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Abstract

In this paper we study inference for high dimensional data that are characterized by small
sample sizes relative to the dimension of the data. In particular, we provide an infinite-
dimensional framework to study statistical models that involve situations in which (i) the
number of parameters increase with the sample size (that is allowed to be random) and (ii)
there is a possibility of missing data. Under a variety of tail conditions on the components of
the data, we provide precise conditions for the joint consistency of the estimators of the mean.
In the process, we clarify and improve some of the recent consistency results that appeared in
the literature. Furthermore, we provide various results concerning the rate of convergence in
the joint consistency results. An important aspect of the work presented is the development of
asymptotic normality results for these models. As a consequence, we construct different test
statistics for the one-sample problem concerning the mean vector and obtain their asymptotic
dist! ributions as a corollary of the infinite dimensional results. Finally, we use these theoreti-
cal results to develop an asymptotically justifiable methodology for data analyses. Simulation
results presented here bring out the salient features of the proposed methodology and describe
situations where the methodology can be successfully applied. The simulations also evaluate
the robustness of the proposed methodology under a variety of conditions, some of which are
substantially different from the technical conditions required of the theoretical results. Com-

parisons of the proposed methods to other methods used in the literature are also provided.
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1 Introduction

Modern scientific technology is providing a class of statistical problems that typically involve data
that are high dimensional, and frequently lead to questions involving simultaneous inference for large
sets of parameters. The number of parameters in these datasets is often random, and grows rapidly
in comparison to the sample size; furthermore, there can be missing observations. Microarrays
epitomize this situation, but similar problems arise in other areas such as polymerase chain reactions,
proteomics, functional magnetic resonance imaging, and astronomy. For example, in microarray
experiments the number of expressed genes differ between replicates, and certain genes do not
express in all replications, which leads to missing data. Statistical analyses of such problems is
an area of increasing concern, and various statistical models and methods have been developed to
analyze these situations. Some recent references in this area include [11] and [29], which study
the large p small n problem. The references [10], [22], [23], [24] and [25] study joint asymptotics
in the context of general regression problems when the number of parameters diverge to infinity
with the sample size . In particular, [11] investigates the simultaneous estimation of the marginal
distributions in the large p small n problem, and it describes how these results can then be used to
control the so-called False discovery rates(FDR).

The primary focus of this paper is to develop a general framework for the statistical aspects of
these high dimensional problems, incorporating both a random number of parameters and missing
data. This is achieved by relating it to various aspects of infinite dimensional problems. Although
the methods of our paper apply generally to many high dimensional data problems, we will frequently
use the terminology from microarrays to facilitate connections to one of the contemporary scientific
disciplines. Now we turn to some specifics of our model.

For each fixed integer n > 1 we begin with a collection of independent sequences of real valued
random variables {&,;; : j > 1}. All are assumed to be defined on a common probability space,
and there is no dependence relationship assumed as n and j vary. In the context of microarrays,
for n fixed, each of these sequences represents the expression levels of genes in one replication of the
experiment. The index n can be interpreted as either the time frame or as a label for the laboratory
where the experiment is being performed. In particular, the random variable &, ; ; can then be

th replicate with index n. The number

thought of as the expression level of the j** gene in the i
of replicates, for fixed index n, could be any integer r(n), but for the sake of simplicity we take
r(n) = n. Nevertheless, the techniques of this paper can be applied to develop results for other
choices of r(n).

Since the expressed genes between replicates may not coincide, either due to the random number
that appear or for other reasons (which can be viewed as random deletions), we incorporate these
two non-mutually exclusive possibilities into our model. We let N, ; denote the random number

of variables within the it*

replicate having index n. We also assume for each integer n > 1 that
{N,i : ¢ > 1} is an i.i.d sequence of integer valued random variables with P(N,; > 1) = 1. Of
course, in real datasets we also have P(N,, ; = c0) = 0, but our results also apply to the situation
where P(N,,; = 00) > 0.

To model missing data, we postulate that the missing mechanism is independent of the expression
level and the random number of parameters are involved. For this reason, we introduce the Bernoulli

random variables {R,,; j:n >1,4> 1,5 > 1} to represent missing data indicators, where

P(Ry;j=1)=pforn>1,i>1j>1 (1.1)



We will assume that 0 < p < 1, and also that the sequences {&,;;:n > 1,0 > 1,57 > 1}, {Ry;:
n>1,9>1,j>1},and {N,,;:n > 1,7 > 1} are independent. The case p = 1 corresponds to the
case that there is no missing data.

In traditional multivariate analysis, such data is typically represented as random vectors in a fixed
dimension d. However, since we are studying the model in which the dimension of the parameter
vector diverges to infinity with the sample size, we represent it as a vector in R*, the linear space

of all real sequences. That is, we set

Xon,i = anm@n,mep i1=1,---,m, (1.2)
j>1
where
On,ij =10 < Nni)Rnij, (1.3)

forn>1,i>1,j>1, and {e; : j > 1} is the canonical basis for R*°; that is e; = {0, : k > 1} for
j=1,2,---, where §;, =1 for j =k and 0 if j # k. In the context of microarrays, the coordinates
of the vector X,, ; are thought to be the “normalized expression levels” of genes identified in the
ith replicate with index n . In probabilistic terms, the collection X, 1, X, 2, -, X, , forms a
triangular array of n independent R*°-valued random vectors. Let N} = maxj<;<y IN,,; denote the
maximum number of components (columns) in the dataset; or in the context of microarrays, the
total number of expressed genes present. If P(N} < oo) = 1, the components of X, ;, namely
&n,i,jn,i g, equal O for 7 > N, ;. In other words, X, ; € co, where cg is the linear space of all real
sequences converging to 0. Hence we will be concerned with asymptotic inference for data in ¢y. We
will also be interested in data in other Banach subspaces of R*°, as these spaces and their norms
arise naturally in various statistical settings. Throughout the paper we allow the possibility that
P(Nj; = 00) > 0. We also will use the notation = ., z;e; to denote a typical vector in R,
where {e; : j > 1} denotes the canonical basis vectors defined above.

The space ¢y, with the usual sup-norm given by

||2|[ec = sup |z;], (1.4)
i>1

is naturally appropriate when studying the asymptotic inference for a one-sample problem using the
maximum of suitable “averages” of gene expressions. The other Banach subspaces of R* that we

use in this paper are [,,2 < p < oo, where the norm is given by

el = (3 |ayl?)7 (1.5)

j>1

when 2 < p < 0o, and by (1.4) when p = co. Our main asymptotic results concern the statistics

= znjxn (1.6)
1=1

and N
o . §n,i,j9nlj . nlfnz; nl]
Snn = Z V12 Z Z V72 7 (1.7)
i=1j2>1 n,j i=1 j=1 n;
where .
anj = max{lazon,i,j}a n = 15.] > 1. (18)

=1



Here the coordinate wise random-normalizers V,, ; take into account the differences amongst columns
due to missing data and random row lengths, and if we replace the V;, ; in S, ,, by n'/2, then we
obtain S, ,/n'/2. Our results include consistency, rates of convergence, and asymptotic normality
for these sums.

