T OPICS ON STATISTICAL METHODS FOR
DATA WITH HIGH DIMENSION GREATER
THAN THE SAMPLE SIZE

by

Addy Margarita Bolivar Cimé

THESIS
presented to
The Center for Mathematical Research
in partial fulfillment of the requirements
for the degree of

DOCTOR OF PHILOSOPHY
in Probability and Statistics

Guanajuato, Mexico






AGRADECIMIENTOS

Agradezco al CONACYT por el sustento econémico brindado para la realizacién de mis estudios de
doctorado y estancias académicas. También agradezco al CIMAT por contribuir en mi formacién
académica y por el apoyo otorgado para asistir a congresos nacionales e internacionales, estancias
de investigacion, etc.

Gracias al Dr. Victor Pérez-Abreu por haberme dirigido esta tesis, le agradezco su paciencia,
sus ensenanzas y consejos valiosos, asi como también el apoyo y comprension que me brindé durante
todo el doctorado. También agradezco al Dr. Steve Marron por haberme recibido en la Universidad
de Carolina del Norte durante una estancia académica, en la cual se obtuvieron algunos resultados
de esta tesis, le agradezco su paciencia y sus ensefianzas. Quisiera agradecer a mis sinodales Miguel
Nakamura, Rogelio Ramos, Javier Rojo y Jests Armando Dominguez por la minuciosa lectura de
esta tesis y por sus valiosos comentarios para mejorar la version final de la misma.

Quiero agradecer a todos los profesores que contribuyeron en mi formacién académica durante
todo el tiempo que estuve en el CIMAT, en especial a Victor Rivero, Joaquin Ortega, Eloisa Diaz-
Francés, Enrique Villa, Rogelio Ramos, Miguel Nakamura y José Alfredo Lépez Mimbela, de los
cuales guardo muchos recuerdos significativos para mi y les agradezco sus ensenanzas. Gracias a la
profesora de ingles del CIMAT Stephanie Dunbar por su ayuda y sus consejos.

Muchas gracias a mis padres Addy y Miguel por el apoyo que me brindaron con mucho carino
para que tuviera una profesién y posteriormente para que alcanzara mis metas profesionales, gracias
por estar siempre pendientes de mi. Agradezco a mis hermanos Betty, Rocio y Miguel por todo su
apoyo en cada paso que daba, asi como también por el carino y la amistad que siempre me han
brindado. Muchas gracias a mis abuelos, tios y primos porque siempre me hicieron sentir su apoyo
incondicional. Gracias a mi esposo Carlos Pompeyo por su ayuda y comprension en todo momento,
le agradezco también sus palabras de aliento en los momentos mas dificiles.

Gracias a mis amigos y companeros que siempre estuvieron apoyandome y alentandome para
seguir adelante: Juan Diego Canul, Henry Panti, Verdénica Gonzdlez, Oyuki Hermosillo, Sergio
Yarza, Pedro Monjardin, Antonio Murillo y José Montoya. Gracias a mis companeras de la Uni-
versidad de Carolina del Norte, Diana Hall y Shemra Rizzo, por tenderme la mano y preocuparse
por mi durante mi estancia. Gracias al grupo International Women’s English Class de Chapel Hill
por su compainerismo, por la agradable convivencia que tuvimos juntas y por todas sus ensenanzas.

Por ultimo agradezco a Dios por haberme permitido vivir esta experiencia y por acompanarme
en todo momento.

Addy M. Bolivar Cimé






CONTENTS

Agradecimientos i
Introduction \%
1 On the spectrum of the Wishart distribution 1
1.1 Definition and basic properties . . . . . . . . ... ... 1

1.2 Distribution of the spectrum: classical context . . . . . . .. ... ... ... 3
1.2.1  Joint density function of the eigenvalues . . . . . . . . ... ... .. 3

1.2.2  Joint characteristic function of the eigenvalues . . . . . . . .. .. .. 4

1.2.3 Distribution of the eigenvectors . . . . . .. .. ... ... ... ... 7

1.2.4 Asymptotic distribution of the spectrum when p is fixed . . . .. .. 7

1.3 Asymptotic results for the spectrum: Random Matrix Theory context . . . . 8
1.3.1 Marchenko-Pastur distribution . . . . . . . ... ... ... ... ... 8

1.3.2 Tracy-Widom distribution . . . . . ... .. .. ... ... ... ... 10

1.4  Exact distribution of the largest eigenvalue . . . . . . . . ... .. ... ... 11
1.4.1 Mixtures of distributions . . . . . . . . .. ... 11

1.4.2 Thecasep=2 . . . . . . . . . 13

1.4.3 Thecasep>3 . . . . . . . 14

2 Principal component analysis for the spiked covariance model in HDLSS 19
2.1 Spiked covariance model . . . . . ... Lo 20
2.1.1 Different asymptotic contexts . . . . . . .. ... 20

2.1.2  Asymptotic behavior of the sample eigenvalues and eigenvectors . . . 21

2.2 PCA under same asymptotic order of magnitude . . . . . . . . .. ... ... 23
2.2.1 Asymptotic behavior of the sample eigenvalues . . . . . . . . . . . .. 23

2.2.2  Subspace consistency of the sample eigenvectors . . . . . . . . .. .. 29

2.3 The Gaussian case and some statistical eigen-inference . . . . . ... .. .. 31
2.3.1 Hypothesis testing for the p largest population eigenvalues . . . . . . 33

2.3.2  Confidence intervals for the p largest population eigenvalues . . . . . 33

2.4 PCA under different settings . . . . . . .. ..o 34
2.4.1 Asymptotic behavior of the sample eigenvalues . . . . . . . .. . . .. 35

2.4.2 Subspace consistency of the sample eigenvectors . . . . . . . .. . .. 37

111



iv CONTENTS

3 Binary discrimination analysis for high dimensional data 39
3.1 Binary discrimination methods . . . . . . .. ... .00 40
3.1.1 Support Vector Machine . . . . . . . . ... ... ... .. ...... 40

3.1.2 Distance Weighted Discrimination . . . . . . . . ... ... ... ... 42

3.1.3 Mean Difference Method . . . . . . .. ... ... 43

3.1.4 Maximal Data Piling . . . . . . ... ... o000 44

3.2 Asymptotic results for the orthogonal vectors . . . . . . ... ... ... .. 45
3.3 Comparison of the MD and SVM methods . . . . . . ... ... ... .. .. 50

Bibliography 59



INTRODUCTION

There is an increasing current interest in the statistical analysis of data arising in problems
of genomics, medical image analysis, climatology, finance and functional data analysis, where
one frequently observes multivariate data with high dimension greater than the sample size.
It is then important to consider for this kind of data the behavior of classical multivariate
statistical methodologies, which have been mainly developed for data with dimension d lower
than the sample size n. This thesis is about the behavior of two classical methodologies of
multivariate statistics in the High-Dimension, Low Sample Size (HDLSS) context: Principal
Component Analysis (PCA) and Binary Discrimination Analysis.

In Chapter 1 we present some classical results and properties of the spectrum of the
Wishart distribution in the classical and Random Matrix Theory contexts. They are useful
to motivate, compare and develop some new asymptotic results for PCA in the HDLSS con-
text. We also obtain an expression for the characteristic function of the ordered eigenvalues
of a Wishart matrix in terms of the characteristic function of the gamma distribution. Fur-
thermore, we consider the structure of the exact distribution of the largest eigenvalue of a
Wishart matrix as a simultaneous mixture of scale and shape mixtures of gamma distribu-
tions.

In Chapter 2 we consider PCA in the HDLSS context. It is known that in the HDLSS
framework PCA often fails to estimate the population eigenvalues and eigenvectors, since the
sample covariance matrix is not a good approximation to the population covariance matrix.
As pointed out in Johnstone [23], one often observes one or a small number of large sample
eigenvalues well separated from the rest. In this case, the so-called spiked covariance model
is of special interest. It has recently been studied the asymptotic behavior of the largest
sample eigenvalues and their corresponding sample eigenvectors under the spiked covariance
model in the HDLSS context. This line of work was initiated by Ahn, et al. [2] in the case
of the largest eigenvalue when both the dimension of the data d and the sample size n go to
infinity successively with d increasing at a much faster rate that n, i.e. d > n. Under the
spiked covariance model where the p > 2 largest eigenvalues have different asymptotic order
of magnitude as d increases, Jung and Marron [25] study the asymptotic behavior of the
p largest sample eigenvalues and prove eigenvector consistency when d goes to infinity and
n is fixed. As a contribution of this thesis, we consider the study of the spiked covariance
model which has its p largest eigenvalues of the same asymptotic order of magnitude as d
goes to infinity. Specifically, we find the joint asymptotic distribution of the nonzero sample
eigenvalues when d tends to infinity and n is fixed. Then we show that the first p sample
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eigenvalues increase at the same speed as their population counterpart, in the sense that
the vector of ratios of the sample and population eigenvalues converges to a multivariate
distribution when d — oo and n is fixed, and to the vector of ones when both d,n — oo and
d > n; and the subspace consistency of the corresponding sample eigenvectors when d tends
to infinity and n is fixed. Moreover, we prove —under a Gaussian assumption— asymptotic
results that allow us to consider hypothesis testing and confidence intervals for the first p
largest population eigenvalues and, in particular, the test itself of a special case of our spiked
covariance model.

In Chapter 3 we consider Binary Discrimination Analysis for data with dimension greater
than the sample size. Here we focus on the behavior of the binary discrimination methods
Mean Difference (MD), Support Vector Machine (SVM), Distance Weighted Discrimination
(DWD) and Maximal Data Piling (MDP) when the dimension d of the training data set
tends to infinity and the sample sizes m and n are fixed. It is worth mentioning that the
last two methods are specially designed for the HDLSS context by Marron, et al. [28] and
Ahn and Marron [1], respectively. The comparison of the MD, SVM and DWD methods was
first studied in Hall, et al. [19], where the probability of correct classification of a new data
point is considered when d tends to infinity and the sample sizes are fixed. The comparison
of the four methods has been done by simulation studies in Marron, et al. [28], [29]. As
contributions of this thesis, we extend the results of [19] and give theoretical proofs of some
empirical results of [28] and [29]. Specifically, we show that when the data sets are spherical
Gaussian where one set has mean zero and the other has mean v;, then the orthogonal
vectors of the separating hyperplanes of the methods tend to be in the same direction as
vg when || vy [[>> d/? and tend to be orthogonal to vy when || vy [|< d'/2. The case when
| vg ||~ d'/? is also considered. We also compare the MD method with the SVM when d is
large but fixed. We see in a particular setting that generally the MD method is better than
the SVM when d is large, in the sense that the angle between the orthogonal vector of the
MD hyperplane and the optimal direction vy is closer to zero than the angle between the
orthogonal vector of the SVM hyperplane and v,.



CHAPTER 1

ON THE SPECTRUM OF THE WISHART
DISTRIBUTION

In this chapter we gather some known properties of the spectrum of Wishart matrices in
the classical and Random Matrix Theory (RMT) contexts. They are useful to motivate and
develop some new asymptotic results in Chapter 2 for Principal Component Analysis in the
HDLSS context. The classical case corresponds to the situation when data dimension p is
fixed and less than or equal to the sample size n which is fixed or goes to infinity. On the
other hand the RMT context considers p and n go to infinity simultaneously, in the sense
that p/n goes to a constant.

We also give new expressions for the joint characteristic function of the ordered eigen-
values of a Wishart matrix and study the structure of the exact distribution of the largest
eigenvalue. In particular we obtain an interpretation of this distribution as a simultaneous
mixture of scale and shape mixtures of gamma distributions. We believe that these results
may be useful to study some open problems in Random Matrices Theory, e.g. the charac-
teristic functions of linear combinations of the ordered eigenvalues of a Wishart matrix and
the infinite divisibility of the so-called Tracy-Widom distributions.

1.1 Definition and basic properties

The first matrix distribution was considered by John Wishart [42] in 1928, as a matrix
generalization of the chi-square distribution. It is defined as follows.

Definition 1.1.1 Let X, X, ..., X, be (real) random vectors from a p-multivariate normal
distribution with mean zero and positive definite covariance matriz 3, N,(0,%). Let X =
(X1, Xs,...,X,]. Then A = XX is said to have a Wishart distribution with n degrees of

freedom and covariance matriz . A common notation used is A ~ W(n,X).

1



2 Chapter 1 On the spectrum of the Wishart distribution

The density function of A ~ W(n,¥), when n > p, can be found in [4, pp. 245] and is
given by
1

B —
Ja(B) = ST, @y Em

1
exp [—itr(ElB)} det(B)"P=Y/2 B >0,

where I, is the p-multivariate gamma function given by

T, (a) —WPPW‘*HF (j—1)/2).

When n < p, A is singular and the Wishart distribution W(n, ) does not have density
function.

Let A ~W(n,X). It can be seen that F(A) = nX. On the other hand the characteristic
function of the random matrix A is given by

©(0) = Elexp(itr(A0))] = det(I, — 2i0%) /2,

for © a p x p symmetric matrix; see [4, pp. 253]. The following three facts are easily obtained
from this characteristic function

1. When p =1 and ¥ = 1, the Wishart distribution W(n, ) is the chi-square distribution
with n degrees of freedom, X2

2. If C is a ¢ X p matrix of rank ¢, then CACT ~ W(n,CECT).
3. If Ay ~ W(n;,%) for ¢ = 1,2,...,r are independent, then > | A; ~ W(n,X) where
n=>y._,n;.

The following two results give the distributions of functionals of the determinant and
trace of a Wishart matrix A; see [31, pp. 100] and [31, pp. 107], respectively. They are
useful in the study of some inference problems.

Theorem 1.1.1 If A~W(n,X) wheren > p, then det(A)/det(X) has the same distribution
as [T0_, X2 .1, where X2_,, fori=1,2,...,p, are independent random variables with chi-
squared distribution with n — 1+ 1 degrees of freedom.

Theorem 1.1.2 If A ~W(n,cl,) wheren > p and ¢ > 0, then det(A)/[tr(A)/p]P and tr(A)
are independent, and tr(A)/c ~ X?

The next theorem is used to test the null hypothesis Hy : ¥ = cl, for the covariance
matrix ¥ in the context of large sample size; see [31, pp. 344].

Theorem 1.1.3 Suppose A ~ W(n,cl,) where n > p. Let V = det(A)/[tr(A)/p]’ and
p=1—(2p*+p+2)/(6np). Then

—npln(V) = X2 as n — oo,

where X? is a random variable with chi-square distribution with r = (p+2)(p —1)/2 degrees
of freedom.
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1.2 Distribution of the spectrum: classical context

1.2.1 Joint density function of the eigenvalues

The number of nonzero eigenvalues of A ~ W(n,X) is r = min(n,p). The next theorem

gives the joint density function of the nonzero eigenvalues of a Wishart matrix; see [31, pp.
106].

Theorem 1.2.1 If A ~ W(n, %) with n > p, the joint density function of the eigenvalues
of A, ty >0y > --->1{, >0, is given by

P ?/2 . n—p—1)/2 4
flly, .. 4) = 971 /2|S2|n/2T 150 % Hﬁ H )
=1 1<j

* / exp [—ltr(ElHLHT)] (dH),
o) 2

where L = diag(ly, ¥, ..., L,), and O(p) is the Group of orthogonal p X p matrices, i.e.
O(p) ={H is a px p matriz: H' H=1,}.

The product [[7_;(¢; — ¢;) is called the Vandermonde determinant. It is well known
in Random Matrix Theory that due to the Vandermonde determinant there is a repulsion
effect of the eigenvalues of a Wishart matrix. This says that these eigenvalues are strongly
dependent.

As a consequence of this theorem we have the next corollary.

Corollary 1.2.1 If A ~ W(n,cl,) with n > p, the joint density function of the eigenvalues
of A, b1 >ty > - > 1, >0, is given by

7P’ /2 L n—p—1)/2
flly,....0) =T, BT Hgg )/ H(e — {;) exp (——Ze> (1.1)

=1 1<J

Remark 1.2.1 The density of the nonzero eigenvalues of the singular case (p > n) can be
found in [15]. For the special case when A ~ W(n, cl,) with p > n, the joint density function
of the nonzero eigenvalues of A is given by (1.1) after interchanging n and p. That is because

AL XXT, where X = [X1, Xo,...,X,] and X1, Xo, ..., X, are i.i.d. random vectors with
distribution N,(0,cl,) and if we define B = XX, then B ~ W(p,cl,) is a non-singular
Wishart matriz having the same nonzero eigenvalues as A. Thus, the several results for the
eigenvalues of B are also valid for the nonzero eigenvalues of A.

