for the error term we
can copy the calculations given above and thus the theorem is established. ]

d;(X — XO)il X oo X (X — XO)ik- (1462)

X=X0

Comparing expansion (1.4.59) with the univariate Taylor series (1.4.57), we note
that, unfortunately, a full analogy between the formulas has not been obtained.
However, the Taylor expansion in the multivariate case is only slightly more com-
plicated than in the univariate case. The difference is even smaller in the most
important case of applications, namely, when the function f(x) is a mapping on
the real line. We shall present it as a corollary of the theorem.
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Corollary 1.4.8.1. Let the function f(x) from RP to R have continuous partial
derivatives up to order (n + 1) in a neighborhood D of the point xqg. Then the
function f(x) can be expanded into a Taylor series at the point Xq in the following
way:

n i ,
7 +k2—:1;' %= %) (tici]:c(’f)()> (x —x0)®* V) 41, (1.4.63)

X=Xp
where the error term is
1 dnt! ’
Ty = m(x —xg)’ (clx’;f*‘(f)> y (x —x0)®", for some & € D,
(1.4.64)
and the derivative is given by (1.4.41). 1

There is also another way of presenting (1.4.63) and (1.4.64), which sometimes is
preferable in applications.

Corollary 1.4.8.2. Let the function f(x) from RP to R have continuous partial
derivatives up to order (n + 1) in a neighborhood D of the point xqg. Then the
function f(x) can be expanded into a Taylor series at the point x¢ in the following
way:

00 = Fx0) + 32 (600 vee (2S00

dxk

, for some § € D,

(1.4.66)
and the derivative is given by (1.4.41).

PRrROOF: The statement follows from Corollary 1.4.8.1 after applying property
(1.3.31) of the vec-operator to (1.4.63) and (1.4.64). 1

1.4.11 Integration by parts and orthogonal polynomials

A multivariate analogue of the formula of integration by parts is going to be
presented. The expression will not look as nice as in the univariate case but later
it will be shown that the multivariate version is effective in various applications.
In the sequel some specific notation is needed. Let fQ F(X)dX denote an ordinary
multiple integral, where F(X) € RP*! and integration is performed elementwise of
the matrix function F(X) with matrix argument X € R?*™. In the integral, dX
denotes the Lebesque measure [, _ Loql=1.. m ATk Furthermore, fQ\Iij means

that we are integrating over all Varlables in X except x;; and dX\,,, = d'X/ dxj,
i.e. the Lebesque measure for all variables in X except z;;. Finally, let 09 denote
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the boundary of 2. The set {2 may be complicated. For example, the cone over all
positive definite matrices is a space which is often utilized. On the other hand, it
can also be fairly simple, for instance, 2 = R?*™. Before presenting the theorem,
let us recall the formula for univariate integration by parts :

B o d9(@)
€N /Qf( ) dz

Theorem 1.4.9. Let F(X) € RP*!, G(X) € R™*", X € R?*™ and suppose that
all integrals given below exist. Then

dx.

| 8 gyt = pwygto)
Q

/ dGX) 1 o F/(X))dX + / IFX) Gx)1,)dX = Q,

ax o dX
Ty EBQ)

I'={u,v:u=1,...,q,v=1,...m} and the derivative is given by (1.4.7).

where

Q- (e ody) ( R

dx
u,vel uv

dF(X dG(X
PROOF: Note that dg( ) € RI™*Pt and d§( ) € RI™*  We are going to
integrate the derivative
AFX)GX),y

dT e

The first fundamental theorem in analysis states that

d(F(X)G(X));4
/ Mcﬁxwdx\m = / (F(X)G(X))s Xz,
o dxuv Q\Tyo
Ty EOQY
which implies
/ Md%vdx\zw — / F(X)G(X) dX\z,,
Q dfl;m; O\ Loy EOLY

Thus, the theorem is verified since

q - [ MO

(1.2.16) /ﬂ d(;;x) (I®F'(X))dX + /ﬂ dﬂg) (G(X) @ T)dX.

If F(X)G(X)|Xweaﬂ =0,u=1,...,¢q,v=1,...,m, then Q = 0. Suppose that
this holds, then a useful relation is presented in the next corollary based on this
fact.
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Corollary 1.4.9.1. If F(X)G(X)| oa=0,u=1...,qv=1,...,m, then

Tuw €O

/n dfg J(@(x) @ T,)ax = - /Q d(jzr;cx) (In ® F'(X))dX,

and the derivative is given by (1.4.7). 1

In the following some general ideas of generating orthogonal polynomials will be
discussed. Suppose that f(X) € R, X € R?*™ is a function such that

d*f(X)
dX*

= Py(X)f(X), (1.4.67)

where P(X) is a polynomial in X of order k, i.e. Y1 ¢;vecX (vec’X)®1~ 1, where
¢; are known constants. Furthermore, suppose that on 0Q2
d"P;(X)
¢ ——f(X) =0;
dXr Ty EON
r=0,...0<k,u=1,...,q,v=1,...,m. (1.4.68)

vecPy_._1(X)ve

Theorem 1.4.10. Suppose that (1.4.68) holds. Then, for k > 1,

/ vecP (X)vec'Py(X) f(X)dX = 0.
Q

PROOF: First it is noted that for » = 0 the equality (1.4.68) implies that in
Theorem 1.4.9

d
Q zvec/ —{vecPy_1(X) @ vecP(X) f(X)}dX = 0.
o dX
Hence, from Corollary 1.4.9.1 it follows that

0= Vec/ P (X)(I® vec'P (X)) f(X)dX
Q

dPy(X)
dX

+ Vec/ (vecPp_1(X) ® ) f(X)dX,
o
which is equivalent to

0=H] / vecP},(X) ® vecP(X) f(X)dX
Q

~H? / vecPk_l(X)@)vechl(X) f(X)dX
o X

for some known non-singular matrices H} and H?. Thus,

dPy(X
H! /Q vecP(X) @ vecP(X) f(X)dX = H? /Q vecP)_1(X) ® vec dl)(( ) f(X)dX.
(1.4.69)
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We are going to proceed in the same manner and note that

d dP;(X
0= Vec/n ﬁ{vecPk,g(X) ® vec dl}(( >f(X)}dX

dP;(X
d

=H!} /ﬂ{vecPk_l(X) ® vee—-~ )f(X)}dX

2P (X)

—H3 /ﬂ{vecPk,g(X) ® VeC— s

f(X)}dX
for some non-singular matrices H3 and H3. Thus,

/ vecP g (X) @ vecP(X) f(X)dX
Q

:(H%)1H%/ﬂ{vecPk1(X)®Vech:;)((X)f(X)}dX

(D)2 / (vecPy_»(X) @ vee o) pixnix ..

Q dXx?2
d'P;(X
~(E]) Y U ()R [ (e (X) @ vee T 00X
Q
. . . Pi(X) . ,
However, since P;(X) is a polynomial of order , X[ sa constant matrix

and since, by assumption given in (1.4.68),

d
/n P 1(X)£(X)dX = /Q S P (X)f(X)X = 0.

It has been shown that vecP(X) and vecP;(X) are orthogonal with respect to
f(X). '
Later in our applications, f(X) will be a density function and then the result of
the theorem can be rephrased as

E[vecPr(X) ® vecP;(X)] = 0,

which is equivalent to
E[vecP(X)vec'P;(X)] = 0, (1.4.70)

where E[e] denotes expectation.
1.4.12 Jacobians
Jacobians |J(Y — X)|+ appear in multiple integrals when the original variables

are transformed, i.e. assuming that the multiple integral is well defined and that
the functions are integrable

/F(Y)dY = /F(G(X))|J(Y — X)|4dX,
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where Y = G(X), for some one-to-one matrix function G(e). In a statistical
context Jacobians are used when density functions are transformed. Observe the
well-known relation from calculus

Y = X)|+ = [IX = Y)[7"

The Jacobian matriz of the one-to-one transformation from Y = G(X) to X is
given by
dvecY (K1)
JY - X) = ————=
(¥ = X) dvecX(K,)’

where K7 and K> describe the patterns in Y and X, respectively. For notational

k1 . d of dVGCY(Kl)
dp, X Stead O G X (Ko)
The absolute value of the determinant of J(Y — X)), i.e. |[J(Y — X)|;, is called
the Jacobian of the transformation. Many useful results and references on Jaco-
bians can be found in the books by Srivastava & Khatri (1979), Muirhead (1982),
Magnus (1988) and Mathai (1997). In particular we would like to mention the
classical references Deemer & Olkin (1951) and Olkin & Sampson (1972). In this
paragraph we will present some of the most frequently used Jacobians. The pur-
pose, besides presenting these Jacobians, is to illustrate how to utilize the notions
of patterned matrices and matrix derivatives.

Theorem 1.4.11. Let Y = F(X) and X = G(Z). Then

convenience we will often use in this paragraph.

JY—-2)=J(Y - X)J(X = 2Z).

PROOF: The chain rule, given by Proposition 1.4.3, establishes the theorem. g

The next theorem is taken from Srivastava & Khatri (1979, Theorem 1.11.2).
However, we shall give a different proof.

Theorem 1.4.12. Define the conditional transformation as

Y1 =f1($17$2,~~~,$n);

Y :fi(yhy%" Yi—-1,T1,T2,. axn) 1= 1323"'377'
Then

n
|J(ylay2,~~'7yn — T1,T2,. .. axn)‘+ = H |J(y1 - x1)|+
i=1

ProOF: We will once again apply the chain rule

dVGC(yl, Yz, ... 7yn) _ dVGC(yl, Y2,y Yn—1, xn) dvec(ylv Y2y, yn)
dvec(xy, Ta, ..., Tp) dvec(zy,Ta, ..., Tn)  dvec(yi, Yo, -y Yn—1,Tn)

dvec(y1,Y2, - - -y Yn—1) 0 ( 1 0)

dvec(x1, T2, ..., Tn_1) J

’ VeC(Y1,¥Y2,-- - Yn—1 d

dvec(y1,y2, .-, Yn—1) . (y yda: n—1) ﬁ
dﬂ?n n
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Thus, because of the triangular structure of the variables,

_ | dvec(yr,ya, - Yn1)
dvec(z1,22, ..., Tp_1)

A
dz.,

|J(y17y2a"'ayn - 1‘1,$2,-.-,xn)|+

+ +

and then it follows that

n
(1,92, Y — @1, 25 T[4 = H | (yi — )|+
i=1

In the following certain linear transformations will be considered.

Theorem 1.4.13. Let A : n x n be non-singular, V symmetric and W skew-
symmetric.

(i) [J(AVA’ — V)|, = |A],
(i) |J(AWA' — W), = [A|17".

Proor: Without loss of generality we suppose that the eigenvalues of A’A are
non-zero and distinct. Now

dk;:\‘/;A’ ) _ CZ;\,[ (A/ ®A’)T’(s) X = %(T"‘(s))'(A’ ®A’)T/(s) .
=[(T*(s)) (A" @ A)T'(s)| ., (1.4.71)

where T(s) and T%(s) are given in Proposition 1.3.18 and the index k in the
derivative refers to the symmetric structure. By definition of T(s) the equality
(1.4.71) can be further explored:

dx AVA’
vV |,
=|B(s)"'B(s)(A’ ® A")B(s)B'[; = [B(s)(A’ © A")B(s)|+
= [B'(s)(A’ ® A")B(s)B'(s)(A @ A)B(s)|'/? = [B'(s)(A’A @ A'A)B(s)"/?,

since B(s)B/(s) = 3(I+K,,,). According to Proposition 1.3.12 (xiii) all different
eigenvalues of A’A ® A’A are given by A\;\j, j > ¢ =1,2,...,n, where \;, is an
eigenvalue of A’A. However, these eigenvalues are also eigenvalues of the product
B'(s)(A’A ® A’A)B(s) since, if u is an eigenvector which corresponds to A;\;,

(A’A® A’A)u = \\u
implies that

B'(s)(A’A @ A’A)B(s5)B’(s)u = B'(s)B(s)B’(s)(A’/A ® A’A)u
=B'(s)(A'A @ A’A)u = \;\,;B'(s)u.
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Moreover, since
r(B'(s)(A’A ® A’A)B(s)) = r(B(s)) = %n(n +1),

all eigenvalues of B(s)(A’A® A’A)B(s) are given by A;A;. Thus, by Proposition
1.2.3 (xi)

n l
IB/(s)(A’A @ A’A)B(s)|"/? = H A [V2 = H|)‘i|2(n+1)
R -

= [A'AJZCD = A

Hence, (i) of the theorem is established.
For (ii) we utilize, as in the symmetric case, that

di, AWA’

aw | (T () (A ® AT (ss)], = [B(s5)(A” ® A)B(s5)l+

+
=B/(ss)(A’A ® A’A)B(ss)|'/?,

where k& now indicates the skew-symmetric structure. By definition of B(s) and
B(ss)

A'A®AA|,
~ |(B(s)B ’( )+ B(s3)B/(55)) (A’A © A'A) (B()B'(5) + B(s5)B'(s3))]s
= |B(s)B’(s)(A’A @ A’A)B(s)B'(s) + B(ss)B’(ss)(A’A ® A’A)B(ss)B’(ss)] 4,
(1.4.72)

since B'(s)(A’A ® A’A)B(ss)B’(ss) = B/(s)B(ss)B’(ss)(A’A® A’A) = 0. Fur-
thermore, (B(s) : B(ss)) : n x n is an orthogonal matrix and therefore (1.4.72) is
equivalent to

A'A®A'A|,
e B/(s)(A'A © A’A)B(ss) 0
B '(B(s)  Bss) ( 0 B/(s3)(A'A @ A’A)B(ss))

B/(s)
x (B/(ss)> N
=|B'(s)(A’A ® A’A)B(s)|; |B’(ss)(A'A @ A'A)B(ss)|.

Thus, it follows from (i) that

IB(ss)(A’A @ A’A)B(ss)[}/* = |[A’A|"|A’A| 30 AL
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Theorem 1.4.14. Let Y = AXB, where Y : pxn, X : pxn, A and B are
non-singular constant matrices. Then

Y = X)| = [BIL|A[%.

PRrROOF: The proof follows immediately since
vec' (AXB) = vecd’ X(B® A’)
and by Proposition 1.3.12 (ix) |B ® A’| = |B|P|A|"™. 1

Theorem 1.4.15. Let A, B and V be diagonal matrices, where A and B are
constant matrices, and W = AVB. Then

(W — V) = [A[[B].

PROOF: The proof is a simplified version of Theorem 1.4.13:

drAVB
dpV

(W = V][ = = [B'(d)(B® A)B(d)|; = |A| B,

+

where Proposition 1.3.20 has been used and the subindex k indicates the diagonal
structure. An alternative proof is based on Theorem 1.4.11:

IJ(AVB — V)|, = |J(AVB — Z:Z = AV)[,|J(Z — V)|4.

Theorem 1.4.16. Let A, B and V be upper triangular matrices, and put W =
AVB. Then

W — V)| = [T Ibuslass" 7"
i=1

PRrROOF: Similarly to the proof of Theorem 1.4.15
[J(W — V)|;. = [B'(u)(B® A")B(u)|+.
Now from Proposition 1.3.22 it follows that
H 0
H= Bl(u)(B ® A/)B(u) = Z bj1j2a'7;274.1fk(ilvjl)f]i‘(ig,jg) = (Hii H22) ’

11<J1,12<J2
J1<J2,i2<i1

where
Hy = E bj,j,a11€5,€5,,
1=i1=i2<51<j2
— . ,~ P /
Hy, = E : b]uzalhfk(ndl)ejz’

1=i2<i1 <j1<j2
£y =0 :L)f, 5y, O0:gn(n+1)x1, r=inn+1)—1,
Hop = Z bjlj?ai?ilfk(ihjl)fl;(iz,jz)'

2=i2<i1<j1<j2
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Since Hy; is an upper triangular matrix, |[Hi;| is the product of the diagonal
elements of Hy;. Moreover, Hys is of the same type as H and we can repeat the
above given arguments. Thus,

n n n
|H‘+ - (H ‘b-”a’lﬂ)(H |b]]a’22|) X X |bnnann‘ = H |bii|i|a1‘i|n7i+1.
Jj=1 Jj=2 i=1

1
Many more Jacobians for various linear transformations can be obtained. A rich
set of Jacobians of various transformations is given by Magnus (1988). Next we
consider Jacobians of some non-linear transformations.

Theorem 1.4.17. Let W=V ~1:nxn.
(i) If the elements of V are functionally independent, then

W = V)|, = [V[72,
(ii) If 'V is symmetric, then
FW — V)|, = [V
(iii) If 'V is skew-symmetric, then

IW — V)| = [V[["Y
PRrROOF: Using Proposition 1.4.7 (ii)

==V e (VI = v
+

dv—1
av

Thus (i) is verified.

For (ii) we first note that
_dVT'V dv!
AV dyV

de71 ’ ’ -1
S (T (VD + (T () (L V),

dV
VeoI)+ — (I V™!
( ®)+dkv(® )

where k refers to the symmetric structure. Thus,

de—l
dpV

=—(T%(s)) (V'@ VT)T(s)

and the Jacobian is similar to (1.4.71) which implies that (ii), as well as (iii) with
some modifications, follow from the proof of Theorem 1.4.13. 1

In the subsequent theorem we are going to express a symmetric matrix with the
help of a triangular matrix. Since the number of non-zero and functionally inde-
pendent elements is the same in both classes, the Jacobian in the next theorem is
well defined.
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Theorem 1.4.18. Let W = TT’ where T : nxn is a non-singular lower triangular
matrix with positive diagonal elements. Then

n
[J(W — )], = 2" [ ¢
j=1

PROOF: It is noted that
di, TT' dT T
L Ko (I®T)T(s)

T dp,T Ay T
=(T*)) (T @ DI+ K,,n)T'(s),

(T' @ )T’ (s) +

where k1 and ks refer to the symmetric and lower triangular patterns, respectively,
and T(s) and T() are defined in Proposition 1.3.18 and Proposition 1.3.23. Since
I+ K, ,)T'(s) = 2T'(s), we consider the product

(T (T' @ DT'(s)

n n

=3 Y fuagle;@e) (T @I)(e), @ei ) ;i

1,j=141,j1=1

>

n n n
= >t e = D taieGnthen T DL btk )
i,J,j1=1 i,J,J1=1 i,7,J1=1

1>] J<j1<i 71<i<j1

where the last equality follows because T is lower triangular and ko (4, j) = k1(4, 7),
if ¢ > j. Moreover, ka(i,j) < k1(¢,71), if j < i < j; and therefore the product
(T*(1)) (T @ I)T'(s) is an upper triangular matrix. Thus,

di, TT’

T |- 2(TH (1) (T @ DT ()| =2"| D tfatinfhaiis)
2

+ i>j=1

n .
=27 [ Ity
j=1

+

1
In the next theorem we will use the singular value decomposition. This means that
symmetric, orthogonal and diagonal matrices will be considered. Note that the
number of functionally independent elements in an orthogonal matrix is the same
as the number of functionally independent elements in a skew-symmetric matrix.

Theorem 1.4.19. Let W = HDH', where H : n X n is an orthogonal matrix
and D : n x n is a diagonal matrix. Then

[IW — ED)s = [T Idi—dsl [T Hl+
j=1

i>j=1
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where
Hpy =1+ -~ | (1.4.73)
hn] hnn
PRrROOF: By definition,
dy, HDH'
IW — (D)), = | , Tl (L4.74)
’ * 7 | dy, HDH' | ° -
“d,D |,

where ki1, ko and k3 refer to the symmetric, orthogonal and diagonal structures,
respectively. In particular, if in H the elements h;;, ¢ < j are chosen so that they
are functionally independent, then

ka(i,j) =n(i — 1) = 3i(i = 1) +j —i, i<},
ko(i,j) =0 i = j.

Now
dy,HDH' JHDH _, JH / JET o
= T'(s) = DH ®1 I DH)T
dp, H di, H (s) {%H( ® )+dk2H( ® DT (s)
dH
= g 1eHDehH @ H)I+ K ,)T(s). (1.4.75)
2

As in the previous theorem we observe that (I +K,, ,)T’(s) = 2T'(s). Moreover,
because

HH  JH
0_d d

= = HeoD)I+K,,), 1.4.76
it follows that i H
I®H)= IoH)L(I- K, ).
deH( ® ) deH( ® )2( s )

Thus (1.4.75) is equivalent to

dy, HDH'  dH
di,H — di,H
_ dH

T dp,H

_ dH

dp,H

IeH)II-K,,) Do)(H oH)I+K,,)T(s)

1
2

IeH);(DeI-12D)H ¢ H)(I+K,,)T'(s)

IeoH)(DRI-IeD)(H @H)T'(s).

For the second term of the Jacobian it follows that

d, HDH'  dD

D~ g OH)T(s) = (T7(d)) (H'© H)T'(s),
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where T+ (d) can be found in Proposition 1.3.20. Since T'(s) = B(s)B/(s), we are
going to study the product

dy,, HDH' dy, HDH' \ '|'/*
dp, H _ _ di, H
IB(s)| dkll’ffDH/ (B'(s) ' (B(s)) ™" dkll’ffDH/
di, D di, D
1/2
Kt Ko
— B 1.4.77
IB(s)| K, Kp| ( )
which equals the determinant given in (1.4.74) and where
dH ! ! !
Ky =-—= (I H)(D -1 D)(H © H)B(s)B'(s)(H © H)
ko
dH \’
DI-IeD)(IcH
wer o ()
dH dH '
= IoH)(DI-I12D)*(IoH
dsz( @H)D® @byde )<dk2H>’
Kj; =(T*(d))'(H @ H')B(s)B'(s)(H® H)T " (d)
=(T"(d))B(s)B'(s)T*(d) =1,
H
K1 =dd—H(I ®H)(D®I-1eD)(H @ H)B(s)B'(s)(H® H)T*(d)
ko
dH N
= IeH)(DoI-IeD)TH() =o0.
de, H
Thus, (1.4.77) is identical to
dH am N[
B IoH)(DI-ID)?(IeH 1.4.
Bl | T HID o1 - To DRIa ) (0] (14.78)

Since
dH

i, H

(I ® H)(I + Knm) =0,
we may choose a matrix Q such that

dH
dp, H

=Q;(I-K,,)I®H)

holds and QB(ss) : $n(n — 1) x 2n(n — 1) is of full rank. Then

dH
d, H

(IT® H) = QB(ss)B’(ss).



164 CHAPTER 1

Returning to (1.4.78) it follows that this expression is identical to

IB(s)||QB(s5)B/(ss)Q'|'/?|B'(ss)(D ® I - I1® D)*B(ss)|"/?
dH [ dH ' 2
it (as)

= |B(s)| IB'(ss)(D®1—1®D)?B(ss)|'/2.(1.4.79)
Each determinant in (1.4.79) will be examined separately. First it is noticed that

DI-ID)’ =) (d—d;)’ee] @ e;e].

i#j
This implies that
B'(ss) (D@1 -1@D)*B(ss) = 3 Y _(di — d;)*fuyiyFhy i )
i#]
= (di = d;) iy fhuiigy  (1.4.80)
i>7

where k4(7,7) is given in Proposition 1.3.19. The matrix in (1.4.80) is diagonal
and hence

B(ss)(D @ 1-T®D)*B(ss)['/? = ([ [(di — d;)*)"/* =[] 1d: — d;|. (1.4.81)

> i>7

Moreover, using the definition of B(s), given by (1.3.55),

1 ln n—
B(s)| = me@,j)f;;(i,j)ﬁ =247, (1.4.82)

It remains to find

We may write
d

En:

H

i, ij=1 k=
k<l

6hij
| Ol

£y (i) (€ @ e;).

Furthermore, let su stand for the strict upper triangular matrix, i.e. all elements
on the diagonal and below it equal zero. Similarly to the basis matrices in §1.3.6
we may define
B(su) = Z(ej ® ei)féz(i7j).
i<j
If using B(!), which was given in Proposition 1.3.23, it follows that B’({)B(su) = 0

and
(B(su) : B(1))(B(su) : B(1)) = B(su)B'(su) + B()B(l) = L.
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Now
dH
Z Z fk2 k,l) ej ® el) (ejl ® eil)fi,@(ihh)
dk 4,7 Z1<J1
k<l,i<j
Zah fro 0 bis i) = th(i,y‘)fég(i,j) =L
k<l !
Thus,
dH [ qH \'| | 1 dH \'
— B(su)B’ B()B'(l
di, H (dsz) gy, BlewB (s +BOB() (dsz)

dH , dH 1\’
BB O (dH)

dH
HB(Z) and from (1.4.76) it follows that
k2

(1.4.83)

We are going to manipulate

0 :dfﬂ I H)B(s) = diHH (B(sw)B'(su) + BI)B'(1)) (1 H)B(s)
=B'(su)I® H)B(s) + d‘ZHHB(z)B’(z)(I ® H)B(s),

which implies
dH
dp, H
Therefore the right hand side of (1.4.83) can be simplified:

I+B'(su)(I@ H)B(s){B'()(I® H)B(s)} '{B'(s) (I H)B(I)} "
x B'(s)(I@H')B(su)|
=1+ {B'()IeH)B(s)} {B'(s)IcH)B()} 'B'(s)(I® H)B(su)
x B'(su)(I® H)B(s)|
= [B'()(Ie H)B(s)|
where it has been utilized that B(su)B’(su) = I — B(1)B/(l). By definitions of
B(l) and B(s), in particular, k3(i,j) = n(j —1) — 2j(j — 1)+, i > j and
k1(i,7) = n(min(i, j) — 1) — %min(i,j)(min(i,j) — 1) + max(¢, j),

B(l) = —B'(su)(I® H)B(s){B'()(I® H)B(s)} .

B'(1)(T® H)B(s)
7ka3(7/ J) e] ®el I®H { Z e]l ®ell fkl(zl ,J1) + Z €, ®ell)fk (11711)}

i>7 11,71 i1
11771
1
=D Tshiinfrsii gy T D PiiEratid) B i) (1.4.84)
i i)

i1#£j
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Now we have to look closer at k3(i,j) and k1(4,j). Fix j = jo and then, if
i1 > Jo, {k1(i1,J0)}ii>jo = {ks(i,jo)}i>j, and both ki(i, jo) and ka(i,jo) are
smaller than n;, — %jo(jo —1). This means that fk3(i7j0)f,’€1(il’jo), i1 > Jo, 11 > Jo
forms a square block. Furthermore, if iy < jo, then f}, ;, ;. is identical to £y, (;, j
for i1 = j < jo = i. Therefore, fks(i,jn)f,’“(il’jo) stands below the block given
by fks(i,il)fllcl(jo,il)' Thus, each j defines a block and the block is generated by
i > jand i; > j. If i1 < j then we are "below” the block structure. Thus the
determinant of (1.4.84) equals

B (A0 H)B(s) = | Y F5hinbrsn oy 0.y + D Pidbrsin T .|

(2] (2]
11>]
1 hjj %hjj.}ﬂ e %h]n .
: . ) —2(n—j)
= : : ' D Mhanl = TT 272077 [H ) ||
5=1 hnj %hnj-i-l %hnn =1
n—1
ln n—
=27 4" TT [y, (1.4.85)

j=1

where H;) is given by (1.4.73). By combining (1.4.80), (1.4.81) and (1.4.85) we
have proved the theorem. ]

Theorem 1.4.20. Let X : pxn, p < n and X = TL, where T is a lower triangular
matrix with positive elements, and LL' = I, i.e. L is semiorthogonal. Then

P p
(X = T, L))y =[] [] il
i=1

i=1

where L; = (I;1) j,k =1,2,...,4 and the functionally independent elements in L
are l12, l13, ey ll’ru lgg, ey lgn, . ,lpl, ceey lpn.

PROOF: By definition of the Jacobian

ax
_|dT
|J|+— ﬁ ;
dL |+
where
dX ek
T =TT (L oL,
dX

L (T (0)) (L, o T,



Basic MATRIX THEORY AND LINEAR ALGEBRA 167

with T*(l) and T*(s0) given in Proposition 1.3.23 and Problem 9 in §1.3.8, re-
spectively. Now we are going to study J in detail. Put

P i n
Hl :ZZ Z ljkis(ek®di)/a

i=1 j=1k=i+1

p 7 7
H, = Z Z Z Lt (er @d;),

i=1 j=1 k=1
p n
Hy =) ) tufi(e; ®dy),
i=1 j=it1
p n p
H4 :Z Z Z tmifs(ej ® dm)/,

i=1 j=i+1 m=i+1

where f; and f, follow from the definitions of T*(so) and TT(l), respectively.
Observe that using these definitions we get

H, + H,
J= , 1.4.86
(Hg + H4) (1.4.86)

The reason for using Hy + Hs and H3 + Hy is that only Hy and H3 contribute to
the determinant. This will be clear from the following.

J is a huge matrix and its determinant will be explored by a careful investigation
of e, ®d;, e;®d;, £, and f, in H,, r = 1,2, 3,4. First observe that /;; is the only
non-zero element in the column given by e; ® d; in J. Let

_ q(=i=k=1;f, e, ®d;)
Ji = J(j:izl;ejcadi)k
denote the matrix J where the row and column in H; and Hs, which correspond
to ¢ = j = k = 1, have been deleted. Note that the notation means the following:
The upper index indicates which rows and columns have been deleted from H;

and Hs whereas the subindex shows which rows and columns in Hs and H4 have
been deleted. Thus, by (1.1.6),

I+ = [l [T na ]+

However, in all columns of Jyi; where t1; appears, there are no other elements
which differ from zero. Let

Jio— J(i:17i<k§n;ek®di)
12 = Y1Gi=1,i<j<n;fs,e;@d;)

denote the matrix J1; where the columns in H; and Hy which correspond to¢ =1
and the rows and columns which correspond to ¢ = 1,7 < j < n in H3 and Hy,
given in (1.4.86), have been omitted. Hence,

14 = [l ft7 T 1)+



168 CHAPTER 1

We may proceed in the same manner and obtain

1| l _ _
Iy = [l fty li l;; Joil4 = [l 677 Lo fts ?|T 22|+
P P .
= =[]ml]]t
i=1 i=1
for some sequence of matrices Jo1, Joo, J31, J32, J41, ... . For example,

3. — J(=24<2k<2f, er®d))
21 = J12(i=2,j<2ie;®d;)

and
Joy = J(i:,2_’i<,kg,”;e’f®di)
21(i=2,i<j<n;f;,e;®d;)’

where we have used the same notation as when J;; and Ji5 were defined. The

choice of indices in these expressions follows from the construction of Hy and Hs.
1

Sometimes it is useful to work with polar coordinates. Therefore, we will present

a way of obtaining the Jacobian, when a transformation from the rectangular co-

ordinates y1,¥s, . .., Yn to the polar coordinates r,60,,_1,0,_o,...,0; is performed.

Theorem 1.4.21. Let

n—1 n—2 n—3
Y1 :rHsint%, Yo =1 COSBOp_1 Hsin@i, Yz =1 Cosbp_o Hsin@i,...
i=1 i=1 i=1

eeyYn_1 =1cosbysinfy, y, =rcosb;.

Then

n—2
Iy —r0)=r""J][sin" "0, 0= (0n-1,0n_2,...,01)"
i=1

Proor: We are going to combine Theorem 1.4.11 and Theorem 1.4.12. First
we observe that the polar transformation can be obtained via an intermediate
transformation in the following way;

Yk :yk—lxlzla Y1 = I, k:2737"'7n (1487)

and

To =tanb, _1

Tk =tan b, k41080 _y2, k=3,4,...,n.
Thus, by Theorem 1.4.11

Iy —1,0) = J(y = x)J(x = 1,0).
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Furthermore, from (1.4.87) it follows that J(y — x) is based on a conditional
transformation and then Theorem 1.4.12 tells us that

Iy —r.60) =[] 7w —2)I(x—r.6).
=1

From (1.4.87) it follows immediately that

n

Hj(yi — ;)

i=1

n—1
_ |

- n n—i+2°
[[i=s 2

+

This determinant |J(x — r,80)|, equals, by Proposition 1.3.2,

n—1
|J(z2, 23, ..., xp — 0)|1 H sin 6;.
i=1
owever, J(zo,3,..., T, — is an upper triangular matrix an e Jacobian
H J 0) i triangul tri d the Jacobi
equals
-1
S 1
cos 0 le[l cosb;
Thus,
$n_1 n—1 1 n—1 1
Iy —70) ==t —— [[sinti——[]
) —14+2 .
[Tzl Pl cos 64 - cos 0;
—1 n—1
~Tn ] -
Hi=2 ‘Tzn ’ i=1 cos 02

By inserting the expression for z;, ¢ = 1,2,...,n into the Jacobian we get

n n—1 n—1 1

A sin’ 0, _

H g H ’ H cos b;

=2 i=1 =1
and the theorem is verified. ]

1.4.13 Problems

1. Find the derivative IdX 2|, where Y = Y (X).
2. Prove that % =K, ,if X:pxgq.

3. Find M.

4. Find VX

dxz -
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Differentiate |I + T3| using both derivatives given by (1.4.7) and (1.4.48)
where T and ¥ are symmetric.

Derive the first three terms in a Taylor series expansion of e™/X|  at the point
X =1, where X : p x p is non-singular.

Find the Jacobian of the transformation W = A oV where A is constant and
the size of all included matrices is p x p.

. Verify that 7 !'x and X7 !xx’X~! — ¥~ are orthogonal with respect to the

function )
Flox) = B,

. Give a detailed proof of statement (iii) of Theorem 1.4.17.
10.

dT
Let T be a Toeplitz matrix. Examine T



CHAPTER 11
Multivariate Distributions

At first we are going to introduce the main tools for characterization of multivariate
distributions: moments and central moments, cumulants, characteristic function,
cumulant function, etc. Then attention is focused on the multivariate normal
distribution and the Wishart distribution as these are the two basic distributions
in multivariate analysis. Random variables will be denoted by capital letters from
the end of the Latin alphabet. For random vectors and matrices we shall keep
the boldface transcription with the same difference as in the non-random case;
small bold letters are used for vectors and capital bold letters for matrices. So
x = (X1,...,X,) is used for a random p—vector, and X = (X;;) (i=1,...,p; j =
1,...,q) will denote a random p X g—matrix X.

Nowadays the literature on multivariate distributions is growing rapidly. For a
collection of results on continuous and discrete multivariate distributions we re-
fer to Johnson, Kotz & Balakrishnan (1997) and Kotz, Balakrishnan & Johnson
(2000). Over the years many specialized topics have emerged, which are all con-
nected to multivariate distributions and their marginal distributions. For exam-
ple, the theory of copulas (see Nelsen, 1999), multivariate Laplace distributions
(Kotz, Kozubowski & Podgdrski, 2001) and multivariate t—distributions (Kotz &
Nadarajah, 2004) can be mentioned.

The first section is devoted to basic definitions of multivariate moments and cumu-
lants. The main aim is to connect the moments and cumulants to the definition
of matrix derivatives via differentiation of the moment generating or cumulant
generating functions.

In the second section the multivariate normal distribution is presented. We focus
on the matrix normal distribution which is a straightforward extension of the clas-
sical multivariate normal distribution. While obtaining moments of higher order,
it is interesting to observe the connections between moments and permutations of
basis vectors in tensors (Kronecker products).

The third section is dealing with so-called elliptical distributions, in particular with
spherical distributions. The class of elliptical distributions is a natural extension
of the class of multivariate normal distributions. In Section 2.3 basic material on
elliptical distributions is given. The reason for including elliptical distributions
in this chapter is that many statistical procedures based on the normal distri-
bution also hold for the much wider class of elliptical distributions. Hotelling’s
T?—statistic may serve as an example.

The fourth section presents material about the Wishart distribution. Here basic
results are given. However, several classical results are presented with new proofs.
For example, when deriving the Wishart density we are using the characteristic
function which is a straightforward way of derivation but usually is not utilized.
Moreover, we are dealing with quite complicated moment relations. In particular,
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moments for the inverse Wishart matrix have been included, as well as some basic
results on moments for multivariate beta distributed variables.

2.1 MOMENTS AND CUMULANTS

2.1.1 Introduction

There are many ways of introducing multivariate moments. In the univariate case
one usually defines moments via expectation, E[U], E[U?], E[U?], etc., and if we
suppose, for example, that U has a density fy(u), the k—th moment m[U] is
given by the integral

mi[U] = E[U*] = /R o fir (u)du.

Furthermore, the k—th order central moment 77, [U] is also given as an expectation:
mi[U] = E[(U - E[U)"].

In particular, for K = 2, we note that from the last expression we obtain the
variance of U:
D[U] = E[(U - E[U])?].

Let us denote the variance by D[U], i.e. dispersion. In the multivariate case D|u]
denotes the dispersion matrix of a random vector u. An important tool for deriving
moments and cumulants is the characteristic function of a random variable. For a
random variable U we denote the characteristic function by ¢y (¢) and define it as

ou(t) = Ee''Y], (2.1.1)

where 7 is the imaginary unit. We will treat ¢ as a constant. Furthermore, through-
out this chapter we suppose that in (2.1.1) we can change the order of differenti-
ation and taking expectation. Hence,

E[U’“]:% d—iw(t) : (2.1.2)
ko dt =0

This relation will be generalized to cover random vectors as well as random matri-
ces. The problem of deriving multivariate moments is illustrated by an example.
Example 2.1.1 Consider the random vector x = (X3, X5)’. For the first order
moments, E[X;] and E[Xs] are of interest and it is natural to define the first
moment as

E[x] = (B[X1], E[X,])'

E[x] = (B[X1], E[X2]).

Choosing between these two versions is a matter of taste. However, with the
representation of the second moments we immediately run into problems. Now
E[X1X5], E[X?] and E[X3] are of interest. Hence, we have more expectations than
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the size of the original vector. Furthermore, it is not obvious how to present the
three different moments. For example, a direct generalization of the univariate case
in the form E[x?] does not work, since x? is not properly defined. One definition
which seems to work fairly well is E[x®?], where the Kroneckerian power of a
vector is given by Definition 1.3.4. Let us compare this possibility with E[xx'].
By definition of the Kronecker product it follows that

E[x®?] = E[(X7, X1 X2, X2X1, X3)'], (2.1.3)
whereas )
X2 XX
Exx'|=FE ! . 2)} 2.1.4
=2 (o, 0 (214)

A third choice could be
BIV2(xx)] = BI(X2, X1 X2, X2, (2.1.5)

where the operator V?2(-) was introduced in §1.3.7. ]

All these three definitions in Example 2.1.1 have their pros and cons. For example,
the Kroneckerian definition, given in (2.1.3), can be easily extended to moments
of arbitrary order, namely

E[x%k], k=1,2,...

One problem arising here is the recognition of the position of a certain mixed
moment. If we are only interested in the elements E[X?], E[X2] and E[X;X5] in
E[x®?], things are easy, but for higher order moments it is complicated to show
where the moments of interest are situated in the vector E[x®*]. Some authors
prefer to use so-called coordinate free approaches (Eaton, 1983; Holmquist, 1985;
Wong & Liu, 1994, 1995; Kaarik & Tiit, 1995). For instance, moments can be
considered as elements of a vector space, or treated with the help of index sets.
From a mathematical point of view this is convenient but in applications we really
need explicit representations of moments. One fact, influencing our choice, is that
the shape of the second order central moment, i.e. the dispersion matrix D[x] of
a p—vector x, is defined as a p X p—matrix:

D[x] = E[(x - E[x])(x — E[x])"].

If one defines moments of a random vector it would be natural to have the second
order central moment in a form which gives us the dispersion matrix. We see that
if E[x] = 0 the definition given by (2.1.4) is identical to the dispersion matrix, i.e.
E[xx'] = D[x]. This is advantageous, since many statistical methods are based on
dispersion matrices. However, one drawback with the moment definitions given by
(2.1.3) and (2.1.4) is that they comprise too many elements, since in both E[X; X5]
appears twice. The definition in (2.1.5) is designed to present the smallest number
of all possible mixed moments.
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2.1.2 Basic statistical functions

In this paragraph we shall introduce notation and notions of the basic functions
to be used for random vectors and matrices. A density function of a p—vector x is
denoted by fx(x), where x € RP, and a density function of a random p x g—matrix
X is denoted by fx(X), where X € RP*?. Here we follow the classical notation
used by Muirhead (1982), Fang & Zhang (1990), Anderson (2003), for example,
which is somewhat confusing: the random matrix and the variable argument of the
density are denoted by the same letter, but this difference can be easily understood
from the context. Similarly, we denote by Fx(x) the distribution function of a
random p—vector x and by Fx(X) the distribution function of a random matrix
X:pxgq.

The characteristic function of a random p—vector x is defined by the equality

ox(t) = E [eit’ﬂ ,  teRr. (2.1.6)
The characteristic function of a random matrix X is given by
¢x(T) = E[eTX]) (2.1.7)

where T is of the same size as X. From property (1.3.32) of the vec—operator we
get another representation of the characteristic function:

px (T) = Ele™vecTveeX], (2.1.8)

While putting t = vecT and x = vecX, we observe that the characteristic func-
tion of a matrix can be considered as the characteristic function of a vector, and
so (2.1.7) and (2.1.8) can be reduced to (2.1.6). Things become more compli-
cated for random matrices with repeated elements, such as symmetric matri-
ces. When dealing with symmetric matrices, as well as with other structures,
we have to first decide what is meant by the distribution of the matrix. In the
subsequent we will only consider sets of non-repeated elements of a matrix. For
example, consider the p X p symmetric matrix X = (X;;). Since X;; = Xj;,
we can take the lower triangle or the upper triangle of X, i.e. the elements
X1ty Xpp, X125+, X1p, X235+, Xopy -+, X(p—1)p- We may use that in the no-
tation of §1.3.7, the vectorized upper triangle equals V?(X). From this we define
the characteristic function of a symmetric p X p—matrix X by the equality

ox(T) = E[e/V (TVX)], (2.1.9)
A general treatment of matrices with repeated elements is covered by results about
patterned matrices (Definition 1.3.6). Let us assume that there are no repeated

elements in a random patterned matrix X(K). The characteristic function of a
patterned matrix X (K) is defined by

ex (1) (T(K)) = B [ e TEveeX () (2.1.10)
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where T(K) is a real patterned matrix with pattern K.
We call the logarithm of the characteristic function the cumulant function of a
p—vector x

Px(t) = Ingpx(t). (2.1.11)
Analogously, the function
¥x(T) = Inpx (T) (2.1.12)
is the cumulant function of a p X g—matrix X, and
Ux () (T(K)) = Inpx (5) (T(K)) (2.1.13)

is the cumulant function of a patterned matrix X(X) with a pattern K.

2.1.3 Moments and central moments

It was indicated in (2.1.2) that univariate moments can be obtained by differentiat-
ing the characteristic function. This idea will now be extended to random vectors
and matrices. However, it is first noted that throughout the text E[X] = (E[X};])
for any matrix X.

Definition 2.1.1. Let the characteristic function ¢« (t) be k times differentiable.
Then the k—th moment of a p-vector x equals

1 d"
- L o)) . teRre 9.1.14
mk[x] ik dtk<p ( )t:() € ( )
where the k—th order matrix derivative is defined by (1.4.41). 1

Let us check, whether this definition gives us the second order moment of the form
(2.1.4). We have to find the second order derivative

d290X(t)
dt?
d? . d, d .. d " "
:Eiztx — Eiiztx — E[—(; it'x = FEl— it'x ./
[dt2 ] (1.4.41) [dt (dte ) (1.4.14) [dt (ixe™ )] (1.4.16) [=xe™ ]

and thus mq[x] = E[xx'], i.e. mz[x] is of the same form as the moment expression
given by (2.1.4). Central moments of a random vector are defined in a similar way.

Definition 2.1.2. The k—th central moment of a p—vector x is given by the
equality

1 d*
my[x] =mix — Ex]] = - ——ex-px(t)] ,  tER?, (2.1.15)
i dt t—0
where the k—th order matrix derivative is defined by (1.4.41). 1

From this definition it follows directly that when k = 2 we obtain from (2.1.15) the
dispersion matrix D[x] of x. It is convenient to obtain moments via differentiation,
since we can derive them more or less mechanically. Approaches which do not
involve differentiation often rely on combinatorial arguments. Above, we have
extended a univariate approach to random vectors and now we will indicate how
to extend this to matrices. Let my[X] denote the k—th moment of a random
matrix X.
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Definition 2.1.3. Let the characteristic function px (T) be k times differentiable.
Then the k—th moment of a random p X g—matrix X equals

1 d”
X == —+ T T € RP*9 2.1.16
mk[ } ik di‘PX( )T:07 € ) ( )
where the k—th order matrix derivative is defined by (1.4.41). 1

In a similar way we define central moments of a random matrix.

Definition 2.1.4. The k—th central moment my[X] of a random matrix X equals

1 dF
mX] = mgX — BX] = = %o png(@| . Terrt (2117)
ik dT T—0
where the k—th order matrix derivative is defined by (1.4.41). 1
One should observe that
ex-px](T) = ¢x(T)g(T), (2.1.18)

where

g(T) _ e—itr(T’E[X])

For a random vector x we have

Now we get the central moments of a random vector and a random matrix in the
following form

_ 1 g o
mlx] = 5 S {ex(t)e™ BB} (2.1.19)
t=0
m 1 d —ite(T' E[X])
milX] = & opw lex(Te } (2.1.20)
T=0

It is not obvious how to define the dispersion matrix D[X] for a random matrix
X. Here we adopt the definition

D[X] = D[vecX], (2.1.21)

which is the most common one. In the next, a theorem is presented which gives
expressions for moments of a random vector as expectations, without the reference
to the characteristic function.
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Theorem 2.1.1. For an arbitrary random vector x

(i) my[x]

Ex(x)®* 1Y, k=1,2,...; (2.1.22)

(ii) melx] = Bl(x — E[x))((x — Ex]))®*Y),  k=1,2,...  (21.23)

PrOOF: We are going to use the method of mathematical induction when differ-
entiating the characteristic function @x(t) in (2.1.6). For k = 1 we have

deit'* d{it'x} de't'>

dt (1a14) dt d{it'x} (I.ZIG)ZX

etx (2.1.24)

and

dox(t Cit'x ,
(pdt() = Elie"*x] o =1im[x].

Let us suppose that for k = j — 1 the equality

AL (t)

o = Bl ()20

holds, from where we get the statement of the theorem at t = 0. We are going to
prove that the statement is also valid for k& = j.

Foxe(t) det®t'™ nNeG-1)7 _ e it x o\ ®(—1)
dtJ (1.4:16)Z Bl dt (x') ](2I24)E[l xe(x) I

At the point t = 0 we obtain

d4J t . ) .
2x(®)] i p(x)20] = iy [x].
dt7
t=0

Thus (2.1.22) is established. To complete the proof it remains to show that (2.1.23)
is valid, but this follows immediately from the fact that the central moment of x
is identical to the moment of x — E[x]. 1
When defining moments we assume that we can change the order of differentiation
and taking expectation when differentiating the characteristic function. From the
proof of the next theorem we get a characterization of that assumption.

Corollary 2.1.1.1. Let the vector x®F be absolutely integrable elementwise.
Then all the moments m;(x), j < k exist.

PROOF: By assumption all mixed absolute moments of order k are finite:
E[| X7 X2 x - x X,7|] < o0, > i_1ij =k, i; €{0,1,...,k}. Let us examine the
modulus of the gh—th element of the expectation matrix

k:eit/x .,
| <E[ddtk]> | =" (E[X(X')‘X’(k_l)e’t "})
gh

= B[ (x(x)**0) )

gh

| < B (x(x)2¢De)

gh gh
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By assumptions, we have the expectation from elements with finite modulus on
the right hand side of our chain of relations. From calculus we know that this
is a sufficient condition for changing the order of integration and differentiation.
So the assumption for existence of moments of the k—th order is satisfied. The
existence of all lower order moments follows from the existence of the k—th order
moments (Feller, 1971; p. 136). ]

Taking into account Definition 2.1.3, Definition 2.1.4 and (2.1.18), we also get from
Theorem 2.1.1 expressions for moments of random matrices.

Corollary 2.1.1.2. For an arbitrary random matrix X
1) mp[X] = ElvecX(ved X)®F 1, k=1,2,...; (2.1.25)
(ii) mi[X] = E[vec(X — E[X])(ved' (X — E[X]))®*71], k=1,2,... (2.1.26)

The following theorem gives us a way of presenting the characteristic function as
an expansion via moments. Let us first present the result for matrices.

Theorem 2.1.2. Let the characteristic function ¢x(T) be n times differentiable.
Then px(T) can be presented as the following series expansion:

ex(T) =1+ Z %(V@C'T)@’kvec(m;C X)) + 7n, (2.1.27)
k=1
where r,, is the remainder term.

ProoF: Corollary 1.4.8.2 gives us the Taylor expansion of the characteristic func-
tion at T = 0 in the following form:

_ — 1 I\ ®k deX(T) l
ex(T)=1+ E H(vec T)®" vec (di + 7y
k=1 T=0
From Definition 2.1.3 we get
d"px(T) k
— = i"my[X]
dT* |p_g

1
Analogously we get a similar expansion for the characteristic function of a random
vector.

Corollary 2.1.2.1. Let the characteristic function ¢« (t) be n times differentiable.
Then ¢x(T) can be presented as the following series expansion:

Px(t) =1+ —(t)Fvec(mp[x]) +rp, (2.1.28)
k=1

o
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where 1, is the remainder term. 1

From the above approach it follows that we can define moments simultaneously
for several random variables, several random vectors or several random matrices,
since all definitions fit with the definition of moments of matrices. Now we shall
pay some attention to the covariance between two random matrices. Indeed, from
the definition of the dispersion matrix given in (2.1.21) it follows that it is natural
to define the covariance of two random matrices X and Y in the following way:

Definition 2.1.5. The covariance of two arbitrary matrices X and Y is given by
C[X,Y] = E[(vecX — E[vecX])(vecY — E[vecY])'], (2.1.29)
if the expectations exist. ]

Furthermore, note that

(2.1.30)

D[X;Y]( D[X] C’[X,Y]>

CIY.X] DIY]

and we will prove the following theorem, which is useful when considering singular
covariance matrices.

Theorem 2.1.3. For any random matrices X and Y
(1) C(CX,Y]) € C(DX]);
(i) ¢(Cly,X]) c C(D[Y]).
PRrROOF: Since D[X : Y] by (2.1.30) is positive semidefinite, we can write
DX :Y]=7r"= (TlTli TlTé)
ToT]  ToT)

for some T = (71 : 13)’, where the partition of 7 corresponds to the partition of
X and Y in (X :Y). Now, because

CCX.Y]) = C(nm) € C(n) = C(nm) = C(DIX])
and
C(CIY,X]) = C(mrm) € C(m2) = C(remy) = C(D[Y])
the theorem is established. 1

If ¥ = D[X] is singular, there are some restrictions on the random matrix X. Note
that then there must exist a matrix 3° which spans the orthogonal complement
C'(X)*. Hence

D[E%vecX] = VX% = 0

and therefore X' vecX = E[X° vecX] with probability 1.
Next we study the dispersion matrix of X which is partitioned as

x= (%0 Xo) (0iie oinbaly) eas

where the sizes of the blocks are given in the matrix on the right hand side.
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Theorem 2.1.4. For any random matrix X, which is partitioned according to
(2.1.31), the following statements hold:

(1)
K, , 0 n( Krn 0
(57w ) o (55 )
D[X14] COXq1,Xq2] C[Xi11,Xo1] C[Xi1,Xa2]
| C1Xq2,X11] DX 2] CXi2,X01] C[Xi2,X22] | .
CXo1,X11] C[Xa1,Xi2] D[Xo] CXo1,X92] |’
CX22,X11] C[Xg2,X12] C[Xaz, Xo1] D[X 9]
(i)

K, 0 K, ., 0
( 0 Kn,pfr ) KP,nD[X]Kn,P ( 0 Kpfr,n >

D[X14] CXq1,X42] CXi1,X01] C[Xi1, Xa2]
CX12,X11] D[X5] ClXi2,X91] CO[Xi2,Xa20] | .
CX21,X41] C[Xa1,Xi2] D[Xo1] ClX21,X99] |7
CX92,X11] C[Xa2,X12] C[Xa2,Xo1] D[Xs5]

(iii) Let Xe1 = (X7 : X%;)". Then
(Ls : 0)D[X])(Ls : 0) = D[Xu1].
(1V) Let Xl. = (X11 : Xlg). Then

(I, ® (L : 0)D[X](I, ® (I, : 0)) = D[X1.].

(v)
(13 ® (gr 1 0) - ((z) | Ip_r)> DIX] <Is ® ((I]r . 0)' - ((()) | Ip_r)’)
=i )

PRrOOF: All proofs of the statements are based mainly on the fundamental prop-
erty of the commutation matrix given by (1.3.30). For (i) we note that

X1

(Kw 0 ) VeC<X’u>

0 K,,., (X’21>
vec

X5

= (Zzgg§;1 §;z§> = (VeC/X11 : VeC/X12 : V€C’X21 : VGCIXQQ)I.
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For (ii) we use that K, ,vecX = vecX’. Statement (iii) is established by the
definition of the dispersion matrix and the fact that

In order to verify (iv) it is noted that

I, ® (I, :0))vecX — I, : 0)X) = vecXa,
(I, ®( ))vec (1.3.31)\/6}0(( )X) = vecX;

and in order to verify (v)

(IS®(IT:O) 0 ) Vec(éi) :<VecX11)'

0 In—s & (0 : Ip—r) vec X12 VeCX22
X2
1

One may observe that since (I, : 0) = (I, : 0) ® I,, the statements (iii) and (iv)
are more similar to each other than they seem at a first sight.

2.1.4 Cumulants

Most of what has been said about moments can be carried over to cumulants which
sometimes are also called semiinvariants. Now we have, instead of the character-
istic function, the cumulant function (2.1.11) of a random vector, or (2.1.12) in
the case of a random matrix. As noted already in the previous paragraph, there
are several ways to introduce moments and, additionally, there exist many natural
possibilities to present multivariate moments. For cumulants we believe that the
most natural way is to define them as derivatives of the cumulant function. As
it has been seen before, the definition of multivariate moments depends on the
definition of the matrix derivative. The same problem arises when representing
multivariate cumulants. However, there will always be a link between a certain
type of matrix derivative, a specific multivariate moment representation and a cer-
tain choice of multivariate cumulant. It is, as we have noted before, more or less
a matter of taste which representations are to be preferred, since there are some
advantages as well as some disadvantages with all of them.

Let cx[X], cx[x] and cx[X] denote the k—th cumulant of a random variable X, a
random vector x and a random matrix X, respectively.

Definition 2.1.6. Let the cumulant function ¥« (t) be k times differentiable at
t = 0. Then the k—th cumulant of a random vector x is given by

1 d*
Ck[X] = ﬁm?j}x(t) t_O, k= 1,27 ey (2132)
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where the matrix derivative is given by (1.4.41) and the cumulant function is
defined by (2.1.11). I

Definition 2.1.7. Let the cumulant function ¥x (T) be k times differentiable at
T = 0. Then the k—th cumulant of a random matrix X is defined by the equality

1 d
X = 7— T k=1,2,... 2.1.
Ck[ ] ik di¢X( ) T=07 ) 4y ) ( 33)
where the matrix derivative is given by (1.4.41) and ¢x (T) is defined by (2.1.12).
1

It was shown that moments could be obtained from the Taylor expansion of the
characteristic function. Similarly, cumulants appear in the Taylor expansion of
the cumulant function.

Theorem 2.1.5. Let the cumulant function ¥x(T) be n times differentiable.
Then 1ax (T) can be presented as the following series expansion:

noo.
Zk:

Ux(T) =) E(Vec/T)@)kvec(ck [X]) + 7, (2.1.34)
k=1
where r,, is the remainder term.

PRrooFr: The proof repeats the argumentation of establishing Theorem 2.1.2. From

Corollary 1.4.8.2 we get the Taylor expansion of the cumulant function at T = 0
in the following form:

"1 dFpx (T)\

Yx(T) = Z g(veclT)@)]C vec <1(§')I("(€)>

k=1

+ Ty

T=0
From Definition 2.1.7. we have
d*+x (T)
dT*k

T=0

1
If we consider a special case when X is a p x 1—matrix, i.e. a p—vector, we get the
following statement.

Corollary 2.1.5.1. Let the cumulant function ¥ (t) be n times differentiable.
Then the cumulant function can be presented as the following series expansion:

NOESY %(t’)‘g’kvec(ck x]) + 7, (2.1.35)
k=1""
where r, is the remainder term. 1

2.1.5 Moments and cumulants of patterned matrices

In this paragraph we are going to introduce moments and cumulants of matrices
which have some linear restrictions among their elements. For example, symmet-
ric matrices, like the sample dispersion matrix or the sample correlation matrix,
belong to this class of matrices. In general, let X(K) be a patterned matrix with
a pattern K considered in §1.3.6.
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Definition 2.1.8. Let the characteristic function pxk)(T(K)) be k times dif-
ferentiable at 0. Then the k—th moment of X(K) equals

1 dk
X(K) = & 4@ T(K T € RPX4 1.

and the k—th central moment of X(K) is given by

dk
[ X(K)] = mi[X(K) — E[X(K)]] = Zlk AT(K )R PXE) = BIX(K) (T(K)) T

(2.1.37)

where the elements of T(K) are real and the matrix derivative is given by (1.4.43).
1

In complete analogy with Corollary 2.1.1.2 in §2.1.3 we can present moments and
central moments as expectations.

Theorem 2.1.6. For an arbitrary random patterned matrix X (K)

(i) mp[X(K)] = E[vecX(K)(ved' X(K))®*71), k=1,2,...,; (2.1.38)
(i) 7, [X(K)] = E[vec(X(K) — E[X(K)])(vec'(X(K) — E[X(K)]))*""1],

k=1,2,... (2.1.39)

1

The proof is omitted as it repeats the proof of Theorem 2.1.1 step by step if we
change x to vecX(K') and use the characteristic function (2.1.10) instead of (2.1.6).
In the same way an analogue of Theorem 2.1.2 is also valid.

Theorem 2.1.7. Let the characteristic function ¢xx)(T(K)) be n times differ-
entiable at 0. Then the characteristic function can be presented as the following
series expansion:

ox(o) (T(K) =1+ %(vec'T(K))@fvec(mk X(K)]) + 7, (2.1.40)
k=1
where 7, is the remainder term. 1

The cumulants of a patterned matrix are also defined similarly to the cumulants
of an ordinary matrix.

Definition 2.1.9. Let the cumulant function ¢¥xx)(T(K)) be k times differen-
tiable at 0. Then the k—th cumulant of a random patterned matrix X(K) is
defined by

1 d*

Ck[X(K)] = kam'ﬂbx([{) (T(K)) T(K):O, (2.1.41)

where the derivative is given by (1.4.43) and ¢xk)(T(K)) is given by (2.1.13). g

The next theorem presents the cumulant function through the cumulants of X(K).
Again the proof copies straightforwardly the one of Theorem 2.1.5 and is therefore
omitted.
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Theorem 2.1.8. Let the cumulant function ¢xx)(T(K)) be n times differen-
tiable at 0. Then the cumulant function ¢x x)(T(K)) can be presented as the
following series expansion:

U o) (T(K)) = %vec’T(K)‘g’kvec(ck [X(K)]) + 7, (2.1.42)
k=1""
where 1, is the remainder term. ]

The most important special case of patterned matrices is the class of symmetric
matrices. The characteristic function of a symmetric matrix is given by (2.1.9).
We shall immediately get the moments and cumulants of a symmetric matrix
by differentiating the characteristic function (2.1.9) by using formulas (2.1.36),
(2.1.37) and (2.1.41). In the following text symmetric matrices are differentiated
very often. Therefore we are not going to indicate the pattern set K all the time,
but write them as usual matrices, like X, Y, while keeping in mind that we are
differentiating symmetric matrices

dY _ d(VZ(Y))
X = Vi)’ (2.1.43)

where V2 (e) is given by Definition 1.3.9.

2.1.6 Minimal moments and cumulants

The notions of minimal moments and cumulants are closely related to minimal
derivatives defined in §1.4.8. We are going to introduce so-called minimal mo-
ments on the basis of the general vectorization operator V7 (e), given in Definition
1.3.9, and the product vectorization operator R’(e), given in Definition 1.3.10,
which were examined in §1.3.7. Let us use an example to explain the idea. Let x
be a random p—vector and consider the fourth order moments of x, which are often
needed when multivariate distributions are approximated or when asymptotic dis-
tributions are to be found. As noted previously, there is one natural definition of
the moments in a coordinate free setting. In order to do some calculations explicit
moment expressions are needed. Unfortunately, as we have observed, the moments
can not be presented in a unique way. On the basis of the direct product any of
the expressions E[z®%] or E[(xx")®?] or E[x®3x’], but also others, are possible.
However, since x is p—dimensional, all these expressions consist of p* elements,
whereas the number of different mixed moments (expectations of monomials) of
fourth order equals (p 13). The set which comprises one copy of all different mixed
moments is called minimal moment of the random vector x. Thus, for p = 2 we
have 5 different mixed moments among 16 elements in E[X®4], i.e. ~ 31%; for
p = 4 the corresponding figures are 35 out of 256 (= 14%); for p = 10 it is 715
of 10000 (7%). For large p there will be approximately 4% of different elements.
Thus, in practice where, for example, p > 50 and we intend to use computers, it
is really of advantage to use only those elements which are necessary for the cal-
culations. Furthermore, the situation becomes much more drastic for higher order
moments. The following presentation is based on papers by Kollo & von Rosen
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(1995b, 1995¢). We shall define minimal moments which collect expectations from
all different monomials, i.e. X, j, Xi,j, X --+ X X ; . In our notation we shall add
a letter ”m” (from minimal) to the usual notation of moments and cumulants. So
mn[x] denotes the minimal k—th order central moment of x, and mcg[X] is the
notation for the k—th minimal cumulant of X, for example.

Definition 2.1.10. The k—th minimal moment of a random p—vector x is given

by
S (2149
mmeg|X| = 7 =-¥x s ..
’ i dtk o
and the k—th minimal central moment by
_ 1 d
mmy[x] = mmy[x — E[x]] = - =—px p(t) , (2.1.45)
17 dtk i—o

where py)(t) is defined by (2.1.6) and the derivative is defined by (1.4.52) and
(1.4.53). '

As the characteristic function of X : p x ¢ is the same as that of the pg—vector
x = vecX, we can also write out formulas for moments of a random matrix:

xj= L2 (2.1.46)
mmeg - ’ik JTkQOX . .
and
_ _ 1 d
mimy [X] = mm[X — E[X]] = o Zog PX-EIX) (T) (2.1.47)
dT T—o

We define the minimal cumulants in the same way.

Definition 2.1.11. The k—th minimal cumulant of a random vector x is defined
by
1 d*

meg[x] = i—kﬁwx(t) (2.1.48)

)

t=0

where the cumulant function ¥y (t) is defined by (2.1.11) and the derivative by
(1.4.52) and (1.4.53). .

The k—th minimal cumulant of X : p X ¢ is given by the equality

1 d*

Yx(T) (2.1.49)

T=0

where ¢x (T) is defined by (2.1.12). Minimal moments can be expressed through
the product vectorization operator R’ (x).
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Theorem 2.1.9. For a random vector x

(i) mmy[x] = E[R*(x)];

(i) mim[x] = E[R*(x — E[x])],
where R¥(x) is given by Definition 1.3.10.

PROOF: In the proof we are going to explore the similarity in the structure of

the k—th matrix derivative = p and the vectorization operator R¥(e). Note that

it is sufficient to prove statement (i). Statement (ii) follows immediately from
(i) because, according to Definition 2.1.10, the central moment mimy[x] is the
moment of the centered random vector x — E[x]. According to our definition
of minimal derivatives, the considered derivative consists of all different partial
derivatives of order k and each derivative appears only once. The derivatives
are ordered according to the rule defined by the composition operator QF(e),
given in (1.4.56). The RF(e) operator organizes elements in the same way as
the minimal differentiation operator because it is also a realization of the Q¥ (e)
operator. Therefore (i) holds. I

In Theorem 2.1.9 we considered minimal moments and cumulants of a random
vector, but these notions are far more important for random matrices. As the char-
acteristic function and the cumulant function of a random matrix X are defined
via vectorized form vecX of the matrix, the results can be extended straightfor-
wardly to random matrices and patterned matrices. Let us present the statement
of Theorem 2.1.9 for matrices as a corollary.

Corollary 2.1.9.1. For a random matrix X

(i) mmy[X] = E[R*(X)];
(if) mmg[X] = E[R"(X — E[X])],
where R¥(X) is given by Definition 1.3.10. 1

In the following we establish the connection between mmg[X] and E[X®*] through
formulas which show how mmy[X] can be obtained from E[X®*] and vice versa.
Of course, instead of E[X®*], we could also consider F[vecX (vec'X)®k—1].

Theorem 2.1.10. Let
T(i1, iz, ... ,ij) = ey (e}, e, @--- @€ ),
where
j+1
v; =1+ Z(r, ir—1— 1)
r=2
and (k,l) is defined by (1.3.73). Then

E[Rj(A)] = ZT(il,ig, .. 7ij)vec(E[A‘gj])
I;
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and
vec(E[A®T]) = Y " T(iy, ia, ..., ;) B[R/ (A)],
I

where

Ij:{(il,ig,...,ij):ig:1,2,...,n;1§uk,1 S (k,lk), k:1,2,

with us given in Theorem 1.3.15 and

IJ :{(i171'27"‘77;j):ig = 1,2,...,71}.

Note that Zij T(i1,i2,...,4;)" is in fact a g—inverse of le T(iy,i2,...

2.1.7 Relations between moments and cumulants

187

’j}?

,45).

We are going to present some general moment relations for random matrices. As
we saw above, moments are obtained by differentiating the characteristic function,
and cumulants are obtained by differentiating the cumulant function. Since the
cumulant function is the logarithm of the characteristic function, there must be
a straight connection between moments and cumulants. In the next theorem we
write down the relations between moments and cumulants of low order. General
relations of moments and cumulants have been given by Holmquist (1985a).

Theorem 2.1.11. Let x be a random p—vector. Then

(@) ar[x] = mi[x] = E[x];
(i) co[x] = ma[x] = D[x};
(iii) ca[x] = ms[x],

where

is[x] = mafx] — mafx] © E[x]' - Elx]' ® molx]

— E[x]vec'ms[x] + 2E[x] E[x]'®?;

(iv) ca[x] = my[x] — Ma[x] @ vec'mz[x]

— (vec'ma[x] @ ma[x])(I+ 1, ® K, ;).

(2.1.50)

(2.1.51)

(2.1.52)

(2.1.53)

PROOF: Since ¥x(t) = Inpx(t) and ¢x(0) = 1, we obtain by Definition 2.1.1 and

Definition 2.1.6 that

_dbk(t)| _ dpx(t) 1

ieifx] = _ dexlt)
at |, dt  ox(t)

dt

t=0

=im[x]
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and thus (i) is verified.

For (ii) and (iii) we copy the ideas of proving (i), but now we have to use addi-
tionally some algebra presented in Section 1.3 as well as properties of the matrix
derivatives from Section 1.4. By the following calculations we get

T A |, bt dt o),

Cox(t) 1 dpx(t) 1 (dsox(t))/

dt? i (t) dt  ox(t)? dt o
= — ma[x] + m [x]m [x]" = 2 [x]
and hence (ii) is established. Moreover,
. _d Pox(t) 1 dox(t) 1 dipx (t) /
el = g i e Px(t)  dt px(t)? ( dt ) }t:O
_dB‘PX(t) 1 d@X(t) 1 / dZ‘PX(t)
B on® a2 Tz )
1 dpx(t) s d*ox(t) | d*ox(t) dox(t)
o Sﬁx(t)Q{( dt ) ® dt2 + dt2 ®( dt )}
2 dpx(t) ,, dox(t) o2/
T @ Ca ) )|,
= —imga[x] + i my[x]vec’ (ma[x]) + i m1[x]" @ ma[x] + i ma[x] @ mq[x]’
®2

— 2imq [x](m1[x]")

The sum on the right hand side equals —imi3[x]. This follows immediately from
(2.1.18) which gives the relation between the characteristic functions ¢ (t) and

Px—E[x] (t), ie.
©x(t) = Px—pix (t)exp(it’ E[x]). (2.1.54)

Thus,

/(/}x(t) = wx—E[x] (t) + it/E[X]'

From this we can draw the important conclusion that starting from k& = 2 the
expressions presenting cumulants via moments also give the relations between cu-
mulants and central moments. The last ones have a simpler form because the
expectation of the centered random vector x — F[x] equals zero. Hence, the ex-
pression of —ics[x] gives us directly (2.1.51), and the formula (2.1.52) has been
proved at the same time.
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It remains to show (2.1.53). Differentiating once more gives us

i {d?’@x(t) 1 _ d‘)ox(t) 1 Vec/(dQQDX(t))
dt dt3  ox(t) dt  ox(t)? dt?
_ 1 ((dQOX(t))/ Pox(t) | dPex(t) (d@X(t))’)
o ()2t dt? dt? dt
2 dpx(t)  dex(t) @2/
+ (,Ox(t)3 dt (( dt ) ) 0
_ {d490X(t) 1 (Ve , Pox(t) dQSOX(t))
L dtt (b)) px(t)? dt? dt?
1 PPpx(t)  Pox(t)
- @x(t)z( dt2 ® vec dt2 )
d?py d?py
- gt o TR o]

where R(t) is the expression including functions of

dpx(t

<th( ), such that R(0) = 0
when x is a centered vector. Thus, when evaluating this expression at t = 0 yields
statement (iv) of the theorem. 1

Similar statements to those in Theorem 2.1.11 will be given in the next corollary
for random matrices.

Corollary 2.1.11.1. Let X : p X ¢ be a random matrix. Then

(i) a[X] =my[X] = ElvecX];

(i) c2[X] =m:[X] = D[X]; (2.1.55)
(iii) es[X] = ms[X], (2.1.56)
where

ms [X] =ms [X] — Mo [X] ® mq [X]/ — ml[X]' X Mo [X] — ma [X]VGCITTLQ [X]
+ 2my [X]mq [X]'®?, (2.1.57)
(iv) ca[X] = mu[X] — M2 [X] @ vecms[X]

— (vec T2 [X] @ T2 [X]) (I + Iy ® Kpgpq), (2.1.58)

where the moments my[X] are given by (2.1.25) and the central moments iy [X]
by (2.1.26) 1
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2.1.8 Problems
1. Show that c,[AXB] = (B’ ® A)ci[X](B® A")®*1 for a random matrix X.
2. Find the expression of 74[x] through moments of x.
3. Suppose that we know C[X, ;,, Xi,5,]s 01, 1,82, j2 = 1,2. Express D[X] with
the help of these quantities.
4. In Definition 2.1.1 use the matrix derivative given by (1.4.47) instead of
dvec’X

dvecT
5. Let x1,Xa,...,X, be independent, with E[x;] = p and D[x;] = X, and let

Express ¢1[X] and ¢3[X] as functions of m1[X] and ma[X].

S —

1 n
— > (xi - ®)(x; — %)
i=1

Determine E[S] and DI[S].

6. Let x1,X2,...,X, be independent with E[x;] = p and D[x;] = ¥. Put
X = (x1,X2,...,%X,) and let S = X(I — C'(CC’)"C)X’, where C : k x n,
k < n. Determine E[S] and DI[S].

7. Consider a 20—dimensional random vector. Find the number of non-repeated
mixed moments of 6th order.

8. Let z = (Z1, Zs, Z3)' be a random vector. Write out mmy(z) using Theorem
2.1.9.

9. The asymmetric Laplace distribution is defined by the characteristic function
(Kotz, Kozubowski & Podgérski, 2001):

1

t)=— —
2 (t) L+t/p+ St/5t

where gt : px 1 and ¥ > 0 : p X p are parameters. Find the mean and
dispersion matrix of the distribution.
10. Find the dispersion matrix of a mixture distribution with density

J2(X) = 7N, 0,2 (%) + (1 =) fn,0,2.)(X),

where v € (0,1). Here N,(0,3) denotes the multivariate normal distribution
which is defined in the next section.
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2.2 THE NORMAL DISTRIBUTION

2.2.1 Introduction and definition

One of the most fundamental distributions in statistics is the normal distribution.
The univariate normal distribution has been known and used in statistics for about
two hundred years. The multivariate normal distribution has also been in use for
a long time. Usually, when it is referred to a multivariate normal distribution, it
is a distribution of a vector. However, among specialists in multivariate analysis,
a matrix version has been put forward which comprises the vector valued version.
This must be quite obvious, since any matrix A may be considered in the vector
form vecA. The way of ordering the elements can have no effect on the distribution.
It will be seen below that the results for the vector valued distribution can be
generalized to the matrix case in a nice and constructive manner. On one hand, the
matrix version is a ”bilinear” extension of the vector version, and the multivariate
structure is obtained from the covariance structure which will be presented as a
Kronecker product of two dispersion matrices. However, on the other hand, the
matrix normal distribution can always be obtained from the multivariate normal
distribution by choosing a particular covariance structure.

Over the years many ways of defining the normal distribution have been presented.
There are at least three different approaches for introducing the multivariate nor-
mal distribution. One is to utilize the density, provided that the density exists,
another is via the characteristic function, and the third is by applying some char-
acterization of the distribution. Our approach will rest on a characterization which
stresses the connection between the normal distribution and linear (multilinear)
transformations. Other characterizations can also be used.

To start the whole process of defining a matrix normal distribution, we begin with
the definition of the univariate standard normal distribution which is defined via
its density

1 9
fo(u) = (2n) 272" —co<u< oo (2.2.1)

and denoted U ~ N(0,1). It follows that E[U] = 0 and D[U] = 1. To define a
univariate normal distribution with mean ; and variance o2 > 0 we observe that
any variable X which has the same distribution as

uw+oU, >0, —oo<pu<oo, (2.2.2)

where the density of U is defined by (2.2.1), has a density

1 (@—w?

fx(x) = (2n0%) V2 27 —00 < p,x <00, o >0.

We say that X ~ N(p,0?), and it is clear that we can use (2.2.2) as a definition
for the normal distribution. One advantage of using (2.2.2) is illustrated in the
following text. Consider kX, where k is a constant. From (2.2.2) it follows that
kX has the same distribution as

kp + koU
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and thus kX ~ N(kpu, (ko)?). Furthermore, (2.2.2) also holds in the singular case
when o = 0, because a random variable with zero variance equals its mean. From
(2.2.2) it follows that X has the same distribution as p and we can write X = p.
Now, let u = (Uy,...,Up)’ be a vector which consists of p independent identically
distributed (i.i.d.) N(0,1) elements. Due to independence, it follows from (2.2.1)
that the density of u equals

1 1 /
Fulw) = (27) 3P 240, (2.2.3)

and we say that u ~ N,(0,I). Note that tr(uu’) = u'u. The density in (2.2.3)
serves as a definition of the standard multivariate normal density function. To
obtain a general definition of a normal distribution for a vector valued variable we
follow the scheme of the univariate case. Thus, let x be a p-dimensional vector
with mean E[x] = p and dispersion D[x] = ¥, where ¥ is non-negative definite.
From Theorem 1.1.3 it follows that ¥ = 77’ for some matrix 7, and if X > 0,
we can always choose 7 to be of full rank, 7(7) = p. Therefore, x is multivariate
normally distributed, if x has the same distribution as

p+ T, (2.2.4)

where u ~ N,(0,I) and the distribution of x is denoted x ~ Np(u, %). If ¥ > 0,
it follows from (2.2.4) and Theorem 1.4.14 by a substitution of variables that the
density equals

Fo(x) = (2m) " 3| B| 23t (BT oo n)') (2.2.5)

Now we turn to the main definition of this section, which introduces the matrix
normal distribution.

Definition 2.2.1. Let X = 77’ and ¥ = ~~', where 7 : pxr and vy : n x s. A
matrix X : p X n is said to be matrix normally distributed with parameters pu, %
and W, if it has the same distribution as

p+7UY, (2.2.6)

where p : p X n is non-random and U : r X s consists of s i.i.d. N,.(0,1I) vectors
U,,1=1,2,...,s. If X : pxn is matrix normally distributed, this will be denoted
X ~ Npn(p, X, ®). 1

If 3 and ¥ are positive definite, then 7 and ~ in (2.2.6) are both square and
non-singular. In the subsequent we exclude the trivial cases 3 =0 ¥ = 0.

Since vecX and X have the same distribution, it follows, by applying the vec-
operator to (2.2.6), that X has the same distribution as

vecp + (v ® T)vecU.

Thus, from (2.2.4) it follows that X ~ N, (g, 3, ¥) means the same as vecX ~
Npn (vecu, ¥ @ 33). Furthermore, since the expectation of U in (2.2.6) equals zero,
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E[X] = p, and since by definition of the dispersion matrix D[X] = D[vecX], we
obtain that D[X] = ¥ ® X.

For the interpretation of D[X] = ¥ ® X we note that ¥ describes the covariance
between the columns of X. These covariances will be the same for each row. On
the other hand, ¥ describes the covariances between the rows of X which will be
the same for each column. Now, take into consideration the covariances between
columns as well as the covariances between rows. Then ¥ ® 3 tells us that the
overall covariance consists of the products of these covariances, i.e.

Covlzij, vri] = oirtji,

where X = (z;), 3 = (041) and ¥ = (¢j;). Furthermore, let p; denote the ith
column of p. Then, if ¥ = I, the columns of X are independently N, (p;,3)
distributed. Moreover, if in addition 3 = I,, then all elements of X are mu-
tually independently distributed. If ¥ ® 3 is positive definite, the density of
Npn(p, 3, ) is given by

Fx(X) = (2m)" 2752w /2 BT W) (9 )

which can be obtained from (2.2.5) by using vecX ~ N, (vecp, ¥ ®3) and noting
that
ved X(¥ @ X)) veeX = tr(Z 71X ¥ 1X')
and
T = (B ps

The first of these two equalities is obtained via Proposition 1.3.14 (iii) and the
second is valid due to Proposition 1.3.12 (ix).

2.2.2 Some properties of the matriz normal distribution

In this paragraph some basic facts for matrix normally distributed matrices will
be presented. From now on, in this paragraph, when partitioned matrices will be
considered, the following notation and sizes of matrices will be used:

X:<X11 X12) u:(“ll [,L12> ( rXs ’I"X(TL—S) )
Xo1 Xa2 Ba1 P22 (p—r)xs (p—r)x(n—s))’

(2.2.8)
X X
Xe1 = 1 Xe2 = 12 Xie = (X1 : X12) Xae = (X211 X22),

Xo1 X292

(2.2.9)

He1 = (H11> He2 = (“12> Hie = (Nu : N12) H2e = (H21 : IJ'22)7

H21 H22

(2.2.10)

2= (30 2) (o0 win%eln) @2

)
T W, Wy, $X S sx (n—s) . 9.9.19
< ) (i ) R

n—s)xs (n—s)x(n—s)
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The characteristic function and cumulant function for a matrix normal variable
are given in the following theorem. As noted before, the characteristic function is
fundamental in our approach when moments are derived. In the next paragraph
the characteristic function will be utilized. The characteristic function could also
have been used as a definition of the normal distribution. The function exists for
both singular and non-singular covariance matrix.

Theorem 2.2.1. Let X ~ N, (i, X, ¥). Then

(i) the characteristic function px(T) is given by

@X(T) — eitr(T/u)—%tr(ZT\PT/) .

3

(ii) the cumulant function ¥x(T) is given by
1
x(T) = itr(T'p) — itr(ET\IIT').

PROOF: Let us again start with the univariate case. The characteristic function
of U ~ N(0,1) equals
1
pu(t) =e 2"
Therefore, because of independence of the elements of U, given in Definition 2.2.1,

the characteristic function of U equals (apply Proposition 1.1.4 (viii))

2

-1 1 /
ou(T) = ¢~ 2 2y — o= u(TT), (2.2.13)
By Definition 2.2.1, X has the same distribution as g + 7U~’" and thus

ex(T) = E[eitr{T/(“JﬂU"/)}]:e“r(T'iL)E[eit1~(~y/T'-,-U)]

eitr(T/u) - %tr(T’T'y'y’T/T) _ eitr(T’u)— %tr(ET\IIT’)

(2.2.13)
By definition of the cumulant function given in (2.1.12), statement (ii) follows if
we take the logarithm of the characteristic function in (i). ]
The next theorem states the well-known property that normality is preserved under
linear transformations. However, it also tells us that under bilinear transforma-
tions the property of being matrix normal is kept.

Theorem 2.2.2. Let X ~ N, (1, %, ®). Forany A: gxpand B: m xn
AXB' ~ N, .(AuB’,ASA’, BUB').

PRrROOF: From Definition 2.2.1 it follows that the matrix X has the same distri-
bution as p + 7U’, where 3 = 77/ and ¥ = 44/, and thus AXB’ has the same
distribution as AuB’+A7U~'B’. Since A77’A’ = AX A’ and Byy'B’ = BUB/,
the theorem is verified. ]
Marginal distributions of a multivariate normal distribution are also normal. Here
we present the results in terms of matrix normal variables.
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Corollary 2.2.2.1. Let X ~ Ny, (p, %, ¥) and X, p, 3 and ¥ are partitioned
according to (2.2.8) — (2.2.12). Then

(i) X11 ~Nyps(p11, 211, P11), Xi2 ~ Nppos(pr12, 811, ¥oo);
(i)  Xo1 ~Np_ps(p21, 322, ¥11), Xog ~ Np_rn—s(pa2, oz, ¥ao);

(111) Xol NNp,s(;U'ola 2, ‘Il11)7 X.Q ~ Np,n—s(“’!?a 2, ‘IIQQ);
Xie ~Nyp(ptie, 211, ¥), Xoe ~ Np—rn(ph2e, 22, ).

PROOF: In order to obtain the distribution for X;;, we choose the matrices A =
(I, : 0) and B = (I : 0) in Theorem 2.2.2. Other expressions can be verified in
the same manner. 1

Corollary 2.2.2.2. Let X ~ N, ,(0,%,I) and let I : n x n be an orthogonal
matrix which is independent of X. Then X and XT' have the same distribution. g

Theorem 2.2.3.

1 et X, ~ o, 205,W), 90 = 1,2,..., e mutually independently dis-

i) Let Xj ~ Np, n(pj,3;,%®), j = 1,2 k b lly ind dently di
tributed. Let Aj;, j = 1,2,...,k be of size ¢ x p; and B of size m x n.
Then

k k
Y AXB ~ Nyw(Y AjBL Y A EAL BYB).