The statistic S'nn is important when we consider asymptotic normality in our model, as it
essentially normalizes each column by the square root of the number of terms in that column. If
p = 1, and for positive integer constants b(n) we have P(N, ; = b(n)) =1 for all ¢ > 1, then (1.7)

reduces to

n b(n)
§n 1]
ZZ nl/2 €j- (1'9)
1=1 5=1
If p =1 and we also have P(N,, ;1 = o0) = 1, then
G =SS i 1.1

"v"_z n1/2eJ' (1.10)

i=1j>1

We also study the statistic

n Nn,
nn_zzgnzj nl] :ZZ nl] nl] ' (111)

i=1j>1

For the moment assume that E(&,;)(= pn,;) is independent of ¢, and H, ; is the sigma-field
generated by the random variables {N,, ; : ¢ > 1}, {R,;; : 4,7 > 1} and the event U?_, {6, ,,; = 1}.
Also, for each j > 1, let Tnyn,j denote the j* b coordinate of Tnyn. Then, these coordinate sums are

conditionally unbiased estimators of y, ;, i.e. for each j > 1 we have
E(THHJ|HHJ) = Hn,j-

Furthermore, for each j > 1, these components are also conditionally least squares estimators in the

following one-way analysis of variance model
§nij = Hnjt€nig, 1<1< Vi, (1.12)

where E(€,,; ;) = 0. Analysis of each of these components can be carried out using traditional
techniques involving one dimensional laws of large numbers and the central limit theorem. However,
the joint analysis of all the variables (or even finitely many components) brings in correlations
between the components of &, ; ; for various j, and also the correlations induced by the random
sample sizes INV,, ; and the random normalizations V;, ;. Our goal is to address the joint behavior of
these statistics under a variety of conditions.

Since the statistics Sy, n, Sn n and T n,n are infinite-dimensional vectors, the choice of the norm
will play a critical role in the analysis. As mentioned previously, we will work with different norms
on various subspaces of R*. Expectedly, the asymptotic results that we develop will depend on the
assumptions on the random variables IV, ; and on the tail behavior of &, ; ;. When N,, ; = p,,, where
Pn is non-random, exponential in n, and p = 1, this is the so-called large p small n problem, and
[11] and [29] studied the behavior of S, ,, in the sup-norm under various assumptions on the tail
behavior of &, ; ;. For example, the results proved in [29] assume that the random variables have

bounded support, while [11] replaces this condition by various exponential decay conditions on the



tail behavior of &, ; j. The primary technique employed in [11] to obtain consistency results uses
Massart’s [16], which provides uniform constants for the exponential rate of sup-norm convergence
of the empirical distribution function to the true distribution function. This is then used to obtain
results for the relevant partial sums of random variables using integration-by-parts techniques. While
this approach yields useful results, the integration by parts required seems to obscure the true nature
of the matter. From what we do here, we will see that it is more fruitful to study the problem from
the point of view of the random variables themselves in that we are able to clarify some of the results
described in [11], and also extend them under a broader range of conditions to our more general
model.

The rest of the paper is organized as follows: Section 2 develops further notation and contains
statements of the main results of the paper. These results concern joint consistency and joint
asymptotic normality. Our first result is a global consistency result providing complete convergence
for ||Snnllee and |[Spnllee; and in order to further understand the magnitude of ||y || our
Theorem 1 also establishes the exponential integrability of a suitably scaled version of ||S,, ,||2%.
This result is proved under a sub-Gaussian tail condition on the variables {&,; ;}. An important
question concerning the role of the index n in &, ; ; appears in Theorem 3. There the magnitude
of ||Sy.nllec is shown to be even smaller if the variables summed are from an i.i.d. sequence of R*
valued independent random vectors, rather than a triangular array. Theorems 2 and 4 both provide
additional con! sistency results for S'nn under a variety of conditions, the main ones being on N,
and the tail behavior of the random variables {£,; ;}. In particular, Theorems 2 and 4 cover all
the consistency results in [11], and Theorem 4 even provides results when the tail behavior of the
{&n.i,;} is polynomial in nature. Theorem 5 provides both weak and strong consistency for ’fnn
The proofs of these consistency results are contained in Section 4.

An important aspect of our work is that it investigates the asymptotic limit distribution of S'nyn,
and in Theorems 6 and 7 we provide central limit theorems in ¢y and in £,, 2 < p < oo, under a
variety of asumptions. A novel aspect of these results is that the normalizer is different for each
component in S'nyn, which is motivated due to the presence of missing data. In this setting we
also obtain the analogous weak laws of large numbers, i.e. we show that the random vectors ’fnn
converges to zero in probability as n tends to infinity. An immediate consequence of the asymptotic
normality results is that ||S,, ,||s converges in distribution to the sup-norm of the limiting Gaussian
random vector. These results are useful in developing tests for sample size determination while
designing experiments. Our asymptotic normality results in f3, and also £,, naturally yield limit
distributions of statistics analogous to the Hotelling’s T2 statistic. One can use this convergence
to develop tests similar to those based on Hotelling’s T? statistic. A simulation study undertaken
in Section 6 discusses such problems. The proofs of asymptotic normality results are contained in

Section 5, and the concluding remarks are in Section 7.

2 Additional Notation and Main Results

In this section we develop the additional notation and assumptions, and present the main results of
the paper. As mentioned in the introduction, since the dimension of the vectors grow as n increases,
our approach is to view the data as random elements of the space of real sequences R>.

The results that we obtain will depend critically on the tail probabilities of the random variable
{&n.i,;}. These assumptions are of two types, namely that the tail probabilities decay at an expo-



nential rate, or that they decay polynomially. In the large p small n problem, our results imply that
these tail probability conditions are closely tied to the way p must relate to n. For example, in the
classic version of this problem where p grows exponentially fast in n, we need tail probabilities that
decay exponentially fast, whereas if p grows only as a power of n, then we only need polynomial
decay for the tails. The precise nature of this interplay for consistency results is contained in The-
orems 2 and 4. In particular, the remarks following these theorems contain precise information on
their relationship to the large p small n problem.

First we discuss the exponential decay case. Here we assume that for some r, 0 < r < 2, and all
x > 0 there are constants ¢, ; and £, ; such that

P(|n, il = 7) < cnyeFmi® (2.1)

foralln > 1,j > 1. Random variables satisfying (2.1) with r» = 2 are usually said to be sub-Gaussian,

and if for 1 <1 < n we have that each &, ; ; takes values in the interval [a, ;, b, ;|, then we will see
below that (2.1) holds with r=2,

cnj=2and ky ;= 2(bp; —an;)?)"", n>1,j5>1. (2.2)

Actually, (2.1) is well known, but it will also emerge from what we prove below. Throughout, when
&n.i,; = 0 with probability one, in (2.1) we take

¢nj=1and kyj=o00, n>1,j=>1 (2.3)

In addition, note that ¢, ; > 1 is necessary by setting =0 in (2.1).