In order to derive an expression for the characteristic function of the ordered eigenvalues
of a Wishart matrix, we first point out an alternative form of the joint density function (1.1)
in terms of the set of permutations S, of the set {1,2,...,p}. A permutation a € S, will be

represented by a vector a = (ay, g, ..., qp) .
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Lemma 1.2.1 If {; > ly > --- >, are the eigenvalues of A ~ W(n,cl,) with n > p and
¢ > 0, then the joint density of ({1, 0, ...,4,)" is given by

Jer oy, lay . 0,) = A Z sign(a) exp (—— Z€k> Hg;‘flr np- /21 (1.2)

a€ESp

with 01 > Uy > --- > L, where

A= - . (1.3)

Proof. Let I, = (1 for &k = 1,2,...,p. By Corollary 1.2.1, the joint density of
(li,la, ..., 1,) 7" is given by

fll,lg,...,lp(llal% C.. ,l ) Aexp (——Zl) Hl n—p—1) /2H l — ll), lp > e > ll: (14)

1<j

where A is given as above. Note that the last product in the above expression is equal to
the Vandermonde determinant

T |
Iy L
17 ZZ Z sign(a Hla’“ !
aESp
1 _
i » 1

Thus the density function fs, 4, ¢, is given by the expression (1.2). O

P

1.2.2  Joint characteristic function of the eigenvalues

In this section we obtain an interesting representation for the joint characteristic function
of the ordered eigenvalues of a Wishart random matrix with identity covariance matrix, in
terms of characteristic functions of gamma distributions. We use the notation

2 Lexp(—x/b)
bl'(a) ’
Gt;a,b)=(1—ibt)™®, teR (1.6)

g(x;a,b) = x>0, and (1.5)

for the density and characteristic functions of the gamma distribution Gamma(a,b) with
shape parameter a > 0 and scale parameter b > 0, respectively.
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Proposition 1.2.1 If{; > {5, > --- > {, are the eigenvalues of A ~ W(n,cl,) with n > p
and ¢ > 0, then the characteristic function of ({1,0s,...,L,)" is given by

%2 pn/2 n p—1
Py lo, ..., gp(tl,tg,...,tp) =A (E) <Zt],pn/2 20/p> Z Z I (p —{—Zk‘

k1=0 kp—1=0

1 r ~ .
p— (;)k G(Y 20—ty kv, 2¢/p) 1)

*Cm (kl,...,l{?_l) = y
P P ,1;[1 GOt ke, 2¢/7)

where @(t; a,b) is the characteristic function of the gamma distribution Gammal(a,b) and

p—1 F(ZT a; + r(n—p—l) + zfr—l )
Copllr, .. kyr) = > sign(a) [ | =1 = % (1.8)
aESy r=1 F(Z] 1% + + Z] 1 k + 1)

Proof. Let I, = lp 1 for K = 1,2,...,p. Using Lemma 1.2.1, we have that the
characteristic function of (I1,ls,...,1,)" is equal to

D)

Z sign(a / l"‘PJ’(”_f"_l)/Q_1 exp(—(1/2¢c — it,)l,)

€Sy

gO(tl,t27 Ce ,tp

*/ [P o (—(1/26 — ity 1)) - -

0
lo

X / (PR o (— (126 — ity )dlydly - - - di,,. (1.9)
0

From equations 3.383(1), 9.212(1) and 9.210(1) of [18] it follows that

m 1 B o /6km’y+k
/o 27" exp(—px)dx = exp(—pm) 2877+1) yEwaL (1.10)

for m > 0, Re(y) > 0 and any complex number 3. Applying (1.10) several times in the last
expression of (1.9) we have that it is equal to

AY s Y3 3 T h demt

1 1
€S, k1 =0 ko= p10r1HsoZ] 1O‘J+ np "‘ZT kj+s)

oo P n—p— p—1l,
*/D (s ot DA [— (2%—@'275]-) l,,] dl,,. (1.11)
j=1
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We recall that
OO v—1 F(U)
2" exp(—ux)dr = —=, Re(u) > 0, Re(v) > 0.
0 u?
Therefore we have that the integral in (1.11) is equal to
I( pla]+p(np1)+z k;) B INCONE g’*ik.)

(f =125 t) == T T (g DY
Then, we obtain that (1.11) is given by

7p7l/2 o0

O ) S

k1=0  kp_1=0

Conthor by ) TT (2 PEL
* n,p( 1y p—l)g(]_)) 1— t

"y
2 pn/2 N p o0 n p—1
:A<—) G th;pn/Z,Qc/p Z ?—FZkJ
p — — -
j 1 j
P\ Gtk 20/ )
r y vy p
s Cop(kr, - k) [ (—) ~— d (1.12)
r=1 p G(Z] 1 tj7 k’/‘a 2C/T)
where @(t; a,b) and C,, p(k1, ..., ky,—1) are given as above. Thus we have
gpfl ~~~~~ ep(t17 e ) 8011 ..... p(tp7 LI tl)
2c pn/2 pn p—1
:A(;) Zt],pn/Q 2¢/p Z Z r Zk‘
kp—1=0 j=1

p-1 B Gtk 2¢/p)
T = y vy b
*Cn,p(klu"'vkpfl) | | (—) — . ] 1% .
r=1 p G( E j:p_i_l_r t]) kT? 2C/r)

which ends the proof. [J

The next result follows by taking (t1,t9,--- ,t,)" = 0 in (1.7). It may be useful to
study in terms of characteristic functions the representation of the distribution of the largest
eigenvalue of a Wishart matrix as a simultaneous mixture of scale and shape mixtures of
gamma distributions, given in Section 1.4.

Corollary 1.2.2

A(Q_(3>pn/2i Z r(P"+Zk> npkl,...,kpl)zﬁ(g)krzl.

p k1=0 kp—1=0
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As an application of the last proposition, we can obtain the characteristic function g, (t)
of the largest eigenvalue ¢; of a Wishart random matrix with distribution W(n, cl,), simply
by evaluating the vector t; = te; in (1.7), where e; is the i-th p-dimensional unit vector, to
get

%
@o (1) = a0, (t1) VEER.
We can do this for any eigenvalue ¢;, with ¢ = 2,...,p. Furthermore, we can obtain the
characteristic function of any linear combination of the eigenvalues. In particular, for the level
spacings s; = {;—V{; 41, fori =1,2,...,p—1, we need to evaluate the vector t; ;11 = t(e;—e;41)

in (1.7) to obtain that the characteristic function of s; is given by

e
ps;(t) = Pl lp (tiiv1) VteR.

1.2.3  Distribution of the eigenvectors

Before giving the distribution of the eigenvectors of a Wishart matrix we present the next
definition given in Anderson [4]. We include it for the sake of completeness, but it is not
used in this work.

Definition 1.2.1 If the random orthogonal matriz E of order p has a distribution such that
EQT has the same distribution for every orthogonal matriz Q, the distribution of E is said
to have the Haar invariant distribution.

If £ has Haar invariant distribution the probability that E is such that e;; > 0, ¢ =
1,2,...,p, is 1/2P; see [4, pp. 536]. Then the conditional distribution of E given e;; > 0,
1=1,2,...,p, is 2P times the Haar invariant distribution over this part of the space. We call
this distribution the conditional Haar invariant distribution. The next theorem is about the
distribution of the matrix of eigenvectors of a Wishart matrix, it is taken from [4, pp. 537].

Theorem 1.2.2 If C =Y, where Y = [Y1,Ys,...,Y,] = (yi;) is the orthogonal matriz of
eigenvectors of A ~ W(n, I,) with y;; > 0 for all j =1,2,...,p, then C has the conditional
Haar invariant distribution and C' is independent of the eigenvalues of A.

1.2.4 Asymptotic distribution of the spectrum when p is fized

In the case of a Wishart matrix with fixed dimension p, the asymptotic joint distribution
of the normalized eigenvalues when n goes to infinity is given by the joint distributions of
the eigenvalues of a symmetric standard Gaussian matrix, that is a symmetric matrix where
the entries on and above the diagonal are independent, the elements in the diagonal are
i.i.d. with distribution N(0,2) and the entries above the diagonal are i.i.d. with distribution
N(0,1). Moreover the distribution of sample eigenvectors converges to a conditional Haar
measure and the sample eigenvectors and eigenvalues are asymptotically independent; see
[4, pp. 538].
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Theorem 1.2.3 Let nS ~ W(n, 1,), define the p x p matrices L = diag(ly,ls,...,l,) and
V = [‘/1,‘/27,‘/1)] = (Uij) byS = VLVT with ll 2 lg Z Z lp, VTV = Ip andvlj Z 0,
j=1,2,...,p. Then the density of the limiting distribution of \/n(L — I,) as n — o0 is

1 P
9P 2plp=1)/4p 1 <g> exp <_§ Z %2> H<90i — ;) (1.13)
i=1

j<i
for o1 > -+ > ,, which is the density of the eigenvalues of a symmetric standard Gaussian

matriz. Furthermore, the matriz V' is asymptotically distributed according to the conditional
Haar measure and independent of L.

The next proposition can be consider an extension of the one-dimensional fact that if

X2 is a chi-square random variable with n degrees of freedom, then x?2/n converges to 1 in

probability (almost surely and in distribution), as n — oo. It is a consequence of a more
general result under a non-Gaussian assumption, the Proposition 2.2.1 in Chapter 2.

Proposition 1.2.2 Let {1 > ly > --- >, be the eigenvalues of W ~ W(n,X) with n > p
and suppose that \y > X\ > --- > )\, are the eigenvalues of 3. Then

.

n_l(i—l,i—Q,...,f\—p) (11,07 as n — 0o.

1.3 Asymptotic results for the spectrum: Random Ma-
trix Theory context

1.3.1 Marchenko-Pastur distribution

Several results about the asymptotic behavior of eigenvalues of random matrices are given
in terms of their empirical spectral distribution whose definition is the following.

Definition 1.3.1 The empirical spectral distribution (ESD) of a p x p Hermitian matriz A
with eigenvalues Iy > ly > --- > 1, is defined as

F iz Lo 1<i<p: [; <
FA(Z’) — Z'LZI (L, )(.ZU) _ #{ STSp < Q;}
p p
The expectation of F4(z) is computed as follows
E(Fa(z)) = E( - Iui,oo)(a:)) X Ellu(@)] _ SR PUi<a)
p P D

The following theorem is due to Marchenko and Pastur [27]. It gives the limiting dis-
tribution of the ESD of (a sequence of) Wishart matrices, when the sample size n and the
matrix dimension p go both to infinity at the same rate, in the sense that p/n — v > 0. It
considers both the full (v < 1) and non-full (7 > 1) rank cases.
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Theorem 1.3.1 Let S, = A,/n where A, ~ W(n,I,), p = p(n) and p/n — v > 0 as
n — oco. Then for all v € R

Fs (z) — F(z) as n— o

almost surely, where F' 1s the Marchenko-Pastur law with density given by

1
B 2myx

f(z) \/(b —z)(z — CL)I(a,b)(ff) + I(l,oo)(’Y) (1 - %) do(), (1.14)

where a = (1 — /%)%, b= (14 /7)* and &y is the Dirac delta function in zero.
Note that when v > 1 the Marchenko-Pastur law has an atom at x = 0 with mass 1 — %

Remark 1.3.1 The result of Theorem 1.53.1 holds for more general matrices of the form
B, =YY", where the entries of the p x n matriz Y are i.i.d. random variables with mean
zero and finite variance; see [6].

Furthermore, by [17] and [38] we have the next result which says that when n and p tend
to infinity and p/n — ~ all the nonzero eigenvalues of S,, tend to be in the support of the
Marchenko-Pastur density (1.14).

Proposition 1.3.1 Under the same hypothesis as in Theorem 1.53.1, if Iy and l,. are the
largest and the smallest nonzero eigenvalue of S, respectively, with r = min(n, p), then

L, — (1 —/7)? and L — (1+47)?

almost surely, when p/n — v > 0 and n — oo.

The next example is taken from [24]. It illustrates how Marchenko-Pastur’s result explains
the dispersion of sample eigenvalues in a simple case.

Example 1.3.1 n = 10 independent observations are obtained from a distribution N,(0, 1),
with p = 10. In this case the eigenvalues of the population covariance matriz are all equal
to one, but the eigenvalues of the sample covariance matrix, which is 1/n times a Wishart
matriz, are

(0.003, 0.036,0.095, 0.16,0.30, 0.51, 0.78, 1.12, 1.40, 3.07).

We can see an extreme spread in the sample eigenvalues and not all of them are close to
one. This phenomenon can be explained by Theorem 1.53.1 because the limit of the ESD of
the sample covariance matriz with p = n (i.e. v = 1) is the Marchenko-Pastur law with
support

a=(1-vV1)?=0 and b= (1+V1)*=4,

which corresponds to the range of the sample eigenvalues.
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1.3.2  Tracy-Widom distribution

The asymptotic distribution of the largest eigenvalue of a Wishart matrix was obtained by
Johnstone [23]. This distribution is the so-called Tracy-Widom distribution obtained by
these authors [39] as the limiting law of the largest eigenvalue of Gaussian matrices; see [30,

pp. 33].

Theorem 1.3.2 Let us assume that the p x n matrix X has entries i.i.d. with distribution
N(0,1). Then, ifp/n — v > 0 asn — oo, and if 1y is the largest eigenvalue of S, = XX " /n,
we have

P<n2/3 ll_ \/1—1/n—|—\/p/n 8) —>F1(S)

V1=1/n4+/p/n)(\/1+1/(n—1)+ /n/p)/3 ~

as n — 0o, where Fy is the Tracy-Widom distribution of order 1 defined by

Fi(s) = exp (—% /0 T @) + (2 — s)q2(ac)dx) | seR,

with q(x) the solution of the Painlevé II differential equation
¢*?(x), q(z)~ Ai(z) as 2 — oo, (1.15)
and where Ai(x) denotes the Airy function.

Remark 1.3.2 The complez case of Theorem 1.3.2 is study by Johansson [22], who shows
that the limiting distribution of the largest sample eigenvalue in this case is the Tracy-Widom
distribution of order 2.

Theorem 1.3.2 can be used in hypothesis testing as we show in the next example taken
from [24].

Example 1.3.2 Suppose that the observed largest sample eigenvalue is equal to 4.25 and
n = p = 10. Is this consistent with Hy : ¥ = I,7. Let l; be largest sample eigenvalue. By

Theorem 1.3.2 we have l
)z (M < 3) ~ Fi(s),
on

7p
where

1/3
fnp = (Vn — 1+ /p)* and =(Vn-1 —1—\/_)(\/_ \j_) :

Then L5
P(l, > 4.25) ~1— F, (M) — 0.06.

On,p

Therefore we do not reject Hy with significance level 5%.



1.4 Exact distribution of the largest eigenvalue 11

1.4 Exact distribution of the largest eigenvalue

In this section we obtain results that address the structure and properties of the exact
distribution of the largest eigenvalue ¢; of a Wishart matrix W(n, I,). We show that this
distribution is a simultaneous mixture of scale and shape mixtures of gamma distributions.
We believe that these results could be useful to discover new properties of the Tracy-Widom
distribution, e.g. its infinite divisibility, an open problem.

The notations ®(a;c; z) and o F(a, b; ¢; z) will be used for the confluent hypergeometric
function and the Gauss hypergeometric function of one variable, respectively. The integral
and series representations of these functions can be found in [18] and are given by the
expressions

o o) — I'(c) b c—b—1 —a
oF1(a,b;c; z) = m/o 71— 1) (1 — t2) T,
Re(c) > Re(b) > 0, |arg(l — 2)| < m; (1.16)
N A 1) g a1
O(a;b;2) = m/{) t 11 —¢t)° exp(tz)dt,
Re(b) > Re(a) > 0; (1.17)
ad a)r ka
o Fi(a,b;c;2) = ( 20)(113) T |z| < 1; (1.18)
O(a; b 2) ga—)):% b£0,-1,-2,...; (1.19)
I'(a+k)

where (a)k:a(a+1)---(a+k—1)zw.

1.4.1 Miztures of distributions

Let us recall some notions regarding mixtures of distributions.
Definition 1.4.1 Let P be a probability measure on the measurable space (©,7T) and let

{Fy}oco be a collection of distribution functions such that 0 — Fy(x) is T-measurable for all
x € R. Then we say that the function

F(m):/@Fg(x)P(dG), T ER, (1.20)

is a mixture of the distributions { Fjy}gceo-
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Sometimes the space © can be a subset of R, and P can be the Stieltjes measure induced
by a distribution function H. Mixtures as in (1.20) can be written in terms of characteristic
functions as follows

go(t)-/@apg(t)P(dG), {ER, (1.21)

where ¢y is the characteristic function of Fy. If Fy is absolutely continuous with density fy
for every € O, then the mixture F' is absolutely continuous with density f given by

f(m):/@fg(x)P(de), z€R. (1.22)

Let us recall two important types of mixtures. Suppose © C R, and let (; be a charac-
teristic function.

Definition 1.4.2 The distribution of a random variable X is said to be a scale mixture if
X £ zv,

where Z andY are independent and Z is non-negative. In terms of characteristics functions
this is equivalent to

ox(t) = / vy (0t)dFz(0), teR (1.23)
)

Example 1.4.1 Let g(z;a,b) and @(t;a, b) be the density and characteristic functions of
the gamma distribution Gamma(a, b) given by (1.5) and (1.6), respectively. Suppose H, is a

distribution function for each a € Ry. Let p1(t) = G(t;a,1) = (1—it)~* be the characteristic
function of the gamma distribution Gamma(a,1). Then the distribution with density

ule) = [ (0. 0)aH,(0)
Ry
is a scale mizture, called a scale mixture of gamma(a) distributions. Its characteristic func-
tion 1is
eult) = | Gla0)am(0) = [ (1= ioe)dt(0) = | (00 (0)
Ry Ry Ry

Now, suppose that B is a distribution function over Ry, then
f@) = [ Gu)iBla)
R+

is a mizture of the distributions {gq }ecr, which we call a mixture of scale mixtures of gamma
distributions.
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1.4.2 The case p =2

We calculate the density function of the largest eigenvalue of W(n,cly), ¢1, which has the
expression of a density function given by Al-Zamel [3]. Also, it can be seen as a scale mixture
of gamma(n) distributions as we show in the next proposition. For simplicity we take ¢ = 1;
the general case is analogous.