J=1 Jj=1 Jj=1

(ii) Let Xj ~ Npn,(p;, %, %), j = 1,2,...,k be mutually independently dis-
1

tributed. Let B;, j = 1,2,...,k be of size m x n; and A of size ¢ X p.
Then
k k k
> AX;B) ~ Nym(d  Ap;Bj,AXA')> "B, ¥;B)).
j=1 j=1 j=1

Proor: We will just prove (i), because the result in (ii) follows by duality, i.e. if
X ~ Npn(p, 3, ¥) then X' ~ N, ,(p', ¥, %), Let ¥ = 157/, 7 : p; X r, and
U =v4,y:nxs. Put A= (Aq,...,Ay), X=(X,..., XL, =, .., 1),
U= (U,...,U,), U, : p; xs. Since X, has the same distribution as p; +7;U;7/,
it follows, because of independence, that X has the same distribution as

M+ (Tl, S ,Tk)[d]U’)’/
and thus AXB’ has the same distribution as
ApB' + A(y,...,m)qUy'B'.

Since

k
ATy, .. -aTk)[d](Th cee ’Tk)fd]A/ = ZAJE]‘A;‘
j=1
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and Byy'B’ = BWB/', (i) is verified. ]
If X1 ~ Npp(p1, 31, 1) and Xo ~ N, , (p2, Xa, W), it is interesting to note that
X, + X3 is normally distributed but not matrix normally distributed. The reason
for this is that in general there are no matrices K and L such that (¥; ® 3; +
¥, ® ¥y) = K ®L unless some restriction is put on ¥;,3;, j = 1,2. Therefore,
one cannot combine (i) and (ii) in Theorem 2.2.3.

One of the most important properties of the normal distribution is that its disper-
sion matrix is connected to independence as well as to conditional independence.
This fact is exploited in the next two theorems and in particular in Corollary
2.2.4.2. Furthermore, linear combinations of a normal vector x, say a’x and b’x,
are independent if and only if a and b are orthogonal. This is exploited in a more
general case in the next theorem. Among others, this property is essential from a
geometric point of view.

Theorem 2.2.4. Let X ~ N, ,(pt,3,¥), Y ~ N, ,(0,3,¥) and A, B, C, D,
K and L are non-random matrices of proper sizes. Then

(i) AXK is independent of CXL for all constant matrices K and L if and only
if AXC = 0;

(ii) KXB' is independent of LXD' for all constant matrices K and L if and only
if BUD = 0;

(iii) YAY" is independent of YBY' if and only if

VAUB'¥ =0, WA'UBY =0,
VAUBY =0, WA'UB'V = 0;

(iv) YAY’ is independent of YB if and only if

B'WA'W =0,
B' WAV —0.

PRrROOF: We just prove (i), (iii) and (iv), since the proof of the second statement is
identical to the proof of (i). Independence in (i) implies that C[AXK, CXL] = 0,
which in turn is equivalent to

(K'@A)(?eX)(LeC')=0.
Hence,
(K'PL) ® (AXC') =0

and from Proposition 1.3.12 (xi) this holds if and only if K'®L = 0 or AXC’ = 0.
However, K and L are arbitrary and therefore AXC’ = 0 must hold.
For the converse it is noted that

(‘é) X(K: L)~ N.,{(‘é) p(K: L), (‘é) (A C), (5’) T(K:L)}.
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However, by assumption,

A ;oo (ASA 0 \ _[(Ar 0 \[TA 0
(C)E(A'C)_< 0 CEC’)_( 0 cr>( 0o rc)
where ¥ = 77/. Thus (A’ : C')X(K : L) has the same distribution as

(é) n(K: L)+ (1357 COT> Uy (K : L), (2.2.14)

where ¥ = 4" and U ~ N, (0, I.I). Let U = (U} : Uj,)’ and the partition
corresponds to the partition of the covariance matrix X. From (2.2.14) it follows
that AX(K : L) and CX(K : L) have the same distributions as

Ap(K:L)+A7U ' (K: L)
and
Cu(K:L)+ CtUyy/ (K : L),

respectively. Since U; and Uj are independently distributed, AX(K : L) and
CX(K : L) must also be independent. Hence, AXK and CXL are independent
and (i) is established.

The proof of (iii) is based on Corollary 2.2.7.4 (iii). If YAY" is independent of
YBY’, it is also independent of YB’Y’. Furthermore, YA’Y’ is independent of
YBY'’ and YB’Y’. We are going to show how independence between YAY’ and
YB'Y’ implies that WAWBY = 0 as well as the other relations of the statement.
From Corollary 2.2.7.4 it follows that

E[Y®8(vecA)®? ® (vecB)®? = E[(vecYAY')®? @ (vecYBY')®?]

8 6 4
= Z Z Z (Ip X Kpi1—27p 024 Ips—i,l )(Ipa (024 Kpi2—27p &® Ipﬁ—iz)

i1=2 =2 i3=2
X (Ips ® Kpi3’2,p X Ip4—i3 )(VGCE)®4(VGC/\I’)®4 (Ins X Kn7ni3—2 ® In4—i3)
X (Ins X Kn7ni2—2 X InﬁfiQ)(In ® Kn,nﬁ*? ® Insﬂ'l )(VeCA>®2 ® (VeCB)®2.
(2.2.15)
Moreover, due to independence we should have
E[(vec(YAY"))®? @ (vec(YBY'))®?] = E[(vec(YAY"))®?] @ E[(vec(YBY’))®?].
Since ¥ is an arbitrary matrix, (2.2.15) and Corollary 2.2.7.4 (ii) imply that
(Ip X Kpi1—27p % Ipsfz‘l )(Ipa X Kpi2—27p %9 Ip671‘2 )(Ips X Kpi3—27p %9 Ip47i3)
= (Ip & Kpi1—2,p & Ip4—i1 & Ip4)(Ip4 ®I,® Kpi3—27p ® Ip4—7:3)
must be satisfied and this relation holds if i = 2 and i; < 4. Thus, if 1 > 4 or
i9 # 2, we have
(VeC/‘I’)®4(In5 ®Kn)ni3—‘2 ®TI,1-i5) (I3 ® Kn7ni2—2 ®1,6-i2)
x (I, @ K,y pir—2 ® Lys—iy ) (vecA)®? @ (vecB)®? = 0.
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In particular if i3 = 2,40 =3 and iy =7

(vec' ®)®¥* (1,2 @ Ky @ Ls) (1, @ Ky s @ 1) (vecA)®? @ (vecB)®?
= tr(APBUYB' WA'¥) = 0.

The equality tr(AYBYB'WA'W) = 0 is equivalent to YAWYBW¥ = 0. Thus,
one of the conditions of (iii) has been obtained. Other conditions follow by con-
sidering E[Y®®¥]vecA ® vecA’ ® (vecB)®?, E[Y®8](vecA)®? @ vecB ® vecB’ and
E[Y®8]vecA ® vecA’ @ vecB ® vecB'.

On the other hand, YAY' = YAYW "Y' = YP~WAY’, and if the conditions in
(iii) hold, according to (ii), YA is independent of YBW¥ and YB'W, and YA'W
is independent of YBW and YB'W.

To prove (iv) we can use ideas similar to those in the proof of (iii). Suppose first
that YAY" is independent of YB. Thus, YA’Y" is also independent of YB. From
Corollary 2.2.7.4 it follows that

E[Y®%](vecA)®? @ B®? = E[(vecYAY')®? @ (YB)®?]
6 4
= Z Z (Ip ® Kpi1—27p 024 IpG—il )(Ips [029] Kpi2—27p (024 Ip4—i2 )(VGCE)®3 (VeC/‘I’)®3
11 =213=2

2
X (Ins X Kn7ni2—2 4 In4—i2 )(In ® Kn,ni1*2 X InG—il )(VeCA)®2 X B®2.
Independence implies that
(Ip ® Kpi1—27p X Ipﬁ—il )(Ip3 ® Kpi2—27p X Ip4—i2) = (Ip ® Kpi1—27p X Ip4—i1 (9 Ipz)
must hold, which in turn gives that if i; > 4,

(ved' B)* (L, @ Kpin—2, @ Lyais @ L) (10 L, @ Kppin—2 ), @ Ly )
x (vecA)®? @ B¥? = 0.

In particular, if 4, = 6 and i, = 3, we obtain that
vec(B'WA'WAYB) =0,

which is equivalent to
B'TA'T =0.

By symmetry it follows that B'® AW® = 0 also is true. For the converse we rely on
(ii) and notice that B'TA’® = 0 implies that YB and YA’W are independent,
and B'WAW¥ = 0 implies that YB and YAW are independent. Furthermore, note
that YAY' = Y& " PAPPTY' = YAUP "Y' = Y& WAY'. Hence, YB and
YAY’ are also independent. ]

One may notice that, in particular, the proofs of (iii) and (iv) utilize the first mo-
ments and not the characteristic function, which is usually the case when showing
independence.

The proof of the theorem has induced the following corollaries.
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Corollary 2.2.4.1. Let X ~ N, (p, 2, ¥) and X, p, ¥ and ¥ be partitioned
according to (2.2.8) — (2.2.12). Then

(i) if \1’521 is non-singular, Xe1 — X.Q\P§21\1121 and X2 are independent and
normally distributed;

(i) if 2521 is non-singular, X4 — 2122521X2. and Xq, are independent and nor-
mally distributed. 1

Corollary 2.2.4.2. Let X ~ Ny, (p, 2, ¥) and X, p, 3 and ¥ be partitioned
according to (2.2.8) — (2.2.12). Then

(i) Xje and Xge are independent if and only if 315 = 0;
(ii) Xe1 and Xe9 are independent if and only if W19 = 0;
(111) X11 and X12, XQQ, X12 are jndependent if and OH]y if 212 =0 and ‘1112 =0.

PRrROOF: For (i) choose A = (I:0) and C = (0 : I) in Theorem 2.2.4 (i). For (ii)
choose B = (I: 0) and D = (0 : I) in Theorem 2.2.4 (ii). For (iii) we combine
(i) and (ii) of Theorem 2.2.4. In (i) we choose A = (I: 0), K = (I : 0) and
C=(0:1) and in (ii) we choose B=(I1:0), K= (I:0) and D = (0:1I). 1

Now some results on conditioning in the matrix normal distribution are presented.

Theorem 2.2.5. Let X ~ N, ,(u,3,¥) and X, p, 3 and ¥ be partitioned
according to (228) - (2212) Put 21.2 = 211 — 2122521221 and ‘1’1.2 = 'Illl —
U0, Wy

(i) Suppose that Wy, exists. Then

Xe1|Xez ~Nps(pre1 + (Xez — tte2) ¥sy Woy, B, Uy 5).
(ii) Suppose that Bq, exists. Then

Xie|Xoe ~Nyp (10 + B12355 (Xoe — p2e), B1.2, T).

PROOF: Let

0 I
From Theorem 2.2.2 it follows that XH' ~ N, ,(¢H', 3, H¥H') and

H_ (I —@12'1:221) .

XH' =(X¢; — XeoWsry Uy : Xo0),
pH' =(te1 — H.Q‘I’Q_QI\Pgl : He2).

However, since

r (P12 O
H‘IIH_< K \1122>,

Corollary 2.2.4.1 (i) implies that Xe1 — X.Q\IlgzllIlgl and X,o are independently
distributed. Hence,

Xe1 — Xe2 Wy Wo1 ~ Ny o (a1 — ez Wiy Wor, 3, Uy 5),
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and because of independence with X452, the same expression when conditioning
with respect to Xe2 holds. Thus (i) is established. The relation (ii) can immedi-
ately be obtained by noting that X' ~ N, (', ¥, X). ]

It is straightforward to derive the conditional distribution of Xe1|X12 or Xe1|X22,
etc. by using results for the vector valued normal distributions. It turns out that
the conditional distributions are normal, of course, but they are not matrix normal
distributions. An extension of Theorem 2.2.5 is given in the following corollary.

Corollary 2.2.5.1. Let X ~ Np, (1, X, %) and A : ¢ xp, B:mxn, C:
r x p and D : k x n. Moreover, let $1.04 = ASXA’ — AXC/(CEC')"!CXZA’ and
¥, .5 = BUB' — B‘IID/(D\IID/)_lD\IIB/.

(i) If(CXC’)~! exists, then

AXB/|CXB’ ~ N, .(AuB’ + AXC/(CEC')" (CXB' — CuB'), S04, BUB/).
(ii) If (D®~1D’)~! exists, then
AXB/|AXD' ~ N, n(ApB'+ (AXD' — ApD')(D¥D')'DUB’, ASA', ¥, o5).

The next theorem gives us another generalization of Theorem 2.2.5. Here we do
not suppose any full rank conditions.

Theorem 2.2.6. Let X ~ N, (p, X, ¥) and the matrices X, p, X and ¥ be
partitioned according to (2.2.8) — (2.2.12). Put 1.0 = X171 — X12%5,39; and
\111.2 = ‘I’ll — ‘1’12‘112_2\1121. Then

(1) Xol‘Xo2 NNp,s(Hol + (X.2 - /1102)\1,2_2‘:[]213 25 \IILQ);

(ii) X1e|X2e ~Nyp(H1e + X12255(X2e — H2e ), X1.2, ).

ProoOF: The proof of Theorem 2.2.5 may be copied. For example, for (i) let

(T =TT,
H=(o 7

and note that from Theorem 2.1.3 it follows that C'(W¥91) € (C'(W¥a2), which
implies \Illg‘Ilgz‘Ilgz = ‘1’12. 1
Let 39, and W4, span the orthogonal complements to C'(Xa2) and C(¥ss),
respectively. Then D[X9,(Xae — pt2e)] = 0 and D[(Xe2 — pte2)®Yy] = 0. Thus,
C((Xe2 — tte2)') € C(¥o2) and ('(Xaoe — t2¢) € C'(X22), which imply that the
relations in (i) and (ii) of Theorem 2.2.6 are invariant with respect to the choice
of g-inverse, with probability 1.

2.2.3 Moments of the matriz normal distribution
Moments of the normal distribution are needed when approximating other dis-
tributions with the help of the normal distribution, for example. The order of
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moments needed in expansions depends on the number of used terms. Usually it
is enough to have expressions of the first six moments, and many practical prob-
lems can be handled with the first three or four moments. In principle, moments of
arbitrary order could be used but usually this will not improve the approximation.
When applying the results, the moments in approximation formulas have to be
estimated and therefore, when utilizing higher order moments, the performance of
the approximation can get even worse than using an approximation which is based
on the first three moments. Outliers, for example, can cause remarkable biases
in the estimates of higher order moments and cumulants. Nevertheless, we shall
briefly study moments of arbitrary order because sometimes the basic structure of
moments is also valuable.

The next Theorem 2.2.7 gives the moments of a matrix normal variable up to the
fourth order as well as moments of arbitrary order. The moments of arbitrary
order are given in a recursive way. We could also have stated the moments non-
recursively but these expressions are quite lengthy (e.g. see Holmquist, 1988; von
Rosen, 1988b). One, maybe the most important part of the theorem lies in the
proof of Lemma 2.2.1, given below. If we understand how the moments can be
obtained, we can easily apply the ideas in other situations. In the lemma we adopt
the convention that if k£ < 0,

for arbitrary matrices A;.

Lemma 2.2.1. Let X ~ N, (p, X, ¥) and

k —

where p% (T) = ¢x(T), and ¢x(T) is given in Theorem 2.2.1. Put

A(T) = ivec'u — ved' (T)(P @ X)

and AY(T) = A0 — @ @ %, Then, ifk > 1,

P%(T) = A(T) @ ok '(T) + AY(T) @ vec' 5 *(T)
k

+ (VGC/AI(T) @ @?(_Q(T))(Ilm ® I<1”n,(pn)k*i*3 ® I(pn)l)

PRrOOF: Since A(T) is linear in T, higher order derivatives of A(T) vanish. By
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differentiating ¢x (T) four times, we obtain with the help of §1.4.9

ex(T) = A(T)px(T), (2.2.16)
(1.4.14)
(1.4.28)
P(T) | = AlT)ex(T) + A(T) @ ok (T), (2.2.17)
AT) | = el AL(T) @ ok (T) + A'(T) & el (T)
+A(T) ® 9% (T), (2.2.18)
¢x(T) A(T) ® p%(T) + A (T) ® vec'px (T)

(1;23)
+ (vec' AN (T) © 0% (T)) (L © Ky ) + vec' AY(T) @ o4 (T). (2.2.19)

Now suppose that the lemma holds for k—1. We are going to differentiate gp’)“{l (T)
and by assumption

Ph(T) = ok (1) = AT @ i 2(T)) + ~{ANT) © ved' ol *(T))

k—4
d _
+ ﬁ{ E (vec'Al(T) X (p’;c 3(T))(Ipn & Kpn7(pn)k—1—i—3 X I(pn)z)} (2220)
=0

Straightforward calculations yield

d _ _ _
THAM @AM = AT 0 G (T) + AT @ vec i 3T, (2221)
d 1 k—3 1 k—2
—p (AN(T) ® vec'px ()} (l_fzg)wec’A (T) ® ¢ *(T)) (Tpn @ Ky (prye—2)
(2.2.22)
and
d _
ﬁ{(veC/Al (T) ® QO])C( 3(T))<I;lm ® Kpn,(pn)’“*"'*1*3 ® I(pn)’)}
" 4:23)(V€C/A1 (T) ® QOI;{Z(T))(Ipn ® Kpn,(pn)k—i—l—S & I(pn)i‘*'l ). (2.2.23)
Summing over 7 in (2.2.23) and thereafter adding (2.2.22) yields
k—4
Z(VGCIAl(T) X (p’;{Q(T))(Ipn 4 Kpn’(pn)k—i—l—s 24 I(pn)i+1)
i=0

+(ved AY(T) ® & (T)) (Tpn © Koy (pys-3)-
Reindexing, i.e. ¢ — 7 — 1, implies that this expression is equivalent to

k-3
Z(VGC/Al(T) & <)0])€(_2(T))(IP“ & Ki”n,(pn)"”_i_3 & I(pn)l)
i=1

+ (vecd' A(T) ® % *(T) Ty © Ky (pny—)

k-3

=) (ved AHT) ® 05 *(T)) L @ Ky (pmye—i-3 @ Lppyi). (2.2.24)
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Finally, summing the right hand side of (2.2.21) and (2.2.24), we obtain the state-
ment of the lemma from (2.2.20). 1

Theorem 2.2.7. Let X ~ N, (i, %, ¥). Then
1) mo[X] = (¥ @) + vecpvec u;
(i)  ms[X] = vecu(ved n)®? 4+ ved u @ TR X + ¥ ® T @ vec'

+ vecuved (¥ @ X);
(iil)  my[X] = vecu(ved' n)®? + (ved' u)*? @ ¥ @ &
+ved p @ P QX ® ved' u + vecuved' u @ vec' (¥ @ X)
+PRT@ved (TRE)+ T ® (ved u)®?
+ {vecuvec (P @ X) @ vec'u + ved (P @ X) @ ¥ @ B}
X I+ L, @ Kpnpn);
(iv)  mp[X] =ved'u @ mp_1[X] + ¥ @ X @ vec' (my_2[X])

k-3
+ Z(Vecl(‘I] ® 2) @ mk—Q[X])(IPn ® Kpn,(pn)k*i*3 ® I(pn)l)a

1=0
k> 1.

PRrROOF: The relations in (i), (ii) and (iii) follow immediately from (2.2.16) —
(2.2.19) by setting T = 0, since

A(0) =ivec',

Al0)=-T 3.
The general case (iv) is obtained from Lemma 2.2.1, if we note that (apply Defi-
nition 2.1.3)

¥5(0) = i*my[X],

A(0) ® 1 (0) = i*vec'p ®@ my—1 [X]
and
vec! AL(0) ® ©"72(0) = i*ved (¥ @ ) @ my_o[X],

where it has been utilized in the last equality that i* = —ik=2, 1

Corollary 2.2.7.1. Let Y ~ N, ,(0,%,®). Then m,[Y] =0, if k is odd. When
k is even, then

(i) my[Y] =¥ © 3

(ii) maY] =¥ @ X Q ved (¥ @ X)
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+(ved (TRE)@ P @) I+1,, @ Kpnpn);

(iii)  mi[Y] =¥ @ X ® vec'mi_o[Y]
k—3
+ Z(V@C/(‘I’ X E) ® mk_Q[Y])(Ipn X Kpn7(pn)k—i—3 ® I(pn)'i)7
1=0
molY] =1, k=2,4,6,...;

(iv) veemu[Y] = (T4 L ® Kipnyz pn + Ipn @ Kpnpn @ L) (vee(¥ @ 2))®%;
k—2
(v) veemp[Y] =) (Ln @ Kppyr—i—2 pn @ Lpnyi) (vee(¥ @ X) @ vec my,_2[Y]),

i=0
molY] =1, k=24,6,...

PROOF: Statements (i), (i) and (iii) follow immediately from Theorem 2.2.7. By
applying Proposition 1.3.14 (iv), one can see that (ii) implies (iv). In order to
prove the last statement Proposition 1.3.14 (iv) is applied once again and after
some calculations it follows from (iii) that

vecmg[Y] = (Ipn @ K(pnyk—2 pn)vec(¥ ®@ X) @ vecmy_o[Y]
k-3
+ Z(Ipn & K(pn)k*i*3,pn ® I(pn)i)vec('l’ ® ¥) ® vec mk,Q[Y]
=0

k—2
= (Ipn & K(pn)kﬂ;z’pn ® I(pn)i)vec(\:[’ ® X)) ® vec mk,g[Y].
=0

1
In the next two corollaries we shall present the expressions of moments and central
moments for a normally distributed random vector.

Corollary 2.2.7.2. Let x ~ N,(p, ). Then moments of the p-vector are of the
form:

(i) ma[x] = X+ pp';

(ii) malx] = p(p)®? + @ @+ T @ p' + pvec' ;s

(i)  malx] = pE)® + W) 0T+ p 0T @ p + pp’ @ ved'S
+E@vedT + @ (u)%?

+{pved'E @ p' +ved' T @B} + 1, K, ,);
(iv) melx] = p' @ mi_1[x] + X @ vec’ (my_o[x])
k—3

+ Z(vec’E Q@ my—2[X])(I, @ K, jr—i-s @ L), k> 1.
i=0
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PrOOF: All the statements follow directly from Theorem 2.2.7 if we take ¥ =1
and replace vecp by the expectation . ]

The next results follow in the same way as those presented in Corollary 2.2.7.1.

Corollary 2.2.7.3. Let x ~ N,(u,X). Then odd central moments of x equal
zero and even central moments are given by the following equalities:

(i) ma[x] = 3
(ii) malx] =X @ ved’S + (ved'’ B @ ) (s + I, @ Kp p);

mi[x] = X ® vecMy_s[X]
k—3
+ ) (vedE @ p_a[x])(I, @K, pi-ia @ L),
=0

(iv) veema[x] = (Ls + L,  Kp2 , + I, @ K, , ® L)) (vecE)®?;
k=2

(v) vecg[x] = Z(Ip Q@ Kpi—i—2 , ® Li)(vecE @ vecmy_2[X]), Mo[x] =1,
=0

Since Ipn @ K )r—i-2 pp @I (pp): 1s @ permutation operator, it is seen that the cen-
tral moments in Corollary 2.2.7.1 (v) are generated with the help of permutations
on tensors of the basis vectors of vec(¥ @ X)®*. Note that not all permutations
are used. However, one can show that all permutations P; are used, which satisfy
the condition that P;vec(¥ ® X)®* differs from P;vec(¥ @ X)®* if P, # P,.
Example 2.2.1. Consider (vec(¥ ® X))®?, which can be written as a sum

E aijakle} ® d} ® elz ® d%
ijkl

where vec(¥ @ X) = 3 aije; @ dj = >, ape] @ dj and e, €7, d} and d are
unit bases vectors. All possible permutations of the basis vectors are given by

e ®d; ®ef ®dj
ej®d ®d; ® e}
ej ®el ®d; ®@d]
ej®ef @d; ®dj
ej ®di ®ef @d]
e;®d; ®d} @ef

dj ®ej @ e} @dj
dj ®ej ®d; ®ef
dj ®ef @d} ®ej
d; ® ef ® e; @ dj
d; ©dj ® e} ®ej
dj @d} ® e} @ e}

e ©d; ®ej®d}
e ®dj ®@d} ®e;
e} ®e; ®d; @d]
e ®e;@d; ®d}
e} ®di ®ej @d]
e ©d; ®df ®ej

di®ej®el @d;
d;®e;®d} ®ef
di ®ef @ d} ®ej
d; ®ef ®ej@d;
di ®d; @ ef ®ej
di ®d} ®ej @ e}

Since ¥ ® 3 is symmetric, some of the permutations are equal and we may reduce
the number of them. For example, e} ®d! ® el2 ® d% represents the same elements
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as dj ® ej ® €] ® dj. Hence, the following permutations remain

e;0dl®ef®d; e ®e;®d;®d;
e;efd;®d; e®e;d®@d}.
ej@ef®d] ®d; ef®di®e;®d]

However, e} ® e} ® d? ® d; represents the same element as e ® e} ®d; ®d? and
the final set of elements can be chosen as

e ®d} ® e} ®dj}
e;@ef®d; @d;.
ej®ef ®d; ®d}

The three permutations which correspond to this set of basis vectors and act on
(vec(¥ @ X))®? are given by I, L, @ K(pn)2 pn and L, @ Kpp pp @ Iy, These are
the ones used in Corollary 2.2.7.1 (iv). 1

Sometimes it is useful to rearrange the moments. For example, when proving
Theorem 2.2.9, which is given below. In the next corollary the Kroneckerian
power is used.

Corollary 2.2.7.4. Let Y ~ N, ,(0,%,¥). Then
(i)  E[Y®? = vecZvec' ¥;
(i) E[Y®Y = (vecZvec ¥)®? + (I, ® K, , ® I,)(vecSvec ¥)**(I, @ K,,,, ® I,)

+ (I, ® K2 ) (vecEved ¥) (L, @ K, ,2);

k
(i) B[Y®"] = Z(Ip @ Kpi-z, @ Lx-i)(vecEved ¥ @ E[Y®F2])
=2
X (17L®I<n,ni*2 ®Ink*i)v k=2,4,6,...

PROOF: It can be obtained from Corollary 2.2.7.1 (i) that
ElvecY ® vecY] = vec(¥ ® X).

Premultiplying this expression with I, ® K,, , ®I,, yields, according to Proposition
1.3.14 (iv),

vecE[Y @ Y] = (I, ® K, p @ I,)vec(¥ @ B) = vec® ® vecE = vec(vecEvec' ¥).

Concerning (ii), the same idea as in the above given proof is applied. Corollary
2.2.7.1 (v) implies that if

P=(I,:0K,,: L)1, 0K, L, 0L, (I, K, ,®I,I,z),
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then
vecE[Y®4] = PE[(vecY)®?] = Pvec m4[Y],

which is equivalent to (ii).

In order to prove (iii) one can copy the above lines and apply an induction argu-
ment. Alternatively to the proof of this statement, as well as when proving (i) and
(ii), one may apply the matrix derivative given by (1.4.2) instead of (1.4.4) when
differentiating the characteristic function. ]

Another way of obtaining the moments in Theorem 2.2.7 is to start with the
moments given in Corollary 2.2.7.1 and then utilize that

mrlX] = Elvec(Y + p){vec (Y + )} #51].

Now the idea is to expand {vec(Y + p)}®*~1. Thereafter certain permutation
operators are applied to each term of the expansion so that the terms will take
the form

vec(Y + p)((ved'Y)® @ (vec p)®*=7), j=0,1,... k.

An interesting feature of the normal distribution is that all cumulants are almost
trivial to obtain. As the cumulant function in Theorem 2.2.1 consists of a linear
term and a quadratic term in T, the following theorem can be verified.

Theorem 2.2.8. Let X ~ N, (i, %, ¥). Then

(i) 1| X] =vecp;
(ii) oX] =P e3;
(iii) c[X] =0, k>3

Quadratic forms play a key role in statistics. Now and then moments of quadratic
forms are needed. In the next theorem some quadratic forms in matrix normal
variables are considered. By studying the proof one understands how moments
can be obtained when X is not normally distributed.

Theorem 2.2.9. Let X ~ N, (i, %, ®). Then
(i) EXAX']=tr(PA)Z + pAy';
(i) E[XAX' @ XBX'] = tr(TA)tr(¥B)E ®
+ tr(PAPB')vecEvec'S + tr(PAPB)K, ,(Z ® %)

+tr(PA)X @ uBu' + vec(uBPA'/)vec'S
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+ K, {uBYAY @ X+ X @ pAPBu'}

+ vecEved (uB' TAp) + tr(IB)uAp @ X + pAp’ @ uBu';
(i) DXAX'] = tr(TATA NS @ S + tr(TATAK, (S ® %)

+ X @ uUAYA'Y + pATAY @ %

+ Ky p{HAPAL @ X+ X @ uA'TAL'}.

PROOF: In order to show (i) we are going to utilize Corollary 2.2.7.4. Observe
that X and Y + p have the same distribution when Y ~ N, (0,33, ¥). The odd
moments of Y equal zero and

vecE[XAX'] = E[((Y + 1) @ (Y + p))vecA] = E[(Y ® Y)vecA] + vec(uAp')
= vecXvec UvecA + vec(pAp') = tr(PA)vecE + vec(pAp'),

which establishes (i).
For (ii) it is noted that

E[(XAX)®(XBX')]
=E[(YAY') ® (YBY')] + E[(pAp') @ (uBp'))]
+ E[(YAp') ® (YBy')] + E[(YAp') ® (bBY')]
+ E[(nAY') ® (YBp')] + E[(HAY') ® (uBY')]
E[(pAp') ® (YBY')] + E[(YAY') ® (uBp')]. (2.2.25)

We are going to consider the expressions in the right-hand side of (2.2.25) term
by term. It follows by Proposition 1.3.14 (iii) and (iv) and Corollary 2.2.7.4 that

vec(E[(YAY') @ (YBY')])
= (I, K, , ® I,) E[Y®*](vecA ® vecB)
= tr(PA)tr(¥B)vec(E ® ) + tr(ZPAYB')vec(vecEvec' )
+ tr(PAYB)vec(K, ,(X ® X)),

which implies that

E[(YAY') ® (YBY')] = tr(PA)tr(¥B)X @ X
+ tr(PAPB )vecEved'E 4+ tr(PAYB)K, ,(Z @ X).  (2.2.26)

Some calculations give that

E[(YAW) ® (YBu')] = E[Y®?) (A @ By') = vecEved (uB' WA Y') (2.2.27)
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and
E[(nAY') ® (uBY')] = (uA @ uB)E[(Y')®?] = vec(uBP® A’/ )vec' 3. (2.2.28)

Furthermore,
EYRY =K, .(ToX),
which implies that

E[(YAp') ® (uBY')] = (I, ® uB)E[Y @ Y'](Ap' ® 1)
= (I, @ uB)K, (T @ )(Ap' @ 1,) =K, ,(uBPAL @ £) (2.2.29)

and

E[(HAY") ® (YBW)] = E[(YA'w) ® (uB'Y")]
— (LAYBY @ ©)K,, = K, ,(X © pA¥By/).  (2.2.30)

Now, by applying (i),

E[(pAp') @ (YBY')] = tr(IB)uAp’ @ 2 (2.2.31)
and

E[(YAY') ® (uBp')] = tr(¥A)S @ uBp'. (2.2.32)

Hence, using (2.2.26) — (2.2.32) in (2.2.25) proves (ii).
Finally (iii) is going to be established. Since

D[XAX'] = Elvec(XAX')vec' (XAX")] — E[vec(XAX')|E[vec (XAX')]

and since by (i) E[vec(XAX’)] is known, we only need an expression for
Elvec(XAX')vec’(XAX’)]. From Proposition 1.3.14 (iv) it follows that

(I, K, p @ L) vec( E[(XAX') @ (XAX')]) = E[vec(XAX') ® vec(XAX')]
= vec(E[vec(XAX')vec' (XAX")]).

Therefore, by utilizing (ii) we obtain

vec(E[vec(XAX')vec' (XAX')])
=(tr(PA))?*vec(vecEved' ) + tr(PAPA' )vec(T @ X)
+tr(TAPTA)vec(K, ,X @ X) + tr(PA)vec(vec(uAp')vec'X)
+vec(X @ pAPA 1) + vec(K, ,(MAT A @ X))
+ vec(Kp p(E @ pA'TA'Y)) + vec(pA'TPAY @ )
+ tr(PA)vec(vecEvec (uAp')) + vec(vec(uAp')vec (uAp')).
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Hence,

Elvec(XAX )vec (XAX')]
=(tr(TA))*vecEvec'S + tr(TATA T © 2
+tr(PTA)r(PA)K, ,(E @ X) + tr(PA)vec(pAp)ved'S
+ X @ uAPA'Y + K, ,(LATAY) @ X)
+ K, p(Z@ pA'TA' W) + pA'TAY @ 2
+ tr(PA)vecEvec (uAp') + vec(uAp)ved (nAp'). (2.2.33)

Combining (2.2.33) with the expression for E[vec(XAX’)] in (i) establishes (iii).
1
For some results on arbitrary moments on quadratic forms see Kang & Kim (1996).

2.2.4 Hermite polynomials

If we intend to present a multivariate density or distribution function through a
multivariate normal distribution, there exist expansions where multivariate den-
sities or distribution functions, multivariate cumulants and multivariate Hermite
polynomials will appear in the formulas. Finding explicit expressions for the Her-
mite polynomials of low order will be the topic of this paragraph while in the next
chapter we are going to apply these results.

In the univariate case the class of orthogonal polynomials known as Hermite poly-
nomials can be defined in several ways. We shall use the definition which starts
from the normal density. The polynomial hy(x) is a Hermite polynomial of order
k if it satisfies the following equality:

k x
S =

Fhe(x)folz),  k=0,1,2,..., (2.2.34)

where f,(x) is the density function of the standard normal distribution N(0,1).
Direct calculations give the first Hermite polynomials:

)

1
=z,

Qf 7

x3 — 3.
In the multivariate case we are going to use a multivariate normal distribution
N, (p,X) which gives us a possibility to define multivariate Hermite polynomials
depending on two parameters, namely the mean g and the dispersion matrix
3. A general coordinate-free treatment of multivariate Hermite polynomials has
been given by Holmquist (1996), and in certain tensor notation they appear in
the books by McCullagh (1987) and Barndorff-Nielsen & Cox (1989). A matrix
representation was first given by Traat (1986) on the basis of the matrix derivative
of MacRae (1974). In our notation multivariate Hermite polynomials were given
by Kollo (1991), when p = 0.
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Definition 2.2.2. The matrix Hy(x, p, ) is called multivariate Hermite polyno-
mial of order k for the vector p and the matrix ¥ > 0, if it satisfies the equality:

d* f(x)

dxk = (*1)ka(X,/J,, E)fx(x)v k= 0,1,..., (2235)

d*
where s is given by Definition 1.4.1 and Definition 1.4.3, and fx(x) is the density
X

function of the normal distribution Np(p,X):

o) = (2m) S dexp(— g (x — )57 (x— ).

Usually Hermite polynomials are defined for a centered normal distribution. In
the literature we find several generalizations of Hermite polynomials in different
directions. Viskov (1991) considers Hermite polynomials as derivatives of an expo-
nential function where the dispersion matrix 3 in the normal density in Definition
2.2.2 is replaced by an arbitrary non-singular square matrix. Chikuse (1992a,
1992b) develops a theory for Hermite polynomials with a symmetric (but not nec-
essarily positive definite) matrix argument. For our purposes we get the necessary
notion from Definition 2.2.2. The explicit formulas for the first three Hermite
polynomials will be given in the next theorem.

Theorem 2.2.10. Multivariate Hermite polynomials Hy(x, u, 3),
k=0,1,2,3, are of the form:

(1) Ho(X,[L,E) =1;
(i)  Hi(x,p,2) =37 (x — p); (2.2.36)
(iil) Ho(x,p,E) =Z M x—p)(x—p)2" —-271 (2.2.37)

(iv) Ha(x,p,2) =S H(x —p)((x - p)=H)* =27 (x — p)vec’ S
A{x-pw)ET e -l e {(x—p)S7} (2.2.38)

PRrROOF: For k = 0, the relation in Definition 2.2.2 turns into a trivial identity and
we obtain that

Hy(x,p,X) = 1.
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For k =1 the first order derivative equals

ahx)
dx
= (2w)*%|2|—%deXp(_§(X _CZ() T (x — p))
2 (B HB e B ) R E L)
1 dx—p) o, Ao — )
(1.4.19) 7§fx(x){d7xz (X*“)WLTE (x—p)}

L —%fx(X){E‘l(x — )+ 37 (x—p)} = — ()BT (x— ).

Thus, Definition 2.2.2 yields (ii). To prove (iii) we have to find the second order
derivative, i.e.

daf

Phx) _ Tax AT (x— )
dx? dx dx
d(x —

_ “)/ -1 dfx(x) I—1
= - dx b)) fx(x) - dx (X - l’l’) )

= =27 () + 27 (x - ) (x = p)' BT fx(x)
= fx(®)(E T (x - p)(x—p)ST =27,
Thus, (iii) is verified.

To prove (iv), the function fx(x) has to be differentiated once more and it follows
that

g LS . ) .
Pr) _ The  dAGE T x - px - p)E Y] d(f)E )
dx3 dx dx dx

 HE =) 95 x = ) ()} df(x)vec’E !
(1.3.31) dx dx

L - ) 0B (x )
(1.4.23) Fx(x) dx

+ df;}({x) (X _ u)’E_l ® (X _ “)/2_1 _ dfz)((X) VeC/E_l

Wy FOHE— )T BT + 27 @ (x — )2

— 2 (k- ) (x— )B4 B (x - pved S,

Hence, from Definition 2.2.2 the expression for Hs(x, p, X) is obtained. 1

In most applications the centered multivariate normal distribution N,(0,3) is
used. In this case Hermite polynomials have a slightly simpler form, and we denote

them by Hg(x,X). The first three Hermite polynomials Hy(x,X) are given by
the following corollary.
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Corollary 2.2.10.1. Multivariate Hermite polynomials Hy(x, X)),
k=0,1,2,3, are of the form:

(i) Ho(x,X) = 1;
(ii) H(x,%) =X 'x; (2.2.39)
(iil) Hy(x,Z) =3 'xx'T7' -7 (2.2.40)
(iv) H3(x,3) =T 'x(xT7H®2 - B xved T - (x¥T 7 @)

— (= lex'E™). (2.2.41)

In the case p = 0 and X = I, the formulas, which follow from Theorem 2.2.10,
are multivariate versions of univariate Hermite polynomials.

Corollary 2.2.10.2. Multivariate Hermite polynomials Hy(x,1,),
k=0,1,2,3, equal:

(i) Ho(x,Ip) = 1;

(i) Hi(x,I,) = x;

(ii) Hy(x,Ip) = xx' — I;

(iv) Hi(x, L) = x(x')%2 — xvec'L, — (x' @ 1,) — (I, ® x').

Up to now we have been thinking of Hermite polynomials as derivatives of the
normal density. However, when the mean is zero, the characteristic function of
the normal distribution has the same structure as that of the multivariate normal
density function. Hence, one can immediately imagine that the moments of a
multivariate normal distribution are connected to the Hermite polynomials, and
the next theorem is a consequence of this fact.

Theorem 2.2.11. Let x ~ N,(0,3). Then

1
mp[x] = —(=1)*Hy(0,27"),  k=2,4,6,...

]

Furthermore, since recursive relations are given for the derivatives of the char-
acteristic function in Lemma 2.2.1, we may follow up this result and present a
recursive relation for the Hermite polynomials Hy(x, X).
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Theorem 2.2.12. Let Hy(x,X) be given by Definition 2.2.2, when g = 0. Then,
ifk>1,
H.(x,Z) =x'27"H,_1(x,2) - 7! @ vecHp_5(x, %)
k—3
— (ved’ ST @ Hy (%, 2)) Y (I, @9 K,y peims @ 10).
i=0
1
An interesting fact about Hermite polynomials is that they are orthogonal, i.e.
E[vecH(x, X)vec'H;(x,X)] = 0.
Theorem 2.2.13. Let Hy(x,X) be given in Definition 2.2.2, where p = 0. Then,
ifk #1,
ElvecHj(x, X)vec'H;(x, )] = 0.

PROOF: First, the correspondence between (2.2.35) and (1.4.67) is noted. There-
after it is recognized that (1.4.68) holds because the exponential function converges
to 0 faster than Hy(x,¥) — =+oo, when any component in x — 4oco. Hence,
(1.4.70) establishes the theorem. 1
The Hermite polynomials, or equivalently the derivatives of the normal density
function, may be useful when obtaining error bounds of expansions. This happens
when derivatives of the normal density function appear in approximation formulas.
With the help of the next theorem error bounds, independent of the argument x
of the density function, can be found.

Theorem 2.2.14. Let Z ~ N, ,,(0,%,1), fz(X) denote the corresponding density
and f5(X) the k—th derivative of the density. Then, for any matrix A of proper
size,

(1) [er(A®> f2°(X))] < tr(A®* f7°(0));
(i) |tr(A®Z Hy,(vecX, B) fz(X))| < (27) P2 2|7/ 2tr(A®? Hy, (vec X, X)),

PROOF: The statement in (ii) follows from (i) and Definition 2.2.2. In order to
show (i) we make use of Corollary 3.2.1.L2, where the inverse Fourier transform is
given and the derivatives of a density function are represented using the charac-
teristic function.

Hence, from Corollary 3.2.1.1.2 it follows that

[tr(A®2 f25(X))| = [vec' (A'*)vec(f3°(X)),
= |(2ﬂ')*p"/ <pz(T)vec’(A’®23)(iveCT)®2se—itr(T'x)dT|
RPn

< (2m)7™" /R z(T)|vec' (A'%*") (ivecT) ¥%*|dT
—en) " [ pa(T) (AT

= (2m)~ " / 0z(T)vec (A% (ivecT) ®2d T
o

= vec' (A% )vec(f3°(0)) = tr(A®* 2°(0)),
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which establishes the theorem. 1

2.2.5 Multilinear normal distribution

The matrix normal distribution can be regarded as a bilinear normal distribution.
A straightforward step further leads to the multilinear normal distribution. Since
algebra for treating the distribution is similar to the algebra applied in previous
parts of this section, we consider the extension of the ”bilinear” normal here.
First, it is observed that a matrix normally distributed X : p x n, ie. X ~
Npn(p, 3, ¥), can be written as

> Kol (€)= 3 el €)' + 30 37 D s Uneel(e})'eh (e e (e3)'

©j ik nl mj

where ¥ = 77/, ¥ = 44/, el : p x 1, e :n x 1 are the unit basis vectors and
Uni ~ N(0,1). ThlS expression equals

Znge Z,Ufzy '), +ZZTik’ijUkme;‘l(e§)/~
7kl

If the products of basis vectors are rearranged, i.e. e;(e3)’ — e ® e}, the vec-
representation of the matrix normal distribution is obtained. The calculations and
ideas above motivate the following extension of the matrix normal distribution.

Definition 2.2.3. A matrix X is multilinear normal of order k,
X ~ NPI;P%M,PIC (l‘l’7 Ek? 217 227 ey Ek*l)u
if

Z Xiy iy Z1®e Q- ® fk: Z 'u’l Tk Z1®e ®--® fk

01,802,005k 1,02,
b1 P2 Pr P1 P2
k k
+ ZZ ZZZ Z 11]1 12]2 o lkijjlh Jk 11 ® e ® Qe 1k7
i1 iz ik J1 J2
I YR AV . L. .
where X; = 7'(7")’, €] : p. x 1 and Uj,j,...5, ~ N(0,1). 1

From Definition 2.2.3 it follows immediately, that if omitting the basis vectors, we
have a multivariate normal distribution represented in a coordinate free language,
namely

k
X = iy .0y T E : 11]1 22]2 Tk Ujlj?"'jk'
Jijz.-

The next theorem spells out the connection between the matrix normal and the
multilinear normal distributions.
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Theorem 2.2.15. Let X ~ N, ,(p, 3y, ¥), where
U=38¥® - Q31,

¥ ipi Xpi,i=1,2,...,k—1, and Zi-:llpz- =mn. Then

X ~ Npaplvl)%---ﬁl’k’—l(uv 35, 31,20, ., k1),

PROOF: First, it is noted that the set {e;}"_;, e; : n x 1, is identical to

1 2 k—11Pj
{e;, ®e;, ® - ®e; ij=1,j=1,2,... k—1° (2.2.42)
j k—1 .
where eg_]_ ip; x land n = ijl p;. Now, by assumption
_ 1.2 k—1 1.1y 2.2/
v= 3 D WiV Mg eh(e)) ®el(ef,)
11,8200tk —1 J1,J25- 3 Jk—1
k—1/_k—1\/
Q- Q €1 <ejk-—1)

and vecX can be written as

Z Xiyi €, @€, = Z [iii, €, @], + Z Z TV Usg€i, ®€f  (2.2.43)

ik, ik, ikyio JksJo

where e;, : nx 1, €f : px 1. From (2.2.42) it follows that e;, may be replaced by

elements from {ej, ® e} ® - ® ef !

i, > and since

¥ =77 =117 @727® - - @Ve-1Vh—1 = (N1OY12®@ - @Vi—1) (N1 Q72@" - - @Y—1)’

we may replace v ; by v =} ;72,, e L, in (2.2.43). Thus, (2.2.43)
is equivalent to Definition 2.2.3. 1
In Definition 2.2.3 we have an arbitrary p. However, it is much more interesting
to connect the mean structure with the dispersion structure ¥; ® --- ® 3. For
example, consider vecy = (F1®---®F;)d. Next it is supposed that this structure
holds, and then it is said that X is multilinear normal with mean structure.

Definition 2.2.4. The matrix X is multilinear normal of order k with mean
structure if X ~ Ny, 5 (1, B, B1,...,385_1) and vecp = (F1 @ --- @ Fy)d,
where F; : p; X q;. It will be denoted

X ~ Npl~~Pk (Fl, . 7Fk; 6, Zk,El, ey Ekfl).

From Definition 2.2.4 it follows that vecX has the same distribution as

(F10-- @F)d+{(Z)?® - @ (Zp)?}u,
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where the elements of u are independent N(0,1). For the results presented in
Theorem 2.2.2 and Theorem 2.2.6 there exist analogous results for the multilinear
normal distribution. Some of them are presented below. Let

Xoem T S Meaeheoaededilen o,
Bl lp—1%pg 1.t Gp=1
(2.2.44)
Xorlo: Z Z le i, © 111 ®e 1®e ®e:-:11®®efk
el —10pg 1Bk Gp=14+1
(2.2.45),

with ej' : 1 x 1 and €] : (p, —1) x 1. The special cases r = k or r = 1 follow
1mmed1ately, although a proper notation when r = k would be X,,,, and X, ..
Furthermore, let

T Z“n aeh @ @ell@el el v wel,
1o dp—18pg 1.t =1
(2.2.46)
Herie = Z Z Hiy. iy, 11 - ® e;;:ll ® e:i ® e;tll K- ei’cw
1o dp— 1% g 1.0k =141
(2.2.47)

2T_<2{1 2§2> < Ix1 Ix (pr—1) )
35 X5 (pr =D x1 (pr—1)x(pr—1)

() () e

It follows from (2.2.44) and (2.2.45) that

(Xomo> — (IP1+~~-+PT1 ® (I : 0) ® IPT+1+"'+p’“ ) vecX.
k

and

XOTZO IP1+'“+PT»71 ® (O : I) ® IP7»+1+'--+P
Similarly,
Here _ IP1+~-+P7~71 ® (I : 0) ® IP7~+1+'--+;Dk )
= vecp,
(p’.r“) (IP1+"'+PT1 & (0 : I) ® Ipr+1+“'+il7k H
and thus
Her; e :(Fl ®--F,_1® Fg ® Fr+1 D Fk)éa (2'2'49)
Porte =(F1® - @F, 1 @F; @ F, 1 @ @ Fy)d. (2.2.50)

Now we give some results which correspond to Theorem 2.2.2, Theorem 2.2.4,
Corollary 2.2.4.1, Theorem 2.2.5 and Theorem 2.2.6.
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Theorem 2.2.16. Let X ~ N, ., (F1,... Fi;80,%,, 31,3, ..., 2k_1).
(i) Let A;:q; xp;, ©=1,2,...,k. Then
(A1 ® A ® - ® Ag)vecX
~ Ng,.....q% <A1F1, e ARFL 6, AL AL A S A AR AL

Ak_lzk_lAQC_1>.

(ii) (A1 ®A3®---® Ay)vecX is independent of (B; ® Bo ® - - - ® By, )vecX if for
some i, i=1,2,...,k, A;3;B; =0.

(iil) Xepe Is independent of X,,., if and only if 37, = 0.

(iv) Xer,e Is not independent of Xegme, if s # 1.

(v) Let per,e and piq,i4 be given by (2.2.49) and (2.2.50), respectively, and

27{.2 = 27{1 - 212(252)71221~
Then Xeop e| X4 1o has the same distribution as

Herjo + (IP1+"'+P7~71 ® 271"2(252)—1 ® IPr+1+---+Pk>(Xorlo - Norlo)
+(Z1® %103, 0%41 Q- - Q3)vecU,

where U ~ Np, ., (0,LT, ... T).

PROOF: The statements in (i) and (ii) follow from Theorem 2.2.2 and Theorem
2.2.4, respectively. In the rest of the proof Proposition 1.3.12 will be frequently
used. From Theorem 2.2.4 it follows that two normally distributed variables are
independent if and only if they are uncorrelated. Therefore, we will study the
equation

0 = CXerjesXerie)

= (IP1+-"+Pr71 ® (I : O) Y Ipr+1+"-+17k)(21 Q- Ek)
X (IID1+"'+:DT71 ® (0 : I)I ® Ipr+1+~~-+z?k>
= 21®"'®2r—1®212®2T+1®”'®2k- (2.2.51)

Since X;, i = 1,2,...k differ from zero, (2.2.51) holds if and only if X7, = 0.
The statement in (iv) can be proved by giving a simple example. For instance, for
X ~ Npy paps (0, 23, 31, 3)

ClI® (I:0)®I)vecX, ((0:1)@I®I)'vecX]
=I®:000D)(Z; 9 @33)((0:I)IxI)

((B) e mten) 2o

without any further assumptions on the dispersion matrices.
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In order to show (v) we rely on Theorem 2.2.6. We know that the conditional
distribution must be normal. Thus it is sufficient to investigate the conditional
mean and the conditional dispersion matrix. For the mean we have

/J"Tl0+(1p1+'“+pr71 ® (I : O) ® IPT+1+~~'+P1¢)(21 @ ® Ek)
X (IP1+'~~+PT—1 ® (0 : I), ® IPT+1+-"+;Dk)

X {(Ipl"!‘""‘!‘prfl ® (0 : I) ® Ipr+1+'“+Pk)(21 Q- ® Ek)

1
X (IP1+“'+PT—1 ® (O : I)/ ® Ipr+1+"'+pk)} (Xorlo - “orlo)
=Herie + (IP1+"'+P7»71 ® Eq2(252)_1 ® Ipr+1+”'+pk)<X01“lo - N.Tl.)

and for the dispersion

Tps oty @ L 0) O Ly, gy ) (B © - @ Bi)
X (Tpytotpry @ (T:0) @ Ty, pippy)
~Iptotp s @@ 0) L, 1, ) (B @ - © )
X (Ipygogpy s @(0: ) @I 4oyp)

X {(Ip1+--~+pr71 ®(0:)® Ipr+1+-~-+pk)<21 ® - ®X)

—1
X (IP1+"'+PT71 ® (O : I)l ® Ip'r~+l+"'+pk)}
X (IP1+~"+:DT71 ® (0 : I) ® IPT+1+'~+I)1€)(21 - ® Ek)

X (Tpygotp,, @ (T:0) @Iy g,)
=31® Q8 10X, 11 Q- QX

2.2.6 Problems
1. Let X have the same distribution as u + 7U~’, where additionally it is sup-
posed that AUB = 0 for some matrices A and B. Under what conditions on
A and B the matrix X is still matrix normally distributed?

2. Let X1 ~ Nppn(p1,%1, %) and Xo ~ N, (2, X2, ¥2). Under what condi-
tions on X;, ¥, i = 1,2, the matrix X; + X5 is matrix normally distributed?
Prove statement (ii) of Theorem 2.2.4.

4. Find an alternative proof of Theorem 2.2.5 via a factorization of the normal
density function.

5. Let Xy ~ Npn(p1,%1,%1), Xo ~ Npp(p2, X2, ¥s) and Z have a mixture
distribution

@

fz(X) = vfx, (X) + (1 — 7) fx,(X), 0<vy<1.

Express D[Z] with the help of 3; and ;.
6. Give conditions on the matrices A, B, C and D such that AXB’|CXD’ is
matrix normally distributed.
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7. Define Hermite polynomials for the matrix normal distribution.
8. Is it true that if x : p x 1 has a symmetric distribution and E[x] = 0,
cx[x] = mg[x] — M2 [x] @ vec' (Mg_2[x])
k—3
+ 3 (ved! (p—a[x]) ® Ta[x]) (T, @ K, pei-s @ L:)?
i=0

9. Derive E[Y @ Y®Y'®@Y'] when Y ~ N ,(u, 3, ¥).

10. Let the P—class of matrices be the class of orthogonal matrices P where
P1, = 1,. Let x ~ N,(0,X) and Px have the same distribution for all
matrices P in the P—class. Determine the necessary structure of 3.

Let P1: ny xny, Pa: no Xna, ..., Ps: ng X ng be arbitrary P—class matrices
and let
P1oP;® - @Py)x

have the same distribution for all choices of P;. What conditions do the size
p and X have to satisfy?
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2.3. ELLIPTICAL DISTRIBUTIONS

2.3.1 Introduction, spherical distributions

Classical multivariate analysis has been built up on the assumption of normal-
ity of the observations. Real data very seldom satisfy this assumption. One of
the main tasks in developing multivariate analysis has been to generalize the as-
sumption about normality of the model. Several robustness studies, asymptotic
results and enlargement of the class of population distributions can be considered
as developments in this direction. In particular, much attention has been paid to
the elliptical distributions or elliptically contoured distributions. We prefer the
shorter. These distributions have earned interest of many statisticians for several
reasons. One is that the class contains the normal distributions. Another reason
is that many results which are valid for the normal theory can be carried over to
the elliptical models very easily. Especially the results in asymptotic theory of
multivariate statistics will be similar to the case with the normal population, but
at the same time a much wider class of distributions is covered. Besides the de-
scription of populations, the elliptical distributions have become important tools
in robustness studies of multivariate analysis. As pointed out by Fang, Kotz &
Ng (1990), the topic can be traced back to Maxwell (1860), but the modern study
of the distributions starts from 1960s with the first description of the family by
Kelker (1970).

The first books on the topic were written by Kariya & Sinha (1989), Fang &
Zhang (1990) and Fang, Kotz & Ng (1990). Also in Muirhead (1982) an overview
of the topic is given, and in Anderson (2003) the multivariate analysis is applied
to elliptical distributions. Our presentation is mainly based on these references.
Several classical results on elliptical distributions are presented in the following
text without reproducing the proofs. The interested reader is referred to the
literature in these cases.

In the class of elliptical distributions a spherical distribution has the same role as
the standard multivariate normal distribution N, (0, I) in the family of multivariate
normal distributions N, (u, X).

Definition 2.3.1. A p-vector x is said to have a spherical distribution if x and
I''x have the same distribution for all orthogonal p x p-matrices I. 1

If x is a continuous random vector with a spherical distribution, then due to the
equality IVT' = I, its density function must depend on the argument x through
the value of x’x. Some examples will follow:

a) the normal distribution N,(0,0?I) with the density

1 1,
f(x) = mexp(—@x X);
b) the mixture of two normal distributions, N,(0,I) and N,(0,0°I), i.e. the
e-contaminated normal distribution, with the density function
1 1 1 1

X - - 5! 0<e<1):
(27r)§eXp( 2xx)+5(27m2)%exp( 20_2XX)7 (0<e<);

fx)=(0-¢)
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¢) the multivariate t-distribution with n degrees of freedom and density

n+p

o= LGmrn) () 1
f(x) = F(In) nrt <1+ > : (2.3.2)

In all these examples we see that the density remains the same if we replace x by
IVx. The next theorem gives a characterization of a spherical distribution through
its characteristic function.

Theorem 2.3.1. A p—vector x has a spherical distribution if and only if its char-
acteristic function py(t) satisfies one of the following two equivalent conditions:

(i) @x(T't) = x(t) for any orthogonal matrix T' : p X p;
(ii) there exists a function ¢(-) of a scalar variable such that px(t) = ¢(t't).

PROOF: For a square matrix A the characteristic function of Ax equals px(A't).
Thus (i) is equivalent to Definition 2.3.1. The condition (ii) implies (i), since

px(I't) = S((I't) (I't)) = S(E'TT't) = d(t't) = pa(t).

Conversely, (i) implies that ¢x(t) is invariant with respect to multiplication from
left by an orthogonal matrix, but from the invariance properties of the orthogonal
group O(p) (see Fang, Kotz & Ng, 1990, Section 1.3, for example) it follows that
©x(t) must be a function of t't. 1

In the theory of spherical distributions an important role is played by the random
p—vector u, which is uniformly distributed on the unit sphere in R?. Fang & Zhang
(1990) have shown that u is distributed according to a spherical distribution.
When two random vectors x and y have the same distribution we shall use the
notation
x < y.

Theorem 2.3.2. Assume that the p—vector x is spherically distributed. Then x
has the stochastic representation

x £ Ru, (2.3.3)

where u is uniformly distributed on the unit sphere, R ~ F(x) is independent of
u, and F(x) is a distribution function over [0, c0). 1

The random variable R in (2.3.3) may be looked upon as a radius.
In the next theorem we shall give a characterization of the class of functions ¢(-),
which appeared in Theorem 2.3.1. Denote

®, = {¢(-) : p(t't) is a characteristic function}.

Theorem 2.3.3. A function ¢(-) € ®, if and only if

o) = | ", () dF (),
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where F(-) is defined over [0, 00) and Q,(y'y) is the characteristic function of u:

1 P
QPQ/Y)::E?]/, e *dS,
p JS:x'x=1

where S, is the area of the unit sphere surface in RP. ]

When characterizing elliptical distributions the multivariate Dirichlet distribution
is useful. Therefore we will present a definition of the distribution. Consider
random variables with the I'(«)-distribution with the density function

fr(z) =T(a) 2% te™®, z>0.

Definition 2.3.2. Let Xi,...,X,41 be independent random variables, where
X; ~ T(a;) with a; > 0 and

X .
Y, = —J —, j=1,2,...,p.

J 1
Zf:l Xi

Then the distribution of y = (Y1,Ys,...,Y,)’ is called the Dirichlet distribution

with parameters o, ... Gpy1. ]

The density and basic properties of the Dirichlet distribution can be found in Fang,
Kotz & Ng (1990), §1.4, for example.

The following theorem represents three necessary and sufficient sets of conditions
for a spherical distribution (Fang, Kotz & Ng, 1990).

Theorem 2.3.4. Assume that x is a random p—vector. Then the following three
statements are equivalent.

(i) The characteristic function of x has the form ¢(t't).

(ii) x has the stochastic representation

d
X = Ru,

where R is independent of the uniformly distributed u.

(iii) x L rx for every I' € O(p), where O(p) is the group of orthogonal p x
p—matrices. 1

The statement (ii) is specified in the next corollary.

Corollary 2.3.4.1. Suppose x £ Ru, and P(x =0) = 0. Then

X

B

d
x| = R, u

1|

are independent, where ||x|| is the usual Euclidian norm ||x|| = \/>_5_; z7. 1

In general, a random vector x with a spherical distribution does not necessarily
have a density. However, if the density fx(x) exists, then by using Lemma 3.2.1
we get from Theorem 2.3.1 that for some nonnegative function g(-) of a scalar
variable the density must be of the form g(x'x).
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2.3.2 Elliptical distributions: definition and basic relations
Now we shall give the main definition of the section.

Definition 2.3.3. A random p—vector x is said to have an elliptical distribution
with parameters p:p X 1 and 'V : p x p if x has the same distribution as

p+ Ay,

where y has a spherical distribution and A : p x k, AA’ =V with rank r(V) = k.
1

We shall use the notation x ~ E,(u, V) when the distribution of x : p x 1 belongs
to the elliptical family. The following theorem is valid.

Theorem 2.3.5. Let x ~ E,(u, V) with (V) = k. Then the characteristic
function px(t) is of the form

px(t) = exp(it’n)o(t'Vt) (2.3.4)
for some function ¢. The cumulant function equals

Py (t) = it’' p + Ing(t' V).
PROOF: By definition (2.1.6) of the characteristic function

ox(t) = Elexp(it’(n + Ay))] = exp(it’ u)pay (t) = exp(it'p) ey (A't),

where A is a p X k—matrix. From Theorem 2.3.1 we get
Px(t) = exp(it’' p)p(t' AAt) = exp(it'p)p(t"Vit)

for some function ¢, which defines the characteristic function of the spherical
distribution. The expression of the cumulant function is directly obtained by
taking the logarithm in (2.3.4). ]
Let us again give some examples.

a) The multivariate normal distribution N, (u, X) belongs to the class of elliptical
distributions, since if x ~ N,(u, %), the vector x can be represented as x =
p+ Ay, where y ~ N,(0,I), and AA’ = X.

b) e-contaminated distribution: When y is distributed according to (2.3.1), then
x = p + Ay is elliptically distributed with AA’ = X.

¢) Multivariate t-distribution: We obtain a multivariate t-distribution with pa-
rameters g, X = A A’ with n degrees of freedom with the same transformation
x = pu+ Ay, where y is spherically distributed with density (2.3.2). Then we
write x ~ t,(n, p, X).

It follows from Theorem 2.3.2 that all marginal distributions of an elliptical dis-
tribution are elliptical. For example, partitioning x, @, and V as

X1 1 Vi Vo
- b - 9 V - b
X (X2> H (Hz) <V21 sz)
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where x; and py are k x 1 and V3 is k X k, the characteristic function of x; can
be obtained from (2.3.4) by putting t = (t} : 0’)’, where t; is k x 1:

©x, (t1) = exp(it) p1)p(t] Virty),

which is the characteristic function of a random vector with an elliptical distri-
bution Fx(t1, Vi1). So the well-known property (see Corollary 2.2.2.1) of the
normal distribution that all the marginal distributions of a normal vector are nor-
mally distributed holds also in the case of elliptical distributions. At the same
time we get a characterization of the multivariate normal distribution in the class
of elliptical distributions.

Theorem 2.3.6. Let x ~ E,(u,D), where D is diagonal. If X1,..., X, in x are
independent, then x is normal.

PROOF: Assume without loss of generality that g = 0. Then the characteristic
function of x has the form

x(t) = S(t'Dt) = & (> t7dy)
=1

for some function ¢. Since X1, ..., X, are independent we get
P
o(t'Dt) =[] o(t7dss).
i=1

1
Putting u; = t;d;; gives

X2

The last equation is known as Hamel’s equation and the only continuous solution
of it is

$(2) = e
for some constant k (e.g. see Feller, 1968, pp. 459-460). Hence the characteristic

function has the form
@(t) — 6kt Dt

and because it is a characteristic function, we must have £ < 0, which implies that
x is normally distributed. ]

The conditional distribution will be examined in the following theorem.

Theorem 2.3.7. If x ~ E,(p, V) and x, p and V are partitioned as

X1 1 Vii Vo
- 9 - b V - b
X (X2> H (Hz) <V21 sz)
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where x; and py are k—vectors and Vi is k X k, then, provided E[x;|x3] and
DI[x;|x2] exist,

Elxi[xo] =p1 + V12V (x2 — p2), (2.35)
Dix1[xz] =h(x2)(V11 — V12V2_21V21) (2.3.6)
for some function h(e). Moreover, the conditional distribution of x1 given xo is
k—variate elliptical. I

For the proof we refer to Muirhead (1982). The next theorem points out that
the class of elliptical distributions is closed with respect to affine transformations
which follows immediately from Definition 2.3.2.

Theorem 2.3.8. Let x ~ E,(p, V), B :m x p and v a m—vector. Then

v+Bx~ E,(v+Bu,BVB). (2.3.7)
1

2.3.3 Moments and cumulants

Moments and cumulants of an elliptical distribution can be found by differentiating
the characteristic function and the cumulant function, respectively. It is simpler to
derive first the central moments and then go over to non-central moments than to
start with the non-central moments directly. When the derivatives ¢'(t'Vt) and
@"(t'Vt) will appear later on, the derivatives are always taken by the univariate
argument ¢ in ¢(t).

Theorem 2.3.9. Let x ~ E,(u,V) with the characteristic function (2.3.4).
Then, if ¢(e) is as in (2.3.4), ¢p(e)" and ¢(e)"” denote the first and second derivative,
respectively, and if T,[x] < oo, we have

(1) Elx] = p;
() D= —20/(0)V: (238)
(iii)  myfx] =4¢"(0) [(V@vec'V) + (ved VR V)(L: + L, 9 K, )] . (2.3.9)

All the odd central moments which exist equal zero.

PRrROOF: We have to differentiate the characteristic function four times.
(i): The first derivative equals

dpx(t)
dt

= ipd(t'VE)e™t * 4+ 2Vig (' Vi)e't ».
By Definition 2.1.1 we have, since ¢(0) = 1,

1.
Ex] = T = pe



MULTIVARIATE DISTRIBUTIONS 227

(ii): Observe that the central moments of x are the moments of y = x — p with
the characteristic function

ey (t) = o(t'VH).

2o(t'V
So we have to find % From part (i) of the proof we have
/
do(t'Vt) =2Vt (t'Vit)
dt
and then
2 l /(4!
d st(;QVt) = d(ww;t(t Vt) _ 2V (t'Vt) + 4Vtg" (t' Vi)' V. (2.3.10)
By (2.1.19),

D[x] = —2¢'(0)V,

and the second statement of the theorem is proved.
(iii): We have to differentiate the right hand side of (2.3.10) twice:

d3p(t'Vt)
dt3
_d(2V¢/ (t'Vit)) N d(4Vte" (t'VE)t'V)
dt dt

= 4Vitg" (t'Vt)vec'V + 4M(¢”(t’Vt)t’V ®1,)

dt
/! !/ !/
+ 4—d(¢ (t;t/t)t V) (I, ® t'V)

=4¢"(t'Vt) {Vtvecd V+ (t'Vo V) + (Vat'V)} +4

" (t'V't)

t'VetVv).
i t'Vetv)

In the next step we are interested in terms which after differentiating do not include
t in positive power. Therefore, we can neglect the term outside the curly brackets
in the last expression, and consider

d{4¢" (t'Vt) {Vtvec'V+ (t'VO V) + (Ve t'V)}}
dt
"(t'Vt
= 4W ® vec' {Vtvec'V+ (t'VeV)+ (Vet'V)}
dVtvedV  dt'VeV) dVetV)
/! /

+ 40" (¢ Vt){ i
d(¢"(t'Vt))
dt
+4¢" (t'Vt) {(V @ ved' VK, 12 + (V@ vec' V) + (ved' VO V)(I, 9 K, ) } .

=4 @ vec' {Vtvec'V+ (t'Va V) + (Vet'V)}

As the first term turns to zero at the point t = 0, we get the following expression.

my[x] = 4¢"(0) {(V @ vec'V) + (ve¢ VO V)(L,: + L, ® K, )},
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which completes the proof. ]

If we compare (2.3.8) and (2.3.9) with the expressions of the second and the fourth
central moments of the normal distribution in Corollary 2.2.7.3, we remark that
the only difference in the formulae concerns the multipliers —2¢’(0) and 4¢”(0).
As the expressions of the first moments of a normal vector are known already
(Corollary 2.2.7.2), it is possible to write out the expressions for first moments of
an elliptically distributed random vector.

Corollary 2.3.9.1. Let x ~ E,(u, V), with the characteristic function (2.3.4).
Then

(i) ma[x]=—2¢'(0)V + pp's

(i) malx] = p(p)®?* = 2¢'(0)(' @ V +V @ p' + pvec'V);

(i) mafx] = p(p)®" = 2¢' (0)pu(vec'V @ p) (Lo + L, © Ko )
—2¢'(0) {(u’)@’z OV+u aVeu +pp @vedV4+VE (u’)®2}
+4¢"(0){V@vec'V+ (ved VR V)(Is + L, 0 K, )} .

The next theorem gives us expressions of the first four cumulants of an elliptical
distribution.

Theorem 2.3.10. Let x ~ E,(u, V), with the characteristic function (2.3.4).
Then, under the assumptions of Theorem 2.3.9,

(i) alx] = p;
(i) ea[x] = D[x] = —2¢(0)V; (2.3.11)
(iii) calx] = 4(¢"(0) = (¢(0))*){(V @ vec'V)

+ (ved'VaV)(Ls +L, 0Ky, (2.3.12)

(iv) All the odd cumulants which exist equal zero.

PRrROOF: To find the cumulants we have to differentiate the cumulant function
P (t) = Inpx(t) = it' p + Ing(t' V).
(i): Observe that

dipx (t)
dt

¢'(t'Vt)

H(t'Vt)’

=1ipu+ 2Vt

from where, by (2.1.32), we get ¢1[x] = p.
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(ii): We get the second cumulant similarly to the variance in the proof of the
previous theorem:

Pty SEV)

a2 dt S(t'Vt)
VO VSV — (V)
NVwve TV (GEVE)? ey

and at the point t = 0 we obtain statement (ii).
(iii): Differentiating once again gives

FPu(t) o O"EVHIEVE) — (¢'(E'VE))? o
T (6(t'Vt))? “
d ¢"(t'Vt)$(t'Vt) — (¢ (t'VY))?
+ 4Vt (GEVE))? t'Vi.

If we compare the expression on the right hand side of the last equality with the
expression of the third derivative in the proof of Theorem 2.3.9, we see that the only
¢"(E'VE(E'VE) — (¢/(£'Vt))?

(6(t'Vt))? '
Since ¢(0) = 1, we get the final expression of the fourth cumulant when we put
t=0. 1
The fact that the second and fourth order moments and cumulants of elliptical
and normal distributions differ only by a certain constant, which depends on the
function ¢(-), is used in defining a kurtosis parameter k. Following Muirhead
(1982), we introduce it as a parameter

_ ¢"(0) - (¢'(0))°
(¢'(0))?
This means that any mixed fourth order cumulant for coordinates of an elliptically

distributed vector x = (X7, ..., X))’ is determined by the covariances between the
random variables and the parameter x:

difference is that ¢” (t'Vt) is changed to the ratio

K (2.3.13)

ca[ Xi X; X Xi] = K(0ij0n + oot + 0uoji),
where 0,; = Cov(X;, X;).

2.3.4 Density

Although an elliptical distribution generally does not have a density, the most
important examples all come from the class of continuous multivariate distribu-
tions with a density function. An elliptical distribution is defined via a spherical
distribution which is invariant under orthogonal transformations. By the same ar-
gument as for the characteristic function we have that if the spherical distribution
has a density, it must depend on an argument x via the product x'x and be of
the form g(x'x) for some non-negative function g(-). The density of a spherical
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distribution has been carefully examined in Fang & Zhang (1990). It is shown
that g(x'x) is a density, if the following equality is satisfied:

P
™

1= /g(X’X)dx = ﬁ; /OOO yE 1g(y)dy. (2.3.14)

The proof includes some results from function theory which we have not considered
in this book. An interested reader can find the proof in Fang & Zhang (1990, pp.
59-60). Hence, a function g(-) defines the density of a spherical distribution if and
only if

/ ¥ 1g(y)dy < oo. (2.3.15)
0

By representation (2.3.3) a spherically distributed random vector can be presented
as a product of a random variable R and a random vector u which is distributed
uniformly on the unit sphere. The distribution of u is described by the Dirichlet
distribution given in Definition 2.3.2, and so the existence of the density of a
spherical distribution is determined by the existence of the density of the random
variable R.

Theorem 2.3.11. Let x < Ru be spherically distributed. Then x has a density
g(+) if and only if R has a density h(-) and the two densities are related as follows:

p
2

2z
I'(§)

h(r) = P lg(r?). (2.3.16)

PROOF: Assume that x has a density g(x'x). Let f(-) be any nonnegative Borel
function. Then, using (2.3.14), we have

Fxgtax = o [ gy
n)= [ 1 i ), 1

Denote r = y%, then

E[f(R)] = % / ()
2

The obtained equality shows that R has a density of the form (2.3.16). Conversely,
when (2.3.16) is true, the statement follows immediately. 1

Let us now consider an elliptically distributed vector x ~ E, (@, V). A necessary
condition for existence of a density is that (V) = p. From Definition 2.3.3 and
(2.3.3) we get the representation

X = p+ RAu,

where V.= AA’ and A is non-singular. Let us denote y = A~*(x — u). Then y
is spherically distributed and its characteristic function equals

Pt ATIV(ATHt) = o(t't).
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We saw above that the density of y is of the form g¢(y'y), where g(-) satisfies
(2.3.15). For x = pt + RAu the density fx(x) is of the form:

Fel3) = [ VI 2g((x — ) VI (x — ). (23.17)
Every function g(-), which satisfies (2.3.15), can be considered as a function which
defines a density of an elliptical distribution. The normalizing constant ¢, equals

I'(%)

2
- Jo S 1g(r2)dr

So far we have only given few examples of representatives of the class of elliptical

distributions. In fact, this class includes a variety of distributions which will be

listed in Table 2.3.1. As all elliptical distributions are obtained as transformations

of spherical ones, it is natural to list the main classes of spherical distributions.

The next table, due to Jensen (1985), is given in Fang, Kotz & Ng (1990).

Table 2.3.1. Subclasses of p-dimensional spherical distributions (¢ denotes a nor-
malizing constant).

Distribution Density f(x) or ch.f. p(t)

Kotz type f(x) = c(x'x)Nlexp(—r(x'x)%), 7,5 >0, 2N +p > 2

multivariate normal f(x) = cexp(—1x'x)

Pearson type VII fx)=c(+ x;x)_N, N>% 5>0

multivariate t f(x)=c(l+ x;x)_w, meN

multivariate Cauchy fx)=c(+ x;x)_@7 5>0

Pearson type II fx)=cl—-x%)", m>0

logistic f(x) = cexp(—x'x) /{1 + exp(—x'x) }?

multivariate Bessel fx)=c (%)aKa (%) ya> =5 8>0, Ki()
is a modified Bessel function of the 3rd kind

scale mixture f(x)=c [}° t~Sexp(—XX)dG(t)

stable laws o(t) =exp{r(t't)z}, 0<a<2, r<0

multiuniform o(t) = oF1(5;—1|[t][%), oFi(:) is a generalized

hypergeometric function

For a modified Bessel function of the 3rd kind we refer to Kotz, Kozubowski &
Podgdérski (2001), and the definition of the generalized hypergeometric function
can be found in Muirhead (1982, p. 20), for example.

2.3.5 Elliptical matrixz distributions

Multivariate spherical and elliptical distributions have been used as population
distributions as well as sample distributions. On matrix elliptical distributions
we refer to Gupta & Varga (1993) and the volume of papers edited by Fang &
Anderson (1990), but we shall follow a slightly different approach and notation in
our presentation. There are many different ways to introduce the class of spherical
matrix distributions in order to describe a random p x n—matrix X, where columns
can be considered as observations from a p—dimensional population.
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Definition 2.3.4. Let X be a random p xn—matrix. We call X matrix spherically
distributed, if vecX is spherically distributed. ]

Fang & Zhang (1990) say in this case that X is vector-spherically distributed. If
we reformulate Theorem 2.3.4 for matrices, we get the following statement.

Theorem 2.3.12. Assume that X is a random p x n-matrix. Then the following
three statements are equivalent.
(i) The characteristic function of vecX has the form
¢(vec'TvecT) = ¢(tr(T'T)), where T € RP*".
(if) X has the stochastic representation

X 4 Ru,

where R > 0 is independent of U and vecU is uniformly distributed on the
unit sphere in RP™,

(iii) veeX 2 I'vecX for every T' € O(pn), where O(pn) is the group of orthogonal
pn X pn—matrices. 1

If we consider continuous spherical distributions, all the results concerning ex-
istence and properties of the density of a spherical distribution can be directly
converted to the spherical matrix distributions. So the density of X has the form
g(tr(X’X)) for some nonnegative function g(-). By Theorem 2.3.11, X has a
density if and only if R has a density h(:), and these two density functions are
connected by the following equality:

ot
I'(5)

2

h(r) = P lg(r?).

Definition 2.3.5. Let X be an r x s spherically distributed random matrix, and
V = 77/, W = ~+' be non-negative definite p x p and n X n matrices, respectively,
where T : p X r; v :n xs. A matrix Y : p X n is said to be matrix elliptically
distributed with parameters p, V, and W, Y ~ E, ,,(u, V, W), if

Y L+ Xy, (2.3.18)

where p : p X n is a real matrix. ]

The next theorem gives us the general form of the characteristic function for an
elliptical distribution.

Theorem 2.3.13. Let Y ~ E, (1, V, W), with p:pxn, V=77, and W =
~~'. Then the characteristic function of Y is given by

oy (T) = eV TVeh g (ved T(W @ V)vecT) = ¢’ (T'H g (tr(T'VIW)). (2.3.19)

PRrROOF: By definition (2.1.7) of the characteristic function

oy (T) = E[eitr(T’Y)] — E[eivec’TvecY].
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Definition 2.3.5 gives us
QOY(T) _ eivec'TvecuE[eitr(T'TX'y')] _ eivec'TveCp,E[eitr('y'T"rX)]
— €iveclTveCH§0X(T/T’)’).
By Theorem 2.3.12,

@y (T) = eV Tvech g (voc! (7' Ty) vec (7' TH))
= Ve TVeCh g (o T(y @ 7) (7' ® 7/)vecT)
= eiveclTveC”qﬁ(VeC/T(W (24 V)VGCT)7

and the first equality in (2.3.19) is proved. The second equality follows easily:
Py (T) = T g(tr(y'T' 77/ Ty)) = T (tr(T'VIW)).

1
By definition of the characteristic function of a random matrix the distributions
of Y and vecY are identical. Therefore

vecY = vecp + (7 ® T)vecX
has the same distribution as Y. As E[vecX] = 0, we have
E[vecY] = vecp.

The higher order moments will be derived in the next section.

Theorem 2.3.14. Let Y ~ E, ,,(1,V, W), with V = 77’and W = ~v'. Then
for any A : g x p and B:m X n,

AYB' ~ E,,,(AuB’, AVA', BWB/).

PROOF: By Definition 2.3.5, Y 4 pu+7X~', where 77/ = V and 4’ = W. Then
rd ! 'R’
AYB' £ AuB’ + ATX+'B’.

As Ar7’A’ = AVA’ and By+4'B’ = BWB/, the statement is proved. ]
From §2.3.4 we know that an elliptical distribution does not necessarily have a den-
sity, but if the density exists we can find the general form of the density function.
As the matrix elliptical distribution at the same time is an elliptical distribution
of the pn—vector vecY, the results for vectors are also valid for matrices.

So, if X is matrix spherically distributed, its density function must be of the form

Fx(X) = glvec'XvecX) = g(tr(X'X)) = g(tr(XX)),

where g(+) is some non-negative function.
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Note that V and W in E, ,(u, V, W) have to be positive definite, if the matrix
elliptical distribution should have a density. For example, assume that V = I'Y'DT'
is singular, where I" is an orthogonal matrix and D is diagonal. Singularity implies
that at least one diagonal element is D equals 0. If Y has a density, then I'Y has
also a density but for from Theorem 2.3.14 it follows that at least one component
in I'Y is a constant which leads to a contradiction.

In the case of non-singular 7 and -, the equality (2.3.18) defines a one-to-one
transformation between X and Y and therefore

F(Y) = fx(X=X(Y))J(X = Y)|.

The Jacobian we get from the relation

1—1

X=1""(Y — p)y
by differentiation (see also Theorem 1.4.14):

X =Yl =yt er =

7| Ey || = VIR W

.
=|y["2

From here the expression for the density function follows:

2

Py (Y) = V73 [W| S g(ur{r ™} (Y — )y 'y (Y )7 )

= [VI"E W[ S g(tr{V (Y = ) W (Y — )'}).

N

Thus the next theorem is established.
Theorem 2.3.15. Let Y ~ E, ,,(p, V, W), with non-singular matrices V.= 77/,
W = ~+/, and let Y have a density. Then

Fy(Y) = V72 [W| " g(e{V (Y =)W (Y — )'}),

where g(-) is some non-negative function. ]

2.3.6 Moments and cumulants of matriz elliptical distributions

In the previous paragraph we have shown that E[Y] = p, if Y ~ E, ,,(, V, W).
In principle, moments and cumulants of Y can be found by differentiation of the
characteristic function and the cumulant function, respectively, but it appears
that we can get the formulae for the first moments and cumulants of Y easily
from known results about elliptical and matrix normal distributions.

Theorem 2.3.16. Let Y ~ E,, (1, V,W). Then
(i) malY] = —2¢"(0)(W ® V) + vecuvec';

(ii) m3[Y] = vecp(vec’ p)®?
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—2¢'(0){W @ V @ vec'p + vec' p @ W @ V + vecuved' (W @ V) };
(iii) m4[Y] = vecp(vec' p)®® — 2¢/(0) { (vec'n)®* @ W @ V

+vec'u ® W @V @ vec' pu + vecuved u @ vec' (W @ V)
+W® Ve (vec u)®?

+vecpuved (W @ V) @ ved' u(Ipnyz 4+ Ipn @ Kpnpn) }
+4¢"(0) {W @ V ® vec'(W @ V)

+(ved (W@ V)@ W @ V)L + L @ Kpnpn) } -

PRrROOF: If we compare the characteristic functions of a matrix elliptical distribu-
tion (2.3.19) and elliptical distribution (2.3.4), we see that the only difference is
that in (2.3.19) the vectors in (2.3.4) are replaced by vectorized matrices and the
matrix V by the matrix W ® V. So the derivatives of ¢y (T) have exactly the
same structure as the derivatives of the characteristic function ¢y (t) of an ellip-
tically distributed vector y. At the same time, the matrix product in the trace
expression is the same in (2.3.19) and in the characteristic function of the matrix
normal distribution in Theorem 2.2.1. Therefore, we get the statement of our
theorem directly from Theorem 2.2.7 when combining it with Corollary 2.3.9.1. g

The expressions of the first central moments of a matrix elliptical distribution we
get from the theorem above if we take = 0.