It is also useful to notice that if the condition (2.1) holds for some r* > 1, then it holds for
all 1 <r < r* by simply adjusting the constants ¢, ; and keeping the same k£, ;. In particular, if
(2.1) holds for some r > 2, then it holds for » = 2, and we are in the sub-Gaussian setting. In [11]
this seems to have gone unnoticed, and there one finds results for » > 2 which are weaker than the
corresponding 7 = 2 results. However, this should not be the case as the previous comment implies
the r = 2 result applies directly to what is proved there. Of course, in some settings there could be
results that distinguish between various r values, even for r > 2, but that does not happen here,
and is why we restrict 7 to be in (0, 2]. Our methods also yield results when 0 < r < 1, whereas in
[11] r is always greater than equal to one and, as described above, the r > 2 consistency results are
equivalent to those for ! r = 2.

Another situation we will discuss is when the assumption of exponential decay of the tails of
&n,ij in (2.1) is replaced by the polynomial decay

P(|6nigl > 2) < — 0 >0

Trays 20 24)

where ¢, ; > 1 and typically for our results, 2 < k,, ; < o0.

We will assume throughout the paper that E(¢, ;) = 0 for all n,i,j > 1. Should this not be
the case, one would simply replace the tail probability conditions in (2.1) and (2.4) by analogous
conditions for the variables {&,; ; — E(&n,i,j)}, and formulate the results in terms of these variables.
One can provide fairly precise formulas for how these tail probability constants for a random variable
& compare to those for £ — F(£), but the fact remains it is more convenient from a notational point
of view to assume at the start that our random variables are mean zero. Hence we do this without

further mention.



2.1 Consistency and Rates of Convergence Results

In this subsection we present several consistency and rate of convergence results for S, ,,, Sy n, and
’fmn with respect to the sup-norm on ¢y. Our first result concerns the statistic S'nn

Theorem 1. Let {X,; : 1 < i < n} be as in (1.2), assume (2.1) holds with r = 2, and take
{an : n > 1} to be a sequence of positive numbers. Furthermore, assume ¢, ;, kn ; are constants such
that ¢, j > 1, ky; < 0o and
> Y exp{—(ean)’kn /(16 )} < o0 (2.5)
n>1j>1

for e > €y. Then,
Z P(HgnnHoo > €an) < 00 (2.6)

n>1
for all € > €y, where S'nn is given as in (1.7). Thus, if the constants c, ; and ky ;j are such that

uniformly in n > 1 and for some § > 0,
kn,j/ (16¢n,5) = 0L(j + 3), (2.7)

then for all € > 0 such that €26 > 1 we have

1.l

hTIlILSOlip W S € (28)
In particular, if (2.7) holds, then with probability one
[1Sn,nlo0
M = —_ 2.9
P T3z =% (2:9)
and there exists an a > 0 such that
E(e*™) < 0. (2.10)

Moreover, if the anf are replaced by n'/? in S, ,, , then again (2.6), (2.8), and (2.10) continue to
hold.

Remark 1. The above theorem provides an interesting interplay between the constants a,, ¢, j, and
ky.;. For example, in order for ||5’nn|| to be bounded in probability, the proof shows it is sufficient

that the constants c, ; > 1 and ky ; < oo satisfy

supZeXp{—eknyj/(lficnyj)} < 00 (2.11)

nzl>1

for some € > 0. In Theorem 6, we will establish a central limit theorem for S'n,n, and that ’fnn

converges to zero in probability under related conditions.

In Theorem 1, the impact of the random row sizes {N,; : ¢ > 1} is hidden due to our choice
of normalizations {a,} as given in (2.5). For example, (2.5) implies the ratio &, ;/c,, ; cannot be
bounded as j goes to infinity, but in our next result we only require this ratio to be uniformly
bounded below in both n and j by a strictly positive constant. Under this different set of conditions
the role of {N,,; : i > 1} appears in the normalizations for S, ,, given by h(n) in (2.12). In particular,
if Nyi =py for {i > 1, n > 1}, then Theorem 2 and Remark 4 below yield the results in Corollaries
1 and 2 in [11] when r = 2. The consistency results in [11] for 1 <r < 2, as well as for many other

cases, follow immediately from Theorem 4 below.



Theorem 2. Let {X,,;:1<i<n} beasin (1.2), and assume (2.1) holds with r =2, and that for
1<e< oo, 0<k<oo, we have ¢, j < ¢ and ky ; > k for alln,j > 1. Let,

h(n) = (67 ' L(E(N})) + 6 Ln)'/?, (2.12)

where 64 = k/(16¢) and 03 > 0. Then

. [ISn.nlls
1 P(——————>1) = 2.1
am Py~ 20 =0 (2.13)
and if also 0,05 > 1, then
> P(lISnnlloe > h(n)) < oo. (2.14)
n>1

Finally, if the anf are replaced by n'/? in S, ., then again (2.13)-(2.14) hold.
Remark 2. Note that (2.13) immediately implies

8nnlloe _ g, ( LEX) + Ln

nt/2 n

1172y, (2.15)

which relates to the weak consistency of Sp.n. In particular, if L(E(NZ))/n converges to zero, then
(2.15) implies that ||S,, u||so/n/? tends to zero in probability. Furthermore, replacing n by n® for
some § > 0 yields analogous results. Similar comments can be made concerning strong consistency.

For example, (2.14) implies with probability one that

o Bl les
msup ——-——

msup St < 1, (2.16)

and hence S, ,,/n'/? converges to zero with probability one provided L(E(N;))/n converges to zero

as n approaches infinity.

Remark 3. If N, ; = p, for {i > 1, n > 1}, then (2.13)-(2.16) immediately hold under the
conditions stated, and they also hold under this assumption if the anf are replaced by n'/? in S'nn
Furthermore, if p, > n, then (2.15) immediately relates to the results of Corollary 2 in [11], as it
implies _
Sn.nlloo

nl/2

= Op((FL2)), (217)

In particular, (2.15) improves Corollary 2 and its proof considerably whenever r > 2 there, and the
case 0 < r < 2 will be discussed in what follows. To relate these results to Corollary 1 of [11] follows
in a standard way. That is, if Yp(x) = exp{aP} —1 forx > 0 and 1 < p < oo, then the 1,-Orlicz

norm of a random variable X is defined to be
1 X[y, = inf{c > 0: E(yp(|X/c]) <1}, (2.18)

where the inf over an empty set is taken to be infinity. Then, by Lemma 1 below, and Lemma 2.2.1
of [30], we have for each n > 1 that

1 &g/l < 4(3c/(nk))'/2, (2.19)



Thus by applying Lemma 2.2.2 of [30], and that

STLTL o0 -
WSnnlloe _ e 15 01/, (2.20)
1—1

n 1<j<pn
=

it follows that there is a constant 3 < oo, depending only on s, such that
Sn n|loo 3c
8malloey < a2 50008 (1 4y 72 (2.21)

In view of our Lemma 1, we thus we have an improvement of Corollary 1 in [11], which only provides

a comparable result when the {&, ; ;} are bounded.

To evaluate the sharpness of the exponential moments of M? in Theorem 1, we present the
following result. In view of the law of the iterated logarithm this is essentially best possible, and
occurs because for partial sums of a sequence of independent random vectors one can typically work

along geometric subsequences. Of course, for partial sums of triangular arrays this option is generally

unavailable.
Theorem 3. Let X1, Xy, -+ be independent random vectors with values in R and such that
Xi = Z&J‘e]‘, 7 Z 1, (222)
i>1

where {& j: j > 1}, i > 1, are independent sequences of mean zero random variables satisfying

2

P(|&i 5 > x) < ¢je " (2.23)

for allx > 0 and i > 1. If k;/(16¢;) > 0L(j + 3) for some 6 > 0, and all j > 1, and S,, =

X1+ -+ Xy, then

LL
=Ry, (2.24)

where
M = sup _NSalls (2.25)

1s such that
B(e™™’) < 0o (2.26)

for all a > 0 sufficiently small.