Proposition 1.4.1 The density function of the largest eigenvalue of A ~ W(n,I3), {1, is

gien by
G exp(—6/2)0 ("5 M Y
0) = 22 2 Al-Zamel’s densit 1.24
fe, (61) 2T (n)sFy (n ’T’%>_1) ( amel’s density) (1.24)
2
:/ g(ly;n,y)hn(y)dy,  (scale mizture of gamma(n) dist.) (1.25)
1

where g(x;a,b) is as in (1.5) and
ha(y) = (n = 1)(y — 1)(2 — )"/ 2y =972 (1.26)
is a density function with support (1,2). Furthermore the characteristic function of ¢y is
2 Fi(n, 2; n-2|—3’ 2(11 zt))
(n+1)(1 —at)n
Proof. Let [, = (3 for k = 1,2. Using Corollary 1.2.1 we have

192 exp(—1y/2) 2
fo,(61) = fi,(l2) = / Jn ) (s lo)dly = 2 p(—b/ )/ l§ 3)/2(l2 — ly) exp(—11/2)dl;.
R A0 (n — 1) 0

Pey (t) =

Under the change of variable t = [ /I, the last expression is equal to

15 Yexp(—1y/2) (' . _
321 — —lyt/2)dt. 1.27
2 [ty expl—at2) (127)
In order to see that (1.27) is equal to (1.24) we only need to see that
P("F 5 5 1 !
) ) _ t(n73)/2 1—¢ _1t/9)dt
2nT(n)o Fy(n, "5+ 2525 —1) 4r(n—1)/0 (1 —t)exp(~1st/2)

Before proving the last equality note the following:

n — 1 n+3 F(n_ﬁ> 1 n—1
2 I (TL, 3 §—1) = SaTim o 2 / u 2
2 2 L("3)0(2) Jo
n+3

(1 —w)(1 +u)"du

N}
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Thus we have

D omes F( (nt3)/2) (1, nt _ _
O 5 5 _ i Jo £ 70— exp(-bt/2)dt
n—1.n - 3
27T (n)o Fy(n, %1 248 —1) 27T (n) (?1)
27T (75=)
F(n_H

A G B exp(—l,
2F(n)I‘("Tl)/0t (1 — ) exp(—lat/2)dt

1 1
= [ 2 ¢ —lyt/2)dt
T 1R = Desp(—at/2

To conclude the proof we will see that (1.25) is equal to (1.27). Adopting the change of
variable y = % we have that

2 1 2 .
/ g(la;m, y)hn(y)dy =/ g (lz;n, ﬂ) hn(t)dt,
1 0 -

where g(z;a,b) and h,(y) are given by (1.5) and(1.26) respectively, and

~ —1 -n
halt) = " H(1 = )0 (1 _ %) |

Furthermore, we have that

! 2 ~ Loy 1 —-n ln 1 ( —t)
/ g (losn, = | ha(t)dt = / Y eXP( )dt
0 2-t o 4 2 ( n

(
(n =15 /1 (n—3)/2 _l2
— T2 - dt
e J, 0T
Iy L sy —l2 1 +?/
2y d
T 1)/0 y (1—y)ex y
I exp(=12/2) 1 (g2
= n 1-— —lyy/2)dy.
- 1) /0 y (1 —y) exp(—lay/2)dy

Therefore we have that (1.25) is equal to (1.27). The characteristic function of ¢; is derived
from Proposition 1.2.1 since

Pey (t) = Pt1,62 (t’ O)D

1.4.3 The case p > 3

In this section we prove that the distribution of the largest eigenvalue ¢;, when p > 3, is
also related to mixtures of distributions involving mixtures of gamma distributions. In order
to see this, we will obtain the density function of ¢; for the case p > 3 differently from the
way used in the case p = 2. Let (©,7) be the measurable space where © = N2 is the
(p — 2)-ary Cartesian product of the set No = NU {0}, and 7T is the power set of ©.
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Proposition 1.4.2 The density function of the largest eigenvalue of A ~ W(n,I,) with
p >3, {1, has the form

o (0) = /@ 3(61:0,m, p) B, (d6). (1.28)

Here, B,,, is a probability measure on (©,T); the function g(¢1;6,n,p) is the density of a
scale mizture of gamma(r) distributions, as defined in Example 1.4.1 with v = r(6,n,p),
given by

g(x;0,n,p) = / g(x;7r(0,n,p), 2)dH g np)(2)
R4

and H gy p) is a distribution function on Ry. That is, fo, is a simultaneous mizture of scale
and shape mixtures of gamma distributions.

Proof. Let I, = (y 1 for k =1,2,...,p. Using (1.4) we have the following:

lp 2
flp / ..... lp)(lh ey lp)dll tee dlp,1

v Ly
)lén—p—lm/ exp (_pTl> el NN
0
lit1 l@ N p—1
/0 exp (—5) D | (AR

j=i
p—1

& l .
/0 exp (—51) WP VP [ — )l - dlyes.

J=1

Doing the change of variable y; = I;/l;11, 1 = 1,2,...,p — 1, iteratively in the last integrals
we obtain that

l o[ LpYp— n—
Al = desp (5 i [T (_yT) N (R I
0

1 LI Y\ .
[oo (4T i)
0

] =1

! LI vi oo
/ exp ( J 1 J) o p+1)/2—1 H (1 — Hyr> dyy - dyp_1. (1.29)
0

7j=1
Now, writing ¢t; = 1 — y; in the internal integral of (1.29) and taking in to account that

ﬁ (1— ﬁ Yr +ti f[ yr>nj

Jj=i+1 r=i+1 r=1+1

i1 Np—1 p—1 ZP .
-3 3 AL |() o I

z;4+1=0 Tp—1=0 Jj=i+1 r=i+1

, (1.30)
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for ¢ and n; positive integers (in this case i = 1 and n; = 1 for all j = 2,3,...,p — 1), we
have that the internal integral of (1.29) is equal to

j 1—x§-1) pl
oo () 57 s | (010 )
r=2

(1) -0 (1)1_0J 2
Zp

1 (1)
*/ exp( HJ; it )(1 1) prD 212 e gy (1.31)
0

By (1.17) the integral in (1.31) is equal to
1 p—
n — p—l—l n— p+1 - (1)ZH QyJ
B<2+Z NI ) <2+Zmr 21t S bl )
Hence using (1.19) we can write (1.31) as

1
exp( L ”y")Z Do > Ve ko p)ly

=0, o0 —

L0

i~ 4 o SP etk
T -] o™ (1.32)
j=2 r=2
where a!) is a non-negative constant that depends only on z := (xél), e ,xél_)l)T, ki, n

and p. Therefore (1.29) can be written as

l _ ! LgYp— 1) (n—1)/2—
ot = e (=3 1727 Loy (22 o0y
0
1 l ' ' p—1 J
[oe T i)
0 =i r=i

J=
M
Z Z Z MOTPCI p)zgln[ o) et +k1}
B=0,M_g o0 g
Hp p—1 J 2-a}"
1 21, Yi \ 2(n—pt1)/2457 71 20 bk —1 T
/exp( 2]>y2( pH1) /2437720 @k H 1_Hy7” dys -+ dyy
0 - -
j=2 r=2

(1.33)

after interchanging the order of the sums with the integral respect to y,. Similarly, doing
the change of variable t; = 1 —y;, i = 2,3,...,p — 2, in (1.33) iteratively and using (1.30)
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we see that

(1) 295()1 P22f13$1

AP C L YED D D S STD S s

k1=0 —2=0 (1) -0 1()1)1 Ox(z) -0 ](02)1_0 %(717__12):0
1
a(p—2>(x(1)7___’x<p—2)’k(p—2)7n7p)g§£’:fkr/ exp (_%)
0

= 2,0 1 (p=1)(n=1)/24+ X027 (@) +hi)—

* (1 — Yp—1 =17 yp 1 dyp—h (134)

where a2 is a non-negative constant that depends only on the vectors

x().—(Z(le,xEQQ,...,xgll)T, for i=1,2,...,p—2,

kP=2) = (ki ky,. .. ,k,—2)" and the numbers n,p. Performing the change of variable ¢ =
1 —y,—1 in (1.34) we obtain that

1 3
o=V 2wy p2-Ew),

=0 kp2=0,V—g 2V —02P=0 (¥ =0 2P P =0
1
lL,(p—(p—1)t
Aa(”_Q)(x(l),...,x(p_z),k(”_m,n,p)/ exp <_ = (5 ) )) [P/ e
0
s =S a1 DD/ 2T ) k)1 gy (1.35)

A further change of variable z = P (;_1) - in the integral of (1.35), yields that this integral is

equal to

—1)(n—1)/2+ z) Fhi)—1
p
2 : (p—1)z

p—2 ()
. pz — 2 P=2ict Tpa ] 2 d
- —Qaz
(p— 1)z (p—1)22
o p—2 2
:r(7+2kr> / / 9( +Zkr,z> D 2T K 0 p)ydz, (1.36)
r=1 2/p

where ¢ is the gamma density given in (1.5) and

(p—1)(n—1)/24+ 302 (2 | +ki)—
h(z-x(l) $(p—12) EP=2) p) = P24 ke (1 bz — 2 ) !
o p—1 o » 10y ( N

0 1
2

(E) T e
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Then, interchanging the integral in (1.35) by the last expression of (1.36) we have

o0 oo

2 p—2
0 _
f =33 [ (lp;% £ jm) (= K=, p)d
p r=1

k1=0 kp_2=0

o0 [ele] 2 p—2 .
- Z . Z b(k;(p—m,n,p)/ g (lp; % + Z k,, z) h(z; kP~ n, p)dz, (1.37)
2 r=1

ki=0  kp_2=0 /p
where
1 -3 7
1 1 2*93;(31) 2 5”15;21 p—2-320"1 z(jll
B~ (P2 —
h(z,k( ) on,p) = E E E E
$g1):0 5557171:0 zé2):0 33;271:0 :c;”:f)fo

p—2
Aa(p_Q)(m(l), . ,a:(p_2), k(p_Q),n,p)F <pn + k:r) h(zw(l) A 2) n,p),

? y p—1> »Up—1 >
r=1
2 —
b)) = [ BT 0, p)dz, (1.38)
2/p

Let
2
E(lp;k(p_2),n,p):/ ( +Zkr, > 2 kP n, p)dz. (1.39)
2/p

Then by the last expression in (1.37) we have

fi (L, Z Z b(k®=2 n, p)g(l,; kP72 n, p). (1.40)

k1=0 kp—2=0

Since f;, and g are density functions depending on /,, integrating both size of (1.40) respect

to [, we see that
S 3 ) <1

p20

and since b(k®~2) n p) > 0 we can define a probability measure, B, ,, over the space © =
NG~ by
B, ,(0) =b(0,n,p), 6¢€O. (1.41)

Finally, by (1.40) we obtain (1.28). [



CHAPTER 2

PRINCIPAL COMPONENT ANALYSIS FOR
THE SPIKED COVARIANCE MODEL IN
HDLSS

An important methodology in multivariate statistical analysis for reduction of dimensionality
is Principal Component Analysis (PCA), which is based on the estimation of the popula-
tion covariance matrix by the sample eigenvalues and eigenvectors of the sample covariance
matrix. In this chapter we study the asymptotic behavior of the p largest sample eigen-
values and their corresponding sample eigenvectors under the so-called spiked covariance
model. We assume for this model that its p > 2 largest population eigenvalues have the
same asymptotic order of magnitude, as the data dimension d tends to infinity, while the
rest of the eigenvalues are constant, as explained in Section 2.1.2. We also propose hypotesis
testing for a particular case of our model and confidence intervals for the p largest population
eigenvalues under this model.

In Section 2.1 the definition of the spiked covariance model is given, as well as the ways
it has been considered in PCA under the the High-Dimension, Low Sample Size framework.
Section 2.2 is dedicated to study PCA for the spiked covariance model where the p largest
population eigenvalues have the same asymptotic order of magnitude. Specifically, in Section
2.2.1 we find the asymptotic joint distribution of the nonzero sample eigenvalues when d — oo
and with the sample size n fixed. We then obtain that the p largest sample eigenvalues
increase jointly at the same speed as their population counterpart, in the sense that the vector
of ratios of the sample and population eigenvalues converges to a multivariate distribution
when d — oo and n is fixed, and to the vector of ones when both d,n — oo and d > n. It is
proved in Section 2.2.2 that the sample eigenvectors corresponding to the p largest sample
eigenvalues are not consistent but they are subspace consistent when d tends to infinity and
n is fixed, in the sense of Jung and Marron [25]. In Section 2.3 we consider some inference
problems for the spiked covariance model under a Gaussian assumption, in particular, the
hypothesis testing of a special case of our spiked covariance model and confidence intervals
for the p largest population eigenvalues. Detailed comparisons of our results with those found
in the literature for PCA under different settings are done in Section 2.4, also including some

19
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open problems of interest in statistical inference.

2.1 Spiked covariance model

An important problem in multivariate statistical analysis is the estimation of the population
covariance matrix. When the data dimension is greater than the sample size, PCA often
fails to estimate the population eigenvalues and eigenvectors, since the sample covariance
matrix is not a good approximation to the population covariance matrix. Therefore, it is
important to know conditions under which PCA has good properties in this context. One
way to approach this problem is considering a particular covariance model and to study the
behavior of PCA under this model. As pointed out in Johnstone [23], one often observes one
or a small number of large sample eigenvalues well separated from the rest. The so-called
spiked covariance model has attracted attention in this situation.

More specifically, suppose X = [X1, Xo, ..., X,,| is a d x n data matrix with n < d, where
the sample X; = (z1;,...,24)", j = 1,2,...,n, are independent and identically distributed
random vectors with mean zero and unknown covariance matrix >, and X has rank n with
probability one (it is not assumed that the X;’s have a multivariate Gaussian distribution).
The spiked covariance model considers a covariance matrix of the type

¥ = OAOT where A = diag(1,72,...,7,0,...,0), (2.1)

with g > 79>+ >7,>0 >0, for some 1 <p <d, and O is a d x d orthogonal matrix.

The spiked covariance model is a kind of covariance matrix that may achieve few sample
eigenvalues well separated from the rest, the latter being in the support of the Marchenko-
Pastur distribution. This is showed in Baik and Silverstein [9]. They prove that when
d,n — 00, d/n — 7 > 0 and there are population eigenvalues of the spiked covariance model
outside the interval [1 — /7,1 + /7], precisely the same number of sample eigenvalues will
converge almost surely to values outside the support [(1—/7)?, (144/7)?] of the Marchenko-
Pastur distribution as d/n — ~. Thus, although Theorem 1.3.1 is also true for the spiked
covariance model (see [27], [5]) we can not guarantee the result of Proposition 1.3.1 and some
sample eigenvalues may be outside the support of the Marchenko-Pastur distribution and
well separated from the rest.

Many aspects of the spiked covariance model have been considered in several papers; see
for example [7], [8], [9], [16], [33], [35]. In particular, Principal Component Analysis for the
spiked covariance model has been considered in [2], [20], [23], [25], [32].

2.1.1 Different asymptotic contexts

There are three different asymptotic contexts in which the study of the sample spectrum of
the spiked covariance model arises: (i) the Classical case, (ii) the Random Matrix Theory
(RMT) context and (iii) the High-Dimension, Low Sample Size (HDLSS) context. Each
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context depends on the particular data analytic setting and the way the corresponding
asymptotics are considered with respect to the data dimension d and the sample size n.

In the classical case, one considers d fixed and n goes to infinity. In the RMT situation
one considers d and n go to infinity simultaneously, in the sense that d/n — -, where
v > 0,7 =0or vy = oo. This framework has been considered in Bai and Yao [7], Baik
and Silverstein [9] and references therein. The limiting distribution of the sample spiked
eigenvalues is considered in [7], when v < 1 (data dimension d lower than sample size), and
as we have mentioned before almost sure limits are considered in [9], when v > 0. In this
context the population eigenvalues of the covariance matrix ¥ do not depend on d and the
basic analytic tool is the so-called Marchenko-Pastur theorem.

On the other hand, in the so-called HDLSS context the asymptotic results are developed
by letting the data dimension d — oo while keeping fixed the sample size n. The main
references on this framework are Ahn, Marron, Muller and Chi [2], Hall, Marron and Neeman
[19] and Jung and Marron [25]. One can also consider in this framework the case of letting
first the data dimension d — oo while keeping fixed the sample size n and in a second step,
letting n — oo; see [2] and [25]. In other words d,n tend to infinity successively with d
increasing at a much faster rate than n, i.e. d,n — oo and d > n. In contrast to the RMT
context, [2] and [25] assume that the p largest population eigenvalues of the covariance %
depend also on the data dimension d. Furthermore, the Marchenko-Pastur theorem does not
hold in the HDLSS context because we do not have the convergence of d/n to a positive
constant.

In this work we study the behavior of PCA, in the HDLSS context, for considering the
asymptotic behavior of largest population eigenvalues and their corresponding eigenvectors
under the spiked covariance model. We also study some inference problems for the spiked
covariance model and propose hypothesis testing for a particular case of this model and
confidence intervals for the largest eigenvalues.