Corollary 2.3.16.1. Let Y ~ E, (1, V,W). Then the first even central mo-
ments of Y are given by the following equalities, and all the odd central moments
equal zero:

(1) my[Y] = =24/ (0)(W @ V);
(ii) ma[Y] = 4¢"(0){W @ V ® vec'(W @ V)
+ (ved (W@ V) QW @ V)Ipn)s + Ly @ Kpnpn) }-

Cumulants of the matrix elliptical distribution can be found by differentiating the
cumulant function

Uy (T) = itr(T' ) + In(p(tr{T'VITW})). (2.3.21)

Theorem 2.3.17. Let Y ~ E, (i, V,W). Then the first even cumulants of Y
are given by the following equalities, and all the odd cumulants c[Y], k = 3,5,. ..,
equal zero.

G  alY]=vep;



236 CHAPTER 11
(ii) c[Y] = —2¢'(0)(W @ V);
(i) Y] = 4(¢"(0) — (¢’(O))2){W 9V @ ved (W e V)

+ (ved (W@ V) @ W @ V) (Ipnys + Lpn ® K,m,pn)}.

PRrROOF: Once again we shall make use of the similarity between the matrix normal
and matrix elliptical distributions. If we compare the cumulant functions of the
matrix elliptical distribution (2.3.21) and multivariate elliptical distribution in
Theorem 2.3.5, we see that they coincide, if we change the vectors to vectorized
matrices and the matrix V to W ® V. So the derivatives of ¢y (T) have the same
structure as the derivatives of 1y (t) where y is elliptically distributed. The trace
expression in formula (2.3.21) is exactly the same as in the case of the matrix
normal distribution in Theorem 2.2.1. Therefore, we get the statements of the
theorem by combining expressions from Theorem 2.3.10 and Theorem 2.2.8. 1

2.3.7 Problems
1. Let x; ~ N,(0,07I) and x3 ~ N,(0,031). Is the mixture z with density

fa(x) = 7 fr (%) 4 (1 = 7) fxz (%)

spherically distributed?

2. Construct an elliptical distribution which has no density.

X
3. Show that ||X]| and X[ in Corollary 2.3.4.1 are independent.

4. Find the characteristic function of the Pearson II type distribution (see Table
2.3.1).

5. Find ma[x] of the Pearson II type distribution.

6. A matrix generalization of the multivariate t—distribution (see Table 2.3.1)
is called the matrix T—distribution. Derive the density of the matrix
T —distribution as well as its mean and dispersion matrix.

7. Consider the Kotz type elliptical distribution with N = 1 (Table 2.3.1). Derive
its characteristic function.

8. Find D[x] and ¢4(x) for the Kotz type distribution with N = 1.

9. Consider a density of the form

Fx(x) = c(x — ) 571 (x = p) vz (%),

where ¢ is the normalizing constant and the normal density is defined by
(2.2.5). Determine the constant ¢ and find F[x| and D[x].
10. The symmetric Laplace distribution is defined by the characteristic function

()= —
T T Tose

where ¥ > 0 : p X p is the parameter matrix. Find the kurtosis characteristic
k for the distribution.
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2.4 THE WISHART DISTRIBUTION

2.4.1 Definition and basic properties

The matrix distribution, which is nowadays known as the Wishart distribution, was
first derived by Wishart (1928). It is usually regarded as a multivariate extension of
the chi-square distribution. An interesting extension of the Wishart distribution is
given by Hassairi & Lajmi (2001) who study the so-called Riesz exponential family
(see also Hassairi, Lajmi & Zine, 2004). There are many possibilities to define a
Wishart distribution. We will adopt the following approach.

Definition 2.4.1. The matrix W : p X p is said to be Wishart distributed if and
only if W = XX’ for some matrix X, where X ~ Np (1, 35,I), 3> 0. If p =0,
we have a central Wishart distribution which will be denoted W ~ W,(X%, n),
and if p # 0 we have a non-central Wishart distribution which will be denoted
Wy(X,n,A), where A = pp'. I

The parameter X is usually supposed to be unknown, whereas the second pa-
rameter n, which stands for the degrees of freedom, is usually considered to be
known. The third parameter A, which is used in the non-central Wishart dis-
tribution, is called the non-centrality parameter. Generally speaking, one should
remember that if A # 0, things start to be complicated. The Wishart distribution
belongs to the class of matrix distributions. However, it is somewhat misleading
to speak about a matrix distribution since among the p? elements of W there are
just %p(p + 1) non-repeated elements and often the distribution is given via these
elements. Let X = (x1,...,%y), where x; ~ N,(p;, X) and x; is independent of
x;, when ¢ # j. From Definition 2.4.1 it follows that W = >""" | x,x} and that
clearly spells out that W is a sum of n independently distributed matrices. If
p=1, pu=0and 3 =1, the Wishart matrix is identical to a central y2-variable
with n degrees of freedom (see also Corollary 2.4.2.2) and its density is given by

Fe(@) = (272D(n/2)) a2 1e 0, @ >0,

where I'(+) is the Gamma function. The distribution of a random variable, which
is central x2-distributed with n degrees of freedom, will be denoted x?(n). If
p=1 % =1but u # 0, we have a non-central y>2-distribution with n degrees
of freedom and non-centrality parameter § = p2. Its density can be written as
an infinite series (see Srivastava & Khatri, 1979, p. 60, for example) but this will
not be utilized in the subsequent. The distribution of a random variable, which is
non-central y2-distributed with n degrees of freedom and non-centrality parameter
J, will be denoted x2(n,d).

The first result of this paragraph is a direct consequence of Definition 2.4.1.

Theorem 2.4.1.
(i) Let W1 ~ W, (X,n, A1) be independent of Wy ~ W (3, m, Az). Then

Wi+ Wy~ Wy (S04 m, Ay + Ay).
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(ii) Let X ~ Ny n(p, 3, ¥), where C(p') C C(¥). Put W = X¥~X'. Then
W~ WP(Ea T(‘Il)v A)y
where A = p@—p'.
PROOF: By Definition 2.4.1, Wy = X;X] for some X; ~ N, ,(p1,%,I), where
Ay = pipf, and Wy = XX, for some Xo ~ N, 1 (2, X, I), where Ag = poph.
The result follows, since
X Xg ~ Np,n+m(ﬂl 2, 5, 1)

and W1 +W2 = (Xl : XQ)(Xl : X.Q)/.

For (ii) it is noted that by assumption C'(X’) C C(¥) with probability 1. There-
fore W does not depend on the choice of g-inverse ¥~. From Corollary 1.2.39.1 it
follows that we may let ¥ = I'yDTI}, where D is diagonal with positive elements
and I'; is semi-orthogonal. Then

1 1
XI‘lD_i ~ Np,’r(‘I’) (uI‘lD_i s 2, I)

1 1
and XI''D 2D 2I"X’ = X¥~X'. ]
One of the fundamental properties is given in the next theorem. It corresponds to
the fact that the normal distribution is closed under linear transformations.

Theorem 2.4.2. Let W ~ W,(2,n,A) and A € R?P. Then
AWA' ~ W, (AZA' ,n,AAA’).
PRrROOF: The proof follows immediately, since according to Definition 2.4.1, there

exists an X such that W = XX'. By Theorem 2.2.2, AX ~ N, ,,(Au, AXA’ 1),
and thus we have that AX(AX)’ is Wishart distributed. 1

Corollary 2.4.2.1. Let W ~ W,(I,n) and let I : p X p be an orthogonal matrix
which is independent of W. Then W and T'WI' have the same distribution:

W L TWr. .
By looking closer at the proof of the theorem we may state another corollary.

Corollary 2.4.2.2. Let W;;, 1 =1,2,...,p, denote the diagonal elements of W ~
W, (kI,n, A). Then
(i) %Wii ~ x?(n, 8;i), where A = (6;;) and Wy; is independent of W;; if i # j;
(i) +trW ~ x%(pn, trA).
PRrROOF: According to Definition 2.4.1, there exists a matrix X ~ N, ,(u, L)
such that W = XX’ and A = pp/. Now
%W“ = e;XX’ei,

where e; is the i-th unit vector and

(ei : Ej)/X ~ N27»,L((ei : ej)’p,,IQ,I).
Since €, pup’e; = 0;;, this shows independence as well as that %Wm is y2-distributed.
In (ii) we are just summing p independent y>2-variables. ]
The next theorem gives a multivariate version of a y2-property.
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Theorem 2.4.3. Let X ~ N, ,(u,%,I) and Q : n x n be symmetric. Then
XQX' is Wishart distributed if and only if Q is an idempotent matrix.

PrOOF: We will give a somewhat different proof from the usual one. For the
standard proof see Rao (1973a, p. 186) or Srivastava & Khatri (1979, pp. 63-64),
for example. For a generalization of the statement with a similar proof to the one
given below see Mathew & Nordstrém (1997). Let U ~ N, (i, I, I), and UQU’
will be studied. Thus we are going to study a special case when ¥ = I. However,
the general case follows from Theorem 2.4.2, since if UQU’ is Wishart distributed,
»/2UQU’'SY/? is also Wishart distributed, where /2 is a symmetric square
root. Definition 2.4.1 will be applied.

Suppose that Q is idempotent. Then from Corollary 1.2.39.1 and Proposition 1.2.3
(viii) the representation Q = I'DI” is obtained, where I is an orthogonal matrix
and D is a diagonal matrix where the elements on the diagonal equal either 1 or
0. Hence,

UQU’' = Urnr'v’,

and since the covariance matrix of U equals the identity matrix, the matrix UT'
is Np n (I, I,T) distributed. Without loss of generality, suppose that

_ (L O
D( « 0).

Let us partition UT' as UI' = (UT'; : UTy), (p x r(Q) : p X (n — r(Q)) and,
correspondingly, uI' = (uT'y : pI'3). Thus, UQU’ has the same distribution
as UI'yT{U’ which by Definition 2.4.1 is Wishart distributed, i.e. U1 T U’ ~
W,(I,7(Q), A1), where Ay = uI'1Tip'.

Now the converse will be shown, i.e. if UQU’ is Wishart distributed, then Q must
be idempotent. This is the tricky part. If UQU’ is Wishart distributed there must
exist a matrix Z ~ N, (i, I, T) such that the distribution of UQU’ is the same as
that of ZZ'. Once again the canonical decomposition Q = I'DI" is used where T'
is orthogonal and D is diagonal. Note that m < n, since otherwise there are more
random variables in Z than in U. If m < n, we use the partition D = (D1, D2)(qg},
where Dy : m x m. Similarly, partition U as (U; : Uy), (p X m : p X (n —m)).
Since Uj is independent of Us and Z, with a proper choice of p it has the same
distribution as Uy, and we note that UQU’ has the same distribution as

ZD,Z' + U,D,U), (2.4.1)

which in turn, according to the assumption, should have the same distribution as
ZZ'. Unless Dy = 0 in (2.4.1), this is impossible. For example, if conditioning
in (2.4.1) with respect to Z some randomness due to Uy is still left, whereas
conditioning ZZ’ with respect to Z leads to a constant. Hence, it has been shown
that Dy must be zero. It remains to prove under which conditions ZD{Z’ has
the same distribution as ZZ’. Observe that if ZDZ’ has the same distribution
as ZZ', we must also have that (Z — u)D1(Z — p)’ has the same distribution as
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(Z — p)(Z — ). We are going to use the first two moments of these expressions
and obtain from Theorem 2.2.9

E((Z — p)D1(Z — p)'] = tr(D1)1L,,

E(Z — p)(Z — p)] = mI,, (2.4.2)
D((Z — p)D1(Z — p)'] = tr(D1D1) (T2 + K, ),

DUZ — p)(Z — p)'] = m(I2 + Kppp). (24.3)

From (2.4.2) and (2.4.3) it follows that if (Z —pu)D;(Z— p)’ is Wishart distributed,
then the following equation system must hold:

trD; =m,
tr(DlDl) =m,
which is equivalent to
tr(Dy — I,,) =0, (2.4.4)

However, (2.4.5) is equivalent to
0= tI‘(DlDl - I) = tf((Dl - I)(Dl - I)) + 2t1"(D1 — I)

By (2.4.4), 2tr(D; —I) = 0, and since tr((D; —I)(D; —I)) > 0, equality in (2.4.5)
holds if and only if D; = I. Thus, ZDZ’ has the same distribution as ZZ’, if and
only if D; = Tand Dy = 0. If D; = I'and D3 = 0, the matrix Q = I'(Dy, Dy) g T
is idempotent. Hence, it has been shown that Q must be idempotent, if UQU’ is

Wishart distributed. ]
Corollary 2.4.3.1. Let X ~ N, ,(p,3,I) and Q : n X n be symmetric and
idempotent, so that pQ = 0. Then XQX' ~ W, (3, 7(Q)). ]

A very useful result when considering properties of the Wishart matrix is the so-
called Bartlett decomposition. The first proof of this result was given by Bartlett
(1933).

Theorem 2.4.4. Let W ~ W,(I,n,A), where p <n, A = pup' and p: p X n.

(i) Then there exists a lower triangular matrix T with positive diagonal elements
and all elements independent, T;; ~ N(0,1),p > i > j > 1, T? ~ x*(n—i+1),
i=1,2,...,p, and a matrix U ~ N, ,,(0,I,I) such that

W =TT + pU 4+ Up' + A.

If p =0, then W = TT' which is the classical Bartlett decomposition.

(i) Let pn = (%), where py : 1 xn. Then there exists a lower triangular matrix T
with positive diagonal elements, with all elements independently distributed,
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Tij ~ N(0,1), p > i > j > 1, Ty ~ x*(n,0) with § = pyp} and Tj; ~
x3(n—i+1),i=2,3,...,p, such that W = TT'.
PRrROOF: Note that by definition W = XX’ for some X ~ N, (1, I,I). Then
W =UU +puU +Uu + pp'.

Hence, we need to show that UU’ has the same distribution as TT’. With prob-
ability 1, the rank 7(UU’) = p and thus the matrix UU’ is p.d. with probability
1. From Theorem 1.1.4 and its proof it follows that there exists a unique lower
triangular matrix T such that UU’ = TT’, with elements

Ty =(Ut) + uppufy)'/?,
tor =(Uf) + uouly) "2 (ua1Ury + Usouly), (2.4.6)

Uin  ur
U= .
(1121 U22>

T2Th, = usiuy; + Uz Ul
— (u21U11 + U22u/12)(U121 + u12u'12)_1(U11u'21 + u12U’22).(2.4.7)

where

Furthermore,

By assumption, the elements of U are independent and normally distributed:
Uyj ~ N(0,1), i = 1,2,...,p, j = 1,2,...,n. Since Uy; and uyy are indepen-
dently distributed, T3 ~ x?(n). Moreover, consider the conditional distribution
of t21|Uy1, 12 which by (2.4.6) and independence of the elements of U is normally
distributed:

t21|U11,1112 ~ prl(O,I). (248)

However, by (2.4.8), to; is independent of (Uy1,u;2) and thus
to1 ~ Np—1(0,1).
It remains to show that
Ty Thy ~ Wy 1(In — 1), (2.4.9)

We can restate the arguments above, but instead of n degrees of freedom we have
now (n —1). From (2.4.7) it follows that

T2oTh, = (ug1 : Ugg)P(ugg : Ug)',

where
P=1I- (Ull : ulg)/(Ufl + 111211/12)71(U11 : U12).

Since P is idempotent and (uz; : Usg) is independent of (Uyp : uj2), it follows
from Theorem 2.4.3 that

T22T/22|U11 t U2 Wpfl(I,’f'(P)).
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Now, with probability 1, »(P) = tr(P) = n — 1 (see Proposition 1.1.4 (v)). Thus
T22T%, does not depend of (Uy; : ui2) and (2.4.9) is established.

The proof of (ii) is almost identical to the one given for (i). Instead of U we just
have to consider X ~ N, ,(u,I,I). Thus,

T11 = (X121 + X12X/12)1/2a
tor = (X7) +x12%)5) 72 (x21 X114 Xaax),
T2 Thy = X21X5; + X22Xb,
— (%21 X11 + Xoax0) (X7 4 X12%15) " (X11%h; 4 x12X5,).

Then it follows that T2 ~ x2(n,§) and the distribution of to1]X11, X12 has to be
considered. However,
Elto1|X11,%x12] = 0,

because x21, Xao are independent of X171, X21, E[x21] = 0 as well as E[X53] = 0.
Furthermore,
Dlto1|X11,x12) = L

Thus, to; ~ Np—1(0,I) and the rest of the proof follows from the proof of (i). g

Corollary 2.4.4.1. Let W ~ W,(I,n), where p < n. Then there exists a lower
triangular matrix T, where all elements are independent, and the diagonal elements
are positive, with T;; ~ N(0,1),p > i > j > 1, and T7 ~ x*(n — i + 1) such that

W =TT

Corollary 2.4.4.2. Let W ~ W, (kI,n), p <n. Then

W

v vl
(%trW)P

and trW are independently distributed.

PRrROOF: First it is noted that V' does not change if W is replaced by %W Thus,
we may assume that £ = 1. From Corollary 2.4.4.1 it follows that

P 2
i=1 Lii

V=——="
(% z'zj:1Tz'2j)p

and trW = >0 T7. Tt will be shown that the joint density of V' and trW

is a product of the marginal densities of V and trW. Since T2 ~ x*(n —i + 1),
Tfj ~ x2(1), i > j, and because of independence of the elements in T, it follows

that the joint density of {T7,i > j} is given by

_ -1 1_ 15or 2
I Y L Ve i T (2.4.10)
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where ¢ is a normalizing constant. Make the following change of variables

p T2
Y=0 ) T Zy= i>J
i>j=1
Since >°75,_, Zij = p put
P p—2
Zpp-1=D— Z Zii — Z Zij.-
i=1 i>j=1

It will be shown that Y is independently distributed of {Z;;}, which verifies the
corollary since
P
V= H Zii.

Utilizing (2.4.10) gives the joint density of Z;;, i = 1,2,...,p, Z;;, i > j =
1,2,...,p—2,and Y:

p—1 n—itl p—2 1 p—2 1 Py
CHZii 2 H ZijQ(p_ZZii_ Zi;) 2Y % 27 |J| 4,
i=1 i>j=1 i=1 i>j=1
where .
a=> (=FH —1)— Lp(p—1) = 1(2pn — 3p* — p)
=1

and the Jacobian is defined as

|J|+ = |J(T1217T2217 s T2 T2 - YaZHvZ2lv e ‘va,prapr)|+~

» = p,p—1 Tppo

Thus, it remains to express the Jacobian. With the help of (1.1.6)

Z11 Z21 Z22 . Zp,p—l pr
Y 0 0o ... -Y 0
d(T1217T2217‘"7Tp27p717T5p) - 0 Y 0 -Y 0
dVQC(Y, le, Zgl, ceey Zp7p_2, pr) . o O O Y —-Y O
0 0 0o ... -Y Y

+
P L P ) )
= | Z Zi (Y)Y 2Pt =2 Z 2, 30ROy gpeb -1
i>j=1 St
which implies that the density of {Z;;} and Y factors. 1

The statistic V in Corollary 2.4.4.2 looks artificial but it arises when testing ¥ = kI
(sphericity test) in a normal sample (e.g. see Muirhead (1982), §8.3.1). Moreover,
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it is interesting to note that we can create other functions besides V, and these
are solely functions of {Z;;} and thus independent of trW.

2.4.2 Characteristic and density functions

When considering the characteristic or density function of the Wishart matrix
W, we have to take into account that W is symmetric. There are many ways
of doing this and one of them is not to take into account that the matrix is
symmetric which, however, will not be applied here. Instead, when obtaining
the characteristic function and density function of W, we are going to obtain the
characteristic function and density function of the elements of the upper triangular
part of W, ie. W;;, i < j. For a general reference on the topic see Olkin (2002).

Theorem 2.4.5. Let W ~ W,,(3,n). The characteristic function of {W;;, i < j},
equals

ew(T) = |I, —iM(T)X|" 2,
where
M(T) = Ztij(eie; + ejeg) =T+ Ty, (2.4.11)
I
e; is the i—th column of I, and I = {i,j;1 <i < j < p}.

PROOF: According to (2.1.9) we have to find ow(T) = E[eiVZ/(W)VQ(T)]. First
note that

Hr(M(T)W) = 2tr{> " ti;(eje + e;e)) W} = 1 > "t;;(e]We; + ) We;)

i<j 1<j
= %Ztij(wij + Wyi) = Ztijwﬁ =V (T)VZ(W).
i<j i<j

Then, by Corollary 1.2.39.1, there exist an orthogonal matrix I' and a diagonal
matrix D such that
=Y2M(T)EY? = DI,

where 31/2 denotes a symmetric square root. Let V ~ W,(I,n), which implies
that the distribution V is rotational invariant and thus,

ow (T) = E[eétr(M(T)W)} _ E[egtr(rDr’v)] _ E[egtr(Dv)] _ E[eg > dkakk]'

Since, by Corollary 2.4.2.2, Vix ~ x%(n), for k = 1,2,...,p, and mutually inde-
pendent, we obtain that

p
ew(T) = [[ (1 = idpr) "% = [T —iD|~"/2.
k=1

Hence, it remains to express the characteristic function through the original matrix
3

I —iD| = |I —i'DI’| = [I - iZ'/2M(T)=Y?| = |1 — iM(T)X|,
where in the last equality Proposition 1.1.1 (iii) has been used. 1

Observe that in Theorem 2.4.5 the assumption n > p is not required.
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Theorem 2.4.6. Let W ~ W,(3,n). If ¥ > 0 and n > p, then the matrix W
has the density function

—p—1 1
- 1 7\w|n b o pt(® W, W >o,
Jw(W) =< 22T,(3)%[2 (2.4.12)

0, otherwise,

where the multivariate gamma function I'y(%) is given by

Iy(2) 2t ﬁr Ln+1-1)). (2.4.13)

PrROOF: We are going to sketch an alternative proof to the standard one (e.g.
see Anderson, 2003, pp. 252-255; Srivastava & Khatri, 1979, pp. 74-76 or Muir-
head, 1982, pp. 85-86) where, however, all details for integrating complex vari-
ables will not be given. Relation (2.4.12) will be established for the special case
V ~ W,(I,n). The general case is immediately obtained from Theorem 2.4.2.
The idea is to use the Fourier transform which connects the characteristic and the
density functions. Results related to the Fourier transform will be presented later
in §3.2.2. From Theorem 2.4.5 and Corollary 3.2.1.L1 it follows that

1 i
fV(V):(27r)‘§p(p+1)/ [T — iM(T)|7"/2e 20 MMVigT  (2.4.14)

Rr(p+1)/2
should be studied, where M(T) is given by (2.4.11) and dT = [[,.;dt;;. Put
Z = (V'/2)(I1—iM(T))V'/2. By Theorem 1.4.13 (i), the Jacobian for the trans-

1
formation from T to Z equals ¢[VY/2|=(?+1) = ¢[V|~2P*Y for some constant c.
Thus, the right hand side of (2.4.14) can be written as

c/‘Z|—n/2e%tr(Z>dZ|V|%m—p—ne_%trv)
and therefore we know that the density equals
(V) =c(p,n)[V[z(rmp=DemstV, (2.4.15)

where ¢(p, n) is a normalizing constant. Let us find ¢(p,n). From Theorem 1.4.18,
and by integrating the standard univariate normal density function, it follows that

1 1
1 :c(p,n)/|V\§("_p_1)e_§trvdV

P
1. 1.
/2P | |tp et [Jem2tvdT

i>7

1 1
=c(p, n)2p(27r)1p(p_1) H / tz_ze_ﬁt?i dt;;
i=1

Lo Lonicy _1
=c(p, n)2p(27r)4p(p— )H2_1/U¢2 e~ 3% d

i=1

P L
=c(p,n)(2) p(=1) H 2z (=il L(i(n—i+1)),
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where in the last equality the expression for the x2-density has been used. Thus,

e(pn) " = () 17 D227 T D4 (n — i + 1)) (2.4.16)

i=1

and the theorem is established. ]

Another straightforward way of deriving the density would be to combine Corollary
2.4.4.1 and Theorem 1.4.18.

Instead of Definition 2.4.1 we could have used either Theorem 2.4.5 or Theorem
2.4.6 as a definition of a Wishart distribution. It is a matter of taste which one
to prefer. However, the various possibilities of defining the Wishart distribution
are not completely equivalent. For example, the density in Theorem 2.4.6 is valid
for all n > p and not just for any positive integer n. Furthermore, from the
characteristic function we could also get degenerated Wishart distributions, for
example, when n = 0. A general discussion on the topic can be found in Faraut
& Kordnyi (1994) (see also Casalis & Letac, 1996). Instead of the characteristic
function we could have used the Laplace transform (see Herz, 1955; Muirhead,
1982, pp. 252-253).

From Theorem 2.4.6 a corollary is derived, where the density of W™! is obtained
when W ~ W,(2,n). The distribution of W1 is called inverted Wishart distri-
bution.

Corollary 2.4.6.1. Let W ~ W,(X,n), p <n and 3 > 0. Then the density of
V = W! js given by

1 1 1 iy —
fw—l(V) — (2§Pnrp(%))—l|E|—n/2‘V|7§(n+p+1)67§tr(2 AV 1)’ V> 0.

PROOF: Relation (2.4.12) and Theorem 1.4.17 (ii) establish the equality. 1

Another interesting consequence of the theorem is stated in the next corollary.

Corollary 2.4.6.2. Let L : pxn,p <n be semi-orthogonal, i.e. LL' =1, and let
the functionally independent elements of L = (I;) be given by li2,l13, ..., l1in, l2s,
coylons oo lppt1), - -+ lpn. Denote these elements L(K). Then

/H|Li|+dL(K) — c(p.n)(2m) 372,

1
where L; = (Iw), k,1 =1,2,...,4, and c¢(p,n)~" = 227", (%).

PROOF: Suppose that X ~ N, ,(0,I,I). Let X = TL, where T is the lower
triangular matrix with positive diagonal elements and L is the semi-orthogonal
matrix mentioned above. According to Theorem 1.4.20, the joint density of T and
L is given by

1 1 p ) p
(27T)7§pn67§trTT, H i H |Lii |+
i=1 i=1
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Put W = TT’, and from Theorem 1.4.18 it follows that the joint density of W
and L is given by

1 1 1 D
(2m) 2" e 2 WP Wzl Tl
i=1

Thus, Theorem 2.4.6 implies that

(2@*%%2-?/1‘[ L] dL(K) = c(p,n).
i=1

For the inverted Wishart distribution a result may be stated which is similar to
the Bartlett decomposition given in Theorem 2.4.4.

Theorem 2.4.7. Let W ~ W,(I,n). Then there exists a lower triangular matrix
T with positive diagonal elements such that for W=1 = TT/, T-! = (T%),
TY ~ N(,1),p>i>j>1, (T%? ~x*(n—p+1),i=1,2,...,p, and all
random variables T% are independently distributed.

Proor: Using Corollary 2.4.6.1 and Theorem 1.4.18, the density of T is given by
C|TTI|—§(n+p+1) — tr (TT)~ ! HTp i+1
= cHT (n+9) eiétr(TT/)ilv

where c¢ is the normalizing constant. Consider

no1 (T2 4V VT 1x1 1x(p—1)
(TT) 1< —(Thy) v (Téz)sz_zl)’ ((pl)xl (p—1) X(pl))’

T 0
T =
<t21 T22)

_ -1 -1
vV = T22 t21T11 .

o (T3t o
T _(—v Ty )

Now, Theorem 1.4.14 implies that

where

and

Observe that

[J(Th1,t21, Tog — Th1, v, Toa)|4 = Tf171|T22|+
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and therefore the density equals

p
—(n— 1 p—1y2 - — 1 ry—1 1.
cTH(" P+2) (T HTn‘ (n4i=1) =5 tr{(T22T) "'} =3V
=2

which means that 771, Ta2 and v are independent, (T%)~ ~ x?(n—p+1) and the
other elements in T~ are standard normal. Then we may restart with Ty and by
performing the same operations as above we see that T7; and Ty have the same
distribution. Continuing in the same manner we obtain that (72)~! ~ x%(n—p+1).

1
Observe that the above theorem does not follow immediately from the Bartlett

decomposition since we have
W =TT

and o

W =TT,
where W ~ W,(I,n), T and T are lower triangular matrices. However, T corre-
sponds to T/ which is an upper triangular matrix, i.e. T # T".

2.4.3 Multivariate beta distributions
A random variable with univariate beta distribution has a density function which
equals

NG 1 1
(%(m"‘ln)) m_l(lflli)Qn_l O<.T<17 m,’ﬂZI,
fs(z) = ¢ T(zm)T'(5n) (2.4.17)
0 elsewhere.

If a variable follows (2.4.17), it is denoted B(m,n).

In this paragraph a number of different generalizations of the distribution given
via (2.4.17) will be discussed. Two types of multivariate beta distributions will
be introduced, which are both closely connected to the normal distribution and
Wishart distribution. It is interesting to observe how the Jacobians of §1.4.12 will
be utilized in the subsequent derivations of the multivariate beta densities.

Theorem 2.4.8. Let Wy ~ W,(I,n), p < n, and Wy ~ W,(I,m), p < m, be
independently distributed. Then

F = (Wi + W) /2W, (W, + W,)~1/2
has a density function given by

c(p,n)c(p,m)
fr(F) = c(p,n+m)
0 otherwise,

[F|20n=p= D) — [z~ I F| > 0,[F| >0,

(2.4.18)
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where ’
c(p,n) = (27 Tp(3) 7"

and (W1 + Wy)~1/2 is a symmetric square root.

PrOOF: From Theorem 2.4.6 it follows that the joint density of W1 and Wy is
given by

1 1 1
c(p, n)e(p, m)|Wy |20 7PV [Wy|2(mmpDem g (Wit Wa), (2.4.19)
Put W =W; + W3 ~ W, (I,n 4+ m). The Jacobian equals

I 0

IJ(W1, Wy — W Wy)|y = |[J(W—-Wy, Wy = W W,)|, = ‘ T

=1
Jr
and thus the joint density of W and Wy can be written as

1 1 1
c(p, n)e(p,m)|W — W 2"~ D W, 2 (m=p=Dema oW,
Now we are going to obtain the joint density of F and W. The Jacobian is

IJ(W, Wy — W, F)|, =|J(W,WY2FW'2 . W F)|,
1
=|J(W'PFW'? - F)|, = [W[20P+D,

where Theorem 1.4.13 (i) has been applied to obtain the last equality. Therefore,

the joint density of F and W is given by

n—p—1
2

n—p—1 m—p—1
2 2

1 1
c(p,n)c(p, m)|W| T—F| W] e 2"V W[zt

n—p—1 m—p—1 ntm—p—1 1
_ C(p7n)c(pam)|I_F| 5 |F|72 c(p,n+m)|W| 3 672trW.
c(p,n+m)

Integrating out W with the help of Theorem 2.4.6 establishes the theorem. 1

REMARK: The assumption about a symmetric square root was used for notational
convenience. From the proof it follows that we could have studied W = TT’ and
F = T 'Wy(T’)~!, where T is a lower triangular matrix with positive diagonal
elements.

Definition 2.4.2. A random matrix which has a density given by (2.4.18) is
said to have a multivariate beta distribution of type I. This will be denoted

Mﬁ[(p7m7n)' 1

Observe that other authors sometimes denote this distribution M 3;(p, n, m).
As a consequence of the proof of Theorem 2.4.8 the next corollary can be stated.
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Corollary 2.4.8.1. The random matrices W and F in Theorem 2.4.8 are inde-
pendently distributed. 1

Theorem 2.4.9. Let W1 ~ W,(I,n), p < n and Wy ~ W,(I,m), p < m, be
independently distributed. Then

7 — W2—1/2W1W2—1/2
has the density function

1 1
AP ™) 7 5 np-1) 4 =3 04m) (7 5 0,
fa(Z) =} “elpn+m) (2420
0 otherwise,

where ¢(p,n) is defined as in Theorem 2.4.8 and W;/Q is a symmetric square root.

PRrROOF: As noted in the proof of Theorem 2.4.8, the joint density of W1 and Wy
is given by (2.4.19). From Theorem 1.4.13 (i) it follows that

T (Wa, Wi — Wy, Z)|, =|T(W,, WY ?ZWL? & Wy, Z)|
1
=[I(W,2ZW}/% — Z)|, = [W,|2"+).

Hence, the joint density of Wy and Z equals

m—p—1 n—p—1 n—p—1
2 2 2

1
c(p,n)c(p, m)|We| Z| W [Wo[2(7Hemztr(Wallh2)

:C(pa n)C(p, m) |Z|%Mc(p n+ m)|W2‘Hmfipilefétr(Wz(I+Z))
c(p,n+m) ’

and integrating out Wy, by utilizing Theorem 2.4.6, verifies the theorem. 1

Definition 2.4.3. A random matrix which has a density given by (2.4.20) is
said to have a multivariate beta distribution of type II. This will be denoted

Mﬁ[[(p7man>' 1

Sometimes the distribution in Definition 2.4.3 is denoted Mfrr(p,n,m). By
putting
Fo=(1+2)""

it is observed that the density (2.4.18) may be directly obtained from the density
(2.4.20). Just note that the Jacobian of the transformation Z — Fy equals

1J(Z — Fo)|4 = |[Fo|~#TY,

and then straightforward calculations yield the result. Furthermore, Z has the
same density as Zg = W}/ 2W2_ IW}/ ? and F has the same density as

Fo=(1+2Z)" = WY (W, + W,)'W2

Thus, for example, the moments for F may be obtained via the moments for F,
which will be used later.
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Theorem 2.4.10. Let W1 ~ W,(I,n), n > p, and Y ~ N, ,,(0,LI), m < p, be
independent random matrices. Then

G=Y' (W, +YY)'Y
has the multivariate density function

—m—1 n—p—1
clpm)elm:p) o =54 p G5 -G > 0,|G| > 0,
fa(G)={ c(p,n+m)

0 otherwise,

where ¢(p,n) is defined in Theorem 2.4.8.
PRrROOF: The joint density of Y and W is given by

1 n—-p—=1 _1 1 ,
C(p, n)(Zﬂ')_gpm‘W” 5 e—2trwle—2trYY )
Put W = Wy + YY' and, since |[J(W1, Y — W,Y)|; = 1, the joint density of
W and Y is given by

n—p—1

1 1
c(p,n)(2m) 2P™MW - YY'|” 2 ezt W

n—p—1 n—p—1
2

I-YW Y| 2 e 20"W,

1
=c(p,n)(2m) 2P W]
Let U = W~Y2Y and by Theorem 1.4.14 the joint density of U and W equals

1 1 1 1
C(p, ’I”L) (271_)—§pm|1 _ U/U| §(n—p—1) ‘W| §(n+m—p—1)e—§trW'
Integrating out W yields

c(p,n)

—Lom / l(n— -1)
AP omy-grmp _yry|z e,
c(p,n +m)

Now, from Proposition 1.1.6 (ii) it follows that U’ = TL, where T : m x m is
a lower triangular matrix with positive diagonal elements and L : m X p is semi-
orthogonal. According to Theorem 1.4.20, the joint density of T and L equals

m

c(p,n) _1 1L (nep—1) T
— (2m) 2P™I - TT|2\"7P |Itp- IlLl ,
c(p,n+m)( ) ‘ | P i i:1| |+

where L; = (Ix;), k,l = 1,2,...,4. Theorem 1.4.18 implies that the joint density
of G = TT' and L can be written as

c(p,n) 1 L nep1) 1 L (pmm) m
— 2 (2r)"2Pm2™™ I - G|2\" P |G 2P L;|..
B (2 1-g| el [T

Finally the theorem is established by Corollary 2.4.6.2 and integration of L :

C(p7 n)c(m,p) |I - G‘ %(n—p—l) |G|%(p—m—1)
c(p,n+m)
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Corollary 2.4.10.1. The random matrices G and W in Theorem 2.4.10 are
independently distributed. 1

The MpB;(p, m,n) shares some properties with the Wishart distribution. To some
extent, the similarities are remarkable. Here we give a result which corresponds
to the Bartlett decomposition, i.e. Theorem 2.4.4 (i).

Theorem 2.4.11. Let F ~ Mp;(p,m,n) and F = TT' where T is a lower
triangular matrix with positive diagonal elements. Then Ti1,T5s, ..., Ty, are all
independent and

T2 ~B(m+1—in+i-1), i=12...p.

PrOOF: The density for F is given in Theorem 2.4.8 and combining this result
with Theorem 1.4.18 yields

C(p7 n)C(p, m) ‘TT/| m—2p—1 |I _ TT/| n—g—l op ﬁ Tp—i+1
c(p,n +m) Pl

p
:2pc(p7 n)c(p, m) H 1—;sz|1 o TT/|
c(pn+m) 13

n—p—1

First we will show that T3 is beta distributed. Partition T as
Ti1 O
T = .
( tor  Tao )

I—TT| = (1-T1)(1 ~v'V)[I - Ta2Th,

Thus,

where
VvV = (I — T22T§2)71/2t21(1 — T121)71/2'

We are going to make a change of variables, i.e. T11,to1, Tos — T11,v, Tos. The
corresponding Jacobian equals

p—1

1
|J(t21, Ti1, Too — v, Ti1, Too) 4 = [J(ta1 = v)|4 = (1= T7) 2 |I— ToTh|2,

where the last equality was obtained by Theorem 1.4.14. Now the joint density of
T11, v and Toy can be written as

pc(p,n)c(p,m) m—1 2 n—p-1 & m—1
2 ey i AT I

n—p—1 n—p—1 p—1 1

X |I—ToTh| 2 (1-v'v) 2 (1-Tf) 2 [I— TayTh)|2

— 9P C(p, n)c(p7 m) (T121)T1(1 _ Tfl)gfl

c(p,n +m)

o m—i PR R
XHTM [T—TpTy[ 2 (1-vv) 2
=2
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Hence, T3; is independent of both Tas and v, and therefore T follows a 3(m,n)
distribution. In order to obtain the distribution for Ths, T33, ...,T}p, it is noted
that Tso is independent of T7; and v and its density is proportional to

& m—1 / np
HTu‘ [T —T2Ty| 2 .
i=2

Therefore, we have a density function which is of the same form as the one given
in the beginning of the proof, and by repeating the arguments it follows that T is
B(m—1,n+1) distributed. The remaining details of the proof are straightforward
to fill in. ]

2.4.4 Partitioned Wishart matrices
We are going to consider some results for partitioned Wishart matrices. Let

w= (e we) (olmsr oinloln) e

where on the right-hand side the sizes of the matrices are indicated, and let

2= (30 30) (o 0hr oinbeln) a2

Theorem 2.4.12. Let W ~ W,(X,n), and let the matrices W and X be parti-
tioned according to (2.4.21) and (2.4.22), respectively. Furthermore, put

Wio =Wi — W Wo,' Wy

and

S =211 — T1225 Doy
Then the following statements are valid:

(i) Wiz~ Wi (E12,n —p+r);
(ii) W19 and (Wig : Way) are independently distributed;

(iii) for any square root W2_21/2

W, W5, 2 = S50 W2 ~ Ny (0, 5., 1)

(iv) Wig|Wag ~ Nr,p—r(21222_21W227 312, Way).
PROOF: By Definition 2.4.1, there exists a matrix Z' = (Z} : Z5), (n xr : n X
(p —r)), such that W = ZZ', where Z ~ N, ,(0,%,I). Then Wj., has the same

distribution as
Z,PZ/, (2.4.23)
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where
P=1-27,(Z>Z2)"'Z,.
We are going to condition (2.4.23) with respect to Zs and note that according to
Theorem 2.2.5 (ii),
Zy — 319855 Zo|Zs ~ N, (0,215, 1), (2.4.24)

which is independent of Zs. Conditionally on Z,, the matrix P is fixed and
idempotent. Furthermore, £15355 ZoP = 0. Tt follows that 7(P) = n — r(Zy) =
n — p + r, with probability 1. Thus, from Corollary 2.4.3.1 we obtain that

WiolZy ~ W (B12,n—p—7),

which is independent of Zs, and thus (i) is established. Observe that similar
arguments were used in the proof of Theorem 2.4.4.

For (ii) we note that since Wy.5 is independent of Z,, it must also be independent
of Woy = ZyZ,. Furthermore, since Z;P = 0, we have by Theorem 2.2.4 that
given Zo, the matrices W15 = Z;Z/, and W1 .5 are independently distributed. We
are going to see that W15 and W1.5 are also unconditionally independent, which
follows from the fact that W1.5 is independent of Zs:

FWia W, (X1,X2) :/fwu,wl.?,zz(xl,Xz,X3)dX3
:/fW12,w1.2|z2(X1,Xz)fzz(X3)dX3 :/leg\Zg(Xl)fW1.2|Z2(X2)fZ2(X3)dX3
— [ oz ) v () ) = [ a2 v (35

= fwia (x1) fw .o (x2).
Now, (iii) and (iv) will follow from the next relation. The statement in (2.4.24)
implies that
717y (ZoZh) V% — 21935, (Z9Z) | Zy ~ Nypp (0, 1.5, T)
holds, since
(ZoZh) Y2202} (Z2Z5) 712 = 1.

The expression is independent of Zs, as well as of Wyy, and has the same distri-
bution as

W, W, 2 = B30 W2~ N, (0,0, 1),
1
Corollary 2.4.12.1. Let V ~ W,(I,n) and apply the same partition as in
(2.4.21). Then
V12Vy/? ~ Nypor(0,11)
is independent of Vag. ]

There exist several interesting results connecting generalized inverse Gaussian dis-
tributions (GIG) and partitioned Wishart matrices. For example, Wy11|Wq is
matrix GIG distributed (see Butler, 1998).

The next theorem gives some further properties for the inverted Wishart distribu-
tion.
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Theorem 2.4.13. Let W ~ W,(%,n), ¥ > 0, and A € RP*9. Then

(i) AAWTIA)"A' ~ W,(AA'STA)"A/;n—p+7r(A));

(ii) AA'W=LA)" A" and W — A(A'W~tA)~ A’ are independent;

(iii) AAWIA)"A’ and T — A(A'W~LA)~A’W~! are independent.
PROOF: Since A(A’'W~1A)~A’W~! is a projection operator (idempotent ma-

trix), it follows, because of uniqueness of projection operators, that A can be
replaced by any A € RP*"(A) ('(A) = C'(A) such that

AAWTIA)"A' = AAWTA)TA

It is often convenient to present a matrix in a canonical form. Applying Proposition
1.1.6 (ii) to A’S~1/2 we have

A’ =TI, :0IEY? =TI, 22 (2.4.25)

where T is non-singular, IV = (T} : T%) is orthogonal and X'/? is a sym-
metric square root of X. Furthermore, by Definition 2.4.1, W = ZZ’, where
Z ~ N, ,(0,%,I). Put

V =T 12WE 121 ~ W, (L, n).
Now,

AA'W™IA)"A' = V20 ((1: 0)V~ (I : 0))~ ', =Y/2
_ 21/2:[\/1 (‘711)—1:[11231/27

where V has been partitioned as W in (2.4.21). However, by Proposition 1.3.3
(VIH=1 =V, where Vio =V — V12V2_21V21, and thus, by Theorem 2.4.12

(i),
S0 (VYT B2 0 W, (B2 0 BY2 0 — p+r(A)).

When X'/2T T, 2'/2 is expressed through the original matrices, we get

SV e = A(ASTTA) A = A(A'STTA) A

and hence (i) is verified.

In order to show (ii) and (iii), the canonical representation given in (2.4.25) will be
used again. Furthermore, by Definition 2.4.1, V = UU’, where U ~ N,, ,(0,1,T).
Let us partition U in correspondence with the partition of V. Then

W —AA'WA)"A' = =V21'Vrel/2 - 31201 0)' (VYY1 : 0)rxl/?
Vi2Vyy Vo V
— 21/21-1/ 12 V 99 21 12 ]_-‘21/2
( Va1 Voo

_ 2 (UiU5(0,0,) 710U UL U, 1/2
> r( e viut )T



256 CHAPTER II

and

I-AAW A AW =1 -2 (1: (V)" IV re-1/2
=1-2V20 0,22 4 B VL, Vo, T e 2
=1 V200, 27Y2 4 B20 U, UL (U, UY) "I B Y2, (2.4.26)

In (2.4.26) we used the equality (V11)=1V12 = —V5(Vy)~! given in Proposition
1.3.4 (i). Now we are going to prove that

U,, U,U), U, UL(U, UL UL, UY, (U,U,) MU, UY (2.4.27)

and
Vi = Uy(I - Uy(U,U3) "' U,) U} (2.4.28)

are independently distributed. However, from Theorem 2.2.4 it follows that, con-
ditionally on Usg, the matrices (2.4.27) and (2.4.28) are independent and since V.o
in (2.4.28) is independent of Uy, (ii) and (iii) are verified. Similar ideas were used
in the proof of Theorem 2.4.12 (i). 1

Corollary 2.4.13.1. Let W ~ W,(%,n), A: p x g and r(A) = q. Then

(AWA) L~ W, (A'STTA) L n—p+g).

PROOF: The statement follows from (i) of the theorem above and Theorem 2.4.2,

since
(AAWTA) = (A/A)TTA'A(AWTA) TTATA(A’A) L

2.4.5 Moments of the Wishart distribution

We are going to present some moment relations. They will be used in Sections 3.2
and 3.3 when we are going to approximate densities with the help of the Wishart
density. In addition to the mean and dispersion we will consider inverse moments
or, one can say, moments of the inverted Wishart distribution. The density of the
inverted Wishart distribution under a somewhat different parameterization was
introduced in Corollary 2.4.6.1. Often the formula

7 n—p—1 1 SW-
|“| EL|E|Te 5”( w 1) W >0
1

fw-1 (W) =4 2
0 otherwise,
(2.4.29)
is used as a representation of the density function for the inverted Wishart distribu-
tion. It follows from the Wishart density, if we use the transformation W — W1,
The Jacobian of that transformation was given by Theorem 1.4.17 (ii), i.e.

[J(W — W[, = W@,
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The fact that a matrix W : p X p is distributed according to the density (2.4.29)
is usually denoted by W ~ W, (3, n). If W ~ W,(X,n), then it follows that
W1~ Wp_l(E_l, n+p+1). Tt is a bit unfortunate that the second parameter
equals n for the Wishart distribution and n + p + 1 for the inverted Wishart
distribution. However, we are not going to use the density directly. Instead, we
shall use some properties of the Wishart density which lead to the moments of
the inverted Wishart distribution. We are also going to present some moment
relations which involve both W~! and W.

Theorem 2.4.14. Let W ~ W,(X,n). Then

(i) E[W]=nX;

(i) DW]=nI:+K,,)(Z®X);
3

-1
n—p—1 ’

(i) EW™ =

n—p—1>0;

(IV) E[w—l ® W—l] n—p—2 E—l ® E—l

= n—p)(n—p—1)(n—p—3)

+ (n_p)(n_pil)(n_p_g) (vecZ tved T+ K, (T @ =7Y),

n—p—3>0;

(v)  E[vecW lvecd' W] = nﬁzflvecE_lveC'E — n—;—l I+K,,),
n—p—1>0;
: —Iyar—11 _ 1 —1y—1 1 1,1
) BEWT W = a2 B e ner e s 0
n—p—3>0;

(vii)  Etr(W HW] = 2L _-(nZtrZ ' —2I), n-p—1>0;

n—p—1

(viii)  Eftr(W™ 1)W1 s-ly-1

_ 2
— (n=p)(n—p-1)(n—p-3)

+ (nfp)(nﬁ;fzinfpfg) RN S n—p—3>0.
PROOF: The statements in (i) and (ii) immediately follow from Theorem 2.2.9 (i)
and (iii). Now we shall consider the inverse Wishart moments given by the state-
ments (iii) — (viii) of the theorem. The proof is based on the ideas similar to those
used when considering the multivariate integration by parts formula in §1.4.11.
However, in the proof we will modify our differentiation operator somewhat. Let
Y € R?”*" and X € RP*™. Instead of using Definition 1.4.1 or the equivalent
formula
dY - 6yij
dX - T 8:vkl

(fi@gr)(e; ®d;),

where I ={i,7,k,1;1<i<¢q,1<j<r1<k<p1<l<n}, and d;, e;, g and
f; are the i—th, j—th, k—th and [—th column of I, I, I, and I,,, respectively, we
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will use a derivative analogous to (1.4.48):

Y _ N~ 9y
dX a I; 8$kl

1 k= l7
(fr @ gr)en(e; @ i), e = { 3 k#L

All rules for matrix derivatives, especially those in Table 1.4.2 in §1.4.9, hold except
dX’ which equals

% = %(I +K,,) (2.4.30)
for symmetric X € RP*P. Let fyw (W) denote the Wishart density given in Theo-
rem 2.4.6, fw>0 means an ordinary multiple integral with integration performed
over the subset of R'/2P(P+1) where W is positive definite and dW denotes the
Lebesque measure ], ., dWj,; in RY/2p(p+1) - At first, let us verify that

dfw (W
/ dwW) 1wy o, (2.4.31)
w>o AW
The statement is true, if we can show that
dfw (W
/ PwW) o —0, ij=12.. (2.4.32)
wso dWij

holds. The relation in (2.4.32) will be proven for the two special cases: (i,j) =
(p,p) and (i,57) = (p — 1,p). Then the general formula follows by symmetry.
We are going to integrate over a subset of RY/2P(P+1) where W > 0, and one
representation of this subset is given by the principal minors of W i.e.

Wiz

Wi >0,
1 War  Waa

>0,...,|W|>0. (2.4.33)

Observe that |[W| > 0 is the only relation in (2.4.33) which leads to some restric-
tions on Wp, and Wy_1,. Furthermore, by using the definition of a determinant,
the condition |W| > 0 in (2.4.33) can be replaced by

0< wl(Wlla Wi, ..., Wp_lp) < pr < 0 (2434)
or

1/12(W11, W127 RS Wp*Qp) pr) < Wpflp < 1/13(W11, W127 ) Wp72pa pr)a
(2.4.35)
where 1 (o), 12(e) and 13(e) are continuous functions. Hence, integration of W,
and Wy_1, in (2.4.32) can be performed over the intervals given by (2.4.34) and
(2.4.35), respectively. Note that if in these intervals W, — 1 (e), Wy_1, — ¥2(e)
or Wp_1p — t3(e), then [W| — 0. Thus,

d d
/ f;NW AW = / / / dw (W) Wop . . . dW12dWy
W>0 pp 1 PP

// / lim  fw( )—Wlimw JTw(W) ... dWidWiy = 0,

Wpp—00 pp W1
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since limy,, .y, fw(W) = 0 and limwy,, .o fw(W) = 0. These two state-
ments hold since for the first limit limw,, 4, [W| = 0 and for the second one
limyy,, oo [Wlexp(—1/2tr(27'W)) = 0, which follows from the definition of a
determinant. Furthermore, when considering W),_1,, another order of integration
yields

P3
/ Yw(W) 1y — // / Uw (W) - dWi2dWi,
W>0 de 1p
/ /Wp 111:1_”/}3 (W) — Wp}iIIle_)wz fw (W)de_Q,p N dngdWH = 0,

since limy, _,, .y, fw(W) = 0 and limy,_,, .y, fw(W) = 0. Hence, (2.4.31) as
well as (2.4.32) are established. By definition of the Wishart density it follows
that (2.4.31) is equivalent to

c/ WIS exp(—1/201(ST W) AW =0, (2.4.36)
>0

where c is the normalization constant. However, after applying Proposition 1.4.10,
it follows that (2.4.36), in turn, is equivalent to

/ {Z(n—p—1)veceW ! fwy (W) — LvecE ™! fy (W) }dW = 0.
W>0

Thus, E[W~!] = L _»-1

n—p—1
For the verification of (iv) we need to establish that

/w>0 %W Lt (W)dW = 0. (2.4.37)

By copying the proof of (2.4.31), the relation in (2.4.37) follows if it can be shown
that

lim W! li w1 W) = 2.4.
i fw (W) =0, wim fw(W) =0, (2.4.38)
lim W' fy (W) =0, lim W lfw(W)=0. (2.4.39)
p—1p— Y3 Wp_1p—12

Now limyy,, 00 WL fw (W) = 0, since limy,, oo fww(W) = 0 and the elements
of W1 are finite, as W, — oco. For other statements in (2.4.38) and (2.4.39) we
will apply that

W W] = adj(W), (2.4.40)

where adj denotes the adjoint matrix of W, i.e. the elements of W are replaced
by their cofactors (see §1.1.2) and then transposed. The point is that the adjoint
matrix exists whether or not [W| = 0. Therefore, it follows that

lim Wl fw (W) =¢ lim W W|Y2p=D 511/ 206y (1 /2tr(B7'W))
[W|—0 |W|—0

= clv1vllm adj(W)|W|L/2n=p=3) | =11/ 20y (—1 /2tr(S7'W)) = 0 (2.4.41)
—0
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holds. Thus, since W, — 1, Wp_1p, — ¥3 and Wj,_1, — 12 together imply that
[W| — 0, and from (2.4.41) it follows that (2.4.38) and (2.4.39) are true which
establishes (2.4.37).

Now (2.4.37) will be examined. From (2.4.30) and Table 1.4.1 it follows that

d dW1 dfw (W
W (W) = g (W) TR e V)

= _%(I + Kp’p)(w_l ® W_l)fw(W)
+vecW {1 (n —p—1)ved W' — Ivecd’ 7'} fwy (W),

which, utilizing (iii), after integration gives

~EW @WK, ,EW'@W ™+ (n—p—1)E[vecW tvec W]
= L1 _vecE lvec’S T (2.4.42)

n—p—1

Let
T=EW oW K, ,E[W oW !: EvecW 'vecd W),
M =(vecE lved =K, (BT e 2T 2l ETt).

Applying Proposition 1.3.14 (vi) and premultiplying (2.4.42) by K, , yields the
following matrix equation:

QT = nﬁ;%M, (2.4.43)
where
—Ipz —Ipz (n —p— l)Ipz
Q= =L, (n—p-— 1)Ip2 —L,:
(n—p-— 1)Ip2 =L, =L,
Thus,
T = n_;_1Q*1M
and since
Q! = L },, (n—pIIf N1, (n—pI—22)Ip2
(n—p)(n—p—23) (n— p;: 2)1,2 I : I; ,

the relation in (iv) can be obtained with the help of some calculations, i.e.

1
(n=p)(n—p—1)(n—p-3)

For (v) we differentiate both sides in (iii) with respect to =1 and get

EW oW = (L2 :1Le2: (n—p—2)I:2)M.

p2 - ip

EnvecW 'ved'E — veeW lvecd W] = — (1. + K, ).

n—p—1
The statement in (vi) is obtained from (iv), because

vecE[W W™ = ElW~! @ W !]vecl,
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K,,(Z7'®@ 2 Hvecl = vec(Z'E27)

and
veeX tved’ T vecl = veeX " Htr2 L.

To get (vii) we multiply (v) by vecI and obtain the statement.
For (viii) it will be utilized that

p
> (e, @DhW @ W (e, @ 1) = tr(W W1,
m=1

Since )
d (e, eDE ' @n (e @) =tx(X)E 7,
m=1
P
Z(em®1)ve(§2*1vec’2 el ®I) = ZZ ene, Ll =x-lx-!
m=1 m=1
and

Ive ) (= 'eox (e, oI

I
NE

p
D (€, DK, (Z7 @27 (e), @)
m=1 1

3
Il

S leye, 2 =2 In

[
R

1

3
I

(viii) is verified. 1
Note that from the proof of (iv) we could easily have obtained E[vecW ~!vec’'W 1]
which then would have given D[W 1], i.e.

veeX tved’ !

—17 2
DIW™] = o173

1 -1 -1
o eIt Kpp) (BT ®X7), n—p—-3>0. (24.44)

Furthermore, by copying the above proof we can extend (2.4.37) and prove that

/ divecW Led (W™ HE L £ (W)dW =0, n—p—1-2r > 0. (2.4.45)
w0 AW
Since J W

% = %(n —p— 1)VeCW_1fw(W) — %VecE_lfw(W),

we obtain from (2.4.45) that

2E[%Vecwflvec'(wfl)®“1] + (n—p—1)E[vecW ~lvec (W—1)®7]

= E[vecE ™ tvec/ (W 1)®7], n—p—1-2r>0. (2.4.46)
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It follows from (2.4.46) that in order to obtain E[(W~1)®"*1] one has to use the
sum

2E[VGC(%(VV”)@”)] +(n—p—1)Bvec(WH)# 1],

Here one stacks algebraic problems when an explicit solution is of interest. On the
other hand the problem is straightforward, although complicated. For example, we
can mention difficulties which occurred when (2.4.46) was used in order to obtain
the moments of the third order (von Rosen, 1988a).

Let us consider the basic structure of the first two moments of symmetric matrices
which are rotationally invariant, i.e. TUT” has the the same distribution as U for
every orthogonal matrix I'. We are interested in E[U] and of course

E[vecU] = vecA
for some symmetric A. There are many ways to show that A = cI for some
constant ¢ if U is rotationally invariant. For example, A = HDH' where H is

orthogonal and D diagonal implies that F[vecU] = vecD and therefore TDIV = D
for all I'. By using different I" we observe that D must be proportional to I. Thus

E[U] = I
and ¢ = E[Un1].
When proceeding with the second order moments, we consider
vecE[U ®@ U] = E[Z UijUnie; ® e; @ €; @ eg).
ijkl
Because U is symmetric and obviously E[U;;Uy| = E[UkUs;], the expectation
vecE[U ® U] should be the same when interchanging the pairs of indices (i, j) and

(k,1) as well as when interchanging either ¢ and j or k and I. Thus we may write
that for some elements a;; and constants di, dz and ds,

vecE[U® U] = Z(dlaijakl + daaiiaj + daagagy + dg)ej Ke ¥e; Ve,
ijkl
where 4mn = anm. Thus, for A = (a;;),
vecE[U ® U] = dyvec(A ® A) + dovecA ® vecA + davec(K, (A ® A)) + dzvecl.

Now we will study the consequence of U being "rotationally invariant”. Since
A =I'DI"Y for an orthogonal matrix I' and a diagonal matrix D,

vecE[U® U] =TT T ®T)vecE[U ® U]
= dyvec(D @ D) + davecD @ vecD + davec(K, ,(D @ D)) + dgvecl.

Furthermore, by premultiplying with properly chosen orthogonal matrices, we may
conclude that D = cI. Thus, if ¢; = ¢dy + d3 and ¢; = cds,

E[U®U| =11+ caveclvec' T+ 2K .
Moreover,
E[U11Uss) =cy,
EU) =cs.

The results are summarized in the next lemma.
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Lemma 2.4.1. Let U : p X p be symmetric and rotationally invariant. Then
(i) E[Ul=d, c¢=E[Uy);
(i) E[U®U] =1+ coveclvec I+ oK, p,  ¢1 = E[U11Uss], ¢ = E[UL);

(ii) D[U] = oI + (c1 — )veclvec' I + 2K, .

PRrROOF: The relations in (i) and (ii) were motivated before the lemma. The state-
ment in (iii) follows from (i) and (ii) when Proposition 1.3.14 (vi) is applied. g

Observe that the first two moments of the Wishart and inverted Wishart distri-
bution follow the structure of the moments given in the lemma.

In §2.4.3 two versions of the multivariate beta distribution were introduced. Now,
the mean and the dispersion matrix for both are given.

Theorem 2.4.15. Let Z ~ M f;;(p,m,n) and F ~ MS;(p,m,n). Then

(i) FEZ]l=-2-1 m—p—1>0;

m—p—17

s 2n(m—p—2)+n? 2n(m—p—1)42n? /

) D[2) =m=pta—s-non=m=5 1+ Kpp) + pita—p-nm—p=3) veelvec'l
m—p—3>0;

(i) BF] =25

(iv) D[F] =(c3 — (n+m)2 Jveclvec'I+ cs(I+ K, ),

where
4 =G (0 — P = 2+ e — L+ e,

c3 :";_f;’l (n—p—2)ca —c1) — (n+m+ 1)y,

n?(m—p—2)+2n c n(m—p—2)4+n’+n
~ (m=p)(m—p=1)(m—p—3)" 2= Gm=p)(m—p—1)(m—p=3)

C1

m—p—3>0.

PROOF: By definition, Z = W5 "/*W, W, /% where W ~ W, (I,n) and W, ~
W,(I,m) are independent. Hence, by Theorem 2.4.14,

~1/2 ~1/2 —1/2 ~1/2 - n
B[Z] =E[W, "W W, V%) = BIW, V2 EIW W, V2] = nB[W5 Y] = 2
and (i) is established. For (ii) we get

D|Z] =E[D[Z|Ws]] + D[E[Z|W]]
=En(I+K,,)(W;' @ Wy )] + DnW, |

and then, by Theorem 2.4.14 (iv) and (2.4.44), the statement follows.



264 CHAPTER II

In (iii) and (iv) it will be utilized that (I + Z)~! has the same distribution as
F = (W) + W) /2Wy(W; + W3) /2. A technique similar to the one which
was used when moments for the inverted Wishart matrix were derived will be
applied. From (2.4.20) it follows that

d 1 1
- Z|12(=p=1) 1 . z|=3(n+m) 47
0= [ A elzF L 7 E gz,

where c is the normalizing constant and the derivative is the same as the one which
was used in the proof of Theorem 2.4.14. In particular, the projection in (2.4.30)

holds, i.e.
dZ

By differentiation we obtain

ElvecZ™'| — (n+m)— dZ Elvec(I+Z)™],

dz
0=1in-p-1)— 77

dZ

which is equivalent to

Elvec(I + Z)™1] = 2=1 BlyecZ™!].

n+m

However, by definition of Z,

E[Z7'] = EW)*W'Wh/? = —m 1

n—p—1

and (iii) is established.
Turning to (iv), it is first observed that

d 1 1
0:/d—ZZ*1c|Z|2<"—P—1>|I+zr2<”+m)dz

dZ dZ
=—_"E[Z'®Z" L —1)—= E[vecZ 'vecd'Z~*
17 Z'eZ 1+ s(n—p )dZ [vecZ ™ vec ]
Z
- f(n—l—m)d Evec(I+ Z) tvec'Z71].

dZ

Moreover, instead of considering E[-LZ~'], we can study E[-L(I + Z)7'] and
obtain

Z—;E[(I L Z) e I+2) Y = Ln—p— 1)E[vecZ ved (1 + Z) ]
— (n+m)Evec(I+Z) 'vecd' I+ Z)""].

By transposing this expression it follows, since

I+ Kpp)EZ ' @Z=EZ"'@Z ' |1+ Kp,),
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that
Elvec(I+ Z) *vec'Z™'] = E[vecZ 'vec' (1 + Z)™!].

Thus, using the relations given above,

I+K, )E(I+Z) 'o@+2Z2) =-22 14+K,,E[Z'0Z !

n+m

4 (oD proecZ=lvecZ ™Y — (n + m)E[vec(I + Z) " vec/(I+ Z)~1]. (2.4.47)

n+m
Now Proposition 1.3.14 (vi) implies that

Elvec(I+Z) *vec I+ Z) N+ K, ,E[I1+2Z) '@ (I1+Z)™]
= 22l (BlyecZ 'vec'Z7 | + K, ,)E[Z"' @ Z71])

n+m

+ 2=V gz -1 @ 771 — (n+ m) Elvec(I + Z)~'vec (I + Z) ']

n+m

and by multiplying this equation by K, , we obtain a third set of equations. Put
E :<E[vec(I +Z) ved I+ Z) ], E[(1+Z) ' 1+ 2)7Y,
!
K, Bl(1+2)"' © 1+2)7])
and
M =(E[vecZ 'ved'Z ', E[Z7' ® Z7',K, ,E[Z"' ® Z71]).

Then, from the above relations it follows that

(n + m)Ip2 Ipz Ipz
Ipz (n + m)1p2 Ip2 E
Ipz Ip2 (n + m)Ipz
—p— 1)1 2 - -1
_p_1 (n—p P P P
=_2-P-- i (n—p—1)ILy . M.
n+m 71;,,2 7Ip2 (n —p— 1)Ip2

After E[Z7! ® Z7!] is obtained, M can be determined and then we have a linear
equation system in E with a unique solution. Some calculations yield

E[Z7' ® Z7' = 11 + caveclvec I + oK, 5,

where ¢; and ¢y are given in statement (iv). Via Proposition 1.3.14 (vi) M is
found. This approach is similar to the one used for obtaining moments of the
inverted Wishart distribution.

However, instead of following this route to the end, which consists of routine work,
we are going to utilize Lemma 2.4.1, which implies that for constants c3 and ¢4

E(I+2Z)'® I+ Z) '] =c31 + cyveclvec'I + 4K, ,,
Elvec(I+ Z) *vec/(1+Z) '] =czvecIvec'T+ cs(I+ K, ).
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From (2.4.47) it follows that

(n+m)ea(T+ K, ) + (n+ m)egvecIvec T+ (c3 + ca)(I+ K, p) + 2cavecIvec'T
= —2PL{(c) + o) (I+ K, p) + 2cavecIvec T}

n+m

+ M{clvedvecll +e(I+Kpp)t,

n+m

which is identical to

(n+m+1)esa+e3)I+Kpyp) + ((n+m)es + 2¢q)vecIvec'T
= {(”*P*1)2 co— 2l (c) 4 o) AT+ K, ) + {("71)71)2 c1 — =2=19¢y vecIvec'L

n+m n+m n+m n+m

Vaguely speaking, I, K, ,, and vecIvec'I act in some sense as elements of a basis
and therefore the constants ¢4 and c3 are determined by the following equations:

(n+m+1)cy+c3 :"_p_l((n —p—2)ca — 1),

n+m
(n+m)eg + ¢4 :"n_Tp;Ll((n —p—1)e; — 2¢9).
Thus,
Elvec(I+ Z) *vec'(I+ Z)~ '] = E[vecFvec'F]
is obtained and now, with the help of (iii), the dispersion in (iv) is verified. 1

2.4.6 Cumulants of the Wishart matriz

Later, when approximating with the help of the Wishart distribution, cumulants
of low order of W ~ W,(X,n) are needed. In §2.1.4 cumulants were defined as
derivatives of the cumulant function at the point zero. Since W is symmetric, we
apply Definition 2.1.9 to the Wishart matrix, which gives the following result.

Theorem 2.4.16. The first four cumulants of the Wishart matrix W ~ W,(X, n)
are given by the equalities

(i) ¢ [W] =nG,vecE = nV?(%),
where V2(e) is given by Definition 1.3.9;
(i) c2[W]=nJ, (2@ X)G,;

(iif) c3[W] =nJ,(2 @ X @ vec'3)(Ips + Kp2 12) (I, K, @ L) (G, @ J7);
(iv) ca[W]=nJ,(E0Z® (Vec/2)®2)(1p3 @Ky p2 )T+ Ky, @1 @K,y p)
X (I+ K, @Ky, @12)(G,®@J,®J,)
+1J, (T T @ved (@ X)) (K, )T+ K, , @ L2 9K, )

X (I + Kp,p ® Kp’p ® IP2>(G;7 ® J; ® J;)’
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where G, is given by (1.3.49) and (1.3.50) (see also T(u) in Proposition 1.3.22
which is identical to Gy ), and

Jp = Gp(I + Kp,p)~

PROOF: By using the definitions of G, and J,, (i) and (ii) follow immediately
from Theorem 2.1.11 and Theorem 2.4.14. In order to show (iii) we have to
perform some calculations. We start by differentiating the cumulant function
three times. Indeed, when deriving (iii), we will prove (i) and (ii) in another way.
The characteristic function was given in Theorem 2.4.5 and thus the cumulant
function equals

dw(T) = —gznu,, —iM(T)3], (2.4.48)

where M(T) is given by (2.4.11). The matrix

_ dM(T)
P dve(T)

=G, +K,,) (2.4.49)

will be used several times when establishing the statements. The last equality in
(2.4.49) follows, because (f;(r,;) and e; are the same as in §1.3.6)

dM(T) dt;
dv2(T) ~ E:szml)(ei Rej+e;e;)
k<l
i<y
=Y fiplei®e; te;0e) =G, ) (e;®e)(ei®e; +ej@e)
i<j 1<y
=G, Z(ej ®e;)(e;®e;+e;@e) =Gyl +Kyp).
0,J
Now
dpw(T) _ ndll, —iM(T)X| d(In|I, — iM(T)X])
dV2(T) aa1ey 2 dVZ(T) d|I, —iM(T)X|
__nd(I, —iM(T)X) d[I, — iM(T)3| 1
(14.14) 2 dV2(T) d(I, —iM(T)E) |I, — iM(T)X|
.n dM(T) . 1
= —_ I I - .
i3 IV2(T) (E@IL,)vec{(I, —iXM(T)) "}
Thus,
. d T n
c[W]=1 1;@2’((,1‘)) o = EJpveCE =nG,vecE = nV?(X).

Before going further with the proof of (ii), (iii) and (iv), we shall express the
matrix (I, — iXM(T))~! with the help of the series expansion

I-A)'=T+A+A*+... =) A*
k=0
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and obtain

(I, —iZM(T)) ! = iik(EM(T))k.
k=0

For T close to zero, the series converges. Thus, the first derivative takes the form

‘M = igJP(Z @ L)vee( Y ¥ (SM(T))"}
k=0
=n i PFHV2((EM(T))*E). (2.4.50)
k=0

Because M(T) is a linear function in T, it follows from (2.4.50) and the definition
of cumulants that
d* V2 ((EM(T))F1x)
ck[W]=n V(T 1 , k=23, ... (2.4.51)
Now equality (2.4.51) is studied when k = 2. Straightforward calculations yield
dV2(EM(T)X) dM(T)
W= = Yo X)G, =nJ,(Z® )G,

02[ ] n dVQ(T) ndVQ(T)( ® ) j4 n p( ® ) P
Thus, the second order cumulant is obtained which could also have been presented
via Theorem 2.4.14 (ii).

For the third order cumulant the product in (2.4.51) has to be differentiated twice.
Hence,

Wiy 4 dVEMDIMTE) 4 dEMDIMTE)
Wl =narm dV2(T) ~"avy(T) dV2(T) P
ndvj(T) j‘%((?) {EM(T)Z®X) + (X0 XM(T)%)}G,

:nde(T){Jp((EM(T)z ® %)+ (2@ IM(T)X))G,}

AEM(T)E®) (e SM(T)X)

=n( dV2(T) dV2(T) )(G:; ® J;)
=n(w ® vec'2) (I + K2 p2) (I, 9 K, , @ L) (G ® T))

=nJ, (T @B @ ved' )T+ K2 o) (I, 9 K, , @ 1) (G, @ J,). (2.4.52)
Finally, we consider the fourth order cumulants. The third order derivative of the
expression in (2.4.51) gives c4[W] and we note that

_ E{(EMT)PER)} £ [ EM(T)PS)
alWi=n dV?(T)? EEE { dV2(T) GP}
2 {d{(EM(T))22 T+ (EM(T)E)®? + T ® (2M(T))22}G, }
V2T dV2(T) P
_ @ [d{(EM(T))’T @ X} P
V() { dV2(T) I+ Kpp @Kpp) (G, @ Jp)}
2 (d(EM(T)®)®2}
+ nVZ(T) { U dV(z('}‘) ) }(Gp ® Jp)} ) (2.4.53)
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since
ved (2 ® (ZM(T))*Z)(K,,p @ K, ) = ved ((EM(T))’E @ X).

When proceeding with the calculations, we obtain
_ d (d((EM(T))QZ])
~"avy(T) dV2(T

d (d(EM(T)E)
dV2(T) dV2(T)
XTI Ky, oI)(G,®J,)},

Cy [W]

@ved'B)(I+K,, @K, ,)(G, ® J;)}

+n

@ ved (EM(T)X)) (I + K,z ,2)

which is equivalent to

C4[W}
4 dM(T)
~ave(T) {(dVQ(T)
X (14 Ky 9 K;,)(Gp @ 3) }
d dM(T)
IR {(dV2(T)
x (10K,, 1) (G, o J;)}
A(EM(T)E ® X + 3 ® IM(T)E) ® vec'S)
dV2(T)
x{I+K,, @K, ,)(G,®J,)®J,}
d¥ @ ¥ @ vecd' (EM(T)X)
dV2(T)

EM(T)ERE+X XM(T)E) ® vec'E)

(28 2) @ ved(SM(T)E))(I + K,z 2)

=N

{T+Kpp2) I K, , @I)(G, @ J;,) @ I} }.
(2.4.54)
Now

ved (EM(T)E@ X @ ved X+ X @ IM(T)E @ vec'Y)
=ved (EM(T)E@ X @ved'R) I+ K, , L2 @ K ) (2.4.55)
and

dEM(T)E ® ¥ ® vec'S
dv2(T)

=J,(T® X) @ ved (X ® ved'E)
=J,(Z @ ® (ved'E)®?(Ls @ K, 2). (2.4.56)
Thus, from (2.4.55) and (2.4.56) it follows that the first term in (2.4.54) equals

nJ, (T @ T @ (ved'T)*) (L 9 Ky 2 ) T+ Ky, @ 1 @ K, )
X (I+K,, Ky, ©Le)(G,®J, ®J). (2.4.57)
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For the second term we get

dX® X ®ved (EM(T)X d(EM(T)X
AEM(T)Z@ X @ X)
dV2(T) (Kp"’,p ® Ii)
= J(ZRZved (e %)) (K, ). (24.58)

(1.4.24)
Hence, (2.4.58) gives an expression for the second term in (2.4.54), i.e.

nI(Z@T@ved (T X)) Ky, L) I+K,,®L: 0K,,)
I+K,, 9K, , ©12)(G, 0T, ®J,).  (2.4.59)

Summing the expressions (2.4.57) and (2.4.59) establishes ¢s[W]. 1

2.4.7 Derivatives of the Wishart density

When approximating densities with the Wishart density we need, besides the first
cumulants, also the first derivatives of the Wishart density. In this paragraph we
will use our standard version of matrix derivative which differs somewhat from the
one which was used in §2.4.5. The reason is that now the derivative should be
used in a Fourier transform, while in the previous paragraph the derivative was
used as an artificial operator. Let fyw (W) be the density function of the Wishart
matrix.

Theorem 2.4.17. Let W ~ W,(X,n). Then

d* fw (W)

AV (W)E (-1 Lp(W,2) fw(W), k=0,1,2,..., (2.4.60)

where V(W) is defined in (1.3.75). For k = 0,1,2,3 the matrices L(W,X) are
of the form
Lo(W,X) =1,
Li(W,%) = —1G,H,vec(sW ! —x71), (2.4.61)
Ly(W.X) = —1G,H,{s(W o W)
— vec(sW! = 7 Hved (sW! = 271 H, G, (2.4.62)
Ly(W,3) = —1G,H,
{S(W1 W @ved W tved WloW1!leaW HI,eK,,®],)

— (W@ W H{(I: @ ved (sWH —=X71) + (vec'(sW' =27 ) @ L)}

— Svec(sW ! = E Nved (W g W)

+ tvec(sWH = =71 (ved (sW! = 271 @ vec' (s W' — 2_1))}(HPG;)®2,

(2.4.63)
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where s = n —p — 1, K, , is the commutation matrix given by (1.3.11), G, is
defined by (1.3.49) and (1.3.50), and H, =1+ K, , — (K} ;)4.

PRrROOF: Consider the Wishart density (2.4.12), which is of the form

s 1 _
Fw(W) = c[W[2e 2" W) W >0,

where
1
C= T T
22 Tp(3)|%[2
To obtain (2.4.61), (2.4.62) and (2.4.63) we must differentiate the Wishart density

three times. However, before carrying out these calculations it is noted that by
(1.4.30) and (1.4.28)

AW e
m :aGpHpveCW 1|\Af‘ -
atr(Wx 1) B
R oG H R e VR

and therefore (2.4.60) must hold for some function Ly (W, X).
Observe that
d()fw (W)

V2 (W) = fw(W) = (=1)? x 1 x fw(W)

implies that
Lo(W,3) =1

The vector Ly (W, X) will be obtained from the first order derivative. It is observed
that

s 1
dfw(W) _ dIW[2 15w sde”?
= 2 wpp s
AVE (W)~ Cave(w)© AW =
=5G,H,vecW ! fwy (W) — 1G,H,vecE ™" fiy (W)

:%G,,Hp(svecwf1 —vecZ ) fiw (W).

tr(Z W)

Thus, L (W, X) is given by (2.4.61).
In order to find Ly(W,X), we have to take the second order derivative of the
Wishart density function and obtain

d? fw (W) _d{-Li(W, 3)fw (W)}

dVZ(W)2 dVE(W)
_d(-L;(W, %)) dfw (W),
—dVQ—(VV)fW(W) - WL1(W7 ¥)
dW—1

= avzew) FrGr s fw (W) + L (W, Z)L1 (W, ) fw (W), (2.4.64)
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which implies that Lo(W, X)) is given by (2.4.62).
For the third derivative we have the following chain of equalities:

&3 fw(W) d  &fw(W)

dVZ(W)3  dV2(W) dV2(W)2
. sdWTlg Wl

2464) 2 dVZ(W)

(H,G), ® H,G},) fw (W)

sdfw(W) W ! !
- §W VV)VGC (W L 1)(H;0Gp & HPGP)
d{L1(W, %) fw (W)} ;
1 VW) (Ipz ® L1 (W, X))

dL,(W,X)

1
— 2G,,,Hp{s(w1 W l@ved W +ved W laW oW1
x (I Ky, @1)

1
- ivec(sW_1 — X Yved( W l® W_l)}(HPG’p ®H,G,) fw(W)

— ZGPHP(W‘l ®W 1) (L @ ved (sW! — 1)) fy (W)

— é(}pHpvec(sW_1 — I Hved (s W =) @ved (sW —271)
x (H,G, ® HyGy) fw (W)

- ZGPH,,(W*I ® W) (ved (sW™ — 271 @ L)
x (H,G, ® HpyG) fw (W),

which is identical to (2.4.63). 1

2.4.8 Centered Wishart distribution

Let W ~ W, (3, n). We are going to use the Wishart density as an approximating
density in Sections 3.2 and 3.3. One complication with the Wishart approximation
is that the derivatives of the density of a Wishart distributed matrix, or more pre-
cisely Ly (W, X) given by (2.4.60), increase with n. When considering L (W, X),
we first point out that W in Li(W,3X) can be any W which is positive definite.
On the other hand, from a theoretical point of view we must always have W of
the form: W = >"" | x;x} and then, under some conditions, it can be shown that
the Wishart density is O(n~?/2). The result follows by an application of Stirling’s
formula to T'y(n/2) in (2.4.12). Moreover, when n — oo, 1/nW — 3 — 0 in prob-
ability. Hence, asymptotic properties indicate that the derivatives of the Wishart
density, although they depend on n, are fairly stable. So, from an asymptotic
point of view, the Wishart density can be used. However, when approximating
densities, we are often interested in tail probabilities and in many cases it will not
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be realistic to suppose, when approximating with the Wishart distribution, that
W —nX is small. Generally, we see that L, (W, X) is an increasing function in n.
However, it seems wise to adjust the density so that the derivatives decrease with
n. Indeed, some authors have not observed this negative property of the Wishart
distribution. In order to overcome this problem we propose a translation of the
Wishart matrix, so that a centered version is used, i.e.

V=W —nX.

From Theorem 2.4.6 it follows that the matrix V has the density function

! - |V+nz|%”le*%”<2‘l<"+"z>>, V +nX >0,
22 Ty(3)|%[2
0, otherwise.
(2.4.65)
If a symmetric matrix V has the density (2.4.65), we say that V follows a centered
Wishart distribution. It is important to observe that since we have performed a
translation with the mean, the first moment of V equals zero and the cumulants
of higher order are identical to the corresponding cumulants of the Wishart dis-
tribution.
In order to use the density of the centered Wishart distribution when approximat-
ing an unknown distribution, we need the first derivatives of the density functions.
The derivatives of fy(X) can be easily obtained by simple transformations of
L;(X,X), if we take into account the expressions of the densities (2.4.12) and
(2.4.65). Analogously to Theorem 2.4.17 we have

pn
2

v(V) =

Lemma 2.4.2. Let V=W —nX, where W ~ W,(X,n), let G, and H, be as
in Theorem 2.4.17. Then

_dRfv(V)

V() = —r = CUMLUV. D) (V) (2.4.66)

where
Li(V,2)=Ly(V+n%, %), k=0,1,2,...

and Ly (W, X) are given in Theorem 2.4.17.
Forn>p

L}(V,X) ~5G,H,vec(B,), (2.4.67)
L;(V,X) ~ — 5-G,H,BoH, G, — 15 G, H,vec(B1)ved'(B1)H, G, (2.4.68)

where

1 1 1 1
B, =¥ 'Vz(iv2zx vz +1,)'vaxl
By =(V/n+Z) ' (V/n+2)h
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For k =3,4,... the matrix L}(V,X) is of order n— k=1,

PRrOOF: The relation in (2.4.66) follows directly from (2.4.60) in Theorem 2.4.17
if we replace W with the expression V + n3, since W =V +nX. For L}(V,X)
we have

LIV, ) = — %GpHpvec{(n = )(V4nE) )
_ %GpHpvec{"%H(V/n +E)lowly,
If n > p, we have
L} (V,X) ~ —%GpHpvec{(V/n + 37 -2,
and using Proposition 1.3.6 and that V is p.d., we get
Li(V,%) ~ %GpHpvec{E_lV%(%V%E_lV% +1)'VinTly
Hence, (2.4.67) has been proved.
For k = 2 we obtain in a similar way (s =n —p—1)
Li(V,X) = —;GPHP{S(V +nE) '@ (V+nE)™!
1 —1 —1y ~1 —1 /
_ ivec(s(V +n3) " =X )ved (s(V+nX)" =X )}HpGp

1 _ _
~ _%GPHP(V/n"‘E) '®(V/in+2) ' H,G,
1

Iz G,H,(vecB1vec'B1)H,G},.
n

Thus (2.4.68) is established.

To complete the proof we remark that from (2.4.63) we have, with the help of
(2.4.67) and (2.4.68), that L%(V,X) is of order n=2. From the recursive definition
of the matrix derivative the last statement of the lemma is established. ]

Previously we noted that the order of magnitude of fy (W) is O(n~/?) when it is
supposed that W = "7 | x;x}. Since we have translated the Wishart distribution
with nX, it follows that the order of magnitude is also O(n~=1/2).

Another property which will be used later is given in the next theorem.