We next study the situation when the random variables {¢,; ;} satisfy the exponential tail
condition (2.1) with 0 < r < 2, or polynomial decay as in (2.4). When 1 < r < 2, a special case of
these results clarifies Corollary 2 of [11]. This can be seen in Remark 5 below. The r = 2 case in
this corollary already appeared as a simple consequence of Theorem 1. It should also be observed
that this theorem provides sufficient conditions for consistency which involve a precise relationship
between the size of p,, in the large p small n problem, and the tail decay of the data. This relationship
is shown to exist even when there is only polynomial decay in the data, and as one might expect in
this situation the growth of p,, or E(N), needs to be further restricted, i.e. in such results p, and

E(N;) grow at a corresponding polynomial rate.



Theorem 4. Let {X,;:1 <4 <n} be as in (1.2) and assume that (2.1) holds with 0 < r < 2.
Also assume for alln > 1 and j > 1, that ¢, j < ¢ and ky j > k, where 1 < c¢ < oo, 0 <k <oo. Let
sp = ci(L(E(N})) +2Ln)Y'", and

h(n) = (3 "L(E(N})) + csLn)V/2, (2.27)

where ¢; > 2/kY", ¢ = k/(128¢), and c3 > 0. Then,

: [1Snn|loo
lim P(—————>1)=0. 2.28
If we also assume cocs > 1, then
> P(l[Snnlloe > n2s,h(n)) < oo. (2.29)

n>1

Furthermore, if k > 2 and the polynomial condition in (2.4) holds, then
1S nnlloc = Op(n' s, (L(E(N;)))/?), (2.30)
where s, = (NnE(N))¥ 1P and 8 > 0. Additionally, if E(N?) >n, b > 8, and k§ > 1/2, then

> P(|Snnlloe > bsan'/2(LIE(N;;))?) < oo (2.31)

n>1
In particular, if E(N}) is asymptotic to n” for v > 1, then

> P(||Snnllse > bsnn' 2 (LIE(N;;))/?) < oo, (2.32)

n>1
provided b > 8 and (v + 1)k3 > 1.

Remark 4. An immediate consequence of (2.28) is that
1Snnl]o (L(E(N?)) 4 Ln)+
1Znnllee — Op(

n n1/2

), (2.33)

and if (L(E(NY)) e /nt/? — 0, then (2.33) easily implies S, n/n converges to zero in probability.
In addition, if Ny ; = pn, forn > 1,0 > 1, where {p, : n > 1} is a sequence of integers, and p, > n,

then it follows from (2.33) that

247
|[Snnlloc (Lpn) 2
Hence using the above for r € (0,2), and (2.15) for the case r = 2, one obtains an extension and
clarification of Corollary 2 and its proof in [11]. It is also interesting to observe that the method of
proof for Theorem 4 applied to the r = 2 situation only yields

Snn oo L n
ISnalloe _ 5, LPny (2.35)

n n1/2

Hence we see the methods used for the r = 2 case in Theorem 2 are sharper than those we have for

other values of r.
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Remark 5. If co = k/(128¢) and cocg > 1, then an application of the Borel-Cantelli lemma and
(2.29) implies that, with probability one,

y [1Sm.nllso
1m sup

S D) + 2Lny RGeS (2.36)

(+r)

Thus, (2.36) implies that ||Sy.n|leo/n converges to 0 with probability one if (L(E(N})) =2 /n'/? —
0. Furthermore, if Np; = pn for n > 1,0 > 1, where {p, : n > 1} is a sequence of integers and

Dn > n, then, with probability one,

S
lim sup [1Sn.nllo

< 2/kYT 2.37
D g () (3 ogpn T ealogm) 2 = (2:37)

provided co = k/(128¢), and cocs > 1. In addition, we easily see from (2.37) that ||Spynlleo/n
converges to zero with probability one provided (Lpy,) e /nt/? = 0.

Remark 6. Under the assumption of polynomial decay given in Theorem 4, and assuming that
E(N}) is asymptotic to nY for v > 1, we easily see from (2.32) that ||Sy.nllec/n converges to
zero almost surely provided k is sufficiently large so that for B > 0 we have (v + 1)Bk > 1 and
v+ 1)(1/k+p) <1/2.

Now we focus on the analogue of Theorem 2 for the case 0 < r < 2. This is more delicate, and
hence we consider random row lengths, but we do not allow random deletions. More precisely, we
study

Tn,n - Z Z §n,i,jj(j < Nn,i)ej/vn,ja (238)
j>1i=1

where V,, ; = Z?:l I(j < Nni).

Theorem 5. Let ’fnn be defined as in (2.38) and assume {&,; : n > 1,0 > 1,5 > 1} satisfy
(2.1) with 0 < r < 2, and that for 1 < ¢ < 00, 0 < k < 0o we have ¢, ; < ¢ and k, ; > k for
all n,j > 1. Assume further that the support of {Ny; : 1 > 1} is a subset of {1,2,---,d(n)} with
P(N,1 = d(n)) = g, where g, > n~? for some 6 € [0,1/4). Let s, = ci(L(E(N})) + Ln)'/",
c1 > 4/kY7, and

bl = s (L HEQD) sy (2.39)

where co = k/(128¢) and c¢3 > 0. Then

: 1Tl oo
2 > = 0. .
nh~>nolo P( hn) = 1)=0 (2.40)
Moreover,
Y PITwalles = h(n) < oo (2.41)
n>1

provided cacg > 1.

Remark 7. It follows from (2.40) that

||Tn,n||oo - OP( 1-45 )a (2'42)
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and (2.41) implies that, with probability one,

TTL n|joo
limsup% <1. (2.43)

1—45

Hence, if limnﬁoo(L(E(N;)))?_:/n 7 =0, then we have ||Tp.n||so tending to zero in probability
and with probability one.

2.2 Asymptotic Normality Results

In this section we present results on the asymptotic normality of the quantity S'nn Since the
estimator typically lives in ¢g, our first result, Theorem 6, is a central limit theorem in that setting.
Theorem 7 and Remark 11 contain CLT’s in ¢,, 2 < p < co. These results hold when the underlying
process is a triangular array with random row lengths and possibly missing data. We also are able to
use the coordinate-wise random normalizations V;, ; in Theorems 6 and 7, whereas Remark 11 uses
the classical normalizations and, as result, holds under far weaker moment conditions. The papers
[20] and [21] contain CLT’s in g, as well as related references, and much is known about the CLT in
the spaces £,, 2 < p < oo. However, none of these results incorporate random row lengths, missing
data, or coordinate-wise random normalizations in their formulations. In addition, the results in
[20] and [21] require a uniform boundedness assumption on the {, ; ;} to obtain results related to
what we prove.