2.1.2  Asymptotic behavior of the sample eigenvalues and eigen-
vectors

Since the sample covariance matrix S = n !X X" has rank n with probability one, it has
exactly n nonzero sample eigenvalues which are denoted by 77 > 7 > --- > 7,,. Suppose
that vy,...,v, are the orthonormal sample eigenvectors corresponding to the orthonormal
population eigenvectors oy, ..., 04, respectively. We consider that the direction of v; is close
to that of o; if
-
Angle(v;, 0;) = arccos (ﬁ)
[ o [[]] o4 |

is near zero. As mentioned in [25], in the case when several population eigenvalues indexed
by the elements of a set J are similar, their corresponding sample eigenvectors may not be
distinguishable. Therefore, for j € J the sample eigenvector v;, corresponding to the j-th
sample eigenvalue, will not be close to its corresponding population eigenvector o; but rather
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may asymptotically be in E; = span{o; : j € J}, the linear span generated by {o; : j € J}.
For this case it is needed to consider the angle between v;, for j € J, and E;, which is
defined as

[ 03 I Projg,v; |

— arccos U}—(ZiGJ(Ol—'rUj)Oi>
H Uj ||H ZigJ(OZTUj)Oi ||

T [Projg v,
Angle(v;, Ej) = arccos( Y [Projs, vj )

We say that v; is consistent if
Angle(v;, 0;) — 0;

it is strongly inconsistent if
w

Angle(v;, 0;) —

I

SIE

and it is subspace consistent if
Angle(v;, E;) — 0,

for some set of indices J with ¢ € J; when d,n — oo and d > n or when d — oo and n is
fixed.

Under a sample Gaussian assumption on X;, Ahn, et al. [2] show for p = 1 and ¥ =
diag(d*, 1,...,1) with @ > 1, that the largest sample eigenvalue increases at the same speed
as its population eigenvalue, in the sense that its ratio converges to the distribution X?/n
when d — oo and n is fixed. Moreover, they show that this ratio converges to one and the
first sample eigenvector is consistent when d,n — oo and d > n. A natural question is
whether these results can be generalized for the case p > 2.

In this thesis we assume for the population covariance matrix the spiked covariance model
(2.1) where the p > 2 largest population eigenvalues, 71 > 7 > --- > 7,, have the same
asymptotic order of magnitude as d goes to infinity, that is 7, = 7;(d) and

— — ¢ as d — 00, (2.2)

for some a > 1 and ¢; > 0, ¢ = 1,2,...,p. Then we show, under certain assumptions for
the data, that the p largest sample eigenvalues increase jointly at the same speed as their
population counterpart, in the sense that the vector of ratios of the sample and population
eigenvalues converges to a multivariate distribution when d — oo and n is fixed, and to the
vector of ones when both d,n — oo and d > n. We also show that the corresponding sample
eigenvectors are subspace consistent as d — oo and n is fixed.

Recently, Jung and Marron [25] studied the spiked covariance model (2.1) for the case
when each of the p largest population eigenvalues has a different asymptotic order of mag-
nitude when dimension increases, that is 7, = 7;(d) and

Ti

do

—q as d — 00, (2.3)
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where o > ag > - >a, >1and ¢ > 0,7 =1,2,...,p. Taking into account a p-mixing
condition, they studied the asymptotic behavior of the p largest sample eigenvalues and the
consistency of the corresponding sample eigenvectors.

2.2 PCA under same asymptotic order of magnitude

Consider the spiked covariance model (2.1) where the p largest population eigenvalues have
the same asymptotic order of magnitude as d goes to infinity, together with the following
assumptions for the matrix X:

(a) Let Z = A~Y/20T X and assume that its entries have uniformly bounded fourth moments
with respect to d, in the sense that for each n =p+1,p+2,... we have E(zglj) <K,
foralli=1,2,....d,j=1,2,....nandd=n+1,n+2,....

(b) Let Z; be the i-th row of Z and define Zp =[Z],...,Z]]". Assume that Zp converges

in distribution to some p X n matrix Y,, as d — oo, which has rank p with probability
one.

We observe that the columns of Z are independent and identically distributed random
vectors with mean zero and identity covariance matrix. These assumptions do not cover all
random matrices but are still very general and include some interesting settings. In the case
when the independent columns of X have the Gaussian distribution N4(0,¥), assumptions
(a) and (b) are automatically satisfied and the W, = Z Z;’s have a Wishart distribution
with one degree of freedom. The assumption (b) is also satisfied in the case when the Zp’s
have a stationary distribution in d, that is the distribution of 37,1 is the distribution of the
Z,’s for all d > n. Assumption (b) also holds in the case considered by Jung and Marron
[25] where a p-mixing condition is assumed; see proof of Lemma 1 in [25].

Considering the above assumptions for the covariance matrix ¥ and for the data matrix
X, we study the asymptotic behavior of the p largest sample eigenvalues under the two differ-
ent limiting schemes of HDLSS; and we show the subspace consistency of the corresponding
sample eigenvectors when d tends to infinity and n is fixed.

2.2.1 Asymptotic behavior of the sample eigenvalues

As we have mentioned before, Ahn, et al. [2] show under the Gaussian setting, that for p = 1
and ¥ = diag(d*, 1,...,1) with a > 1, the largest sample eigenvalue increases at the same
speed as its population eigenvalue. Specifically, they showed that if 77 is the largest sample
eigenvalue of the sample covariance matrix S = n ' XX " then

_> _

T . as d — oo, (2.4)
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where X2 is a r.v. with a chi-square distribution with n degrees of freedom. Therefore, since
X2%/n 5 1 as n — oo we have that the largest sample and population eigenvalue increase at
the same speed. This result can be derived also from Corollary 3 of Jung and Marron [25]
and can be extended for the p > 2 largest population eigenvalues under certain assumptions
as we will see in Section 2.4.

We show that the p largest eigenvalues, with p > 2, increase jointly at the same speed
as their population counterpart under our model under two different limiting schemes. We
begin with the case when d goes to infinity and n is fixed. The first result is an analogue
of Lemma 1 of [25]. In the next theorem we observe the joint convergence in distribution of
the vector of nonzero sample eigenvalues, while Lemma 1 of [25] states only the convergence
in distribution of each component of this vector (marginal convergence).

Theorem 2.2.1 Suppose that the unknown covariance matriz > of the columns of X 1is given
by the spiked covariance model (2.1), with p < n < d and where 7y > 79 > --- > T, have
the same asymptotic order of magnitude in the sense of (2.2). Consider the assumptions (a)
and (b) for the matrix X. Then when n is fized

A, 7oy, Tn) | —= (U, lay o 0y, 0,...,0) 7

as d — oo, where {1 > ly > --- > L, > 0 are the eigenvalues of the random matrix
Uy = C;/2YnYnTC;/2, where C, = diag(cy, ca, ..., Cp).

Proof. The proof is based on the ideas of Section 4.2 of [2] where the case p = 1 was
considered. We have ¥ = OAOT where A = diag(7y, ..., 7,, 0, ..., 0) is the diagonal matrix of
the eigenvalues of > and the corresponding eigenvectors are the column vectors of the matrix
O. The sample covariance matrix S and the dual sample covariance matrix Sp =n"' X ' X
have the same nonzero eigenvalues. Moreover, the following representation holds

d
nSp=2"AZ =Y \NW;= ZTZW +o Z Wi,
=1

i=p+1

where W; = Z' Z; and Z;, i =1,2,...,d, are the row vectors of Z. Hence

p d
d°nSp=d Y rWi+dc Y Wi=U-+od"V, (2.5)
=1 i=p+1
where U = 322 d=*7,W; and V = -0 i1 W N N
Let 7, = dlag(ﬁ,.. Tp) and C, = dlag(cl,CQ,.. ,¢p). Note that U = Z)(d"°7,)Z,
converges in distribution to U = YTC Y, as d — co. On the other hand, we can show that
d~—*V converges to the zero matrix in dlstrlbutlon as d — oo. In order to see that, consider

the norm || A ||= [tr(AT A)]'/? for the n x n matrix A. By the Markov’s inequality we have
that for any € > 0

P(| d™V |[> ) = P(| d™V |*> €*) < (d"e) *E(| V |I*).
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Using properties of the trace and the fact that the W,’s are symmetric, it can be seen that
the right side of the last inequality is equal to

SPIDWCELACETEED 3 9b 9 DL E3)

i=p+1j=p+1 i=p+1 j=p+1 k=1 r=1

Since there exist K, > 0 such that E(z} ) < K, for all 4, j, and by the Holder’s inequality
E(25,2,) < E(z, )1/2E( )2, we have that the right side of the last equation is less than
or equal to (d%¢)2(d — p)2 2K,,. Then

P(|dV > ¢) < (d=pVnikn _ (d_p)z( ! )2”2K” (2.6)

d2a 62 d daf 1 62

and the right side of the inequality tends to zero when d — oo because a > 1. Thus
the second term in the right hand side of (2.5) goes to the zero matrix in probability, and
therefore in distribution, as d increases. Hence

d *nSp —» U as d — oo.

Then the vector of the roots of the characteristic polynomial of d~*nSp converge in distri-
bution to the vector of the roots of the characteristic polynomial of U as d — oo. _
Since U =Y, C,Y,, has rank p with probability one, the nonzero eigenvalues of U are the

p nonzero eigenvalues £1 > ly > - > £, of Uy = (C;/Q?n)(cl/QY )" =)%Y, YT61/2 Hence,
if 7, > 7, >--->7, are the nonzero eigenvalues of Sp, or of S, we have

dian(?l,?z,...,?n) (61,..6 s ,...,O)T

when d — oco.

The following consequence of Theorem 2.2.1 shows the usefulness of the joint convergence
in distribution of the sample eigenvalues when the dimension d goes to infinity and n is fixed.
The result is a multivariate extension of (2.4). It gives the joint convergence in distribution
of the ratios of the sample and population eigenvalues to a random vector of multiples of the
eigenvalues corresponding to the random matrix U.

Corollary 2.2.1 Under the assumptions of Theorem 2.2.1 and for n fized, we have the joint

weak convergence
o~ o~ o~ T T
T T2 Tp w 1 61 gg gp
T —n =, =, .., =,
T1 T2 Tp C1 Co Cp
when d — oo, where {1 > Uy > --- > £, > 0 are the eigenvalues of the random matrixz U.

Proof. Note that

~ AN T A = ~NT

T T Tp d® d* da Ty T

— —=,...,— ] =d ey 2.7
(7’1’7'27 ’Tp) 1ag(7_1 7'2’ ’ d“ de’" " e (2.7)
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which by Theorem 2.2.1 tends in distribution to

T T
w(1 L L) (Bl ) (bl B) g
C1 C2 Cp n n n 1 C Cp

Remark 2.2.1 Suppose 7y > -+ > 7, > 0py1 > -+ > 0q > 0 are functions of d. The two
previous results hold if we consider the covariance matriz

Y = OAO" where A = diag(1, ..., Tp Opit1s-- -, 04), (2.8)
where T, ...,7, satisfy (2.2), max(opi1,...,04)/d*" — 0 as d — oo, and O is a d x d
orthogonal matrix. The proof is similar to that of Theorem 2.2.1; we only need to prove that
d
da—“ Z oW; =50 as d — oo, (2.9)
i=p+1

where W is as in the proof of Theorem 2.2.1 and 0 is the n X n matrix of zeros. We use the
result that if Aq, By and Aq — By are non-negative definite matrices and Ay — 0 as d — o0,
then By — 0 as d — oo. Let My = max(0p41,...,0q) and V = Z?:p—f—l W;. Since W; is
non-negative definite and My — o; > 0 fori =p+1,...,d, we have that Aq = d"*MyV,
By =d™® Z?:pﬂ o;W; and Aq— By are non-negative definite matrices. Let € > 0; analogously
to the proof of (2.6) it can be seen that
20 72.,2 2 22
Pl Aa > o < DR (D22 ()
d?oe? d de—1 €2

and the right side of the last inequality tends to zero as d — oo since d~ @~V M; — 0.
Therefore Ag — 0 in probability and in distribution as d — oco. Then we have (2.9).

Theorem 2.2.1 can also be used to obtain the asymptotic distribution of the differences
7, —7; for 1 <i < j <p, when d — co. More precisely we have the following result.

Theorem 2.2.2 Under the same assumptions as in Theorem 2.2.1, for 1 < i < j < p we
have, for n fized,
d T —7) —n (=) as d — oo,

where £y > --- > €, > 0 are the eigenvalues of the random matriz ﬁo.

As a direct application of Proposition 1.2.1 we can also obtain the characteristic function
of the limiting distribution of the last theorem when the column vectors of X are Gaussian.
Note that when C, = ¢l with ¢ > 0, the characteristic function of 6, ; = n='(¢; — ;) is

o, (1) = ulliy/n)

where ¢y is the characteristic function of £ = (¢y,...,£,)" given by (1.7), tl_;/n = (t/n)(e; —
e;) with e; the p-dimensional unit vectors for i =1,2,...,p.

We now consider the limiting scheme when d,n — oo and d > n. The next theorem is
a generalization of the result of Section 4.2 of [2] which considers the case p = 1.
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Theorem 2.2.3 Suppose that the unknown covariance matriz of the columns of X is given
by the spiked covariance model (2.1), with p < n < d and where T, > 15 > --- > 7, have the

same asymptotic order of magnitude in the sense of (2.2). Suppose that X satisfies (a) and
the following assumption:

(b?) Let Z; be the i-th row of Z and define Z, = [Z], ..., ZJ|". Assume that Z, converges

in distribution to some p X n matriz Y, = (Yijn) as d — oo, which has rank p with
probability one and its entries have uniformly bounded fourth moments with respect to
n, that is for some M > 0 we have E(yf]n) <M foralli=1,2,...p, 7 =1,2,...,n

andn =p+ 1,p+2,.... Furthermore, suppose that the matriz distribution of ?n?nT
18 continuous.

Then we have that
AR B
(-1,—2,...,—?’) 5 (1,1,...,1)" asd— 0o, n — oo, (2.10)
T T2 Tp
where the limits are applied successively.

For the proof of this theorem, we first give the following Law of Large Numbers for
random matrices and vector of eigenvalues.

Proposition 2.2.1 Let Y, be a sequence of p X n random matrices with p < n, such that its
columns are independent with mean zero and identity covariance matriz. Assume that the
rank of Y, is p with probability one and that the entries of Y, = (yij.n) have uniformly bounded
fourth moments with respect to n, that is E(yfjn) <K foralli=1,2,...p, 7=1,2,...,n
andn=p+1,p+2,.... Let A, =Y, Y,T. Then we have the following:

(i)
nlA, - I, asn — oo.
(ii) If we suppose that ¥ = ONO" is a pxp positive definite matriz, where A = diag(Ay, ..., \,)

is the diagonal matriz of its eigenvalues and O is the p X p orthogonal matriz of its
etgenvectors, then if {1 > by > --- > £, are the eigenvalues of W, = OANV2A,ANV20T

we have .
IS4 l w
n_l()\—ll,)\—z,...,)\—l;) (11,07 as n — oo.

Proof. (i) We have that Y,,Y,” = (3")_, Yik-n¥jk.n); therefore

n Y,y — IL=(n" Z YiknYikn — 0ij)s
k=1
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where 0; ; is one if ¢ = j and zero otherwise. It is sufficient to prove that for all € > 0
P(] Zn_lyik’nyjkﬁn — 0| >€) —0 as n — 00. (2.11)

For the case ¢ = j, by Chebyshev’s inequality and the assumptions for Y,, we have that

P(|n_1iyi2k,n - ]'l > 6 = QVSLI' Zyzkn TLE 2E Zyzkn -
TLG 2Ezyzkn+22yzk1nyzk2n QHZyzkn+n

k1<k2

= nE)_z[Z E(Yign) — 1) (2.12)

Since E(yj,,,) < K for all i,k and n = p+ 1,p+2,..., the last expression of (2.12) is less
than or equal to (ne) ?(nK —n) = n~'¢"%(K — 1) which tends to zero as n — co. Thus we
have (2.11).

Analogously, for the case ¢ # j, by Chebyshev’s inequality and the assumptions for Y,
we have

P(1n7 3wl > €) < (n6) 2Var(Y i atien)
e k=1

= ()Y Eiky ik nlikanYikan) = (n€) > By k) (2.13)

k1=1ko=1 k=1

By Holder’s inequality we have E(y3 ,v%.,) < EWh,)?E(y},)? < K, thus the last
expression of (2.13) is less than or equal to n~'e M which tends to zero as n — oo.

(ii) Suppose that W,, = V,,£,,V,", where £, = diag({1, . ..,£,) is the diagonal matrix of the
eigenvalues of W, and V,, is the orthogonal matrix of its eigenvectors. Since n™'A4,, = I, as
n — oo by (i), we have that V,,(n='¢,)V, = n~'W,, = ¥ = OAOT and therefore n=1¢, = A
as n — oo. It follows that n™'A™1¢, = I, as n — oco. O

Proof of Theorem 2.2.3. Let {4 > {5 > --- > {, > 0 be the eigenvalues of the matrix

Uy = C;/QYnYnTC;/Q with C, = diag(cy,...,¢,). Let I, Fz/r and Fj,-14c, be the distribution

functions of 1, = (1,1,...,1)", 7/7 = (T1 22T and n /e, =nt (e e )T
17 T2 Tp c1’ ¢’ cp

respectively. Since 57 ?T has continuous matrix distribution then ﬁo and nilﬁ/C have
continuous distributions. Therefore the continuity set of F5,-1y/c, is given by C(F,-1c,) =
RP. By Corollary 2.2.1

hm ‘FT/T( ) — Fn—lg/cp(t)‘ = O,

d—o0
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for all ¢ € RP. Therefore

Jim [Frye(t) = Fu, (0] = | Fusgge, (8) = Fa, (0] ¥t € R.