Lemma 2.4.3. Let W ~ W,(3,n) and put V=W —nX, where

v=(u Vi) (et ol ete):

Partition ¥ in the same way as V and let

Wip =V +n81 — (Vig +n312)(Vas +1n800) (Vo +nZa1).
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Then

Wi ~We(Zi.2,n—p—q),
Vi2|Vaz ~Ny g (Z12E55 Voo, B1.2, Vg + 1),
Voo +nXgp = Woy ~W_ (22, n)

and W1.5 is independent of Vi3, Vos.

PRrROOF: The proof follows from a non-centered version of this lemma which was
given as Theorem 2.4.12, since the Jacobian from Wi.0, W15, Wos to W15, Vo,
Vs equals one. 1

2.4.9 Problems

1.

Let W ~ W,(X2,n) and A: p x ¢q. Prove that
E[A(A’'WA)"A'W] = A(A’SA)"A'S
and
E[AAWTITA) AW = AA'STA)"A/'S
Let V ~ W,(I,n) and A: p x ¢. Show that, if n —p—1> 0,
r(A)
(n—p—1n-—p+r(A)-1)

1
A(A’A)"A.
n—p+r(A)—1 ( )

E[VT'AA'VTIA)" AV = I

Let V.~ W,(I,n) and A: p X ¢q. Prove that, if n —p+r(4) —1> 0,

E[V'AA'VTIA) A VIVTIAAVTIA) AV
n—1
= A(A’A)"A’.
n—p+r(A)—1 ( )

Let W ~ W,(X%,n). Show that E[Li(W,X)] = 0.
Let W ~ W,(%,n). Show that the cumulant function

Yaw (t) = —2In|(I - 2itX)].

Find ¢;[trW], i = 1,2,3, using the cumulant function in Problem 5.

Derive the Wishart density, under proper assumptions, by starting with Corol-
lary 2.4.4.1 and thereafter applying Theorem 1.4.18.

Differentiate the Wishart density with respect to 3 and obtain the first two
moments of the Wishart distribution by integration.

. Derive the density of the eigenvalues of W ~ W, (I, n).
10.
11.

Derive the density of the eigenvalues of G in Theorem 2.4.10.
Calculate the mean and variance of V' in Corollary 2.4.4.2.
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Distribution Expansions

In statistical estimation theory one of the main problems is the approximation of
the distribution of a specific statistic. Even if it is assumed that the observations
follow a normal distribution the exact distributions of the statistics of interest are
seldom known or they are complicated to obtain and to use. The approximation
of the distributions of the eigenvalues and eigenvectors of the sample covariance
matrix may serve as an example. While for a normal population the distribution
of eigenvalues is known (James, 1960), the distribution of eigenvectors has not yet
been described in a convenient manner. Moreover, the distribution of eigenvalues
can only be used via approximations, because the density of the exact distribu-
tion is expressed as an infinite sum of terms, including expressions of complicated
polynomials. Furthermore, the treatment of data via an assumption of normality
of the population is too restrictive in many cases. Often the existence of the first
few moments is the only assumption which can be made. This implies that dis-
tribution free or asymptotic methods will be valuable. For example, approaches
based on the asymptotic normal distribution or approaches relying on the chi-
square distribution are both important. In this chapter we are going to examine
different approximations and expansions. All of them stem from Taylor expan-
sions of important functions in mathematical statistics, such as the characteristic
function and the cumulant function as well as some others. The first section treats
asymptotic distributions. Here we shall also analyze the Taylor expansion of a ran-
dom vector. Then we shall deal with multivariate normal approximations. This
leads us to the well-known Edgeworth expansions. In the third section we shall
give approximation formulas for the density of a random matrix via the density
of another random matrix of the same size, such as a matrix normally distributed
matrix. The final section, which is a direct extension of Section 3.3, presents an
approach to multivariate approximations of densities of random variables of dif-
ferent sizes. Throughout distribution expansions of several well-known statistics
from multivariate analysis will be considered as applications.

3.1 ASYMPTOTIC NORMALITY

3.1.1 Taylor series of a random vector
In the following we need the notions of convergence in distribution and in proba-
bility. In notation we follow Billingsley (1999). Let {x,} be a sequence of random
p-vectors. We shall denote convergence in distribution or weak convergence of
{xn}, when n — oo, as
D

X, — Py

or

Xy — X,
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depending on which notation is more convenient to use. The sequence {x,} con-
verges in distribution if and only if Fy (y) — Fx(y) at any point y, where
the limiting distribution function Fx(y) is continuous. The sequence of random
matrices {X,,} converges in distribution to X if

D
vecX,, — vecX.

Convergence in probability of the sequence {x,}, when n — oo, is denoted by

P
X, — X.

This means, with n — oo, that
Plw: p(xa (@), x(@)) > €} — 0

for any € > 0, where p(-,-) is the Euclidean distance in RP. The convergence in
probability of random matrices is traced to random vectors:

when

P
vecX,, — vecX.

Let {e;} be a sequence of positive numbers and {X;} be a sequence of random
variables. Then, following Rao (1973a, pp. 151-152), we write X; = op(g;) if

Xi Py
E;

For a sequence of random vectors {x;} we use similar notation: x; = op(g;), if

Let {X;} be a sequence of random p X g-matrices. Then we write X; = op(g;), if
vecX,; = op(g;).

So, a sequence of matrices is considered via the corresponding notion for random
vectors. Similarly, we introduce the concept of Op(-) in the notation given above
(Rao, 1973a, pp. 151-152). We say X; = Op(g;) or )E{ is bounded in probability,
if for each ¢ there exist mgs and ng such that P(f > mg) < 6 for i > ng. We say
that a p-vector x,, = Op(e,,), if the coordinates (an)Z =O0p(en), i=1,...,p. A
p X g-matrix X,, = Op(e,), if vecX,, = Op(ey,).
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Lemma 3.1.1. Let {X,} and {Y,} be sequences of random matrices with

X, L. X and Y., 0. Then, provided the operations are well defined,

X, ®Y, -0,
vecX,,vec'Y,, — 0,

X, +Y, 2X.

PROOF: The proof repeats the argument in Rao (1973a, pp. 122-123) for random
variables, if we change the expressions |z|, |z—y| to the Euclidean distances p(x, 0)
and p(x,y), respectively. I

Observe that X,, and Y,, do not have to be independent. Thus, if for example
X, L. X and g(X,) LN 0, the asymptotic distribution of X,, + g(X,,) is also Px.
In applications the following corollary of Lemma 3.1.1 is useful.
Corollary 3.1.1.1L. Let{X,}, {Y,} and {Z,,} be sequences of random matrices,
withX,, =X, Y, = op(en) and Z,, = op(ey,), and {e,} be a sequence of positive
real numbers. Then

X, ®Y, =op(en),

vecX, vec'Y,, = op(e,),
Z,0Y, = OP(E%).

If the sequence {e,} is bounded, then
X, +Y, X

ProoFr: By assumptions

Y, »p
vec— —0
En

and

Zn P
vec— — 0.
En

The first three statements of the corollary follow now directly from Lemma 3.1.1.

If {&,} is bounded, Y, 7, 0, and the last statement follows immediately from the
lemma. ]

Corollary 3.1.1.2L. If /n(X, — A) X and X, — A = op(en) for some con-
stant matrix A, then

1
n2® DX, — A)®* = 0p(e,), E=23,....
PROOF: Write

n3 (X, - A)%F = (Va(X, - A) o (X, - A)



280 CHAPTER III

and then Corollary 3.1.1.1L shows the result, since (v/n(X,, — A))®k*1 converges
in distribution to X®*—1), I
Expansions of different multivariate functions of random vectors, which will be

applied in the subsequent, are often based on relations given below as Theorem
3.1.1, Theorem 3.1.2 and Theorem 3.1.3.

Theorem 3.1.1. Let {x,} and {e,} be sequences of random p—vectors and pos-
itive numbers, respectively, and let x,, —a = op(ey,), where €, — 0 if n — oco. If
the function g(x) from RP to R? can be expanded into the Taylor series (1.4.59)
at the point a:

then

m k x /!
)~ 8la) — 3 r((x, )% w1,y (TE))

k=1

Xnp=4a

where the matrix derivative is given in (1.4.41).

PRrROOF: Denote

| —

((xn—a) T BT, (%)'

° n

(x, —a).

Xp=a

T (%, 8) = g(x,) —g(a) = Y

k=1

o~

We have to show that, if n — oo,

T (Xn,8) P

en’

0,

i.e.

plo om0 1

for any n > 0. Now

En’
o o0, plm)a), )
E:Ln En
o Mo 0.0) pla) )
epr En
By assumption, when n — oo,
Xn —ai)o
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and therefore the first term tends to zero. Moreover,

P (%n(©),2),0) _ p(xa(w), a)
P {w : e >, . < V}
. p(rm (xn(w),a),0) N p(xp(w),a) ”
O

By our assumptions, the Taylor expansion of order m is valid for g(x), and there-
fore it follows from the definition of o(p™(x,a)) that

P(rm (Xn(w), a),0)
P (xn (W), a)

if x,,(w) — a. Now choose v to be small and increase n so that

p{wzp(rm(%)’a)@}

— 0,

En
becomes small and then

w'w - Xplw),a Ve —
P{ . pm(xn(w))a) >Vm’ P( n( )7 )égn } 0.

Corollary 3.1.1.1. Let {X,(K)} and {e,} be sequences of random p x q pattern
matrices and positive numbers, respectively, and let X,,(K) — A(K) = op(en),
where €, — 0, if n — oo. If the function G(X(K)) can be expanded into the
Taylor series (1.4.59) at the point G(A(K)), then

vee(X, (K) - A(K)® ' @ LY

?T“H

vee {G(X,,(K)) — Z

vee(X,(K) — A(K)) = op(el),
Xn(K)=A(K)

: (dkc*(’?(fi”)’

where the matrix derivative is given in (1.4.43) and l equals the size of vecX,,(K).
1

Theorem 3.1.2. Let {x,} and {%} be sequences of random p—vectors and pos-

aﬂz for some Z, andxnfaHO If

itive numbers, respectively. Let

En
the function g(x) from RP to RY can be expanded into the Taylor series (1.4.59)
at the point a:

i 1 drg(x)\’
®k—1 /
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where

d’”*lg(X))'

1 m ,
tnx,0) = (- ety (CE) L e

x=0
0 is some element in a neighborhood of a and the derivative in (1.4.41) is used,
then

m k x /
g(xn Zkl ®k ' ®Iq)/ (ddi(k ))

PROOF: From the assumption it follows that (x, —a)®? = op(e,). Moreover,

(xn —a) +op(ey)).

xX=a

. P - .
since x, — a, it is enough to consider

P {w : % > 1, p(xn(w),a) < V} -

n

Since we assume differentiability in Taylor expansions, the derivative in r,,(x,a) is

—a p
—7

. . X
continuous and bounded when p(x,(w),a) < v. Furthermore, since ~"
En

)

L) (Xn ) a)
m

the error term converges to Y (x, — a), for some random matrix Y,

n
which in turn, according to Corollary 3.1.1.1L, converges in probability to 0, since
Xn L a. 1

Corollary 3.1.2.1. Let {X,,(K)} and {e,} be sequences of random pattern p x
q—matrices and positive numbers, respectively. Let %;A(K) i>Z(K) for

some Z(K) and constant matrix A : p x g, and suppose that X,,(K)— A(K) N

If the function G(X(K)) from RP*? to R"** can be expanded into Taylor series
(1.4.59) at the point A(K),

vee {G(X(K)) — Z

(vec(X(K) — A(K)®* 1 o1,)

??“)—\

vee(X(K) — A(K)) = 7 (X, (K), A(K)),
X(K)=A(K)

where the matrix derivative in (1.4.43) is used,

rn(X(K), A(K)) = (vee(X(K) — A(K))®™ @ L)

(m+1)!
m+1 !
 (Tsxua)

XK vee(X(K) — A(K)),

X(K)=6

[ is the size of vecX,,(K) and 0 is some element in a neighborhood of A(K), then
in the Taylor expansion of G(X,,(K))

(X0 (K), A(K)) = op(ey).

n
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3.1.2 Asymptotic normality of functions of random vectors

We are going to consider the simplest possible distribution approximations via
Taylor expansion and the normal distribution. Let X = (x1,...,X,) be a sample
of size n and consider a statistic T = T(X). To point out the dependence of T(X)
on n, we write T,, or T(n) and obtain a sequence {T,}, when n — co. Let

T, — Nyl

mean that the statistic T,, is asymptotically normally distributed. Asymptotic
normality is one of the most fundamental properties of statistics, which gives
us a simple way of finding approximate interval estimates and a possibility of
testing hypotheses approximately for a wide class of underlying distributions. A
theoretical basis for these results is the classical central limit theorem which will
be considered here in one of its simplest forms:

=3 B N3

when n — oo, where {x;} is a sequence of i.i.d. random vectors with E[x;] =
and D[x;] = X. One of the most important results for applications states that
all smooth functions of an asymptotic normal vector are asymptotically normally
distributed. Following Anderson (2003, pp. 132-133), let us present this result as
a mathematical statement.

Theorem 3.1.3. Assume that for {x,}
Vi(x, —a) = N,(0,%), (3.1.1)

and

P
XTL a?

when n — oo. Let the function g(x) : RP — R? have continuous partial deriva-
tives in a neighborhood of a. Then, if n — oo,

D

\/ﬁ (g(Xn) - g<a)) — NL]<O’ 5125)? (3'1'2)
where p
) o

is the matrix derivative given by Definition 1.4.1.

ProoF: To prove the convergence (3.1.2) it is sufficient to show that the char-
acteristic function, @g(x,)(t), converges to the characteristic function of the limit
distribution, which should be continuous at t = 0. By assumptions we have

lim ¢ mx,—a)(t) = eIt { e RP.

n—oo
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From Theorem 3.1.2

@ g gy (8) = B e 1 ()
(?17x| )\/ﬁ(xn_a)"l‘op(n 2)
d
= nILH;O Pyn(xn—a) \ — 7o

e

= pn(o.eze)(t),

x_a) : (dff?

9

dg(x)
dx

X=a

where £ = ]

Corollary 3.1.3.1. Suppose that Theorem 3.1.3 holds for g(x) : R? — R?
and there exists a function go(x) : R? — RY which satisfies the assumptions of
Theorem 3.1.3 such that

dgo (X)
dx

€=

Then
Vit (0(xXn) — go(a)) >Ny (0, &£'S€).

The implication of the corollary is important, since now, when deriving asymptotic
distributions, one can always change the original function g(x) to another gg(x) as
long as the difference between the functions is of order op(n~'/2) and the partial
derivatives are continuous in a neighborhood of a. Thus we may replace g(x) by
go(x) and it may simplify calculations.

The fact that the derivative £ is not equal to zero is essential. When £ = 0, the
term including the first derivative in the Taylor expansion of g(x,) in the proof
of Theorem 3.1.3 vanishes. Asymptotic behavior of the function is determined by
the first non-zero term of the expansion. Thus, in the case £ = 0, the asymptotic
distribution is not normal.

Very often procedures of multivariate statistical analysis are based upon statistics
as functions of the sample mean

3\'—‘

and the sample dispersion matrix

P Z(xi—*)(x,»—i)’, (3.1.3)
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which are sufficient statistics under various distribution assumptions. As examples
of such functions we have the determinant |S| of S, which is called the generalized

variance, the sample correlation matrix R = S;%SS;%, Hotelling’s T?-statistic
X'S7IX, eigenvalues and eigenvectors of S and R, etc.

The list can be made longer and this suggests the idea that we should prove
asymptotic normality for X(n) and S(n) because then, by Theorem 3.1.3, the
asymptotic normality will hold for all the above mentioned statistics.

Theorem 3.1.4. Let X1,Xs,...,X, be an i.i.d. sample of size n from a p—dimen-
sional population with E[x;] = p, D[x;] = X, m4[x;] < 0o, and let S be given by
(3.1.3). Then, if n — oo,

i) X i) M
ii) s = 3

(
(
(iii) Nt
(

H) i N;U(Ovz);
iv) V/nvec(S )

—-X) — N,2(0,1II), (3.1.4)
where II : p? x p? consists of the fourth and second order central moments:
I = D[(x; — p)(x; — p)’]
=E[(xi — p) @ (x; — p) @ (xi — p) ® (x; — p)'] — vecEved'S; (3.1.5)

(v) VaVAS =) 2 Nypi1)2(0,G,IIG)), (3.1.6)

where V?2(e) and G, are given by Definition 1.3.9 and (1.3.49), respectively.

PRrROOF: The convergence in (i) and (iii) follows directly from the law of large
numbers and the central limit theorem, respectively. For example, in (iii)

n

VA = ) = VI Dk =) = =3 ) o N,(0.5).

i=1

For (ii) E[S — %] = 0 and D[S] — 0 hold. Thus the statement is established.
When proving (3.1.4) we prove first the convergence

Vivee(S* —E) 25 N,2(0,TI),

where S* = "T_IS. It follows that

1 n
S* _ — - 5 7,'/ _ _ —/
V/nvec( 3) nvec(n ;:1 x;x; — ¥ —xxX)

= Vivee(s Sk = w)(xi — ) = B) = Vivee((x - ) (% — ). (3.1.7)
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Now,
El(xi —p)(xi —p) | =2

and

D[(x; — p)(x; — p)']
= Blvec ((x; — p)(x; — p)") vec’ ((xi — ) (xi — p)")]
— Elvee ((xi — )(xi — w) )| Elvec’ ((x; — p)(x; — 1))
) El(x; — 1) ® (xi — p)) ((xi = p)" @ (x;i — p)")] — vecEvec'S
14)
El(xi —p) @ (xi —p)' @ (xi — p) @ (x; — p)'] — vecEvec'E =1L

w W

.
(1

(1.3.14)
(1.3.16

)

==

Thus, by the central limit theorem,

vnvec <711 Z(xi —p)(x; —p) — 2) 2, N,2(0,1I).

Finally it is observed that if n — oo,

Vivee((® — p)(E—p)) = 0,

1
since E[X] = p and D[X] = 2% imply that n4 (X — u)LO. Hence,

Vnvee(S* —E) 25 N,2(0,TI)
and the statement in (3.1.4) is obtained, since obviously S*-2.S. The relation in
(v) follows immediately from V?(S) = G,vec(S). 1

When {x;} is normally distributed, convergence (3.1.4) takes a simpler form.

Corollary 3.1.4.1. Let x; ~ N,(p,%). Then

(i) Vivee(S — %) 25 N2 (0,T1V),
where
v = (T2 + K;p p) (B @ X);
(i) VIVEHS = 8) —  Nypi1y2(0,G,IINGY).

PROOF: Since (n — 1)S ~ W,(£,n — 1) holds, ITV follows from Theorem 2.4.14
(ii). 1
The next corollary gives us the asymptotic distribution of S in the case of an
elliptically distributed population.
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Corollary 3.1.4.2. Let x; ~ Ep(u,Y) and D[x;] = 3. Then

(i) Vivee(S =) 2 N,2(0,117),
where
P = (1+ &)1 + Kpp)(E @) + rvecEved' S,

with k being the kurtosis parameter defined by (2.3.13);

(if) VavAS =) 5 Nypi1)2(0,G,ITEGY).

3.1.3 Asymptotic distribution of statistics with functionally dependent arguments

From the previous paragraph we know that asymptotic normality can be estab-
lished for smooth functions g(x,,) of an asymptotically normal variable x,,. The ex-
pression of the asymptotic variance matrix in (3.1.2) includes the matrix derivative

dg(x
% at a certain fixed point a. How should one find the derivative, when some
X

elements of x,, are functionally dependent (off-diagonal elements of the sample
dispersion S are symmetric, for example) or functionally dependent and constant
(off-diagonal elements of the sample correlation matrix R are symmetric, whereas
the diagonal ones are constant)? The problem can be solved using the notion of
patterned matrices of §1.3.6, where we consider non-repeated and non-constant
elements in the patterned matrix only. Let {X,,} be a sequence of p x g-matrices
converging in distribution when n — oo:

Vivee(X, —A) 25 N,e(0,Tx), (3.1.8)

where A : p X q is a constant matrix. Furthermore, suppose that X,, P.A Ifa
certain coordinate, say the i—th coordinate of vecX,, is constant, then in Xx in
(3.1.8), the i—th row and column consist of zeros. Let X,,(K) denote the patterned
matrix obtained from X,, by leaving out the constant and repeated elements. Then
obviously for X,,(K) the convergence in distribution also takes place:

Vivee(X,(K) — A(K)) = Nu(0,Zx(x)), (3.1.9)

where o in the index stands for the number of elements in vec(X,(K)). Let
G : r X s be a matrix where the elements are certain functions of the elements of
X,. By Theorem 3.1.3

Vivec{G(T" (K)vecX,,(K)) — G(TH(K)vecA(K))} —= No(0,Zg),

where

e = €Ex)é, (3.1.10)
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and

- dG(T*(K)vecX,(K))

an(K) Xn(K)=A(K)

_dTH(K)vecX(K) dG(Z)
= dX(K) dZ

, dG(Z)
dZ

vecZ=T+(K)vecA(K)

= (T7(K))

)
vecZ=T+* (K)vecA(K)

where TT(K) is defined in (1.3.60). The expression in (3.1.10) of the asymptotic
dispersion matrix X may be somewhat complicated to use. However, by §1.3.6

(see also Kollo, 1994), it follows that

/
S USICD) T+(K)
vecZ=T+(K)vecA(K)

dZ
< B (T (8)) S

vecZ=T+(K)vecA(K)
dG(Z

5, 16(2)

vecZ=T"(K)vecA(K) dz

_(dG(2)
N dZ

since

TH(K)Exx)(TH(K)) = Zx.

Therefore the following theorem can be stated.

Theorem 3.1.5. Let {X,,} be a sequence of p X g—matrices such that

Vnvee(X, —A) 25 N,u(0,Tx)
and
X, - A,

)

vecZ=T+(K)vecA(K)

where A : pX q is a constant matrix. Let X,,(K) be the patterned matrix obtained
from X,, by excluding the constant and repeated elements. Let G : r X s be a

matrix with the elements being functions of X,,. Then

Vivee(G(X, (K)) ~ G(A(K)) = Nuu(0,5¢),
itk dG(Z) " dG(Z)
e = ( dZ Z:A> X dZ |z_p’
where in d(:;(ZZ) the matrix Z is regarded as unstructured.

(3.1.11)

REMARK: In (3.1.9) vec(e) is the operation given in §1.3.6, whereas vec(e) in The-
orem 3.1.5 follows the standard definition given in §1.3.4, what can be understood

from the context.
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Note that Theorem 3.1.5 implies that when obtaining asymptotic distributions we
do not have to care about repetition of elements, since the result of the theorem

is in agreement with

Z_A>
3.1.4 Asymptotic distribution of the sample correlation matrix
The correlation matrix of a random p—vector x is defined through its dispersion
matrix X:

!
1G(Z)
Yx
L) >

Vivee(G(X,) — G(A)) 2> N, (u(dG(Z)

Q=3x,'%%,"’, (3.1.12)

where the diagonal matrix X, is defined by (1.1.4). The corresponding sample
correlation matrix R from a sample of size n is a function of the sample dispersion
matrix (3.1.3):

11
R=S,°8SS,">.

In the case of a normal population the asymptotic normal distribution of a non-

diagonal element of y/nvec(R — Q) was derived by Girshik (1939). For the general

case when the existence of the fourth order moments is assumed, the asymptotic

normal distribution in matrix form can be found in Kollo (1984) or Neudecker &
Wesselman (1990); see also Magnus (1988, Chapter 10), Nel (1985).

Theorem 3.1.6. Let x1,Xs,...,X, be a sample of size n from a p—dimensional
population, with E[x;] = u, D[x;] = X and my[x;] < oo. Then, if n — oo,

ViveeR— Q) 25 N,2(0,¥g),

where W = ERIIER, I is given by (3.1.5) and the matrix derivative is

1 1
R=3,7®%,7 - 1(K,, ), 25;'Q+2;'Q®1,). (3.1.13)

REMARK: The asymptotic dispersion matrix Wg is singular with r(¥gr) = @.
ProoFr: The matrix R is a function of p(p + 1)/2 different elements in S. From
Theorem 3.1.5 it follows that we should find %. The idea of the proof is first
to approximate R and thereafter calculate the derivative of the approximated R.
Such a procedure simplifies the calculations. The correctness of the procedure
follows from Corollary 3.1.3.1.

Let us find the first terms of the Taylor expansion of R through the matrices S
and X. Observe that

R=(S+(S-%)),°(E+(S-2)(S+(S-%)),°. (3.1.14)

Since
(E+(S—%)) 2 = (Za+(S—%)a) 2
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and Theorem 3.1.4 (i) and (iv) hold, it follows by the Taylor expansion given in
Theorem 3.1.2, that

1 _1 _§ 1
(Z4+(8-%)),2=%,7-1%,2(S— )4+ op(n"?).

Note that we can calculate the derivatives in the Taylor expansion of the diagonal
matrix elementwise. Equality (3.1.14) turns now into the relation

N|=

R=0Q+3,3S-2)8,% - L (Q;(S— %)y + (S - £)4%;'Q) + op(n~?),

Thus, since according to Theorem 3.1.5 the matrix S could be treated as unstruc-
tured,

dR dS, -1 1 ds
S mEenh -1 (e 500 ) +op(n )
1
-2

_1
=3, 0%, —1(Kyp)d(lo 20+ 2,2 1) +op(n2),
ds
where d—sd is given by (1.4.37). 1
Corollary 3.1.6.1. Let x; ~ N,(p,X). If n — oo, then

ViveeR - Q) 2 N,2(0,%Y),

where
Bp=A1—Ay—A)+ A, (3.1.15)
with
Ar=(I+K,,)(@eQ) (3.1.16)
Ay = (2L +1,2 Q) (K, ,)(Q2® Q), (3.1.17)
1
Az =5 (20T, +1, @ Q)(Kpp)a(® Q) (Kpp)a(R@ T, + 1, 0 Q). (3.1.18)

PRrOOF: From Theorem 3.1.6 and Corollary 3.1.4.1 we have
U =ER(I+K,,)(ZT®X)=R,

where Zg is given in (3.1.13). Thus,

_1 _1 1
‘I’% = {Ed ’Q® 2d : - 2 (ngl ® Ip + IP ® 9251) (Kp,p)d}(l + prp)

_1 -1 1
x(EOIE, T 03,7 - (K (37020 + 1,0 5;'Q)}
=A;—Ay— AL+ Ag,
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where

_1 1 1 _1
A, O )I+K,)(EeR)(E,?®X,7),

= (
1 _ _ 1 _1
Ay = §(de 1 ®L,+1,® del)(KpJ,)d(E ® E)(I + KPJJ)(Ed ’R® Ed 2),
1 _ _
Az = Z(de QL +1,® Q% N(Kpp)dI+ K, ) (2@ ) (K p)a

x (001, +1,22;'Q).

Let us show that A;, ¢ = 1,2,3, are identical to (3.1.16), (3.1.17) and (3.1.18).
For A, we get

_1 _1 _1 _1
Ay G ?)er)(I TKpp)(E,7 0%, 7)) (B0 X)(8,° ©X,?)

1 3:14) (I + KP’P)(Q ® Q)'
(3:1:12)

To establish (3.1.17), it is observed that

A= (2 0L + 1,0 Q%) (K,p)d(E@ )22 @ %, )

QL +L eI )(K,p(Z0 ) (T, 0%,?)
= (Q ® Ip + Ip ® Q)(Kpm)d(ﬂ ® 9)7

-

1

® X, %) (Kpp)d as well as

since (K p)a(I® 2;1) = (Kp,p)d(zgl ®lI) = (3,
Kp,p(Kpm)d = (Kp,p)d-
By similar calculations

Nl

Az = (Q ® Ip + Ip ® Q) (I ® Egl)(thp)d(E ® 2)(Kp7p)d
xIeZ;HQeI,+1,2Q)

1
= 5(9 & Ip + Ip ® Q)(prp)d(ﬂ ® Q)(Kp,p)d(ﬂ ® Ip + Ip ® Q)

N |

1
In the case of elliptically distributed vectors the formula of the asymptotic dis-
persion matrix of R has a similar construction as in the normal population case,
and the proof directly repeats the steps of proving Corollary 3.1.6.1. Therefore we
shall present the result in the next corollary without a proof, which we leave to
the interested reader as an exercise.

Corollary 3.1.6.2. Let x; ~ E,(u, V) and D[x;] = 3. If n — oo, then

VnveeR - Q) 2 N,(0,0E),

where
vk =B, - By, - B}, + B3 (3.1.19)
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and
B =(1+r)I+K,,)(Q2® Q)+ rkvecfhvec' 2, (3.1.20)
By= (231, +1,®0)(K,,)d{(1+r)Q2Q) + gvecnvec'm (3.1.21)
B3 = %(Q RL,+1,0 Q) (Kpp)a{(1+ k) (22 Q) + gvecﬂvec’ﬂ}
X (Kpp)a(2®1I, +1,®Q), (3.1.22)
where the kurtosis parameter « is defined by (2.3.13). ]

3.1.5 Asymptotics of eigenvalues and eigenvectors of a symmetric matriz
Dealing with eigenvectors of a matrix one has to keep in mind that there are two
possibilities for vector orientation in a linear space. If one wants to determine a
matrix of eigenvectors uniquely one has to fix the direction of the vectors. To do
S0, the two most commonly used assumptions are:

(i) The diagonal elements of the matrix of eigenvectors are non-negative;
(ii) The first coordinate in each eigenvector is non-negative.

In the following we shall adopt assumption (i). There exist two different normal-
izations of eigenvectors of a symmetric matrix which are of interest in statistical
applications, namely, the unit-length eigenvectors forming an orthogonal matrix
and the eigenvalue normed eigenvectors. Historically the latter have been a basis
for principal component analysis, although nowadays the first are mainly used in
this kind of analysis. It seems that the length of a vector cannot be a reason
for a separate study of these eigenvectors, but it appears that for asymptotic dis-
tribution theory this difference is essential. While the asymptotic distribution of
the unit-length eigenvectors of S is singular, the eigenvalue-normed eigenvectors
of S have a non-singular asymptotic distribution. Therefore, we shall discuss both
normalizations in the sequel in some detail.

Consider a symmetric matrix X of order p with eigenvalues A\; > Ag > --- > A, >0
and associated eigenvectors v; of length v/A;, with ~v;; >0, i =1,...,p. Thus,

3T =TA, (3.1.23)

I'T = A, (3.1.24)

where I' = (71,...,7,p) and A is a diagonal matrix consisting of p (distinct) eigen-

values of ¥. Observe that this means that 3 = I'T". In parallel we consider the

set of unit-length eigenvectors ;, ¢ = 1,...,p, corresponding to the eigenvalues
s, where 1;; > 0. Then

U = WA, (3.1.25)

'Y =1, (3.1.26)

where ¥ = (¢1,...,%,).
Now, consider a symmetric random matrix V(n) (n again denotes the sample
size) with eigenvalues d(n);, these are the estimators of the aforementioned ¥ and
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i, respectively. Let H(n) consist of the associated eigenvalue-normed orthogonal
eigenvectors h(n);. We shall omit n in the subsequent development whenever that
is convenient. Hence,

VH = HD, (3.1.27)
H'H=D. (3.1.28)

Similarly, P(n) consists of unit-length eigenvectors p;(n) and we have

VP = PD, (3.1.29)
PP=1I, (3.1.30)

In the next lemma, let the matrix derivative be defined by

dA dvec' A
= — .1.31
d.B _ dV(B) (3-1.31)

where B is supposed to be symmetric. Moreover, by using patterned matrices in
§1.3.6 we may obtain derivatives for certain structures of A and B from dvecA,
for instance when A is a diagonal matrix.

Lemma 3.1.3. Let ZG = GL, G'G =1,,, where Z : p x p is symmetric, G : pX p
is orthogonal and L : p X p is diagonal with different non-zero diagonal elements.
Then

(i) dL dZ

1 12 (0o G,
M 2% G- (K,))IeL-Lol) (aq)

Proor: The identity G'G = I implies that

el dG dG

0 d.Z(G®I)+d.Z(I®G):d.Z

I12G)I1+K,,). (3.1.32)

Thus, since (I+ K, ,)(Kpp)a = 2(Kp p)a, equation (3.1.32) establishes

dG
deZ

I®G)(Kpp)a=0. (3.1.33)

The relation ZG = GL leads to the equality

dZ dG dG dL ,
d.Z(G®I) + d.Z(I® Z) = d.Z(L®I) + d.Z(I® G’). (3.1.34)
Postmultiplying (3.1.34) by (I® G) yields
dZ dG dL
d.ﬁ<G®G)+d.Z(I®G)(I®L_L®I)7 A (3.1.35)
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Now observe that since diagLi consists of different non-zero elements,
CIRL-LI)=c(I—(K,p)d)- (3.1.36)
To show (3.1.36), note that I — (K, ;)4 is a projection and
(Kpp)aI®L - LoT) =0,
which means that
CAOL-LaI) CC((Kppa)™ =1~ (Kpp)a)-

However, r(I® L — L ®I) = p? — p, and from Proposition 1.3.20 it follows that in
B(d,) we have p basis vectors, which means that 7((K, ,)q¢) = p. Thus, the rank
r(I— (K, ,)a) = p* — p and (3.1.36) is verified.

Postmultiplying (3.1.35) by (K, p)q and I — (K, ,)q gives us the equations

(GG = (K (3137
TGO GII— (K, + 218 QIO L-Le I (K,,))
_ j.]_ZJ (I (K, )0 (3.1.38)
Since L is diagonal,
%(Kp,p)d = ;%7

and then from (3.1.37) it follows that (i) is established. Moreover, using this result
in (3.1.38) together with (3.1.36) and the fact that I— (K, ,)q is a projector, yields
dZ dG

d.Z(G ® G)(I - (Kpp)a) + de(m G)I®L-L®I)=o0.

dG
This is a linear equation in 7 (I ® G), which according to §1.3.5, equals

dG iz
.z 196 =47

where Q is an arbitrary matrix. However, we are going to show that Q(K, ;)4 = 0.
If Q = 0, postmultiplying (3.1.39) by I+ K, ,, yields, according to (3.1.32),
dZ
deZ
Hence, for arbitrary Q in (3.1.39)
0= Q(Kp,p)d(I + Kp,p) = 2Q(Kp,p)d

and the lemma is verified. I

(G®G)(I- (Ky)a) I8 L~ L)~ +Q(K,,)a. (3.1.39)

GeG)(I-(Kyp)(IL-LeI)"(I+K,,)=0.

REMARK: The lemma also holds if the eigenvectors are not distinct, since
CIeL-L®I) CcI- (Kyp)a)

is always true.
For the eigenvalue-standardized eigenvectors the next results can be established.



DISTRIBUTION EXPANSIONS 295

Lemma 3.1.4. Let ZF = FL, F'F = L, where Z : p X p is symmetric, F : p X p
is non-singular and L : p X p is diagonal with different non-zero diagonal elements.
Then

(i) dL dZ

deZ dJZ

(F@FL™Y)(Kpp)a;

(ii) dF _dZ
deZ  d.Z

FRR)LRI-IQL+200L)(K,,)d I LF).

PROOF: From the relation ZF = FL it follows that

dZ dF dF dL
TZPeD+ o002 = LoDt

I®F),

and by multiplying both sides by I ® F we obtain

dZ dF dL
Gz PR+ S IeFleL-Lal) =

Postmultiplying (3.1.40) by (K, »)q implies that

dZ dL
d.Z(F @F)(Kpp)d = m(

I®L),

since (3.1.36) holds, and

dL dL
deZ IoL)(Kppla= 5

This gives us
dL dZ

deZ dJZ

and (i) is established.
For (ii) it is first noted that F'F = L implies

(FOF)(Kpp)aIoL™1)

dF'F dF dL
= IoF)(I+K,,) =—.
d.z d.Z( ® )( + p7p) d.Z

(3.1.41)

Moreover, postmultiplying (3.1.41) by (K, ,)q yields

dL _ _dF

=2 I®F)(K
d.Z d.Z( ® )( p,p)dv
since (I+ K, ) (Kp,p)a = 2(Kpp)a and
dL dL

4.z = 4z
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Hence, (3.1.40) is equivalent to

dF dZ
d.Z(I®F)(L®I —IQL+2(IQL)(K,,)a) = 0.z

(F®F)

and since LI -I® L+ 2(I®L)(K, ,)q is non-singular, (ii) is established. g
In (3.1.23)—(3.1.26) relations between eigenvalues and eigenvectors were given for
a positive definite matrix ¥. Since we are going to estimate ¥ by V when V
is close to X, it is important to understand whether there exists some function
behind the eigenvectors and eigenvalues which is continuous in its arguments.
Furthermore, for approximations performed later, differentiability is an important
issue. The solution to this problem is given by the implicit function theorem (see
Rudin, 1976, pp. 223-228, for example). For instance, consider the case when the
eigenvectors are normed according to (3.1.24). Let

F(Z,F,L) = ZF — FL.

At the point (3,T, A) the function f‘(Z,F,L) = 0, and it is assumed that the
derivatives of this function with respect to F, L differ from zero. Then, according
to the implicit function theorem, there exists a neighborhood U of (%,T, A) such
that

F(Z,F,L)=0, ZFLcU,

and in a neighborhood of X there exists a continuous and differentiable function
f:Z—F,L.

Hence, if V converges to X and in X there is no specific structure other than
symmetry, we can find asymptotic expressions for eigenvalues and eigenvectors of
V via Taylor expansions, where the functions are differentiated with respect to V
and then evaluated at the point V = X. Similarly, the discussion above can be
applied to the unit-length eigenvectors.

Another way of formulating the consequences of the implicit functions theorem is to
note that for all positive definite matrices Z, in some neighborhood U(X) C RP*P
of 3, there exist vector functions f;(Z), g;(Z) and scalar functions /;(Z) > 0 such
that

£.(2) =1, gX) =g, LE)=1L i=1,...,p,

and

ZF = FL, (3.1.42)
F'F =L, (3.1.43)

where F = (f1,...,f)) and L = (I1,...,1p)a,

ZG = GL, (3.1.44)
G'G=1,, (3.1.45)
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with G = (g1,...,8p)- In our applications it is supposed that within U(X) the
functions f;, g; and I; are differentiable a sufficient number of times.

Now the preparation for treating eigenvalues and eigenvectors is finished. Suppose
that, when the sample size n — oo, the following convergence relations hold

V()% Vavee(V(n) — 8)—25N,2(0, Sv). (3.1.46)

Since V is symmetric, 3y is singular. From Theorem 3.1.5, Lemma 3.1.3 and
Lemma 3.1.4 we get the following two theorems.

Theorem 3.1.7. Let H(n) and D(n) be defined by (3.1.27) and (3.1.28). Let T'
and A be defined by (3.1.23) and (3.1.24). Suppose that (3.1.46) holds. Put

N=ASI-I0A+212A)(K,,)d (3.1.47)
Then, if n — oo,
(i) Vivee(D(n) — A)-25N,2(0, ),
where
A= (Kpp)a(M @ AT )Ev(T @ TAH)(Ky ) a;
(i) Vvee(Hyy — T) =N,z (0, Br),
where

Sr=ITA YN (Ve T)Ey(Te )N (I A™'TY),

with
N '=ARI-Io A + 1A A ) (K,,)a
(iii) Va(h(n) —4) 5N, (0,[Er,]),  i=1,...,p,
where
[Br,.] = (v @ TAT [N ') v (v; @ TN AT'TY),
with

N;'=(A-AD' + 1A tese],
and e; is the i—th unit basis vector;

(iv) the asymptotic covariance between /nh;(n) and \/nh;(n) equals

Br,] =(v @ TAT NG M) Sy (v @ INGATTY), i#j; 6,5 =1,2,...,p.
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Theorem 3.1.8. Let P(n) and D(n) be defined by (3.1.29) and (3.1.30). Let ¥
and A be defined by (3.1.25) and (3.1.26). Suppose that (3.1.46) holds with an
asymptotic dispersion matrix 3. Then, if n — oo,

(i) Vivee(D(n) — A) 25N, (0, S4),
where
Ya=(Kpp)a(P' @8 )Ev (P @ ®) (K, ,)d
(ii) Vnvec(P(n) — @) leZ (0, 2w),
where

e =IV)IQA-ARD) (I-(K,,)) (¥ @ P )y
X(T®)(I-(Kyp)a)IA-ARD) (I P);

(iif) Vi(pi(n) — ) -=N,(0,[Se,]), i=1,2,....p,

with

[Ee.] = (¢, @ O(A = X\D)TE) Sy (¢; @ B(A - \I)TE);
(iv) The asymptotic covariance between \/np;(n) and /np;(n) equals

[Be,] =(¥; @ B(A = \DTE'Sy(¢; @ B(A - \I)TE),
P44 hi=12...,p.

REMARK: If we use a reflexive g-inverse (I® A — A ® I)~ in the theorem, then
I— (Kpp)a) IQA -AQID)” = (I0A-AI)".
Observe that Theorem 3.1.8 (i) corresponds to Theorem 3.1.7 (i), since

(Kpp)a(I9A™) (I @ T)
= (Kpp)a(A2 @ ATV @ T')(K,,)a(A72T @ ATH2TY)
= (Kpp)a(¥T @ P).

3.1.6 Asymptotic normality of eigenvalues and eigenvectors of S
Asymptotic distribution of eigenvalues and eigenvectors of the sample dispersion
matrix

1
n—1

S =

> i = X)(x; — %)
i=1
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has been examined through several decades. The first paper dates back to Girshick
(1939), who derived expressions for the variances and covariances of the asymptotic
normal distributions of the eigenvalues and the coordinates of eigenvalue normed
eigenvectors, assuming that the eigenvalues \; of the population dispersion matrix
are all different and x; ~ Np(p,X). Anderson (1963) considered the case A; >
A2 > ... > )\, and described the asymptotic distribution of the eigenvalues and the
coordinates of the unit-length eigenvectors. Waternaux (1976, 1984) generalized
the results of Girshick from the normal population to the case when only the
fourth order population moments are assumed to exist. Fujikoshi (1980) found
asymptotic expansions of the distribution functions of the eigenvalues of S up to
the term of order n~! under the assumptions of Waternaux. Fang & Krishnaiah
(1982) presented a general asymptotic theory for functions of eigenvalues of S in
the case of multiple eigenvalues, i.e. all eigenvalues do not have to be different.
For unit-length eigenvectors the results of Anderson (1963) were generalized to the
case of finite fourth order moments by Davis (1977). As in the case of multiple
eigenvalues, the eigenvectors are not uniquely determined. Therefore, in this case it
seems reasonable to use eigenprojectors. We are going to present the convergence
results for eigenvalues and eigenvectors of S, assuming that all eigenvalues are
different. When applying Theorem 3.1.3 we get directly from Theorem 3.1.8 the
asymptotic distribution of eigenvalues and unit-length eigenvectors of the sample
variance matrix S.

Theorem 3.1.9. Let the dispersion matrix 3 have eigenvalues Ay > ...
Ap >0, A = (A1,...,Ap)a and associated unit-length eigenvectors p; with ;;
0, 4 = 1,...,p. The latter are assembled into the matrix ¥, where ¥'W¥
I,. Let the sample dispersion matrix S(n) have p eigenvalues d;(n), D(n)
(d1(n),...,dp(n))q, where n is the sample size. Furthermore, let P(n) consist o
the associated orthonormal eigenvectors p;(n). Put

My =E[(x; —p) @ (x; —p) @ (x5 — p) ® (x; — p)'] < 0.
Then, when n — oo,
(i) Vnvee(D(n) — A)-25N,2 (0, 2 ),
where

[ EAVARY,

=~

YA = (Kpp)a(P' @ ¥ )My (P @ ) (K, ,)d — vecAvec'A;

(ii) Vvnvec(P(n) — \I’)LN]ﬂ (0,X3g),
where
T =10 W) IA -ARD) (I (K,,)a) (¥ @ ¥)M,
X(TRP)(I-(Kpp)a)IA-ARD) (I P).
ProoF: In (ii) we have used that
(I—(Kpp)a)(¥' @ ¥')vecE = 0.

1
When it is supposed that we have an underlying normal distribution, i.e. S is
Wishart distributed, the theorem can be simplified via Corollary 3.1.4.1.
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Corollary 3.1.9.1. Let x; ~ N,(p,X), i =1,2,...,n. Then, if n — oo,
(i) Vnvee(D(n) — A)-25N,2(0, 1),
where
2% =2(Kpp)a(A @ A)(Kpp)a;
(ii) nvec(P(n) — \II)LNPQ (0,25,
where

Sy =10 ) (I0A-AD) ™ (I- (Kypa)
X(IT+K, ) AA) I - (Kpp)ad)IA-AID) (I ¥).

REMARK: If IT® A — A®I)™ is reflexive,

SP=1I8)IA-AQD) (I+K,, ) AA)IRA-Ax]) (I ¥).

In the case of an elliptical population the results are only slightly more complicated
than in the normal case.

Corollary 3.1.9.2. Let x; ~ E,(u,Y), D[x;] = X, ¢ = 1,2,...,n, and the
kurtosis parameter be denoted by k. Then, if n — oo,

(i) Vavee(D(n) — A) 25N,z (0, 2%),
where

S8 =201+ k)(Kpp)a(A @A) (K, ) + kvecAvec'A;

(ii) Vivee(P(n) — ¥)-25N,»(0, £5),
where

SL=1+r)I0¥)(IA-ARD) (I— (K,,)a)I+K,,)(A®A)
X (I—(Kpp)a) IOA—AQT) (1 ®).

Applying Theorem 3.1.7 to the matrix S gives us the following result.
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Theorem 3.1.10. Let the dispersion matrix ¥ have eigenvalues \; > ... >
Ap > 0, A = (Mi,...,Np)a, and associated eigenvectors -; be of length Vi,
with v;; > 0, ¢ = 1,...,p. The latter are collected into the matrix I', where
I'T' = A. Let the sample variance matrix S(n) have p eigenvalues d;(n), D(n) =
(di(n),...,dy(n))a, where n is the sample size. Furthermore, let H(n) consist of
the associated eigenvalue-normed orthogonal eigenvectors h;(n). Put

My = E[(x; — p) ® (xi — p)' @ (x; — ) ® (x; — p)'] < oo.
Then, if n — oo,
(i) Vvnvec(D(n) — A)LNPQ(O, 3A),
where
A= (Kpp)a@ @ A'T)My(T @ TA™ (K, )a — vecAvec A;

(i) Vivee(H(n) — T) -2+ N,2 (0, £r),

where

Sr=ITA )N Yo T') My (T T)N ' (I® A~'TY)
— (I®T)N~!'vecAvec AN"HI® ),

with N given in by (3.1.47).

PROOF: In (ii) we have used that
ITA YN YT @ T)vecE = (I® T)N~!vecA.
1

In the following corollary we apply Theorem 3.1.10 in the case of an elliptical
distribution with the help of Corollary 3.1.4.2.

Corollary 3.1.10.1. Let x; ~ E,(pn, X), D[x;] = 3, ¢ = 1,2,...,n and the
kurtosis parameter be denoted by k. Then, if n — oo,
(i) Vvnvec(D(n) — A)Lsz (0,28,
where
S8 =201+ k) (K, p)a(A @ A) + kvecAved A;

(i) Vnvec(H(n) — T)25N,»(0, E),
where
SE=1+r)IT)N HA2Q DN HI®T)
+(1+r)IT)N'K, (A AN (IeT)
+ R(I®@T)N tvecAvecd AN"HI®TY)
and N is given by (3.1.47).
PRrROOF: When proving (i) it has been noted that
(Kpp)a(I'® A_IF/)(Ipz +Kpp) (B0 X))@ I‘A_l)(Kp,p)d
= (Kpp)a(A? @ 1) + (Kpp)a(A © A) = 2(K, ) a(A @ A).
1

Moreover, by putting £ = 0, from Corollary 3.1.10.1 the corresponding relations
for a normally distributed population will follow.
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Corollary 3.1.10.2. Let x; ~ Np(p, %), i =1,2,...,n. Then, if n — oo,

(i) Vivee(D(n) — A) 25N, (0, £5),

where
ZX = 2Ky p)a(A® A);

(ii) nvec(H(n) — F)LNIﬂ (0,2},
where
SN=I9 AN A?DN ' IoT)+ I ANT'K, (A AN (IxT)
and N is given by (3.1.47). 1

3.1.7 Asymptotic normality of eigenvalues and eigenvectors of R
Asymptotic distributions of eigenvalues and eigenvectors of the sample correlation
matrix

_1 _1
R=S,?SS,?

are much more complicated than the distributions of the same functions of the
sample dispersion matrix. When studying asymptotic behavior of the eigenfunc-
tions of R the pioneering paper by Girshick (1939) should again be mentioned. He
obtained the asymptotic normal distribution of the eigenvalues of R for the case of
a normal population N, (u, X). Kollo (1977) presented his results in a matrix form
for an enlarged class of population distributions. Konishi (1979) gave asymptotic
expansion of the distribution function of an eigenvalue of R for N,(u, ), assum-
ing that eigenvalues of the theoretical correlation matrix can be multiple. Fang
& Krishnaiah (1982) generalized his results and only assumed the existence of the
fourth order moments of the population distribution. The asymptotic distribution
of the eigenvectors of R was derived by Kollo (1977), for a class of population
distributions which includes the normal distributions, assuming that the theoret-
ical eigenvalues are not multiple. Konishi (1979) gave asymptotic expansions of
the coordinates of eigenvectors of R for a normal population when the eigenvalues
of the theoretical correlation matrix can be multiple. For the general case, when
existence of the fourth order moments is assumed, the asymptotic distributions of
eigenvalues and eigenvectors of R follow from the general asymptotic distribution
formula for a symmetric matrix, which was given by Kollo & Neudecker (1993),
where also the normal and elliptic populations were considered as special cases
(see also Schott, 1997a).

The general scheme of getting asymptotic distributions of eigenvalues and eigen-
vectors of R is the same as in the case of the dispersion matrix but the formulas
become more complicated because the correlation matrix is a function of the dis-
persion matrix as it can be seen from (3.1.12). Therefore we shall leave out details
in proofs and only present the general lines in the following text.

Let us first consider eigenvalue-normed eigenvectors. In the general case, when
we assume that the fourth order population moments are finite, we get, by apply-
ing Theorem 3.1.5, the asymptotic distribution directly from Theorem 3.1.6 and
Theorem 3.1.7.
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Theorem 3.1.11. Let the population correlation matrix €2, which is defined by
(3.1.12), have eigenvalues Ay > ... > X, > 0, A = (A1,...,A,)q, and let the
associated eigenvectors ~; be of length \/\;, with v;; > 0,7 =1,...,p. The latter
are collected into the matrix I, where I'T' = A. Let the sample correlation matrix
R(n) have eigenvalues d;(n), D(n) = (di(n),...,d,(n))q, where n is the sample
size. Furthermore, let H(n) : p X p consist of the associated eigenvalue-normed
orthogonal eigenvectors h;(n). Then, if n — oo,

(i) Vivee(D(n) — A) 25 N, (0,2,
where
Sa = (Kpp)a@ @ AT TERNERT @ TA™) (K, ,)a
and the matrices II and Eg are given by (3.1.5) and (3.1.13), respectively;

(ii) Vavee(H(n) — T)-25N,2(0, Sr),
where
Sr=ITA HN Yo IM)ErNELT )N (Ie A™'TY),
with N given in (3.1.47), and II and Eg as in (i). ]

As before we shall apply the theorem to the elliptical distribution.
Corollary 3.1.11.1. Let x; ~ E,(u,Y), D[x;] = X3, i = 1,2,...,n, and the
kurtosis parameter be denoted by k. Then, if n — oo,
(i) Vnvee(D(n) — A) 2= N, (0, 5%),
where
SE = (K, )T & A~ T)ERITPER(T © TA) (K,
and TI¥ is defined in Corollary 3.1.4.2 and Ep, is given by (3.1.13);
(if) Vnvec(H(n) — T)25N,2(0, BE),
where
SE—IeTA )N YV IExIPELT @ )N (1o AITY),
with N given in (3.1.47), and II¥ and Ep as in (i). ]
Corollary 3.1.11.2. Let x; ~ Np(p, %), i=1,2,...,n. Then, if n — oo,
(i) Vivee(D(n) — A) =5 N2 (0, 2%,
where
X = (Kpp)alT' & A~ T)ZATTVER (T © TA)(K, )
and ITV and B are given in Corollary 3.1.4.1 and (3.1.13), respectively;

(if) Vivee(H(n) — T) 25N, (0, £),
where
If =I@TA™)N /('@ I)EIVERT @ T)N (I® A™'T),
with N given by (3.1.47), and IIV and Ep, as in (i). 1

Now we present the asymptotic distributions of the eigenvalues and corresponding
unit-length eigenvectors, which directly can be obtained from Theorem 3.1.8 by
applying Theorem 3.1.6.
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Theorem 3.1.12. Let the population correlation matrix €2 have eigenvalues A\ >

> Ap >0, A = (\...)\p)q and associated unit-length eigenvectors 1p; with
i > 0,7i=1,...,p. The latter are assembled into the matrix ¥, where ¥'¥ =1,.
Let the sample correlation matrix R(n) have eigenvalues d;(n), where n is the
sample size. Furthermore, let P(n) consist of associated orthonormal eigenvectors
pi(n). Then, if n — oo,

(i) Vavee(D(n) — A) =5 N,2(0, £a),

where
A = (Kpp)a(¥' @ U)ERIER(T @ ¥)(Kpp)a
and Il and Eg are defined by (3.1.5) and (3.1.13), respectively;
(ii) Vavee(P(n) — ®) 2 N2 (0, Sg),
where

Yo =10 W) I0A - ARD) (I - (K,,)a) (¥ @ U)ERIE,
X (T @W)(I— (K, IoA-AD) (1o ®)

and the matrices IT and Eg are as in (i). 1
The theorem is going to be applied to normal and elliptical populations.

Corollary 3.1.12.1. Let x; ~ E,(u,Y), D[x;] = X, i = 1,2,...,n, and the
kurtosis parameter be denoted by k. Then, if n — oo,

(i) Vnvee(D(n) — A) == N, (0, =%),
where
R = (Kpp)a(¥' @ O)ERIPER (¥ © ¥)(K,,p)a

and the matrices TI¥ and Egr are given by Corollary 3.1.4.2 and (3.1.13),
respectively;

(ii) Vnvec(P(n) — ¥) 2, Np2(0,2g),
where

SL=I00)(IA-ARD) (I-(K,,)) (¥ P )EgIPE,
x (TRU)(I- (Kyp)a)IA-ARD) (I ¥)

and the matrices II¥ and Er are as in (i).
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Corollary 3.1.12.2. Let x; ~ Np(p,X). Then, if n — oo, I

(i) Vnvee(D(n) — A) 2 N2 (0, £,
where
A = (Kpp)a(P' @ O )ERIIVER(Y © ¥)(K,,)a

and the matrices IIV and Er are given by Corollary 3.1.4.1 and (3.1.13),
respectively;

(ii) Vivee(P(n) — ¥) 2 N,2(0,%5),
where

By =10 W)[IA-A]) (I-(K,,))(¥ @ )2V E)
X(TRP)IT-(Kpp)a)IA-AD) (I )

and the matrices IIV and Er are as in (i). 1

3.1.8 Asymptotic distribution of eigenprojectors of S and R

Let us come back to the notations of §3.1.5 and consider a symmetric matrix %
with eigenvalues A\; and corresponding unit-length eigenvectors ;. Their sample
estimators are denoted by V, d; and p;, respectively. It makes sense to talk about
the distribution of an eigenvector p; which corresponds to the eigenvalue d;, if A; is
not multiple. When ); is a multiple characteristic root of 3, then the eigenvectors
corresponding to the eigenvalue \; form a subspace which can be characterized
by an eigenprojector. Eigenprojectors were briefly considered in §1.2.8. Their
distributions are needed in the following testing problem (see Tyler (1983) and
Schott (1997a), for instance). Let Ay > Aa > ... > A, > 0 and let A : p X r be a
real matrix of rank r. Assume that for fixed ¢ and m, A\;j—1 # A\i; Nitm—-1 # Xitm
and when r < m, we consider the hypothesis

Hy: the columns of A belong to the subspace spanned by the eigenvectors of X
which correspond to the eigenvalues A;, ..., Aifm—1-

This type of testing problem arises when we use principal components and we want
to omit the components belonging to the subspace spanned by the eigenvectors
corresponding to small eigenvalues. Let there be k distinct eigenvalues among
the p eigenvalues of 3. From now on denote the distinct ones by Aq,...,A\x and
their multiplicities by my, ..., mg. The eigenprojector corresponding to A; will be
denoted by Py, or simply P;. The projection P; is constructed with the help of
orthogonal unit-length eigenvectors v;,, ..., ,, which all are connected to A,

Py = Z Vi, P
=1
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Let an arbitrary subset of A1,..., A be denoted by w and the eigenprojector
corresponding to the eigenvalues from w by P,. Suppose that all eigenvalues of
V are ordered so that d;; > dy;, if i <4', orif i =4 and j < j'. Then a natural

estimator of P, is
My
P Y Smunl,
j=1

i
i Ew
The asymptotic distribution of eigenprojectors of the sample dispersion matrix was
obtained by Tyler (1981) under the assumption of normality or ellipticity of the
population. Kollo (1984) found the asymptotic distributions of the eigenprojectors
of the sample dispersion and correlation matrices when the existence of the fourth
order population moments was assumed (see also Schott, 1999; Kollo, 2000). In

the next lemma an approximation for f’w is found. For alternative proofs see Kato
(1972), Tyler (1981) and Watson (1983, Appendix B).

Lemma 3.1.5. Suppose that for a consistent estimator V of 3, i.e. VLE,
when n — oo, the convergence

Vivee(V—3) 25 N,2(0,Z5) (3.1.48)

takes place. Then

P,=P,— Y (PyI(V-X)(Z-A\L)" +(2-\L) (V-X)P,)

+op(n~2).  (3.1.49)

PROOF: Since VLE, the subspace C(pPi;, Pig) - - - 7Pimi) must be close to the
subspace C(%i,, %i,, - -, i, ), when n — oo, i.e. Pi;, Pi,, - - - Pi,,, Must be close
to (Yiys Yigs - - -5 i, )Q, where Q is an orthogonal matrix, as k;j and ;, are
of unit length and orthogonal. It follows from the proof that the choice of Q is
immaterial. The idea of the proof is to approximate p;,, Piy, - - - Pi,,, via a Taylor

expansion and then to construct f’w. From Corollary 3.1.2.1 it follows that

vee(Piys - - - Piy, )

vee(V(K) — X(K))

dpi17' .. ’pimi )/
V(K)=3(K)

=vec((Yiy, -, i, )Q) + ( dV(K)

1
+0P(n_§)v

where V(K) and X(K) stand for the p(p + 1) different elements of V and X,
respectively. In order to determine the derivative, Lemma 3.1.3 will be used. As
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Piis---Pi,,, = P(e;, 1 e, ... e, ), where e, are unit basis vectors, Lemma
3.1.3 (ii) yields
dP d(pi, : -+ 1 Piy,)
[ G e s € I} = -
dV(K){(el Cin, ) © 1} dV (K)
av
=— PoP)IeD-DoDt{(e;:...:e; P’}
Now
PeP)IeoD-Do)"{(e; :...:e;, )P’}
=PeoDIeV-DeD)™{(e,:...: e, ) ®I}
Moreover,

av ,
i = (T

where T (s) is given in Proposition 1.3.18. Thus,
vec(V(K) — 2(K))

(dpz-1 Dol P, )’
dV(K) V(K)=%(K)
=12 E - AD")NQ (i, : ... : i, ) @I}TT(s)vec(V(K) — B(K))
— (10 (= NI )vec{(V = 2) (@b, : ... s i, )Q},
since TT(s)vec(V(K) — X(K)) = vec(V — X) and

Vec(p“, LR pim,)
= Vec{('ﬁbm RS Q/Jimi )Q} - (I & (2 - )‘iI)J’_)VeC{(V - E)(d’n st ’1'bimi )Q}

1
+op(n~2).
Next it will be utilized that
P, = Z Pi, P, = Z(dg @ I)vec(Piy, - - - s Piy,, )vec (Piy 5 - - -, Pi,, )(d; @ T),
j=1 j=1
where d; is the j—th unit vector. This implies that
Py => (Wi, i, )QddQ (%, .. 4i,,,)
j=1

m;

S EADT(V - D)@y, QA Q (i, )
j=1

=S (Wi 1, ) QA QY — £)(E - M)+ op(n V)
j=1

=P, — (- MDT(V=)Py, —P,,(V-3)(Z - NI)" +op(n~'/?),
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since E;nzbl Qd;d}Q’ = I. Hence, the lemma is established, because

P, = Z P,,.

Ai€w

i 1
The asymptotic distribution of the eigenprojector P, is given by the following
theorem.

Theorem 3.1.13. Let the convergence (3.1.48) take place for the matrix V. Then
for the eigenprojector P,, which corresponds to the eigenvalues \; € w of 3,

Vivee(Py —Py) = N,2(0,(Ep,) SxEp,), (3.1.50)
where Xy, is the asymptotic dispersion matrix of V in (3.1.48) and

— 1

Ep, = Y, Z N (P, oP; +P; @P;). (3.1.51)

7 J
A€W A dw

PROOF: From Theorem 3.1.3 it follows that the statement of the theorem holds,
if instead of Ep,

~

dP.,

&, = av(n)

V(n)=%
is used. Let us prove that this derivative can be approximated by (3.1.51) with an
error op(n~1/2). Differentiating the main term in (3.1.49) yields
P, _
~ = Y ((B-AL)T@Py + Py, @(Z - \L)T) +op(n /).
As noted in Theorem 1.2.30, the Moore-Penrose inverse can be presented through
eigenvalues and eigenprojectors:

1
(E-ML)T=Q NP =AY P =0 (- 2Pt =) SVIRSVEL
F] J i#j ity ) !
The last equality follows from the uniqueness of the Moore-Penrose inverse and

1
the fact that the matrix E SV P; satisfies the defining equalities (1.1.16) —
j = A

i
(1.1.19) of the Moore-Penrose inverse. Then
dP,, 1 -
W = — Z Z)\j _)\i (Pi®Pj+Pj®Pi)+OP(TL 1/2)
)\isz i#£]
1
=> > T PieP;+P; 0P +op(n~1/?).
= AT A

( J
A€W\ dw
1

From the theorem we immediately get the convergence results for eigenprojectors
of the sample dispersion matrix and the correlation matrix.
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Corollary 3.1.13.1. Let (x3,...,X,) be a sample of size n from a p-dimensional
population with D[x;] = % and ma[x;] < co. Then the sample estimator P,, of
the eigenprojector P,,, corresponding to the eigenvalues \; € w of the dispersion
matrix ¥, converges in distribution to the normal law, if n — oo:

Vvee(P, —P,) —» Np(0,(Ep,)TEp,),

w

where the matrices Ep, and II are defined by (3.1.51) and (3.1.5), respectively. g

Corollary 3.1.13.2. Let (x3,...,X,) be a sample of size n from a p-dimensional
population with D[x;] = X and my[x;] < co. Then the sample estimator of the
eigenprojector P.,,, which corresponds to the eigenvalues A\; € w of the theoretical
correlation matrix €2, converges in distribution to the normal law, if n — oo:
~ D —_ —_ —_ —
Vnvee(Py, —P,) — N,2(0,(Ep,) (Br)NIERER,),

where the matrices Ep,, Er and II are defined by (3.1.51), (3.1.13) and (3.1.5),
respectively.

PROOF: The corollary is established by copying the statements of Lemma 3.1.5
and Theorem 3.1.13, when instead of V the correlation matrix R is used. 1

3.1.9 Asymptotic normality of the MANOVA matrix

In this and the next paragraph we shall consider statistics which are functions of
two multivariate arguments. The same technique as before can be applied but
now we have to deal with partitioned matrices and covariance matrices with block
structures. Let

n

1 _ _ .
Sj = n_1 Z(XZ‘]‘ — Xj)(xij - X]')/, ] = 172, (3152)
i=1

be the sample dispersion matrices from independent samples which both are of
size n, and let X1, 35 be the corresponding population dispersion matrices. In
1970s a series of papers appeared on asymptotic distributions of different functions
of the MANOVA matrix

T=5,S;"

It was assumed that x;; are normally distributed, i.e. S; and Sy are Wishart dis-
tributed (see Chang, 1973; Hayakawa, 1973; Krishnaiah & Chattopadhyay, 1975;
Sugiura, 1976; Constantine & Muirhead, 1976; Fujikoshi, 1977; Khatri & Srivas-
tava, 1978; for example). Typical functions of interest are the determinant, the
trace, the eigenvalues and the eigenvectors of the matrices, which all play an im-
portant role in hypothesis testing in multivariate analysis. Observe that these
functions of T may be considered as functions of Z in §2.4.2, following a mul-
tivariate beta type II distribution. In this paragraph we are going to obtain the
dispersion matrix of the asymptotic normal law of the T-matrix in the case of finite
fourth order moments following Kollo (1990). As an application, the determinant
of the matrix will be considered.
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y— vecS; o — vecx
~ \vecSy )’ 07 \ vecE,
will be used. Moreover, let II; and II, denote the asymptotic dispersion matrices

of v/nvec(S1 —X1) and /nvec(Ss — Xs), respectively. The asymptotic distribution
of the T-matrix follows from Theorem 3.1.3.

Theorem 3.1.14. Let the p-vectors x;; in (3.1.52) satisty D[x;;] = 3; and
malx;;] < oo, i=1,2,...,n, j =1,2. Then, if n — oo,

The notation

— — D
\/ﬁVGC(SlsQ Lo 2122 1) — sz (O, ‘I’),

where
= (2 0L)IL(Z 0L,) + (5 @ 5,5 )IL(E; ' @ ,'%), (3.1.53)

and II; and IIy are defined by (3.1.5).
PrOOF: Applying Theorem 3.1.3 gives us

v <d<sls;1>
dz

where 3, denotes the asymptotic dispersion matrix of z, i.e.

Vi(z — o) 25 Ny (0,5,).

From Theorem 3.1.4 and independence of the samples it follows that

(I, o
5o (0.
d(S:8; ")
d

z
treat S; and S» as unstructured matrices.

Let us find the derivative . According to Theorem 3.1.5, we are going to

d(S:8;h) Sy .., ds;!
as15y ) 0 4o 1 sy o
dz (1.4.19) dz (ST @I, + (I, ® Sy)

dz
(1.421) ((:g) (8! @) - ((32—1 (;;52—1)> (I, ® S1). (3.1.54)

Thus,

- B 3 II 0 Slel
T= (%0, _221@)21221)( 01 HQ) (‘(;35%@2;1)21))

= (5 0L)I(E 9 6,) + (55 @ 315, NI (25 @ ;' %).
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Corollary 3.1.14.1. Let x1; ~ Np(p1,%1) and X ~ Np(p2, X2),
i=1,2,...,n. If n — oo, then

Vvee(818; 1 — 512, B N (0, ),

where
TV =3I e e + 2, o2 218 42K, (5 2 @ 251 8). (3.1.55)
In the special case, when 31 = 39 = X, we have

N —
vV =28l 9 ¥ 42K, ,. .

The statement of the theorem has a simple form in the case of an elliptical distri-

bution.

Corollary 3.1.14.2. Let x1; ~ Ep(p1,T1), Dix1;] = 31 and x95 ~ E,(p2, T2),
Dixy;] = X9, j =1,2,...,n, with kurtosis parameters k1 and ke, respectively. If
n — oo, then

Vvee($18; 1 — 518, 2 N (0, ¥5),

where
U o (le )P (2 o) + (25 e 2 B HITE (B @ 2,1%)), (3.1.56)

and TI¥ and TI¥ are given in Corollary 3.1.4.2. In the special case, when % =
3 =3 and k1 = kg,

UE =21+ x) ('@ 2 +K,,) + 2xveclvec'T. 1
Theorem 3.1.14 makes it possible to find the asymptotic distributions of func-

tions of the T matrix in a convenient way. As an example, let us consider the
determinant of T. By Theorem 3.1.3 the following convergence holds:

Vi([$i831 - 3151 - N(.5), (3.1.57)
where ,
d|S:S; | d|S:S; |
= _— Zz _—
p ( dz S dz -
and ¥ is given by (3.1.53). Relation (1.4.30) yields
d|S1S5! _,,dS;85! _
72 = [S1IS; 1\72%@(81 'Ss)

—1
and 45,5,

was obtained in (3.1.54).



312 CHAPTER III

3.1.10 Asymptotics of Hotelling T?-statistic

In this paragraph the asymptotic behavior of the Hotelling T2-statistic will be
examined. This statistic is a function which depends on both the sample mean
and the sample dispersion matrix. At the same time, it is a good introduction
to the next section, where we shall deal with asymptotic expansions. It appears
that different types of asymptotic distributions are valid for T2. Its asymptotic
behavior depends on the parameters of the distribution. Different distributions
can be analyzed from the same point of view by using two terms in a Taylor
expansion of the statistic.

Suppose that we have p—variate random vectors with finite first moments: E[x;] =
p, Dix;] = ¥ and my[x;] < co. The statistic X’S™'xX is called Hotelling T?-
statistic, where, as usual, X is the sample mean and S is the sample dispersion
matrix. The asymptotic distribution of the vector /n(z — oy) with

_( X% _( »
zZ = <V6CS> s o) = (VQCE) (3158)

is given by
D
Vn(z — o) — Npi,2(0,%,),
where
(3 M
3., = (M3 i~ ) , (3.1.59)

the matrix II is defined by (3.1.5) and
Mj = Bl(x - 1) ® (x — 1)/ ® (x — )] (3.1.60)

Using these notations, we formulate the following asymptotic result for 7°2.

Theorem 3.1.15. Let xi,...,x, be a sample of size n from a p-dimensional
population with the first moments E[x;] = p # 0, D[x;] = X; and my[x;] < oo.
Then, if n — oo,

VaESTIR— 'Sy 5 N(0,7),

where
T = €/Ez£7
¥, is given by (3.1.59) and
€= 22" (3.1.61)
=\ s tpesiu) 1

If the distribution of x; is symmetric, then

T=4 S u+ (WE TS THIN(E  n® 7 ). (3.1.62)
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Proor: From Theorem 3.1.3,

’
Z=—0(

dz

d(X'S71x)
T= < dz

)lzz d(x'S~'x)

where z and o are given by (3.1.58) and X, by (3.1.59). Let us find the derivative

T/Q—1< / —1
dx's™'x) diS_li—i—d(S X)i

dz (1.4.19) dz dz

_ o (STR) 0
N 0 S~ 'x®S!x /)’

where, as before when dealing with asymptotics, we differentiate as if S is non-
symmetric. At the point z = o, the matrix € in (3.1.61) is obtained, which also
gives the main statement of the theorem. It remains to consider the case when
the population distribution is symmetric, i.e. M3 = 0. Multiplying the matrices
in the expression of 7 under this condition yields (3.1.62). ]

Corollary 3.1.15.1. Let x; ~ Np(p, %), i =1,2,...,n, and p # 0. If n — oo,
then
VAES I — sy 2 N0, 7Y,

where
TN :4I~L/2_1I~L+2(IJ/2_1N)2-

1
Corollary 3.1.15.2. Letx; ~ E,(p,Y),i=1,2,...,n, D[x;] = X, with kurtosis
parameter k and p # 0. If n — oo, then
VRES x-S y) 2 N(0,7F),
where
T =4S+ (24 35) (W2 )2

As noted before, the asymptotic behavior of the Hotelling T2-statistic is an inter-
esting object to study. When p # 0, we get the asymptotic normal distribution
as the limiting distribution, while for g = 0 the asymptotic distribution is a chi-
square distribution. Let us consider this case in more detail. From (3.1.61) it
follows that if g = 0, the first derivative £& = 0. This means that the second term
in the Taylor series of the statistic X’ S™!X equals zero and its asymptotic behavior
is determined by the next term in the expansion. From Theorem 3.1.1 it follows
that we have to find the second order derivative at the point og. In the proof of
Theorem 3.1.15 the first derivative was derived. From here

exS7'x) QdS’li dS™'x®S7'x

e 7 (I:0)-— T (0:1).
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However, evaluating the derivative at the point z = o9 with u = 0 yields
d*(X'S71x) _ 5 =t o0
o 0 0/
zZ=09

dz?
From Theorem 3.1.1 we get that the first non-zero and non-constant term in the
Taylor expansion of X'S™1X is ¥ £ ~!%. As all the following terms will be op(n~1),
the asymptotic distribution of the T2-statistic is determined by the asymptotic
distribution of X X 7!X. If u = 0, then we know that

XS 2 (),
if n — oo (see Moore, 1977, for instance). Here x?(p) denotes the chi-square
distribution with p degrees of freedom. Hence, the next theorem can be formulated.
Theorem 3.1.16. Let x1,...,x, be a sample of the size n, E[x;] = p = 0 and
D[x;] = X. If n — oo, then
xSk 2 \2(p).
1

Example 3.1.1. To illustrate the convergence of the T2-statistic let us consider
the following example. It is based on the normal distribution N3(u,X), where
w=ae, e=(1,1,1) a is a constant which takes different values, and

1.0 0.1 0.2
=101 1.1 0.3
02 03 1.2

A simulation experiment was carried out by the following scheme. The empirical
and the asymptotic normal distributions of the T2-statistic were compared for
different sample sizes when g — 0, and the parameter a was varied within the
range 0.1 — 1. In the tables the number of replications k£ was 300. The tendencies
in the tables given below were the same when k was larger (> 1000). Let

Y, = Vn@S™'x — /=7 y)
and its simulated values y;, ¢ = 1,...,k. Let 5§ = %Zle y; and the estimated
value of the asymptotic variance of Y;, be 7. From the tables we see how the
asymptotic variance changes when the parameter a tends to zero. The variance and
its estimator 7V are presented. To examine the goodness-of-fit between empirical

and asymptotic normal distributions the standard chi-square test for good-ness-
of-fit was used with 13 degrees of freedom.

Table 3.1.1. Goodness-of-fit of empirical and asymptotic normal distributions of
the T2-statistic, with n = 200 and 300 replicates.

a 1 07 05 03 02 015 0.1
7 0817 0.345 0493 0.248 0.199 0.261 0.247
#N 1886 5.301 3.022 0.858 0.400 0.291 0.139
N 16489 5.999 2561 0.802 0.340 0.188 0.082

X3(13) 2056 21.69 44.12 31.10 95.33 92.88 82.57
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The critical value of the chi-square statistic is 22.36 at the significance level 0.05.
The results of the simulations indicate that the speed of convergence to the asymp-
totic normal law is low and for n = 200, in one case only, we do not reject the
null-hypothesis. At the same time, we see that the chi-square coefficient starts to
grow drastically, when a < 0.2.

Table 3.1.2. Goodness-of-fit of empirical and asymptotic normal distributions of
the T2-statistic with n = 1000 and 300 replicates.

a 1 0.5 0.2 017 015 0.13 0.1
Yy 0.258 0.202 0.115 0.068 0.083 0.095 —0.016
7N 16.682 2.467 0.317 0.248 0.197 0.117  0.097
™ 16.489 2.561 0.340 0.243 0.188 0.140 0.082
x2(13) 16.87 1251 15.67 16.52 23.47 29.03 82.58

We see that if the sample size is as large as n = 1000, the fit between the asymptotic
normal distribution and the empirical one is good for larger values of a, while the
chi-square coefficient starts to grow from a = 0.15 and becomes remarkably high
when a = 0.1. It is interesting to note that the Hotelling T2-statistic remains
biased even in the case of a sample size of n = 1000 and the bias has a tendency
to grow with the parameter a.

Now we will us examine the convergence of Hotelling’s T?-statistic to the chi-
square distribution. Let Y,, = nX’S™!X, 7 be as in the previous tables and denote
DJY,,] for the estimated value of the variance. From the convergence results above
we know that Y,, converges to the chi-square distribution Y ~ x?(3) with E[Y] = 3
and D[Y] =6, when p = 0.

Table 3.1.3. Goodness-of-fit of empirical and asymptotic chi-square distributions
of the T2-statistic based on 400 replicates.

n 100 200 500 1000
7 273 309 296 3.11

D[Y,] 493 856 6.71 6.67
\2(13) 14.00 11.26 16,67 8.41

The convergence of the T?-statistic to the chi-square distribution is much faster
than to the normal distribution. The asymptotic variance starts to be stable from
n = 500. In the next table we show the convergence results to the chi-square
distribution, when the parameter a is growing.
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Table 3.1.4. Goodness-of-fit of the empirical and asymptotic chi-square distribu-
tions of the T2-statistic with n = 200 and 300 replicates.

a 0 0.01 0.02 0.03 0.04 0.05 0.1
Y 3.09 3.09 338 330 372 411 7.38

—

D[Y,] 856 592 7.67 666 7.10 12.62 23.96
Y2(13) 11275 13.97 19.43 21.20 38.73 60.17 1107.0

We see that if the value of a is very small, the convergence to the chi-square
distribution still holds, but starting from the value a = 0.04 it breaks down in
our example. From the experiment we can conclude that there is a certain area of
values of the mean vector p where we can describe the asymptotic behavior of the
T?-statistic neither by the asymptotic normal nor by the asymptotic chi-square
distribution. 1

3.1.11 Problems
1. Show that for G and Z in Lemma 3.1.3

dG  dZ
dZ ~  dJZ

(G®G)Py(I® (ZG)™),

where
Py = %(I + Kp,p) - (Kp7p)d~

2. Show that in Theorem 3.1.7
N ' '=AQI-I0A)T+ 1T A ) (K,

3. Prove Corollary 3.1.6.2.
4. Show that if x;; ~ Np(p, %), i = 1,2,...,n, j = 1,2, then the asymptotic
variance in (3.1.57) equals
8 =4p.

5. Let x;; ~ E,(p, V), i=1,2,...,n, j =1,2. Show that in (3.1.57)
B =4(1+ K)p+ 2kp?,

where k is the kurtosis parameter.
6. Let x; ~ Np(u,X), i = 1,...,n. Find the asymptotic dispersion matrix for
the vector y/ndiag(D(n) — A). Follow the notation of Theorem 3.1.10.
7. Find an explicit expression of the asymptotic dispersion matrix of the eigen-
projector in Corollary 3.1.13.1 when x; ~ N,(u, ).
8. Find the asymptotic dispersion matrix for the i—th eigenvector h;(n) of the
sample dispersion matrix S under the assumptions of Corollary 3.1.10.2.
9. Let the population be normal, i.e. x ~ N,(p, X¥). Find the asymptotic normal
law for the inverse sample dispersion matrix S~*.
10. Let the population be elliptical, i.e. x ~ E,(p, V). Find the asymptotic
normal law for the inverse sample dispersion matrix S™!.
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3.2. MULTIVARIATE FORMAL DENSITY EXPANSIONS IN RP

3.2.1 Introduction

In §3.1.10 we saw that the asymptotic distribution of Hotelling’s T?-statistic was
normal if its first derivative was non-zero at the point where the function was
expanded into a Taylor series. At the same time, if the first derivative equals
zero then a chi-square distribution describes the behavior of the T2-statistic. In
short: when the population expectation g = 0, we get an asymptotic chi-square
distribution as the limit distribution for 72, and when p # 0, an asymptotic
normal distribution is obtained. Certainly, when g — 0, the convergence to the
normal distribution becomes slower. For small values of u the asymptotic chi-
square distribution is not valid. This was clearly seen from the small simulation
experiment given in Example 3.1.1 in §3.1.10. In this case it would be natural to use
both terms which were considered when characterizing the asymptotic distribution
of T?. Such a situation is not exceptional. Indeed it occurs quite often that the
convergence of a test statistic depends on the parameters to be tested. From
this point of view, almost the only possibility to characterize the distribution of
interest is to use several terms from the Taylor expansion. Another point is, of
course, that by using more terms in the approximation of the distribution, one
hopes to obtain better quality of the approximation which, however, may not be
true, if some quantity in the expansion has to be estimated. In this case some new
errors are introduced, which can be relatively large if higher order moments are
involved.

In the following we are going to consider density approximations. It is often fairly
straightforward to obtain formulae for distribution functions from the relations
between the densities which will be presented in the subsequent.

3.2.2 General relation between two densities in RP

In statistical approximation theory the most common tool for approximating the
density or the distribution function of some statistic is the Edgeworth expansion
or related expansions, such as tilted Edgeworth (e.g. see Barndorff-Nielsen & Cox,
1989). In such a case a distribution is approximated by the standard normal
distribution, and the derivatives of its density function and the first cumulants of
the statistic are involved. However, for approximating a skewed random variable
it is natural to use some skewed distribution. This idea was used by Hall (1983) to
approximate a sum of independent random variables with chi-square distribution
and it is exploited in insurance mathematics for approximating claim distributions
via the I'-distribution (see Gerber 1979, for instance).

Similar ideas can also be applied in the multivariate case. For different multi-
variate statistics, Edgeworth expansions have been derived on the basis of the
multivariate normal distribution, N,(0,X) (e.g. see Traat, 1986; Skovgaard, 1986;
McChullagh, 1987; Barndorff-Nielsen & Cox, 1989), but in many cases it seems more
natural to use multivariate approximations via some skewed distribution such as
non-symmetric mixtures or the Wishart distribution. A majority of the test statis-
tics in multivariate analysis is based on functions of quadratic forms. Therefore, it
is reasonable to believe, at least when the statistics are based on normal samples,
that we can expect good approximations for these statistics using the Wishart
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density. Let x and y be two p—vectors with densities fx(x) and fy(x), character-
istic functions px(t), ¢y (t) and cumulant functions ¥« (t) and ¢y (t). Our aim is
to present the more complicated density function, say fy(x), through the simpler
one, fx(x). In the univariate case, the problem in this setup was examined by
Cornish & Fisher (1937), who obtained the principal solution to the problem and
used it in the case when X ~ N(0,1). Finney (1963) generalized the idea for
the multivariate case and gave a general expression of the relation between two
densities. In his paper Finney applied the idea in the univariate case, presenting
one density through the other. From later presentations we mention McCullagh
(1987) and Barndorff-Nielsen & Cox (1989), who briefly considered generalized
formal Edgeworth expansions in tensor notation. When comparing our approach
with the coordinate free tensor approach, it is a matter of taste which one to pre-
fer. The tensor notation approach, as used by McCullagh (1987), gives compact
expressions. However, these can sometimes be difficult to apply in real calcula-
tions. Before going over to expansions, remember that the characteristic function
of a continuous random p—vector y can be considered as the Fourier transform of
the density function:

oy (t) = /Rp eit/"fy(x)dx.