A key assumption in any central limit theorem is that there is a limiting covariance function.
Since our results include the use of random column-wise normalizers, we have need of a couple
different limiting covariances. That is, if

n

L(in,j2) = 3 E&niginiga) /1

i—1
is such that
nlLHgo w1, J2) = L1, J2) (2.44)
for all ji, jo > 1, then for k = 1,2 we set
T'(k, j1,j2) = P*T(j1, j2), for j1 # ja, (2.45)
and
U(k, j1,j2) = p*'T(j1, ja2), for j1 = jo. (2.46)

Theorem 6. Let {X,, ;: 1 <i<n} beasin (1.2), assume (2.1) holds withr =2, and that ¢, ;, kn_;

are constants such that ¢, j > 1, k, ; < oo and

SUp Cpj/kn,j < 0. (2.47)
n,j>1
Also assume for all 6 > 0 that
lim su exp{—0k, i/cn it = 0. 2.48
ol n;igd p{ gl ngt ( )
i>
If Sy is given as in (1.7), then
{£(Sn.n): n>1} is tight in co. (2.49)
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In addition, if ’fnn is as in (1.11), and for each j > 1 we have lim, oo P(N, 1 < j) = 0, then
Tn,n converges in probability to zero in co. Moreover, if the anf are replaced by n'/? in gn,n, then
again (2.49) holds, and ’fnn converges in probability to zero. Furthermore, if we also assume (2.44),
(2.45), and (2.46) hold, and for each d < oo we have P(minj<;<, Ny, ; < d) = o(1/n?) as n tends to
infinity, then T'(k,-,-) is the covariance of a centered Gaussian measure v on co for k =1,2, and

L(Sy,n) converges weakly to v (2.50)
on co. If the anf are replaced by n'/?, then (2.50) still holds with limiting measure Yo.

Remark 8. The conditions (2.44),(2.47), and (2.48), along with (2.1) when r = 2, allows the
limiting Gaussian measures i to exist on cy. Moreover, without such assumptions, with the most
important being (2.44) and (2.48), there are examples of triangular arrays of the form indicated
when the CLT must fail on cq, although it may hold on R>. Of course, without (2.44), then the
CLT will fail even on R*.

Remark 9. If the constants ¢, j, ky, ; are such that ky j/(16¢y ;) > 0;L(j + 3) uniformly inn > 1
for some 6; > 0 and lim;_, 0; = oo, then it is easy to see that (2.48) holds for all 6 > 0.

Our next result is a central limit theorem in ¢,, 2 < p < co. As in Theorem 6, this result holds
when the underlying process is a triangular array with random row lengths and possibly missing
data.

Theorem 7. Let {X,;:1 <4 <n} be as in (1.2), and assume (2.1) holds with r = 2 and that

Cn.j, kn,; are constants such that c,; > 1, ky ; < oo and

SUp Cpj/kn,j < 0. (2.51)
n,j>1

Also assume for some p, 2 < p < oo, we have

lim sup > (¢n j/kn;)"* = 0. (2.52)
>d

d—o0 n>1%

If S, is given as in (1.7), then
{L(Snn): n>1} is tight in £,. (2.53)

In addition, zf’fnn is asin (1.11), and for each j > 1 we have lim,_.oc P(Np1 < j) =0, then ’fnn
converges in probability to zero in £,. Furthermore, if we also assume (2.44), (2.45), and (2.46)
hold, and for each d < oo we have P(minj<;<n, N,; < d) = o(1/n?) as n tends to infinity, then

[(k,-,-) is the covariance of a centered Gaussian measure v on £, for k=1,2, and
L(Snn) converges weakly to 7, (2.54)

on £,.

Remark 10. If the anf are replaced by n'/?, then under the conditions of Theorem 7 both (2.53)
and (2.54) hold with limiting measure 2. We also have ’fnn converges in probability to zero in this
situation. This can easily be seen from a simplification of the proof we give for the random normal-

1zers anf and, as one might expect, even more is true. That is, one could apply known sufficient
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conditions for triangular arrays of independent random vectors to satisfy the CLT in{,, 2 < p < oo.
Ezamples of such results and related references can be found in [2], page 206-207. However, in order
to continue in the spirit of this paper, and to phrase our conditions in terms of the random variables
{&n.i,j} as much as possible, we present an alternative result. It is certainly not best possible, but
instead emphasizes obtaining basic sufficient conditions in terms of the moments of these random

variables. In particular, it replaces (2.1) with r=2, (2.51), and (2.52) by these moment assumptions.

Remark 11. Let {X, ;:1 <i<n} be as in (1.2) and assume for some § > 0 that

sup E([&n.q417°) < o0 (2.55)
n,i,j>1
and for some p, 2 < p < 00,
Jim sup > (E(|gnisl?)*? = 0. (2.56)

d—oo
n1>1J>d

If S, is given as in (1.6), then

{E(i?/g) : n>1} is tight in £,,. (2.57)

Furthermore, if we also assume (2.44), (2.45), and (2.46) hold, and for each d < oo we have
P(minj<;<, Ny, ; < d) = o(1/n?) as n tends to infinity, then T'(2,-,-) is the covariance of a centered
Gaussian measure 7y on £, , and
S
L(

%) converges weakly to 7o (2.58)
n

on £,.

Remark 12. The conditions in (2.55) and (2.56) follow from tail conditions of polynomial type.
Hence they require far less than (2.1) with r = 2, but in contrast, it is also easy to see that (2.52),

and also (2.56), are much more restrictive than the analogue in the co setting given in (2.48)

3 Some Probability Estimates

Here we provide some basic probability estimates used throughout the paper. The first lemma deals
with the sub-Gaussian situation, and the inequality we present for bounded random variables is not
best possible, as slightly better constants in the basic estimate can be obtained from Theorem 1 in
[9]. Nevertheless, we include a proof for this case, as our argument generalizes to the unbounded case.
Our approach is to compute the necessary Laplace transforms, and then use Markov’s inequality
efficiently. This is standard for such problems, but in order to proceed from first principles, and also
keep track of relevant constants, we include the details.

Lemma 1. Let Xy, -, X, be independent random variables with E(X;) = 0. If P(X; € [a,b]) =
for 1 <1i<mn, then
P(I> " Xil/n> ) < 2exp{-na®(2(b — a)®) "'} (3.1)
i=1
for all x > 0. In particular, when n =1 each X; is sub-Gaussian with relevant constants ¢ = 2 and

k= (20b—a)?) L. If

2

P(|X;| > z) <ce® (3.2)
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for 1 <i<n and all x >0, then

P(>" Xi|/n > z) < 2exp{—nka?/(16¢c)} (3:3)

i=1
for all x > 0.