Since Zp has independent column vectors and it converges in distribution to 37,1, the
column vectors of Y,, are also independent. Because Z, has uniformly fourth moment with
respect to d, by Theorem 4.5.2 of [12] we have E(zi;) =0 — E(yijn), E(2}) =1 = E(y};,)
Vi=1,2...,p,7j=12,...,n and E(zyxzjx) = 0 = EYiknYjen) Yk =1,2,...,n, 1 # J,
as d — oo. Therefore, Y, has mean zero and its column vectors have identity covariance
matrix. Thus by Proposition 2.2.1(ii)

Tim [y, () = Fr, ()] = 0,
for all ¢ in the continuity set of Fy,, namely C(F},). Thus

lim lim |F?/T(t) - Flp(t)| = O,

n—00 d—00

for all t € C(Fy,). O

2.2.2  Subspace consistency of the sample eigenvectors

From the results of [25], under our spiked covariance model the first p sample eigenvec-
tors vy, v9, ..., v, are subspace consistent and the sample eigenvectors v, 1, Vpt2, ..., v, are
strongly inconsistent, when d — oo and n is fixed. We give a similar proof of the subspace
consistency of the first p sample eigenvectors using the results of Section 2.2.1 when d — oo
and n is fixed. We recall that the population eigenvectors of the spiked covariance model

(2.1) are the column vectors, o1, 09, ..., 04, of the matrix O.
Theorem 2.2.4 Under the same assumptions of Theorem 2.2.1, let vi,va,...,v, be the
sample eigenvectors corresponding to the p largest sample eigenvalues Ty > To > -+ > T,.

Then fori=1,2,....,p,
Angle(v;, E;) =0 as d — oo, (2.14)
where E; = span{oy,02,...,0p}.

Proof. We follow closely the ideas in [2] and [25]. Consider the eigenvalue decomposition

of the sample covariance matrix S = VLV where L = diag(7i,...,7,,0,...,0) is the
diagonal matrix of the sample eigenvalues and V' = [vy, v, . .., 14| is the matrix of the sample
eigenvectors v; = (vij,...,vg)", 7 = 1,2,...,d. We assume that V is orthogonal, that is

VTV = I;. We have ¥ = OAO", where A = diag(7y,...,7,,0,...,0) is the diagonal matrix
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of eigenvalues of 3 and O = [0y, ...,04] the d x d orthogonal matrix of its eigenvectors. A
standardized version of the sample covariance matrix S is given by
S =AT20TSOAN V2 = A720TV LV TOA2, (2.15)
Thus we have S = n ' XX =n"'OA2ZZTAY207 and
S=n"ATV2OTONZZTAVPOTON V2 = 01227, (2.16)

From (2.15) we have that the j-th diagonal entry of S is given by Sj; = )\;1 S Tl o)?,

where \; is the j-th diagonal entry of A, for j = 1,2,...,d. Therefore A;lﬂ(vjoj)Q <’jj, for
i=1,2,...,nand j =1,2,...,d. Furthermore, from (2.16) we also have s;; = n‘leZjT =
n 'y 2. Thusfori=1,2,...,n

d o d® n d 2
S (o)) < Z = Z Zz]k— ?Z-Z S %. (2.17)

Jj=p+1 Jj= p+1 Jj=p+1 k=1 k=1 j=p+1

By Theorem 2.2.1 we have 7;/d* = ¢;/n as d — oo, for i = 1,2,...,p. Since the entries of
Z have uniformly bounded fourth moments in d, we have that there exist K > 0 such that
E(z}) < Kpforall j=1,2,...,d, k=1,2,...,nandd=n+1,n+2,.... Let € > 0 and
observe that

d 2 d 2
P jk > < Jj=p+1~j < n 0 d
(j:ZpH do 6) = doe =T doe as @ ee

that is $.¢ o1 d 02, 50 as d — co. Hence, it follows from (2.17) that
d
Z (v; 0,)? =0 as d — 00, (2.18)
Jj=p+l1
fori=1,2,...,p. Since VOOV = I; we have Z (v 0;)? =1, and thus (2.18) implies
p
Z("UZ-TOJ-)2 1 as d — o0, (2.19)
j=1

forie=1,2,...,p.
Finally, following the arguments in Section 5.2.2 of [25], we have that for i = 1,2,...,p,
p

Angle(v;, Ey) = arccos([Z(viToj)Q]l/z).
j=1
Then from (2.19) it follows that
Angle(v;, E;) =5 0 as d — 00,
fori=1,2,...,p. O

Remark 2.2.2 The result of Theorem 2.2.4 holds if we consider that the population covari-
ance matrix is as in Remark 2.2.1. The proof is similar to that of Theorem 2.2.4.
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2.3 The Gaussian case and some statistical eigen-
inference

In this section we assume that the data matrix X is a sample from the multivariate Gaussian
distribution Ny(0, ) where the matrix ¥ is a spiked covariance matrix under the assumption
that the p largest eigenvalues are of the same order of magnitude when d goes to infinity, as
in (2.2) with ¢; = --- = ¢, = ¢ > 0. In this case the matrix U, of Theorem 2.2.1 follows a
Wishart random matrix distribution W(n, cl,,).

We now use the asymptotic results in Section 2.2.1, specially the joint convergence in
distribution of the nonzero sample eigenvalues given in Theorem 2.2.1, to consider some in-
ference problems for the population eigenvalues and show that some of the classical statistics
are also useful in the cases when d goes to infinity and n is fixed and when d, n go to infinity
with d > n.

We first point out some asymptotic results. The first one is a kind of Central Limit
Theorem for the vector of the ratios of the sample and population eigenvalues under our
model and when d and n go to infinity successively.

Theorem 2.3.1 Under the same assumptions as in Theorem 2.2.1, suppose ¢; = ¢y = - -+ =
)

¢y = >0 in (2.2) and the columns of X are Gaussian. Let T = (2 ...,T—) and denote

by ¢ the random vector with density function given by (1.13), that 1S © 18 the vector of the
eigenvalues of a symmetric standard Gaussian matrixz. Then we have that

~ T
n'/? <Z — 1p) s as d — 0o,m — 00 (2.20)
T

where the limits are applied successively.

Proof. Without losing generality we can assume ¢ = 1. Let L =n"1(,...,{,)", where
¢y > --- >, >0 are the eigenvalues of the matrix U, with distribution W(n, I,)). By Corol-
lary 2.2.1 we have 7/7 = L as d — oo and by Theorem 1.2.3 we have n*/?(L — 1,)T = ¢

as n — 0o, where the random vector ¢ has density function given by (1.13). Thus we have
(2.20). O

The next two propositions are consequences of Theorem 2.2.1 and they are useful to study
some inference problems in the context of data with dimension greater than the sample size.

Proposition 2.3.1 Under the same assumptions as in Theorem 2.2.1, suppose ¢y = ¢y =

- =c¢, =c>01n (2.2) and the columns of X are Gaussian. Let T = diag(7y, 72, ..., 7p)
be the diagonal matriz of the p largest sample eigenvalues and ¢ = diag(ly, (s, ..., {,), where
Uy, by, ..., L, are the nonzero eigenvalues of a Wishart matriz with distribution W(n,cl,).

Then we have the following when n is fized:

(a) tr(T) /7 = X2, /n asd — oo, fori=1,2,...,p.
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(b) V = det(T)/[tx(T)/p]> 5 V = det(£)/[tr(£)/p]P; furthermore V is asymptotically inde-
pendent of tr(T)/da as d — oo.

c) det(T) /7 5 P n? as d — oo fori=1,2,... p, where X> are inde-
7 n—j+1 —j+1
pendent mndom vamables with chi-square distribution with n—j+1 degrees of freedom,
forj=1,2,...p.

Proof. Using the continuity of the trace and determinant, from the joint weak con-
vergence of the eigenvalues in Theorem 2.2.1 and the assumption (2.2) we have that for n
fixed

(7). = [T (ed?)[ed® ] 2 tr(8) en, (2.21)
~  det(T/d*) .  det({/n) U an

V= @@ gy - (2.22)
det(T )/T [det(T )/(cda)p][cda/n]p&det(ﬁ)/(nc)p, (2.23)

as d — oo. By Theorem 1.1.2 tr(¢)/en ~ A7 /n and det()/[tr(¢)/p]” is independent
of tr(¢)/n; therefore using (2.21) and (2.22) we have (a ) and (b). It follows from Theo-
rem 1.1.1 that det()/(nc)? is equal in distribution to ([T%_; X7 ;,,)/n?, where X i+ for
7 =1,2,...,p, are independent random variables with chi- square distribution with n —j +1

degrees of freedom. Thus from (2.23) we have (c). O

Proposition 2.3.2 Under the same assumptions as in Theorem 2.2.1, suppose ¢y = ¢y =
- =1¢, =c>0in (2.2) and the columns of X are Gaussian. Let T = diag(T, T2, ..., 7,) be
the diagonal matriz of the p largest sample eigenvalues. Then we have the following results:

(a) (np/2)*[tx(T)/p — 7] /7 — N(0,1) as d — oo, n — oo, where the limits are applied
successwely, fori=1,2,... p.

(b) Let V = det(T)/[tx(T)/p]P and p = 1 — (2p* +p+2)/(6np), then U = —npln(V) = x2
as d — 0o, n — oo, where the limits are applied successively and X? is a chi-square
r.v. withr = (p+2)(p — 1)/2 degrees of freedom.

Proof. By Proposition 2.3.1(a) it follows that

(@)1/2 <tr(T)/p— Ti> _ ntr(T) /7 — np R X,fp —np (2.24)

2 Ti (2np)1/? (2np)1/?

as d — oo, where A7 is a chi-square r.v. with np degrees of freedom. Since &7, is equal in
distribution to Z - p], where X2 for j = 1,2,...,n are independent r.v.’s with chi-square
distribution with p degrees of freedom, we have by the Central Limit Theorem (see [36, pp.
313]) that

Xr?p —np w
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as n — oo. Thus, from (2.24) and (2.25) we have (a). From Proposition 2.3.1(b) and Theo-
rem 1.1.3, (b) follows. O

2.8.1 Hypothesis testing for the p largest population eigenvalues

Let My be the maximum of the d — p smaller population eigenvalues and suppose that we
have evidence that the sequence {My}q4en is bounded by a constant number M, that is
0 < My <M for all d >n and d € N. Consider the null hypothesis

Hy:7;/d* = ¢ asd— oo, foralli=1,2,...,p, (2.26)

where o > 1 and ¢ > 0 are unspecified numbers. Under H, we have a population covariance
matrix as in Remark 2.2.1; therefore all the results of Section 2.2.1 are valid in this case.

In order to test the null hypothesis Hy that the p largest population eigenvalues have
the same asymptotic order of magnitude and ¢; = ¢; = -+ = ¢, = ¢ > 0, we can use
the ellipticity statistic V = det(T)/[tr(T)/p]P, where T = diag(71, 7, . . . ,Tp) is the diagonal
matrix of the p largest sample eigenvalues. The null hypothesis (2.26) can be tested in the
following two situations:

e WHEN d — 0o AND n IS FIXED. By Proposition 2.3.1(b) V % V = det(£)/[tr(¢) /p]? as
d — oo, where { = diag(y, (s, ...,¢,) and {1, s, . .., {, are the eigenvalues of a Wishart
matrix with distribution W(n, cl,). The explicit expression of the moments of V' are
well known and using the Mellin transform approach (see [31, pp. 302]) they may be
used to obtain the exact expression for the density function of V; see [26]. It is also
possible to calculate numerically the values of the distribution of V; see [34]. Therefore
if 170 is the observed value of ‘7, a test of asymptotic significance level g is to reject
Hy if Vi < kg, where kg is the lower 1005% point of the distribution of V. We expect
that this rejection region works very well, because if A is a p X p random matrix with
distribution W(n, ¥) and Wy is the observed value of W = det(A)/(tr(A)/p)?, then
the test that rejects Hy : U = cl,, if W, < kg is unbiased; see [31, pp. 336].

e WHEN d,n — 0o AND d > n. By Proposition 2.3.2(b) the statistic U = —npIn(V) =
X2, where X? is a chi-square r.v. with r = (p+2)(p — 1)/2 degrees of freedom. Thus,
if ﬁo is the observed value of U , a test of asymptotic significance level [ is to reject
H, if Uy > kg, where kg is the upper 1006% point of the chi-square distribution with
r degrees of freedom.

2.3.2  Confidence intervals for the p largest population eigen-
values

Under the hypothesis Hy given in (2.26) we may be interested in a confidence interval for
the population eigenvalue 7;, for i = 1,2,...,p. Again we have two situations in which we
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may address this problem:

e WHEN d — 0o AND n IS FIXED. From Proposition 2.3.1(a), for 0 < f < 1 and d is

large enough,
P (km <@ Uﬁ/2> ~1_5,
n

n Ti

where kg2 and ug/, are the lower and upper 100(3/2)% points of the chi-square distri-
bution with np degrees of freedom, respectively. Therefore, a confidence interval with
asymptotic confidence level 1 — 3 for 7; is

[ntr(T) ntr(T)] ‘

ugs ' kg

e WHEN d,n — oo AND d > n. From Proposition 2.3.2(a), for 0 < f < 1 and d,n
sufficiently large with d > n we have

P <—25/2 < (%)m (%) < 25/2> ~1—0,

where zg/, is the upper 100(/5/2)% point of the standard normal distribution. Thus, a
confidence interval with asymptotic confidence level 1 — 3 for 7; is

[ o]

1+ 252[2/(np)]'/2" 1 = 252(2/ (np)] '/

2.4 PCA under different settings

The study of the asymptotic behavior of the sample eigenvalues and their corresponding
eigenvectors under more general settings than the spiked covariance model (2.1) is considered
in [25]. In this section we present some results of [25] for several kinds of spiked covariance
models and discuss the differences with our results obtained in Section 2.2.

Suppose that the d x n matrix X satisfies the assumptions (a) and (b) of Section 2.2.
Let 1 <p<nandlet a; >ay > -->a, >1 for some r <p. Let ky,..., k. € N such that
> iy ki =p. Define kg = 0 and k41 = d — p. Let s, = Zi;% k; and

Jl:{sl+1,...,sl+k:l}, fOI‘lzl,Q,...ﬂ”—i-l.
In this section we consider the spiked covariance model (2.1) where 7; = 7;(d) and

E — G as d — 00, (2.27)
for some ¢; > 0,Vie J,Vi=1,2,...,r.

Observe that when r = 1, we get the spiked covariance model with the p largest eigen-
values with the same asymptotic order of magnitude (2.2), studied in Section 2.2.
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2.4.1 Asymptotic behavior of the sample eigenvalues

The following result is a special case of Lemma 1 of [25] for the spiked covariance model
with the assumption (2.27). Suppose that the p x n matrix Y,, of assumption (b) is given by

Y, =[Y,",...,Y,J]T. We define the matrix Y}, as the k; x n matrix whose row vectors are
given by {Y; :j e Ji}, for i =1,2,...,r.

Lemma 2.4.1 Assume that the covariance matrix X of the columns of X is given by the
spiked covariance model (2.1) where 7 > --- > 71, satisfy (2.27). Consider the assumptions
(a) and (b) for X. Let 7y > --- > 7, be the p largest sample eigenvalues. Then for n fized

Ty w. Mi—sg

asd — oo ifie i, Vi=1,2,....r,

de n
%LO asd— oo ifi=p+1,...,n

where mi1 > M2 > - > Mk, are the eigenvalues of the random matriz (7; = 611/22771}7[;(:[1/27
where C; = diag{c; : j € J;}.

Remark 2.4.1 This result is analogous to that of Theorem 2.2.1, but here only the marginal
convergence is taken into account. The advantage of considering the joint convergence in dis-
tribution of the vector of nonzero sample eigenvalues is that it is possible to derive asymptotic
results for functions of them, as we did in Section 2.3 using Theorem 2.2.1. Furthermore,
these asymptotic results are useful to consider inference problems as we have done in sec-
tions 2.5.1 and 2.3.2. The joint convergence of the vector (7;/d* : i € J;)" to the vector
(Mi—s /i€ J)T asd— oo, forl=1,2,...,r, follows from the proof of Lemma 1 in [25].
Therefore, analogously as we did in Section 2.3.1 it is possible to test the hypothesis

~

Ti

do

H, : — ¢ asd— oo, forallie J
where oy > 1 and ¢ > 0 are unspecified numbers.

In the Gaussian case, by Corollary 3 of [25] it follows that when k;, = 1 and i € J,

-~ 2
Ti w X
- — as d — 00,
Ti n

where X? is a r.v. with chi-square distribution with n degrees of freedom. Thus, since
X2%/n 5% 1 as n — oo, in this case we have that the i-th sample eigenvalue increases
at the same speed as its population eigenvalue under the two different limiting schemes
considered here. Therefore, if the p largest population eigenvalues have different asymptotic
order of magnitude, i.e. k = 1 for all [ = 1,2,...,p, the p largest sample eigenvalues
have this property. However, the work in [25] does not address this asymptotic behavior of
the p largest sample eigenvalues in the non-Gaussian case and neither when the p largest
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population eigenvalues have same asymptotic order of magnitude; only the convergence in
distribution of these sample eigenvalues given in Lemma 2.4.1 is shown.

We have shown in Section 2.2.1 that the p largest sample eigenvalues increase jointly at
the same speed as their population eigenvalues, with » = 1 and k; > 1, under a non-Gaussian
assumption. Specifically, by our Corollary 2.2.1 we have

~ o~ ~N\ T 00 / T

T T2 Tp w 1 1 €2 P d

— ., —n — e, as d — 00,
T T2 Tp C1 Co Cp

where ¢4 > 0y > --- > [, > 0 are the eigenvalues of the random matrix (70. Thus, by
Theorem 2.2.3 we have that the vector of ratios of the p largest sample and population
eigenvalues converges to the vector of ones when d,n — oo and d > n, without considering
the Gaussian assumption for the columns of X and when the p largest population eigenvalues
have same asymptotic order of magnitude.