To establish our results we need some properties of the inverse Fourier transforms.
An interested reader is referred to Esséen (1945). The next lemma gives the
basic relation which connects the characteristic function with the derivatives of
the density function.

Lemma 3.2.1. Assume that

My (%)

|24y, | =00 aIil Ce amik71

=0.

Then the k-th derivative of the density fy(x) is connected with the characteristic
function ¢y, (t) of a p—vector y by the following relation:

(i) oy (t)

o dF
(*1)]‘3/ et xVechx k=0,1,2,..., (3.2.1)
RP

dxk ’

d* fy(x
where ¢ is the imaginary unit and #
X

(1.4.7).

ProOF: The relation in (3.2.1) will be proved by induction. When k = 0, the
equality (3.2.1) is identical to the definition of the characteristic function. For
k =1 we get the statement by assumption, taking into account that |e“/x| <1
and Corollary 1.4.9.1:

is the matrix derivative defined by

dfy(x) it'x 7/ deit,x o / it'x o
/RP I ¢ dx = L dx fyx)dx =it [ e *fy(x)dx =ity (t).

RP
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Suppose that the relation (3.2.1) holds for £k = s — 1. By assumption,

it'x d* ' fy (%)

dxs—l =0

)

x€ORP

where 0 denotes the boundary. Thus, once again applying Corollary 1.4.9.1 we
get

s it'x s—1
_/ d fY(X)eit/deZ / de VeCld fy(x>dx
RpP RP

dxs dx dxs—1

., dsfl
_ Zt/ elt xveclﬂdx — (—1)871’“]('“3/)@571903/(1—’)7
RP

dxs—1
which means that the statement holds for k£ = s. 1
In the subsequent text we are using the notation f{‘} (X), k=0,1,2,..., instead of
d* fv (X)

X, where fg(X) = fy(X). A formula for the inverse Fourier transform is
often needed. This transform is given in the next corollary.

Corollary 3.2.1.L1. Let y be a random p—vector and a an arbitrary constant

p*—vector. Then

(—1)*a'vec £} (x) = (zw)*P/ oy (t)a’(it)® e~ *dt,  k=0,1,2,..., (3.2.3)
RP

where i is the imaginary unit.

PROOF: By Lemma 3.2.1, the vector (it)®*¢y (t) is the Fourier transform of the
d* f,(x
vectorized derivative L]E) Then the vector of derivatives is obtained from its
X
inverse Fourier transform, i.e.

k1 (x L
(—l)kvecid ;lf;’(“ ) =(2m)7? /Rp wy(t)(it)@“e_” *dt.

If multiplying the left-hand side by a p¥ —vector a’, the necessary result is obtained.
1

Taking into account that Taylor expansions of matrices are realized through their
vector representations, we get immediately a result for random matrices.

Corollary 3.2.1.L2. Let Y be a random p X g—matrix and a an arbitrary con-
stant (pq)*—vector. Then

(—1)ka’vec f@(X) — (zﬂ)—pq/ (pY(T)a/(iVeCT)®ke_iveC/TveCdeeCT7
Rpa

k=0,1,2,...,

where i is the imaginary unit and T, X € RP*1, ]

Now we are can present the main result of the paragraph.
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Theorem 3.2.1. If'y and x are two random p—vectors, the density fy(x) can be
presented through the density fx(x) by the following formal expansion:

fy(x) = fx(x) — (Ely] — E[x])'f}(x)
+ Lvec'{Dly] — D[x] + (Ely] — E[x])(Ely] — E[x])'}vecf2(x)
— ${ve'(esly] = es[x]) + 3vec' (Dly] — DIx]) @ (Ely] — E[x])’
+ (Ely] — E[x])'®* }vecf(x) + - - . (3.2.4)

PRrROOF: Using the expansion (2.1.35) of the cumulant function we have

Yy (6) = n(t) = D Bt (exly] — e [x])E=H 1,
k=1
and thus

ey (t) = px(t) [T exp{ it (culy] - ealx]) (i) '),
k=1

By using a series expansion of the exponential function we obtain, after ordering
the terms according to ¥, the following equality:

wwowaﬁuuqmamn
T 2 {ealy] — cafxd + (ealy] — er =) (ealy] — ea[x]) b
+ 2 (¢ {(ealy] — ealx)
T (aly] - alxl) ® (ely] — ald)(ely] - olx) 22

+ 3(c1ly] — a1 [x]) £t (caly] — c2 [x])t) 4. }

Applying the equality (1.3.31) repeatedly we obtain, when using the vec-operator,

%@wwuw@+MMﬂ—qmn

+ Dvec {ealy] — calx] + (c1ly] — er[x])(er[y] — e [x]) 1622
+ % (vec’(63 [y] — c3[x]) + 3vec’ (caly] — c2[x]) ® (c1]y] — e1[x])’

(] - e o

This equality can be inverted by applying the inverse Fourier transform given in
Corollary 3.2.1.LL1. Then the characteristic functions turn into density functions
and, taking into account that ci[e] = E[e] and cy[e] = D][e], the theorem is estab-
lished. ]

By applying the theorem, a similar result can be stated for random matrices.
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Corollary 3.2.1.1. If'Y and X are two random pX g—matrices, the density fy (X)
can be presented through the density fx(X) as the following formal expansion:

A (X) = fx(X) = ved (E[Y] - E[X])fx(X)
+ Svec{D[Y] — D[X] + vec(E[Y] — E[X])vec'(E[Y] — E[X])}vecfx (X)
— 1 (ved (es[Y] = e[X]) + 3vec' (D[Y] = D[X]) & vec' (E[Y] — E[X])

+ved (E[Y] — E[X])®3)vecf§’((X) T

3.2.3 Multivariate Edgeworth type erpansions

Consider the univariate case. When the known distribution of X is the standard
normal distribution, from (3.2.4) one gets a classical Edgeworth type expansion
where the density of the standardized random variable Y is presented as a series
expansion through its cumulants and derivatives of the normal density, expressed
via Hermite polynomials, as in §2.2.4. In the multivariate case, we have the vector
x ~ Np(0,3) in the role of X ~ N(0,1). Now, the multivariate Hermite poly-
nomials H;(x,X), defined by (2.2.39) — (2.2.41), will be of use. However, in the
multivariate case we can not divide by the standard deviation and therefore, we
shall present the unknown density of y through the normal density N,(0,X) given
by (2.2.5). When x ~ N,(0,X) in the expansion (3.2.4), we say that we have a
multivariate Edgeworth type expansion for the density fy(x).

Theorem 3.2.2. Lety be a random p—vector with finite first four moments, then
the density fy(x) can be presented through the density fy(x) of the distribution
N,(0,X) by the following formal Edgeworth type expansion:

£ (50) = f ({1 + Ely|'vecH, (x, %)
+ gvec{Dy] — 2 + Ely](E[y])'} vecHa(x, X)
+ 4 {vecesfyl+ Bvec'(Dly] - ) @ (Ely])

+(Bly])®} vecH(x, 3) + -+ }, (3.2.5)
where the multivariate Hermite polynomials H;(x,3X) are given by the relations
in (2.2.39) — (2.2.41). ]

As cumulants of random matrices are defined through their vector representations,
a formal expansion for random matrices can be given in a similar way.

Corollary 3.2.2.1. If Y is a random p X gq—matrix with finite first four mo-
ments, then the density fy(X) can be presented through the density fn(X) of the
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distribution Np,(0,3) by the following formal matrix Edgeworth type expansion:

Ix(X) = fn (X){l + E[vecY]'vecH; (vecX, )
+ ivec'{D[vecY] — ¥ + E[vecY|E[vecY] }vecHs (vecX, X)
+ %(VGCI(C;), [Y] + 3vec'(D]vecY] — ) ® E[vec'Y]

+ E[VeC/Y]®3)vecH3(vecX, )4 } (3.2.6)
1

The importance of Edgeworth type expansions is based on the fact that asymp-
totic normality holds for a very wide class of statistics. Better approximation may
be obtained if a centered version of the statistic of interest is considered. From the
applications’ point of view the main interest is focused on statistics T which are
functions of sample moments, especially the sample mean and the sample disper-
sion matrix. If we consider the formal expansion (3.2.5) for a p—dimensional T,
the cumulants of T depend on the sample size. Let us assume that the cumulants
¢;[T] depend on the sample size n in the following way:

e1[T] = n 2Ty (T) + o(n™ 1), (3.2.7)
c2|T] = Ko(T) +n " 'To(T) + o(n™1), (3.2.8)
c3[T] = n 2T3(T) 4+ o(n™1), (3.2.9)
¢[T] =o(n™"), j >4, (3.2.10)

where K3(T) and I';(T) depend on the underlying distribution but not on n.
This choice of cumulants guarantees that centered sample moments and their
functions multiplied to \/n can be used. For example, cumulants of the statistic
Vn(g(X) — g(p)) will satisfy (3.2.7) — (3.2.10) for smooth functions g(e). In the
univariate case the Edgeworth expansion of the density of a statistic T, with the
cumulants satisfying (3.2.7) — (3.2.10), is of the form

_1 1 _1
Fr () = oy @)1+~ H (D) (@) + o5(Thse)} +o(n )}, (3:2.11)
where the Hermite polynomials hy(z) are defined in §2.2.4. The form of (3.2.11)
can be carried over to the multivariate case.

Corollary 3.2.2.2. Let T(n) be a p—dimensional statistic with cumulants satis-
fying (3.2.7) - (3.2.10). Then, for T(n), the following Edgeworth type expansion
is valid:
Frm () = S, 0:3¢50m) ({1 4+ 03 (T (T) vecH, (x, )
+ 2vec (csy])vecHs(x, X)) + o(n"7)}. (3.2.12)

If T(n) is a random matrix, a similar statement follows from Corollary 3.2.2.1.
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Corollary 3.2.2.3. Let T(n) : p x q be a statistic with cumulants satisfying
(3.2.7) — (3.2.10). Then, for T(n) the following formal Edgeworth type expansion
is valid:

Fremy(X) = fa,, (0.1 (X) {1 + 72 {(T1(T)) vecH, (vecX, X)
+ gved (es[T])vecHs(vecX, B)} + o(n’%)}. (3.2.13)

3.2.4 Wishart expansions

For different multivariate statistics, Edgeworth type expansions have been ob-
tained on the basis of the multivariate normal distribution N,(0,X), but in many
cases it seems more natural to use multivariate approximations via the Wishart
distribution or some other multivariate skewed distribution. As noted in the be-
ginning of this section, many test statistics in multivariate analysis are based on
functions of quadratic forms. Therefore, if some properties of a quadratic form
are transmitted to the test statistic under consideration we may hope that the
Wishart density, which often is the density of the quadratic form, will be appro-
priate to use. The starting point for our study in this paragraph is Theorem 3.2.1
and its Corollary 3.2.1.1. In Section 2.4 the Wishart distribution was examined.
We are going to use the centered Wishart distribution, which was considered in
§2.4.8. The reason for using it is that the derivatives of its density are decreasing
as functions of the degrees of freedom. This is not the case with the ordinary
Wishart distribution.

As the Wishart matrix is symmetric, we shall deal with cumulants of symmetric
matrices in the following text. In Section 2.1 we agreed not to point out sym-
metricity in the notation, and we wrote fx(X) and px(T) for the density and
characteristic functions of a symmetric X : p X p, while remembering that we use
the %p(p + 1) elements of the upper triangles of X and T. The formal expansion
through the centered Wishart distribution is given in the next theorem (Kollo &
von Rosen, 1995a).

Theorem 3.2.3. Let W, Y and V be p X p random symmetric matrices with
W ~ W,(3,n) and V =W —nX. Then, for the density fy(X), the following
formal expansion holds:
Fe(X) = {1+ EVHYILIX. )
+ ved (D[V2(Y)] — D[V3(V)] + E[VZ(Y)]|E[VZ(Y)]')vecL}(X, %)
+ 4 (ved! (e [VA(Y)] = es[VA(V)])’
+ 3ved (DIVA(Y)] = DIVA(V))) @ E[VA(Y)]' + B[VA(Y)]"**)

x vecL3(X, %) + - - - }7 X >0, (3.2.14)
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where V?2(e) is given in Definition 1.3.9 and L* (X, X) are defined in Lemma 2.4.2
by (2.4.66).

PrOOF: We get the statement of the theorem directly from Corollary 3.2.1.1, if
we take into account that by Lemma 2.4.2 the derivative of the centered Wishart
density equals
P (V) = (DL (V, ) fv (V).

1
Theorem 3.2.3 will be used in the following, when considering an approximation
of the density of the sample dispersion matrix S with the density of a centered
Wishart distribution. An attempt to approximate the distribution of the sample
dispersion matrix with the Wishart distribution was probably first made by Tan
(1980), but he did not present general explicit expressions. Only in the two-
dimensional case formulae were derived.

Corollary 3.2.3.1. Let Z = (z1,...,2,) be a sample of size n from a p-dimen-
sional population with E[z;] = u, D([z;] = ¥ and Ty[z;] < 00, k = 3,4, ... and let
S denote the sample dispersion matrix given by (3.1.3). Then the density function
fs«(X) of S* = n(S — X) has the following representation through the centered
Wishart density fv(X), where V=W —nX W ~ W,(3,n) and n > p:

fs«(X) = fV(X){l — qved {Gp{mylz;] — vecEved'S — (I2 + K, ,) (2 @ £)}G), }

x vec{ G, Hp{(X/n+ %) @ (X/n+ )" }H,G,} + O(i)}, X >0,
(3.2.15)

where G, is defined by (1.3.49) - (1.3.50), and H, =1+ K, , — (K, p)aq is from
Corollary 1.4.3.1.

PrOOF: To obtain (3.2.15), we have to insert the expressions of L} (X, X) and
cumulants ¢ [V2(S*)] and ¢x[V2(V)] in (3.2.14) and examine the result. Note
that ¢;[V2(S*)] = 0 and in (3.2.14) all terms including E[V2(Y)] vanish. By
Kollo & Neudecker (1993, Appendix 1),
D[\/nS] = mylz;] — vecEvecd'S + == (L + K, ) (X ® )
= 1(z;] — vecSved’S + O(L).

Hence, by the definition of G, we have

D[V?(S*)] = nGy(ma4[z;] — vecSved B)G], + O(1). (3.2.16)

In Lemma 2.4.2 we have shown that L(X, X) is of order n~!, and therefore in the
approximation we can neglect the second term in L3(X,X). Thus, from (3.2.16),
(2.4.62) and Theorem 2.4.16 (ii) it follows that

ived (D[V3(S*)] — D[V*(V)])vecL3(X, X) = —ivec’ (G,,{m4 ;] — vecEvec' S
1. +K,,)(S® 2)}(;;)vec(GpHp((X/n +3) ' @ (X/n+2)HH,G!)

+0(2).
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To complete the proof we have to show that in (3.2.14) the remaining terms are
O(%). Let us first show that the term including L5(X, %) in (3.2.14) is of order
n~!. From Lemma 2.4.2 we have that L}(X,X) is of order n=2. From Theorem
2.4.16 (iii) it follows that the cumulant c3[V2(V)] is of order n. Traat (1984) has

found a matrix Mg, independent of n, such that
c3[S] = n " Mz + O(n™?).

Therefore,
c3[V3(8%)] = nKs + O(1),

where the matrix K3 is independent of n. Thus, the difference of the third or-
der cumulants is of order n, and multiplying it with vecL}(X, X) gives us that
the product is O(n~1). All other terms in (3.2.14) are scalar products of vec-
tors which dimension do not depend on n. Thus, when examining the order of
these terms, it is sufficient to consider products of L} (X, X) and differences of
cumulants ¢ [VZ(S*)] — cx[V2(V)]. Remember that it was shown in Lemma 2.4.2
that L} (X, X), k > 4 is of order n=**!. Furthermore, from Theorem 2.4.16 and
properties of sample cumulants of k-statistics (Kendall & Stuart, 1958, Chapter
12), it follows that the differences cx[V2(S*)] — cx[V2(V)], k > 2, are of order n.
Then, from the construction of the formal expansion (3.2.14), we have that for
k = 2p, p=2,3,..., the term including L} (X, X) is of order n=?*!. The main
term of the cumulant differences is the term where the second order cumulants
have been multiplied p times. Hence, the L} (X, ¥)—term, i.e. the expression in-
cluding L} (X, ¥) and the product of D[V2(S*)] — D[V2(V)] with itself, is O(n~1),
the L (X, X)-term is O(n™?2), etc.

For k =2p+1, p = 2,3,..., the order of the L} (X, 3)—term is determined by
the product of Lz (X, ), the (p — 1) products of the differences of the second
order cumulants and a difference of the third order cumulants. So the order of the
Li(X,X)—term (k =2p+1) is =2’ x n?~! x n = n~P. Thus, the L}(X, X)-term
is O(n=2), the L*(X, X—)term is O(n~3) and so on. The presented arguments
complete the proof. I

Our second application concerns the non-central Wishart distribution. It turns
out that Theorem 3.2.3 gives a very convenient way to describe the non-central
Wishart density. The approximation of the non-central Wishart distribution by
the Wishart distributions has, among others, previously been considered by Steyn
& Roux (1972) and Tan (1979). Both Steyn & Roux (1972) and Tan (1979)
perturbed the covariance matrix in the Wishart distribution so that moments of
the Wishart distribution and the non-central Wishart distribution became close
to each other. Moreover, Tan (1979) based his approximation on Finney’s (1963)
approach, but never explicitly calculated the derivatives of the density. It was not
considered that the density is dependent on n. Although our approach is a matrix
version of Finney’s, there is a fundamental difference with the approach by Steyn
& Roux (1972) and Tan (1979). Instead of perturbing the covariance matrix, we
use the idea of centering the non-central Wishart distribution. Indeed, as shown
below, this will also simplify the calculations because we are now able to describe
the difference between the cumulants in a convenient way, instead of treating
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the cumulants of the Wishart distribution and non-central Wishart distribution
separately.

Let Y ~ W,(X,n, pn), i.e. Y follows the non-central Wishart distribution with a
non-centrality parameter p. If 3 > 0, the matrix Y has the characteristic function
(see Muirhead, 1982)

oy (T) = ow(T)e~ 2f7“(2 HH) tr(zflﬂﬂ/(lp—iM(T)z)fl), (3.2.17)

where M(T) and ¢w(T), the characteristic function of W ~ W, (X, n), are given
in Theorem 2.4.5.

We shall again consider the centered versions of Y and W, where W ~ W, (%, n).
Let Z=Y —nX—pp' and V=W —n3. Since we are interested in the differences
ck|Z) — ex[V], k=1,2,3,..., we take the logarithm on both sides in (3.2.17) and
obtain the difference of the cumulant functions

Yz(T)—¢v(T)
= —3tr(Z 7 ) — igtr{M(T)pp'} + Str{S " pp’ (T - iM(T)E) "1}

After expanding the matrix (I —iM(T)X)~! (Kato, 1972, for example), we have

Yz(T) = ¥y (T) = 1Y i {E ™ pp/ (M(T)E ) }. (3.2.18)
j=2

From (3.2.18) it follows that ¢;[Z] — ¢1[V] = 0, which, of course, must be true,
because E[Z] = E[V] = 0. In order to obtain the difference of the second order
cumulants, we have to differentiate (3.2.18) and we obtain

dPtr (s M(T) EM(T))
dV2(T)2

[V(Z)] - e[VA(V)] =3 =T, (' @S+ @ pp' )G,

(3.2.19)
where J,, and G,, are as in Theorem 2.4.16. Moreover,

c3[V(Z)] — es[V*(V)]
= JP{E @ X @ ved (up') +ved' (pp) L R@T +ved'’ T @ pp’ @ T
+up @TRved T+ @ pup’ @ ved'S
+vedS 0 T @ u )1, 9 Ky @ 1) 3,6 (3.2.20)
Hence, the next theorem is established.

Theorem 3.2.4. Let Z =Y —nX — pp/, where Y ~ W,(X,n,u), and V =
W —n3X, where W ~ W, (2,n). Then

1
fz(X) = fv(X>{1 +gved (pp' @B+ T pp') (G © J; JvecLs (X, X)

+ ved (e3[VZ(Z)] — e3[V?(V)])vecL3(X, X) + o(n_2)}, X >0, (3.2.21)
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where L} (X, X), k = 2,3, are given in Lemma 2.4.2 and (c3[V*(Z)] — c3[VZ(V))])
is determined by (3.2.20).

PRrROOF: The proof follows from (3.2.14) if we replace the difference of the second
order cumulants by (3.2.19), taking into account that, by Lemma 2.4.2, L} (X, 3)
is of order n =%+ k > 3, and note that the differences of the cumulants c[V?(Z)]—
cx[V2(V)] do not depend on n. 1

We get an approximation of order n~! from Theorem 3.2.4 in the following way.

Corollary 3.2.4.1.

f2(X) = fv(X){l - ﬁved(uu’ T+ X pp')

x (G, G,H), ® J) G H Jvec((X/n+ )" @ (X/n+X)"") + 0(711)}, X >0,

where, as previously, H, =1+ K, , — (K, )4

PROOF: The statement follows from (3.2.21) if we omit the L3 (X, 3)-term, which
is of order n=2, and then use the n=! term in L%(X, X) in (2.4.68). 1

3.2.5 Problems
1. Let S be Wishart distributed. Show that assumptions (3.2.7) and (3.2.8) are
satisfied for S~1.
2. Let Z ~ E(u, 'V, ¢). Find the approximation (3.2.15) for the elliptical popu-
lation.
3. Find a matrix M3 such that

c3[S] =n M3z + O(n™?),

where M3 does not depend on n.

4. Establish (3.2.19).

Establish (3.2.20).

6. Present the expansion (3.2.21) in such a way that the terms of order 1 and
# are presented separately.

7. Write out a formal density expansion for a p—vector y through the mixture
f(x) of two normal distributions

o

Fx) =7vfns)(X) + (1 =) N5, (%)

8. Find a Wishart expansion for the sample dispersion matrix when the popu-
lation has a symmetric Laplace distribution with the characteristic function

1

)= —
#(t) 1+ Lo/t

where X is the dispersion matrix.
9. Find a Wishart approximation for S™! using two terms.
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10. The multivariate skew normal distribution SN,(X, o) has a density function

f(x) = 2fn(0,x) (x)®(a'x),

where ®(z) is the distribution function of N(0,1), e is a p—vector and 3:
p X p is positive definite. The moment generating function of SN, (X, ) is of

the form .
Lo o't
M(t) = 2e2* 2'@()
(®) V1i+oa'Ya
(see Azzalini & Dalla Valle, 1996; Azzalini & Capitanio, 1999). Find a formal
density expansion for a p—vector y through SN, (3, a) which includes the
first and second order cumulants.
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3.3 GENERAL MULTIVARIATE EXPANSIONS

3.3.1 General relation between two densities

In the previous section we obtained approximation formulae for density functions
of p—dimensional distributions via densities of the same size. For multivariate
analysis this situation is somewhat restrictive. In this section we are going to
consider the approximation of the distribution of a p—dimensional random vec-
tor via a r—dimensional distribution when p < r. There are many situations
when it would be natural to approximate a distribution of a multivariate statistic
with a distribution of higher dimension. Let us give some examples. The sample
correlation matrix R is a function of the sample dispersion matrix S. If the pop-
ulation is normally distributed, the matrix S is Wishart distributed. Therefore,
it can be of interest to approximate the distribution of R by the Wishart distri-
bution. However, there are %p(p + 1) different random variables in S, whereas
there are %p(p — 1) different variables in R. We have a similar situation when
approximating the density of an eigenvector of S with the Wishart distribution,
or if one wants to approximate the distribution of the generalized variance [S]
with the multivariate normal population distribution, for example. Very little has
been written on approximation of distributions in the case of different dimension-
alities. Kolassa (1994) examines different dimensionalities when approximating a
conditional distribution, and we can also refer to Skovgaard (1987). The following
presentation is based on the paper by Kollo & von Rosen (1998). A general rela-
tion between density functions will be obtained with the help of the next lemma,
which gives a representation of a p—dimensional density through an integral over
the r—dimensional Euclidean space. For the presentation we use the following no-
tation: let y be a random p—vector and t1, t real p— and r—vectors, respectively,
with p <r. Let P : p x r be a real matrix of rank r»(P) = p. Consider in R" the
following one-to-one transformation:

(3
Z

so that t; = Pt, z = (P’)° At, where A : r x 1 is a positive definite matrix and
(P")° : rx (r—p) is any full rank matrix which, as previously, spans the orthogonal
complement of the column space of P/, i.e.

(tzl) - ((P’?",A) t. (3.3.1)

In the given notation the following lemma is valid.

Lemma 3.3.1. Let y be a random p—vector with density fy(x) and matrices
P, (P’)° given in (3.3.1). Then

1
(27)z (r+P)

X /R ] exp(—i(Pt)'xo)py (Pt)exp{—1t'A(P")°((P")” A(P")°) "1 (P')” At}dt.

fy(xo) = |A|?|PATIP'|2

(3.3.2)
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PRrOOF: Denote the right hand side of (3.3.2) by J. Our aim is to get an approxi-
mation of the density fy(x) of the p—dimensional y. According to (3.3.1), a change
of variables in J will be carried out. For the Jacobian of the transformation, the
following determinant is calculated:

[N

(1 e aw

il a) e
= [AJF[PATIP|3|(P)7 A(P)° .
This means that the Jacobian of the transformation (3.3.1) equals
[AI72PATIPY 3 (P) 7 A(P)7|

and we obtain

/ exp(—it1'xo)py (t1)dty
RP
1

17/ |(P)* A(P')°| 2exp(— 12/ ((P')” A(P')°) " 'z)dz.
(271—)5(7’—13) Rr—»p

The last integral equals 1, since it is an integral over a multivariate normal density,
ie.z~ N,_p(0,(P")° A(P’)°). Thus, by the inversion formula given in Corollary

3.2.1.L1,
1 .
J = W /Rp exp(—it)Xo) @y (t1)dt1 = fy(xo)

and the statement is established. ]

If x and y are vectors of the same dimensionality, our starting point for getting a
relation between the two densities in the previous paragraph was the equality

o) = 2 (0,

where it is supposed that oy (t) # 0. However, since in this paragraph the di-
mensions of the two distributions are different, we have to modify this identity.
Therefore, instead of the trivial equality consider the more complicated one
AJFPATIP|E (2m) 2 Pexp( it yo) oy (t1)
x exp{—3t'A(P')’((P)” A(P')") " (P')” At}
= |A|Z|PAT'P!|2 (21) " k(ty, t)exp(—it'xo)ox(t), (3.3.3)

where

_ T(r—p pr(tl)

x exp{it'xo — it} yo — 3t'A(P)°((P")" A(P')°) L (P")” At}. (3.3.4)
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The approximations in this paragraph arise from the approximation of the right
hand side of (3.3.4), i.e. k(t1,t). If x and y are of the same size we may choose
t; =t and xg = yo, which is not necessarily the best choice. In this case, k(t1,t)

t
reduces to Py Etg , which was presented as the product
Px
py(t) _ r (A _ ®k—1
ox(t) [T exp {5t/ (crly] — exlx)t® 13, (3.3.5)
x k=1

when proving Theorem 3.2.1. In the general case, i.e. when t; = Pt holds for some
P, we perform a Taylor expansion of (3.3.4) and from now on k(t,t) = k(Pt, t).
The Taylor expansion of k(Pt,t) : R” — R, is given by Corollary 1.4.8.1 and
equals

E(Pt,t) = k(0,0) + Y 4t'k/(0,0)t%7 " 41, (), (3.3.6)
j=1

where the derivative ‘
d7k(Pt, t)
dti

is given by (1.4.7) and (1.4.41). The remainder term r,,(t) equals

K/ (Pt,t) =

rm(t) = Gt KT (PO 0 t), 00 £)t7™, (3.3.7)

where @ot is the Hadamard product of 8 and t, and @ is an r—vector with elements
between 0 and 1. Using expression (3.3.6), the relation in (3.3.3) may be rewritten.
The next lemma is a reformulation of the equality (3.3.3) via the expansion (3.3.6).

Lemma 3.3.2. Let k(t1,t) = k(Pt,t) be given by (3.3.4), where t is an r—vector
and P: p x r. Then
|A|Z|PAP/|5 (2m) "2 ()
x exp(—i(Pt)'yo)py (Pt)exp{—5t' A(P")((P') A(P')?) " (P)” At}

moq .
= [A[Z[PATIP3 { (27)2 0P £ 3" 'K (0,009 + 7, ()

=
x (27) " "exp(—it'xo)px(t),
where 1., (t) is given by (3.3.7), A : r X r is positive definite and (P')° : r x (r —p)
is introduced in (3.3.1). 1
Put
h;(t) = i 7Kk’ (Pt, t) (3.3.8)

and note that h;(0) is real. Now we are able to write out a formal density expansion
of general form.
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Theorem 3.3.1. Let y and x be random p—vector and r—vector, respectively,
p <r, P:pxr be areal matrix of rank r(P) = p, and A : r X r positive definite.
Then

fy(yo) = |A|2|PATTP'|2
{(27r)5(TP)fx(xo) + Z(—1)k%vec'hk(0)vecf,’f(xo) + rfn}

k=1

and
T = (27r)7r/ rm (t)exp(—it'xq)px (t)dt,
RT'

where r,, (t) is defined by (3.3.7) and hy(t) is given by (3.3.8). When
[t By, (V)EO™| < ), 1t for some constant 1™ —vector ¢pq1, V € D,
where D is a neighborhood of 0, then

1
< —(2m) 7" c Mg (t)dt.
‘m'—(m_i_l)'( 7'(') /RT| m—+1 |§D()

PrROOF: Using the basic property of the vec-operator (1.3.31), i.e. vec(ABC) =
(C' ® A)vecB, we get

t'hy (0)t%F 1 = vec' (hy,(0))t®*.

Then it follows from Corollary 3.2.1.L1 that
(Qw)_r/ (it")hy, (0)(it) ©F Lexp(—it'x0 ) px (t)dt = (—1)*vec'hy,(0)vect? (x)

and with the help of Theorem 3.2.1, Lemma 3.3.1 and Lemma 3.3.2 the general
relation between fy(yo) and fx(xo) is established. The upper bound of the error
term 7}, follows from the fact that the error bound of the density approximation
is given by

@) [ (e o ()] < (27) 7 /

|7 (£) [ (£)dt
R Rr

and we get the statement by assumption, Lemma 3.3.1 and Lemma 3.3.2. 1

We have an important application of the expression for the error bound when
x ~ Npr (0,1, ® ). Then ¢x(t) = exp(—3t/(I, ® X)t). If m + 1 is even,
we see that the integral in the error bound in Theorem 3.3.1 can be immediately
obtained by using moment relations for multivariate normally distributed variables
(see §2.2.2). Indeed, the problem of obtaining error bounds depends on finding a
constant vector ¢,,+1, which has to be considered separately for every case.

In the next corollary we give a representation of the density via cumulants of the
distributions.
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Corollary 3.3.1.1. Let y be a p—vector, x an r—vector, P : p x r of rank
r(P) =p, A : r xr positive definite and (P’)° : r x (r — p) of rank r((P’)°) =r —p.
Then

Foo) = ATHPAPE 20 o) — (M + M veet )

+ %((Mo + M;)'®? + vec' My )vecf? (x()
— H{vecd' M3 + (Mg + M1)'®? 4+ ved’ My ® (Mo + M1)'(Is + I ® K;, + K,2 )}

x vecf2(xq) + r§},

where
M, =x¢ — P'yo, (3.3.9)
M; =P’ci|y] — a1[x] = P'Ely] — E[x], (3.3.10)
M, =P’c3[y|P — c2[x] + Q = P'D[y]P — D[x] + Q, (3.3.11)
M; =P’ c3[y|P®? — ¢3[x], (3.3.12)
Q =AP)° (P AP)°) " (P)”A. (3.3.13)

PROOF: For the functions hg(t) given by (3.3.4) and (3.3.8) we have
dlnppry (t)  dlnpx(t)

h;(t) =i 'k (Pt,t) =i ' (ixo — iP'yo — Qt + n o Vk(Pt,t),
d*Inppry(t)  d?lnpx(t)
h — '—2k2 P — -—2 Yy _ X _ P
2(t) (1.4.19)2 (Pt,t) =i {( dt2 dt? Q)k(PE,t)
) . dlnppry(t)  dinpy(t)
1 _ ’ _ y _ 4
+k (Pt,t){ixo — iP'yo — Qt + 7t 7t } }
and
e o, d®Inppiy(t)  dlnpy(t)
hy(t) = i ’K3(Pt,t)=i"3 ALL AR k(P t
() = Py =i { (U k(P t)
(1.4.23)

Plngpry (t)  d’Inpx(t)

+ k' (Pt, t)vec/( - Q)

dt? dt?
d*Inppry(t)  d?Ingy(t) 1 /
(o~ g~ Qe (K (Ptt))

dl y(t dlnpy (t

) ®k2(Pt,t)}.

dt dt
Thus, according to Definition 2.1.6,
h;(0) =(x0 — P'yo + P'c1]y] — c1[x])%(0,0), (3.3.14)
hy(0) =(P’co[y|P — ca[x] + Q)k(0,0) + hy(0)(x0 — P'yo + P'er[y] — e1[x])

(3.3.15)

and
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h3(0) =(P'cs[y|P®? — ¢3[x])k(0, 0) + hy (0)ved' (P'cy[y]P — c2[x] + Q)

+ (P'ealy]P — e2[x] + Q) ® (hy(0))’
+ (%0 — P’yo + P'eiy] — c1[x]) ® ha(0). (3.3.16)

Now k(0,0) = (27)2("~?) and, using (3.3.9) — (3.3.12),

hy(0) =(My + M;)(27)2 (P,

hs(0) ={M; + (Mg + M, ) (M, + M;)'}(2m)2 "),

h3(0) Z{Mg + (Mo + M;j)vec' My + My ®@ (Mg + M;)" + (Mg + M;) ® M,
+ (Mo + M) @ (Mg + M;)(Mp + M)} (2m)2(»),

the statement of the corollary follows from Theorem 3.3.1. ]

We end this paragraph by giving an example where a well-known problem of error
estimation is treated through our approach.
Example 3.3.1. Consider

y =X—- u’

where x and u are independent (Fujikoshi, 1985, 1987). It will be shown that if
we know the distribution of y and x, which implies that we know the moments of
u, then it is possible to approximate the density of y with an upper error bound.
In this case we may choose A =1, xg = yo and P = I. Moreover, using Definition
2.1.1 of my[u], the expression in Corollary 2.1.2.1, and applying (3.3.4) and (3.3.6)

gives us
k(t,t) = =1+y
k=1

ut® T 4, (t),

where a representation of the error term similar to (3.3.7) can be given as

m(t) = Gt k" (00 t, 0 0 £)t7™.

Thus, from Theorem 3.3.1 it follows that
fy(x0) = fx(x0) + Z Lved' E[u OFlvect® (xo) + 17,
k=1
and
=(2m)" / (m+1),vec "(K™TH(@ 0t,0 0t))t2 ™ T exp(—it'xg)@x (t)dt.
In order to obtain an error bound, we note that

lr* | < (2m)~" / [vec (K™ (B o t,0 o t))tE™ ||y (t)|dt,
RT

1
(m+ 1)1
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and since k(t,t) = ¢_y(t), it follows by Definition 2.1.1 that
lvec' (k™1 (0 o t,8 0 £))t2™ 1| = |vec' (E[u(u’)®me 1 (£00)])(—j)mt1g@m+1)
= [B[(u't)®m e o0 (—iym | < B[ (w't) 2. (3.3.17)

If m+1 is even, the power (u't)®™*! is obviously positive, which implies that the
absolute moment can be changed into the ordinary one given in (3.3.17). Thus, if
m + 1 is even, the right hand side of (3.3.17) equals E[(u)®™+1t®m+1 and if it
is additionally supposed that ¢x(t) is real valued, then

] < @) " gl El(w) ] / T ()t (3.3.18)
which is sometimes easy to calculate. For example, if x is normally distributed
with mean zero, the integral is obtained from moments of normally distributed
vectors. As an application of the example we may obtain multivariate extensions
of some of Fujikoshi’s (1987) results. 1

3.3.2 Normal expansions of densities of different dimensions

In this paragraph a formal density approximation is examined in the case when x
in Theorem 3.3.1 is normally distributed. In statistical applications y is typically
a statistic which is asymptotically normal, and we would like to present its density
through a multivariate normal density. Assume that the cumulants of y depend
on the sample size n in the same way as in (3.2.7) — (3.2.10). It means that the
first and third order cumulants are O(n~2) and the variance of y is O(1). It is
important to observe that from Corollary 3.3.1.1 we get a normal approximation
for the density of y only in the case when the term My = 0. Otherwise the
products of the second order moments will appear in all even moments of higher
order and these terms will also be of order O(1). So far, we have not made any
attempts to specify the unknown parameters xg, P, (P)° and A in the formal
expansions. The point xy and the matrices can be chosen in many ways and this
certainly depends on what type of approximation we are interested in. A normal
approximation can be effective for one set of parameters, while for a Wishart
approximation we may need a different choice. In the following text we shall only
describe some possible choices. First, we may always choose x( as a function of
P, so that

xo = P'yo — P'Ely] + E[x], (3.3.19)
which implies
h;(0) =0,
and in Corollary 3.3.1.1
My +M; =0.
Thus, Corollary 3.3.1.1 yields the following formal expansion:

fy(YO)
= |A|Z[PA'P/|2 (27)2 (" P) {fx(xo) + 2ved(P'D[y]P — D[x] + Q)vecfz(xo)

— tved (P'es[y|P®? — cs[x])vecfy (xo) + Tg}, (3.3.20)
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where P comes from (3.3.1) and Q is given by (3.3.13). However, this does not
mean that the point xo has always to be chosen according to (3.3.19). The choice
x9 = P’yq, for example, would also be natural, but first we shall examine the
case (3.3.19) in some detail. When approximating fy (y) via fx(x), one secks for a
relation where the terms are of diminishing order, and it is desirable to make the
terms following the first as small as possible. Expansion (3.3.20) suggests the idea
of finding P and A in such a way that the term My will be ”small”. Let us assume
that the dispersion matrices D[x] and D[y]| are non-singular and the eigenvalues
of D[x] are all different. The last assumption guarantees that the eigenvectors of
Dix] will be orthogonal which we shall use later. However, we could also study
a general eigenvector system and obtain, after orthogonalization, an orthogonal
system of vectors in R". Suppose first that there exist matrices P and A such that
M, = 0, where A is positive definite. In the following we shall make use of the
identity given in Corollary 1.2.25.1:

A =P'(PAT'P) TP+ A(P)°((P')” A(P')°) ' (P')” A.
With help of the identity we get from (3.3.13) the condition
M, = P'D[y]P — D[x] + A — P/(PA~'P')"'P = 0.

Here, taking
A = D[x] (3.3.21)

yields
P'DylP —P'(PA'P)"'P =0,

from where it follows that P must satisfy the equation
(Dly)"* =P(D[x]))"'P’. (3.3.22)
Then P will be a solution to (3.3.22), if
P = (Dly))"* V', (3.3.23)

where V : r X p is a matrix with columns being p eigenvalue-normed eigenvectors
of D[x]: viv; = \;, where ); is an eigenvalue of D[x]. Let us present the expansion
when xg, A and P are chosen as above.

Theorem 3.3.2. Let D[x] be a non-singular matrix with different eigenvalues \;,

1
i=1,...,r. Let D[y| be non-singular and D[y]|2 any square root of D]y]. Then
fy(y0) = |D[XJ|#Dly]|# (2m)2 P
X {fx(xo) — 1vec’ (P'es[y|P®? — cs[x]) vecf (xo) + r;}, (3.3.24)

where P is defined by (3.3.23) and x¢ is determined by (3.3.19).

PROOF: The equality (3.3.24) follows directly from the expression (3.3.20) after
applying (3.3.21), (3.3.23) and taking into account that My = 0. 1
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With the choice of xg, P and A as in Theorem 3.3.2, we are able to omit the
first two terms in the expansion in Corollary 3.3.1.1. If one has in mind a normal
approximation, then it is necessary, as noted above, that the second term vanishes
in the expansion. However, one could also think about the classical Edgeworth
expansion, where the term including the first derivative of the density is present.
This type of formal expansion is obtained from Corollary 3.3.1.1 with a different
choice of xy. Take xg = P’yp, which implies that My = 0, and applying the same
arguments as before we reach the following expansion.

Theorem 3.3.3. Let D[x| be a non-singular matrix with different eigenvalues \;,
i=1,...,r, and let D[y] be non-singular. Then, if E[x] = 0,

£y (o) = ID[Xllélmz[.V]_5(27T)§(T'_p){fx(><o) ~ Ely|'PE! (x0)

— Lvec’ (P'(c3[y]P®? — c3[x] — 2M$?) vecf? (xq) + 15 }, (3.3.25)

where xg = Py, )
P = (maly]) 2V’

and V is a matrix with columns being p eigenvalue-normed eigenvectors of D[x].

ProoF: Now, My = 0 and M; = P’E[y] in Corollary 3.3.1.1. Moreover, the sum
(M})®?2 + vec'Mj should be put equal to 0. If we choose A = DI[x], we obtain, as
in the previous theorem, the equation

(maly])™" = PD[x]P,

and the rest follows from the proof of Theorem 3.3.2. 1

In both Theorem 3.3.2 and Theorem 3.3.3 a matrix P has been chosen to be a
function of p eigenvectors. However, it has not been said which eigenvectors should
be used. To answer this question we suggest the following idea.

The density fx(xo) should be close to fy(yo). To achieve this, let us consider
the moments of respective distributions and make them close to each other. By
centering we may always get that both E[x] and E[y] are zero. Therefore, as the
next step, P is chosen so that the second moments will become close in some sense,
i.e. the difference

P'Dly|P — D[x]

will be studied. One way of doing this is to minimize the norm
&r{(P'Dly]P — D[x])(P'Dly|P — D[x])'} (3.3.26)

with respect to P. The obtained result is stated in the next lemma.

Lemma 3.3.3. Expression (3.3.26) is minimized, when

P = (Dly)) 2V,
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where V : r X p is a matrix with columns being eigenvalue-normed eigenvectors,
which correspond to the p largest eigenvalues of DIx].

PrOOF: Let
Q= P'Dly|P - D[]
dt !

and then we are going to solve the least squares problem Z%Q = 0. Thus, we
have to find the derivative

dtrQQ’ dQQ’ dQ dQ dQ

- e I = —_— 7K r - 27

dP (s ap L= gpveeQt GpKpsvecQ =275 vecQ

— o2 (DP o 1) + 97 (16 Dly]P)}vecq

= dvec{D[y]P(P'D[y|P — D[x])}.
The minimum has to satisfy the equation
vec{D|y|P(P'D[y]P — D[x])} = 0. (3.3.27)

Now we make the important observation that P in (3.3.23) satisfies (3.3.27). Let
(V : VO) : 7 x7r be a matrix of the eigenvalue-normed eigenvectors of D[x]. Observe
that D[x] = (V : VO)(V : V9. Thus, for P in (3.3.23),

1
D[y]P(P'D[y]P — D[x]) = D[y]2V'(VV' = VV' - V*(V?)) = 0,
since V/'V® = 0. Furthermore,

trQQ’ = tr{(VV' = VV' = VOV (VV' - VvV’ - VO (V"))
T—p
= tr(VO(VO'VO(VO)) = (W),

i=1
where A, i =1,2,...,7 — p, are the eigenvalues of D[x] with corresponding eigen-
vector v¢, VO = (v§,...,vp_,). This sum attains its minimum, if A are the
r — p smallest eigenvalues of D[x]|. Thus the norm is minimized if P is defined as
stated. ]
In Lemma 3.3.3 we used the norm given by (3.3.26). If it is assumed that E[x] = 0,
as in Theorem 3.3.3, it is more natural to use P'ms[y]P — ma[x] and consider the
norm

tr{ (P'ma[y|P — ma[x])(P'ma[y]|P — ma[x])'}. (3.3.28)

By copying the proof of the previous lemma we immediately get the next state-
ment.

Lemma 3.3.4. The expression in (3.3.28) is minimized when

1
P = (maly]) 2V’
where V : r X p is a matrix with columns being eigenvalue-normed eigenvectors

which correspond to the p largest eigenvalues of ma[x]. ]

On the basis of Theorems 3.3.2 and 3.3.3 let us formulate two results for normal
approximations.
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Theorem 3.3.4. Let x ~ N,.(u,X), where 3 >0, \;, i =1,...,p, be the eigen-

values of 33, and V the matrix of corresponding eigenvalue-normed eigenvectors.
1

Let D[y] be non-singular and D[y|z any square root of D[y]. Then

fy(yo) = |Z12|D[y]| "2 (2m) 2P fr( (o)

X {1 + gvec (P'c3[y]P®?) vecHs (xo0, 1, X) + Tg}’

where xg and P are defined by (3.3.19) and (3.3.23), respectively, and the mul-
tivariate Hermite polynomial H3(xo, i, 2) is given by (2.2.38). The expansion is
optimal in the sense of the norm ||Q|| = /tr(QQ), if A;, i = 1,...,p, comprise
the p largest different eigenvalues of X.

PRrROOF: The expansion is obtained from Theorem 3.3.2 if we apply the definition
of multivariate Hermite polynomials (2.2.35) and take into account that ¢;[x] =
0, i > 3, for the normal distribution. The optimality follows from Lemma 3.3.3.

Theorem 3.3.5. Let x ~ N,.(0,X), where X >0, \;, i =1,...,p, be the eigen-
values of 3, and 'V the matrix of corresponding eigenvalue-normed eigenvectors.
Let myly] be non-singular and myly]? any square root of msly]. Then

Fy(y0) = B2 [maly]| 72 (2m) 2P fr 0,5 (x0)

- {1 + (Ely]) PHi(xo, B) + gved (P'e3[y]P®? — 2M{?) vecH3(xo, 2) + T§}7

where xg and P are defined as in Theorem 3.3.3 and the multivariate Hermite
polynomials H;(x¢, %), i = 1,3, are defined by (2.2.39) and (2.2.41). The expan-

sion is optimal in the sense of the norm ||Q|| = /tr(QQ/), if X;, ¢ = 1,....p
comprise the p largest different eigenvalues of 3.

PRrROOF: The expansion is a straightforward consequence of Theorem 3.3.3 if we
apply the definition of multivariate Hermite polynomials (2.2.35) for the case u = 0
and take into account that ¢;[x] = 0, ¢ > 3, for the normal distribution. The
optimality follows from Lemma 3.3.4. ]

Let us now consider some examples. Remark that if we take the sample mean X
of x1,X2,...,Xp, where E[x;] = 0 and D[x;] = X, we get from Theorem 3.3.4 the
usual multivariate Edgeworth type expansion. Taking y = 1/nX, the cumulants of
y are

1
Eb]=0, Diy]=3%, eal]= bl aly]= o(=), k=4
If we choose P =1 and yo = xq, it follows from Theorem 3.3.4 that

Fo(x0) = fulxo){1+ %vec'% by vecHs (x0, ) + 3 ).
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1

The following terms in the expansion are diminishing in powers of n~2, and the
first term in r3 is of order %

Example 3.3.2. We are going to approximate the distribution of the trace of
the sample covariance matrix S, where S ~ W,,(%E,n). Let x1,X2,...,Xp+1 be
a sample of size n + 1 from a p—dimensional normal population: x; ~ N,(u, ).
For a Wishart distributed matrix W ~ W,(%, n) the first cuamulants of trW can
be found by differentiating the logarithm of the characteristic function

Yuw(t) = —5In|I — 2it3).
Thus, differentiating ¥,w (t) gives us
crtrW] = n28" 1k — Dtr(ZF),  k=1,2,..., (3.3.29)
(see also Problems 5 and 6 in §2.4.9). Let us take
Y = /ntr(S - X).

Because S ~ W,,(+3, n), from the general expression (3.3.29) of the cumulants of
trW we have:

C1 [Y] :07

CQ[Y] :2111'22

cs[Y] =8 tr23

alY] = ( =), k> 4.

Let us approximate Y by x ~ N,(0,X). Theorem 3.3.4 gives the following expan-
sion:

Fr(yo) = (2m)2P~V[S7 (26r52) 77 fie(x0)

L tr(=") vi®3vecHs(x rs
{H?’f(trzz) it )7

where H3(xg, X) is defined by (2.2.41), and

1
Xg = {Qtr(zz)}_ 2V1Yo,

where v; is the eigenvector of 3 with length /A; corresponding to the largest
eigenvalue A1 of ¥. The terms in the remainder are of diminishing order in powers
of n=2, with the first term in r3 being of order % ]
Example 3.3.3. Let us present the density of an eigenvalue of the sample variance
matrix through the multivariate normal density, x ~ N,(0,3). From Siotani,
Hayakawa & Fujikoshi (1985) we get the first cumulants for \/n(d; — A;), where
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Ai # 0 is an eigenvalue of the population variance matrix 3: p X p, and d; is an
eigenvalue of the sample variance matrix S:

1
Ck d; i) =o(n~2), k>4,
where , »
XA AZ)\2
a; = A ];\ ) bl = Z A ! Ak )
ot i ket ( i k)

Since the moments cannot be calculated exactly, this example differs somewhat
from the previous one. We obtain the following expansion from Theorem 3.3.4:

1, 1 1 1
Fmtai—an (o) = (2m)2 P~V |27 (202 + *Qbi) 2 fx(x0)

{1 A0+ L) I ey (x0, D) +7), (3330)

3vn

where v is the eigenvector corresponding to A1, of length /A1, where A is the
largest eigenvalue of . The point x¢ should be chosen according to (3.3.19), and

thus o, 1
_= a;
xo—(2)\2+—) 2viyo — NG

The first term in the remainder is again of order . We get a somewhat different
expansion if we apply Theorem 3.3.5. Then

To-Dimidon2 L L2 -3
fymds—x) (o) = (27)2 2]z (2)7 + E(ai +2b;)) "2 fx(x0)
x {1—}—L a-(2)\2+1(a2+2b-))’%v 'vecH1 (%0, 2)
\/’ﬁ ) i n i 7 1 1 05

2 1 ,
+ %)\f’()\f + Ebi)_%v1®3vecH3(x0, E)) + 715},

where 1
xo = (2A2 + E(af +2b)) "2 v1 yo

and v; is defined as above, since the assumption E[x] = 0 implies 3 = ma[x].
The first term in the remainder is again of order % ]

3.3.3. Wishart expansions for different dimensional densities

In paragraph 3.2.4 we saw that in Wishart expansions, unlike in normal approx-
imations, the second and third order cumulants are both included into the ap-
proximations. So, it is desirable to have the second order cumulants included into



342 CHAPTER III

the following expansions. This can be obtained by a choice of point x¢ and the
matrices P, P° and A different from the one for the normal approximation. Let us
again fix the point x¢ by (3.3.19), but let us have a different choice for A. Instead
of (3.3.21), take

A=1

Then (3.3.13) turns into the equality
Q= (P)°((P)’ (P)°)"'(P")” =1—P'(PP)"'P. (3.3.31)
We are going to make the term
M, = P'D[y|P — D[x] + Q
as small as possible in the sense of the norm
| My [|= {tr(MoM,)}=. (3.3.32)

From Lemma 3.3.2 and (3.3.15) it follows that if we are going to choose P such that
t'h2(0)t is small, we have to consider t'Mat. By the Cauchy-Schwarz inequality,
this expression is always smaller than

t/t{tr(MoMy,)} /2,

which motivates the norm (3.3.32). With the choice A = I, the term in the
density function which includes My will not vanish. The norm (3.3.32) is a rather
complicated expression in P. As an alternative to applying numerical methods to
minimize the norm, we can find an explicit expression of P which makes (3.3.32)
reasonably small. In a straightforward way it can be shown that

tr(MaM}) = tr(MoP' (PP')"'PM,) + tr(My(I — P/(PP/)"'P)M,). (3.3.33)

Since we are not able to find explicitly an expression for P minimizing (3.3.33),
the strategy will be to minimize tr(MyAP’(PP’)"1PM;) and thereafter make

tr(Mo(I — P/(PP')"'P)Ms,)

as small as possible.
Let U: rxpand U°:rx (r—p) be matrices of full rank such that U'U° = 0 and

D[x] =UU’ + U°U"

(U:U°)(U:U%) =A = (1})1 130) ,

where A is diagonal. The last equalities define U and U? as the matrices consisting
of eigenvectors of D[x]:

D[x](U : U°) = (UA; : U°Ay).
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Let us take
P = D[y]~'/?U". (3.3.34)
Then, inserting (3.3.34) into (3.3.11), we obtain
M, = UU' - UU' - U°U” + Q = Q - U°U”,
which implies that Ms is orthogonal to P, which allows us to conclude that
tr(MoP/(PP')"'PM,) = 0.
The choice (3.3.34) for P gives us the lower bound of tr(MyP’(PP’)~"!PM,), and

next we examine
tr{Ms(I — P'(PP’)"'P)M,}.
Notice that from (3.3.31) Q is idempotent. Since PQ = 0, we obtain
tr{Mz(I - P'(PP')~'P)Ma} = tr{(I - D[x])(I - P'(PP')~'P)(I - D[x])}
= tr{U°(U°'U°)~ U — 2U0°U” + U°U° U°U° }
=tr(L,—p, — 2A0 + A2)

r—p

= tr(A0 ~1p)* = 3 (1= X)”
i=1
where A\ are diagonal elements of Ag. The trace is small when the eigenvalues
A9 are close to 1. Thus, a reasonable choice of P will be based on p eigenvectors,

which correspond to the p eigenvalues \; of D[x] with the largest absolute values
| — 1.

1
Noting that the choice of D[y]2 is immaterial, we formulate the following result.

Theorem 3.3.6. Let D[x] be a non-singular matrix with different eigenvalues \;,
Dly] non-singular, and u;, i = 1,2, ...p, be the eigenvectors of D[x] corresponding
to \;, of length \/\;. Put p; = |\;—1| and let ti(;y denote the diminishingly ordered
values Ofplti with By = |>\(i) —1]. Let U = (11(1)7 .. ,U(p)), A(l) = ()\(1)7 ey )\(p))d

and D[y]2 denote any square root of D[y]. Then the matrix
P = Dly] > U’

minimizes My in (3.3.11), in the sense of the norm (3.3.32), and the following
expansion of the density fy(yo) holds:

fy(yo) = (2m)2"~P)| D[y]| "% H \/)‘(k){fx(xo)
k=1

+ Jved (I+ U(T, — A} U’ — D[x])vecf2(xo)

= Lved! (PealylP®2 — eslx]) vee S (yo) + 3}

where x is determined by (3.3.19). 1

Let V=W —nX, where W ~ W(X, n) (for the centered Wishart distribution see
§2.4.8). Then the following formal Wishart approximation of the density fy(yo)
can be written out.
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Theorem 3.3.7. Let y be a random q—vector and Dly] non-singular, and let
eigenvalues of D[V?(V)] be denoted by \; and the corresponding eigenvalue-
normed eigenvectors by w;, i = 1,...,3p(p + 1). Put p; = |X\; — 1| and let
tiy be the diminishingly ordered values of ju; with pi;y = [A\;y —1|. Let U consist
of eigenvectors ug, i = 1,2,...,q, corresponding to Ay, Ay = (A1), -5 Ag))ds
and D[y]? denote any square root of D]y]. Then the matrix

P =Dly] > U’

minimizes the matrix My in (3.3.11), in the sense of the norm (3.3.32), and the
following formal Wishart expansion of the density fy(yo) holds:

q
fy(yo) = (2m)2GPETU=DDly]| 72 T4 /A fv (Vo)
k=1
X {1 + gvec' (I+ UL, — A)U' = e2[V(V)])vecL;(Vo, )
+ Lvecd (P'esly]P®? — c3[VZ(V)]) vecL5(Vo, X) + r;}, (3.3.35)

where the symmetric V is given via its vectorized upper triangle V(Vy) =
P'(yo — Ely]), L{(Vo,X), i = 2,3, are defined by (2.4.66), (2.4.62), (2.4.63),
and ¢;[V%(V)], i = 2,3, are given in Theorem 2.4.16.

PRrOOF: The expansion follows directly from Theorem 3.3.6, if we replace f¥(xq)
according to (2.4.66) and take into account the expressions of cumulants of the
Wishart distribution in Theorem 2.4.16. 1

REMARK: Direct calculations show that in the second term of the expansion the
product vec'ca[VZ(V)]vecL3(Vo, =) is O(+), and the main term of the product
vec'cs[V2(V)]vecLs(Vo, X) is O(;). It gives a hint that the Wishart distribution
itself can be a reasonable approximation to the density of y, and that it makes
sense to examine in more detail the approximation where the third cumulant term

has been neglected.

As the real order of terms can be estimated only in applications where the statistic
y is also specified, we shall finish this paragraph with Wishart approximations of
the same statistics as in the end of the previous paragraph.

Example 3.3.4. Consider the approximation of trS by the Wishart distribution,
where S is the sample dispersion matrix. Take

Y =ntr(S - X).

From (3.3.29) we get the expressions of the first cumulants:

a[Y] =0,

co[Y] =2ntr¥?,

cs[Y] =8ntrx3,

ck[Y] =0(n), k>4
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The expansion (3.3.35) takes the form

Py (yo) = (2m)3BPEHD=D (2p6r332) 3 ) g fy (V)
{l—i— svec (IT+u)(1 Aa%)u’(l)—cz[V2(V)])vecL§(Vo72)
_|_

3

yee ( 2V w2 - cg[v%vn) VeV, ) +13

VnViry?
where (1) is the eigenvalue of D[V?(V)] with the corresponding eigenvector uy)
of length \/A¢1). The index (1) in A¢1), Vo, L} (Vo,X) and ¢;[V*(V)] are defined
in Theorem 3.3.7.
At first it seems not an easy task to estimate the order of terms in this expansion, as
both, the cumulants ¢;[V(V)] and derivatives L} (V(, £) depend on n. However, if
n > p, we have proved in Lemma 2.4.2 that L (V, X) ~ O(n~F=1) k=23 ...,
while cx[VZ(V)] ~ O(n). From here it follows that the L*(VO, ) —term is O(1),
L3(Vo,X)—term is O(L) and the first term in R% is O(:%). 1
Example 3.3.5. We are going to consider a Wishart approximation of the eigen-
values of the sample dispersion matrix S. Denote

where d; and 9; are the i—th eigenvalues of S and 3, respectively. We get the
expressions of the first cumulants of Y; from Siotani, Hayakawa & Fujikoshi (1985),
for example:

)

c2(Y3) =2n62 + 2b; + O(n 1),
)
)

where

P P
;0 6207
ai = bi=) (TR AL
ki 7
From (3.3.35) we get the following expansions:

101 _ )\
o) = (2m) HAPIEDTD 28 £y (Vo)

x {1 + gvec (L+ugy (1 = Ag)ufy) — c2[VZ(V)])vecLs (Vo, X)

2v/2
+ évec’ <\/\gu(1)u'(%2 - CS[V2(V)]> vecL3(Vo, X) + 7‘§}
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Here again A(q) is the eigenvalue of D[V?(V)] with the corresponding eigenvector
u(yy of length \/A¢1). The index (1) in A(yy, Vo, Li(Vo, %) and ¢;[V3(V)] are
given in Theorem 3.3.7.

Repeating the same argument as in the end of the previous example, we get that
the L3(Vo, X)—term is O(1), L3(Vo, X)—term is O(+) and the first term in 3 is
O(;)- '

n2

3.3.4 Density expansions of R

We are going to finish the chapter with a non-trivial example of using general
multivariate approximations. In §3.1.4. we derived the asymptotic normal distri-
bution of the sample correlation matrix R. The exact distribution of the sample
correlation matrix is complicated. Even the density of the sample correlation
coefficient r in the classical normal case is represented as an infinite sum of com-
plicated terms (Fisher, 1915). The normalizing Fisher z—transformation, which
is commonly used for the correlation coefficient, cannot be applied to the matrix
R. Expansions of the distribution of the sample correlation coefficient and some
univariate functions of R have been studied for many years. Here we refer to Kon-
ishi (1979) and Fang & Krishnaiah (1982) as the basic references on the topic (see
also Boik, 2003). Following Kollo & Ruul (2003), in this paragraph we are going
to present multivariate normal and Wishart approximations for the density of R.
To apply Theorems 3.3.4 — 3.3.7, we need the first three cumulants of R. The cu-
mulants can be obtained by differentiating the cumulant function. Unfortunately,
the characteristic function and the cumulant function of R are not available in
the literature. In the next theorem we present an expansion of the characteristic
function.

Theorem 3.3.8. The first order approximation of the characteristic function of
the sample correlation matrix R is of the form:

.y 1
oRr(T) = e TVQCQ{I - §vec’TD1m2 [vecS| D vecT
; 1
+ %Vec'T{Vec’(mg[vecS]) ® L2 }vecDy + 0 () }, (3.3.36)
n

where Dy is given by (3.1.13),

Ty (vecS) — i{E[(X— )& (X ) ® (X - p) @ (X — )]

n —

1
— vecYvecd'E + 71(11,2 + K, ) (E® E)} (3.3.37)
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and

1 1 1 _3
D; = —3(I, 9 K,, 9 1,) (L @ vees, * +vees, * @ 1z ) (1, @ 37 7) (Kpp)a

1
D) (L2 @ (Kpp)a) (I, @ Kpp @ I) (L2 ® vecl,, + vecl, @ L)

—1 3 1 _3 _3 _1 _3
<Az o3 -5 (Le s = 33722 0 37) (Kp,)a)-

(3.3.38)

PRrROOF: The starting point for the subsequent derivation is the Taylor expansion
of vecR

dR\’
vecR = vec) + () vec(S — X)
ds
S=%
1 , (PR’
+ i{vec(S -Y)®@Le} 5 vee(S — X) + ro.
S=%
Denote
dR\’ eR\’
vecR* = vecR — ra, D; = (dS) , D, = (d82>
S=% S=%

In this notation the characteristic function of vecR* has the following presentation:
OR» (T) — eivcc'TvccﬂE [eivcc'TAeivcc'TB:| (3 3 39)

where

A =Djvec(S — %),
B— %{Vec(s — %) ®L:) Davec(S — ).

From the convergence (3.1.4) it follows that A ~ Op(ﬁ) and B ~ Op(2).
Expanding the exponential functions into Taylor series and taking expectation
gives

. 1
@R+ (T) = eivec Tvecs? {1 — gvec’TDlﬁg (vecS)DvecT
} 1
+ %vec’TE {(vec(S -¥)® Ipz)/ Davec(S — E)} +op <> } .
n

The expansion (3.3.36) in the theorem follows after using properties of the vec-
operator and Kronecker product. Now we only have to find the expressions of
mma(vecS) and Dy. The first one, my(vecS), is well known and can be found in
matrix form in Kollo & Neudecker (1993, Appendix I), for instance. To obtain Ds,
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we have to differentiate R by S twice. The equality (3.3.38) follows after tedious
calculations which we leave as an exercise to the reader (Problem 5 in §3.3.5). The
proof is completed by noting that the approximation of the characteristic function
of R* is also an approximation of the characteristic function of R. ]

From (3.3.36) we get an approximation of the cumulant function of R:

1
YRr(T) = Inpr (T) = ivec'Tvec? + In {1 — ivec'TDlmg [vecS|DvecT

) 1
+ %VGCIT {vec' (ma[vecS]) ® L2 } VeCDQ} +o0 (n) : (3.3.40)
Denote
M =D my [VGCS]DID (3341)
N = (vec'{mz[vecS]} @ I2) vecDs. (3.3.42)

In this notation the main terms of the first cumulants of R will be presented in
the next

Theorem 3.3.9. The main terms of the first three cumulants ¢} [R] of the sample
correlation matrix R are of the form

i [R] = vecd + %N, (3.3.43)
G[R] = %{L(vecM ©L:) - %NN’}, (3.3.44)
ciR] = i {(;NN' — L(veceM ® IL2)) (N' @ L2) (I + K2 2)

— Nvec'L(vecM ® Ip2)}, (3.3.45)

where Q, M and N are defined by (3.1.12), (3.3.41) and (3.3.42), respectively, and
L= (Ip2 (9 VeC/Ip2)<Ip6 + sz’pzx). (3346)

PROOF: In order to get the expressions of the cumulants, we have to differentiate
the cumulant function (3.3.40) three times. To simplify the derivations, put

1
i (T) = ivec'Tvec§2 + In {1 - iVeC/TDlmz [vecS|DvecT

+ %vec’T {ved (mz[vecS]) @ 1,2 } vecDQ} :

The first derivative equals

AL (T) 1
SYR\T) Q
ar O T T e T (MveeT —iN)

1
x5 {iN — (I2 ® ved'T + vec'T @ L2)vecM } ,
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from where the equality (3.3.42) follows by (2.1.33).
The second derivative is given by

A5 (T) i d(HoHy) i (dH, dH,
= — = — H/ H . .4
dT? 2 4T o\ gT 2T g ) (3.3.47)

where ) )
H; = (1- gvec’TMvecT + %vec’TN)_l7

H; = N+ i(L,: ® vec'T + vec'T ® I,2)vecM.

The two derivatives which appear in (3.3.47) are of the form:

dH; _ 1d(ivec'TN — vec'TMvecT) dH,
dT 2 dT d (1 — Lvec' TMvecT + Zvec'TN)
1
=3 [(I,2 @ vec'T)(Iu + K2 2 )vecM — iN| HE,
dH
TTZ = ’i(Ipz & VeC/Ipz)(Ipa + Kp27p4)(VeCM & Ipz).

After replacing the obtained derivatives into (3.3.47), at T = 0, we get the main
term of the second cumulant

1 1
cIR] = 3 (L(vecM ®1,2) — iNN/)’
where L is given in (3.3.46).

We get the third cumulant after differentiating the right-hand side of (3.3.47).
Denote

dH
TTQ = iLy = iL(vecM @ L2).
Then
1 d 42 1
AR = —-={= (- -HHH, + L H,
i3 dT{ 2 2 )} T=0
1 {_1dH2H1(H2H1)' N dHlvec’Ll}
2i 2 dT dT T=0
1 (4 dH.H, dH, .
=3 {2 —gr HiH; ®Le + L @ HiHy) — — Ve‘”“} T—0
1

= {(;NNI —L)(N@L:+1:oN) - Nvec’Ll} )

Now we shall switch over to the density expansions of R. We are going to find
approximations of the density function of the %p(p — 1)—vector

z = /nT(c,)vec(R — Q),
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where T(c,) is the $p(p — 1) x p?—matrix defined in Proposition 1.3.21, which
eliminates constants and repeated elements from vecR and vec2. It is most es-
sential to construct expansions on the basis of the asymptotic distribution of R.
Let us denote the asymptotic dispersion matrices of z and y/nvec(R — Q) by X,
and Xr. The matrix Xr was derived in Theorem 3.1.6:

Sk = D,IID),

where IT and D; are given by (3.1.5) and (3.1.13), respectively. In the important
special case of the normal population, x ~ N,(u, %), the asymptotic dispersion
matrix Il is given in Corollary 3.1.4.1. Theorem 3.1.4 also specifies another
matrix of interest:

3, =T(cp)ZErT(cp)

Using (3.3.37) and the expressions (3.3.43) — (3.3.45) of ¢} [R], i = 1,2, 3, it follows

that
1

NG

1
cilz) =E+ EFQ +o(n™h),

1
cilz] = T +o(n™2),

cilz] = %1—‘3 + o(nfé),
where
= %T(cp)(vec’l'[ ® IL2)vecDs, (3.3.48)
E= %T(CP)L{vec(DlvecHD'l) @ I,2}T(cp), (3.3.49)
Iy = fiT(cp)(vec’H @ L2 )vecDavec Do (vecIl @ L,2)T(c,)’, (3.3.50)
;= iT(cp){(vec/H ® L2 )vecDavec Dy (vecII @ 1,2 ) (3.3.51)

— L(vec(DyvecIID}) ® Ly2)(+vec' Dy (vecll @ L2 ) @ Ly2) (Ips 4+ K2 2)
— (vecd'TI ® I,2)vecDavec {L(vec(DyvecIID} ) ® Ipz)}}T(cp)'®2.

When approximating with the normal distribution, we are going to use the same
dimensions and will consider the normal distribution N,.(0,Z) as the approximat-
ing distribution, where r = %p(p — 1). This guarantees the equality of the two

variance matrices of interest up to an order of n=1.

Theorem 3.3.10. Let X = (x3,...,X,) be a sample of size n from a p—dimen-
sional population with E[x] = p, D[x] = X, my[x] < oo, and let Q and R be
the population and the sample correlation matrices, respectively. Then, for the
density function of the r—vector z = \/nT(c,)vec(R — Q), r = 3p(p — 1), the
following formal expansions are valid:

O S = Inem) {1 v (VETETE V)
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1
x vecHjs(xo, 2) + O(ﬁ)} ,
where x¢ is determined by (3.3.19) and (3.3.23), V. = (v1,...,Vi,,_1)) Is the
matrix of eigenvalue-normed eigenvectors v; of 2, which correspond to the r largest
eigenvalues of B;

(i) fz(yo) = fn.(0,=)(%0) {1 + %I‘i(mz[z])féU/HﬂXo, =)

+ %V@C/ {U’(mg [2]) "2 T5((ms [z])_%U')@’Q} vecH3(x0, )

ro( )

where xg = U(maly]) " 2yo and U = (uy, . . ., Wi,(,-1y) I the matrix of eigenvalue-
normed eigenvectors u; of the moment matrix ms|z|, which correspond to the r

largest eigenvalues of mo[z]. The Hermite polynomials H;(xg,Z) are defined by
(2.2.39) and (2.2.41), and Ty and T's are given by (3.3.48) and (3.3.51), respectively.

PROOF: The expansion (i) directly follows from Theorem 3.3.4, and the expan-
sion (ii) is a straightforward conclusion from Theorem 3.3.5, if we include the
expressions of the cumulants of R into the expansions and take into account the
remainder terms of the cumulants. ]
It is also of interest to calculate f,(-) and fyn, (0,z)(-) at the same points, when z
has the same dimension as the approximating normal distribution. This will be
realized in the next corollary.

Corollary 3.3.10.1. In the notation of Theorem 3.3.10, the following density
expansion holds:

fz(y0) = fn,(0,=)(%0) {1 + %I‘ﬁfh(xo, =)

1 1
‘|‘ﬁVGCII‘gVGCHg(XO7 E) + O(\/ﬁ)} .

PrOOF: The expansion follows from Corollary 3.3.1.1, when P = I and if we take
into account that D[z] —E=o0(1). 1
For the Wishart approximations we shall consider

y = nT(c,)vec(R — Q). (3.3.52)

Now the main terms of the first three cumulants of y are obtained from (3.3.43) —
(3.3.45) and (3.3.48) — (3.3.51):

ély] =Tu, (3.3.53)
Aly] =nE - Ty, (3.3.54)
csly] = nTs. (3.3.55)

The next theorem gives us expansions of the sample correlation matrix through
the Wishart distribution. In the approximation we shall use the %p(p + 1)—vector
V2(V), where V=W —nX, W ~ W,(Z,n).



352 CHAPTER III

Theorem 3.3.11. Let the assumptions of Theorem 3.3.10 about the sample and
population distribution hold, and let y = n(r — w), where r and w are the vectors
of upper triangles of R and € without the main diagonal. Then, for the density
function of the %p(p — 1)—vector y, the following expansions are valid:

(i) fylyo) = @2m)F|ea[VAV)] I ealy]|~* fv (Vi)
x {14 tvee (U ) ey ((esly]) U2 — VA(V)])
x veeLj(Vo, ) +73 |,
where Vy is given by its vectorized upper triangle VZ(Vo) = U(c3y]) 2 (yo—Ely])

andU = (uy,...,u1,¢,1)) is the (3p(p + 1)) x (3p(p — 1)) —matrix of eigenvalue-

normed eigenvectors u; corresponding to the %p(p — 1) largest eigenvalues of
e2[VA(V)];

(i) fyvo) = CmE eV eI v (Vo) {1+ T UMmsly) "+ Li (Vo, 3)
1
6
x veeL§(Vo, 5) + 74},

+ —vec {U(m3[y])~2 e[yl ((m3[y]) "2 U")®2 — 5 [VA(V)]}

where V is given by the vectorized upper triangle V2(Vy) = U(csly]) ™2 (yo —
Ely]) and U = (uy,...,u1,,1)) is the matrix of eigenvalue-normed eigenvectors

u; corresponding to the Sp(p — 1) largest eigenvalues of mo[V2(V)]. In (i) and
(ii) the matrices Lf(Vy, X) are defined by (2.4.66), (2.4.61) and (2.4.63), c![y]| are
given in (3.3.53) — (3.3.55).

If n>> p, then r5 = o(n™') in (i) and (ii). 1

PRrROOF: The terms in the expansions (i) and (ii) directly follow from Theorems
3.3.2 and 3.3.3, respectively, if we replace derivatives f(Vo,X) by L (Vg, %)
according to (2.4.66). Now, we have to show that the remainder terms are o(n™1).
In Lemma 2.4.2 it was established that when p < n,

Li(Vo, %) ~ O(n™?),
Li(Vo,Z) ~ 0~ *1Y)  k>2

From (3.3.53) — (3.3.55), combined with (3.3.43) — (3.3.45) and (3.3.41), we get

[y] ~ O(1),
ly

c

E

c

2
S
S
Ead
V
N

and as c;x[V2(V)] ~ O(n), k > 2, the remainder terms in (i) and (ii) are o(n=1). g
If we compare the expansions in Theorems 3.3.10 and 3.3.11, we can conclude
that Theorem 3.3.11 gives us higher order accuracy, but also more complicated
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formulae are involved in this case. The simplest Wishart approximation with the
error term O(n~1) will be obtained, if we use just the Wishart distribution itself
with the multiplier of fv(Vg) in the expansions. Another possibility to get a
Wishart approximation for R stems from Theorem 3.3.7. This will be presented
in the next theorem.

Theorem 3.3.12. Let y be the random ip(p — 1)—vector defined in (3.3.52),
Dly] non-singular, and let eigenvalues of D[V?(V)] be denoted by \; and the

corresponding eigenvalue-normed eigenvectors by w;, i = 1,..., %p(p +1). Put
pi = |A; — 1| and let p(;y be the diminishingly ordered values of p; with p;y =
|A¢s) — 1|. Let U consist of eigenvectors u;), i = 1,2,...,q, corresponding to A,

Ay = (Aa), -5 A(g))a, and D[y]? denote any square root of D[y]. Then the
matrix

P = Dly] U’

minimizes the matrix My in (3.3.11) in the sense of the norm (3.3.32) and the
following formal Wishart expansion of the density fy(yo) holds:

3p(p—1)
fy(yo)=@m)2Dly]I72 [ Awdv(Vo)
k=1
1 ! —1 1 2 *
X {1 + 5vec (I%p(pH) + U(I%p(pil) - A(l))U — o[V (V)])vecL;(Vy, X)

1

+ e (VD) eyl (D) 402 = alVA(V)]) veck (Vo 2) + 1

where V is given by its vectorized upper triangle V(Vo) = P'(yo — Ely]),
L (Vo,5), i = 2,3 are defined by (2.4.66), (2.4.62), (2.4.63), and ¢;[V3(V)], i =
2,3, are given in Theorem 2.4.16. If n>> p, then rj = o(n™1).

PROOF: The expansion stems from Theorem 3.3.7, if we take ¢ = %p(p —1). The
remainder term is o(n~!) by the same argument as in the proof of Theorem 3.3.11.
1

From Theorem 3.3.12 we get an approximation of order O(n~1), if we do not use
the Li(Vg, 3)—term.

3.3.5 Problems
1. Verify the identity

VeC/Mg ® (MO + Ml)/ = VeC/(Mg ® (MO + Ml)),

which was used in the proof of Corollary 3.3.1.1.
2. Show that
P(D[y)~'/?V

in (3.2.23) is a solution to (3.2.22).
3. Prove Lemma 3.3.4.
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Show that equality (3.3.33) is valid.

Find the second order derivative (3.3.38).

Find the first two terms in the expansion of the characteristic function of
R

Let S be the sample dispersion matrix for a normal population N,(u,3).
Construct a formal density expansion for /ntr(S — X) through the skew
normal distribution SN,(X, o) (see Problem 10 in §3.2.5).

Show that if n > p, then ¢j[y] ~ O(1) and c}[y] ~ O(n).

. Write out the %fterm in Theorem 3.3.12, if n > p.
. Construct the density expansion for the sample correlation matrix R based

on the skew normal distribution SN, (X, ) (see Problem 10 in §3.2.5).
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Multivariate Linear Models

Linear models play a key role in statistics. If exact inference is not possible then
at least a linear approximate approach can often be carried out. We are going
to focus on multivariate linear models. Throughout this chapter various results
presented in earlier chapters will be utilized. The Growth Curve model by Potthoff
& Roy (1964) will serve as a starting point. Although the Growth Curve model
is a linear model, the maximum likelihood estimator of its mean parameters is
a non-linear random expression which causes many difficulties when considering
these estimators. The first section presents various multivariate linear models as
well as maximum likelihood estimators of the parameters in the models. Since
the estimators are non-linear stochastic expressions, their distributions have to be
approximated and we are going to rely on the results from Chapter 3. However,
as it is known from that chapter, one needs detailed knowledge about moments.
It turns out that even if we do not know the distributions of the estimators, exact
moment expressions can often be obtained, or at least it is possible to approximate
the moments very accurately. We base our moment expressions on the moments of
the matrix normal distribution, the Wishart distribution and the inverted Wishart
distribution. Necessary relations were obtained in Chapter 2 and in this chapter
these results are applied. Section 4.2 comprises some of the models considered in
Section 4.1 and the goal is to obtain moments of the estimators. These moments
will be used in Section 4.3 when finding approximations of the distributions.

4.1 THE GROWTH CURVE MODEL AND ITS EXTENSIONS

4.1.1 Introduction
In this section multivariate linear models are introduced. Particularly, the Growth
Curve model with some extensions is studied. In the subsequent L(B, X) denotes
the likelihood function with parameters B and 3. Moreover, in order to shorten
matrix expressions we will write (X)()" instead of (X)(X)'. See (4.1.3) below, for
example.
Suppose that we have an observation vector x; € RP, which follows the linear
model

xi = p+ 2%,

where g € RP and ¥ € RP*? are unknown parameters, £/2 is a symmetric square
root of the positive definite matrix 3, and e; ~ N,(0,I). Our crucial assumption
is that p € C'(A), i.e. p = AB. Here 3 is unknown, whereas A : p X ¢ is known.
Hence we have a linear model. Note that if A € RP*9 spans the whole space, i.e.
r(A) = p, there are no restrictions on p, or in other words, there is no non-trivial
linear model for u.
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The observations x; may be regarded as repeated measurements on some individual
or as a short time series. Up to now the model assumption about p is a pure within-
individuals model assumption. However, in order to estimate the parameters,
more than one individual is needed. In many situations it is also natural to have
a between-individuals model. For example, if there are more than one treatment
group among the individuals. Let X € RP*™ be a matrix where each column
corresponds to one individual. Then, instead of 3 in u = A3, n parameter vectors
B1, ..., B, exist, and under a between-individuals linear model assumption we have

ﬂla"'aﬁn:Bca

where C € R¥*™ is a known between-individuals design matrix and B € R9** is an
unknown parameter matrix. Another type of model is considered when instead of
w=A(B1,8s,...,8,) we put some rank condition on u, i.e. instead of supposing
that g € C'(A) it is only supposed that r(u) is known. By Proposition 1.1.6 (i)
it follows for this model that @ = A(B1,32,...,6,), but this time both A and 3;
are unknown. In the subsequent, all matrices will be supposed to be real.

Definition 4.1.1 GROWTH CURVE MODEL. Let X :pxn, A:pxq,q<p, B:
gxk,C:kxn,r(C)+p<mnandX:pxp bep.d. Then

X = ABC + ZV/2E (4.1.1)

defines the Growth Curve model, where E ~ N, ,(0,1,,1,,), A and C are known
matrices, and B and ¥ are unknown parameter matrices. ]

Observe that the columns of X are independent normally distributed p—vectors
with an unknown dispersion matrix X, and expectation of X equals F[X] = ABC.
The model in (4.1.1) which has a long history is usually called Growth Curve
model but other names are also used. Before Potthoff & Roy (1964) introduced
the model, growth curve problems in a similar set-up had been considered by
Rao (1958), and others. For general reviews of the model we refer to Woolson &
Leeper (1980), von Rosen (1991) and Srivastava & von Rosen (1999). A recent
elementary textbook on growth curves which is mainly based on the model (4.1.1)
has been written by Kshirsagar & Smith (1995). Note that if A = I, the model is
an ordinary multivariate analysis of variance (MANOVA) model treated in most
texts on multivariate analysis. Moreover, the between-individuals design matriz
C is precisely the same design matrix as used in the theory of univariate linear
models which includes univariate analysis of variance and regression analysis. The
matrix A is often called a within-individuals design matriz.

The mean structure in (4.1.1) is bilinear, contrary to the MANOVA model, which
is linear. So, from the point of view of bilinearity the Growth Curve model is
the first fundamental multivariate linear model, whereas the MANOVA model is a
univariate model. Mathematics also supports this classification since in MANOVA,
as well as in univariate linear models, linear spaces are the proper objects to
consider, whereas for the Growth Curve model decomposition of tensor spaces is
shown to be a natural tool to use. Before going over to the technical details a
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simple artificial example is presented which illustrates the Growth Curve model.
Later on we shall return to that example.

Example 4.1.1. Let there be 3 treatment groups of animals, with n; animals in
the j—th group, and each group is subjected to different treatment conditions. The
aim is to investigate the weight increase of the animals in the groups. All animals
have been measured at the same p time points (say ¢, r = 1,2,...,p). Thisis a
necessary condition for applying the Growth Curve model. It is assumed that the
measurements of an animal are multivariate normally distributed with a dispersion
matrix X, and that the measurements of different animals are independent.