Proof. First observe that if Y is a mean zero random variable, then Jensen’s inequality implies
E(etY) > etP(Y) = 1 for all real t. Thus for Y3, Yz independent copies of Y we have E((Y; —Y3)!) =0
for [ odd, and therefore

E(e™) < BE(e")E(e™™) = BE(e'M 7)) =14 ) " E((Y1 - Ya))/(2D). (3.4)
1>1
If P(X; €[a,b])=1for 1 <i<n then E((Y; — Y2)*) < (b— a)? and since (21)! > 2/(1")2 for [ > 1
we therefore have

E(etY) S 1 + Zt2l(b o a)2l/(2ll!) _ et2(b7a)2/2'
>1

Applying this estimate to each of the X/s for 1 < i < n, the independence of the X/s and Markov’s
inequality implies that for each ¢ > 0 we have

P(Z Xi/n>x) < efnthE(etXi) < efn(tmft2(b7a)2/2)'
=1 i=1

Since z > 0, minimizing the right hand term over ¢ > 0 we take ¢t = z/(b — a)?, and hence
P(Z Xi/n>x) < e’/ (2(b-a)%)
i=1

Applying the previous argument to — > .~ | X; we thus have (3.1).
To prove (3.3), we first show that if E(Y) =0 and

2

P(Y|>z) < ce *® (3.5)

holds for all z > 0, then
E(eY) < et/ (3.6)
for all ¢t > 0.
To verify (3.6) let Y7, Y5 be independent copies of Y. Then

B((vi - o) = |

P = Yo 2 a)do = [ P(Yi - el 2 2V,
0 0

and since P(|Y7 — Ya| > x) < 2P(|Y1] > 2/2), we thus have
E((v: —Y2)?) < 2/ P(|Y1| > 2722/ @)ydz < 20/ e~ 4R g
0 0
Taking s = 4~ 'kz'/! in this last integral, and recalling that ¢ > 1 in (3.5), we have

E((Y1 —Y2)?H < 20(4/k)ll/ e s ds = 2c(4/k)1! < (8c/k)'.
0
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Thus for all real t we have

E(e™) <1+ (#3)(8c/k)/(21)! < etet™/k,
>1

Applying the previous inequality, independence, and Markov’s inequality as before, we have for all
z,t >0 that
P(Z X; > nx) < exp{—n(tx — 4ct®/k)}.
i=1
Minimizing the right hand side over ¢ > 0 we take t = 2k/(8¢) and hence

P(Z X; > nx) < exp{—nkz?/(16¢c)}.

i=1
Applying the previous argument to — Y ;" | X;, we thus have (3.3), and the lemma is proven.

The next two lemmas apply Lemma 1 to provide probability estimates in the sup-norm.

Lemma 2. Let {X,,;:1<1i<n} be defined as in (1.2), and assume (2.1) holds for r =2, and the
constants ¢y j, kn j are such that 1 < ¢, ; and 0 < ky ; < co. If Qq(x) = ZjZdJrl xzje; for x € R,
and gnn is given as in (1.7), then for alld > 0 and § > 0

P([|Qa(Sun)lloc 2 0) < Y 2exp{=6%kn,;/(16¢0,5)}- (3.7)

j>d+1
In addition, if the V,, ; are replaced by n*/? in Sy, then again (3.7) holds.

Proof. We first establish (3.7) for general V,, ;. When the V;, ; are replaced by n'/2 the result
then follows by an immediate simplification of this argument.
If Hnym- = I(] S Nn,i)Rn,i,j as indicated, then P(@nym- = 1) = Pn,jiD, where Pn,j = P(] S Nn,l)

form>1,5>1,and for k=0,1,---,n we define the events
Ek,n,j - U[GIk,n,jFIa (38)
where 7y, ,, ; denotes all subsets I = {41, --- i} of size k in {1,--- ,n} and

Fr = {Hnyiyj =1forallie I and Hnym- =0forie {1, ,n}ﬂfc}.

Note that F7 depends on n and j, but we suppress that in our notation.
Since V,, ; = max{1,> i, Oni;} and >\ &,..0n.i; = 0 on Ep,, j, we therefore have for each
0>0, n>1,and d > 0 that

PIQuBan)llz ) < Y 3P {|Zsm Onii| = 8V} 0 B g).
j>d+1k=1
Now
n k
1/2 . .
P €niibnigl = 0V, Y 0B ) = . PUIY ningl = 0kY2y 0 Fr 1= {in, -+ Jin}),
i=1 I€Tk n,; =1

and letting

= > ZP {|Zsm Oni| = OV 2} O Epen ),

j>d+1 k=1
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we have by using the independence of the various sequences of random variables involved that

n k
Ap = Z Z Z P({|Z§n,i17j| Z5k1/2})P(FIa I= {ila"'aik})

j>d+1 k=1 IGI)&",]‘ =1

<2 ) Y exp{—0%kn ;/16¢n ;} P(Ex.n j)-

§>d+1k=1

Of course, in the previous inequality we are applying (3.3) of Lemma 1 to estimate P({] Zle Enyingl =
§k'/2}). Thus we have

P([|Qu(Snn)llso > 6) < > 2exp{—6%kn;/(16¢,;)},
G>d+1

which proves (3.7) for general V;, ;.
When the anf are replaced by n'/2, the proof is immediate since the random variables {&, ; j0.i ; :
n > 1,9 > 1,7 > 1} also satisfy (2.1), and hence one can apply (3.3) of Lemma 1 immediately to

obtain (3.7). Hence the lemma is proven.

In order that the probability estimate in the previous lemma be useful k, ;/c, ; must be un-
bounded as j tends to infinity. Our next task is to see what happens if we remove this assumption,
and only ask that this ratio is uniformly bounded below by a strictly positive constant. This is the

content of our next lemma, which is a modification of Lemma 2.

Lemma 3. Let {X,,;:1<1i<n} be defined as in (1.2), and assume (2.1) holds for r =2, and the
constants ¢y j, kn,; are such that 1 < cp,; <c<ooand 0 <k < k,; < oo. If gnn S given as in
(1.7), and N} = maxi<i<n Np.i, then

S N ka?

In addition, if the V,, ; are replaced by n*/? in Sy, then again (3.9) holds.

Remark 13. If N, ; = p, for {i > 1, n > 1}, then (3.9) immediately implies

~ k2
P([|Snnlloc = ) < 2pn eXp{_l—Gc}’ (3.10)

and if the anf are replaced by n'/? in S, ., then again (3.10) holds.

Proof of Lemma 3. Following the proof of Lemma 2 we observe that if 6,,;; = I(j <
Nyi)Rnij, then P(6,,;; = 1) = py;p, where p,; = P(j < Np;) forn > 1,5 > 1, and for

m=20,1,---,n we define the events
Emn,j =VUrez,, ., 1,
where Z,, ,, ; denotes all subsets I = {i1,---,i,,} of size m in {1,--- ,n} and
Fr={6n,;=1forallie land §,,;;=0foriec {1,--- ,n}NI%.
Recall V,, ; = max{1,>.""  0,,,} and observe that > ;" &, 0ni; = 0 on Ey, ;. Hence for

each z > 0, n > 1,

P(IISnnlloe =) <333 PUIY . nininisl = 2V 7Y 0 By 0N = ul).
=1

u>1j=1m=1
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Now

1/2 * *
P> &niibnigl = 2V, 2 30Em 0N =u}) = Y P &ninyl = am 2 InFiN{N;: = u}},
i=1 I€Tm n; =1
and letting

u n n

A0 =3NS PAIY €nijnigl = 2V, [P 0 By 0 NG = u}),
=1

u>1j=1m=1

we have by using the independence of the various sequences of random variables involved and (3.3)
of Lemma 1 that

4= S P Gl = am NP 1= {iv,....in}} 0N = u})
=1

u>1j=1m=1I€Ty n;

<2y i i exp{—akn ;/16¢n ;} P(Emn j N {N; = u}).