An open problem is to obtain the joint weak convergence in the case of more general
spiked covariance models. As a first step we obtain the joint weak convergence of the vector
of nonzero eigenvalues of a linear transform of the sample covariance matrix. This result is
presented in the next theorem.

Theorem 2.4.1 Under the same assumptions as in Lemma 2.4.1, let B be the d x d diagonal
matriz where the i-th diagonal element for 1 < i < p s B;; = d™* if i € J; and for
p+1<i<disfi;=d*. Let O be the d x d matriz of eigenvectors of ¥ given by (2.1)
and define BY? = OpY207. Let 7, > --- > T, be the nonzero eigenvalues of B'/?SB/?,
where S = n"'X X7 is the sample covariance matriz. Then for n fized,

(7’:1,7/\:2,...,7’\:,1)T l) n_l(&,ég,...,Ep,O,...,O)T d— o0
where {1 > by > --- > L, > 0 are the eigenvalues of 170 = C;/Q}N/nl?nTC;/Q, where C, =
diag(cy, c2,...,¢p).

Proof. Let Z = A"/20TX, X = BY/2X and Z = A"'?X. Define Sp = n"' XX and
note that Sp has the same nonzero eigenvalues as BY/2SBY2 = n=! X XT. Observe that

nSp = XT0B820T0BY*0TX = XTOBOT X
= Z"AYV20TOBOTON?Z = ZTBAZ
p d
= Zﬁi,mWi +d %o Z Wi,
=1 i=p+1

where W, = Z Z;, Z; = 1,2,...,d, are the row vectors of Z. Since 3;;7; — ¢; as d — 00,
following the same ideas as in the proof of Theorem 2.2.1 we have

ngp U = }N/nTCp}N/n as d — o0,
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where C, = diag(cy,...,c,). Furthermore U has the same nonzero eigenvalues as the ran-
dom matrix Uy = C;/ 2YnYnTC;/ . Thus, the vector of nonzero eigenvalues of Sp, or of
BY2SBY2 converges in distribution to the vector n=*(f1, o, ..., £,,0,...,0)T as d — oo,

where (1 > ly > --- > {, > 0 are the eigenvalues of ﬁo. L]

Observe that in the particular case when r = 1, Theorem 2.4.1 becomes Theorem 2.2.1
since 7; = d~°7; for i = 1,2,...n.

2.4.2  Subspace consistency of the sample eigenvectors

Recall that the spiked covariance model (2.1) has population eigenvectors the column vectors
of the matrix O. The next result follows from [25].

Theorem 2.4.2 Under the same assumptions as in Lemma 2.4.1 we have for n fixed

Angle(v;, Ej) =50  asd—ooific€J, VI=1,2,...,r (2.28)
Angle(v;, 0;) AN g asd —+ooVi=p+1,...,n. (2.29)

That is, the first p sample eigenvectors are subspace consistent and the rest of the eigen-
vectors, corresponding to the nonzero sample eigenvalues, are strongly inconsistent when
d — o0o. Note that if k; = 1 then v; for ¢ € J; is consistent when d — oo. In Theorem 2.2.4
we give the proof of (2.28) under our spiked covariance model. This proof shows that (2.28)
holds when d,n — 0o and d > n. The conjecture is that (2.29) is also true if d,n — oo and
d > n.

Most of the results in [25] are for the case when d — oo and n is fixed. However, it is
shown in [25] that if ¢; > ¢j for i > jand 4,5 € J;, VI=1,2,...,r, then Vi <p

Angle(v;, 0;) L0 as d — oo, n — 00,

where the limits are applied successively. That is, in this case the sample eigenvectors are
distinguishable and consistent. They conjecture that the inconsistent sample eigenvectors
are still strongly inconsistent when d,n — oo and d > n.






CHAPTER 3

BINARY DISCRIMINATION ANALYSIS FOR
HIGH DIMENSIONAL DATA

This chapter deals with Binary Discrimination Analysis in the High-Dimension, Low Sample
Size (HDLSS) framework. We focus on the study of asymptotic behavior of four methods for
two-class discrimination: Support Vector Machine (SVM), Mean Difference (MD), Distance
Weighted Discrimination (DWD) and Maximal Data Piling (MDP). The HDLSS asymptotics
of the first three methods have been previously studied in Hall, Neeman and Marron [19],
where the probability of correct classification of a new data is considered when the dimension
d of the data sets tends to infinity. The comparison of the four methods has been done by
simulation studies in Marron, Todd and Ahn [28], [29]. As contributions of this work we
extend the results of [19] and give theoretical proofs of some empirical results of [28] and [29],
by specifically studying the asymptotic behavior of the orthogonal vectors to the separating
hyperplanes of the four methods, as data dimension increases. We also compare the Mean
Difference method with the Support Vector Machine method when the dimension of the data
is large but fixed.

In Section 3.1 we give a brief description of the four methods mentioned above. In
Section 3.2 we show that these methods have asymptotically the same behavior when d
tends to infinity. Specifically, we see that when the data sets are spherical Gaussian and one
set has mean zero and the other has mean vy, then the orthogonal vectors of the separating
hyperplanes tend to be in the same direction as vy when || vg > d"/? and tend to be
orthogonal to vy when || vy ||< d'/2. This section also contains the HDLSS analysis of
behavior in the interesting boundary case || vq || d/2. Since the data are Gaussian and the
only difference between the two data sets is the mean v, this vector is the optimal direction
(the best direction) for the orthogonal vector of the separating hyperplane. In Section 3.3
we show in a particular setting that in the case when the data sets are very well separated,
that is || vg ||>> d"/2, MD is better than the SVM method when d is large, in the sense that
Anp, the angle between the MD orthogonal vector and the optimal direction vy, is always
smaller than Agy s, the angle between the SVM orthogonal vector and vg. In the case when
| v ||« d? we conclude that the MD method is a little better than the SVM method when
d is large, meaning that generally (but not always) Ay p is smaller than Agys; but the

39
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methods are almost indistinguishable when d grows, this means that half of the time Ay p
is smaller than Agy s when d increases.

3.1 Binary discrimination methods

In this section we present the linear classification methods treated in this chapter, which are
based on separating hyperplanes. Suppose that we have the following training data set

(x1,w1), (X2, ws), ..., (TN, wN), (3.1)

where 7; € R? and w; € {—1,1}, for i = 1,2,..., N. In particular, we have two classes
of data, the classes C'y and C_ corresponding to the vectors with w; = 1 and w; = —1,
respectively. Let X = [z1,25...,2n] be the d x N matrix of the training data and w =
(wy,wa, . .. ,wN)T be the vector of the labels. The following notation will be used:

e W is the N x N diagonal matrix with the elements of w in its diagonal,
e X, (X_) is the sub-matrix of X corresponding to the class Cy (C_),
e m (n) is the cardinality of the class C' (C_),

e 1, is the k-dimensional vector of ones.

We say that the training data set (3.1) is linearly separable if there exists a hyperplane
for which all the data of the class C'; are on one side of the hyperplane and all the data of
the class C'_ are on the other side. In this case a hyperplane with such property is called a
separating hyperplane of the training data set.

3.1.1  Support Vector Machine

A brief introduction to the Support Vector Machine (SVM) method for Binary Discrimination
Analysis is given in this section. For a more comprehensive and detailed study see for example
[11], [13], [14], [21], [40], [41]

The SVM method was proposed by Vapnik in [40] and [41]. It is one of the most useful
binary discrimination methods in the literature. In the linearly separable case, the SVM
method consists in finding a separating hyperplane that maximizes the distances of the
hyperplane to the nearest vector of each class.

More specifically, suppose that there exists a vector v and a scalar b such that the following
inequalities hold:

vz +b>1, if w =1,
v+ b< —1, if w;=—1. (3.2)
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In this case the hyperplane
vz +b=0

is a separating hyperplane of the training data set. Note that the inequalities in (3.2) can
be written as

wi(v'z; +b)>1, i=1,2,...,N. (3.3)

The vectors x; that satisfy the equality in (3.3) are called support vectors. That is, the
support vectors are the training vectors that belong to one of the hyperplanes

v'r+b=—-1 or v x+b=1. (3.4)

The set of support vectors will be denoted by SV.

Let d, and d_ be the shortest distances from the separating hyperplane to the nearest
vector in Cy and C_, respectively. Then the margin of the separating hyperplane is defined
as dy = dy + d_. Hence, the margin of the separating hyperplane is the distance between
the hyperplanes given in (3.4) which is

2
dy = —.
o]
In the separable case the optimal separating hyperplane or SVM hyperplane
Vg T+ by =0

is the unique separating hyperplane with a maximal margin. Thus, the SVM hyperplane
maximizes 2/ || v || subject to the conditions (3.3). Equivalently, the SVM hyperplane solves
the optimization problem

o e
minimize 5
subject to w;(v'x; +b)>1, i=1,2,...,N. (3.5)

According to [11], [13] and [21], the optimal vector is given by
vy = XWa, (3.6)

where a solves the optimization problem

o 1
maximize 1o — 3 | XWa ||,
subject to >0, a'w = 0. (3.7)

Furthermore we have that a; # 0 only if x; is a support vector, hence by (3.6) vy is a linear
function only of the support vectors. Since the support vectors satisfy the equality (3.3), the
bias by can be calculated as

bo = W; — U(—)F.TZ', (38)
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for any z; € SV.
From [29] we have that the optimization problem (3.7) is equivalent to the following

2
maxrimaize W
subject to 1) a% =1'a* =1, af,a* >0, (3.9)

where o and o are the sub-vectors of a* corresponding to the class C'y and C_. respec-
tively. Note that XWa* = X of — X_a’; thus we are minimizing the distance between
points in the convex hulls of the classes C, and C_. Therefore, if @* solves the optimization
problem (3.9), the orthogonal vector of the SVM hyperplane can be taken as

v = XWa' = X, &, — X_a*, (3.10)

which is the difference of a pair of closest points of the convex hulls of the classes and is
proportional to the vector vy given by (3.6).
For the non-separable case see [11], [13] and [21].

3.1.2 Distance Weighted Discrimination

In the HDLSS situation Marron, Todd and Ahn [28] observe that the projection of the data
onto the orthogonal vector of the SVM separating hyperplane produces substantial data
piling (that is, many of these projections are the same), and they show that data piling may
affect the generalization performance (how well new data from the same distributions can
be discriminated). Therefore, they propose the Distance Weighted Discrimination (DWD)
method, which avoids the data piling problem and improves generalizability. The idea of
this method is to find a separating hyperplane that minimizes the sum of the reciprocals
of the distances of the training data to the hyperplane. Thus, all the training data have a
role in finding the hyperplane, but data close to the hyperplane have a bigger impact than
the data that are farther away. Here we describe briefly how this method works for the case
when training data are linearly separable. The non-separable case can be found in [28] and
29].

Let v € R? be the orthogonal vector of the separating hyperplane and b € R its bias.
Define the residual of the i-th data vector as

ri = wi(v' @ +b). (3.11)

The DWD hyperplane
v x4+ b =0,

solves the optimization problem

N
o 1
minimaze E —
- T

1=

subject to  ||v|=1, 1, >0,i=1,2,...,N. (3.12)
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As can be seen in [29], the optimal vector v; is given by

XWj
v = —é (3.13)
| XWB ||
where B solves the optimization problem
mazimize 215/B— || XW3 |,
subject to >0, fTw=0, (3.14)

with v/ denoting the vector whose components are the square roots of the components of
B. Note that the optimization problem (3.14) is similar to that of (3.7) for the SVM method.
On the other hand, from [29] the residuals are given by

1
r,=—7— t=12...,N. (3.15)

VA
Thus, from the equation (3.11) the bias can be calculated as

Wi v] Ty, (3.16)
\/ Bi
for any data vector x;.

Similar to the case of the SVM method, it is shown in [29] that the optimization problem
(3.14) is equivalent to

by =

(L /By +1, /B2
I Xepr =X Bz |
subject to 1) B* =116 =1, p%,B* >0. (3.17)

maximize

Hence we are trying to minimize the distance between points in the two convex hulls, but
divided by the square of the sum of the square roots of the convex weights. Therefore, if
[* solves the optimization problem (3.17), the orthogonal vector of the DWD hyperplane is
proportional to

v =X, B - X_B". (3.18)

3.1.8 Mean Difference Method

In the Mean Difference (MD) method, also called the nearest centroid method (see [37]), the
separating hyperplane is the one that orthogonally bisects the segment joining the centroids
or means of the two classes. That is, if the means of the classes C'; and C_ are given by

Ty :% Z x; and T_ :% Z x;, (3.19)

xZEC.;,. r,€C_
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respectively, then the MD hyperplane has orthogonal vector
V=T, —T_ (3.20)

and bisects the segment joining the means T, and T_. Thus, as in the case of the SVM and
DWD hyperplanes the orthogonal vector of the MD hyperplane is the difference between two
points on the convex hulls of the two classes.

3.1.4 Maximal Data Piling

The Maximal Data Piling (MDP) method for binary discrimination was proposed by Ahn
and Marron [1]. This method was specially designed for the HDLSS context and we need to
assume d > N —1 and that the subspace generated by the dataset has dimension N—1. Under
these assumptions there exist direction vectors onto which the projection of the training data
are piled completely at two distinct points, one for each class. The orthogonal vector of the
MDP method is the direction vector for which the distance between these two points is
maximal. On the other hand, in [1] it is shown that the MDP method is equivalent to
the Fisher Linear Discrimination (FLD) in the non-HDLSS situation. However, Bickel and
Levina [10] have demonstrated that FLD has very poor HDLSS properties, while in [1] is
shown that, although data piling may not be desirable, the MDP method can work very well
and better than FLD under some settings in the HDLSS context.

In order to explain how to build the separating hyperplane for this method, let u =7, —7_
be the difference of the means of the two classes, where T, and T_ are given in (3.19). Define
C =[X}, X ], where X and X are the centered versions of X, and X _ respectively, that
is

Xr=X,-7,1), X, =X_-7_1;.
The symmetric projection matrix onto the orthogonal complement of the column space of C
is given by Q = I; — CCT, where A' is the Moore-Penrose generalized inverse of A.
The MDP hyperplane
vy T+ by =0

has the property that its unit orthogonal vector v, is the direction for which the projections
of the two class means have maximal distance, subject to the constraint that the projection
of each training data onto the vector is the same as its class mean. In other words, vy solves
the optimization problem

mazimize (v u)?,
subject to CTv =0, v'v=1. (3.21)

It is seen in [1] that the orthogonal vector is given by

Vg = QU
*TTQul

(3.22)
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This means that vy is orthogonal to the N —2 dimensional subspace generated by the columns
of C'. Furthermore, the expression (3.22) is equivalent to

(X X)Tu

= TXXD (3.23)

V2

where X, is the centered version of the the data matrix X. Therefore, vy is also in the N —1
dimensional subspace generated by the globally centered data vectors. Finally, the bias by
can be calculated as

by = —vy (MT4 +nT_)/N. (3.24)

3.2 Asymptotic results for the orthogonal vectors

In this section we consider the d x N matrix X = [x1,2,...,2x] whose columns are a
training data set for two classes. Suppose the first m columns of X are the vectors of the
class C; and the remaining n = N — m columns are the vectors of the class C'"_. Therefore,
the matrices

Xy = [$1,$2-~,l‘m]7

X = [xm-i-lv LTm+2; - - - 7xm+n]

are the sub-matrices of X corresponding to the class Cy and C_, respectively. We assume
that the random vectors in C'; and C_ are independent with d-multivariate normal distri-
butions N4(vg, I4) and Ny(0, 1), respectively. Note that the difference between these classes
is made by the mean vector vy. So the length of vy, || vg ||, is crucial for classification
performance.

Because the separating hyperplanes of the discrimination methods described in Section
3.1 are determined by their orthogonal vectors, the behavior of classification is studied con-
sidering the direction of these vectors. When the dimension grows and the sample size is fixed
(HDLSS framework) asymptotic performance of all these methods will be related with the
distance between the two class distributions, in particular by || v4 ||. Before giving the main
theorem of this section, we state the next lemma which tells us that when || vy || =2 — ¢
with ¢ > 0, the orthogonal vectors of the three methods MD, SVM and DWD converge to
the same direction as d — oo.

Lemma 3.2.1 Let X, and X_ be as before and assume || vq || V% — ¢, with ¢ > 0. If

the vector v = X ay — X_a_, where a > 0 and 1] oy, = 1] a_ = 1, is proportional to the
orthogonal vector of the MD, SVM or DWD hyperplane we have
Oy —> —, Qj_ — —, (325)
m n

fori=1,2... mandj=1,2,...,n, as d — oo.
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Proof. Let y; = x,,1; for j =1,2,...,n. By the Law of Large Numbers (LLN), see [36,
pp- 220], we have the following

[ o | pyge Mwi—will el |2, e (3.26)

for i # j, as d — oo. We also have

S, Var(z!?)

=1-—1 = —=1-—1
d — 1, d — 1,
k k
BT =BG w2,
- =" — 7,

as d — oo; then by Section 3.2 of [19]

H l'zdl/Zy] H i) /) — (2 + 02)1/2’ (327)
as d — oo. By [19], (3.26) and (3.27) imply that the data z1,...,zy tend to be the vertices
of an N-polyhedron (a figure in (N — 1)-dimensional space with just N vertices and all its
faces given by hyperplanes in (N — 1)-variate space) as d — oo. This polyhedron has m
of its vertices arranged as those of an m-simplex (an m-polyhedron with all edges of equal
length) and the other n vertices arranged in an n-simplex. The data in C'; and C_ tend to
be the vertices of the m-simplex and n-simplex respectively as d — oo. Let x7,..., 2}, be
the vertices of the m-simplex and let y7, ..., y; be the vertices of the n-simplex.