We will consider a case where the expected growth curve, and the mean of the
distribution for each treatment group, is supposed to be polynomial in time of
degree ¢ — 1. Hence, the mean p; of the j—th treatment group at time ¢ is

My = 61]' +62jt+ e +ﬁqjtq71, j = 1>2737

where (3;; are unknown parameters.
Furthermore, data form a random matrix X : p x n where n = nj + ns +ng. Each
animal is represented by a column in X. If the first n; columns of X represent
group one, the following no columns group two, and so on, we get the between-
individuals design matrix C : 3 x n:

1 1 100 0 0 0 0
C=10 0 0 11 1 00 0
0 0 0 0 O 01 1 1

and by the polynomial mean structure we have that the within-individuals design
matrix A : p X g equals

1t ... it
1ty ... ti!
A=|. ’
I

Hence, the expectation of the data matrix X can be presented as

E[X] = ABC,
where B : ¢ x 3 is a matrix of the parameters 3;;, ¢« = 1,2,...q, and j = 1,2,3.
Note that the columns of B describe the different groups and the rows the expected

growth. ]
Instead of (4.1.1) we may equivalently consider the identity

vecX = (C' ® A)vecB + (I ® $/2)vecE,
which is a special case of the ordinary multivariate regression model

x=T3 +e.
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However, it is not fruitful to consider the model in this form because the interesting
part lies in the connection between the tensor spaces generated by C' ® A and
I®X.

There are several important extensions of the Growth Curve model. We are going
to focus on extensions which comprise more general mean structures than F[X] =
ABC in the Growth Curve model. In Section 4.1 we are going to find maximum
likelihood estimators when

EX]=pC, r(p)=q,
as well as when

EX] =) A;B,C;, (C(C,)<C C(C, ) C...C C(C)).
i=1
We mainly discuss the special case m = 3. Furthermore, we will consider

E[X] =Y AB;C; +By1Cni1, C(C,)C C(Ch_y) C...C C(Ch),

i=1

which is a multivariate covariance model. All these models are treated in §4.1.4.
In §4.1.6 we study various restrictions, which can be put on B in F[X] = ABC,
i.e.

E[X] =ABC, GBH =0,
and
E[X] =ABC, G:BH; =0, GyBH; =0,

with various subspace conditions on Gy, i = 1,2, and H;, ¢ = 1,2, which are
supposed to be known. Also, the system of equations G;BH; =0,i=1,2,...,s,
will be discussed briefly. A different type of restriction is given by

E[X]=ABC, G;0H,+ G,BH, =0,

where O is also an unknown parameter.

Furthermore, in §4.1.3 we give a brief treatment of the case when the dispersion
matrix is supposed to be singular. We will not go into details because calculations
are complicated. Only some results for the Growth Curve model with a singular
3. will be presented. The fact is that in the above given extensions it could have
been additionally assumed that X is singular.

Finally it is noted that in §4.1.5 we examine the conditions that give us unique
estimators. This is an important issue, but unfortunately the results usually rely
on rather tedious calculations.

4.1.2 Mazximum likelihood estimators
Several approaches of finding maximum likelihood estimators will be presented in
this section. We point out that we are mainly interested in the mean structure
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and we suppose that we have no information about any structure in 3. Therefore,
solely an arbitrary 3 is considered. We will usually assume that 3 is p.d. However,
§4.1.3 is devoted to the case when X is not of full rank. The reason for presenting
different approaches to the same problem is that it is useful to have some knowledge
about various techniques. The approaches discussed show several aspects which
can be useful in other situations.

In the next lemma a useful inequality is presented which will be referred to several
times. Among others, it has been used by Watson (1964), Srivastava & Khatri
(1979) and Anderson (2003).

Lemma 4.1.1. Let ¥ and S be positive definite matrices of size p X p. Then
1 1 _ 1 1
B 2ne 2 (E 'S) < |1s|72me 2",

where equality holds if and only if ¥ = LS.

PRrOOF: It follows from Corollary 1.2.42.1 that there exist matrices H and D such
that
> =HD 'H/, S = HH/,

where H is non-singular and D = (dy,ds, . ..,d,)q. Thus,

1 P 1 1 A
‘2‘75n67§tr(2 's) — |HD—1H/|7§n67§trD _ |HH/|7§n Hdzz efidi
i=1

1, pn 1 1 1
< |HH/|—2nn ) e—2pn — |%S|—2ne—2np

and equality holds if and only if d; = n which means that n¥X = S. ]

Now we start with the first method of obtaining maximum likelihood estimators in
the Growth Curve model. The approach is based on a direct use of the likelihood
function. From the density of the matrix normal distribution, given in (2.2.7), we
obtain that the likelihood function becomes

L(B, 2) _ (2ﬂ)7%pn|2|7%n67%tr{271(XfABC)(XfABC)’}. (412)

Remember that we sometimes write (X — ABC)()’ instead of (X — ABC)(X —
ABC)’. Lemma 4.1.1 yields

|2|—%n6—%tr{2*1(X—ABC)()’} < ‘%(X . ABC)()/|7%TL€7%”‘D7 (413)

and equality holds if and only if n3 = (X — ABC)()’. Observe that ¥ has been
estimated as a function of the mean and now the mean is estimated. In many
models one often starts with an estimate of the mean and thereafter searches for
an estimate of the dispersion (covariance) matrix. The aim is achieved if a lower
bound of

(X — ABC)(X — ABC)'|,
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which is independent of B, is found and if that bound can be obtained for at least
one specific choice of B.

In order to find a lower bound two ideas are used. First we split the product
(X — ABC)(X — ABC)’ into two parts, i.e.

(X -ABC)(X - ABC) =S+VV’, (4.1.4)
where
S=X(I-c(cc) cx’ (4.1.5)
and
V =XC'(CC')"C - ABC. (4.1.6)

Note that S does not depend on the parameter B. Furthermore, if S is re-scaled,
ie. 1/(n —r(C))S, the matrix is often called sample dispersion matrix. However,
under the Growth Curve model it is not appropriate to call the scaled S the sample
dispersion matrix because there exist alternatives which are more relevant to use
in this role, as it will be shown below. Proposition 1.1.1 (ii) and (iii) imply

IS+VV/|=S|I+S7'VV/| =S|I+ V'S™'V|.

Here it is assumed that S™! exists, which is true with probability 1 (see Corollary
4.1.2.1L in §4.1.3).
The second idea is based on Corollary 1.2.25.1 which yields

S1=STA(A'ST'A)"A'S™! + A°(A”SA°)"A”.
Therefore,
(X—ABC)()| =S|I+ V'S™!V]|
= |S|IT+ V'ST'A(A'STIA)"A'STIV + V'A% (AYSA®) " A V|
> |S||IT+ V'A°(A”SA®)~ A V| (Proposition 1.1.5 (viii)),

which is independent of B, since A°V = A° XC/(CC’)~C is independent, of B.
Equality holds if and only if

V'STIA(A'STTA)"A'STIV =0,

which is equivalent to
V'ST'A(A'STIA)” =o.

This is a linear equation in B, and from Theorem 1.3.4 it follows that the general
solution is given by

B=(A'ST'A)"A'STIXC/(CC')” + (A)°Z; + A'Z,C” (4.1.7)

where Z; and Zs are arbitrary matrices. If A and C are of full rank, i.e. r(A) =¢
and r(C) = k, a unique solution exists:

B =(A'ST'A)'A'STIXC/(CC) L
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Furthermore, the maximum likelihood estimator of 3 is given by

nS = (X - ABC)(X — ABC) =S+ VV/, (4.1.8)
where V is the matrix V given by (4.1.6) with B replaced by ]§, ie.

V = XC'(CC')~C - ABC.

From (4.1.7) and Proposition 1.2.2 (x) it follows that

ABC = A(A’'S™'A)"A’'S™'XC/(CC')~C
is always unique, i.e. the expression does not depend on the choices of g-inverses,
and therefore X is also uniquely estimated. The conditions, under which the
parameters in the mean structure or linear combinations of them can be uniquely

estimated, will be studied in §4.1.5 in some detail. The above given results are
summarized in the next theorem.

Theorem 4.1.1. For the Growth Curve model (4.1.1) the maximum likelihood
estimator of B is given by (4.1.7) and the unique estimator of ¥ by (4.1.8). 1

The approach above can be modified in order to get more precise information
about the covariance structure. By utilizing Corollary 1.2.39.1, the matrix normal
density in the likelihood function can be written in the following way

n 1 — ’ ’ 1
L(B7 2) _ C‘D|7§€7§tr{D IT'(X-ABC)(X-ABC) 1"}’ c= (27_(_)751071’ (419)
where D is the diagonal matrix which consists of the p positive eigenvalues of X,
1 =TD I, T : p x p, where I'T = I,,.
As before we are going to maximize (4.1.9) with respect to B and X, i.e. B, D
and T'. Since D is diagonal, (4.1.9) can be rewritten as
LB, %)= C‘D‘—%e—%tr{D’l{I"(X—ABC)(X—ABC)/I‘}d}.
One can see that
n 1
L(B,%) < |2 {I"(X - ABC)(X — ABC)T}4| 2e” 2", (4.1.10)
where equality holds if and only if

nD = {I'(X — ABC)(X — ABC)'T},.

From (4.1.10) it follows that we have to examine the determinant, and first we
observe that

{I"(X — ABC)(X — ABC)T},| > |T'(X - ABC)(X — ABC)T),
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since I' is non-singular. Equality holds if T is a matrix of unit length eigenvectors of
(X—ABC)(X—ABC)'. The inequality is a special case of Hadamard’s inequality
(see Problem 14 in §1.1.7). This approach will be used in the next paragraph when
considering models with a singular dispersion matrix.

Although two ways of finding the maximum likelihood estimators have been pre-
sented, we will continue with two more alternative approaches. The third approach
is based on differentiation of the likelihood function. The obtained likelihood equa-
tions are then solved. In the fourth approach, which is completely different, the
model is rewritten in a reparameterized form.

When differentiating the likelihood function in (4.1.2) with respect to B, it follows,
by Proposition 1.4.9 (iii), that the likelihood equation is

A’E"1(X - ABC)C' = 0. (4.1.11)

Moreover, (4.1.2) will be differentiated with respect to ((K)) ™, i.e. the p(p+1)
different elements of £~1. Hence, from (4.1.2) it follows that the derivatives

d=-1Y2  du{Z-1(X - ABC)(X — ABC)'}
dX(K)-1 dB(K)!

have to be found. Using the notation of §1.3.6, the equality (1.3.32) yields

dtr{E_l(X—ABC)(X—ABC)I} B dx-1 /
dX(K)-1 = dz(}()_lveC{(X — ABC)(X — ABC)'}

= (T (s))'vec{(X — ABC)(X — ABC)'}. (4.1.12)

From the proof of (1.4.31) it follows that

1 1
dS 2" B B S

1
_ n‘2—1|§(n71

dX(K)~1  dX(K)~!djx-1)L/2 dX1(K)
1 1 dx! 1
_ —1|5(n—1) = -13
n|37" 5a51(K) |27 2 vecX
- 2\271|%(T+(s))/vec§]. (4.1.13)

Thus, differentiating the likelihood function (4.1.2), with the use of (4.1.12) and
(4.1.13), leads to the relation

dL(B,%)
dX(K) 1

= {g(T“L(s))’vecE — %(T+(S))/VGC((X — ABC)(X - ABC)")} L(B, X). (4.1.14)

Since for any symmetric W the equation (T*(s))'vecW = 0 is equivalent to
vecW = 0, we obtain from (4.1.14) the following equality.

n¥ = (X — ABC)(X — ABC)'. (4.1.15)
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Observe that we have differentiated with respect to the concentration matrix X1,
which is, in some sense, a more natural parameter than ¥ as the log-likelihood
function, besides the determinant, is a linear function in £~!. Now (4.1.11) and
(4.1.15) are equivalent to

A'ES7IVC =0, (4.1.16)
nS=S+VV/, (4.1.17)

where S and V are given by (4.1.5) and (4.1.6), respectively. From Proposition
1.3.6 it follows that instead of (4.1.16),

A'ST'VMC =0 (4.1.18)

holds, where
M= (V'ST'v+I)L.

Thus, (4.1.18) is independent of X, but we have now a system of non-linear equa-
tions. However,
VMC' = (XC'(CC')™ — AB)CMC/,

and since C'/(CMC’) = C(C) it follows that (4.1.18) is equivalent to
A'ST'V =0,

which is a linear equation in B. Hence, by applying Theorem 1.3.4, an explicit
solution for B is obtained via (4.1.17) that leads to the maximum likelihood esti-
mator of 3. The solutions were given in (4.1.7) and (4.1.8). However, one should
observe that a solution of the likelihood equations does not necessarily lead to the
maximum likelihood estimate, because local maxima can appear or maximum can
be obtained on the boundary of the parameter space. Therefore, after solving the
likelihood equations, one has to do some additional work in order to guarantee
that the likelihood estimators have been obtained. From this point of view it is
advantageous to work with the likelihood function directly. On the other hand, it
may be simpler to solve the likelihood equations and the obtained results can then
be directing guidelines for further studies.

The likelihood approach is always invariant under non-singular transformations.
In the fourth approach a transformation is applied, so that the within-individual
model is presented in a canonical form. Without loss of generality it is assumed
that r(A) = g and 7(C) = k. These assumptions can be made because otherwise
it follows from Proposition 1.1.6 that A = A;Ay and C' = C{C)} where A; :
pxs, r(A) =s Ay :sxq r(As) =5, C):nxt r(Cy) =tand C, : t Xk,
r(Cg) = t. Then the mean of the Growth Curve model equals

E[X] = A;A;BC,C; = A,0C,,

where A; and C; are of full rank. This reparameterization is, of course, not
one-to-one. However, B can never be uniquely estimated, whereas ® is always
estimated uniquely. Therefore we use ® and obtain uniquely estimated linear
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combinations of B. The idea is to construct a non-singular transformation matrix
which is independent of the parameters. Let

Q =(A(A'A) ' A9), (4.1.19)

where Q € RP*? and A° € RP*(P=9) which, as previously, satisfies ('(A°) =
C'(A)*. Hence, Q is non-singular and a new transformed model equals

QX = <(I,> BC + Q='/°E.

The corresponding likelihood function is given by

Y Y -1, _ I
L(B. ) ~(20) #7|QQ | e (- br{(@2Q) " @X - () BO0))
(4.1.20)
Define Y and ¥ through the following relations:

QX =Y = (Y1:Y5),

v v
so (¥ Y
Q=Q (‘1’21 W

and
\111'2 — ‘Illl — ‘1112@521‘P21.

By Proposition 1.3.2 and Proposition 1.3.3, the equality (4.1.20) is identical to

L(B, ) = (27) 37" [Wa| 2"|Wy | 3" 24 FTH(ViBO-OV2) 01U

(4.1.21)

where ® = W1,W,.'. However, there is an one-to-one correspondence between the

parameter space (3,B) and the space (¥1.9, Wae,®,B). Thus, the parameters

(¥1.9, ¥y, O, B) may be considered, and from the likelihood function (4.1.21) it

follows that the maximum likelihood estimators are obtained via ordinary multi-

variate regression analysis. One may view this approach as a conditioning proce-

dure, i.e.

Ly(B,¥) = Ly,(¥22)Ly,|v,(B,©,¥,.,)

in usual notation. Thus,
= /
n\Ilgg :YQYQ,

PN / ! -1
(B,8) —Y1(C': Y)) ( cc CY; ) |

Y.C' Y,Y)
TL\/I\’LQ 1(Y1 - ]§C - éYg)(Yl - EC — éYg),.
It remains to convert these results into expressions which comprise the original

matrices. Put
Po = C'(CC’)_1C
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and

N =Y,(I-Pc)Y, - Y1(I-Pc)Y,{Ys(I-Pc)Y, " 1Y,(I- Pc)Y)

o {(3)a-roriv} ' (1))
=(A'Q(QSQ)'QA)™! = (A'STIA) T,

where Q is defined in (4.1.19). From Proposition 1.3.3, Proposition 1.3.4 and
Proposition 1.3.6 it follows that

B =Y,C'{CC’ — CY}(Y,Y})'Y,C'}

— Y 1Y, {Y,(I-Po)Y,}lY,C/(CC)
=Y, C'(CC) ' - Y. (I-Pc)YH(Y2(I-Pc)Y,)Y,C/(CC)?

=N(N"": -N'Y{(I-Pc) Y, {Y(I-Pc)Y,} ) G{(l ) c'(cc)t
2
—(A’ST1A)1A'Q/(QSQ) ' QXC/(CC) !
=(A'S7tA)tA'sSTIXC/(ca) T,
since Q is non-singular and A’'Q’ = (I : 0). Hence, the maximum likelihood

estimator of B in the Growth Curve model has been obtained. Furthermore,
O =Y ,I-Pc)Y,{Yo(I-Pc )Y} !
and

Y,—(B:©)(C":Y})
=Y I-Po)—Yi(I-Pc)YL{Yo(I-Pc)Y, 'Yo(I-Pe),

which yields

n¥, =Y I1-Pc)Y, - Yi(I-Pc)Y{Y,(I-Pc)Y,} 'Yo(I—Pe)Y),
n®i, =Y1(I- Po)YL{Y,(I- P )Y, 1Y, YY),

Since ¥, = ¥y.5 + @12\P§21\1121, we have

n¥i =Y (I-Po)Y, + Yi(I-Pc)Y{Yo(I-Pc )Y, 1Y, Pe
X Yo {Y2(I -Pc)YL} 1Yo (I - Po)YS.

Thus,
n( ¥ ) _ (Yu) (7 Po + (I-Po)YH{Y(I-Pc )Yy}t
‘1121 ‘1122 Y2

X YoPo Yo {Y2(I - Pc) Y5} 1Yo (I - PC,)> (Y} :Y%).
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By definition of Q and Yo,
Y, =(0:1)QX = A°X,

which implies that

n < ‘i’u ‘?12 )

Wor Wy
=nQX(I-Po + (I -Pc)X'A’{A”X(I - Pc)X' A%} !

x A XPo X' A°{A”X(I - Pc)X A} TAYX(I - Po))X'Q’
=nQSQ’ + QSA°(A“SA%) A XPc X A°(A”SA®)TAY SQ/
=Q(S+VV)Q =nQEQ’,

where S, V and $ are given by (4.1.5), (4.1.6) and (4.1.8), respectively, and V is
as in (4.1.8). Since Q is non-singular, again the maximum likelihood estimator of
3 has been derived.

A modified version of the last approach is obtained when we utilize Proposition
1.1.6 (ii), which implies that if A : p x ¢ is of full rank, i.e. r(A) = ¢,

A'=T(1,:0)T,

where T is non-singular and T is orthogonal. Then, instead of (4.1.20), it can be
established that

L(B, ) = (2r) 27" |5| 3"~ 2 (57 (X-T'(1,:0) T'BC)()'}

(271_)7%1771 ‘FEI\/|7%nef%tr{l")j_ll'"(l"xf(Iq:O)'T’BC)()'}.

Put ® = T'B and the likelihood function has the same structure as in (4.1.20).

4.1.3 The Growth Curve model with a singular dispersion matriz

Univariate linear models with correlated observations and singular dispersion ma-
trix have been extensively studied: Mitra & Rao (1968), Khatri (1968), Zyskind &
Martin (1969), Rao (1973b), Alalouf (1978), Pollock (1979), Feuerverger & Fraser
(1980) and Nordstrom (1985) are some examples. Here the dispersion matrix is
supposed to be known. However, very few results have been presented for multi-
variate linear models with an unknown dispersion matrix. In this paragraph the
Growth Curve model with a singular dispersion matrix is studied. For some alter-
native approaches see Wong & Cheng (2001) and Srivastava & von Rosen (2002).
In order to handle the Growth Curve model with a singular dispersion matrix, we
start by performing an one-to-one transformation. It should, however, be noted
that the transformation consists of unknown parameters and can not be given ex-
plicitly at this stage. This means also that we cannot guarantee that we do not
lose some information when estimating the parameters, even if the transformation
is one-to-one.
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Suppose (%) = r < p. From (4.1.1) it follows that we should consider

I’ I’ r/ziE)
o)X=+, )ABC+ : 4.1.22
(0 )%= (v ) ame+ (% (112

where (I' : T'°) spans the whole space, I'T° =0, TS =0, I'T' =1, T : p x r,
¥ = T'ATY, where A: r X r is a diagonal matrix of positive eigenvalues of X and
T°:px(p—r). It follows that with probability 1

I’X =TI’ ABC. (4.1.23)

Thus, by treating (4.1.23) as a linear equation in B, it follows from Theorem 1.3.4
that, with probability 1,

B=(T"A)T"XC™ + (A'T°)°O + A'T°©,C", (4.1.24)

where © and O, are interpreted as new parameters. Inserting (4.1.24) into (4.1.22)
gives

I'X =T'AT?A) T X + IYA(A'T°)°OC + I'S/?E. (4.1.25)

Since by Theorem 1.2.26 (ii) C'(A(A'T?)°) = C'(T(I'A°)°), and I'T = I we may
consider (I'VA°)°0; instead of I'A(A'T?)°@. Furthermore, let

F=(I'A%° Z=(I-A(’A)T%)X.
Assume that C'(T') N C'(A) # {0}, which implies that F differs from 0. The case

F = 0 will be treated later. Hence, utilizing a reparameterization, the model in
(4.1.1) can be written as

I'Z = FO,C +I'SY2E (4.1.26)
with the corresponding likelihood function
L(T, A, ©1) = [ /SIT| 27 -3 (S0 (NZ-FO.0)I'2-FO10)} (4 | 97)

1
where ¢ = (2m)”2"".

First we will consider the parameters which build up the dispersion matrix
3. Since A = I'XTI is diagonal, (4.1.27) is identical to

L(T',A,©,) = c|A|—%"e“{—%A’lKF/Z—FGIC><F'Z—F@10>'}d}. (4.1.28)
According to the proof of Lemma 4.1.1, the likelihood function in (4.1.28) satisfies

1 1
L(T,A,©)) < ¢|~{(T'Z - FO,C)(I'Z — FO,C) }4| /272"  (4.1.29)
n
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and equality holds if and only if

nA ={(I'Z -FO,C)(I'Z - FO,C)'},.
It remains to find estimators of I' and ®;. These will be obtained by deriving
a lower bound of [{(I'Z — FO®,C)(I'Z — FO®,C)’}4| which is independent of the
parameters I' and ©;. By using the definition of F we note that for the diagonal
matrix in (4.1.29)

{I'(Z — T(I'A°)°©,C)(Z — T(I'A°)°©,C)'T }4|
> |I'(Z — T(I"A°)°©;C)(Z — T(I'A°)°©;C)'T| = [I'SzT + VV'|, (4.1.30)

where

Sz =Z(I- C'(CC')~C)Z/, (4.1.31)
V =I"ZC/(CC')~C — I'(T'A°)°®, C.

Equality holds in (4.1.30), if " is a matrix of eigenvectors of the product
(Z -T(T'A°)°©,C)(Z - T(I'A°)°©,C)’.

From the calculations presented via (4.1.4) — (4.1.7) it follows that (4.1.30) is
minimized, if

(I'"A%)°©,C
=(IVA®)°{(T'A%)* (I'SzI) " (I'A®)°} (I A°)? (I'SzI') " 'I'ZC'(CC')~C
={I - I'"SzTT'A°(A° TT'S;IT'A%)~ A° T}I'ZC'(CC')~C, (4.1.32)

where Corollary 1.2.25.1 has been used for the last equality. Since the linear
functions in X, (I — A(F°"A)~T°)X(I — C’/(CC’)~C) and X(I — C'(CC')~C)
have the same mean and dispersion they also have the same distribution, because
X is normally distributed. This implies that Sz and

S =X(I-C/(CC) C)X/

have the same distribution, which is a crucial observation since S is independent
of any unknown parameter. Thus, in (4.1.32), the matrix Sz can be replaced by
S and

(T'A%)°©,C
=T'ZC'(CC')"C — I'STT'A°(A°TI'STI'A°)~ A°TI'ZC'(CC')~C (4.1.33)
is obtained.

In the next lemma a key result for inference problems in the Growth Curve model
with a singular dispersion matrix is presented.
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Lemma 4.1.2. Let S ~ W,(3,n). Then, with probability 1, C'(S) C C(X%) and
iftn>r=r(%), C(S)=C(X2).

PrOOF: Since S is Wishart distributed, S = ZZ', where Z ~ N, ,(0,%,1,,).
Furthermore, Z = YU, where X = U0’ ¥ : p x r and the elements in U : r X n
are independent N(0,1). Thus, C'(S) = C(Z) C C(¥) = C(X%). Ifn >r,
r(U) = r, with probability 1, then equality holds. ]

Corollary 4.1.2.1L. If X is p.d. and n > p, then S is p.d. with probability 1. y

Let S = HLH’, where H : p x r is semiorthogonal and L : r X r is a diagonal
matrix with the non-zero eigenvalues of S on the diagonal. From Lemma 4.1.2 it
follows that

' =HQ (4.1.34)

for some matrix Q. Because both I' and H are semiorthogonal, Q must be or-
thogonal. Hence, I'TY = HH' and (with probability 1)

SIT’ = S. (4.1.35)
Instead of (4.1.33) we may thus write
(I"A°)°©,C =T'(I - SA°(A°SA°)" A HH')ZC'(CC')~C.
We also have
ATV = A°HH'(I1- A(H” A)"H)XC'(CC')~C,

and therefore

IT'SzT + VV'|
> |I'SzI||I+ C/(CC’)"CX'(I- A(H” A)"H? YHH'A°(A°SA°)"A’H
x H'(I- A(H” A)"H°)XC'(CC')~C]. (4.1.36)

With probability 1 it follows that
I'S,T| = |D'ST| = |Q'H'SHQ) = [H'SH]| = [LJ.

Furthermore, we can always choose H° so that H°H® + HH' = 1. Then, after
some calculations, it follows that with probability 1

A“HH'Z = A°HH'(I- A(H”A)"H’)X = A“X.
Thus,
(I"A°)°©,C = I"ZC'(CC')"C — I'SA°(A° ' SA®)" A’ XC/(CC')~C (4.1.37)
and the lower bound in (4.1.36) equals

IL||II + C'(CC’)"CX'A°(A”SA®)~ A’ XC'(CC’)~C|,
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which is free of parameters. Finally, from (4.1.37) it follows that
I'(Z - T(I'A°)°©,C)
=T'{Z(I- C'(CC’)~C) + SA’(A?SA®)~A° XC'(CC')~C}
=T'{X(I- C'(CC')~C) + SA°(A”SA®)~A°’ XC'(CC')~C}
holds with probability 1. Thus, using (4.1.29) we see that an estimator of T is
given by the eigenvectors, which correspond to the r = r(X) largest eigenvalues of
T =S+ SA’(A”SA%)~A”XC'(CC') " CX'A°(A”SA®)"A”S.  (4.1.38)
This means that we have found estimators of A, I', I'° and X. It remains to find

the estimator of B. Since A(A'T?)°©C = I'(I'A°)°©, C, it follows from (4.1.23)
and (4.1.31) that, with probability 1,

ABC =A(I'A) T“XCC
+ I {I-I'SIT'A°(A°TI'STI'A°)~A°T}IVZC'(CC')~C.
By (4.1.34) and (4.1.22), and since I'°'Z = 0,

ABC =A(T'” A) T9X + (I - SA°(A” SA®)"A°)TT'ZC'(CC')~C
=A(T”A) T9X + ZC'(CC')"C — SA°(A°SA%)~A”ZC'(CC')~C
=XC'(CC')"C+ A" A) TYX(I—-C'(CC')C)

—SA°(A“SA%)~ A XC/(CC')C
=(I—SA°(A”SA°)~A°)XC/(CC)~C.
If r(C) =k, r(A) = g, i.e. both design matrices are of full rank, then
B =(A’A)"TA/(I- SA°(A”SA%)~A’)XC/(CC') L.
Theorem 4.1.2. Let r = r(X) and M : p x r be a matrix of eigenvectors which
correspond to the r largest eigenvalues d; of T, given in (4.1.38), and let D be

diagonal with diagonal elements d;. If n — r(X) > r, and C(A) N C(X) # {0},
then estimators of the parameters in (4.1.1) are given by

s =1MDM/,
ABC =(I - SA°(A”SA°)~A°)XC'(CC')"C.
1

According to Corollary 1.2.25.1, the maximum likelihood estimators of 3 and
ABC in the full rank case r(X) = p are given by

nS =T,

ABC =A(A’S7'A)"A'S™IXC/(CC')C,

and hence n3 is identical to (4.1.8) and ABC is of the same form as the expression

obtained from (4.1.7) when multiplying by A and C.
In Theorem 4.1.2 we assumed that C'(A) N C(X) # {0}. Note that C'(A)N

C(=) = {0} is equivalent to F = 0 in (4.1.26). As (T°A)"T = (I’ A)~T* for
all full rank matrices I'° such that C'(I'°) = C(I'°), we have established the next
theorem.
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Theorem 4.1.3. Let r = 7(X) and M : p X r be a matrix of eigenvectors which
correspond to the r non-zero eigenvalues d; of ZZ', where

Z=(I-A(T"A)T)X,

re: p % (p—r) is any matrix which generates C'(S)*, and let D be diagonal with

diagonal elements d;. If C'(A) N C'(X) = {0}, then estimators of the parameters

in (4.1.1) are given by

s =1MDM’
ABC =A(TA) T“X.
If r(C) = k, then
AB = A(T”A)TXC/(CC) L.
If r(C) = k and r(A) = q, then
B=(I'A) T’Xc/(cc) .

1

In the next theorem we are going to show that if C'/(A) N C'(X) = {0} holds,
the expressions of ABC in Theorem 4.1.2 and Theorem 4.1.3 are identical. This
means that we can always use the representation

ABC = (I- SA°(A“SA®)"A?)XC/(CC')~C,
but the interpretation of the estimator depends heavily on the conditions C'(A)N
C(%) ={0} and C(A)N C(2) # {0}
Theorem 4.1.4. If C(A)N C'(X) = 0 holds, then ABC and £ in Theorem 4.1.2
equal ABC and ¥ in Theorem 4.1.3, with probability 1.

ProoF: Since X € C(A : X), we have X = AQ; + I'Q; for some matrices Q;
and Q. Then

AT A) TIXC/(CC)~C =AT"A)T”AQ,C'(CC)~C
= AQ,C'(CC’)C,

where for the last equality to hold it is observed that according to Theorem 1.2.12
C(A)n C(X) = {0} implies C'(A’) = C(A'T?). Furthermore, let H be defined
as before, i.e. S = HLH', and since C'(X) = (C(S) implies that for some Qs,
X = AQ;: + SQs with probability 1, and thus

(I—SA°(A”SA°)~A°)XC'(CC')"C
= XC/'(CC')"C — SA°(A°SA®)"A?'SQ;C'(CC’)~C
= XC'(CcC) C - <s —H(H'A%)°{(H'A°)° H'STH(H'A°)°}~

x (H’AO)O'H’) Q;C’(CC’)~C
= XC'(CC')~C - SQ;C'(CC')~C = AQ,C'(CC)~C,
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where ST = HLTH’, with L being the diagonal matrix formed by the eigenvalues
of S, and the last equality is true because by assumption C'(H(H'A°)) = C'(H)N
C'(A) = {0}. Moreover,

SA°(A“SA%)~A°'XC/(CC')~C =XC'(CC’)"C — ABC
—(I-A(I''A)"T’)XC'(CC')~C,

with probability 1, and since Sz = S also holds with probability 1, the expressions
of ¥ in both theorems are identical. 1

4.1.4 Eztensions of the Growth Curve model

In our first extension we are going to consider the model with a rank restriction
on the parameters describing the mean structure in an ordinary MANOVA model.
This is an extension of the Growth Curve model due to the following definition.

Definition 4.1.2 GROWTH CURVE MODEL WITH RANK RESTRICTION. Let X :
pXxq p:pxk,r(p)=q¢<p, C:kxn,r(C)+p<nand¥:pxp bep.d Then

X = uC + X2E (4.1.39)

is called a Growth Curve model with rank restriction, where E ~ N, ,(0,1,,1L,),
C is a known matrix, and pu, X are unknown parameter matrices. 1

By Proposition 1.1.6 (i),
n=AB,

where A : p x g and B : ¢ x k. If A is known we are back in the ordinary Growth
Curve model which was treated in §4.1.2. In this paragraph it will be assumed that
both A and B are unknown. The model is usually called a regression model with
rank restriction or reduced rank regression model and has a long history. Seminal
work was performed by Fisher (1939), Anderson (1951), (2002) and Rao (1973a).
For results on the Growth Curve model, and for an overview on multivariate
reduced rank regression, we refer to Reinsel & Velu (1998, 2003). In order to
estimate the parameters we start from the likelihood function, as before, and
initially note, as in §4.41.2, that

L(A B, E) —(2n)~ 57 [z| - bre 345 (X-ABC)(X-ABO))

1 11
<(2m)"2P"|1 (X — ABC)(X — ABC)'|"2"e™ 27",
Recall S and V, which were defined by (4.1.5) and (4.1.6), respectively. Then

|(X—ABC)(X — ABC)| = [S||]T+ V'S~ !V]
> |S|[I+ C'(CC’)"CX'A’(A° ' SA%)~ 1A XC/(CC')~C|. (4.1.40)

Put ) )
F = (A”SA°)"1/2A78/2, (4.1.41)
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where M'/2 denotes a symmetric square root of M. Since FF/ = I, the right hand
side of (4.1.40) can be written as

|S||F(I+S~/2XC/(CC)~CX'S™/2)F). (4.1.42)
However, from Proposition 1.2.3 (xviii) it follows that
P
[FI+871/2XC/(CC)"CX's™AF > [] v,
1=q+1

where v(;) is the i—th largest eigenvalue (suppose v(q) > v(g+1)) of

I+ S~ 1/2XC/(CC')~CX'S™1/2 = 8~ 1/2xXX'S~1/2,
The minimum value of (4.1.42) is attained when F’ is estimated by the eigenvectors
corresponding to the p — ¢ smallest eigenvalues of S™1/2XX’S~1/2 It remains to
find a matrix A° or, equivalently, a matrix A which satisfies (4.1.41). However,
since FF/ =1, it follows that

A° =8712F

Furthermore,
A =S'2(F)".

As (f")" we may choose the eigenvectors which correspond to the ¢ largest eigen-
values of S~1/2XX’S~1/2, Thus, from the treatment of the ordinary Growth Curve
model it is observed that

BC ={(F')"(F")°}"(F)”'s™/*Xc/(CC’)~C
=(F")”'s~'/?2xc’(cc’)C.

Theorem 4.1.5. For the model in (4.1.39), where r(p) = ¢ < p, the maximum
likelihood estimators are given by

)

n¥ =(X - pC)(X — pCy’,
i =(F')’B,
BC =(F)'s~'/2Xc’(cc’)~C.

A different type of extension of the Growth Curve model is the following one. In
the subsequent the model will be utilized several times.
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Definition 4.1.3 EXTENDED GROWTH CURVE MODEL. Let X : pXxn, A; : pXq;,
qi S D, BZ ~qi X ki, CZ : kl XN, 71((:1)4_]9 S n, 1= 1727 cee,m, C(C;) g C(C;’—l)a
1=2,3,...,mand ¥ : p X p be p.d. Then

X =Y ABC;+X'’E (4.1.43)
=1

is called an Extended Growth Curve model, where E ~ N, ,(0,1,,1,), A; and C;

are known matrices, and B; and ¥ are unknown parameter matrices. 1

The only difference with the Growth Curve model (4.1.1) is the presence of a more
general mean structure. If m = 1, the model is identical to the Growth Curve
model. Sometimes the model has been called sum of profiles model (Verbyla &
Venables, 1988). An alternative name is multivariate linear normal model with
mean Y .-, A;B;C;, which can be abbreviated MLNM(>_"" ; A;B,C;). Note that
the Growth Curve model may be called a MLNM(ABC). Furthermore, instead
of C(CL) C C(C,_,), we may assume that C'(A;) € C'(As_1) holds.

In the subsequent presentation we shall focus on the special case m = 3. The
general case will now and then be considered but results will usually be stated
without complete proofs. The reader who grasps the course of derivation when
m = 3 will also succeed in the treatment of the general case. As it often happens
in multivariate analysis the problems hang much on convenient notation. In par-
ticular, when working with the MLNM(}"." | A;B;C;), the notation problem is
important.

Before starting with the technical derivation, Example 4.1.1 is continued in order
to shed some light on the extension MLNM(Z:?=1 A;B;C;) and, in particular, to
illuminate the nested subspace condition C'(C%) € C'(C4) C C(CY).

Example 4.1.2 (Example 4.1.1 continued). Suppose that for the three groups in
Example 4.1.1 there exist three different responses

BuiitBat + -+ + Brg_ayit??,
Bra+Past + -+ + 5(11—2)215(1_3 + /B(q—l)th_2a
Brg+Bast + -+ + Bg—2)3tT > + Bg—1)at? > + Best "

In order to describe these different responses, consider the model

E[X]=A1B:C; + A2B3Cs + A3B3Cs,
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where the matrices in E[X] are defined as below:

-3 -2 -1
1t ... tf . t? , td .
1ty ... ti™ 4~ td~

A= . . . . ;o Ag = s As= I
L s a8 ~2 1
Loty ...t td ta

B Bi2 B3
B21 B2 Ba3

/B(q—Q)l 6((1—2)2 ﬂ(q—2)3
By =(Bg-11 Bg-12 Bg-13): Bs=(Ba By Bg),

11 1 00 0 0 0 0
Ci=100 011 1 00 01,
0 0 0 0 0 0 11 1
0 0 0 0 0 0 0 0 0
C,=10 0 011 1 00 01,
0 0 0 0 0 0 11 1
0 0 0 0 0 0 0 0 0
Cs=10 0 0 0 0 0 0 0 0
0 0 0 0 0 0 11 1

Beside those rows which consist of zeros, the rows of C3 and Cy are represented in
C, and Cjy, respectively. Hence, C'(C%) C C(C5) C (/(C)). Furthermore, there
is no way of modelling the mean structure with E[X] = ABC for some A and
C and arbitrary elements in B. Thus, if different treatment groups have different
polynomial responses, this case cannot be treated with a Growth Curve model
(4.1.1). ]
The likelihood equations for the MLNM(Z?=1 A;B;C,;) are:

AN X - A;B;C; — A;B,C, — A3B3C3)C) =0,
ALY H(X — A1B;C; — AyB,Cy — A3B3C3)C) = 0,
ALSH(X — A1B;C; — AyB,Cy — A3B3C3)Ch = 0,
nY = (X - A1B;C; — A;B,C, — A3B3C3)().

However, these equations are not going to be solved. Instead we are going to
work directly with the likelihood function, as has been done in §4.1.2 and when
proving Theorem 4.1.5. As noted before, one advantage of this approach is that
the global maximum is obtained, whereas when solving the likelihood equations
we have to be sure that it is not a local maximum that has been found. For the
MLNM(>~", A;B;C;) this is not a trivial task.

The likelihood function equals

L(BlaB27 B37 E)

1 1 1 -1 /
:(277‘)_ 2pn|2|— 2ne— 2tr{2 (X—A1B;C1—A:2B;C>2—A3B3C3)() }
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By Lemma 4.1.1, the likelihood function satisfies the inequality
L(B1,B2,B3, %)
< (27r)‘%””|%(X ~ AB,C, — AsByCy — A3B3Cy)()| 2" 2",
where equality holds if and only if
nY = (X —-A;B;C; — A;B>Cy — A3B3C3)(). (4.1.44)
Therefore, the determinant
[(X — A;B;C; — Ay;B2Cy — A3B3C3)()| (4.1.45)

is going to be minimized with respect to the parameters B;, By and Bs. Since
C(Cy) C C(Ch) C C(C)) implies C{(C1C}) C1(C5 : Ch) = (C4 : Cf) we can
present (4.1.45) in the following form:

S; + V1 V4], (4.1.46)

where
S; =X(I-C/(C,C))"C)X/ (4.1.47)

and
V; = XC}(C,C})"C; — A1B;C; — A;ByCs — A3B3Cs.

Note that S; is identical to S given by (4.1.5), and the matrices in (4.1.46) and
(4.1.4) have a similar structure. Thus, the approach used for the Growth Curve
model may be copied. For any pair of matrices S and A, where S is p.d., we will
use the notation

Pas=A(A'STTA)"A'S™H
which will shorten the subsequent matrix expressions. Observe that Pa g is a
projector and Corollary 1.2.25.1 yields

Pas=I1-Pj, g =1-SA°(A”SA%) A",

Moreover, PQ g =1 — Py g = Ppog-1. If S =1, instead of Pa 1 the notation
P A will be used.
We start by modifying (4.1.46), using Corollary 1.2.25.1 and Proposition 1.1.1 (iii):

S1+ ViVY| =[S4[|[T+ STV V]| = [S1|I+ VSV
:|Sl||I + Vll Al,slsflpAl,Slvl —+ VllPA’f,Sfl Sl_lpiA‘l’,Sfl V1|

-1
2[S1[[T+ VllpAg,s;lsl Pigg’sl—lvﬂ
:|Sl||I+W'1PAT’S;181‘1PAT,SI_1W1\, (4.1.48)

where
W; = XC}(C;,C}) C; — A3B2Cy — A3B3C;. (4.1.49)
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The point is that (4.1.49) is functionally independent of B;. It will be supposed
that S; is non-singular, which is known to be true with probability 1 (Corollary
4.1.2.1L). Moreover, it is observed that equality in (4.1.48) holds if and only if
Pa, s, Vi =0, which is equivalent to

AlSTV, = 0. (4.1.50)

Later this system of equations will be solved. By Proposition 1.1.1 (ii) it follows
that the right hand side of (4.1.48) is identical to

S¢|[T+S;'P’ TWIW/P,, 1] =[S + P

_ W WP,
A9,S] LYVIVYIL A0 s] |7

AL, ST

which can be written as
IS1 + TiW;W/T/|, (4.1.51)

where
T =1-Pa,s,. (4.1.52)

The next calculations are based on the similarity between (4.1.46) and (4.1.51).
Let

Sz =S; + T1XPg; (I — C4(C2Ch)~C2)Pg, X'TY, (4.1.53)
V, =T, XC}(C5C})~Cy — T1A;B,Cy — T1A3B5Cs.

Since S; is positive definite with probability 1, it follows that Ss is non-singular
with probability 1. Using these definitions, it is obvious that

IS1 + TiW W T | = |Ss + Va2 Vi, (4.1.54)

since C'(C}

(C%) € C(CY). Moreover, by copying the derivation of (4.1.48), it follows
that from (4.1.5

4) we get

S2|[T+ V2S5 'V
=[So|[T+ V3P, A, 5,5 'P1.as 8. V2 + VaP g a0 5-155 ' P 5.1 Vel

(T1A2)°,
>[So| [T+ W5P (1 405155 'P| s;lWQ‘

(T1A2)°,
=IS2[[I+S; 1P/(T As)e, s;lw?w? (TlAz)",s;I‘
— /

_|SQ + P(TlAg)O,S;1W2W2P(T1A2)U>S;1 |

=[Sy + PgWgW’QP’3|, (4.1.55)
where

W, =XC(C,C,) Cs — A3B;Cs,
Py =T,T,, (4.1.56)
Ty =I— Pr,a,s,. (4.1.57)
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Equality in (4.1.55) holds if and only if
ALT S;'V,y = 0. (4.1.58)

Moreover, since Wy does not include By and B, by (4.1.55) we are back to
the relations used when finding estimators for the ordinary Growth Curve model.
Thus, by continuing the calculations from (4.1.55) in a straightforward manner we
get

1Se + PsWoWLPL| =[S + V3 Vi), (4.1.59)

where

S3 =S; + P3XPg, (I - P, )Pc, X'Py, (4.1.60)
V3 =P3XC}4(C5C})~Cs — P3A3B3Cs.

The matrix S3 is non-singular with probability 1. Furthermore, from (4.1.59) a
chain of calculations can be started:

S5/[T+ V385V

:|S3| II + Vé IP3A3,S3S3_1PP3A3aSBV3 + VéP(PsAa)O,Sgl S§1P2P3A3)“,S;1V3|

>[Ss[|T+ W§P(P3A3)0,S;1851P/(P3A O’S;1W3\

3)

=|S3||I+ S3_1P'(P3A3)O?S;1W3W§P(p3A3)oys;1 ‘

— / !
=183+ Plp a5 WaWEP (o a0 51|

=[Sz + PyW3; W3 P, (4.1.61)
where

W3 :Xcg(03cg)7C3,
P, =T3T,Ty,
Ts =1 —-Pp,a,,s;-

Note that S5 ! exists with probability 1, and equality in (4.1.61) holds if and only
if
ALPLS; 'V =0. (4.1.62)

Furthermore, it is observed that the right hand side of (4.1.61) does not include any
parameter. Thus, if we can find values of B, B, and Bg, i.e. parameter estimators,
which satisfy (4.1.50), (4.1.58) and (4.1.62), the maximum likelihood estimators
of the parameters have been found, when X ~ Np,n(Zle A;B,C;, X, 1,).

Theorem 4.1.6. Let X ~ N,,,(37_ , A;B,C;, =, 1,) n > p+r(Cy), where B,
i = 1,2,3, and ¥ are unknown parameters. Representations of their maximum
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likelihood estimators are given by

Bs =(A4P}S; ' PyAs)~ A4P;S; X C)(C5Ch)
+ (A4PS)°Zg; + AP, Z3,CY

By =(A,T|S; ' T1A2) " AL TS5 (X — A3B5C;)C)(C2Ch)~
+ (ALT)) Zay + AYT] ZyCY

—(A/ST A;)TALSTH (X — AyB,yCy — AsB3Cs)C)(C1CY) ™

+ (A))°Zyy + AL Z1,CY

n® =(X — A;B,C; — A;B,Cy — A3B3Cs)(),

where Z;;, © = 1,2,3, j = 1,2, are arbitrary matrices, and P3, S3 T1, Sy and S;
are defined by (4.1.56), (4.1.60), (4.1.52), (4.1.53) and (4.1.47), respectively.

PRrOOF: The equations (4.1.50), (4.1.58) and (4.1.62) are going to be solved. The
last equation is a linear equation in B3 and using Theorem 1.3.4 the estimator
B; is obtained. Inserting this solution into (4.1.58) implies that we have a linear

equation in By and via Theorem 1.3.4 the estimator Bg is found. Now, inserting
both B3 and B, into (4.1.50) and then solving the equation gives Bi. Finally,
plugging By, i = 1,2, 3, into (4.1.44) establishes the theorem. 1

It has already been mentioned that the results of Theorem 4.1.6 can be extended
so that maximum likelihood estimators can be found for the parameters in the
MLNM(}>"", A;B;C;) (von Rosen, 1989). These estimators are presented in the
next theorem.

Theorem 4.1.7. Let

Pr:Tr_lTr_QX"'XTo, T():I, r:1,2,...,m+1,
T, =1 -P;A;(A/P;S;'P,A,)"A/PS;', i=1,2,...,m,

Sizin, 2'2].727...,’!%7

i =P;XPc; (I-Pc/)Pc; X'Pj, Co=1,
Po  =C) 1(C;iC) 1) Cyor.

—1 Jj—1

Assume that Sy is p.d., then representations of the maximum likelihood estimators
for the MLNM(>"" | A;B;C;) are given by
m N
=(A}P;S;'P,A,)"AP,S (X~ ) A;B,C,)C}(C,C))”
1=r+1
+(ALP.)°Z, + AL P.Z,5C%, r=1,2,...,m,

m m

ZABC ZABC

*Sm + P7n+1XC7n (CmC/

m

) C. X' Pm+1a
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where the matrices Z,; are arbitrary. Here ngﬂ Aif’)iCi =0.
PROOF: One can show that
m m
1S,_1+ P.( ZA B;C;)C!_,(C,_1C._ ) C,_1(X — ZA,»B,-C,»)P;.|
> S, + P, (X ZABC)C’(CC’ ZABC !l
i=r+1 1=r+1

>nE, r=203,...,m

Therefore, we get an explicit expression of the upper bound of the likelihood
function as in the proof of Theorem 4.1.6. 1

In order to shed some light on the expressions in Theorem 4.1.7 the next lemma
presents an important algebraic fact about P, and S,..

Lemma 4.1.3. Let P, and S, be as in Theorem 4.1.7, and

GT'+1 :G’!'(G;A’I'-"-l)oa Go = I,
W, =X(I - C.(C,C.)~C)X ~ W,(E,n — r(C,)),

where (G A1) is chosen so that G4 is of full rank. Then

(i) P/S 'P,.=P./S ! P, P, =P,, r=1,2,...,m;

r=r

(ii) P/S'P, =G, 1(G._,W,G, )" 'G]_,, r=1,2,...,m

PRrROOF: Both (i) and (ii) will be proved via induction. Note that (i) is true for
r = 1,2. Suppose that P/_ S " P, ;, =P, ;S and P,_,P,_; =P, ;. By
applying Proposition 1.3.6 to S, ! = (S,_; + K,.)~! we get that it is sufficient to
show that P.S ' P, = P.S 11 =S, !, P,. However,

r~r—1

PS ' P.=P. S 'P.=S'P. P, =S 1P,

r~r—1

and
PT‘PT‘ = TT‘—1P’I"—1PT = Tr—lPr = Pr~

Concerning (ii), it is noted that the case r =1 is trivial. For r = 2, if
Fj=Pc,  (I-Pc),

where as previously P, = C’(C;C})~Cj, we obtain by using Proposition 1.3.6
that

P,S, P, =T/S;'T,
=T,S;'T; — T)S; ' T, XF,
x {T+ F,X'T)S; T XF,} 'FLX' TS ' T,
=G, (G/W,G;)'GY.
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In the next suppose that (ii) holds for » — 1. The following relation will be used
in the subsequent:

PSP,

:P/rf1{sr:11 - Sr:l1Pr71Ar71(A;flP/rflS;hPrflArfl)7A;71P;71S;711}Pr71
=G, 1(G,_,W,G,_,)"'G!

r—1
which can be verified via Proposition 1.3.6. Thus,

P/S,'P,
=P{S,1, - S,1,P,XF,(F)X'P;S P, XF, + I) 'F/X'P/S "} P,
=G, —1{(G} 1 W,1G,1) ™"
— (G, W, 1G, 1) Gl XF, FIX'G, 1 (G W, 1Gh) G
:G’r‘—l (G;_lwf,«_lGr—l)ilG;’—l

and (ii) is established. I
Besides the algebraic identities, the lemma tells us that according to (i), P, is

idempotent. Hence, P, is a projector and thus gives us a possibility to interpret
the results geometrically. Furthermore, note that in (ii)

CG)=CA1:Ay:...: At

and that the distribution of P.S!P, follows an Inverted Wishart distribution.
Moreover, G,. consists of p rows and m,. columns, where

m, =p —r(Gl._;A,)
=p — ’I“(Al Ay AT) +’I“(A1 Ay Arfl), r>1, (4163)
my =p—r(A1), mo=np. (4.1.64)
Now a lemma is presented which is very important since it gives the basis for
rewriting the general MLNM(}"" | A;B;C;) in a canonical form. In the next
section this lemma will be utilized when deriving the dispersion matrices of the

maximum likelihood estimators. The existence of the matrices in the lemma, follows
from Proposition 1.1.6.

Lemma 4.1.4. Let the non-singular matrix H,. : m,. X m,., where m,. is given in
(4.1.63) and (4.1.64), and the orthogonal matrix

"= (T} :(T%)), T :my_1 Xm,_1, L] :me xm,_q,
be defined by

G =AY =H((I, ,a, :O'E Y2 =HTIE 2
(G'_,A)H,_; =H,(I, :0)I" =H, I}, T°=1I, Hy=1,
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where Gy is defined in Lemma 4.1.3. Furthermore, let

VI =I"T7 ! x - x TIZ V2w, =~ V/2(1ly

oo (PT/(E7) ~ Win,_y (Ln = 1(Cy)),

V' =" I 2 . x TSV 2W, B V20 o (D0 2)(0 7YY, e >

Vi—n-12wW, 5 1/2,

M, =W,.G,(G/W,G,) 'G..

F, =C;_{(C,-:C;_;)"C,_1(I- CL(C,C})"C,),

Zpo =TT 02 % . xTIZV2M, M, 4y X - X M, s >7>2,

Zys =MM; x - x Mg,

Ny =(I: (V{1)71V71ﬂ2)7
where V71, and V7, refer to a standard partition of V". Then
i) G =HITI !'x...xTin"Y2
(i) P,=Z1,_1, Zip=1; (P, is as in Theorem 4.1.7)
(i) T2 x ... xDIZ~Y2M, = (D")N, I x - x Tis /2,
(iv) Vi =VIIi4+r 2 x... xIie-Y2XF,

X FUX/S YY) e x (D) (0
() BYATYY e (Y ()T x TR
=3G,(G,2G,) 'G5
(vi) BV x--ox (T7H/(T5)TET ! x - x Tix1/2
=3G,-1(G;_18G,1)7'G| 12 - £G,(G;2G,) G E.
PROOF: By definition of G,., given in Lemma 4.1.3, and the assumptions we obtain
G/r :(G;—1Ar)o, /r—l = Hrrqu_—llG,r—l = HTI‘QI‘I_lH;_lz ;—2
= . =HIT ' x...xIix"1/2

and thus (i) has been established.
Concerning (ii), first observe that by Corollary 1.2.25.1

P, =T-A;(A}ST'A))"AST! = W,G,(G)W,G,)'GY,

which by definition is identical to M;. Then we assume that the statement is true
for 2,...,r—1,1ie. P,_1 = Z; ,_2. Hence, the definition of P, given in Theorem
4.1.7 and Lemma 4.1.3 (ii), yields

P, =T, 1P, 1= PT—2W7‘—2G’I‘—2(G;—QWT—QGT—Q)_l
X {I - G/T—QAT—I{A/r—lGr—2(G/r—2Wr—1GT—2)_1G;—2AT—1}_

x A/r—lGr72(G/r—2WTflGr72)_l }G;ﬂ—z

=P, 2Q, oW, 1G, »{(G] A, 1)" G|, W, 1G, 2(G]_,A, 1)°}!
X (G;n—zAr—l)O’G;»—z
:PT—2QT—2Q’I‘—1 = Zl,r—l-
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The statement in (iii) follows immediately from (i) and the definition of V”. Fur-
thermore, (iv) is true since

W, =W,_; + XF,F.X/,

and (v) and (vi) are direct consequences of (i). 1

The estimators ﬁi in Theorem 4.1.7 are given by a recursive formula. In order
to present the expressions in a non-recursive way one has to impose some kind
of uniqueness conditions to the model, such as E;ir 41 AiﬁiCi to be unique.
Otherwise expressions given in a non-recursive way are rather hard to interpret.
However, without any further assumptions, P, ZZT;T Ai]ABZ-CZ- is always unique.

The next theorem gives its expression in a non-recursive form.

Theorem 4.1.8. For the estimators ]§i, given in Theorem 4.1.7,

P, i AB,C; = i(l — T;)XC}(C;C})~C;.

PROOF: In Lemma 4.1.3 the relation P/ S 1P, = P/S~! was verified. Thus, it
follows that (I — T,) = (I — T,)P,.. Then

= (I-T,)XC,L(C,C,)"C, —(I-T,) > ABC;+P, > ABC;
i=r+4+1 i=r+1

= (I1-T,)XC,(C,C,)"C, +T,P, > A;BC
i=r+1

= (I- T,)XC}(C,C})"C, + P,y Y ABC,
i=r+1
which establishes the theorem. ]
A useful application of the theorem lies in the estimation of the mean structure in
Corollary 4.1.8.1. E[X] = Y7, A;B,C; = .7 (I- T;)XC.(C,C})~Ci. 1§

Furthermore, Theorem 4.1.8 also shows that we do not have to worry about unique-
ness properties of the maximum likelihood estimator of X.

Corollary 4.1.8.2. In the MLNM (Y"1, A;B;C;), the maximum likelihood esti-
mator of ¥ is always unique. ]

In the Growth Curve model a canonical version of the model was used in the
fourth approach of estimating the parameters. Correspondingly, there exists a



384 CHAPTER IV

canonical version of the MLNM (>~ A;B;C;). The canonical version of the
MLNM(>"", A;B;C;) can be written as

X =0+X/’E

where E ~ N, ,(0,1,,1,,) and

911 912 913 R elk—l 01]4}
921 022 023 cee 92k—1 0
e = : : 1 R sl (4.1.65)
eq_gl 9q_22 eq_gg R 0 0
411 Og12 O ... 0 0
f,1 0 0 ... 0 0

The Growth Curve model can be identified with
01 O
o= <@21 ; ) |
Note that the zeros in (4.1.65) form a stairs structure. In order to find explicit
estimators, this type of structure is really needed. For example, in the ordi-
nary MLNM(}"" | A;B;C;) the structure corresponds to the condition C'(C},) C
C(Cl,_1) C...C C(C)). If the stairs structure does not exist, we have to sup-
pose a suitable structure for X, or, more precisely, there should be zeros on proper
places in 7! so that in the trace function of the likelihood function we get some-
thing similar to the stairs structure. Note that an off-diagonal element of X1,
which equals 0 corresponds to a conditional independence assumption. An in-
teresting mathematical treatment of conditional independence, missing values and
extended growth curve models has been presented by Andersson & Perlman (1993,
1998).
The canonical version could have been used in order to obtain the estimators in
Theorem 4.1.8, although it is more straightforward to use the original matrices.
Now we switch over to another extension of the Growth Curve model. The exten-
sion is designed for handling covariates. Let us introduce the model via continuing
with Example 4.1.1. A formal definition is given after the example .
Example 4.1.3 (Example 4.1.1 continued). Assume that there exist some back-
ground variables which influence growth and are regarded as non-random vari-
ables similarly to univariate or multivariate covariance analysis (e.g. see Srivastava,
2002). It is assumed, analogously to covariance analysis, that the expectation of
X is of the form
E[X] = ABC + B,Cs,

where A, B and C are as in the Growth Curve model (4.1.1), C; is a known matrix
taking the values of the concomitant variables (covariables), and By is a matrix of
parameters. The model will be referred to as the MLNM(ABC+B,Cs). Note that
the MLNM(ABC + B,C,) is a special case of the MLNM(Z?:1 A,;B,;C,), since
if Ay = A, Ay = A°, C; = (C': C)" are chosen and Cs is unrestricted, where
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obviously C(C%) C (J(C}) holds. On the other hand, any MLNM(E:?:1 A;B;C))
can be presented as a MLNM(ABC+B,Cs) after some manipulations. Moreover,
if we choose in the MLNM (3%, A;B;C;)

Cl = (Cll : Cé)/, CQ = (C’2 ) Cg)/, A3 = (Al : Ag)o,

where Ay, Ay and Cjs are arbitrary, we see that the MLNM(A;B;C;+A2B2Co+
B;C;) is a special case of a MLNM(X:?:1 A;B;C,), if C(C)) € (C'(C)) holds.
The reason for presenting a separate treatment of the covariance model is that in
this case it is easy to obtain expressions through the original matrices.

Let the birth weight be measured in Example 4.1.1 , and suppose that birth weight
influences growth. Additionally, suppose that the influence from birth weight on
growth differs between the three treatment groups. Then Cs is defined as

w11 wWi2 ... Winp, 0 0 0 0 0 0
Cg = 0 0 e 0 W21 W22 ... Wap, 0 0 A 0 s
0 0 0 0 0 0 w31 W32 c.. W3ng
(4.1.66)

where w;; is the birth weight of the j—th animal in the ¢ —th group. On the other
hand, if the influence of birth weight on growth is the same in each group, then

Co= (w1 wiz ... Wip, W21 W2 ... Wop, W31 W32 ... Winy)-
(4.1.67)
Finally, note that in the model building a new set of parameters has been used for
each time point. Thus, when (4.1.66) holds, 3p parameters are needed to describe
the covariates, and in (4.1.67) only p parameters are needed. ]
The model presented in Example 4.1.3 will now be explicitly defined.

Definition 4.1.4. Let X :pxn, A :pxq,q<p,B:gxk,C:kxn,r(C)+p <n,
Bs:p Xk, Co: ke xnand 3 : p X p be p.d. Then

X = ABC + B,C, + ='/?E

is called MLNM(ABC + B;C;), where E ~ N, ,(0,1,,1,,)), A and C are known
matrices, and B, By and ¥ are unknown parameter matrices. ]

Maximum likelihood estimators of the parameters in the MLNM(ABC + B,Cs,)
are going to be obtained. This time the maximum likelihood estimators are de-
rived by solving the likelihood equations. From the likelihood equations for the
more general MLNM(X:?:1 A;B;C,;) it follows that the likelihood equations for
the MLNM(ABC + BQCQ) equal

A’S7HX - ABC - B,C,)C' =0, (4.1.68)
> (X - ABC - B,C,)C, =0, (4.1.69)
nX :(X — ABC — BQCQ)(X — ABC — BQCQ)/. (4170)

In order to solve these equations we start with the simplest one, i.e. (4.1.69), and
note that since X is p.d., (4.1.69) is equivalent to the linear equation in Bs:

(X — ABC — B,C,)C, = 0.



386 CHAPTER IV

By applying Theorem 1.3.4, a solution for By is obtained as a function of B, i.e.
B, = (X — ABC)C,(C5C,)™ + ZCY | (4.1.71)

where Z is an arbitrary matrix of proper size. Thus, it remains to find B and 3.
From (4.1.71) it follows that BoCs is always unique and equals

B,C; = (X — ABC)C5(C,C)) ™ Ca. (4.1.72)
Inserting (4.1.72) into (4.1.68) and (4.1.70) leads to a new system of equations
A’S7HX — ABC)(I - C,(C,C),)~Cy)C' =0, (4.1.73)
n¥ = {(X — ABC)(I — C,(CC}) Co) HY}. (4.1.74)
Put
Y =X(I — C4(C2C5)~ Cs), (4.1.75)
H =C(I — C,(C2C5)~ Ca). (4.1.76)

Note that I — C,(C2C%)~Cy is idempotent, and thus (4.1.73) and (4.1.74) are
equivalent to

A'’S7Y(Y - ABH)H' =0,
n¥ = (Y — ABH)(Y - ABH)'.
These equations are identical to the equations for the ordinary Growth Curve

model, i.e. (4.1.11) and (4.1.15). Thus, via Theorem 4.1.1, the next theorem is
established.

Theorem 4.1.9. Let Y and H be defined by (4.1.75) and (4.1.76), respectively.
For the model given in Definition 4.1.4, representations of the maximum likelihood
estimators are given by

B =(A’S;'A)"A'S;'YH'(HH')™ + (A')°Z, + A'Z,H?
B, = (X — ABC)C}(C2Ch)~ + Z5C3
n% = (Y — ABH)(Y — ABH),
where Z;, 1 = 1,2, 3, are arbitrary matrices and
Si=Y(I-HHH)H)Y'"

By using Proposition 1.3.3 and the fact that (I — C4(C2C%)~ Cs) is idempotent,
it can be shown that S; in Theorem 4.1.9 can be presented in a different form.
Let as before, Pcr = C/(CC’)~C. Then

S, =Y(I - H'(HH') H)Y'
=X(I-Pgy){I- (I-Pc,)C(Ci(I-Pg,)C}) Ci(I-Pc;)}(I—-Pcy)X’
=X{I-Pc, — (I-P¢;)C (C1(I-Pc;)C;) Ci(I-Pcy)}X’
—X(I-Pgy.c))X-
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It is noted without a proof that the MLNM(ABC + B5Cs) can be extended to a
sum of profiles model with covariates, i.e. a MLNM (>3-} A;B;C; +B,,+1Cpt1).
To present a formal proof one can copy the ideas from the proof of Theorem 4.1.9,
where first the parameters for the covariates are expressed and thereafter one relies
on expressions for the MLNM (37" | A;B,C;). The result is presented in the next
theorem.

Theorem 4.1.10. Let

Hi :Ci(IfC;.,I+1(Cm+1c/7n+l)7cm+1), T = 1,2,...,m;
PTZTr_lTT_QX"'XT(), T0:I7 r:l,?,...,m+1;
T, =1 - P;A;(A/P!S;'P,A,)"A/P/S7, i=1,2,...,m;

Si=> K;, i=12...,m;
j=1

K; =P;XPy,_ (I- Py )Pw_ X'Pj, j=23,...,m
K, =X(I-Pc, )X
Py, =H)(H,;H)) H;.

Assume that Sy is p.d. and C(H,,) C C'(H,,_;) C ... € C(H}), then repre-
sentations of the maximum likelihood estimators for the MLNM(Z;’;1 A,B,C; +
B, +1Cnt1) are given by

B, =(A/P,S;'P,A,)"A/P/S; (X - > A;BH,)H,(H.H,)"
i=r+1
+(A'P.)°Zy + AP ZHS, r=1,2,...,m

m
B+ =X - Z A;B;C;)C;, (Crit1Cy i) + Zm+1Cf,;+1;
i=1

nE =X - Y ABC, —Bni)(X - > ABC — Byt
1=1 i=1
=S, + P, 1 XH,, (H,,H, ) H,X'P/ |,

where the Z—matrices are arbitrary. ]

We remark that the condition C'(C,,) € C'(Cl,_;) € ... C ((C}) used in the
MLNM(>~", A;B;C;) implies C(H,,,) € C'(H,,_;) C...C C(H)).

It is interesting to note that when studying multivariate linear models, i.e. the
MLNM(ZZZI AZBZCQ or the MLNM(ZZil AZBLCI+Bm+1 Cm+1), we rely heav-
ily on g-inverses. If g-inverses are not used, we have problems when estimating
the parameters. The problem does not rise in univariate linear models, since
reparametrizations can be performed straightforwardly. This remark also applies
to the MANOVA model, i.e. the MLNM(BC). For the MLNM(}"" ; A;B;C;) the
reparametrizations can be worked out, although it will be difficult to interpret the
parameters.
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4.1.5 When are the maximum likelihood estimators unique?

In Theorem 4.1.6, Theorem 4.1.7, Theorem 4.1.9 and Theorem 4.1.10 the param-
eters describing the mean are not uniquely estimated. Now, conditions will be
given on the design matrices so that unique maximum likelihood estimators are
obtained. This is important because in practice the parameters represent certain
effects and to have the estimators of the effects interpretable they must be unique.
This paragraph involves technical calculations which are often based on theorems
and propositions of Chapter 1. However, apparently there is a need to explain
results from a geometrical point of view. Projection operators are used in several
places. For the reader who is not interested in details, we refer to the results of
Theorem 4.1.11, Theorem 4.1.12 and Theorem 4.1.13.

Let us start with the Growth Curve model. In Theorem 4.1.1 the maximum
likelihood estimators for the Growth Curve model were given. It has already been
shown in Theorem 4.1.1 that 3 is always unique. According to Theorem 4.1.1 the
estimator of B equals

B=(A'STTA)"A'STIXC/(CC')” + (A')°Z; + A'Z,C.

Since Z;, t = 1,2, are arbitrary matrices, it turns out that B is uniquely estimated
if and only if (A’)° = 0 and C° = 0. Thus, A’ and C span the whole spaces
which is equivalent to the requirements r(A) = ¢ and r(C) = k. In this case the
g-inverses (A’S7!A)~ and (CC’)~ become inverse matrices. Moreover, let K and
L be non-random known matrices of proper sizes. Then KBL is unique if and only
if K(A")° = 0 and C°L = 0. These conditions are equivalent to the inclusions

C(K') € C(A") and C(L) € C(C).

Theorem 4.1.11. The maximum likelihood estimator ]§, given by (4.1.7), is
unique if and only if

IfB is unique, then

B=(A'ST'A)TA'STIXC/(CC)
The linear combination KBL is unique if and only if C(K') C (/(A’) and C (L) C
C(C) hold. ]

Now we turn to the MLNM(E:?Z1 A;B;C;). In Theorem 4.1.6 it was stated that
the maximum likelihood estimators of the mean parameters ]A31 equal

B; =(A}P,S; ' P3A3)~ ALP;S; X CL(C3Ch) ™

+ (ALP}) Zgy + AfP4Z3,CY (4.1.77)
B, =(A,T,S;'T1As) " AT S; 1 (X — A3B3C3)C)y(CoCh)~
+ (ALT))Zgy + ALT)Z9yCY (4.1.78)

B; =(A/S;'A;)"A/STH (X — AyB,Cy — A3B3Cs)C) (CLC)) ™
+ (A})°Zy; + A} Z1,CY . (4.1.79)
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These estimators are now studied in more detail. Slnce B2 and B1 are functions
of B3, we start with Bs. It follows immediately that B, is unique if and only if

r(Cs) =ks,
r(A5Ps) =r(Aj) = gs. (4.1.80)

The matrix P3 = ToT; given by (4.1.56) is a function of the observations through
S,. However, in Lemma 4.1.3, it was shown that P3 is idempotent. Thus it is a
projector on a certain space which is independent of the observations, since S, acts
as an estimator of the inner product matrix and has nothing to do with the space
where Aj is projected on. Thus the condition (4.1.80) should be independent of
the observations. Next we prove this in detail and present (4.1.80) in an alternative
way.

Since C'(A{P%) = (C'(A%) is equivalent to r(A5P%) = r(Af%), it follows from
Theorem 1.2.12 that the equality r(A5P%) = r(A%) in (4.1.80) is equivalent to

C(A3) N C(P3)* = {0}. (4.1.81)

Hence, we have to determine C'(P3). From Proposition 1.2.2 (ix), (4.1.57) and
(4.1.52) it follows that (A : A2)'T) T, = 0, P3 as well as T; and T» are idempo-
tent, and T spans the orthogonal complement to ('(A;). Then, it follows from
Proposition 1.1.4 (v) and Theorem 1.2.17 that

T‘(P3) :tI‘(Pg) = tI‘(Tl) — tr(T1A2(AéTiS;lTlAg)_A’zTQS;ITl)
=p—1r(A1) —r(T1A2) =p—71(A1: As) =7r((A1: A2)?).

Thus, (4.1.81) is equivalent to
C(Ag) N C(A1 . AQ) = {0},

which is independent of the observations. Moreover, K]§3L is unique if and only
if

C(K')

C C(ALPY) = C(AL(A1 < Ar)), (4.1.82)
C(L)c

C
C(Cs). (4.1.83)

Now we continue with discussing uniqueness properties of the maximum likelihood
estimator of By given by (4.1.78). By applying considerations similar to those used
when deriving uniqueness properties of ]§3 as well as by an application of (4.1.82)
and (4.1.83), we have that B, is unique if and only if

r(ALT)) = r(AY), (4.1.84)
r(Ca) =k,  1(Ag) =

C'(C3CH(C2Ch) 1) C ( 3); (4.1.85)
C(ALT|S;'T1A) C C(ALTITS). (4.1.86)
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Note that (4.1.85) and (4.1.86) refer to the uniqueness of linear functions of Bj.
Inclusion (4.1.85) is obviously true. Since C'(T}) = C'(A1)*, by Theorem 1.2.12,
(4.1.84) is equivalent to

C(A1)N C(As) = {0}, (4.1.87)

Thus, it remains to interpret (4.1.86). Proposition 1.2.2 (ix) states that (4.1.86)
is equivalent to

C(A3TTy) O C(A5TS; 'TiA)
= C(ALT)S; ' T1AL(ALT, S, ' T1AL) " ALT)) = C(AST (I — Th)). (4.1.88)

By using Proposition 1.2.2 (ii) it follows that (4.1.88) is equivalent to

C(A3T)) € C(A3T|Ts). (4.1.89)

Let
Pao =1— Aj(A}A;) A, (4.1.90)
Pa,:a)e =Pac = PacAs(APAsAr) " ALPao (4.1.91)

determine A¢ and (A; : Ay)?, respectively. Observe that these matrices are pro-
jectors. Since C'(T7) = C'(Pag¢) and C'(T\T5) = C'(P(a,:a,)¢), by Proposition
1.2.2 (iii), the inclusion (4.1.89) is equivalent to

C(A5Pa2) € C(ASP(A,:A,)0)- (4.1.92)

Moreover, (4.1.87) and Theorem 1.2.12 yield C'(A5) = C'(A5Pac). Thus, from
Proposition 1.2.2 (ix) it follows that the matrices AQ(A’QPATAQ)’A’QPAT and
I— A3(A5PAsAs)” AjPao are idempotent matrices which implies the identity
C (I — Ay(A4PAcA2)"APas) = C(PasAy)t. Hence, by applying Theorem
1.2.12 and (4.1.91), the inclusion (4.1.92) can be written as

C(PasAs) N C(PasAs) = {0},

Thus, since Pao is a projector, it follows from Theorem 1.2.16 that instead of
(4.1.86), the equality

CY(AAl)L n C(Al : AQ) N C(A1 : A3) = {O}

can be used.
Now we consider linear combinations of elements in Bs. Necessary and sufficient
conditions for uniqueness of KBsL are given by

C(L) c C(Cy),
C(K') € C(ALTY), (4.1.93)
C(ALT Sy ' T1AL(ALTS; T AL) " K) € C(ALTITS).  (4.1.94)
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With the help of Proposition 1.2.2 (iii) we get that (4.1.93) is equivalent to
C(K') C C(ALAD), (4.1.95)

since C'(T}) = C(A$). Moreover, by utilizing Proposition 1.2.2 (i), (4.1.95)
implies that
K' = A5A7Q; = AST Q:Qu, (4.1.96)

for some matrices Q; and Qz, where A9 = T[Qy. Thus, the left hand side of
(4.1.94) is equivalent to

C(AST)S; 'T1A(ALT)S; 'T1A2) AT QoQy)
= C(A3TI(I-T5)Q2Qy),

where T is defined by (4.1.57). Therefore, Proposition 1.2.2 (ii) implies that
(4.1.94) is equivalent to

C(A;T1Q2Q:) € C(AZTTy),
which is identical to
C(A3A7Q1) C C(A5(A1: Ay)?), (4.1.97)

since T)Q2 = A¢ and C(T)Th) = C'(A;: A;)L. It is noted that by (4.1.97) we
get a linear equation in Qq:

(A4(A; : Ay)°)Y ALAQ, = 0. (4.1.98)

In Theorem 1.3.4 a general representation of all solutions is given, and using
(4.1.96) the set of all possible matrices K is obtained, i.e.

K’ = AAL(AY Ay {Af(As : A2)})°Z,

where Z is an arbitrary matrix. Thus, the set of all possible matrices K is identified
by the subspace ,
C(ALAS(AY A3{AL(A] : A)°})°). (4.1.99)

Since

C(AS(AT As{AL(A; : Ay)°}°)°)
=CA) N{CA3)NC(A1: A} = C(A1: Az)" + C(Ar: Ag)t,

the subspace (4.1.99) has a simpler representation:
C(A(A1 1 A3)°).

Moreover, note that if (A4(A; : Ay)°)° A4A9 = 0, relation (4.1.98), as well
as (4.1.94), are insignificant and therefore K has to satisfy (4.1.95) in order to
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determine KB, L uniquely. However, if (A4(A1: Ay)°)? ALA9 = 0 holds, (4.1.99)
equals the right hand side of (4.1.95). Thus (4.1.99) always applies.

In the next, By given by (4.1.79) will be examined. First, necessary conditions for
uniqueness of B, are obtained. Afterwards it is shown that these conditions are

also sufficient.
From (4.1.79) it follows that

T(Al) =4{q1, T(Cl) = kl (41100)
must hold. However, if ]§1 is unique, it is necessary that
(A}ST A1) 1(A}ST (A3BLCy + A3B3C3)C)(C,C) ! (4.1.101)

is unique. The expression (4.1.101) consists of linear functions of B, and ]§3. In
order to guarantee that the linear functions of ]§2, given by (4.1.78), are unique,
it is necessary to cancel the matrix expressions which involve the Z matrices. A
necessary condition for this is

C(ALSTIA(ASTIA) ™Y C C(ALTY). (4.1.102)

However, (4.1.78) also includes matrix expressions which are linear functions of
Bs;, and therefore it follows from (4.1.78) and (4.1.101) that

—(A}STTA))TTALST AL (AL TS, ' T Ay) " ALT,S; ' T AsB3Cs
x ChH(C2C,)~CyCL(C1CY) !+ (ALSTHA ) TA ST A3 B3 C3CY(CC) !

has to be considered. This expression equals

(AiST A TIALS
x (I — Ay(ALT,S; ' T1As)~ AT, S5 T1)A3B;C3C(C,Cy) ", (4.1.103)
since by assumption, C'(C%) C C'(C4) € C(C)). Put

P=1-AA,T/S;'T1A)" A,T|S; ' T. (4.1.104)

Thus, from (4.1.77) it follows that (4.1.103) is unique if and only if
C(ALP'STTA(AISTIA) ™Y C C(ALTITY). (4.1.105)
Hence, if B, is unique, it is necessary that (4.1.100), (4.1.102) and (4.1.105) hold
and now we are going to see that (4.1.102) and (4.1.105) can be simplified by using
the ideas already applied above. By definition of Ty, given by (4.1.52), inclusion

(4.1.102) is equivalent to

C(AY(I-TY)) € C(ALTY),
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which by Proposition 1.2.2 (ii) is equivalent to
C(A}) € C(AYT)), (4.1.106)
and by Theorem 1.2.12; inclusion (4.1.106) holds if and only if
C(As)N C(A) = {0}, (4.1.107)

Before starting to examine (4.1.105) note first that from (4.1.104) and definition
of Ty, given by (4.1.57), it follows that

T, Ty =P'T].
Since
C(ALP'STAL(ALST Al ™) = C(ALP'ST A, (A[S AL 1AL,
the inclusion (4.1.105) is identical to
C(AP'(I-T))) € C(A3P'T)).

By Proposition 1.2.2 (ii) we have

C(ALP) = C(ALP'T)) = C(ALTTY). (4.1.108)
However, from the definition of P, given by (4.1.104) and (4.1.106), it follows that
P is idempotent, 7(P) = p—r(T1A2) = p—r(As) and AP’ = 0. Hence, P’ spans
the orthogonal complement to (f(Az). Analogously to (4.1.90) and (4.1.91), the

projectors

Pag =I— Ay(A5A,)" A),
P(Aleg)g :PAS — PAgAl(ASPAgAl)_AEPAg (4.1.109)
define one choice of A§ and (A; : A), respectively. Since C'(P') = C'(Pag)
and C'(T1T3) = C(P(a,:a,)3), by Proposition 1.2.2 (iii), the equality (4.1.108)

is equivalent to
C(A5PAg) = C(ALP (A, ,))-

Thus, since C'(I— A;(A]PagA;)"AlPas) = C'(PagA;)", Theorem 1.2.12 and
(4.1.109) imply that (4.1.108) is equivalent to

C(PasAs) N C(PasAr) = {0}. (4.1.110)

However, using properties of a projector it follows from Theorem 1.2.16 that
(4.1.110) is equivalent to

C(A) N{C(A2) + C(A3)}N{C(As) + C(A,)} = {0}. (4.1.111)
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Hence, if By given by (4.1.79) is unique, then (4.1.100), (4.1.107) and (4.1.111)
hold.

Now we show briefly that the conditions given by (4.1.100), (4.1.107) and (4.1.111)
are also sufficient. If (4.1.107) holds, it follows that P’ spans the orthogonal
complement to (C'(Ajz), and in this case it has already been shown that (4.1.111)
is equivalent to (4.1.105), which means that if (4.1.111) holds, (4.1.103) is unique.
Now, the uniqueness of (4.1.103) together with (4.1.107) imply that (4.1.101) is
unique and hence, if (4.1.100) is also satisfied, B, is unique.

Finally, the uniqueness of K]§1LAwill be considered and here the discussion for ]§1
will be utilized. Thus, when KB;L is unique, in correspondence with (4.1.100),
(4.1.102) and (4.1.105),

C(L) € C(Cy),

C(K’) - C(A’) (4.1.112)
C(ALST'A(ASTTA)"K') C C(ALT)), (4.1.113)
C(A’P’S AL (AISTTA) K C C(ALT,TS) (4.1.114)

hold. We are not going to summarize (4.1.112) — (4.1.114) into one relation as it
was done with (4.1.93) and (4.1.94), since such a relation would be rather compli-
cated. Instead it will be seen that there exist inclusions which are equivalent to
(4.1.113) and (4.1.114) and which do not depend on the observations in the same
way as (4.1.95) and (4.1.99) were equivalent to (4.1.93) and (4.1.94).

From (4.1.112) and Proposition 1.2.2 (i) it follows that K’ = A}Q; for some
matrix Q1, and thus (4.1.113) is equivalent to

C(ALST'AL(A]STIAL)"ALQ)) C C(ALT)),
which can be written as
C(Ay(I-T)Qi) C C(ALTY). (4.1.115)
By Proposition 1.2.2 (ii) it follows that (4.1.115) holds if and only if
C(ALQq) C C(ALTY). (4.1.116)
The projectors Pa¢ and P(a,.a,)s appearing in the following discussion are given

by (4.1.90) and (4.1.91), respectively. Since C'(A5T]) = C(A3P A7) holds, using
Proposition 1.2.2 (ii) and inclusion (4.1.115), we get

ALQi = ALPA:Qs = AJTIQoQs, Par =TQo, (4.1.117)

for some matrices Qo and Q3.
We leave (4.1.116) and (4.1.113) for a while and proceed with (4.1.114). Inclusion
(4.1.114) is equivalent to

C(AP(I-T1)Q1) € C(A5T|Ty) = C(ASP'T)),
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which by Proposition 1.2.2 (ii) holds if and only if
C(ASP'Qq) C C(ALTITY). (4.1.118)

When expanding the left-hand side of (4.1.118), by using (4.1.117) and the defini-
tion of P in (4.1.104), we obtain the equalities

C(A5(1—T1S; ' T1A5(ALT;S; 'T1A2)~A%)Qy)
= C(A5Q1 — AJT!S; ' T1 A (ALT)S; ' T1AL) AL T Q2Q3)
= C(A5Q1 — Aj(T) — T1T5)Q2Qs).
Hence, (4.1.118) can be written as
C(A5Q1 — A4(T] — T1T5)Q2Qs) € C(ASTTY),
which by Proposition 1.2.2 (ii) is identical to
C(A5Q1 — A3TQ2Q3) C C(ALTTY).
By applying (4.1.117) and C'(T|T5) = C'(A; : Ay) it follows that
C(A5Q1 — A3PA-Q3) C C(A3TIT)) = C(Az(A1: Ag)°). (4.1.119)
Since C'((A7 : Ay)?) = C(P(A11A2)‘1’>7 the relation in (4.1.119) holds if and only
if
C(A5Q1 — A5(Pag —Pa,.a,))Q3) € C(A5(A1: A2)%), (4.1.120)
and by utilizing (4.1.91), the inclusion (4.1.120) can be written
C(A5Q: — AgPAﬁAg(AéPAﬁAg)fA'zPA«;Qg) C C(A5(A1: Ar)°). (4.1.121)
However, applying (4.1.117) to (4.1.121) yields
C(A5(I-PacAz(A5PAcA2) " A5)Q1) C C'(A3(A; - AY)°),
and by definition of P(a,.a,)e in (4.1.91) we get that (4.1.121) is equivalent to
C(A3(I-PasAs(A5Pa-Ay) " AY)(I-Pa0)Qi) € C(AS(A1: A)?), (4.1.122)
since C'(A3(A1 : A2)°) = C'(A3P(a,:a,)2). Thus, by definition of Pas, from
(4.1.122) and the equality K’ = A{Q}, it follows that (4.1.114) is equivalent to
C(A3(I—-PasAz(A5PA-As) " A5)A(ATA) K') C C(A5(AL: AY)°).
(4.1.123)
Returning to (4.1.116) we get by applying Proposition 1.2.2 (ii) that (4.1.116) is
equivalent to
C(A5(I—Pag)Q1) © C(AZAY),
since C'(A3T)) = C(A3A7) = (C'(A3Pac). By definition of Pao and Qq, the
obtained inclusion is identical to
C(ALA(AJA]) K') C C(ALAY). (4.1.124)

Hence, (4.1.113) is equivalent to (4.1.124), and by (4.1.123) and (4.1.124) alter-
natives to (4.1.114) and (4.1.113) have been found which do not depend on the
observations.