u>1j=1m=1

Thus we have

P([|Snnlloo = @) <2) > exp{=a?kn;/(16c0,3)} P(N;; = u) (3.11)

u>1j=1

<2) > exp{~a’k/(16c)} P(N;; = u),

u>1j=1

where the last inequality follows since ¢, ; < ¢ and k,, ; > k for all n, j > 1. Hence this implies
P(||§nn||Oo > <2E(N}) exp{—ka/(lfic)}. (3.12)

Therefore (3.9) holds, and when the anf are replaced by n'/2, the proof follows from the ideas
used in the general case. That is, by following the previous argument one obtains the analogue of
A,, to be

A= 3"3" >" P &gl = an'PHP{FL, T ={ix, .. im}} N {N; = u}).

u>1j=1m=1I€Tm n ; =1

Hence by applying (3.3) of Lemma 1 we have

A, <2 Z Z Z exp{—22k,, jn/(16mey, ;) } P(Emn i N {N; = u})

u>1j=1m=1

<2) 3N exp{=2k/(16¢)} P(Enm,nj N {N; = u}),

u>1j=1m=1

where the last inequality holds since n > m, ¢, ; < ¢, and k, ; > k here. Therefore we again have
P(|[Snnllec > ) < 2B(N;) exp{—2k/(16¢)}

when the anf are replaced by n'/2, and the lemma is proven.
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Next we turn to a method which will allow us to handle a broader collection of random variables.
Here the {¢,;;} satisfy (2.1) with r € (0,2), or the less restrictive conditions of polynomial decay
given in (2.4). Of course, the results depend on the rate of decay of the tails of the {,; ;}, but
under a variety of assumptions we are able to obtain further consistency results in this setting. The
relevant probability inequalities are obtained in our next lemma, and can be viewed as a substitute

for those in Lemma 1.

Lemma 4. For each integer n > 1 let X1, -+, X, be independent, mean zero random variables,

such that for some r € (0,2) we have

r

P(|X;] > x) < ce™F® (3.13)

for1<i<n and all x > 0. Then for all z > \/gMcykyr/\/ﬁ and all s >0

T

}+4cnexp{——} (3.14)

|ZX | > nx) <4exp{—

1=1

322

where Mfk = fooo ce= ke dg < 0o. In addition, for all x > \/gMcykyr/\/ﬁ and all s > 1, we also

have
nkx? ks”
19808 o 3/ +4cnexp{—

|ZX | > nz) < dexp{—

1=1

1. (3.15)

Moreover, if for some ¢ >0 and k > 2, (3.13) is replaced by

c
X;| > P 3.16
P(Xi| >z z) < L (3.16)
for 1 <i<n and all x > 0, then for all z > \/gMcyk/\/ﬁ and all s >0
2 22+kcn
|;1X|>n:c)<4exp{ 22}+(2+s)k’ (3.17)
where Mik:fo mdt<(}0

Remark 14. If we take s = nT a7 then for © > /8M.../\/n we have that (3.14) implies

n _r_ 2r _r_ 2r
nzEr patr knztr xa+r
P X;| > <4 - 4 —
(130 2 m0) < dexpl =70 demespl 7
which makes the exponents on the right of comparable size. Since the proof of (3.14) and (3.15) also
implies (3.14) and (3.15) when r = 2, it is interesting to note that the previous inequality is not as

sharp as that in (3.3) in Lemma 1 when r = 2.

Remark 15. If the median of each X; is zero, then (3.14) and (3.15) hold for all x > 0 and s > 0.
That is, when the medians are zero the key inequality (3.20) below follows directly from (5.8) in [6],
page 147, without restrictions on x. A similar remark holds for (3.15) provided s > 1.

Proof of Lemma 4. First we observe that for r fixed, uniformly in i, 1 <4 < n, (3.13) implies

B(X2) = / P(IXi| > tY/2)dt < M2, < oo,
0

19



Hence if 2 > \/gMCJW /+/n we have by Cheyshev’s inequality that

P(1Y_Xi > nz/2) <43 B(XP)/(n*a%) < 1/2 (3.18)

Now let Y7, ---,Y, be an independent copy of X, ---,X,, and observe that

P(Y X > na)P(|D Vil <na/2) < P( Y (Xi = Yi)| > na/2). (3.19)
1=1 1=1 1=1
Then for all > \/8M., j. ,.//n, (3.18) and (3.19) combine to imply
P(I> "X = nx) <2P(| Y (Xi = Yi)| = nx/2). (3.20)
1=1 1=1

Taking s > 0 we define (X; —Y;)* = (X; — Y)I(]X; — Y| <s). Then

n

P(|Z(Xl Y| > nx/2) < I,(s,x)+ IL,(s,x) (3.21)
where .
In(s,z) = P(| Z(Xz‘ - Y)°| = nz/2)
and

I5,(s.2) = P max |(X; ~ ¥;) — (X, ~ ¥i)'| > 0).
Applying (3.1) of Lemma 1 to (X1 —Y7)%, -+, (X, — Y;,)® we see that
L(s,2) < 2exp{—n(z/2)*(2(25)%)" 11, (3.22)

and (3.13) implies

n n k:S,’,
IL,(s,x) < PX; =Y >s) <2 P(|X;| > s/2) < 2cnexp{— . 3.23
();(I I);(II/) pi-5-} (3.23)
Applying (3.20),(3.21),(3.22), and (3.23) we thus have
PUS X > ne) < dexp{— 220} 4 demexp{—" (3.24)
il 2 nz) < dexp{-5575 cnexp{——-}. .

=1

Thus (3.14) of Lemma 4 is proved.

The proof of (3.15) follows that for (3.14) up to the point we apply (3.1) of Lemma 1 to I,,(s, z) in
(3.22). At this point we now apply (3.3) of Lemma 1 to the random variables (X1 —Y1)*%, -+, (X,, —
Y,)?. That is, (3.13) implies that for all z > 0 and 1 <¢ < n that

12
P(I(X: = Yi)*| 2 2) < P(X3| > 2/2) + PV 2 2/2) < 2ee 57

where the last inequality follows since " /2" > 2%/(4s?) when 0 < 2 < 25,0 <7 < 2, and s > 1.
Hence by (3.3) of Lemma 1, with k replaced by k/(4s%) and ¢ by 2c, we obtain

I.(s,x) < 2exp{—nkz?/(128¢cs?)}. (3.25)
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Now combining (3.25) and the estimate for I7, (s, z) in (3.23) to (3.20) and (3.21), we obtain (3.15).

Next we observe that uniformly in i, 1 <¢ <mn, (3.16) and k > 2 implies

E(X?)= [ P(xX, t1/2dt</ —__dt < .
o) = [ POxI> s [ ot < o

Hence if we choose z > \/§M67k7 /+/n we have by Cheyshev’s inequality that

P Xil 2 no/2) <43 B(XR)/(n%?) < 1/2.

Now let Y7, ---,Y, be an independent copy of X, --,X,, and observe that

n

P(3 Xl = na)P( Y Yl < naf2) < P (Xi — Yi)| 2 na/2).