If v = X, a, — X_a_ is proportional to the SVM orthogonal vector, as explained in
Section 3.1.1, v is the difference between the two closest vectors of the convex hulls of the
classes C'y and C_. When d — oo these convex hulls tend to be the m-simplex and n-
simplex, respectively. We will show that the closest points of these simplices are the means
t=>" xf/mand 7* =" yi/n. For the N-polyhedron we have

=i —ui =4,

fori =1,2,...,mand j = 1,2,...,n. Since the distance from z; to any vertex of the n-
simplex is the same, we have that for any j, x}, y; and y* are the vertices of a right-angled
triangle where the hypotenuse is the line joining z7 to y;. Thus, ¥* is the closest point in
the n-simplex to x7, for « = 1,2,...,m. Similarly, because the distance from y* to x} for
1=1,2,...,m is constant, the closest point in the m-simplex to ¥* is T*, hence the closest
points in the simplices are ¥ and y*. Thus we have (3.25).

In the case when v is proportional to the DWD orthogonal vector, by Section 3.1.2 we
have that a solves the optimization problem (3.17). For the N-polyhedron this « is given
by

1 1

ajp=—, oj_=—, 1=12,....m, j=12,...,n
m n
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This is because if 3 satisfies 1] 3, = 1/, = 1 then
| X364 — XEp- [[=]| 77 =¥ [|=]| Xiay — XTa_ ||

where X7} = [z7,..., 2} ] and X* = [y}, ..., y;], since 5 and ¥* are the closest points of the

simplices. Furthermore

107/By — 10V/B)? < (Vm+ vin)? = (Lu/ay + 1,7/a- )%,

thus

m\/ﬁ++]— \/ m\/a++1 \/
| X5By — X*B- H - [ Xiay - H
and a solves the optimization problem (3.17) for the N-polyhedron, hence we have (3.25).
For the case of the MD method v =7, —Z_ and

1 1 , .
o =—, oj_=—, 1=12....m, 5=12,...,n.
m n

Then we have (3.25). O

When || vq || is large the classification becomes easy, and it is rather challenging when
| vg || is small. In view of the results of Hall, Marron and Neeman [19], who showed that
spherical Gaussian data tend to lie at a distance d'/? from the mean when d is large, it is not
surprising that || vg ||~ d'/? is a critical boundary. This is confirmed by the next theorem
where we show that all the linear methods are consistent in the sense that the angles between
the orthogonal vectors of the hyperplanes and the optimal vector v; converge to zero, in the
case || vg [|>> d*/2, while for the case || vq ||< d*/? the orthogonal vectors do not converge to
the optimal direction. Furthermore they are strongly inconsistent, in the sense that they are
asymptotically orthogonal.

Theorem 3.2.1 If v represents the orthogonal vector of the Mean Difference (MD), Support
Vector Machine (SVM), Distance Weighted Discrimination (DWD) or Maximal Data Piling
(MDP) hyperplane we have that

0, if || va || d=Y% — oo,

x . —1/2 .
N il va ] 472 =0,
Angle(v, va) — arccos(c/(y+A)'V2), if |vg || d7* = ¢, ¢ >0,

as d — oo, wher67:%+%.

Proof. Case 1: When v is the orthogonal vector of the MD, SVM or DWD hyperplane.
We have seen in Section 3.1 that v is proportional to the vector v = X, ay — X_«a_ given in
Lemma 3.2.1. We also have

<?)/ Ud>

cos(Angle(v,v4)) = ool
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Let z; = x; — vq be the centered version of the data z; and let y; = 2,4, for i =1,2,...,m
and j =1,2,...,n. It can be seen that

k=1 \i=1 i=1
m d n
k
=D anr D =D ai Y u e |
i=1 k=1 i=1
Therefore
(v, va) =|| va || (Z i Nig — Za@_Ni,_) + [l va |, (3.28)
=1 i=1
where N; , = || va |70 0 2P0l and Ny o= g |7 S w0l for i = 1,2, m
and j = 1,2,...,n, are independent random Varlables with the standard normal distribution.
Furthermore

d m n
k=1 \i=1 ; =
m d
:Zazz,+zzk)2+22az+a]+z k)+z&?,—zy§k)2
1=1 k=1

=1 k=1 1<j
d
T SRV SHLVAEE) 9) SR SELS
i<j i=1 j=1 k=1

+2| vg | (Z a; Ny — Zai,_Ni7_> Tl vg | (3.29)
=1 =1

Note that by the LLN we have

d (k)2 d (k)2 d (k) (k)
Dimt | wyy o ZieY ey ZkmR W e Vi, Vj
d b d ) d ) ) b
Zd BONG Z Y (k) (k:
k:rdz (NG k= le 50, i # 7, (3.30)
as d — oco. It is also true that
Nit w
d1/2 — 0, d1/2 (3.31)

For the case when || vq || d7%/2 — oo, from (3.28)-(3.31) and since 0 < oy 1, ;< 1 we
have

E G
, vy 3.32
TR TG (3.32)
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as d — oo. Thus,

~<5; V) _ @»i)d)/ | va |2 NS
ool ol /1l val
and _
Angle(v, v4) = arccos (~<U’—Ud>) 50,
10 (Il va
as d — oo.

For the case when || vy || d7'/? — ¢, with ¢ > 0, from (3.28)-(3.31) and Lemma 3.2.1 it
can be seen that

107 w 2 0,v0)  w
—_— 3.33
y — v+, d1/2||vd||—>c’ ( )
as d — oo, where v = % + % Therefore,
(U,00) _ (W,va) /(d"? | va]]) L, ¢
o [ va | | o] /d"/? (v + )2

and

Angle(v, vg) = arccos (M) 5 arccos ((;)

1o (1l v |l v+ )
as d — 0o. In particular, for ¢ = 0 we have arccos(m) = 3.

Case 2: When v is the orthogonal vector of the MDP hyperplane. Let T = > x;/m,
Z=Y " %/m Y=y, y/n, where z; and y;, for i = 1,2,...,m and j = 1,2,...,n, are
as in Case 1. Note that

|z —7 |*= <zi—3,zi—z>:<(1_%) z@-—Z%,(l—%) 22—2’%>

g JF
1\2 d 1 d L) d L) 2
() T e () Ty (T
m/ = m/ = A =1 \jz
1V S (k2 1Y (m—1)Y/2 A I JRC
- 1__) 2 —2(1——)—22()]\](-)—1-—2]\7() (3.34)
i i —i D) —i
< m/ = m m k=1 mtoa
where NE’? = (m — 1)71/2 > zj(.k), for k = 1,2,...,d, are independent random variables

with standard normal distribution and they are independent of z;. Let u =7 — 7, if || vq ||
d='? — oo using (3.29), (3.34) and the LLN we can see that cos(Angle(z; — 7, u)) — 0 as
d — o0o. Analogously, cos(Angle(y; —7,u)) — 0 as d — oo. Thus

™ w

Angle(z; — T, u) — 5 Angle(y; — 7, u) — (3.35)

b

as d — 0o. The same is true if || vy || d7%/2 — ¢, with ¢ > 0.
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Let C' be the matrix whose columns are the vectors z; — 7, y; — ¥y, for i = 1,2,...,m
and j = 1,2,...,n. By Section 3.1.4 the orthogonal vector of the MDP method is given by
v =Qu/ || Qu || where @ is the symmetric projection matrix on the orthogonal complement
of the column space of C. According to (3.35), u tends to be in the orthogonal complement
of the column space of C'. Thus, when d is large Qu can be approximated by v and v can
be approximated by u/ || u ||. Therefore,

(v, vq)

cos(Angle(v,vy4)) = To ol

(3.36)

can be approximated by (u,vs) /(|| w||||va||). Hence by Case 1, this converges to 1 if || vg ||
d='/? — oo and converges to ¢/(y + ¢2)V2 if || vg | d7/? — ¢ with ¢ > 0. O

Remark 3.2.1 Recall that by Lemma 3.2.1 the MD, SVM and DWD orthogonal vectors
converge to the same direction when || vy || d=¥? — ¢ > 0 as d = oo. Due to the proof of
the last theorem, the unitary MDP orthogonal vector converges to the same direction as the
other three methods as d — 0o, since it can be approrimated by the unitary MD orthogonal
vector when d is large.

3.3 Comparison of the MD and SVM methods
In the case when || vg || d='/? — oo, by Theorem 3.2.1 we have that all the orthogonal vectors
converge to the optimal vector, but an interesting question is which of them is better in the
HDLSS context. In the case when || v4 || d=/2 — 0 and the orthogonal vectors are strongly
inconsistent, another interesting question is which of them is closer to the optimal direction
vgq. In order to compare the SVM and the MD methods in these cases we first obtain a useful
result that gives an explicit form for the orthogonal vector of the SVM hyperplane in some
particular settings.

Lemma 3.3.1 Suppose || vq ||= d°, with § > 0. Let x; be a vector in the class Cy and let
Y1, Yo be vectors in the class C_. If p is the probability that the orthogonal projection of x;
onto the line passing through y, and ys is on the segment joining these vectors, then

1, if 0 < 1;
p— < 20272 — 1052, ifé=1;
0, if 0 > 1,

as d — 0o, where ®(-) is the standard normal distribution function.

Proof. Let z; = x; — vy. Note that the orthogonal projection of x; into the line passing
through y; and ys is on the segment joining these vectors if and only if Angle(z1—y1, y2—11) <
7/2 and Angle(x; — yo,y1 — y2) < 7/2, if and only if

(T1 —y1,92—11) >0 and (@1 — Yo, 71 — Y2) > 0.
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Thus,

p=P([{(x1 —y1,y2 —y1) = 0] N [{(z1 — Y2, y1 — y2) > 0])
=1-=P([(z1 = y1,92 — y1) <OJU[(z1 —y2,91 — y2) < 0])
=1—[P({z1 —y1,y2 — 1) <0) + P({z1 — Y2, 41 — ¥2) < 0)]
=1-2P({x1 —y1,92 — 1) < 0). (3.37)

One can see that

P({(x1 —y1,92 — ) <O):P<<$1_yby2_yl> <O)

H Y2 — Y1 “
s <<Zl “ynye g | fate— ) 0> . (3.38)
|| Y2 — Y1 || H Y2 — H

From [19], when d tends to infinity 21, y1, y2 tend to form an equilateral triangle where each
edge has length approximately (2d)1/ 2. Therefore, the projection of the vector z; —y; onto the
vector yo —y1, given by (21 —y1,42 — y1) / || y2 =1 ||, is approximately (2d)'/?/2 = (d/2)"/>.
Thus, when d is large enough (3.38) is approximately

Va, Y2 — Y1 1/2 1/2 Vq 1
P((d/2>1/2+—< (de)l/f” <0) =P(<d/2>/ < (ﬂd)l/!N)

d d176 d176
- (Nl Z 3o, ||) - (Nl - 21/2) —he? (W) ’

where N1 = (vg,y1 — v2) /(212 || vq ||) is a r.v. with standard normal distribution and ®(-)
is its distribution function. Hence

0, if 0 < 1;
P({x1 — vy, — 1) <0) — { 1 —®(27Y2), if 6 =1; (3.39)
1/2, if § > 1,

as d — 0o, and from (3.37) we have the result. O

We now consider m = 1 and n = 2, which is a simple but very illustrative case. Let p be
the orthogonal projection of x; onto the line passing through v, and 1. If p is outside the
segment joining 1y; and yo, define pg as y; or y, depending on whether z; is closer to y; or
closer to ¥, respectively. Recall that the SVM orthogonal vector is the difference between
the two closest points of the convex hulls of the classes. In this case the convex hulls are the
point z; and the segment joining y; and y,. From Lemma 3.3.1 we have that when d — oo
the SVM orthogonal vector tends to be vgyy = 1 — p, if 0 < 6 < 1; vsyyr = 1 — Po,
if 6 > 1; vsyy = o1 — p with probability 2®(27/2) — 1 ~ 0.52 and vy = 1 — P With
probability 2 — 2®(27/2) 2 0.48, if § = 1.

Now we will compare the SVM method with the MD method under the cases when
0 <6 < 1and when § > 1, in the setting m = 1 and n = 2. We find that when || vq ||= d°
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with 1/2 < § < 1, i.e. when the distance between classes, || vy ||, is bigger than the
distance within classes, the MD classification is better than SVM, in the sense of having an
asymptotically smaller angle between the orthogonal vector and the optimal direction. This
is because the difference between the squares of Angle(vgy s, vq) and Angle(vyp,vg) tends
to be positive since this difference is approximately a multiple of a chi-square r.v. when d is
large. Note that this case corresponds to the setting || vq || d7%/2 — oo.

Theorem 3.3.1 (Case m = 1, n = 2) Suppose || vg ||= d° with 1/2 < § < 1. Let vsyu
and vy p be the corresponding vector v given in Lemma 3.2.1 for the SVM and MD method,
respectively. Let Agyy = Angle(vsyar, vq) and Apyp = Angle(vyp,vg), then

XQ
A%, — AR, = 271 +0,(d"1F9)  asd — oo,

for some € > 0 and where X? is a r.v. with the chi-square distribution with one degree of
freedom.

Proof. Let z, 7, y;, for i = 1,2, be as in the proof of Theorem 3.2.1. Since 1/2 <
0 < 1, by Lemma 3.3.1 when d is sufficiently large the orthogonal projection of x; onto
the line passing through y; and y, is on the segment joining these vectors with probability
approximately one. Therefore, when d is large enough, if p is this projection we can consider
that

p = a1y + asye, with aj,a3 >0, a; +az = 1. (3.40)

It can be seen that

(1 —Y,y1 — o) 1 (1 =Y, y2— 1) 1
ap = + -, a9 = —|— —. (341)
| yn —y2 ||? 2 | y1 —y2 ||? 2

From Hall, et al. [19] we have that

| 1 — v [|*= 2d + Op(1), as d — oo.
Therefore, we use this asymptotic result to express a; and as as

(w1 =Y, y1 — 1) 1 @ — (T1 =Y, 02 —wy1) 1

“e 2d Ty 27 2d T3
for d sufficiently large. Thus,
B (=Y ) 1 (T1 =Y, 1 — 1) 1
p—a1y1+azyz—( 4 +2 Y1+ 2d +2 Y2
A =7, 51— y2) _
= 5 (yi —y2) +7
21— Y, Y1 — Vg, Y1 — _
= 1 =701 ~ o) (y1 — o) + M(?ﬂ — 1) + 7. (3.42)

2d 2d
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Note that in this case vsyy = x1 — p = 21 — (@191 + azy2) because x; and p are the closest
points of the convex hulls. Therefore, (3.42) gives

(Vsvar, va) = (11 — P, va) = (21 — P, Va) + (Va, Va)

(z1 =7, 11 — Y2) (Y1 — Y2, Va)

— (o~ Tova) - v
(y1 — ¥2, Ud>2
2d
By (3.32) we have || vgvar |2 / || va [|>= 1 asd — 0o, so we can consider || veyar || / || va ||= 1
when d is large enough. Hence for large d we have that
cos(Agyar) = (Vsvar, Va) _ <USVM772fd>
[ vsvar [l va |l | va |

and substituting (3.43) into the last expression we have

(1 —=Y,va) (21 =Y, — Y2) (Y1 — Y2, Va)

A = —
colsvan) =T, e 24 vy
_ (1 — 2, Ud>2 +1 (3.44)
2d || va [|? ' '
Similarly we can see that
21— Y,
cos(Anrp) = W +1. (3.45)

Therefore, from (3.44) and (3.45) we have

(y1 — Ya, Ud>2 (z1 =Y, y1 — Yo2) (Y1 — Yo, Va)

A — A = 4
COS( MD) COS( SVM) 2d || Vg ||2 2d || vy ||2 (3 6)
We observe that for the first term on the right side of (3.46)
<Z/1 - y27vd>2 o N12 o ‘)C‘_l2 (3 47)

2 [vg |2~ d  d’

where Ny = (y1 — ya,v4) / (V2 || va ||) is a 1.v. with standard normal distribution and A7
is a r.v. with chi-square distribution with one degree of freedom. For the second term on
the right side of (3.46), observe that z; — ¥ and y; — y, are independent with distribution
N4(0,vI;) and N4(0,21,) respectively, where v = 3/2. Thus, the terms in the sum of the

inner product (z; —J,y1 — y2) = Zzzl(z§k) — gy — yék)) are independent identically
distributed r.v.’s with mean 0 and variance 27y. Then by the Central Limit Theorem (see
(36, pp. 313])

(1 =", 01 — ¥2)  w
(27d)1/2 — Ng, (348)
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where N, is a r.v. with standard normal distribution. By hypothesis we have || vy ||= d°
with 1/2 < § <1, so let 2¢ = § — 1/2 > 0 and note that

(1 =Ty = 4) (1 = ¥p,va) _ (21 =91 = Yo) (41 = Y, Va)
2d || va [|? 212d [ va |l 22 v |

(21 =Y, 1 — Y2) Y2 {2 — T,y — ) &

91/26+1 N, = o )12 = (3.49)
where N is as before. Using (3.48) and the fact that N;/d® = 0 as d — oo we have
1/2<Zl — Y, —92>& N
(27d)1/2 de ’
Thus, from (3.49)
<Zl B gu N — y2> <Z/1 - y27vd> _ OP(d_(l—’_E)), (350)

2d || va |*

as d — oo.