The next theorem summarizes some of the results given above.
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Theorem 4.1.12. Let ]§i, i =1,2,3, be given in Theorem 4.1.6 and let K]A3iL,
i1 =1,2,3, be linear combinations of B;, where K and L are known non-random
matrices of proper sizes. Then the following statements hold:

(i) B; is unique if and only if
r(As) = g3, 1(Cs)=ks
and
C(A3)N C(A1: Az) ={0};
(i) KBsL is unique if and only if
C(L) € C(Cy)
and
CK') € C(Az(A1: Ay)%);
(iii) B, is unique if and only if
7(Az) =q2, 7(C2) =k,
C(A1) N C(A2) ={0}
and
C(A)TNC(A1:A) N C(Ar: Az) = {0};
(iv) KB, L is unique if and only if
C(L) € C(C2)
and
CK') € C(A5(A1: A3)*);
(v) By is unique if and only if
r(A1) =q1, 7(C1) = ki,
C(A1) N C(Az) ={0}
and
C’(_Az)L n C(A1 : Ag) N C(AQ : Ag,) = {O},
(vi) KB, L is unique if and only if
C(L) € C(Cv),
C(K') € C(AY),
C(A5(I—PasAr(APAsAz) " AY)AL(ALA)K') C C(A5(A1: Ay)Y),
where P a0 is defined in (4.1.90) and
C(A3A1(ATA1) K') C C(A5A7).

Theorem 4.1.12 can be extended to cover the general MLNM(>"!" | A;B,;C;). The
next theorem presents the results. A proof can be found in von Rosen (1993).
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Theorem 4.1.13. Let

Agr =(A1: Azt At A A1), =23, . om—rr > 1
Asr=(Ag:Agz:...tAy), s=23,....m—rr=1

Asr,=(A1:Ag:. .t A y), s=1<m—-rr>1;

A, =0, s=1,r=1

Then ]A3r given in Theorem 4.1.7 is unique if and only if

r(Ay) =my, 1(Cp) =k
CA)INCAL1:Az:...: Aq)={0}, r>1;
C(Asr)" N{C(As) + C(AL)YN{C(As,) + C(A)} = {0},

s=1,2,....m—n.

4.1.6 Restrictions on B in the Growth Curve model

When treating restrictions on the mean parameters in the Growth Curve model,
we mainly rely on previous results. Note that if it is possible to present a theory for
estimating parameters under restrictions, one can immediately find test statistics
for testing hypothesis. Of course, the problem of finding the distribution of the
test statistics still remains. For many statistics, which can be obtained from the
forthcoming results, the distributions are unknown and have to be approximated.
Let us proceed with Example 4.1.1 again.

Example 4.1.4 (Example 4.1.1 continued). In the case when the three different
treatment groups had different polynomial responses, the model had the mean

E[X] = A;B;C; + A3B;C; + A3B3Cs. (4.1.125)
The different responses were explicitly given by

Biit+Bat + -+ 6(q—2)1tq737
Bra+Baat + - -+ + Brgm2)2t !> + Bg—1)2t? >,
Brs+PBast + - + Bg—2)3t? > + Bg—1)at? > + Bgst "

Equivalently, this can be written in the form

BuitPart + - + Bg—2)1t?? + Bgnyit? > + Brt ™,
Bra+Baat + -+ + Bgo2)2t? ™% + Brg—1)2t? > + Bgat ™,
Brg+Bast + -+ + Bg—2)3tT > + Bg—1)at? > + Beat!™,

with
Bg-11 =0, Bpn =0, B2=0. (4.1.126)
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In matrix notation the restrictions in (4.1.126) can be presented by

G,BH, =0, (4.1.127)
G,BH, =0, (4.1.128)
where B = (b;;): ¢ x 3,
G =(0 0 --- 1 0), H =(1 0 0),
- , (1 00
G,=(0 0 0 1), H2_<O 1 O>'

Hence, (4.1.125) is equivalent to F[X] = ABC if (4.1.127) and (4.1.128) hold. In
general, it follows that any model in the class of the MLNM(>.", A;B,;C;) can
be written as a MLNM(ABC), with restrictions on B. 1
Consider the Growth Curve model given in Definition 4.1.1. Various types of
restrictions on the parameter B are going to be treated:

(i) B=F + GOH, (4.1.129)
where F : ¢ x k, G : g x s, H: t X k are known matrices and © : s X t is a
matrix of unknown parameters;

(i) GB=0, BH =0, (4.1.130)
where G : s x g and H : k x t are known matrices;

(iii) GBH = 0, (4.1.131)
where G : s x ¢, H: k x t are known matrices;

(iV) GlBHl == O, GQBHQ = 07 (4.1.132)

where G; : s; X q, H; : k x t;, i = 1,2, are known matrices.

In (ii), (iii) and (iv) it is worth observing that the homogeneous restrictions can
be replaced by non-homogenous restrictions, i.e. in (ii) GB = F;, BH = F, in
(i) GBH = F and in (iv) GiBH; = F;, GyBH; = F; where some additional
conditions on the F—matrices must be imposed. However, it is left to the reader
to carry out the treatments for the non-homogeneous restrictions. Furthermore,
in order to obtain explicit estimators under the restrictions given in (iv), some
conditions have to be put on the known matrices.

The restrictions in (ii) and (iii) are special cases of (iv), but since (ii) is very easy
to handle and (iii) is frequently used in multivariate analysis of variance, we are
going to treat them separately. When deriving the maximum likelihood estimators
B and X in (i), (ii), (iii) and (iv) it becomes clear how to obtain estimators when
more general constraints exist. Other restrictions than those given in (4.1.129) —
(4.1.132) will also be treated (see (4.1.166) and (4.1.169) given below).

The main idea of this paragraph is to identify each of the four types of dif-
ferent restrictions with either another unrestricted Growth Curve model or a
MLNM(>~", A;B;C;). It will be shown that (i) and (ii) can be formulated via
the ordinary Growth Curve model, whereas (iii) and (iv) utilize the more general
MLNM(>~", A;B;C;). These results are obtained by interpreting the restric-
tions given by (4.1.130), (4.1.131) or (4.1.132) as a system of linear equations in
the parameter matrix B. Thereafter the system is solved.
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Starting with (i) in (4.1.129), it is seen that we have an ordinary Growth Curve
model with a translated data matrix X with a mean structure which has been
changed.

Theorem 4.1.14. For the MLNM(ABC) with restriction (i) on B, given by
(4.1.129), the maximum likelihood estimators equal

B =F + G(G'A’'S™'AG) G'A'S™ (X - AFC)C'H'(HCC'H')~
+(G’'A")°Zy + G’'A'Zy(HC)”

where
S=(X-AFC)(I- CH(HCC'H)"HC)(X — AFC)’

is assumed to be p.d., Z;, 1 = 1,2, are arbitrary matrices and
n¥ = (X — ABC)(X — ABC)'.
The estimator B is unique if and only if

C(G)n C(A)* = {0}, (4.1.133)
CH)n C(C)* ={o0}. (4.1.134)

For known matrices K and L the linear combination KBL is unique if and only if

C(G/K/)
C(HL)

C C(G'A)), (4.1.135)
C C(HC). (4.1.136)

Note that the conditions (4.1.135) and (4.1.136) hold if C(K’) € C(A’) and
C(L) € ('(C) which, however, are not necessary conditions.

PRrROOF: Let

Y =X — AFC,
M =AG,
N =HC.

Hence, when inserting (4.1.129) into the mean of the MLNM(ABC), the following
Growth Curve model is obtained:

Y = MON + ='/%E,

where, as previously, $'/2 is a symmetric square root of £ and E ~ N, ,(0,1,,,1,,).
Thus, via Theorem 4.1.1, it follows from (4.1.7) and (4.1.8) that

O = (M'S™'M)"M'S™'YN/(NN')~ + (M/)°Z; + M'Z;N?
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where Z; and Z, are arbitrary matrices,
S=Y(I-N(NN)"N)Y’,

MON = M(M'S™'M)"M’S™'YN'(NN')"N (4.1.137)
and R R R
nE = (Y — MON)(Y - MON)'. (4.1.138)

According to Proposition 1.2.2 (x) the expression in (4.1.137) is invariant with
respect to any choice of g-inverse, because the expression does not depend on the
arbitrary matrices Z;, i = 1,2. Thus, n3 given by (4.1.138) is invariant with
respect to g-inverses, and hence nS is unique. By (4.1.129) it follows that

B=F+GOH.
The maximum likelihood estimator B is unique if and only if
C(G) ¢ C(G'AY),
C(H) € C(HC)
hold, which by Theorem 1.2.12 are equivalent to the conditions (4.1.133) and

(4.1.134). For KBL we also immediately obtain the conditions given by (4.1.135)
and (4.1.136). .

By applying Corollary 1.3.6.2 we obtain for restrictions (ii), given by (4.1.130),
that all possible matrices B satisfying (4.1.130) are given by

B = (G/)°©H", (4.1.139)

where © is arbitrary, i.e. ® is a matrix of new parameters. From (4.1.139) it
follows that the restrictions in (ii) can be formulated by restrictions (i), and the
next corollary is immediately established.

Corollary 4.1.14.1. For a MLNM(ABC) with restrictions (ii) on B, given by
(4.1.130), the maximum likelihood estimators equal

ﬁ :(G/)o{(G/)O'AlsflA(G/)o}f(Gl)o'AlsflxclHo(Ho/CC/Ho)f
+ ((G/)O'A/)ozl + G/AIZZ(HOIC)O"
where / )
S=X(I-CH°H’CCH’) H’C)X’
is assumed to be p.d., Z;, i = 1,2, are arbitrary matrices and
nS = (X — ABC)(X — ABC).
The estimator B is unique if and only if
C(G)*=n C(A)* = {0}, (4.1.140)
C(H°) N C(C)* = {o}. (4.1.141)
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For known matrices, K and L, the linear combination KBL is unique, if and only
if

C(G)'K')C C((G)” A, (4.1.142)
C(H°L) C C'(H’ C). (4.1.143)
1

If C(G")°) C C(A’)and C(H®) C C(C), we obtain from (4.1.140) and (4.1.141)

A

that B is always unique and these conditions are automatically satisfied if A and
C are of full rank. Furthermore, if C/(K') € C'(A’) and C'(L) C C(C), the
inclusions (4.1.142) and (4.1.143) are always satisfied.

Now let us consider the restrictions (iii) given by (4.1.131). Since (4.1.131) forms a
homogeneous equation system, it follows from Theorem 1.3.4 that B has to satisfy

B = (G)°0, + G'O,H" (4.1.144)

where ®; and @, are new parameter matrices. Inserting (4.1.144) into E[X] =
ABC yields the mean

E[X] = A(G')°©,C + AG'©,H" C.
Since C'(C'H?) C (J(C’) always holds we have a MLNM(X:?:1 A;B;C;). Thus,

we have found that the MLNM(ABC) with restrictions (iii) can be reformulated
as a MLNM(Y?_, A;B,C)).

Theorem 4.1.15. For the MLNM(ABC) with restrictions (iii) on B, given by
(4.1.131), the maximum likelihood estimators equal

B = (G')°©; + G'©,H"
where
0, =(GA'T}S;'T;AG')"GA'T,S; ' T, XC'H°(H° CC'H®)~
+ (GA'T})°Z1, + GA'T,Z15,(H° C)”
with
r:[|1 =1 — A(G/)o{(G/)OIAlsl_lA(G/)o}7(G/)O,A.lsl_l,
S; =X(I-C'(CC)~C)X/,
S, =S; + T;XC/(CC')~C{I - C’'H°(H° CC'H’)"H’ C}C’(CC’)~CX'T},

0, ={(G")” A'S;'A(G)?}~(G')” A'ST (X — AG'®,H° C)C'(CC')~
+ ((G/)()IAI)OZ21 + (G/)O/AIZ22COI7
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where S; is assumed to be p.d., Z;; are arbitrary matrices, and
n% = (X — ABC)(X — ABC).

The estimator B is unique if and only if

C(G)"n C(A)" = {0},
C(G)Nn{C(G)" + C(A)"} = {o}.

For known matrices, K and L, the linear combinations KBL are unique, if and
only if

C(L) C C(C),
C((G")K') C C((G)”A),
C(HL) C C(H’C),

C(GK') C C(GP,A"),

where
P, =I— (G)°{(G")”A’A(G)°}(G')” A’A.

PROOF: The estimators @1 and B follow from Theorem 4.1.7, with
A =A(G)°, C =C, Ay=AG, C,=H'C, B, =0;, By;=0,.

To prove the uniqueness conditions for B as well as K]§L, one has to copy the
ideas and technique of §4.1.5 where uniqueness conditions for the estimators in the
MLNM(Z:?=1 A,;B;C,;) were discussed. 1
In the next restrictions (iv), given by (4.1.132), will be examined. The reader will
immediately recognize the ideas from previous discussions. From Theorem 1.3.6 it
follows that a common solution of the equations in B, given by (4.1.132), equals

B =(G} : G4)°©; + (G} : (G} : G})°)°@:HY + (G : (G} : G})°)°©;HY
+((G1)?: (G4)°)°©4(H, : Hp)”, (4.1.145)

where ©1, @5, 3 and O, are arbitrary matrices interpreted as unknown param-
eters.

For the MLNM(ABC) with restrictions (iv) the mean equals E[X] = ABC, where
B is given by (4.1.145). However, when B is given by (4.1.145), the model does
not necessarily belong to the MLNM(}"!" | A;B;C;) without further assumptions,
since C'/(C'H3) C C'(C'HY}) or C(C'H$) C C(C'HS) may not hold. In a canon-
ical formulation this means that we do not have a stairs structure for the mean.
Instead, the mean structure can be identified with

([ 0 O
@_<®21 ; )
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Therefore, in order to get explicit estimators, some additional conditions have to
be imposed. In fact, there are several different alternatives which could be of
interest.

From (4.1.145) it follows that in order to utilize results for the general model
MLNM (3", A;B;C;), it is natural to consider the conditions given below:

A(G): (G : GH)°)° =0, (4.1.146)
A(G] 1 (G} : Gy))° =0,
C(C'HS) C C(C'HY), (4.1.147)

C(C'H) € C/(C'HY).

By symmetry it follows that only (4.1.146) and (4.1.147) have to be investigated,
and from a point of view of applications it is useful to make a finer division of
these conditions, namely

a) (Gy: (G]:Gy))° =0, (4.1.148)
b) A(G;:(G]:GY))? =0, (Gj:(G):GH)")”#0, (4.1.149)
¢) C(H3) € C(HY), (4.1.150)
d) C(C'HY) C C(C'HY), C(H3) ¢ C(HY). (4.1.151)

In the subsequent, a brief discussion of the various alternatives, i.e. (4.1.148) —
(4.1.151), will be given. Unfortunately, several of the calculations are straightfor-
ward but quite tedious and therefore they will not be included. In particular, this
applies to case d), given by (4.1.151). Because there are so many uniqueness con-
ditions corresponding to the different alternatives given in (4.1.148) — (4.1.151),
we will not summarize them in any theorem. Instead some of them will appear in
the text presented below.

We start by investigating the consequences of (4.1.148). If (4.1.148) holds, then
G : (G : G,)° spans the entire space, which in turn implies that

C(Gh)" = C(G}: Go)*, (4.1.152)
since G2(G] : G4)° = 0. Moreover, (4.1.152) is equivalent to
C(G)) € C(GY),

implying
C(((G1)7: (G3)")°) = C(GY)).

Hence, in the case a), instead of (4.1.145), consider
B =(G})°O; + (G} : (G})°)°OsHS + G,O4(H; : Hy)*. (4.1.153)

Maximum likelihood estimators of @1, @3, @4, as well as B and ¥, are now
available from Theorem 4.1.6. Uniqueness conditions for @1, ('-)3 and @4 are given
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in Theorem 4.1.12. However, we are mainly interested in uniqueness conditions
for B or KBL. It can be shown that B is unique if and only if

r(C) =k,

C(G5)*" n C(A)*" ={o}, (4.1.154)
C(G)E N C(GLN{C A + C(Gy*t}) = {0}, (4.1.155)
C(G)N{C A"+ C(G)*}={o}. (4.1.156)

If A is of full rank, i.e. 7(A) = g, then (4.1.154), (4.1.155) and (4.1.156) are all
satisfied. Hence, B is unique if A and C are of full rank, and this holds for all
choices of G1, Ga, H; and Ha, as long as ('(G}) C C'(GY)).

Below, necessary and sufficient conditions for uniqueness of KBL are given:

C(L) € C(0),

C(GH)°K') C C((Gh)”'A),
C{G] : (GL)} " RIK') € C({G] : (GH)°}* A(A(GH)°)°),
C(GiR,RIK') C C(G1A'{A(G))°}°),

where

Ry =1 — (G} : G)){(G} : GL)7 A’A(G) : GL)°Y (G} : GL)P A’A,  (4.1.157)

Ry =I—{G : (G} : GY)°}*({G] : (G} : G5)’} " RIA'AR{G : (G : G5)*}")
x {G} : (G} : G,)°}' R, A’AR,. (4.1.158)

If C(K')C C'(A’) and C(L) C C(C), it follows that KBL is unique.

Let us now briefly consider case b), given by (4.1.149). There are no principal dif-

ferences between a) and b). In both cases, instead of (4.1.145), the mean structure
can be written as

B =(G} : G,)°O; + {G} : (G} : G})°}°OsHY
+{(G)?: (G5)°}°O4(H; : Hy)"'. (4.1.159)
The difference compared with (4.1.153) is that in a) C'(G}) € C(G)) holds,

which simplifies (4.1.159) somewhat. Now it follows that B is unique if and only
if

r(C) =k, (4.1.160)
C(G1: Gy nC(A)* = {0}, (4.1.161)
C(G)TNC(G,:GHN{C(AN + C(GH*} ={0}, (4.1.162)
C(G) N C(GYHN{CAN" + C(G))"'} = {o}, (4.1.163)

and KBL is unique if and only if
C(L >c C(c),
C((G}: G K') € C((G1: Gh)” A),
0({@’ (G : GH°}'RIK') € C({G] : (G} : GL)°}” A’(A(G)%)°),
CH{(GY)°: < GH) I RERIK') C C({(G))° : (GH)°} A/(A(G)°)°),
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where R; and Ry are given by (4.1.157) and (4.1.158), respectively.

Finally, we turn to case c). If (4.1.150) holds, then

C(H; : Hy)* = C'(Hy)* and C(H;) € C(Hy). Hence, instead of B given by
(4.1.145), we observe that

B =(G) : G,)°© + {G} : (G : G,)°}°©,HY
+{(G1:(G1:GH)")”: ((G})”: (G)°)"}OsHS .
Since C'(C'HS) C C(C'HY) C (C(C'), we get as before, that if restrictions (iv)
given by (4.1.132) together with (4.1.150) hold, one may equivalently consider a

MLNM(Z:?:1 A;B;C;). Hence, via Theorem 4.1.6, estimators are available for
O, Oy, O3 as well as for B and X. Furthermore, B is unique if and only if

r(C) =k,

C(G}: Gy n C(A)" = {0},

C(GY)E N C(G: G N{C(A): + C(GL: Gy)*} = {0}, (4.1.164)
C(Gy) N{C(A)" + C(Gh)"} = {0}. (4.1.165)

In comparison with case b), where the corresponding conditions for uniqueness
were given by (4.1.160) — (4.1.163), it is seen that the differences between b) and
¢) lie in the difference between (4.1.162) and (4.1.164), and the difference between

(4.1.163) and (4.1.165). Furthermore, if A and C are of full rank, B is uniquely
estimated. R R
Moreover, linear combinations of B, i.e. KBL, are unique if and only if

C(L)c C(C),
C((G}: Gy K') C C((G} : G A'),
C({G}: (G} : G} RIK))
C C({Gh: (G : G} A{A(G] : GY)°}),
C(GLRLRIK') C C(GoA/(A(GH))°),

where R; and Ry are given by (4.1.157) and (4.1.158), respectively.
For case d) it is just noted that since

C(C'(H, : Hy)?) € C(C'H3) € C(C'HY) € C(C),

the mean structure given by (4.1.145) implies a mean structure in the general
MLNM(Z?Z1 A;B;C;). This model has not been considered previously in any
detail and therefore no relations are presented for d).

Now more general restrictions on B in the MLNM(ABC) than restrictions (iv)
given by (4.1.132) will be considered:

G,BH; =0, i=12...,s. (4.1.166)
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We have to be aware of two problems related to the restrictions in (4.1.166).
When considering (4.1.166) as a linear homogeneous system of equations, the first
problem is to find suitable representations of solutions. For ¢ > 3, it is not known
how to present the general solution in an interpretable way. The special case 1 = 3
has been solved by von Rosen (1993). Thus, some restrictions have to be put on
G; and H; in G,BH; =0, ¢ = 1,2,...,s. The second problem is how to stay
within the class of MLNM(>""" | A;B;C;), i.e. a model where the nested subspace
condition C(C),) C C(C),_;) C ... C ((C}) has to be fulfilled. There exist
many possibilities. As an example, one may suppose that

CH,) C C(H,_;)C...C C(H) (4.1.167)
C(G)) c C(G,_1) C...C C(GY). (4.1.168)

For these cases the solutions are easy to obtain and the model immediately belongs
to the class of MLNM (Y}, A;B;C;).

Theorem 4.1.16. Suppose that for the MLNM(ABC) the parameter matrix B
satisfies the restrictions given by (4.1.166). Then the following statements are
valid.

(i) If (4.1.167) holds, then an equivalent model belonging to the
MLNM(}-", A;B,C;) is given by a multivariate linear model with mean

E[X]=AN©,C+AY (Ni; : NJ)°O;H! C + AG{ O, HY C,
i=2
where ©;, 1 = 1,2,...,s, are new parameters and
N, =(G}:Gy:...: G)).

(ii) If (4.1.168) holds, then an equivalent model belonging to the
MLNM (>, A;B;C;) is given by a multivariate linear model with mean

s—1
E[X] = AG,0;MJC+ A ((G)°: G}11)°© 1M C + A(G))°O,41C,
i=1
where ©;, i =1,2,...,s, are new parameters and
Mli(Hl IHQ . Hl)

PROOF: Both statements are immediately obtained by solving (4.1.166) with re-
spect to B with the help of Theorem 1.3.9. 1

Hence, one can find explicit estimators and discuss properties of these estimators
for fairly general multivariate linear models. However, we are not going to use this
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model anymore in this text. Instead, we will consider another type of restriction
on B in the MLNM(ABC).
Suppose that for the MLNM(ABC) the following restriction holds:

G,0H, + G,BH, = 0, (4.1.169)

where, as previously, G; and H;, ¢ = 1, 2, are known matrices, and B and © are
unknown. Let us return to Example 4.1.1 in order to examine an application of
the restrictions in (4.1.169).

Example 4.1.5 (Example 4.1.1 continued). It has been stated previously that
the mean structure of the example equals

Bri+Bat + - + Bg—21t 7% + Bg—1)1t? > + Bt
Bra+Baot + - -+ + Bgm2)2t ™ + Bg—1)2t? % + Beat I,
Brs+Bast + - + Bg—2)3tT > + Bg—1)at? > + Best™ "

Furthermore, restrictions have been put on B by setting various elements in B
equal to zero. For example, in (4.1.126)

B(qfl)l =0, 6ql =0, ﬁqQ =0

was considered in Example 4.1.4, which implies a MLNM(X:?Z1 A,;B;C)).
Instead of these conditions on B, assume now that for two treatment groups
the intercepts, i.e. $12 and i3, are both proportional to the same unknown con-
stant. This could be realistic in many situations. For instance, when there is
one factor which influences the treatment groups but depends on the treatment
conditions, we may have a difference between the influence in each group. Math-
ematically, this may be expressed as (f12 : f13) = O(f1: f2) or f12 = f13f, where
f1, f2 and f are known constants, or equivalently as GBH; = ®H,, for some G
and H;, ¢ = 1,2, where B and © are unknown. Hence, we have linear restrictions
which differ from those previously discussed. 1

Theorem 4.1.17. The MLNM(ABC) with restriction G;®H; + GoBH, = 0,
where G;, H;, i = 1,2, are known and ®, B unknown, can equivalently be de-
scribed by a multivariate linear model with mean

EX] = A(G})°0:C + A{G,GY : (G’Q)O}OQQ(HQ(HQ)")OIC + AG’QGj’GgHSIC,

which belongs to the MLNM(X:?:1 A;B;C,;). The maximum likelihood estimators
of the mean parameters are given by

B =(G})?0; + {G,GY : (G})°1°0,(H,(H))°)” + G,G¢OsHY (4.1.170)
O = — G Go{GLG? : (G})°}°Ou(Hy(H))) + (G1)°Zy + G, ZoHY |, (4.1.171)

where the estimators @1, ©, and (:)3 follow from Theorem 4.1.6, and Z;, 1 = 1,2,
are arbitrary matrices of proper size. Furthermore,
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(i) ©j is unique if and only if
C(AGLGY) N C(A(GLGY)?) = {0},

and both AG,G¢ and C'HY are of full rank;
(ii) O, is unique if and only if

C(A(G3)") N C(A{G5GY : (G5)’}") = {0},
C(A(G))°)" N C(A(G,GY)°) N C(A{GLGY : (G3)%}) = {0},

and both A((G%)°? : G4,GY)° and C'(Hy(H/)?)° are of full rank;
(iii) ©, is unique if and only if

C(A(G3)°) N C(A{G5GY : (G5)’}?) = {0},
C(A{G)GY : (G3)}*)" N C(A(G,G9)°) N C(AG)) = {0},

r(C) =k, and A(G%)° is of full rank;
(iv) put M = GLGY : (G4)°. Then © is unique if and only if

C(GyG1) € C(M) + C(A) N C(M)*,

and both G and Hy are of full rank;
(v) B is unique if and only if

C(Gy)* n C(A)* = {0},

C(G2 {G’ G : (G)°}?) N C(Ga(A")?) = {0},
C(G2GY) C C(AN,

r(C) =k

PRrOOF: By Theorem 1.3.8 it follows that the general solution to
G,0H; + G,BH, =0

is given by (4.1.170) and (4.1.171). For (i) — (iv) of the theorem we can rely on
Theorem 4.1.12, whereas for (v) some further calculations have to be carried out
which, however, will be omitted here. 1

Another case, where the restriction G1B1H; + GoBoHy = {0} is useful, is when
studying the MLNM(E::’;1 A,;B;C;), eg. a MLNM(A;B;C; + A2B2Cs) where
G1B1H; + G;B.H,; = {0} holds. However, for this case, besides the inclusion
C(C,) C C(CY), we have to impose some further conditions so that explicit
estimators can be obtained. This can be done in a manner similar to deriving the
results given above.
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4.1.7 Problems

1.
2.

10.

. Show that X = >"7" | A;B;C; + X/2E, where C'(A,) € C'(Aym_1) C ...

Give a detailed proof of Theorem 4.1.17.

Let X = ABC+X'2EWY/2, where X, A, B, C and X are as in the Growth
Curve model, W is known and positive definite and E ~ N(0,1,,1,). Find
the maximum likelihood estimators of the parameters.

Derive the maximum likelihood estimators of the parameters in the

MLNM(Y? | A;B;C,).

N

C(Al) is a MLNM(ZZl AszCz)

Use the canonical form of the MLNM(}"" | A;B,;C;) defined via (4.1.65).
By performing a reparametrization show that the likelihood function can be
factorized similarly to (4.1.21).

If in the MLNM(X:?Z1 A;B;C,;) the condition C'(As) C ('(Aj3) holds, then
indicate the changes it causes in the statements of Theorem 4.1.12. What
happens if we assume (A1) C (C'(Az) instead of C'(A2) C C'(A3) 7

The Complex normal distribution of Xy + i Xy is expressed through the fol-
lowing normal distribution:

X, 73 Y X
~ N n bl )ITL I
(X2) P ((Nz o1 X
where X; : p X n, p; : pxn, X3 > 0 and X1, = —3%,. Estimate pq, po,
211 and 212.

The Quaternion normal distribution of X1 4+ 1 Xy + j X3 + k X4 is expressed
through the following normal distribution:

X1 M1 X DI Y3 Yy

Xo | N 13 X1 Y51 ¥ X3 I

X3 Apn ps || X3 B X X ")
X4 jo -3y -3 X X

where X; : pxn, p; : pxn and 3q7 > 0. Estimate p;, 1 = 1,2, 3,4, and X1,
319, 313 and ¥q4. For quaternions see §1.3.1.

Monotone missing structure (see Wu & Perlman, 2000; Srivastava, 2002).
Let x ~ Np(p,X), ¥ > 0, where x’ = (X1, Xs,...,X,). Suppose that we
have ny observations on x, ng observations on x,_1 = (X1, Xa,..., Xp-1), n3
observations on x,_2 = (X1,Xs,...,X,_2) and so on until n; observations
on Xp_p4+1 = (X1,Xo, ..., Xp_k+1). Estimate p and 3.

In §4.1.3 many statements hold with probability 1. Let X and S denote the
observations of X and S, respectively, and assume that

X e C(A, ) and C(S) = C(D).

Prove in the above assumptions the analogues of the statements in §4.1.3,
which hold with probability 1. Remark that now the condition ”with proba-
bility 1” is not needed in the obtained results.
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4.2. MOMENTS AND MULTIVARIATE LINEAR MODELS

The object of this section is to discuss some of the multivariate linear models from
Section 4.1, namely the Growth Curve model, given in Definition 4.1.1, and the
MLNM(}"", A;B;C;), given in Definition 4.1.3. In this section we are going
to find the ﬁrst moments of the maximum likelihood estimators of the parameter
matrices. These results are needed for approximating the distributions of the
estimators. As previously, we emphasize that readers have to work with the details
by themselves. Most of the ideas are straightforward but it is difficult to achieve
any results without the techniques presented.

4.2.1 Moments of the mean estimator of the Growth Curve model
Let us dissect the maximum likelihood estimator of B in the Growth Curve model,
i.e. the MLNM(ABC). In Theorem 4.1.11 the maximum likelihood estimator was
given by

B =(A'ST'A)TA'STIXC/(CC) L, (4.2.1)

where it was assumed that r7(A) = ¢ and r(C) = k, in order to have a unique
estimator. The uniqueness is needed as we want to discuss properties of B. This
would be meaningless if the estimator is not unique. In the non-unique case, B is
given by (4.1.7) and equals

B=(A'ST'A)"A'STIXC/(CC')” + (A)°Z; + A'Z,C? (4.2.2)

where
S=X(I-C'(CC) C)X'. (4.2.3)

When considering Bin (4.2.2), we have to treat the estimator separately for each
choice of Z;, i = 1,2. If Z; is non-random we just have a translation of ]§, and
as it will be seen later, we have a biased estimator. If Z; is random, everything is
more complicated. R

As an alternative to the assumption of uniqueness of B, one may consider a linear
combination KBL where K and L are known matrices. In this paragraph

ABC =A(A’'S7'A)"A/S™'XC/(CC)~C (4.2.4)

is going to be treated, which according to Theorem 4.1.11 is unique. However,
since Theorem 4.1.11 states that KBL is unique if and only if C'(K') C C(A’),
C(L) € C(C), and by Proposition 1.2.2 (i) these conditions are equivalent to
K = A’Q1 and L = CQy for some matrices Q; and Qg, we obtain that KBL =
Q] ABCQ2 and thus it will be sufficient to consider ABC. Note that if A and C
are both of full rank, the expression in (4.2.4) can be pre- and post-multiplied by
(A’A)~'A’ and C'(CC’)~!, respectively, which gives B in (4.2.1).
From (4.2.1) it follows that B is a non-linear estimator. It consists of two random
parts, namely

(A'STTA)TA’'ST! (4.2.5)
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and
xc'(cc) (4.2.6)

In (4.2.1) the matrix S, given by (4.2.3), is random, so the expression in (4.2.5) as
well as B are quite complicated non-linear random expressions. R

Gleser & Olkin (1970) were the first to derive the distributions for B (under full
rank assumptions) and s given in Theorem 4.1.2. This was performed through the
canonical reformulation of the model presented in Section 4.1.2. Kabe (1975) pre-
sented an alternative approach when working directly with the original matrices.
Kenward (1986) expressed the density of B with the help of hypergeometric func-
tions. It is well to notice that these results are all quite complicated and they are
difficult to apply without suitable approximations. Fujikoshi (1985, 1987) derived
asymptotic expansions with explicit error bounds for the density of B.

Since the distribution of B is not available in a simple form, one strategy is to
compare B with some other statistic whose distribution is easier to utilize. Alter-
natives to (4.2.1) are found in the class of estimators proposed by Potthoff & Roy
(1964);

Bg = (A/G'A)'A'GIXC/(CC) (4.2.7)
where, for simplicity, G is supposed to be a non-random positive definite matrix.
One choice is G = I. According to Theorem 2.2.2, the distribution of Bg is
matrix normal. Therefore, it can be of value to compare moments of B with the
corresponding moments of BG in order to understand how the distribution of B
differs from the normal one. Furthermore, it is tempting to use a conditional
approach for inference problems concerning B, i.e. conditioning on S, since the
distribution of S does not involve the parameter B. Hence, it is of interest to
study how an omission of the variation in S affects the moments of B.

Theorem 4.2.1. Let B be given by (4.2.1) and ABC by (4.2.4). Then the
following statements hold:

(i) E[B] = B;
(ii) ifn —k—p+q—1>0, then

~ n—k—1
DB| =
[B] n—k—-p+qg—1

(cC) e A'ETA)!

(iii) E[ABC] = ABC;
(iv) ifn —r(C) —p+r(A) —1 >0, then

n—r(C)—1
n—r(C)—p+r(A)—-1

D[ABC| = C'(CC) " CoAA'STA)" A

PROOF: Let us first verify (iii). Since, by Theorem 2.2.4 (iii), S and XC' are
independent,

E[ABC| = E|[A(A’S™'A)"A'S™|E[XC'(CC')~C]. (4.2.8)
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However, since E[X] = ABC implies E[XC’(CC’)~C] = ABC, the expression
in (4.2.8) is equivalent to

E[ABC] =E[A(A'S™'A)"A’S"!]ABC
E[A(A’S™'A)"A’S"'A]BC = ABC,

where in the last equality Proposition 1.2.2 (ix) has been used. Similarly (i) can
be verified.
Now we start to consider

D[ABC] = E[vec(A(B — B)C)vec'(A(B — B)C)] (4.2.9)
and note that
A(B-B)C=A(A'S"'A)"A'S™ (X — ABC)C/(CC')"C. (4.2.10)
It will be utilized that
A(A'STIA)"A'STI = A(A'STIA)TTA'S T (4.2.11)
where A is any matrix of full rank such that C'(A) = C'(A) which follows from
the uniqueness property of projectors given in Proposition 1.2.1 (vi).

Put
Y = (X - ABC)C/(CC')"C,

which by Theorem 2.2.4 (iv) is independent of S, and the dispersion of Y equals
D[Y]=C/(CC')"CxX. (4.2.12)

Thus, from (4.2.9) and (4.2.11) it follows that

D[ABC]
=E(I®AA'ST'A) TA'S HE[vecYved Y](I® ST'A(A'STTA)TA)]
=E[(IeAA'STA)TA'S HDY]I®S TAA'STTA) 1A
=C/(CC) " CoEAA'ST'A)TA'STISSTTA(A'STIA)TA’]. (4.2.13)

When proceeding (see also Problem 3 in §2.4.9), we will make use of a canoni-
cal representation of A’Y~1/2 where X71/2 is a symmetric square root of 371.
Proposition 1.1.6 implies that there exist a non-singular matrix H and an orthog-
onal matrix I' such that

A'YS"Y2 =H(I,(a): 0)T = HIy, (4.2.14)
where IV = (T} : T%), (p x r(A) : p x (p — r(A)). Let

V =x"128%71/2, (4.2.15)
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and from Theorem 2.4.2 we have V.~ W, (I,n —r(C)). Furthermore, the matrices
V and V! will be partitioned:

(Vi1 Vo r(A) x ) ) X )
V(vm v) (0 —r(A) x r(A) (p—r(A) x (p— r(A)) 4210
1 Vil yi2 r(A) x r(A) r(A) x (p—r(A))

v ‘<v21 v) (0 —r(A) x (&) (p—r(A)) % (p— r(A)) G217

Thus, from (4.2.14), (4.2.15) and (4.2.17) it follows that (once again compare with
Problem 3 in §2.4.9)

E[A(A/S_lé)_léls_lEs_lé(é/s_lé)_lél]
— E[EI/QI‘II(VII)_l(Vll . V12)(V11 . V12)/(V11)_1F121/2]
_ E[El/erl(I : (V11)71V12)(I . (V11)71V12)/F121/2]

= B[220 {14+ (VY tvizy2(vih—hr st/ (4.2.18)

From Proposition 1.3.4 (i) we utilize that (V')~'V'2 = —V, V!, Thus, the
last line of (4.2.18) is identical to

200 B2 4+ B2V, VoL,V Vo T B2, (4.2.19)
Next we proceed by focusing on V15V, Vo' Vi Since V. ~ W,(I,n — r(C)),
there exists, according to Definition 2.4.1, a matrix U ~ N, ,_,(c)(0,I,I) such
that V.= UU’. Partition U = (U} : Uj})’ so that Va; = U3U} and V; = U, Uj.
Then
E[V15V3,) V3,' Vo] = E[U U, (U, UY) 1 (UL UY) UL UYL (4.2.20)
By Theorem 2.2.9 (i) and independence of U; and Uy, this is equivalent to

E[V12V3; Vi, Vo] =E[tr{U5(UsUy) " (U Uy) ' Us )L
=FE[tr(U,UYy) L (4.2.21)

Furthermore, since Us Uy ~ W, () (I,n—7(C)), it follows from Theorem 2.4.14
(iil) that (4.2.21) equals

p—r(A)
n—r(C)—p+r(A)—-1

E[V15V3,' V3 Vo] = L (4.2.22)

Alternatively, we could have used Theorem 2.4.12 (iii), which yields

1
U,U5(U,U5) "2 ~ Ny p—r(a)(0,L1),

which in turn is independent of UsU). Finally, it is noted that since T''T =1
and H is non-singular,

20 22 = A(A'STIA) A, (4.2.23)
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and by combining (4.2.13), (4.2.18), (4.2.22) and (4.2.23), statement (iv) of the
theorem is established.
Under full rank assumptions, (ii) follows immediately from (iv). 1

Next we are going to consider moments of higher order and we have chosen to use
the representation R
E[(A(B - B)C)®"].

Theorem 4.2.2. Let ABC be given by (4.2.4). Put
v(A) =vec(A(A’S7TA)TA),
v(C') =vec(C'(CC’)~C).

In this notation the following statements hold:
(i) E[AB-B)C)®"| =0, foroddr;
(ii) ifn—r(C)—p+r(A)—1>0, then

E[(A(B~B)O)™] = — r(c]; - ;(fi(A) —1

v(AV(C');

(iii) if n —r(C) —p+1r(A) —3 > 0, then

E[(A(B-B)C)®] = (1 + 2c1){v(A)v/(C')}**
+(1+20)(L, ® K, @ L) {v(A)WV(C)}* (1, @ Ky @ 1)
+(1+261 pps{v( ) ( )}®2Kn3,n
+ (el +e3{(l, ® K, , @ 1) + K, 13 ) {v(A)V/(C)}#2,

where

p—r(A)
1 =5z ’I"(C) p+r(A)—17

_ 2(p—r(A))(n—r(C)—p+r(A)—D)+{2+(n—r(C)— erT(A))(n—T(C)—p-H(A)—3)}(17—T(A))27

€2 = (n—r(C)—p+7(A) (n—r(C)—pFr(A)—1)2(n—1(C)—p+r(A)—3)
_ p—r(A)
B == () pTr(A)(n—r(C)—ptr(A)—3)

n (p=r(A))?
=)= AN (n—(C)—p+(A) D) (n—r(C)—pF(A)=3)

(iv) if n —r(C) —p+7r(A) —2r +1 >0, then
E[(ABC)®*] =0(n™").

ProoF: First of all we note that due to independence between S and XC’,

~

E[(A(B - B)C)®"] =E[(A(A'STTA)"A'S™H)¥"]
x E[(X — ABC)®"]|(C/(CC/)~C)®", (4.2.24)

and since E[(X — ABC)®"] = 0, for odd r, (i) is established.
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The result in (ii) follows from Theorem 4.2.1 (iv) and Proposition 1.3.14 (vi).
Now (iii) is considered. In Corollary 2.2.7.4 (ii) the fourth order moments of a
matrix normally distributed variable were given, and applying this result implies
that (4.2.24), for r = 4, equals

~

E[(A(B-B)C)® = E[(A(A'ST!A)"A'S™1)®Y

X {(vecEvec’I)®2 + (I, K, , @ L) (vecEvec' 1)**(1,, @ K, , @ 1)

+ K, 3 (Vechec’I)®2Kn37n}(C’(CC’)C)®4. (4.2.25)
Put
Klyi :Ii7
K* =ILoK;; ® L, (4.2.26)
K? =K, ;s,

where the size of the matrices is indicated by 4, which according to the applications
may equal p, n, 7(A), p — r(A), r(C) or n — r(C). Moreover, K’ denotes the
transpose of K7+,

Proposition 1.3.12 (viii) implies that for j = 1,2, 3,

(A(A’STTA)"A/STH®IKIP = KIP(A(A'STTA)"A/S™1)®4 (4.2.27)

and
Ki"'(C'(CC)~C)®* = (C/(CC')~C) ™K, (4.2.28)

Hence, (4.2.25) equals
E[(A(B - B)C)®"|

3
- Z K7 {Elvec(T) (I + V12V, V) Vo1 )T1)®2v/ (C) S K™, (4.2.29)

j=1

where T' and V are defined in (4.2.14) and (4.2.15), respectively. Expanding
(4.2.29) gives

3
E[(A(B-B)C)™] =" Kj’p{vec(I‘/ll"l)m
j=1
+ vec(T\T) ® E[vec(T} V12V Vol Voi T )]
-+ E[VGC(F1V12V2_21V2_21V21I‘l)} (024] Vec(I‘ll'"l)

+ Elvec(T} V12V, Voi Vo T )®?] }v’(c')®2K-m’. (4.2.30)
According to (4.2.22),

B[\ V12V, V' Vo Ty = ¢ T Ty,
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and now we will study
Elvec(T) V12V, Vol Vo T )®2). (4.2.31)

By using the same matrix U = (U] : Uj)’ as in (4.2.20), where Uy and Us in
particular are independent, it is seen that (4.2.31) can be written as

E[vec(T, V12V, V3, Vo T )¥2]
= (T))®*E[UYY E[vec(U, (U Uy) ~H (UL UL) UL, (4.2.32)

From Corollary 2.2.7.4 (ii) it follows that (4.2.32) equals
3
(D)4 Y KT (vee(Ta)) P2 (vee' T, ) P2KH (@)
j=1

x E[(vec(U,(UyUy) "1 (U, UL) ~1U,)®2). (4.2.33)

However, Proposition 1.3.12 (viii) implies that
(T))B4KIT(A) = KIP(1))®4 (4.2.34)

holds, Proposition 1.3.14 (iii) and (4.2.26) give us that

(ve' T, _p(cy) 22K (7O Blvec(Ub(UyUL) (U, US) " U,)#2]
= E[{tr(U5(U2U5) " (UaUs) ~'Us)}?) = E[{tr(UaUs) 1} (4.2.35)

holds, as well as that for j = 2,3,

(vec'T, _p(c)) 22K (7O Elvec(Uy (U, US) ™ (UyUp) 1 U)?)
= Eltr(Uj(UsUs) ™' U2 Uy (UsUs) ™1 Uy
= E[tr{(UsU3) "1 (UsU3) 1} (4.2.36)

holds. Hence, from (4.2.34) — (4.2.36) it follows that (4.2.33) is equivalent to

(T)® (vecL(a)) ** B[{tr(U2U5) )]
+ K*P(T))®* (vec,(a)) ®* Eltr{ (U UYy) (U, U5) ]
+ KP(I))®* (vecl,(a))*®? E[tr{ (U, Uy) ~ (U, U5) ]
= (vec(T 1)) Bl{tr(UsUs) ™' }]
+ (K?P + K3P)(vec(TT1)) 22 E[tr{ (U, U,) "1 (U, US) 71}, (4.2.37)

Now, according to Theorem 2.4.14 (viii) and (vi), since n—r(C) —p+r(A)—3 > 0,

c2 = E[{tr(U2U5) 7'},
cs = Bltr{(U2U3) (U U3) 1},
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which establish the statement
In order to prove (iv), it is first observed that

E[(AEC)®2T] — E[(A(AlsflA)fAlsfl)®27‘]E[(XC/(CC/)70)®2T}'

Since we are just interested in the order of magnitude and no explicit expressions of
E[(ABC)®?7], it follows from Theorem 2.2.7 (iv) that from now on it is sufficient
to consider

Elvec(A(A/S™IA)"A/'STIES LA (A'STIA)" A,
This expression can be presented in a canonical form as in (4.2.31):
E[(vee(T} V12V, Voo Vir T)®7] = E[(T) V12V, %) 227 B[ (vec Vg, )®7],

where the equality follows from Theorem 2.4.12 (iii). Now Theorem 2.4.14 (iii)
and (2.4.46) give
E[(vecV3;)¥" = O(n™").

Since Theorem 2.4.12 (iii) states that the matrix V12V;21/ ? is normally distributed
with moments independent of n, the theorem is established. ]

~ ~

4.2.2 E[X] and D[X] for the Growth Curve model
In this section we are going to find the first and second moments for ¥ in the
Growth Curve model. The estimator X is given in (4.1.8) and equals

nS =S+ (XC'(CC')~C — ABC)(XC'(CC’)"C — ABC), (4.2.38)
where S and ABC are given by (4.2.3) and (4.2.4), respectively, and equal

S =X(I- C/(CC’)~C)X/, (4.2.39)

ABC =A(A’S7'A)"A’'S™IXC/(CC')C. (4.2.40)

Inserting (4.2.40) into (4.2.38) and then applying Corollary 1.2.25.1 yields that
instead of (4.2.38) we may consider

nE =8+ SA°(A”SA°)"A”XC/(CC')"CX'A°(A”SA®)~A'S, (4.2.41)

where A° has been chosen to be of full column rank, i.e. A°: px (p—r(A)). There
is no principal advantage of using (4.2.41) instead of (4.2.38), only the subsequent
presentation will be somewhat shorter.

Theorem 4.2.3. Let 3 be as in (4.2.38).
(i) Ifn—r(C)—p+r(A)—1>0, then

—1
AA'STA) A

E[Z] =% —r(C) -

1= r(C) —2(p— r(A))
n n—r(C)—p+r(A)—
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(i) Ifn—r(C)—p+r(A)—3>0, then

D[S = di(1+K,,){(A(A'ST'A)"A") ® (A(A'S™'A)"A")}
+do(I+ K,y ) {(AA'ZTA) A2 (E-AA'STA) A}
+do(I+K, ) {(Z-AA'ZTTA)"A) 2 (AA'S7TA)"A))}
FIHK,) (5 - A A A) e (2 A(A'STIA)"AY)
+ dsvec(A(A’STTA) " A ved' (A(A/Z7TA)TAY),
where
dy = %2(0) +2T(C)n2(n r(%)r(;zﬁ-)r(A) 1) JFT(C)QClthﬁcs JFT(C)Q%’

with c¢1, co and csg as in Theorem 4.2.2, and

do n—p+r(A)—1
n(n r(C)—p+r(A)—1)
ds 2r(C)(n—r(C)—1)(n—p+r(A)—1)(p—r(A))

W2 (n—r(C)—p+r(A)(n—r(C)—p+r(A)-1)2(n—1(C)—pTr(A)3)"

PrOOF: We already know that S ~ W, (3, n—r(C)). From Corollary 2.4.3.1 and
Theorem 2.4.2 it follows that

A?XC/(CC')"CX'A% ~ W,_,(a)(A” SA®,7(C)). (4.2.42)

Furthermore, Theorem 2.2.4 (iii) states that S and A XC/(CC’)~CX'A° are
independently distributed. Now, utilizing the first moments of a Wishart matrix,
given in Theorem 2.4.14 (i), relation (4.2.41) yields

E[n3] =E[S] + E[SA°(A°SA°)~A” XC/(CC')"CX'A’(A”SA%)~A°'S]
—E[S] + E[SA°(A“SA°)” E[A° XC/'(CC')~CX'A°|(A” SA°)~A”'S]
=(n —r(C))= 4 r(C)E[SA°(A”SA°)~" A TA° (A SA®)~A’S].

(4.2.43)

In the following the same technique as in §4.2.1 will be used. Let X2 be a
symmetric square root of X. From Proposition 1.1.6 (ii) it follows that there exist
a non-singular matrix H and an orthogonal matrix I' = (T'} : T'})’, where I';y :
(p—r(A)) xpand T'y : r(A) x p, such that

A’STV2 = H(I,_,(a): 0T
holds, which is identical to

’

A° =H(I,_,a): 0)I'E"/2=HI X2 (4.2.44)
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Utilizing (4.2.44) gives
SA°(A”SA%) A TA°(AYSA®)"A’'S
=Sy /(228 e /AT TIn BT /As
x L7V (r 22822 Tir 2 /%s
=Sy 12 (Y282 T, = /28 e 2 ) T Y28, (4.2.45)

where it has been used that orthogonality of T' implies I'yT} = I, which in turn
gives T} 2~1/28%-1/21 = 1. In order to simplify (4.2.45), the matrix

V =rx-Y/2sm-1/2r, (4.2.46)

already defined in the previous paragraph, will be used. This time the matrix is
partitioned as

_ (Vi1 Vi (p—7r(A) x (p—7r(A) (p—r(A)) xr(A)
V= (Vzl V22) ’ r(A) x (p —r(A)) r(A) x 7(A) (4.2.47)

After performing some calculations, we get
SA°(A”SA®)"A“TA°(A”SA°)"A°'S
I ViV
=X/ ( _ non ) re-1/2 4.2.48
VoV Vo Vi ViV ( )
Therefore, when returning to (4.2.43),

N [ I ViV

EnX] =E[S] + r(C)S~YI'E _ 1 'L }1“21/2. 4.2.49
[nX] =E[S] + r(C) VoVl VaVEIVDIVy, ( )

Since expectation of a matrix is defined by the expectation of its elements, we treat
the submatrices on the right hand side of (4.2.49) separately. The same technique
as in the previous section will be used.

Since V ~ W,,(I,n —r(C)), there exists a matrix U ~ N, ,,_(c)(0,I,I) such that
V = UU’. Furthermore, U is partitioned in correspondence with the partition of
V,ie.

U’ = (U] :UY), (n—7(C)) x (p—r(A): (n—7r(C)) x r(A).
Note that since D[U] = I, the matrices U; and U, are independently distributed.
Hence,
E[Va V'] = E[U,U (U U))7!] = E[U,] E[UL (U UY) 7 1 =0,  (4.2.50)

since E[U3y] = 0. By symmetry it follows that E[V ;' Via] = 0. In the next lines
we copy the derivation of (4.2.22). Thus, by Theorem 2.2.9 (i) and independence
of Uy and Uy,

E[V21 V' V' Vo] = E[U, U} (U, U)) (U, U)) 7 'U, UY)
= Etr(U (U, UY) " H(U,U)~1UY)T = E[tr(U,U)) I
p—r(A)

T r(C) —prr(A) -1 T b (4.2.51)




420 CHAPTER IV

where Theorem 2.4.14 (iii) has been applied for the last line to
UlU/l ~ Wpfr(A) (L n— T(C))a

and c; is the same constant as in Theorem 4.2.2. Thus, using the Wishartness of
S, as well as applying the relations (4.2.50) and (4.2.51) we see that

EnS] =n—rC)s+r©)z2r (L 0 Yy
0 Cllr(A)

=(n—r(C)T 4+ r(C)Z 212" Y2 4 r(C)ey X720, 5 1/2,
(4.2.52)

In order to verify (i) of the theorem, the products X ~/2T/T;X~1/2 i = 1,2, have
to be expressed in the original matrices. By definition of orthogonality, we obtain
that

I=I'T =TT +T,T, (4.2.53)
holds, and (4.2.44) implies
H'AY =T, 271/2, (4.2.54)
Furthermore,
AYSA° = AYSY2x/2A° = H(1: 0)ITT/(1: 0)H' = HH'. (4.2.55)

Thus, utilizing (4.2.54) and (4.2.55) gives
200 Y2 = SACH)YH TAYS = TA°(AYSA%)TTAYE. (4.2.56)
However, Corollary 1.2.25.1 states that (4.2.56) is equivalent to
2D S/ =% - A(A'STTA)T A/, (4.2.57)
and then (4.2.53) gives
20, el/2 = A(A'STIA) A (4.2.58)

Thus, the expectations given by (4.2.52) can be expressed in the original matrices,
and from (4.2.57) and (4.2.58) it follows that (4.2.52) can be written

EnE] = (n—r(C)E+r(C)(T - AA'STA)"A') + r(C) A(A’STA) A/,

which is identical to (i) of the theorem.
In the next the dispersion matrix of 3 will be studied. The expression for 3 given
by (4.2.41) is taken as a starting point. Consider

W = AYXC/(CC)"X'A° ~ W, _,(a) (A" ZA?,7(C)). (4.2.59)
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As before, S and W are independently distributed. Note that for an arbitrary
random matrix Q and arbitrary non-random matrices P; and Py such that the
product P1QP5 is well defined, the dispersion matrix D[P QP3| equals

D[P1QP;] = D[vec(P1QP>)] = (P ® P1)D[Q](P2 @ PY). (4.2.60)
Now, from (4.2.41) it follows that
D[n3] =E[(SA°(A” SA®)"H®2D[W]((A” SA®) "1 A”'S)®?]
+ D[S + SA°(A“SA°)'E[W](A°SA°)"TA”'S], (4.2.61)
which is established after lengthy matrix calculations by utilizing (4.2.60) and
the independence between S and W. Alternatively we could apply a conditional

approach: N N R
DinX] = E[D[nX|S]] + D[E[nX]|S]].

However, in order to utilize the conditional formula, one has to show that the
moments exist and this is not always straightforward. For example, for some
vectors p and q, F[p] = E[E[p|q]] may not hold since the elements in F[p|q] may
all be zeros, while some elements in E[p] are infinite. Therefore, we prefer the
more tedious matrix derivation. From Theorem 2.4.14 (ii) it follows that

DIW] = r(C)I1+K,,)((A”TA%) @ (A £A?)), (4.2.62)
where r = p — r(A). Furthermore, Theorem 2.4.14 (i) states that
E[W] = r(C)A° TA°. (4.2.63)

By means of (4.2.62) and (4.2.63), equality (4.2.61) is expressed in the following
form:

DnE] =r(C)(I+ K, ,)E[(SA°(A”SA°) 1A SA’(A”SA°) T A”'S)®?]
+ D[S +r(C)SA°(A”SA%) " 'A“TA°(A”SA®)TAYS].  (4.2.64)

The two expressions on the right hand side of (4.2.64) will be treated separately,
and we start from the second term. As before the canonical representation

A'SYV2=H(, ,a) : 0T

is used, where H is non-singular and I' is an orthogonal matrix. Furthermore, the
matrix V defined by (4.2.46), as well as the partition of V given by (4.2.47), will
be utilized. From (4.2.46) it follows that

S =2V/r'vrel/2
Hence, applying (4.2.48) to the second term in (4.2.64) yields
D[S+r(C)SA°(A”SA®) A TA°(A”SA%)1AY'S]

I ViV

= D[EY2r/{v C _ 11 7L
[ { +T( ) V21V111 V21V111V111V12

) JITXY/2).(4.2.65)
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If V is represented through U as in (4.2.50), it follows that the right hand side of
(4.2.65) can be written in the form

(ZV20)®2D((UY - UL)'G(U, - UL)|(BY/217)®2, (4.2.66)
where
G =1, . +r(C)U(U,U}) (U, U}) 'U;. (4.2.67)

Note that G is a symmetric matrix which is a function of Uy solely. Since U; and
U, are independently distributed, it would be possible to use this fact in order to
simplify (4.2.66). However, it is more straightforward to condition with respect
to U;. This approach leads to expressions which are relatively easy to handle.
Furthermore, note that since U, is independent of Us, the conditional moments
always exist. Hence, conditioning (4.2.66) with respect to U gives

(21/2I")®2{E[D[(U’1 : UL G(U, - UY) U]
+ D[E[(U} : Uy)'G(U), ;Ug)|U1H}(21/2r')®2. (4.2.68)
Utilizing
U 0 0
(U} : ULy |U, NN,,,n_T<c)(< 01> , <0 IT(A>) 1) (4.2.69)

we get, by applying Theorem 2.2.7 (i) and (ii), that (4.2.68) equals

I+ K,,) (S22 Eltr(GG))
+ V21 E[U,GG'U T B2 © B1/21, T, 31 /2
+ 320,122 @ V21 E[U,GG/'UY I, B2
+ (V202 DE[UGU’|U, || (TEY/2)®2, (4.2.70)

The terms in (4.2.70) will be studied in some detail. It is observed that

E[tr(GG)] = (n — r(C) 4 2r(C))E[tr(U,U,) ]
+r(C)?E[tr{(U, U} U, U} 1Y, (4.2.71)

E[U;GGUY] = E[U,UY] + 2r(C)I,_,(a) + r(C)*E[(U,U}) '] (4.2.72)

and

(=212 D[E[UGU’|U,||(I'E!/2)®?
= 7(C)2D[tr(U,U}) " Hvec(B/ 2T, Ty 2/ 2 ved (2121, T, B1/2)
+ (ZV21))®2 DU, Uy (T, 2V/2)®2
+7(C)(ZV21))®20[U, U, tr(U,U)) ~Hved (B2, 21/2)
+ 7(C)vec(TV 20,0, =Y Cltr (U, UY) 71, UL UL (D 2Y2)92, (4.2.73)
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It follows from Theorem 2.4.14 (iii) and (vi) that (4.2.71) equals

do1 = E[tr(GG)] =n —7(C) + QT(C)%

(p—r(A))(n—r(C)-1)
+7(C)? T A (O A DO A=y (42.74)

Moreover, the moments in (4.2.72) are calculated:
d311,_a) = E[U,GGUY]

= {n—1r(C) +2r(C) +(C)* s ror=prray=1 Hp-r(a): (4:2.75)
and by Theorem 2.4.14 (vii) the covariance matrix in (4.2.73) is identical to
dsivec(L,_,(a)) = C[U, Uy, tr(U,UY) Y

= E[U, U tr(U,U)) 7! — E[U, U} E[tr(U,U}) ]

— LAYt ) - DA ll, )

— oAt VecLp—r(a))- (4.2.76)

Thus, by combining (4.2.65) — (4.2.76) we find that the second term in (4.2.64)
equals

D[S + r(C)SA°(A”SA°) TA” SA°(A”'SA%)~1A'S]
= dy (I + K, ) (ZY 2T,y x1/2) 2
+ ds, V20T, B2 @ V2T, 52
+dgy BVPTLT, 3 @ BT T B2
+ dyyvec(BV 2T,y B 2 )ved (Y2040, 31/2)
+(n—r(C))(I+ Kp,p)(21/21_‘/11_‘121/2)®2
+ dsyvec(ZV2T T Y2 )ved (Y2040, 1/2)
+ dsvec(BV2TLTy Y 2 )ved (B2 0, BY2). (4.2.77)
Now (4.2.77) is expressed in the original matrices. In (4.2.57) and (4.2.58) it was
stated that
S2rr,et/2 —A(A'STTA) A/,
SVrr Y2 =2 - A(A'S7TA)TA/
Hence, (4.2.77) is identical to
D[S +r(C)SA°(AYSA°) A" T A°(A“SA%) 1A S]
= d(I+K,,)(A(A'ZTIA)7 AN
+d31 (T - AA'STA)TA) @ A(A'STTA) A
+d31A(A'STTA) A ® (T - AA'STTA)TA))
+ d41vec(A(A’2’1A)’A’)vec’(A(A’E’lA)’A’)
+(n—-r(C ))(I+Kpp)(2 A(A'STA)” A’)®2
+ ds1vec(E — A(A'STHA)T ’)Vec (A(A’S7'A)"A))
+ ds1vec(A(A’S7TA) T Al )ved (B — A(A STTA)TA) (4.2.78)
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and the second expression in (4.2.64) has been determined. Proceeding with the
first one in (4.2.64), the term can be rewritten in the following way:

r(C)I+K,,)E[(SA°(A”SA°) ' A” SA°(A”SA°) 1A% S)®?]
=r(C)(I+K,,)(Z!/?1")®?
x B[E[(UU} (U, U}) (UL U)) U, U U (TS /7) 2

which by (4.2.69) and Theorem 2.2.9 (ii) equals

r(C)(I + Km,){(21/21“/11“121/2)®2 + (ZV20,0, Y222 Bl (tr(U,UY) 71?2

+ vec(ZV20L T Y 2 ved (22040, BV 2) Eltr{ (U, UY) ~H(U, U, 7Y
+ (S RV B {(U,UY) (UL UY) 1]

+ (V200,212 @ (320, 0 2Y2) Eltr (U, UY) 7Y

+ (=200 2V?) @ (BY20,0,2Y2) Eltr (U, U)) 7Y

+ vec(E[ZY20) (U, UY) T 2Y2))ved (2120, 1/2)

+ vec(Z20, 0 2 2 ved (E[XZY2T (U, UL ~ID, BY2))

+ E[ZY?1r) (U, U) "I, 22 @ B/21,r, 3t /2

+ 320, s 2 @ E[EI/QI"I(UlU’l)‘lI‘lEl/Q]}. (4.2.79)

n (4.2.79) it was used that
(I+ K, (SV2T) 2K, = (T4 K, ) (SV°T) 92
Furthermore,
I+ K, )vec(E[EZY2T) (U, UL 7ID 2Y2)) = 2vec( B[SY2T) (U, UY)7IT, B12))

and
I+ K, ,)vec(ZV2TLT,5Y2) = 2vec(ZV 2T,y 51/?).

Finally, applying (4.2.70) and (4.2.79) yields (ii) of the theorem, since

n?dy =dy1 + r(C)E[(tr(U,U})~1)?] + 7(C) Eltr{ (U, U}) "' (U, U}) 1},

nds =dz; +r(C)(1+1/{p — r(A)}) E[tr(U,U;) ],

n?dy =da + 2r(C)E[tr{(U,U}) " (U U})~ }]
ds1+2r(C)/(n—r(C)—p+r(A)—1) =

A consequence of Theorem 4.2.3 (i) is that 3 is a biased estimator of . Usually,
when working with linear models, it is possible to correct the bias through multi-
plication by a properly chosen constant. This is impossible in the Growth Curve
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~

model since E[X] is a function of the within-individuals design matrix A. On the
other hand, unbiased estimators exist and, for example, one is given by

oS (4.2.80)
The statistic (4.2.80) is often used as an estimator of ¥ in multivariate analysis, in
principal component analysis, canonical correlation analysis and different versions
of factor analysis, for example. However, if a mean value is structured like in the
Growth Curve model, i.e. E[X] = ABC, (4.2.80) is to some extent an unnatural
estimator since X is the quadratic variation around the model ABc;, where c¢; is
the ith column of C. The statistic (4.2.80) describes only the variation around the
sample mean. The sample mean in turn varies around the estimated model, but
this is not utilized when applying (4.2.80).

The use of (4.2.80) in the Growth Curve model is solely based on its unbiasedness.
However, when the number of columns n in C is small, this argument must be
taken with caution, since S is Wishart distributed and the Wishart distribution is
a non-symmetric distribution.

In the standard MANOVA model, i.e. when A = I in the Growth Curve model,
the statistic (4.2.80) is used as an unbiased estimator of 3. However, it is known
that (4.2.80) is inadmissible with respect to many reasonable loss functions. Fur-
thermore, using a conditional argument in the MANOVA model, the likelihood
approach leads to (4.2.80). Hence, besides unbiasedness, (4.2.80) has also other
desirable qualities. Therefore, we will require that any unbiased estimator of the
dispersion matrix in the Growth Curve model reduces to (4.2.80), if A =1L

The estimator 2, given by (4.2.38), combines the deviation between the obser-
vations and the sample mean, as well as the deviation between the sample mean
and the estimated model. Hence, the maximum likelihood estimator uses two
sources of information, whereas (4.2.80) uses only one. Intuitively the maximum
likelihood estimator should be preferable, although one must remember that ev-
erything depends on the number of observations and the choice of design matrix
A.

As previously mentioned, the main drawback of S is that its distribution is not
available in a simple form, and it seems difficult to master this problem. Further-
more, it follows by Theorem 4.2.3 (i) that X underestimates X on average. This
can be overcome, and the next theorem presents an unbiased estimator, which is
solely a function of ¥ and reduces to (4.2.80), if A =1.

Theorem 4.2.4. Let 3 be given by (4.2.38) and

_ n—r(C)—2p+2r(A)—1
e1 = 1(C) @)= p rr(A) 1) (n=r(C) (A -

Then & + e; A(A’S~1A)~ A’ is an unbiased estimator of 3.

PROOF: Observe that A’S™1 = nA’S™!, and according to Theorem 2.4.13 (i)
and Theorem 2.4.14 (i),

E[A(A’S™'A) A’ = (n—r(C) — p+ r(A))A(A'S"TA)"A’.
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Hence, from Theorem 4.2.3 it follows that
E[S + e A(A'ST'A) A
_> 4 {T(C)l n—r(C)—2p+2r(A)—1

n n—r(C)—p+r(A)—1

n—r(C)—2p+2r(A)—1
+7(C) a=rer A D=y 7 (0~ 7(C) —p + T<A)>}

x A(A'STIA)"A = 3.

1
Since there exist two unbiased estimators of 3, i.e. the one in Theorem 4.2.4 and
another in (4.2.80), we have to decide which of them should be used. Intuitively,
the estimator of Theorem 4.2.4 would be better since it uses two sources of vari-
ation. However, if the mean model E[X] = ABC does not fit the data, (4.2.80)
would be more natural to use. One way to compare these estimators is to study
their dispersion matrices. It follows from Theorem 2.4.14 (ii) that

1 1

D[TL—T(C) S] = n—r(C) (I+Kp,p)z®2~ (4.2.81)

Moreover, since by Theorem 2.4.13 (iii),
I-A(A'STTA)"A’S™! = SA°(A”SA°)"A”
is independent of A(A’S™'A)~ A’ and by Theorem 2.2.4 (iii), XC'(CC’)~CX’
is independent of S:
~ 1 ES 1
D[+ —e;A(A’'ST'A)"A'] = D[Z] + D[—e; A(A’STIA) " A]
n n
1.1 1 1
+C[=S,—e1A(A'STTA)" A+ C[-e1 A(A’STTA) A/, —S].
nomn n n
However, Theorem 2.4.13 (iii) states that the matrices A(A’S7!A)~A’ and S —

A(A’S71'A)~ A’ are independently distributed and thus the covariance is given
by

1.1 1 1 1
C[=S, —e1A(A’'ST'A)"A']=C[-S — —A(A’'ST'A)"A’, —¢;A(A’STTA) A
n n n n n
+ C[EA(A’S*A)*A’, lelA(A'S’lA)’A'] = iQelD[A(A'S*lA)*A’}.
n n n
Consequently,

e% + 2e1

~ 1 e N
DS+ —eiA(A'ST'A)"A') = D[S + 2

D[A(A'S™'A)"A]

=~ e% + 2e1

=D[X] + (n—r(C) —p+r(A)I+Kpp) (A(A'STIA)TA)P2,

(4.2.82)

n2
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where Theorem 2.4.14 (ii) has been used in the last equality. Hence, (4.2.81)
should be compared to (4.2.82). Unfortunately, in order to illuminate the difference
between (4.2.81) and (4.2.82), it seems difficult to discuss it without involving a
particular matrix A.

4.2.3 Moments of estimators for the MLNM(ABC + B,Cs)
For the MLNM(ABC + B5Cs,), the estimators were presented in Theorem 4.1.9.
Let us recall the estimators and the definitions of the involved matrices:

KBL; = K(A’ST'A)"A’S;'YH'(HH') Ly, (4.2.83)
where C'(K’) € C'(A'), C'(L1) € C(H),

Y =X(I — C4(C,C,)Ca),
H =C(I - C5(C2C3) ™ Ca),
S, =Y(I-H'(HH) H)Y’,
and
B,L; =(X — ABC)C)(C5C},) Ly, (4.2.84)

where (C'(Lg) C ('(C2(C})?), and

nE =(X - ABC - B,C,)(X — AB,C — BC»)
=81 +S1A°(A”S;A%) " AY XH'(HH')  HX'A’(A” S;A°)"A”S;. (4.2.85)

Observe that the estimators in (4.2.83) and (4.2.85) have a similar structure as the
estimators for the Growth Curve model given by (4.1.7) and (4.1.8). Therefore,
the techniques developed in the previous paragraph can be applied. The only
difference is that in (4.2.83) and (4.2.85)

S1 ~W,(Z,n—r(C': CY)),
A XH'(HH')"HX'A° ~W,_.(a) (A" A%, r(C: Cy) — r(Ch)),

whereas in (4.1.7) and (4.1.8), S ~ W,(Z,n—r(C)) and A° XC'(CC')"CX'A° ~
V[/p_T(A)(A"lEAO,r(C))7 i.e. there is a difference in the number of degrees of
freedom. Furthermore, it follows from (4.2.84) that ]§2L2 is a linear function

~

of ABC. Therefore, the moments for BoLy are fairly easy to obtain from the
moments of ABC. In the next theorem we list the first and second order moments.

Theorem 4.2.5. For the MLNM(ABC + B,C,), let KBLy, ByLy and £ be
given by (4.2.83), (4.2.84) and (4.2.85), respectively. Put

_ n—r(C’:C,)—1
A =55 (T Ch)—p+r(A)—1°

P n
€2 =R=(CCLy—ptr(A) 1>

n—r(C":ChH)—2(r(A)—p)—1
3 :% TL—(T‘(C/:(QJ)IQ)—(])JS-T()A)pil T(C/: /2)7

_ n
€4 = n—r(C":CL)—p+r(A) 3.
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Then,
(i) E[KBL;]=KBL;;
(i) D[KBL{] = ;Lj(HH') L; @ K(A’S"'A) K/
(iii) D[Iﬁ] — L (HH) L; e K(A'S'A)" K’

is an unbiased estimator of D[KﬁLl];
(iv) E[ﬁsz] = BsLo;
(V) D[BsLy] = Lj(C2Ch) Ly @ 3

+ ¢1L5(CoCL) ™ CoC/(HH') ~CCH(CoCh) Ly @ A(A'S™1A) ™A/,

(vi) E[nE]=3% - c3A(A'S7TA)"A;

o —

(vii) D[ByLs] = ;—25-5L4(CoCh) Ly @ 5
+ e4LL(CoCh) "Ly @ A(A'SA) A/
+ oL, (C,Ch)~ CoC'(HH') " CCY(C,Ch) "Ly @ A(A’S™1A)"A’

is an unbiased estimator of D[ByLy);

1 < s — A/
mSl and E+C4A(A EA) A

are both unbiased estimators of 2.

(viii)

PROOF: By comparing Theorem 4.1.1 and Theorem 4.1.9 it follows that (i), (ii),
(iii), (vi) and (viii) are established via Theorem 4.2.1 (iii) and (iv), Theorem 4.2.3
(i) and Theorem 4.2.4.

Moreover,

E[B,L,] = E[(X — ABC)|C,(C,C)) Ly
= (ABC + B,C; — ABC)C,(C,C),) Ly = ByLy,
and (iv) is verified.

Concerning (v), observe that XCY, is independent of S;. Therefore, we will condi-
tion on S; and obtain

D[B;Ls] = E[D[B,Ls|S:]] + D[E[ByLa[S1]] = E[D[BsLy[S1]),

E[ByLy|S1] = ABCC)(C5C4) "Ly + BL — E[ABCC)(C2Ch) Ly|S1]
= ABCC,(CyCh) "Ly + BoL — A(A’S7'A)"A’ST'ABCC,(CCh) Ly
= ByL,.



MULTIVARIATE LINEAR MODELS 429

Now

E[D[ByLy|S,]] = D[XC})(C2C))~Ly] + E[D[ABCC)(C2C2) ™ La|S1]]
= L}(C2C)) "Ly ® X + D[ABCC)(C>Ch)Lo],

where in the last equality it has been used that
D[ABCC}(CyC})~ Ly = E[D[ABCC}(C2C5) ™ Ly|S,]].
Finally, for proving (vii), we observe that
E[Ly(C2Ch) Loy ® (8 + csA(A'STA)"A)] = Ly(CoC)) Lo @ B

and

Elc;AA'S7TA)"A] = A(A/S7TA) A

4.2.4 Moments of estimators for the MLNM(Z?:1 A;B,C))

Already for the ordinary Growth Curve model, i.e. MLNM(ABC), distributions
of the maximum likelihood estimators are difficult to find. In Theorem 4.1.6
estimators for the MLNM(Zle A,B;C;) were given, and one can see that the
expressions are stochastically much more complicated than the estimators for the
MLNM(ABC). Therefore, approximations are needed and then at least the first
and second order moments of estimators have ‘g\be obtained. Before studying
]§i, i = 1,2,3, the estimated mean structure E[X] = >, A;B;C; and £ in
the general model MLNM(}"" | A;B;C;) will be treated. Thereafter we look
into some details of calculating D[ﬁi], 1 = 1,2,3. The scheme of derivation and

calculations is very similar to the ones presented for obtaining D[E{[)?]] and E[3]
for the MLNM(ABC).

First of all we are going to show that in the MLNM(}_." | A;B;C;), under the
uniqueness conditions presented in Theorem 4.1.13, the maximum likelihood esti-

mators of B; are unbiased, and then it follows that bf[-)?] =", A,;B;C; is also

~

unbiased. In Theorem 4.1.7, the estimators B,., » = 1,2, ... ,m, were presented.
Since C'(C)) € C(Cy), for j > k, it follows from Lemma 4.1.3 that P/.S " is
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independent of XC!.. Hence,
E[B,] = E[(ALP,S;'P,A,)'ALP.S;Y(EX] - Y AB,C))|CL(C,C.)
=B, - E[(A/PS;'P,A,) A/ P/S; "
x{ Zm: AB,C; — i AiBiCiHCQ(CTc;)—l

i=r+1 i=r+1
B, - E[(A;P;S;lprAr)—lA;P;s;l
x { (1= T 1) BIXC/ 1 (Cr11C1)"Ci]
+ T > ABC - Y AiBiCiH C.(C,C.) !
1=r+2 i=r+1
~-B, - E{(A;P’TSQIPTAT)‘1A;P;S;1Tr+1
x{ > ABCi- Y ABC|cic.c)
i=r4+2 i=r+42
~-B, - E{(A;P;s;lPrAr)*1A;P;S;1TT+1
x {(I = Ty42) E[XC] 5(Cr42C115) Cri]

m m m

+ 3 ABC-Th > ABC - Y AiBiCi}]C’T(CTC’T)‘l

i=r+2 1=r+2 i=r+2

=B, - E [(A;P;s;1P,.A,.)*1A;P;S;1T7.+1T,.+2

{3 aBC- Y ABC)ccc)
i=r+3 i=r+3

These calculations establish the following theorem.

Theorem 4.2.6. The estimator ]§Z in Theorem 4.1.7 is an unbiased estimator
under the uniqueness conditions in Theorem 4.1.13. 1

Most of the results in this paragraph will rest on Lemma 4.1.3, Lemma 4.1.4 and
the following result.

Lemma 4.2.1. Let V7, and V7], be as in Lemma 4.1.4 (iv), and let h(e) be any
measurable function of (Vi,)~'. Then

BI(ViT )T (V1) ] = e BI(V) T R(I(V) T
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where

n—r(Cp)—mu_1 —1
= , 4.2.
o n— T(Cr—l) —Myp—1 — 1 ( 86)

mr=p—r(A1:Ag: ... A)+r(Ar Ayt Any). (4.2.87)

PRrROOF: First Lemma 4.1.4 (iv), Definition 2.4.2 and Corollary 2.4.8.1 will be
utilized. It follows that there exists a unique lower triangular matrix T such that

271‘1 :TT/a
Vi P =TFT,

where F ~ MBr(m—1,n — r(C,_1),7(Cr—1) — r(C,)) is independent of T. The
lemma is verified, if E[F~1] is shown to equal to ¢,_11. Since F~! = I+ Z, where
Z ~ MBrr(my—1,n —1(Cr_1),7(Cr_1) — r(C;)), Theorem 2.4.15 (i) gives

E[F Y =c¢ 1L

1
In Corollary 4.1.8.1, E/[\X] =>" A;B;C; was presented as a sum of m depen-

—

dent random variables, where each variable is of the same type as E[X] in the
MLNM(ABC). This will be utilized now. We will show how to derive the disper-

sion matrix D[L?[-)?]], where E/[-\X] is given by Corollary 4.1.8.1. In the same way
as unbiasedness of B; was verified, it can be shown that Z?;l A;B,;C; is unbi-

ased. The difference is that now we do not have to rely on uniqueness conditions,
because Y.~ A;B;C; is always unique. Thus, E[E[X]] = E[X] and

D[EX]] = DIE[X] - E[X]] = D[Z(I - T:)(X - E[X])C;(C;iC)) " Cil.

Hence,

D[(I-T,)(X - E[X])C,(C,C;) C,]

and the covariance matrix
Cl(I-T,)(X - E[X])C.(C,C;)"C,,(I-T,)(X - E[X])C,(C,C,)” C,]

will be considered for arbitrary r and s. By summing up all necessary dispersion

and covariance matrices, D[E[X]] is obtained. The derivation, however, is left to
the reader.

Theorem 4.2.7. Let ¢, and m, be defined by (4.2.86) and (4.2.87), respectively.
Put

dip = CiCig1 X =+ X Cr_1€p,
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where
(p—m;)(n—7r(C;) —1)
(n—7r(Cp)—my_1—1)(n—7r(C.)—p+m, — 1)

€r =

Furthermore, define
n—r(Cy) —1
n—r(C,)—m,—1

fr =
and

K; =XG, (G, G, 1) 'G,_,T - 2G,(G/ZG;)"'G/x,
L, =2G; (G, 2G; 1) 'G,_|A;(AiG, 1(G|_, =G, 1)"'G|_A;)~
X A;Gi_l(GLlEGi_l)_lGLlE.

Assume that e, and f, are finite and positive. Then, for the MLNM (>~ | A;B;C;)

r—1
D[(I-T,)(X - E[X])C}(C,C;)"C,] = C/(C,C))"C, ® (> di,Ki + [, Ly)
i=1
in the notation of Theorem 4.1.7 and Lemma 4.1.3.

PROOF: Let

Rr—l
= AT(AITGTfl(G;«—1WTGT71)_1G;—1A;)_A;G7’71(G/r—lwrGrfl)_lG;—r
(4.2.88)

Since

DT~ T,)(X - E[X))C,(C.C.)~C,]
= C/(C,C.)~C, ® E[(I-T,)S(I-T,)], (4.2.89)

E[(I-T,)X(I-T,)'] has to be considered. When utilizing the results and notation
of Lemma 4.1.4 and Lemma 4.2.1, it follows that

E[(I-T,)2(I-T,)]
=E[Z1, 1R, 3R 7], ]
=2'%(I1)EN1Z2,1R,_1ZR._,Z) ,_,N{[ X'/
=3'2(})EZ2,1R,_1 3R, _,Z)),_,]T1%!/?
+ E[tr{(V1) ' 22,1 R, 1R, Z) _ JEY2(TH)'TIEY2 (4.2.90)
For the last equality in (4.2.90) it has been utilized that Vi, = U; U} for some

normally distributed U’ = (U] : U}) where Uy is uncorrelated with Uy, Zg ,_;
and R,_;. It is worth observing that (4.2.90) is a recurrence relation. Now



MULTIVARIATE LINEAR MODELS 433

the expectation of the trace function on the right-hand side of (4.2.90) will be
calculated. Note that R,._ is a function of G/._; W, G,._:

R, = f(G;_leG,«_l),
and with obvious notation,
Zs,—1 = [(GIW3G1,G,W;3Gs,...,Gl._ [ W,G,_).

However,

G,IL‘Wi+1G'i =G;W;,G; + G:X(PC’Z — ch+1)XlGi.

Thus, according to Lemma 4.1.4, both R,_; and Z, ,_; are functions of X?l and
random quantities independent of V], and V3,. This means that we can apply
Lemma 4.2.1 and obtain

E[tr{(vil)_lzlrferfl ERi‘,lzlz’T,l}]
= ClE[tr{(X?1)71¥%1 (r%)/(vi)7123,r—1Rr—12R;—1Z§,r—1 (Vfl)ilr%yi}}
= ClE[tr{<V%1)_1Z3,7'—1R7'—12R;—1Zé,r—1}]7 (4291)

which is a recurrence relation. Therefore, when continuing in the same manner,

E[tr{(v%l)ilZQ,T—lRT—lzR;«—lz/Q,T—l}}
= ciep % - X e Bltr{(V) T E(EL(V) T E)TE(V) T = dayry
(4.2.92)

where
E, =TI 2x ... xTIn"1/2A,. (4.2.93)

For the last equality in (4.2.92) observe that we have to calculate E[tr{(V};)™1} —
tr{(V7;)~'}] (see also Problem 2 in §2.4.9). Finally, we return to (4.2.90) and then,
utilizing that it is a recurrence relation together with Lemma 4.1.4 (v) and (vi)
and Lemma 4.2.1, we get

E[(I_Tr E(I - Tr),]
r—1
= di, Ki+ SYHTT) x - x (D772 (D7 E[E (B (V],) 'E,)”
=1

x B (V) (V) T E(E(VE) TE) BT TIT Y < x DS

r—1
=> di,Ki+ f,L,. (4.2.94)
=1
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Theorem 4.2.8. Let r < s and let K; and L; be defined as in Theorem 4.2.7.
Then, using the notation of Theorem 4.1.7 for the MLNM(}":" | A;B;C;), when
e, is finite and positive,

CI(T— T,)(X — E[X])C,(C,C})~Cy, (I - Ty)(X — E[X])C,(C,CL)~C,]

{ _C;<CSC./9)_CS Y dr,sKra ifr>1;
CL(C;C.) Cs ® (d1,sK1 + Ly), ifr=1.

PROOF: In order to simplify the presentation we once again use the notation
Pc, = C’(C,;C})~C;. The first observation is that (X — E[X])Pc; can be
written
(X - E[X])(Pc, +Pc, —Pcy),
and notice that (X — E[X])Pc: is independent of I — T,, I — T, and (X —
E[X])(Pcé — PCQ) Hence,
C[(I-T,)(X - E[X])Pc;, (I - T,)(X - E[X])Pc,]
—Po, © E[(I- T,)S(1- T,)].

From now on we will discuss E[(I—T,)X(I—TY)] in a manner similar to the case
when r = s, and it turns out that when r < s, r > 1, there exists a recurrence

relation which is somewhat easier to handle than when r = s. Now we can show
that

E[(I-T,)2(I-Ty)]
= E[Z1,1R, 1 3R, 7] ]
= SV2(T1) ElZo, 1R, SR, Z T2
= =321} x - x (T30 Y B[N
x o x TIE V2R, ZR,_\Z, T T2 x - x T12Y2, (4.2.95)
and this is true if
Eltr{(V}) ' Zps1r— 1R SR, Zp o 1} =0, k+1<r<s. (4.2.96)

To verify (4.2.96), some calculations are performed, and the expectation on the
left hand side equals:
ChChp1 X -+ X Cro B[tr{(V] 1)~ D 1) 2
x - x TSI -M,) SR, Z; 3]
=CpCpp1 X - X e Bltr{ (V) 7irry !

X x TIZTVAI-DSR,_,Z) )] =0
When continuing, we obtain that the right hand side of (4.2.95) equals
VDY) e x (D2 (0 BT T
X x IS V21 -M,)ZR, ,Z/ , T2 x ... x Tix/2,

r,s—1
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After some additional calculations, this expression can be shown to be identical to

_E[tr{(V§1)71F§F§_1 X X F%E*1/22R’s_1Z;+115_1}]21/2(I‘%)’
X o x (D D/ TR x - x T2
— e X X gy Blir{ (V3)) VB (B (V3,) T E,) TEL(VS,) ]
x BY2(]) x o x (D] 1)/(T5)TE0T ! x - x T{®Y2
= _dT,SKT‘)
where E; is given in (4.2.93).
It remains to examine the case r = 1:
E[I-T))2(I-T,)] = EMiZR,_,Z] ,_,]
= ST BT PER, 2, TISY?
+ Elr{(V) ' TIZ /2R, Z) 1V (0y) TR
=32 T 22E[= 2]
X (D) (VAT T B (BL(Vy ) T Ey) T EL T
x - xTinY2 4 d) Ky =L, +d; Ky,

where the last identity follows from Problem 1 in §2.4.9. ]

Now the expectation of S will be considered, where S is given in Theorem 4.1.7.
The necessary calculations are similar but easier to carry out than those presented
above, because the matrix R; is not included in the expressions given below.

Theorem 4.2.9. Let K;, ¢ =1,2,...,m, be defined in Theorem 4.2.7, let ¢, and
m; be defined in Lemma 4.2.1, Cy =1,,, and put

Gij = CiCiv1 X - X cjimj/(n—r(Cj) —m; —1), i<y,

gij =mj/(n—r(Cj) —my; —1)

which are supposed to be finite and positive. Then, for > given in Theorem 4.1.7,

E[nZ] = (r(Cj-1) —(Cy))
j=1
j—1
X <Z gi,j—lKi + EGj_l(G;-lsz—l)_1G;_1E>
=1

+r(Cm) <Z 9imKi + EGrl(GilzGrl)_lG;12> )
=1

where Z?:l gi,j—lKi =0.

PrROOF: From Theorem 4.1.7 it follows that the expectation of P;XF;F.X'P’,
j=12,...,m,and P,,, ;1 XPc, X'P] ., are needed, where F; = PC;1 (I—PC;).
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Since XF;F’ X' as well as XP¢; X' are independent of P; and P, 1, respectively,
and

E[XF;F;X'| =(r(Cj-1) - r(C;))X,
EXP¢, X'l =r(Cn,)X,
the theorem is verified, since the following lemma is valid. ]

Lemma 4.2.2. In the notation of Theorem 4.2.9

r—1
EP, 5P| =Y g, 1K;+32G,_1(G, ;2G,_1)"'G, 28, r=12...,m+1,

i=1

where Z?:l gi,r—lKi =0.
PrOOF: From Lemma 4.1.4 it follows that

PSP, =Z,, XZ;, ,

and then the calculations, started at (4.2.90), may be repeated with the exception
that we do not have to take care of R,_1 in (4.2.90). ]

As shown in Theorem 4.2.9, the estimator S is not an unbiased estimator. This
is by no means unexpected because this has already been observed when m = 1
in the MLNM(}"" | A;B;C;), i.e. the Growth Curve model. The next lemma will
serve as a basis for obtaining unbiased estimators of 3.

Lemma 4.2.3. Let
kir =n(giv1,0—1 — gir—1)/(n —7(C;) — m,),

where ¢; r_1, ¢ = 1,2,...,r — 1, is defined in Theorem 4.2.9, ¢g,,—1 = 1, and
suppose that k; , are positive and finite. Then

E[P, 3P + E[§ ki A (APISTIPA) A =3,
i=1
where Y°0_ ki, A;(A/P/E1P,A;) " Al = 0.
Proor: First we are going to show that
APIST'P, ., =0, r=di+1,...,m, (4.2.97)
holds. If r = i, we have
APS; Py = AJP;S;'T;P; = 0,
since A/P’S;'T; = 0. Then we may consider

AP|S; Py = AJP/S;'T; 1Py = A/P;S;'P;; = 0.
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Continuing in the same manner we establish (4.2.97). Thus, from Theorem 4.1.7
it follows that N
AP =nAlPIS,
and with the help of Lemma 4.1.3 and some calculations it implies that
Elki Ai(AJP[E'P;A;) " A
= (Git1r-1 = 9i.r—1) (B — 2Gi(G{EGy) T 'GIZ).

Summing over 4 establishes the lemma. ]

By combining Theorem 4.2.9, Lemma 4.2.2 and Lemma 4.2.3 the next theorem is
verified.

Theorem 4.2.10. For & given in Theorem 4.1.7, the expression
1 it N
Tt D (r(Cjo1) = 1(Cy)) Y ki Ai(APIE TP A) A

=1 i=1
1 - o _

+ ~r(C) ; kimi1Ai(AIPISTIP,A)TAL Co =1,
is an unbiased estimator of 3, where 0 < k; ; < oo are defined in Lemma 4.2.3
and 30, ki jAi(A/P/STIP,A;) AL = 0. '

Now we start to derive the moments of ]§1, ﬁg, ]§3 given in Theorem 4.1.6. For-
tunately, we can rely on notation and ideas given in the previous discussion about

3 and E[X]. However, some modifications have to be performed and since the
topic is complicated we once again go into details. Throughout, the estimators are
assumed to be unique and it is of some interest to see how and when the unique-
ness conditions in Theorem 4.1.12 have to be utilized. In Theorem 4.2.6 it was
observed that By, By and B3 are unbiased under uniqueness conditions. When
considering the dispersion matrices of By, By and B3, we start with Bs.

For Bg, it follows from Theorem 4.1.6 and Lemma 4.1.3 that

B3 =(A4G(GLW;5G,) 'GLA5) L ALGy(GLW3Gs) ' GLXCY(C3Ch) !
(4.2.98)

where Gg and W3 are defined in Lemma 4.1.3. Thus, we see from (4.2.98) that
B; has the same structure as B in the MLNM(ABC) and therefore, by utilizing
Theorem 4.2.1 (ii), if n — k3 —ma +¢g3 — 1 > 0,

-~ n— ]{)3

1
D[Bs] = P ———— (C3C5) ' @ (ALGo(GLEG,) 1GLHA) ™

It is more complicated to obtain the dispersion matrix for ]§2. The reason is that
B is a function of By which has to be taken into account. From Lemma 4.1.3 (ii)
it follows that

T)S;'T; =G, (G, W.G,)'G/,

P.S; Py =Gy (GLW3G2) G,
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Because of the assumption of uniqueness, we can instead of ]§2 study the linear
combinations

G| A3B,C,
since ~ .
(A/QGlGIIAQ)_1A/2G1G/1A2BQCQC/2(Cch2)_1 —B,.

Furthermore, using the notation of Theorem 4.1.6 and Lemma 4.1.3, we have shown
that Bs is an unbiased estimator and therefore, when obtaining the dispersion

matrix of Bs, we consider N
G]A2(B; — B3)Cs. (4.2.99)

From here the technical derivations start. After some transformations the expres-
sion in (4.2.99) can be written as follows:
G’/ Ay(B; — B,)C,
=G| A2(ALG1(GIW2G1) 'GlAL) TALG (G WG) ' G
X (X — E[X] — A3(B3 — B3)Cg)C/2(CQC/2)7102

=G Ri{(X - EX])(Pc;, — Pc) + (X - E[X])Pc; — Ro(X — E[X])Pcy }

=GR (X — E[X])(Pc, — Pg;) + GIRi(I - Ro)(X — E[X])P¢y,
where R; and Ry are as in (4.2.88), and

Pc, = C.(C;C;)~C;,.

The basic idea behind the decomposition of G} As (]§2 —B;)C, is that the compo-
nents are partly independent: (X — E[X])P¢; is independent of (X — E[X])(P¢y —
Pc,), Ri and Ry, since (see Theorem 2.2.4 (ii)) (Pc, — Pc;)Pc, = 0, (I -
1:)0/2)(1:)(3/2 - PC;’) =0 and (I - PC{_,)PC;’ =0. ThUS,

ClGIRi(X - E[X])(Pc, — Pc,), G1R1 (I - R2)(X — E[X])P¢y] = 0,
and therefore
D[GA5(B; — By)Cs]
= D[G1R:(X - E[X])(Pc, — Pcy)] + D[G1R1 (I - R2)(X — E[X])Pcy].
(4.2.100)

The two expressions on the right hand side of (4.2.100) will be treated separately.
The first term equals
D[G Ri(X - E[X])(Pc;, — Pcy)] = (P, — Pcy) ® E[GIR1ZR] G4,
and the rest follows from the treatment of the MLNM(ABC); e.g. see (4.2.13).
Thus,
D[G R, (X — E[X])(P¢c, — Pcy)| = (Pcy, — Pcy)
n—r(Cq)—1

N n—1r(Cy) —my +1r(GlA2) — 1GllA?(A/QGQ(GQEGl)*lg’lAQ)flA/QGl.
1

(4.2.101)
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The second expression in (4.2.100) is more complicated to deal with. In the sub-
sequent, we are going to make use of the notation I'T, I', H,., W,., M., N,., V"
and V", which were all defined in Lemma 4.1.3 and Lemma 4.1.4. Observe first
that
D[G1R1(I - Ry)(X — E[X])Pc]
=Pg, ® E[G R (I~ R2)Z(I - R5)R Gy]

and

G/R; =G| - H,I',X"/2M,
= H,([3) T30S V2 — Hy(T3)'V3, (V) ' DIT =~ 12,

Then, since V3; = UyU} for some normally distributed U’ = (U} : U}), where
U; and U, are independent and Uy is also independent of Ry and V3,

E[G/Ri(I-R2)E(I-R))R|Gy]
= E[H,(T3)' T3S /2(1 - Ry)S(I - Ry) =~ /%(T})(T3) T3 HY
+ E|Hy(T3)'V3, (Vi) 'TiTE /(I - Ry)S(I - Ry)
x D7V2(TH/(03) (V) ' VLTZH, | (4.2.102)
From now on the two terms on the right-hand side of (4.2.102) will be considered
separately. First it is noted that from the uniqueness conditions in Theorem 4.1.12

it follows that
[ "Y2A; =DI2rix—12A,

for some matrix D. Thus,
rix~Y2(1-R,) =Ti=Y2 - DH; (I - G,M3)G)
—rin-/2 - DY TITTS Y DT VA (Vi) s
Next it will be utilized that

E[V;’l(Vi’l)_l] =0

and
H, (T3)'T3D(3) T5T(03) T3H, = 0,
since I'?(T'3)’ = 0. Thus,

E[H,(T3) TST1E™Y2(I - Ry)S(I - Ry) S~ V2(T}) (1) T3H |
= H, (T3)'T3H + Hy (T3) T3D(I3) T3D' (T3) T3 HY
+ B[Hy(T3)'T3D(T3)' V3, (Vi) T (V) 7 Vi, IED/ (T3) T3 HY).
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Since V3, ~ W, (Im,,n — r(C3)), it follows, similarly to (4.2.22), that

E[H,(T3)'T3D(T3)' V3, (V3) (Vi) ' Vi,I5D (T3) T3 HY |
ms 2\/ 2 3V3TYV T2V T2 1T

= H, (%) T5D(I) TsD(I';) T5H; .
n—1(Cs) —ms —1 1(I'3)'T3D(I'3) To DY) T3 HYy

Therefore it remains to express Hy(T'3)'T2H/ and
H, (T3) T3D(I'3)' T5D'(T3) T3 H}
in the original matrices. Since

(T3)'T3 = TiT1E 72 A5(ALG2(GLEG,) T 1GHAYL) ~ALE V4T (TY),

(4.2.103)
(T2)T3 = TIZ V2A5(ALG1(G)2G)) Gl A,) " ALS~V2(TLY,  (4.2.104)
(T)'T] = £°G4(G/2G,) ' Gi=/?, (4.2.105)

we get from (4.2.104)
H, (T5)TSH] = G1A5(ALGH (G 2G1) ' GlA,) " ALGy, (4.2.106)

and from (4.2.103)
D(T3)'TiD' = T1E 12 A5(ALG2(GLEG,) T 1GLAz) ~ALS V(1))
Then, using (4.2.105), the first expression on the right hand side of (4.2.102) equals

E[H(T3)T3TX7/2(1 - Ry)B(I — RS) X~ V/*(T}) (T3) T3H,
n—r(Cs)—1 , I
= HG XG G A
n—r(Cs) —ms—1 (G 1) 1433

x (A5G2(GLEG) 'GLA3) T ALG (G ZG))'H,  (4.2.107)

where
H = G|A(AL,G,(G2G1) 'G]A) " ALG,. (4.2.108)

Now we will study the second term on the right hand side of (4.2.102). Since
V2 = UU/, where U ~ Np’n,T(Cz)(O,I,I) and V12 = -U—lUlz7 V11 = UlUll with
U; and Uy being independent, it follows from Theorem 2.2.9 (i) that
E[Hi(T3)'V3,(V3) ' TI0 B3I - Rp)S(1 - RS V/(T}) (13
x (V1) ~'Vi, I3 H]
= Hy(T3) T3H, Eftr{(V])) ' TITIS ™2 (1 - RyS(I - Ry) ST (1)),
(4.2.109)
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It remains to obtain the expectation of the trace function in (4.2.109). Once again
Lemma 4.2.1 will be of utmost importance. The lemma can be applied, because
M3 is a function of V3, and

rris—Y2(I1-R,) = rrix—12m;
= Vi,(T})' (Vi) ' TiTirs =12,
Since V3, ~ W,,.(I,n — r(C3)), this yields
Elr{(Vi) 'TITIZ /21 - R)Z(I - Ry)E V3T (T9)'}]
= CZE[tr{(Xf1)71¥§1(I“f)/(v‘ﬂ)il(Vil)ilrfxi’l}]

= E{(VE) )] = et

(4.2.110)

Hence, by using (4.2.101), (4.2.102), (4.2.107) — (4.2.110), D[ﬁg] has been found.
Concerning D[By] it should be noticed that the treatment of D[By] is similar to the
treatment of D[ﬁg], although some additional argument is needed. For uniqueness
of ]§1 it follows from Theorem 4.1.12 (v) that A; and C; must be of full rank.
Therefore, instead of ]§1 the linear combinations Al(ﬁl — B1)C; will be studied.
Observe that by the unbiasedness result in Theorem 4.2.6, E[A;(B; —B;)C1] = 0.

First, we decompose A1(1§1 — B1)Cq, as when treating (4.2.99):

A(B; - B))C,
=Ro(X - E[X])(Pc; — Pcy) + Ro(I— Ry)(X — E[X])(Pc; — Pcy)
+Ro(I-Ry)(I - Ry)(X - EX])Pg;,

where R; is given in (4.2.88). Since (X — E[X])P¢; is independent (see Theorem
224) of Ro, Rl; Rg, (X - E[X])(Pcé - PC;’)7 and (X - E‘D(])(].:)c/2 - PCé) is
independent of Ro, Ry, (X — E[X])(Pc; — Pc;) we obtain a basic decomposition
of the dispersion matrix:

D[A,(B; — B;)Cy]
= D[Ro(X — E[X])(Pc; — Pcy)l + D[Ro(I - R1)(X — E[X])(Pc, — Pcy)]
+ D[Ro(I - Ry)(I - Ry)(X — E[X])P¢;]. (4.2.111)

The terms on the right hand side of (4.2.111) will be treated one by one. After some
manipulations and using the independence between Ry and (X — E[X])(P¢; —

PC'2)7
D[Ro(X — E[X))(Pc, — Poy)] = (Po, — Poy) @ E[RER)].  (4.2.112)
Now we can rely on the MLNM(ABC), i.e. (4.2.18) and (4.2.22), and get that

nfklfl

ER IR/ =
[RoZR) n—ki—p+aq -1

A (AJSTTA) AL (4.2.113)
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For the second expression it is noted that (X — E[X])(Pg, — P¢y) is independent
of Ry and Ry. Thus,

D[Ro(I - Ry)(X = E[X])(Pc, — Pcy)]
= (Pco, —Pc;,) ® E[Ro(I - R1)E(I - R))RY]. (4.2.114)
In order to find an explicit expression of (4.2.114) we copy the approach of finding
the expectation in (4.2.102). Let us start by rewriting R in a canonical form, i.e.
Ro=I1-M; =1-3V3(N,Ilx"1/2
= 1-SVATYTIR 2 - ATV (V) T
— ST TR - BTV (V) TR
Since V3, is uncorrelated with Vi, and Ry,
E[Ro(I-R1)E(I - R|)Rg]
— E[EY2(T}) TS /2(1 - R)S(1 - R}) S~ V/2(T})Tis"?)
+ B[SV (VE) TS VA1 - RS- Ry T VADY

X (V}l)*lvbr;zl/z] (4.2.115)

The estimator By is unique if (4.1.106) holds. This implies that we have ('(A}) =
C(A,Gq), and then
A, =D,GA,, (4.2.116)

for some matrix D;. Now we will consider the first expression on the right hand
side of (4.2.115). From (4.2.88) it follows that

R; = DG A3 (AL,G1(G/W,G1) G Ay) " ALGL (G W,LGy) G
=D,G}(I-M,) =D;G} — D, H,(T?)'N,I?rix-1/2
= D,G} - DiH, (T3 TP EY/2 - Dy HL (T3)'VE, (V3) ' T3T s/
= D,H,(T3)'T3T 72 — DyH,(T3)'V3, (V3 'TiT s /2,

Then, since E[V2,] = 0 and V32, is uncorrelated with V?,,

E[(I-R)Z(I—-Ry)]
= (1 DyH, (T3) T30S 7/7)) S(1 - Dy H, (13) T30 /%)
+ E[DH(T2)'V3, (V) Y(Vi) VL TZH| D],

and since T'3(T'})’ = 0,

E[3'2(T3) Ty5™ 21— Ry)B(I - Ry) =721 Ty5 7]
= B2(ry)'TisY? + 120 Ty%~1/°DH, (13) T3H, D) =~ /2(T}) Ty %!/?
+ 31/2(T}) Ty3 /2Dy Hy (T5) TSH DI S V20 Ty B2 Bl { (VE) ' }).
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Here we use the expression of (I'3)'T'3 given in (4.2.104),

V2 Tisn/2 = A (AJZ7TA,) AL, (4.2.117)
D H TS Y2A, = A,, (4.2.118)
and

m2
n—r(Cq) —my—1

Elte{(Vi))™'}] = (4.2.119)

Thus, E[EY2(T3)TIZ"Y2(1-R)E(I - Ry)'E-V2(TL)'TIEY?] equals

A (A'STTA) A
n—r(Cq)—1
n—r(Cq) —my—1
x (ALG1(GIEG))IGIAL) ALY A (A TTA))TTALL (4.2.120)

A(AZTTA)TTAIE A,

Since R is a function of V3, we obtain from Lemma 4.2.1 that the second ex-
pression on the right hand side of (4.1.115) equals

VAT TS E[n{(V],) 'TiS /(1 - R)ZI - RS V3T
= SV3(03) T2 e Bl {(V) ' TIZ /(I - R)E(I - R)EVA(TY)'}).
(4.2.121)

Moreover,

Ii=2(1-Ri) =H;'G|(I-Ry)
=H'G| - H{'G| A (ALG1(G|W2G1) 'GlA2) " ALG (G W2Gq) 1G]
= H; 'GIW2G3(Gy W1 G2)~ Gy = Vi, (I})' (V) TS 2,

and therefore
Eltr{(V3,) 'T127 21 - R)Z(I - R)EZV*(T])'}]

= E[tr{(zfl)_lel (F%)/(V%)_l (V%)_lrfzfl}]

= B[tr{(V%) ] = 2 (4.2.122)

n—r(Cg) —mg —1’
where (4.2.119) has been used. Hence, applying (4.2.122) and (4.2.117) yields

E[SY2(T3)' Vi (Vi) TSI~ RS
x (I—Ry)E2(I]) (Vi) ' VELTEY?

— ma 1/2(plyplsal/2

= »/2(r})Tis
cln—r(Cg)—mg—l (F2)Ty

=c 2 A (A/STTA) AL (4.2.123)

n—r(Cq) —my—1



444 CHAPTER IV

Thus, using (4.2.120) and (4.2.121) we may state that the expectation in (4.2.115)
equals
E[Ro(I - R1)Z(I - R})Rg]

—(1+a m2 )AL (A]S 1A A

n—r(Cq) —my—1
n — T‘(Cg) -1
+
n—r(Cy) —mg—1
X (A/QGl(G&ZGl)_lGllAQ)_A/QE_lAl (Allz_lAl)_lAll.

A (AZTIA )T TAIE LA,

Now we will consider the third term in (4.2.111),

D[Ro(I-R1)(I-Rs)(X — E[X])Pc;]
=Pc;, ® E[Ro(I - R1)(I - R2)X(I - R3)(I-R})Rg).

The expectation equals

E[EV2(T})T3E /21 - Ra)(I - R2)S(I - Ry)(I - RY)EV(TY)T4E!?)
+ B[SYA(T}) VY, (VH) TS VA1 - Ry)(I - R)E

x (I—R,H)(I- Ry (vi)~virixt/2| (4.2.124)
Both expectations in (4.2.124) will be explored further. Using (4.2.118) we get

E[(I-R1)I-R2)Z(I-R5)(I-R)
= (I-D.H,(T3) T30S /2 E[(I - Ry)S(1 - R))]
x (I—=713(1r})(T3) T3H DY)
+ D H(T2) E| V2, (V) IDris~12(1 - Ry)Z
x (I— Ry)™V2(T]) (03 (V4) "' V| TEHIDL.  (4.2125)
Observe that from (4.2.104) and (4.2.118)

D, H,(I'?)'T2rixn-1/2
= DG AL (ALG (GG Gl AL)"ALGL(G2G) G
= Ay(ALGL(G)2G)1GIAL) " ALG (G 2G) G

Since ('(A}) = C'(ALGy), we have that
C (- "2} (I T3H DY) = C(Ay)"
Moreover, by (4.1.106), since C'(P’) also equals C'(A})~,

C(A5(I-="V2(T}) (T3) T3H DY) = C(A5Gy).
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Thus,
(I-DH, (T3 Trix"12)A5 = D,GHA3,

for some matrix Ds. Therefore,

(I-DH, (T2)Tirix"1?)R,
= DyG) — Dy;GLM3 = Dy G — DoH, (D) N3DEr2ris—1/2
= DoH,(I9) TETIT £ 7/2 — DoHo(19)' V5, (V) 7' DITIT =12,

Now, by copying calculations from previous parts, we obtain

E[BY2() Ty~ ?(I- Ry )(I- Ro)B(I — RY)(I - RY)E™V/*(T}) Ty

= V() Tixnt/2 + V() Tin~Y2DH, (I2)'T2H, D, X~ V/2(I})' i xt/2
+ V() Tis"Y2D,H,y (03 TEH,D, X~ H/2(1)) ' Ti /2
+ 2120y T3 /?DyHy (13 TEH, D, X~ /2(y) Ty 2 Eltr { (V) 7'}

In (4.2.117) and (4.2.104) (T'3)'T3 and (T'3)'T% were expressed in the original
matrices, respectively, and now (I'3)'T3 is presented:

(T3)'T5 = DITIE /2 A5(A5G2(GyEG2) Gy A;) " AE~V/2(I) ().
(4.2.126)
Furthermore,

D H, (I'3)T5H, D] = A3(A5G1(G)2G1) 'GlAy) " A),
D,H,(I'3) TS H,DY) = DoGyA3(A3Go(GHEG:) ' GhAs)~ AGoDY
— HA4(A,G5(GLEG) ' GLAs)~ ALH,
where

H=1-AA%G(G2G) 'G|A;)"AL,G(G/=G)'GY,

and
ms3

n—r(Cs)—ms3—1"

Bltr{(Vi))™}] =
Using all these lengthy expressions we may write out
E[SY/2(D})TSE/2(I - Ry)(I - Ro)S(I - Ry)(I - RS /2(TY)TsY2)
as

A (AZTTA) A
+ A (ASTTA) A S TIAL(ALGL(GLEG) T IGLAL) T
x ALSTTA(ALZTTA) A
+ %Al(A’l2_1A1)_1A’12_1HA3(AgGQ(G’QEGQ)_lGéAg)_

x ALH'STA (A[S71A) 1AL
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Finally, to obtain the expected value of the second expression in (4.2.124), it is
noted that V1, is uncorrelated with Vi,, Ry and Rg, and that Ry is a function
of V3, and independent of V3,

B[SV (Vi)' TiZ 721 - Ry)(1 - R2)S
X (I- Ry)(1- RS V2L (VY) ' VL,D3s2]
— 21/2(11%)/1'1%21/2
x Eltr{(V}) 'TiZ V(I - Ry)(I- Ry)E(I - R))(I- Ry)E™/*(I)'}]
= 21/2(F§)'I‘§21/201E[tr{(X%l)_ll"}E_l/z(I —Ry)(I-R»)E

% (I—RL)(I - Rg)zflﬂ(r%)’}]. (4.2.127)
Moreover,
TIE~12(1— Ry) = V2, (1) (V3) ' TITI S 12, (4.2.128)
which implies that the right hand side of (4.2.127) equals
VI TyE e Efr{(V) T 'TiT =72 (1 - Re)B(1 - Ry) =~ V2(T)) (1)}

(4.2.129)
Hence, (4.2.110) yields that (4.2.129) can be written as

m3
n—r(Csz) —mg—1’

A1(A/1271A1)71A/10162

since £V/2(T3)TiXY2 = A;(A}E"1A;)"'A). The paragraph is ended by sum-

~

marizing all the above calculations and stating D[B;], i = 1,2, 3, explicitly.

Theorem 4.2.11. Let ]§i, 1 =1,2,3 be given in Theorem 4.1.6 and suppose that
for each B; the uniqueness conditions in Theorem 4.1.12 are satisfied. Let the
matrix G; be defined in Lemma 4.1.3, and ¢; and m; in Lemma 4.2.1. Then, if
the dispersion matrices are supposed to exist,

(i) D[Bs

(ii) D[B,
= D[(A5G1G}As) T ALGIG R (X — E[X])(Pg, — Pg;)Cy(C2Ch) ']

+ D[(A5G1G1A2) ' ALGGI R (I — Ry) (X — E[X])Pc;, C5(CoCh) 7',

n—ks—mo+qz—1

| = sl (C3C5) ™! © (A5G2(GEEGo) ' GhAs) ™
]

D[(A5G1GA3) ' ALG1G R (X — E[X])(Pcy — Pgy)Co(C2Ch) ')
= (C2Ch) ' Ca(Pcy, — Py )ChH(CCh)

® gl (ALG1(G12G1) T Gl AY) T,
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and
D[(A5G1G1A2) ' ALG G R (I - Ry)(X — E[X])P¢; Cy(CaCh) 7'
= (C2C) ' C2P; C5(CoCh)
® {mP1A3(A@,Gz(G’QEGQ)—lG;Ag)—Ag(Pl)'
T+ czn_r((}:”f_ms_n(AgGl(G;zGl)1G3A2>1},
where

P! — (ALG1(G,EG1) 'GLA,) 'ALG (G, 2G) Gl
(i) D[B4]
= D[(A]A1) ' A Ro(X — E[X])(Pc; — Pc;)Ci(C1CY) 7Y
+ D[(AJA1)"A R (I - Ry)(X — E[X])(Pc;, — Pcy)Ci(C1CY) ]
+ D[(ATA1)""A1Ro(I— Ry)(I— Ry)(X — E[X])P¢; C}(C,C)) 7],

where

D[(A}A,)"A1R(X — E[X])(Pc; — P¢)C(C1Ch) ]

= (CiC})'Ci(Pg, — Pg,)C(Ci1CY) ' @ it (A1 TTA)
D[(A7A1)'AIRy(I - Ry)(X — E[X])(Pg; — Pc;)Ci(CiCY) 7Y
o

= (C1C})'Cy(P¢, — Pg;)C)(C1CH) !

)

® {(1 + Cln_r(cznﬁ)(AllzilAl)il

+ S P2 AL (AL G (G 2G) 1G’1A2)‘A’2(P2)’}.

Here
P2 = (A/Z7'A) A
and
D[(A1A;) "A1Ro(I - Ry)(I - Ry)(X — E[X])P¢; C}(C.Ch) ]
= (C1C})~'C P, C)(C1CH) !
& {(1 + Clcgn_r(cgnﬁ)(AllzilAl)il
+P?A5(A5G1(G)2G1) "Gl Ay) AL (P?)

S P A (AL Ga (G5 5Gs) G ALY
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where
P3 = P%(I - A,PY).

4.2.5 Problems R
1. Compare the moments of Bg in (4.2.7) with the corresponding moments in
Theorem 4.2.1.
2. Compare (4.2.81) and (4.2.82), if

1 1 1 4.4 3.0 =03 —-05
1 6 36 3.0 254 —-63 144

A= 1 12 144 |° ¥ = -03 —-63 41 32 | r(C) =2
1 48 2304 —-0.5 —-144 3.2 31.1

3. Construct 5 different unbiased estimators of X in the MLNM(>" | A;B;C;),
m > 5. o

Find D[E[X]] for the MLNM(Y.7_, A;B;C;).

Show that 3 - ¥ in the MLNM(X", A;B,C,).

Show that E[X] = Y7, A;B;C; is unbiased.

Find an unbiased estimator of D[KBL] in the MLNM(ABC) when C'(K') C
C(A’) and C'(L) C C(C).

9. Three natural residuals for the MLNM(ABC) are given by:

Sl B

R; = SA°(A”SA°)"A”X(I- C'(CC')~C),
Ry, = A(A’ST'A)"A'ST'X(I-C/(CC') C),
R; = SA°(A?SA°)~ A’ XC'(CC')"C.

Derive D[R;], i = 1,2, 3.
10. Are the residuals in Problem 9 uncorrelated? Are they independent?
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4.3. APPROXIMATIONS IN MULTIVARIATE LINEAR MODELS

4.3.1 Introduction

In this section we are going to approximate distributions of several estimators
obtained in Section 4.1. In some cases, the distributions of the estimators are
available in the literature (see Gleser & Olkin, 1970; Kabe, 1975; Kenward, 1986).
However, often the distributions are given as integral expressions. Therefore, we
will focus on approximations of these distributions in this section. The results
of Section 4.2 will be of utmost importance. In order to utilize these results,
we will rely on Section 3.2 and Section 3.3. The maximum likelihood estima-
tors of the parameters in the MLNM(ABC), the MLNM(ABC + B5C;) and the
MLNM(Z?=3 A;B;C;) will be considered. From Theorem 4.1.1 we have in the
Growth Curve model

B=(A'ST'A)'A'STIXC/(CC) Y, (4.3.1)
where it is assumed that A and C are of full rank, i.e. 7(A) = ¢ and r(C) = k,
S=X(I-c'(cc) )X,
and
nS = (X — ABC)(X — ABCY
=S+ (XC'(CC')~'C — ABC)(XC/(CC/)"'C — ABC). (4.3.2)
According to Theorem 4.1.9 and the full rank conditions, the maximum likelihood
estimators in the MLNM(ABC + B5Cs) are given by
B=(A’S{'A)'A/S;'YH/(HH') !,
B, = (X — ABC)C}(C,C5)
n% = (Y — ABH)(Y — ABH)',

where
S, =Y(I-HHH)'H)Y,

and
Y =X(I - Cy(CyCh) ' Cy), (4.3.3)
H =C(I - C,(CyCh) 1Cy). (4.3.4)

Theorem 4.1.6 gives the maximum likelihood estimators of the parameters in the
MLNM(Y? | A;B;C,):

B = (A}P4S; ' P3As) " AjPLS;  XCy(C3Ch) 7, (4.3.5)
B, = (A4P}S; 'PrAg) T ALPSS, T (X — AgB3Cs)Ch(CoCh) 7, (4.3.6)
B; = (A}S7 A1) TA ST (X — AyByCy — AsB3C3)C)(C1C))7L, (4.3.7)
nS = (X — A;B1C; — AyB,Cy — A3B3Cs)()

=S3+ P4XC%(CgCé)CgX’PZ, (438)
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where it is assumed that ]§i, i =1,2,3, are unique and P;, 1 = 2,3,4, as well as
S;, i =1,2,3, are the same as in Theorem 4.1.7 and Theorem 4.1.6. Observe that
we always assume the inverses in (4.3.5) — (4.3.7) to exist.

Throughout this section fx(Xg) will denote the density of X evaluated at the
point Xo. Furthermore, as in Chapter 3, f&(X() denotes the k—th derivative of
fx(X) evaluated at the point Xg.

4.3.2 Approximation of the density 0f]§ in the Growth Curve model

There are several strategies which could be followed when approximating the dis-
tribution of B, given in (4.3.1). The first is to use a distribution obtained from
asymptotic considerations. For example, if B converges to a normal distribution,
the normal distribution would be appropriate to use. Another strategy is to use
a distribution which is easy to compute, and to perform some kind of corrections
afterwards. The third approach is to mimic some properties of the distribution
of B in the approximating distribution. For instance, we may use a long tailed
distribution if B has a long tail.

The starting point of this paragraph is a convergence result which is very similar
to Theorem 3.1.4 (ii), i.e. for S in (4.3.2),

1 P
S — X
n—k

Therefore it is natural to approximate B by
By = (A'ES7'A)A'ESIXC/(cC) (4.3.9)

Since (4.3.9) is a linear function in X the distribution of B will be approximated by
a normal distribution N, (B, (A’E71A)~! (CC’)~!) (see Theorem 2.2.2). When

comparing B and By, it is observed that due to statements (i) and (i) of Theorem
4.2.1 and Corollary 2.2.7.1 (i),

EB|=EBy]=B

and

5 b—4q n—1 Isi—1 A\ —1

D[B] — D[By] = n—k—p—l—q—l(cc) ®(A'XTA)T
which is positive definite. Thus By underestimates the variation in fi, which
can be expected because the random matrix S in B has been replaced by the
non-random matrix 3.
Next we are going to apply Example 3.3.1 which in turn relies on Theorem 3.3.1.
We are going to achieve a better approximation than given by a normal distribu-
tion. In fact, the normal distribution will be used with a correction term. The
point is that according to Example 3.3.1 it is possible to find error bounds for the
obtained density approximation. Observe that

B=(A'ST'A)'A/'STIXC/(CC)!
=(A’TTA)TA'ZTIXC/(cC) !
+(A'STTA)TTA'STH I - AA'S A TTA'ETHXC/(CC) T (4.3.10)
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Theorem 2.2.4 (i) yields that
(A'’Z=7'A)'A'ETIXC/(cC) !
and
I-AA'Z A TA'ES Hxc(ca)™

are independently distributed. Moreover, by Theorem 2.2.4 (iv) the sums of
squares matrix S and "mean” XC’(CC’)~! are independent. Hence, similarly
to u in Example 3.3.1, we may take

U= (A'STIA)TIA'STIT-AA'ZSTA)TA'S HXC/(CC)™Y, (4.3.11)

which is independent of By. Since E[(vecU)®*] = 0 for odd ¥, it follows from
Example 3.3.1 that the decomposition in (4.3.10) implies the next theorem. Fur-
thermore, besides that U in B=B N+Uis independegt of By, we also have that
E[U] = 0. Thus it is very reasonable to approximate B by By.

Theorem 4.3.1. Let ]§, By and U be given by (4.3.1), (4.3.9) and (4.3.11),
respectively. Then an Edgeworth-type expansion of the density of B equals

J5(Bo) = fBx(Bo) + ...,
where

fBs(Bo) ={1+ }s (tr{A’S"'A(By — B)CC'(By — B)'} — kq) } fB (Bo),
(4.3.12)
_ P—q
Sin—kz—p—i—q—l'

An upper error bound of the density approximation (4.3.12) is given by

|f5(Bo) — fB(Bo)

1.1
§(27r)’2quE[(vec’U)®4]|A’E_1A|k/2|CC’|q/2vec(m4[BN]). (4.3.13)

where

E[(VGCU)®4] = vecm4[]§] — (I + qu X quvqk X qu —+ qu X K(qk)Q,qk)
x (vec D[By] ® E[(vecU)®?] + E[(vecU)®?] @ vec D[By])

— vecTy[By].
Here E[(vecU)®?] = 5(CC')" ' @ (A’EZ71A) Y

vecTs[By]
= (I + qu & qu,qk b2y qu + qu b2 K(qk)Q,qk)(Vec{(CC/)_l Y (A/E_lA)_l})®27
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~

and 4 [B] is obtained from Theorem 4.2.2 (iii).

PrROOF: The form of the approximation,

1
fB:(Bo) = fB (Bo) + 5 E[(vec U)**Jvec s (Bo),
follows from Theorem 3.3.1 and was also given in Example 3.3.1. As noted before,
B=By +U, (4.3.14)

which is identical to B—B = B ~ — B+ U, and because of independence between
By and U it follows from (4.3.10) that

E[(vecU)®?] = vec(D[B] — D[By]),

since vec(E[vecUvec'U]) = E[(vecU)®?]. By using Definition 2.2.1 and Corol-

~

lary 2.2.7.1 (i) D[By] is obtained. In Theorem 4.2.1, D[B] was established, and
f3 . (Bo) was presented in Theorem 2.2.10 (iii). To obtain the error bound via
Example 3.3.1 we note that according to (4.3.9), By — B is normally distributed
with the characteristic function (see Theorem 2.2.1 (i))

pp5(T) = exp{ — Lir{(A’S~1A) I T(CC) T )
= exp{—2(vec'T)(CC') ' @ (A’S"'A) ! (vecT)}.

Here it is important to observe that

1
{(2m) 2 |A'=TAM2|CC| %) gy —B(T)

is a normal density where the expectation and dispersion equal 0 and (CC’)~! ®
(A’S71A)71 respectively. Thus, from Definition 2.1.4, where the central mo-
ments are defined,

1
/ (vec'T)®4pp,, _(T) dT = (27)27|A’ST A |*/2|CC’ |92 vec(ma(By))
Rak

and vec(7y4(By)) is obtained from Corollary 2.2.7.1 (iv). Finally, when obtaining
E|[(vec'U)®4], the independence between U and By is utilized once again:

vecTy[B] = E[vec(U + By — B)®4]
=B[(vecU)*!] + (T + Lyt @ Kop,gr ® Lk + Igk © Kgryz gr)
x (vec D[By] ® E[(vecU)®?] + E[(vecU)®?] ® vec D[By])
+ vecTiy [By]. (4.3.15)
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Corollary 4.3.1.1.
|f5(Bo) = fB,(Bo)| = O(n™?).

PrOOF: Consider the right hand side of (4.3.13). Observe that

/]R ) (vec'T)®*pp, _B(T)dT

equals a constant and thus we have to study
E[(vecU)®4).
Once again the canonical representation (4.2.14) is used, i.e.
A'S"Y2 =H(1,: 0)T, (4.3.16)
where H is a non-singular and I' an orthogonal matrix. Furthermore, let
V =T V285121 ~ W, (I,n — r(C)).

In the subsequent the partition (4.2.16) is applied. Now
U|S ~ N,1(0,(A’'ST'A)TA'STIESTA(A'STIA) T — (A’STHA) T (ce) T
and

(A'STIA)TA/STIEISTA(A/STIA) L — (A/'Z1A) !

(H/>—1(V11)—1(V11 . V12)(V11 . V12)/(V11)—1H—1 _ (AIE_1A>_1
(H/)—lH—l o (AIE—IA)—I =+ (H/)—l(vll)—lvl2v21 (Vll)—lH—l
(H) 'V, Vo, VL Vi HL (4.3.17)

Using Corollary 2.4.12.1, we have
Z = (H)"'V15V5,"? ~ Nyp o0, (A'S71A) L), (4.3.18)
which is independent of V45 and
(H) 'V, Vo, V' Vo H = ZV,, 7.

Thus,
U|Z,Vay ~ N, x(0,ZV5,'Z/ (CC')™1).

Since
E[(vecU)®*] = Ez v,,[E[(vecU)®*|Z, V]|,

where Z, Vg in Ezv,, indicate that expectation is taken over Z and Vo, it
follows from Corollary 2.2.7.4 that E[(vecU)®4] is a constant matrix multiplied by

E[(vec{(CC) ™' @ ZV3 Z'})*?],



454 CHAPTER IV

which in turn is a function of
E[(VeCV521)®2]v
which by Theorem 2.4.14 (iv) is O(n™2). Since Z is normally distributed and

independent of n, the corollary is established. ]

Since the order of magnitude of the upper bound of approximation error of fﬁ (Bo)

is O(n~2), the approximation is fairly accurate. For example, in many cases, such
as in Theorem 3.1.4 (i) and (ii), the law of large numbers gives an error of order
O(n=1).

We are going to investigate under which assumptions fg,(Byg), given in (4.3.12),
is a density. In general, the sum of the first few terms in an Edgeworth-type
approximation is not a density. First observe that

/ B (X)dX =1 — %skq + %sE[tr{A’EilA(BN - B)CC'(By — B)'}]
XERaxk
=1- %skq + %skq =1.
It remains to check whether fg,(Bg) > 0 for all By. Since
tr{A’S"'A(By — B)CC'(By, — B)'} >0,
it is required that
1
1-— iskq >0,
which is equivalent to
n>(p—q)(1+ikq) +k+1. (4.3.19)

Hence, if (4.3.19) is true, fg,(Bo) is a density. Moreover, in this case the density
represents a matrix elliptically distributed variable. This is concluded in the next
theorem

Theorem 4.3.2. Let the distribution of Bg be defined via its density in (4.3.12)
and suppose that (4.3.19) holds. Then B is matrix elliptically distributed. ]

There are other properties of the approximation which are worth observing.

Theorem 4.3.3. Suppose that (4.3.19) holds. Let B be given by (4.3.1) and the
distribution of Bg be defined via its density in (4.3.12). Then

(i) E[Bg| = E[B] = B;

(ii) D[Bg] = D[B] = - _’;: ]IZ :L 611 — 1(00/),1 ® (A'S"1A)L

Proor: To prove (i) we note first that since fg,(X) is a symmetric function
around X — B,

[ X-Bmxdx =0
XcRaxk
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and thus (i) follows, because [y g, fB5(X)dX = 1.
For (ii) we have to calculate

1- %)D[Y] n gE[vechec’Ytr(A’E’1AYCC'Y’)], (4.3.20)

where
Y ~ N, (0, (A’S7TA)H (CC)H) 7).

Now, let ¥ = (CC’)"'®@(A’S"1A)~L. Then, by applying Proposition 1.3.14 (iii),

vecE[vecYvec Ytr(A’S P AYCC'Y')] = (I ® Ipx ® ved' U1 E[(vecY)®?]
= (I ® Ik @ vec' O ) (Tigpya + Ik @ Kongr @ Lok + Ik @ K (giyz gn) (vec®) @2,
(4.3.21)

where Corollary 2.2.7.4 has been used in the last equality. Since, according to
Proposition 1.3.14 (iv),

(Tye @ Kopgr @ Igx) (vec®)®? = vec(¥ @ )

and
(Tgr ® K(qk)2,qk)(VeC‘I’)®2 = vec(Kgp,qr (¥ @ ¥)),

the expression in (4.3.21) is equivalent to

vecE[vecYved Ytr(A’S AYCC'Y')]
= (I ®@ I ® vec' U ) ((vec®)®? 4 vec(¥ @ ¥) + vec(Kpgpq P @ ¥))
= (gk + 2)vecD]Y].

Hence, (4.3.20) equals

(1= 2 DIY] + 2 gk +2)D[Y] = (1 + 9)DIY],

~

which according to Theorem 4.2.1 (ii) is identical to D[B], and establishes the
theorem. 1

From Theorem 4.3.3 one can conclude that the basic statistical properties are kept
in the approximation. This is, of course, also an indication that the approximation
is performing well. However, when fg,(X) is not positive, one should be careful
in applications.

Next we turn to a different approach and will use a normally distributed variable
with the same mean and dispersion matrix as B. Let By be the approximating
normally distributed matrix such that

E[B] = E[By] = B,
B] = D[By] = (14 5)(CC) ' o (A'S71A),
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ie. By ~ Ngi(B, (14 s)(A’271A)~, (CC’)!), where s is given in Theorem
4.3.1. Since the third cumulant of B is zero, and for By cumulants of order higher

than 2 equal zero, a straightforward extension of Corollary 3.2.1.1 and Definition
2.2.2 yield

f5(Bo) = fey (Bo)

—|—%Vec’04[]§]vecH4(vecB0, (1+s)(CC) '@ (A'S7"A) ") fB, (Bo), (4.3.22)

where the Hermite polynomial Hy(e, ) is defined in §2.2.4. Let us approximate
f5(e) by fB, (e) and let the second term on the right hand side of (4.3.22) indicate
the order of the error term. By Theorem 2.2.12 it follows that

H,(vecBy, (14 5)(CC) o (A'S7tA) ™)

is O(1). Now ¢y,[B] will be studied and we are going to use the characteristic
function. From (4.3.10) it follows that

E[eitr(T’ﬁ)] _ Ew[eitr(T’BN)]L?[eitr(T’U)]7

where By is defined in (4.3.9) and independent of U in (4.3.19). We are going to
show that co.[B] is O(n™"), r = 2,3,4, ..., from where it follows that T2, [B] is
O(n™"),r=2,3,4,.... Since ma,.[By]is O(1), r = 2,3,4, ..., we have to consider
o d2r et tr(T/U)

mzr[U} =1 der

T=0
Observe, as when proving Corollary 4.3.11, that
UJS ~ N, (0, (A/ST'A)TA'STIZSTA(A'S A — (A'STA) T (CcCH) )
and

(A’STIA)TTA'STINSTIA(A/STIA) T — (A’ETTA)

= (H/)_1V12V2_21V2_21V21H_17
where V ~ W,(I,n — k), with its partition defined in (4.2.16), and H is the same
as in (4.3.16). By assumption Z, given in (4.3.18), is independent of Va5 and
27 i tr(T'U) d2re—1/2tr(ZV;21Z’T(CC’)’1T’)
E

dT2r ] = dT2r ]
T=0 T=0

Now the exponential function in the above expression is expanded and it is enough
to consider the (r + 1)—th term, i.e.

d?(=1/2)"{tr(ZV ' Z'T(CC)~ T}

E[ dT2r

]. (4.3.23)
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By expressing the trace function with the help of the vec-operator, we obtain that
(4.3.23) equals

d2rT®2r

7dT2T I(qk)Qr—l (%9 E[Z®2T]E[(VGCV2_21)®T] X (VGC(CC/)71)®T.

Here —Ta is a constant matrix, E[Z®?"] because of normality is O(1) and

one can conclude from (2.4.46), with the help of induction, that E[(vecV55 )] is
O(n~"). Thus it has been shown that (4.3.23) is O(n~"). In particular, we have
shown that the second term on the right hand side of (4.3.22) is O(n~2). However,
it also means that the overall error of the expansion is determined by a geometrical

series, i.e. we get the terms O(n?), O(n?), O(n%), ..., and
nro 1
—2 n’ 1-— n

Thus we may conclude that the overall error is O(n~2). One advantage of such
approximation is that it guarantees an approximation with a density function
where the mean and dispersion are the same as the mean and dispersion of B.

Theorem 4.3.4. Let B be given by (4.3.1) and
By ~ Nyi(B,(1+5)(A'ST'A) 7!, (CC) 7Y,
where

pP—4q
n—k—p+q—1

S =

Then
[f5(Bo) — fBx (Bo)| = O(n?).

Thus, Theorem 4.3.1 and Theorem 4.3.4 give two alternatives of approximating
fﬁ(Bo). It is by no means obvious which one has to be used. If the condition
(4.3.19) for fB,(Bo) being a density is not fulfilled, the choice is even more prob-
lematic. It seems reasonable to use a matrix elliptical distribution because this can
have heavier tails than the normal distribution. This is what is expected from the
distribution of B because (A’S™'A)"1A’S~! adds some variation to the normal
variation induced by XC'(CC’)~!. The choice of an approximation depends on
the situation and the interested reader is suggested to perform explicit calculations
for various choices of A and C matrices in the model.

4.3.3 Approzimation of the distribution offl in the Growth Curve model
The dispersion matrix 3 was given in (4.3.2), although from now on no full rank
conditions are assumed. Moreover, we are not going to work with ¥ directly.
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Instead, s will be centered around its mean and standardized to some extent.
Thus, instead of X, the density approximation of
R =nI'S /%2 - E[Z))z /1 (4.3.24)

~

will be considered, where E[X] is given in Theorem 4.2.3 (i), and T' and the
symmetric square root X~ /2 are the matrices used in the factorization of A in
(4.3.16). We do not have to worry about the fact that A may not be of full rank
because the expressions including A are unique projections. The matrix R can be
decomposed in various ways. The reason for decomposing R is the same as in the
case when B was discussed. We have some information about the moments of one
part of the decomposition. The idea is to use this and to perform an adjustment
which is based on the knowledge about the moments. Instead of (4.3.24), we will
now consider the equivalent representation

R=V - (n—7(C)I+ (Vy' Vo :I)Q(Vy Vo : I) - ¥,
where V and its partition are given in (4.2.16),
Q =TI /2Xc/(cC’)-CcX's~ Y21
and
¥ = B[(V5 Var : I'Q(V5 Vay : D)
Observe that V and Q are independently distributed and that
E[V]=(n—-1r(C))L

Since according to Corollary 2.4.12.1 V12V2_21/ ? is normally distributed and inde-
pendent of Vg, it follows from Theorem 2.2.9 (i) and Theorem 2.4.14 (iii) that

E[V12V3, V33 Voi] = (C)E[tr(V3,)] = al,
where
r(C)(p—r(A))
n—r(C)—p+r(A)—1
Furthermore, since E[V15V5,; Q] = 0,

al 0
v= (A ) .
( 0 7(C)L,—ya

The matrix R is a function of a Wishart matrix and it is Wishart distributed in the
special case A = I. Therefore the density of R will be approximated by a Wishart
density. We are going to apply Theorem 3.2.3. The reason for using a centered
Wishart distribution and not the ordinary Wishart distribution was motivated in
§2.4.8. There are at least two natural and fairly simple ways of approximating

fr(e). Both will be obtained as applications of Theorem 3.2.3.

Since 3 — 1s £, 0, we will first use the density of S ~ W,(%,n—r(C)). This

means that we are ignoring the mean structure ABC, as S reflects only the dis-
tribution of the difference between the observations and the "mean” XC'(CC’)~.
Remember that we are considering symmetric matrices in the following and there-
fore we use the upper triangle of these matrices, which means that %p(p +1)
elements are used. The next theorem is immediately established by using the first
terms of the expansion in Theorem 3.2.3.

a =
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Theorem 4.3.5. Let gw(e) denote the density function of V2(W), where
W =Tx"Y%S - E[S])= V21,

with S ~ W,(2,n — r(C)) and T is the same as in (4.3.24). Let R be given by
(4.3.24). The density of V2(R) is approximated by

r(Ro) = gw(Ro)
X {1 + %V€C’{D[V2(R)} —(n—7r(C))G,(I+ Kpm)G;)}VeCLE(Ro, I)} +...,

where

1
n?DV?*R)] = diI+K,,)(Me M) + ~(I+K,,)(NeN)
+do(I+K,,)(IN®M+ M® N) + dgvecMvec'M,

and dy, dy and dg are as in Theorem 4.2.3,

~(La) O )
M_< 0 0)’ N_<0 Ip—r(A>)’

G, is defined by (1.3.49) and (1.3.50),
L5(W,I) = —;GpHp{t(W +(n—rCHD) '@ (W + (n—r(C)I)~!
— Ivec(t(W + (n — r(C))I) ! = I)vec'(t(W + (n — r(C))I) " — I)}HPG;,

H,=I+K,, - (K,,)¢,andt =n—7r(C)—p— 1. ]

Observe that in the theorem we have not given any error bound or indicated any
order of the error. By copying the approach when considering the error in Theorem
4.3.4 this could be achieved, but we leave it to the interested reader. Unfortunately
again it requires tedious calculations which are not of principal interest. The result
shows that the first term in the remainder is O(n~1) and that the following terms
are of diminishing order.

A minor modification of the approach above is to approximate fgr(e) with the
help of a Wishart distribution having the same mean as nI'S-1/283-1/217, From
Theorem 4.2.3 (i) it follows that W,(®,n), where

o= ((1 ~ a0 ) , (4.3.25)
0 L r(a)

r(C)(n—r(C) —2(p —r(A)) —1)
nn—r(C)—p+r(A)—-1)

C =

can be used. If n becomes large, ¢ — 0, and in this case the next theorem will be
identical to the previous Theorem 4.3.5.
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Theorem 4.3.6. Let gw(e) denote the density function of VZ(W), where W ~
W,(©,n), and © be given in (4.3.25). Let R be given by (4.3.24). The density of
V2(R) can be approximated as

fr(Ro)
= gw(Ro){1+ jvec' (DIVA(R)] ~ nGy(T + K, )G bvecLi (Ro, ©) ) + ..
where D[V%(R)] is given in Theorem 4.3.5, G,, is defined by (1.3.49) and (1.3.50),
L;(W,0)

= _éGPHP{(n —p—1)(W+n@)' @ (W+nO)"

— Ivec((n—p—1)(W+n0)"' =0 )ve'(n —p— 1)(W +n®) "' — @1)}

and Hp =1 + K;I%;D — (Kpﬁp)d. 1

The third idea for approximation is based on the decomposition of R, given in
(4.3.24):
R=Z+1U,

where
Z =T Y2{A(A'ST'A)"A' — E[A(A'STIA)" A/} =121 (4.3.26)

and
U= r21/2{(1 —A(A'STITA)TA'STHXX/(I-STA(A'STIA)"A))

_ E[(I — A(A’S*lA)*A/S—l)XXI(I _ SlA(AlslA)A/)]}El/QF/
(4.3.27)

This time we will present an approximation of the distribution function instead
of approximating the density function. We start by showing that Z and U are
independently distributed. The details are given in the next lemma.

Lemma 4.3.1. Let S = X(I — C/(CC’')"C)X’ and X be as in (4.1.1). Then
A(A'STTA)"A’ and (I - A(A’S7'A)~A’S™1)X are independently distributed.

PROOF: As previously, A is factorized according to
A’ =H(Ia): 0)IZY2
where H is non-singular and T' is an orthogonal matrix. Furthermore, let

Y =TE"Y*X - ABC) ~ N, ,(0,1,,,1,,)
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and
V =T 2827121 ~ W,(I,n — r(C)).

Then
A(A'STIA) A = 20 (VY Tir B2, (4.3.28)

where T' = (T} : T%)’, and (V!1)~1 is the left upper block of size r(A) x 7(A)
of V71 ie. we use the partition of V and V~! given by (4.2.16) and (4.2.17),
respectively. Furthermore, let Y' = (Y] : Y%), n x r(A) : n X (p —r(A)). Thus,
(I-A(A’S71A)A'S~H)X
= 2201 — (1: 0)'(VH) "LV vI2)re-1/2X

-1
_ sl/2p (g V12IVQz ) Y = V(T V1oV, +T5) Y, (4.3.29)

According to Theorem 2.4.12 (ii), V! is independent of V12V2_21, and from The-
orem 2.2.4 (iv) it follows that V! is also independent of Y. Hence, (4.3.28) and

(4.3.29) establish the lemma. 1
By rewriting U and Z given by (4.3.27) and (4.3.26), respectively, we obtain
_((VIHTE o (E(VIH)T] 0
Z= ( o o 0 o) (4.3.30)
U- ViV, Yo YiVo Vo VoV Yo Y5\ (0La) 0
YoY5V5, Vo Y.Y) 0 nl,_,a
(4.3.31)

where

(p—r(A)(n—p+r(A)—1)
n—r(C)—p+r(A) -1
When proceeding we will make use of Lemma 4.3.2 given below, which presents

an extension of the expansion

b=

(4.3.32)

Fy(X) = Gz(X) — GL(X)vecE[U] + %E[Vec’UG%(X)Vch] +..., (4.3.33)

where Y = Z + U, Z and U are independent, Fy(e) and Gz(e) denote the
distribution functions of Y and Z, respectively, and G%(e) stands for the k—th
derivative of Gz(e). The proof of (4.3.33) follows by using the equality Fy (X) =
Ey[Gz(X — U)] and then performing a Taylor expansion. The statements of
Lemma 4.3.2 can be proven according to these lines.

Lemma 4.3.2. Let Y, Z1; and U be symmetric matrices such that

(71 O Uir Upe
Y‘( 0 0)+(U21 Uy, )
where Z1; and U = [Uij] are independent. Partition the argument matrix X in
the same way as U. Let Fy(X), Gz,,(X11) denote the distribution functions of Y
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and Z11, respectively, and let hyy(V2(X)) be the density of V?(U). Furthermore,
the inequality ” <7 in Uy < X15 means elementwice inequality, whereas 7 <7
in V?(Usgy) < V?2(Xy2) means that Xa3 — Uy should be p.d. Then

Fy(X) = / Gz, (X11 — Up )hu(VA(X))d V(U)

V2(Up1)
U12<Xi2
V?(Usz2)<V3(X322)

=~ / {GZH(XII) — GIZH(XH)VQCUH

VZ(Uy,)
U12SX12
V2(U22)<V?(X22)

1
+ ivec’UuG%u (Xu)vchu}hU(W(X))d V3(U).

1
Note that the lemma deals with the case

Y = AZB + U,

where A and B are known matrices of proper sizes and ranks.

Thus, when approximating R = Z + U, Lemma 4.3.1 states that Z in (4.3.26)
and U in (4.3.27) are independently distributed. Furthermore, from (4.3.30) and
Theorem 2.4.12 (i) it follows that Zi; is centered Wishart distributed, where Z1; +
E[Z11] is Wy a)(I,n —7(C) —p + r(A)) and the other elements in Z equal 0.
Therefore, Lemma 4.3.2 implies that the distribution function Fr(e) of R can be
approximated by

FR(X) ~ / {qu(Xn) — Glzu (XH)VGCUH

VZ(Uiy)
U2<Xi2
V?(Ug2)<V?(Xa2)

1
+ §V€C/U11G%u (Xll)VeCUll }hU(V2 (X))d V2 (IJ)7 (4334)

where Gz,, is the distribution function of Z;;, and G’%u, k = 1,2, denotes its
k—th derivative (for the interpretation of ” >” see Lemma 4.3.2)). The next step

is to approximate the density hy(V?(X)) with the help of U following a centered
Wishart distribution, i.e. B
U+n® ~ W,(P,n).

Because of (4.3.31), we choose

oo (}lbIT(A) 0 )
0 L)
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where b is given in (4.3.32). Let k(o) denote the density of U. Moreover, let M
and N be as in Theorem 4.3.5. Theorem 3.2.1 yields

hy2u)(Ug) = kg (Ug){1 + %vec’(D[Vz(U)] — D[Vz(fj)])vech(Uo, v)l+...

)

where
D[V2(U)]) = nG,(I1+K,,) (¥ @ ¥)G,, (4.3.35)

G, is defined by (1.3.49) and (1.3.50). With the help of Theorem 4.2.3, and from
the independence of U and Z,

D[V2(U)] = n?G,{D[T’E"/?E£x~/?1] - D[Z]}G/,

- Gp{m%h a4 r(C) +p— r(A)(I 4 K, ) (M & M) 1 (I + K,,)(N@N)
+n?dy(I+K,, ) (NoM+MeN) + nngvechec’M}G;, (4.3.36)

where dy, ds and ds are defined in Theorem 4.2.3, and by Lemma 2.4.2 and The-
orem 2.4.16 we have (t=n—p—1)

1
vecL3 (U, @) = — (G, H, © G, H,)
t2
X {{t(Ip oK,,®1,) - 5I}vec(U +n®) ! @ vec(U +nW¥)~!

1
+ ivec(t(U +n®) — T @ vecT !

1 1
+ iveclIl_1 ® vec(t(U +n®)~' — &1 4 ivec\Il_1 ® VQC‘I’_I}. (4.3.37)

Note that it is much easier to integrate over k(o) instead of hy(e) when perform-
ing a correction in (4.3.34). The result is summarized in the next theorem.

Theorem 4.3.7. Let Gz,, be the distribution function of (V11)~1 — (n —7(C) —
p+r(A))L, where (V') ™t ~ W,_,a)(L,n —r(C) — p+r(A)). The distribution
function Fr(X) of R, given by (4.3.24), can be approximated as

FR(X) ~ / {GZH(XH) — GlZu (Xu)vecﬁu
Yz(ﬁll)
Ui2<Xi2

V?(Ug2)<V?(Xa2—nl,_(a))

1 ~ ~
+ §VeC/U11 G%u (Xn)vchu }

X {1 + %Vec’(D[V2(U)] — D[V*(U)])vecL3 (U, q’)}kﬁ(v2<ﬁ))d V3(U),
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where D[V2(U)], D[V2(U)] and L3(U, ®) are given by (4.3.35) — (4.3.37). 1

Observe that by conditioning we can simplify the computations in Theorem 4.3.7.
We may consider three independent variables and the corresponding densities,
from which one is the density of

612 = WT(A) (blv n—p-+ T(A))v

where b is given in (4.3.32). Since (U 4 n®) is a linear function in (Uy.5)"!, we

may integrate out Uj.o from the approximation of Fgr(X) given in Theorem 4.3.7.
For details see Kollo & von Rosen (2000).

4.3.4 Approximating the distribution of the mean parameter estimators in the
MLNM(ABC + B,Cs)

In Theorem 4.1.9, the maximum likelihood estimators of B and By were given

and we shall write them out once again. Under full rank conditions the estimators

equal

B =(A’S;'A)'A'S;T'YH/(HH) !, (4.3.38)
B, =(X — ABC)C,(C,C),) ™, (4.3.39)
where

Y =X(I — C4(CoC))1Cy),
H =C(I — C,(C,C,)™1Cy),
S, =Y(I-H'(HH) 'H)Y'

Since B in (4.3.38) has the same structure as B in (4.3.1), Theorem 4.3.1 can
be used immediately when presenting the approximation of the density of B in
(4.3.38). Let

By =(A'S7'A)TTA'STYYH/ (HH) (4.3.40)
Up =(A’ST'A)TA'STHI — (A’S7TA)TA'S ) YH/ (HH') ! (4.3.41)

and

D[Us| = DIB| - D[Bx] = - — :%g)q_er o (HE)

Theorem 4.3.8. Let B, and By be given by (4.3.38) and (4.3.40), respectively.
Then, an Edgeworth-type density expansion holds:

J5Bo) = fBx(Bo) + - .-,

where

fB5(Bo) = {1+ §s1 (tr{A’S7'A(By — B)HH'(B, — B)'} — kq) } fB, (Bo),
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_ pP—q
n—r(C:C))—p+qg-—1

S1

It is also possible to find an upper error bound of the approximation similar to
Theorem 4.3.1, but we shall not present it for technical reasons. Now the density
of By in (4.3.39) is approximated. Let

Bys = XC)(CoC,)~! — ABNyCChH(CoChH) ™1, (4.3.42)
where By is the same as in (4.3.40). Furthermore,
B, = By, + AURCC)(C,Ch) ™
with the important property that Bys and Ug are independent. This is a conse-
quence of the fact that XC} and Y are independently distributed, as well as that
Usg is independent of By. Before stating the next theorem it is noted that Byo

is normally distributed with mean E[By3] = B2 and

D[By2] =D[XC3(C2C5) '] + DIAByCCy(C2C3) ']
=(CyC,) ' ® 3 + (CyCH) " 1CLCCH(CLCH) ' @ A(A'S1TA) 1A,

Theorem 4.3.9. Let B,, and By be given by (4.3.39) and (4.3.42), respectively.
Then an Edgeworth-type density expansion holds:

f3,Bo) = fBx(Bo) + ...,

where

B2 (Bo) = fBy.(Bo) + 3 B(vec'U)*?Jvec g, , (Bo),

E IU®2: p—q M
[(vec'U)®?] nfr(C’:C’l)fp+qflveC ;

vec g . (Bo) = {M ™ 'vec(By — Bg)vec' (Bg — Bg)M ™' — M ™'} fg,, (By)

and

M =(CyCH) ' @ T + (C2C%) 1CyCCH(C2CH) '@ A(A'STA) A

4.3.5 Approximating the distribution of the mean parameter estimators in the
MLNM(3?_, A;B;C;)

We are going to find density approximations of the parameter estimators ]§1, ]§2

and B3 given in (4.3.5) — (4.3.7). The technique of finding relevant approximations
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will be the same as in §4.3.2. Let us first consider By given in (4.3.5). By using
the results and the notation of Lemma 4.1.3, it follows that B3 is identical to

B; = (ALG2(GLW3G) ' GLAS) TTALGL(GLW3Gy) ' GLXCY(C3Ch) L.
(4.3.43)

Thus, from (4.3.43) it follows that B; has the same structure as B in (4.3.1).
Therefore, .
B; — B3 =Bsy — B3 + Us,

where

Bin — B3 = (A4Go(GLEGo) 1GLA3) T ALGL(GLEG,) G
x (X — A3B3C3)C5(C3Ch) ! (4.3.44)

and

U; = (A5G2(GHW3Go) ' GLA3) TP ALGo(GLW3G,) !
x {T — GLA3(A5GL(GLEGL) T GHA3) TALG,(GLEG,) 1 1GLXCL(C3Ch) .
(4.3.45)

Because of Theorem 2.2.4, the matrix XC4(C3C%)~! is independent of W3 and
ALG2(GLEG,) 1GLX is independent of

{I- G3A3(A;G2(GyEG2) 1GyA3) 1 ALGH(GLEGy) T GHX.
Thus, Theorem 4.3.1 establishes

Theorem 4.3.10. Let B3, Bsy and Us be defined by (4.3.5), (4.3.44) and
(4.3.45), respectively. Then

f3,Bo) = B3 (Bo) + ...,
where
[Bss(Bo) =B,y (Bo) + 3 E[(vec'Us)®*|vec g,  (Bo)

:{1 + %S(tI‘{AéGQ(GIQEGQ)_lG/QAg(BO — Bg)CgCé(BO — B3)/}

- k3m2) }fBgN (Bo),
where k3 is as in (4.1.43),
5= p—m3
n—kys—p+mg—1
and my is defined in (4.1.63). 1

Now we turn to By given in (4.3.6). As before, we are going to split the estimator
and consider R
B; —B; =Boy — By + Uy,
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where

Boy — By =(ALG1(G/2G)'GLA) TTALG (GG !
x G1 (X — AyByCy)ChH(CoChH) !
— (ALG1(GZG1)I'GAL)TTALGL (G EG) TGl A;
x (A5G2(GLEG,) 'GLA3) T ALG(GLEG,) ™!
x GHXC4(C3C5) " C3CH(CoCh)t (4.3.46)

and

U, = (ALG1(GIW3G1) Gl AL) T ALG (G WLGy) !

X G1BG2(GHEG2) ' GHXCy(CoCy) !

— (ALG1(G/ZG) G AL)TALG(G/EG) !
x G1A3(ALG2(GHW3Go)  'GHA3) " ALGo(GLW3Go) ™t
x GEG3(G3EG3)  G5XC5(C3C5)” C3C5(CoCy)

— (ALG1(G)W3G1)'G AL TTALGL (G WL G ) TG EGL(GLEG,) TG
x A3(A5Go(GHW3Go) 1GLHA3) " ALGy(GLW3Gy) ™!
x GHXC4(C3Ch) ™ C3Ch(CoCH) L (4.3.47)

In the calculations it has been used that

{I-G1A2(ALG1(GI2G1) ' GlA,) T ALGH(GIZG) G
= G|XG,(GLEG,) G,
{I- GLA3(A5G2(GLEG2) ™ GHA3) T ALG(GLEG) G
= G,LXG3(G4EG3) Gy
We are going to show that Boy — By and Us are uncorrelated. Unfortunately
independence does not hold. First observe that XC%(C3C5)~ Cj is independent

of W3 and W3, and XC,(C,C)) ™! is independent of W5. Furthermore, Theorem
2.2.4 (i) states that A,G1(G{3XG1)"'G/X is independent of

{I- G A2(ALG(G]2G) 'GIAL) ALG (G 2G) 11GI X
as well as G5 X, while the last condition also implies that A,G1(G]XG1) G| X
is independent of G, W3G3. Now, according to Problem 1 in §2.4.9, the covariance

C|(ALG1(GIW32G1) 1GlAL) T ALG (G WL Gy) ™t

x G1EG2(G5EG2) ™ G(X — E[X])C), Gy(X — E[X])Cj

= CQC% (2] E[(A/QGl(G&WQGl)_lG&AQ)_lAéGl (G&W2G1)_l}
x G1 TG (GLEG,) 1GLEG,

= C,C, ® (ALG(G/ZG)'GlA) TALG(G2G) G =G,

= ()7
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since A5G (G XG1) G| XGy = 0. Furthermore, the linear functions G4X and
ALG2(GLEG,) 1GLX are independent, since G4EXG2(GHEG2) 'GHA3 = 0.
Finally we observe that
(A5G1(GIW2G1) 'GlAL) TTALG (G WL Gy) !
X G1EG2(GHEG) 'GH(X — E[X])

and
Gl A3(ALG:(GHEG:)  'GHA3)~ALGL(GLEG,) "Gy (X — E[X])

are uncorrelated.
We also need D[Bay]. By Theorem 2.2.4 (i), A5G1(G/XG1)" G/ X and G4LX
are independent and we have

D[Bay]
= (C2Ch) ' ® (ALG1(GI2G) 'GlAy) !
+ (C2Ch) ' C2C4(C5CY) " C5ChH(C2Ch) ! ® (ALG1(GIEGq) Gl A,) ™!
x ALG1(G)ZG) Gl A3(ALGo(GLEGY) T 1GLA) " ALG (G EG) !
x G A (ALGL(GIEG,) G AL (4.3.48)

It is somewhat unfortunate that Boy is not matrix normally distributed, which
means that the inverse of D[Bgy] is difficult to express in a convenient way.

Theorem 4.3.11. Let By, Byy and U, be defined by (4.3.6), (4.3.46) and
(4.3.47), respectively. Then
f3,(Bo) = fB,5(Bo) + ...,

where

fBax (Bo) =fBay (Bo) + 5 E|(vec'Uz)**|vec fg,  (Bo),
and R
E[(vec'U3)®?] = vec(D[Bz] — D[Ban]),
D[ﬁg] and D[Bay| are given in Theorem 4.2.11 (ii) and (4.3.48), respectively. |

Now we turn toA]A31, whigh is more difficult to treat than ]§2 and ]§3, because ]§1
is a function of By and Bs. First let us introduce some notation:

Pa =A(A’A)"A/,
P, =(A’A)"A if (A'A) 7! exists,
Paw =AAWA)"A'W™ !,
Paw :(AIW_IA)_IA/W_l, if (AIVV_IA)_1 exists,
Papw =B'A(A’'B(B'WB) 'B’A)"A'B(B'WB)
P, pw =A(A'B(B'WB)"'B’A)"A'B(B'WB) ',
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where it is supposed that (B'WB)~! exists in Pa B'w and Py gy It follows

that By, given in (4.3.7), can be written in the following form:

Bi =(Ps, w,X — P4, w,A2B2Cs — Py, A3B;C3)C)(C,C)) ™!
:BAl,Wlxcll(CIC/l)il - BAl,ngAz,Gl,WgGQXPC’QC&(Clcll)il
B EAl,Wl <I - EA27G11W2 Gll )BAs,GQ,W:s G/2XPC/3 Cll(clc/l)_l

As before, we are going to split the estimator and consider the difference
B,-B, =B,y -B, +U,, (4.3.49)

where By is a matrix obtained from ﬁl, when W;, i = 1,2, 3, is replaced by X.
Thus,
By — B; =P, (X - E[X])C|(C,C)) ™"
—Pp, sPa,q, xGI(X— E[X])PC;CQ(Clci)fl
—Py (- EAQ,Gl,EG/l)EAg,GQ,ZGé(X - E[X])chcﬁ(clcﬁ)_l~
(4.3.50)

Observe that by Theorem 2.2.4 (i), the three terms on the right hand side of
(4.3.50) are mutually independent. Thus,

DBiy] = (C:C) '@ (AT 1A !
+(C1C))'C1P,CI(C1C)) ' @ Py, 5
x Ay (ALG1(GIZG)T'GIAL) TALP)Y 5
+ (Clcﬁ)flclpcgcﬁ(clci)fl @Pp, 5(I-Pyp, g, xG))
X A3(A3G2(GLEGs) 'GHA3) T AL(I— GiP)y, g, »PA, s
(4.3.51)

After some calculations the term U; in (4.3.49) equals

U =P, w,(I-P4, x)XC/(C,C))
—Pp w,(I- PAl,E)EAQ,Gl,WQGQXPC;CQ(010/1)_1
—Pa, sPa, g, w,(I—Pa,c, )G XPc,C|(C,C)) "
—PaA,w,I-Pa, s)T-Pu, g, w, G/l)EAs,Gg,Wg G/QXPCg ci(c,cy)!
+Pa, sPa, g, w,(I—-Pa,c, 2)G Py, g, w,G2XPc,Ci(Cy cy)!

~Pp, s(I-Pn, g, 5G)Pa, g, w, (I~ Payc.x)GrXPc, C (C:C))
(4.3.52)

It is of advantage that ]§1 and By have the same mean and now this is verified.
The calculations depend heavily on the definition of the matrix G;, ¢ = 1,2, 3,
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given in Lemma 4.1.3:

E[Bin] = Pa, 5E[X|C|(C1C)) ™" = P4, sPa, ¢, sGIE[X|Pc,C/|(C,C)) !
—Pu s(I- EAQ,GI,EGll)EAg,Gz,EGIQE[X]PC.’J Ci(C,Ch)™!
=B + Py, 5(A2B2Cs + A3B;5C;3)C)(CC)) !
— P4, sPa, q, 2G1(A2B2Cs + A3B3C3)Pc, C (C,Ch)
—Py, x(I- EAQ,Gl,EGll)EA37G2,2G§A3B303CI1(Clcll)il
= B;.
This implies also that E[U;] = 0. Next the covariance between By and Uj is
investigated.
Since £G1(G|XG;1) G X and A|E7'X are independent, and I — Pa, 5 =

¥G1 (G XG1)” G, the expression P, XC}(C;C’)"! is independent of all ex-
pressions in U;. Moreover, XP¢; is independent of Wy and Wy,

ClPa, w,(I—Pa, »)XC,XPC)| = C[P,, 5(I-Ps, x)XC|,XPC)| =0
and

C[Pa, w,(I—Pa, 5)P4, ¢, w,GXPc,C(C:C)) Y,
Py, sPa, ¢, G XPc,C|(C,C)) ]

= (C,C}) " 'CP¢,Ci(CCY) !

R EPA, w,I—-Pa, 5)Ps, g, w,G1EZGIP}, ¢, sP}4, 5]
= (C1C))"'C P, Ci(CiC)) !

® E[Pa, w,(I—Pa, 5)A2(A5G1(GI2G1) G A2)ALP) | 5]
= (C1C})'C P, Ci(CiC)) !

O Pa, x(I-Pa, )A2(A5G1(G1EG1) 'G1A2)ALP,, 5 = 0.

We also have that
(I-Pa,c, )G =G EGy(GLEG,) G

and since P, g, »G}X is independent of G4X, the second term of By is also
uncorrelated with all the terms in Uj.

Turning to the third term in (4.3.50), note that XPc; is independent of Wy,
W, and W3. Therefore, since E[Pa, w,] = Pa, 5 (see Problem 1 in §2.4.9),
Pu, w, (I —Pa, 5)XC;(C,C))™" is uncorrelated with XP¢;. Now XPgy and
XPcy are independent of Wy and Wy, and

E[EAl,Wl (I - PA1,2)EA2,G1,W2 G’1] = EAl,E(I - PAl,E)EAQ,Gl,EG/l =0.

Thus, the third term in (4.3.50) is uncorrelated with the first two terms of Uj.
The same arguments yield that it is uncorrelated with the third term of U;. Now



MULTIVARIATE LINEAR MODELS 471

we have to consider the last three terms of U;. First it is used that XPcy is
independent of W1, W5 and W3. Moreover,

GyP 4, g, w, G2 EGoP) o, 5 = GLA3(A3Go(GLEG,)  'GHA3) AL
Since

(I - EALE)(I - EA27G1,W2 G/l)BAg,Gz,Wg GIQ
= ZGl(G/12G1)71G/1W2G2(G/QWQGQ)flG/QEAS’GZ’WSG/Q,
(I-Pa,.c .2)G1Pa, ¢, w,G5

= G12G3(GLEG2) 'GHPy, ¢, w, Gh:

we have to consider the expectations E[Ps, w, (I — Pa, 2)(I—Pa, g, w,G1)]
and E[PA, sPa, g, w,(I—Pa, c, ). However,

EPA, w,I-Pa, s)I-Py, g, w,G1)]
= EAl,E(I - PA172)(I - EAz,Gl,zGa) =0

and

E[EAl,EEAg,Gl,WQ (I - PA27G112)] = EAl,EEAQ,Gl,E(I - PAQgGl’E) = 0

Therefore, the third term in (4.3.50) is uncorrelated with the fourth and fifth term
of U;. Finally it is observed that since XPcy is independent of W3 and

E[BA17E(I - EAQ,Gl,ZGll)EAg,GQ,Wg (I - PA3~,G232)G,2]
=Pp, s(I-Py, q, =G1)Pa, g, s(I-Pa,c,s)Gs =0,

the third term is uncorrelated with the last term of U;. Hence, B;y and Uj in
(4.3.52) are uncorrelated and the next theorem has been established.

Theorem 4.3.12. Let f’)l, Bin and U; be defined by (4.3.7), (4.3.50) and
(4.3.52), respectively. Then

fﬁl(BO) = fBlE(BO) +...,
where
fB.2(Bo) =fB,y (Bo) + 3 E[(vec'Uy)#?]vec g, | (Bo),

and
E|[(vec'U;)®?] = vec(D[B;] — D[B1n]),

while D[ﬁl} and D[By] are given in Theorem 4.2.11 (iii) and (4.3.51), respec-
tively. 1
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4.3.6 Problems
1. Present the expression of the density fBy(Bo) in (4.3.12) in the case when
k = 1. To which class of elliptical distributions does it belong?
2. Find the dispersion matrix and the kurtosis characteristic of the elliptical
distribution in Theorem 4.3.2.
3. Show that for B, given by (4.3.1),

4 [B]

=(14+2¢)(CC) '@ (A'SA) e ved ((CC) e (A'ZA)™)
+(142¢)(CC) '@ (A'ZA) ! ®@ved ((CC) ' @ (A'SA) ) (Kypgr @ 1)
+ (1 +2¢1)(CC) P @ved ((CC) ' @ (A'SA) ™) @ (A'SA) H (Kyp,gr @ 1)
+c2(CC) ' ® (A'SA) ' ®@ved ((CC) ' @ (A/ZA)™)
+¢c3(CC) ' @ved ((CC)' @ (A'ZA) ™) @ (A'SA) I @ Kk gr)
+c3(CCH) P @ved ((CCH @ (A'SA) H e (A'SA)

where the coefficients ¢y, ¢y and c3 are given in Theorem 4.2.2.

4. Derive the order of the error in the approximation given in Theorem 4.3.5.

5. Verify (4.3.33).

6. Prove Lemma 4.3.2.

7. Are the first remainder terms in the expansions in Theorems 4.3.5 and 4.3.6
different?

8. Find an upper error bound to the approximation in Theorem 4.3.8.

9. Find an approximation to the density of the maximum likelihood estimator

B for the MLNM(ABC) with restrictions GBH = 0.
10. Find an approximation to the density of the maximum likelihood estimator
3 for the model in Problem 9.
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