The Taylor expansion of the cosine is given by cos(z) = 1 — 2?/2 + O(2?) in the limit as
x tends to 0. So we can use this result and the fact that Agyy and Ayp converge to 0 in
probability as d — oo by Theorem 3.2.1, to approximate the left side of (3.46) by

Advu _ Alrp
2 2

when d is large. Therefore, from (3.46), (3.47) and (3.50)

X2
Aty — Ayp = 271 + Op(d~1"9),
as d — oo. I

The next theorem considers the case 0 < 0 < 1/2, that is when the distance between
classes is lower than the distance within classes and || vq | /2 — 0. In this case we
have that the MD method tends to be a little better than the SVM method when d is large
because the difference between Angle(vsy s, vqg) and Angle(vyp,vg) tends to be a multiple
of a product-normal distribution (which is symmetric around zero) plus a multiple of a chi-
square distribution. However, when d grows the two methods are indistinguishable because
the multiple of the chi-square r.v. converges to zero faster than the multiple of the product-
normal distribution. This provides a theoretical proof of the conjecture suggested by the
simulation results shown in Figure 2a of [28], where the proportion of wrong classification
of new data for the SVM method is always bigger than that for the MD method, and
these proportions tend to the same value as the dimension increases, considering a Gaussian
assumption for the data.
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Theorem 3.3.2 (Case m = 1, n = 2) Suppose vg = (d°,0,...,0)" with 0 < § < 1/2. Let
Agvu and Ayp be as in Theorem 3.3.1, then

Asvm — Aup = Mo + A +O(d~ 20
d AR

Ny (14e
= 20 0,
as d — oo for some €,e > 0, where Ny converges in distribution to the product of two
independent standard normal random variables as d — oo and X} is a r.v. with the chi-
square distribution with one degree of freedom.

Proof. Let 21, i, y;, for i« = 1,2, be as in the proof of Theorem 3.2.1. Since 0 <
d < 1/2, by Lemma 3.3.1 when d is sufficiently large the orthogonal projection of x; onto
the line passing through vy, and g, is on the segment joining these vectors with probability
approximately one. Therefore, for d sufficiently large we can consider this projection p as
in (3.40) with a; and as as in (3.41). Thus, when d is large enough vgyy = 21 — p. As in
the proof of Theorem 3.3.1, using (3.43) and the fact that by (3.33) || vsvar ||? /d = 7 as
d — oo, we have that for d sufficiently large

(z1 =Y, y1 — y2) (Y1 — Y2, Va) (y1 — Yo, Ud>2
291/2d3/% || vg | 291232 || v ||

cos(Apyp) — cos(Asvar) = (3.51)

Since cos(#) = sin(§ —0) V0 € R, we have cos(Agyas) = sin(5 — Asyar) and cos(Anp) =
sin(3 — Ayp). By the Taylor expansion of the sine around zero, sin(z) = 2 + O(z*) in the
limit as = tends to 0, and the fact that Agyy — 7/2, Ayp — 7/2 as d — oo (by Theorem
3.2.1), we can approximate the left side of (3.51) by Agyam — Aymp when d is sufficiently
large. The right side of (3.51) is equal to

1 — 1 1 k 1 1 1 1
(o =7 — )") + S -7 - - ) | @ - )
271/2d3/2 271/2d3/2—5

=R+ K,
where

k d
R — Zk 2( (k))(?/( - yé ))(ygl) - yél)) . 1 d—1 2N Z Wk
2y1/23/2 4 1 — (29)2(d — 1)1/2°

(3.52)

Wlth Ny = (yV —yM)/21/2 a r.v. with standard normal distribution, wy, = (2% —g®)(y® —
2 ), for k =2,...,d, and

(1) _, (y2
oW —u )

1 — 1 1
() — gyt — 42
(27)1/2d3/2*5 )

27 1/2d3/2
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Note that wy, k = 2,3,...,d, are i.i.d. random variables with F(wy) = 0 and Var(wy) =
27, then by the Central Limit Theorem the sum of the right side of (3.52) converges in
distribution to a r.v. Ny with standard normal distribution independent of N;. Therefore,
for d large enough we have that R is approximately equal to Ny/d, where Ny is a random
variable which converges in distribution to N1 N, as d — co. Thus we have

N
ASVM — AMD = 70 + K as d — 0o. (354)

Writing € = 6/2 > 0, we have

1 — 1 1
P s L) [0/ Sl 0

2 — 0 as d — oo.

Therefore, the second term of K in (3.53) is O,(d~®/27%%)) and

X7 —(3/2-6+¢)
where X2 = (ygl) - yél))2 /2 has a chi-square distribution with one degree of freedom. Now,

let 2¢ = 1/2 — § > 0 and note that d'**K = 0 as d — oo. Thus we also have
K = 0,(d1%9) as d — 0. (3.56)
Therefore, from (3.54), (3.55) and (3.56)

Asvm — Aup = Mo + A4 + Oy (d™B270D)
d 71/2d3/2—6 p

No

==+ O, (d~9)

d— oo0. U
Finally for the case when § > 1, which is in the setting || vq || d=*/? — oo, we also have

that the MD method tends to be better than the SVM method when d is large as we can
see in the next theorem.

Theorem 3.3.3 (Case m = 1, n = 2) Suppose || vq ||= d® with 6 > 1. Let Agyy and Ayp
be as in Theorem 3.3.1, then

P(ASVM > AMD) — 1 as d — 0o. (357)

Proof. Let zy, ¥, y;, for i = 1,2, be as in the proof of Theorem 3.2.1. By Lemma 3.3.1,
since 4 > 1 we have that the orthogonal projection of x; onto the line joining y; and ys
tends to be outside the segment joining these vectors when d — oo, thus the closest point
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to x1 in the segment joining y; and - is y; or ys. Let po be this point, note that po = 11
if Angle(x; — y1,y2 — y1) > 7/2, that is if (1 —y1,y2 —y1) < 0. Analogously, py = y» if
(1 — y2,y1 — y2) < 0. Let I4 be the indicator function of the set A. Then

Po = Y11z —y1 o —y1)<0] T Y2X a1 —ys 1 —y2)<0]

and by (3.39) P(po = v1) = P({(z1 — 1,92 —y1) < 0) — 1/2 as d — oo, analogously for
y2. Because the orthogonal vector of the SVM hyperplane is the difference between the two
closest points of the convex hulls of the classes we have vgy )y = 1 — po.

As in the proof of Theorem 3.3.2 we can approximate cos(Ayrp) —cos(Agy ) by Asvar —
Ayp as d — oo. Therefore, for d sufficiently large P(Asva > Ayp) = P(Asvar —Aup > 0)
is approximately

P(cos(Apnp) — cos(Agya) > 0) =P ( (varp, va) Wsvar, va) O)

|l vmp Ml vall 1l vsvar Il va |l

Since || vsvar 12/ || va 2= 1, || varp |2/ || va [|>= 1 as d — oo by (3.32), we have that the
last probability is approximately

P ((vMD,vd> _ (vsv s va) > O) = P({x1 — 7, vq) — {11 — Po, va) > 0)

| va |12 | va |12
= P((po—¥) > 0).

Recall that from [19] the vectors 21, y1, y2 tend to form an equilateral triangle as d — oo
because they are independent vectors with multivariate standard normal distribution. Thus
Angle(z; — v;, 7 — v;) = Angle(z1 — v;,y; — v;) tends to be less than 7/2 as d — oo and
therefore

P({(z1 — v, —yi) >0) — 1 as d — o0, (3.58)
for 7,5 € {1,2} and i # j.

Suppose po = y; for i € {1,2}, then (z; —vy;,y; —v;) <0 and (x1 — v;, 7 — ;) < 0 but
<LU1 - yz,@ - yl> - <zl - yuy - yz> + <Ud7y - y2> ’

then

<p0 - ya Ud> - <yl - y7 Ud) > <21 - yzay - yz>
and (3.58) implies that

P((po —9,vq) >0) — 1 as d — oo.
Thus we have
P(ASVM > AMD) —1

as d — oo. U

As a conclusion we have that the MD method seems to be better than the SVM method
under the settings of the last three theorems. We conjecture that these results can be
extended for the general case m,n > 2.






BIBLIOGRAPHY

1]

2]

[10]

[11]

J. Ahn and J. S. Marron. The Maximal Data Piling Direction for Discrimination.
Biometrika, 97(1):254-259, 2010.

J. Ahn, J. S. Marron, K. M. Muller, and Y. Chi. The High-dimension, Low-sample-size
Geometric Representation Holds Under Mild Conditions. Biometrika, 94(3):760-766,
2007.

A. Al-Zamel. On a Generalized Gamma-type Distribution with 7-confluent Hypergeo-
metric Function. Kuwait Journal of Science and Engineering, 28(1):25-36, 2001.

T. W. Anderson. An Introduction to Multivariate Statistical Analysis. Wiley Series
in Probability and Mathematical Statistics: Probability and Mathematical Statistics.
John Wiley & Sons, Inc., New York, second edition, 1984.

Z. D. Bai and J. W. Silverstein. On the Empirical Distribution of Eigenvalues of a Class
of Large-dimensional Random Matrices. Journal of Multivariate Analysis, 54(2):175—
192, 1995.

Z. D. Bai and J. W. Silverstein. Spectral Analysis of Large Dimensional Random Ma-
trices. Springer Series in Statistics. Springer, New York, second edition, 2010.

7. D. Bai and J. Yao. Central Limit Theorems for Eigenvalues in a Spiked Population
Model. Ann. Inst. Henri Poincare Probab. Stat., 44(3):447-474, 2008.

7. D. Bai and J. Yao. Limit Theorems for Sample Eigenvalues in a Generalized Spiked
Population Model. arXivw:0806.1141v1 [math.ST], 2008.

J. Baik and J. W. Silverstein. Eigenvalues of Large Sample Covariance Matrices of
Spiked Population Models. Journal of Multivariate Analysis, 97(6):1382-1408, 2006.

P. J. Bickel and E. Levina. Some Theory for Fisher’s Linear Discriminant Function,
“Naive Bayes” and some alternatives where there are many more variables than obser-
vations. Bernoulli, 10:989-1010, 2004.

C. J. C. Burges. A Tutorial on Support Vector Machines for Pattern Recognition. Data
Mining and Knowledge Discovery, 2:121-167, 1998.

29



60

BIBLIOGRAPHY

[12]

[13]

[14]

[15]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

K. L. Chung. A course in probability theory. Academic Press Inc., San Diego, CA, third
edition, 2001.

C. Cortes and V. N. Vapnik. Support-Vector Networks. Machine Learning, 20:273-297,
1995.

N. Cristianini and J. Shawe-Taylor. An Introduction to Support Vector Machines and
other kernel-based learning methods. Cambridge University Press, Cambridge, U.K.,
2000.

J. A. Diaz-Garcia, R. Gutierrez, and K. V. Mardia. Wishart and Pseudo-Wishart
Distributions and Some Applications to Shape Theory. Journal of Multivariate Analysis,
63(1):73-87, 1997.

D. Feral and S. Peche. The Largest Eigenvalues of Sample Covariance Matrices for a
Spiked Population: Diagonal Case. Journal of Mathematical Physics, 50(7):073302, 33,
2009.

S. Gemman. A Limit Theorem for the Norm of Random Matrices. Annals of Probability,
8(2):252-261, 1980.

I. S. Gradshteyn and I. M. Ryzhik. Table of Integrals, Series and Products. Academic
Press, Inc., San Diego, CA, sixth edition, 2000.

P. Hall, J. Marron, and A. Neeman. Geometric Representation of High Dimension,
Low Sample Size Data. Journal of the Royal Statistical Society. Series B. Statistical
Methodology., 67(3):427-444, 2005.

D. C. Hoyle. Automatic PCA Dimension Selection for High Dimensional Data and
Small Sample Sizes. Journal of Machine Learning Research, 9:2733-2759, 2008.

A. J. Izenman. Modern Multivariate Statistical Techniques: Regression, Classification
and Manifold Learning. Springer Texts in Statistics. Springer, New York, 2008.

K. Johansson. Shape Fluctuations and Random Matrices. Communications in Mathe-
matical Physics, 209(2):437-476, 2000.

I. M. Johnstone. On the Distribution of the Largest Eigenvalue in Principal Components
Analysis. The Annals of Statistics, 29(2):295-327, 2001.

I. M. Johnstone. High Dimensional Statistical Inference and Random Matrices. In In-
ternational Congress of Mathematicians. Vol. I, pages 307-333. Eur. Math. Soc., Zurich,
2007.

S. Jung and J. Marron. PCA Consistency in High Dimension, Low Sample Size Context.
The Annals of Statistics, 37(6B):4104-4130, 20009.



BIBLIOGRAPHY 61

[26]

[27]

28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]
[37]

[38]

[39]

[40]

[41]

C. G. Khatri and M. S. Srivastava. On Exact Non-null Distributions of Likelihood
Ratio Criteria for Sphericity Test and Equality of Two Covariance Matrices. Sankhya
A, 33:201-206, 1971.

V. A. Marchenko and L. A. Pastur. Distributions of Eigenvalues of Some Sets of Random
Matrices. Math. Sb. (N.S.), 72(114):507-536, 1967.

J. S. Marron, M. J. Todd, and J. Ahn. Distance-Weighted Discrimination. Journal of
the American Statistical Association, 102(480):1267-1271, 2007.

J. S. Marron, M. J. Todd, and J. Ahn. Distance-Weighted Discrimination. February,
2007. Manuscript, available at http://www.stat.uga.edu/~jyahn/DWD/.

M. L. Mehta. Random Matrices. Academic Press, Inc., Boston, MA, second edition,
1991.

R. J. Muirhead. Aspects of Multivariate Statistical Theory. John Wiley & Sons, Inc.,
Hoboken, New Jersey, second edition, 2005.

B. Nadler. Finite Sample Approximation Results for Principal Component Analysis: a
Matrix Perturbation. The Annals of Statistics, 36(6):2791-2817, 2008.

D. Paul. Asymptotics of Sample Eigenstructure for a Large Dimensional Spiked Covari-
ance model. Statistica Sinica, 17(4):1617-1642, 2007.

K. C. S. Pillai and B. N. Nagarsenker. On the Distribution of the Sphericity Test
Criterion in Classical and Complex Normal Populations Having Unknown Covariance
Matrices. The Annals of Mathematical Statistics, 42:764-767, 1971.

N. R. Rao, J. A. Mingo, R. Speicher, and A. Edelman. Statistical Eigen-inference from
Large Whishart Matrices. The Annals of Statistics, 36(6):2850-2885, 2008.

S. I. Resnick. A Probability Path. Birkhauser Boston, Inc., Boston, MA, 1999.

B. Scholkopf and A. J. Smola. Learning with Kernels: Support Vector Machines, Regu-
larization, Optimization and Beyond. The MIT press, Cambridge, Massachusetts, 2002.

J. W. Silverstein. The Smallest Eigenvalue of a Large Dimensional Wishart Matrix.
Annals of Probability, 13(4):1364-1368, 1985.

C. A. Tracy and H. Widom. On Orthogonal and Symplectic Matrix Ensembles. Com-
munications in Mathematical Physics, 177(3):727-754, 1996.

V. N. Vapnik. Estimation of Dependences Based on Empirical Data. Springer Series in
Statistics. Springer-Verlag, Berlin, 1982.

V. N. Vapnik. The Nature of Statistical Learning Theory. Springer-Verlag, Berlin, 1995.



62 BIBLIOGRAPHY

[42] J. Wishart. The Generalized Product Moment Distribution in Samples from a Normal
Multivariate Population. Biometrika, 20A(1-2):32-52, 1928.



	Agradecimientos
	Introduction
	1 On the spectrum of the Wishart distribution
	1.1 Definition and basic properties
	1.2 Distribution of the spectrum: classical context
	1.2.1 Joint density function of the eigenvalues
	1.2.2 Joint characteristic function of the eigenvalues
	1.2.3 Distribution of the eigenvectors
	1.2.4 Asymptotic distribution of the spectrum when p is fixed

	1.3 Asymptotic results for the spectrum: Random Matrix Theory context
	1.3.1 Marchenko-Pastur distribution
	1.3.2 Tracy-Widom distribution

	1.4 Exact distribution of the largest eigenvalue
	1.4.1 Mixtures of distributions
	1.4.2 The case p=2
	1.4.3 The case p3


	2 Principal component analysis for the spiked covariance model in HDLSS
	2.1 Spiked covariance model
	2.1.1 Different asymptotic contexts
	2.1.2 Asymptotic behavior of the sample eigenvalues and eigenvectors

	2.2 PCA under same asymptotic order of magnitude
	2.2.1 Asymptotic behavior of the sample eigenvalues
	2.2.2 Subspace consistency of the sample eigenvectors

	2.3 The Gaussian case and some statistical eigen-inference
	2.3.1 Hypothesis testing for the p largest population eigenvalues
	2.3.2 Confidence intervals for the p largest population eigenvalues

	2.4 PCA under different settings
	2.4.1 Asymptotic behavior of the sample eigenvalues
	2.4.2 Subspace consistency of the sample eigenvectors


	3 Binary discrimination analysis for high dimensional data
	3.1 Binary discrimination methods
	3.1.1 Support Vector Machine
	3.1.2 Distance Weighted Discrimination
	3.1.3 Mean Difference Method
	3.1.4 Maximal Data Piling

	3.2 Asymptotic results for the orthogonal vectors
	3.3 Comparison of the MD and SVM methods

	Bibliography