1=1 1=1
Then for all x > /8M.,. 1. /\/n, (3.26) and (3.27) combine to imply

n

P(|>Xi| > nw) <2P(|> (X, = V)| > na/2),

i=1 i=1
Taking s > 0 we define (X; —Y;)* = (X; — Y)I(]X; — Y| <s). Then

n

P(|> (X = Y))| > na/2) < Ln(s,x) + 11, (s, )

=1

where
n

Ly(s,x) = P(| ) _(Xi = Yi)*| = nx/2)

i=1
and
I, (s,z) = P(max |(X; - Y;) — (X; — Y;)°| > 0).

1<i<n

Applying (3.1) of Lemma 1 to (X; —Y7)%, -+, (X, — Y;,)° we see that
In(s,z) < 2exp{-—n(z/2)*(2(25)*) "'},
and (3.15) implies

2cn

II,(s,z) < ;P(|Xi —-Yi|>s) < QZP(|X1'| >s5/2) < m

i=1
Applying (3.28),(3.29), (3.30), and (3.31) we thus have

nx? 22tk

| > < - .
P( Y Xl 2 ne) < dexp{ g5} + o

=1

Thus Lemma 4 is proven.
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4 Proofs of Consistency Results

4.1 Proof of Theorem 1

Applying Lemma 2 with d = 0, we have for all x > 0 and each integer n > 1 that

P([|Snnlloc > ) < ZQGXP{—$2kn,j/(160n,j)}- (4.1)
i>1

Taking z = ea,, in (4.1) and applying (2.5), we thus have (2.6) for general Vné , and also when the
anf are replaced by n'/2.
If the constants ¢, j and k,, ; satisfy (2.7) as indicated, then with a,, = (L(n+3))/? and = = ea,

n (4.1) we have

P(||Snnlloc > e(L(n+3))"/2) <> 2exp{—e*L(n+3)L(j +3)} =2 (j + 3)~<OL(n+3) - (4.9)

Jj=1 Jj=1
Thus for €26 > 1
3 L(n+3)—1
S P(I8unlloo > e(L(n +3))72) <2Z/ ~OL () gy <2Z ToraoD < @9
Lin+3) -
n>1 n>1

and hence (2.8) holds for general V;, ;. In particular, we then have from (4.3) that (2.9) is immediate,
and it remains to show E(e®M 2) < oo for all a > 0 sufficiently small. Now

1Ogt)1/2)dt,

(%

E(e“Mz):/O P(e*™” >t)dt§3+/3 P(M > (

and

/:o P > (1ogt Uhae < Z/ (1Sn.mlloo > (L (n+3))1/2(k?7gt)1/2)dt

n>1
ogt
<ZZZ/ exp{—0L(j + 3)L(n + 3)——1}dt,
n>1j>1

where the last inequality follows from (4.1) and that (2.7) holds. Therefore, for o < 6/2 we have

E(e aM)<3+2ZZ/ exp{—2L(j + 3)L(n + 3) logt}dt

n>135>1

_ 3+GZZ exp{—2log3L(j + 3)L (n+3)}'

n>1j>1 2L‘]+3> (7’L+3)—1

Now z,y > 1 4 n for some n > 0 implies zy > (z + y)(1 + 1)/2 and hence since j,n > 1 implies
L(j+3),L(n+3)>L4>1+nforn=L4—1>0 we have

o exp{—(1+n)log3(L(j +3)+ L(n+3))}
Be) <3463 3 2L+ 3)Ln+3) -1

< 00

n>1j>1

since (1+n)log3 > 1. Since (4.1) holds when the an,é? are replaced by n'/2, the proof also holds in
this situation. Thus Theorem 1 is proven.
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4.2 Proof of Theorem 2
Under our assumptions, Lemma 3 with « = h(n) implies that

kh(n)?
16¢ g

Since = h(n) = (0; ' L(E(N;)) + 02Ln)"/?, 6, = k/(16¢) and 6y > 0 we have

P([|Sn.nlloe = h(n)) < 2E(N;) exp{~

P([|Sn.nlloo > h(n)) < 2L(E(N;;)) exp{~L(E(N;)) — 616> Ln}.

Since 01 > 0 we thus have (2.13) if 6 > 0, and (2.14) follows immediately provided 6,602 > 1. Since
the above holds for general anf, and also the n'/2 normalizations, Theorem 2 is proven

4.3 Proof of Theorem 3

Since E(; ;) = 0 for all ¢, 7 > 1, Theorem 3 will follow from Theorem 3.1 of [12] with B = ¢°°, with
the usual sup-norm, provided we show (a)P(X; € £>°) =1 for alli > 1, (b) sup,>, B(erlXill%) < 0o
for some a > 0, and (¢) S,,/n'/? is bounded in probability with respect to the sup-norm.

Now

X%, = sup [& 41,
j>1
where (2.26) holds uniformly in 4, j. Thus
ks
XilA >t <Y P(&,>>1) < kjt L B T
PRI >0 < 5 PGP >0 € Vose ™ < 3 g™

since k;/(16¢;) > 0L(j + 3). Hence

. o0 k;
ool X2y < / alXillZ s gt < /
(e ) <3+ \ P(e > t) 3+2165L(]+3)

efkj log t/adt,

where k; > 160L(j+3) since ¢; > 1. Taking o > 0 sufficiently small so that k;/a—1 > k;/(2a) > 1,

we then have X o
(el X%y < 3 7;/ —hilogy
(c )< +Zl65L(j+3) s
j>1
k 3- kj/a+1
=3+ Z
< 163L(j +3) (k;/a — 1)

20[ ke
<3435 2% _gh/a oo
=0 jz>:1165L(j+3) <0

Thus (a) and (b) above hold, and it remains to verify (c).
Now

P(1Snllo/n'/? > 2) < 3 P(Y &l > an'’?) <23 " exp{—k;z®/(16¢;)}

j>1 =1 j>1

for all = > 0, where the last inequality follows from Lemma 1. Since we have k;/(16¢;) > dL(j + 3)
for some ¢ > 0, it follows that

P([[Sulloc/n'/? = 2) <Y exp{—0L(j +3)2"} = Y (j +3)°

j>1 ji>1
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and hence
376x2+1

— <

5r2 1= O

provided > . s. Thus (c¢) above holds, and Theorem 3.1 of [12] therefore implies (2.29). Hence
Theorem 3 holds.

P(lISullo/n}/? > z) < / (t+3)- 0% dt = 2
0

4.4 Proof of Theorem 4

First observe that for all x > 0 that

Z&zz] nl]|>n$)

P(Hsn,n”oo > TLCC) 1<m3:}(\[*

N} n
= P({U{1D_ niibnig)| = na}). (4.4)
j=1 =1

Letting b = (b1, -+, by), where b; is a positive integer for 1 < i < n, and setting F, p = {Np,1 =
bi, -+, Nyn = by} we thus have

max(by,,bn)

P(|[Sn,nllec = nz) = Z P( U {l Z§H1J9n1J| > na}|Enp)P(Enpb)

(b1, ,bn) Jj=1 i=1

max (b1, ,bp)

S Z Z P(I> &niibn.ijl = nw|Enp)P(Ey p). (4.5)
=1

Fixing n and j, and deﬁning X, = §n7i7j OniiI(j < b;) for 1 < i < n, we see Xq,---,X, are
independent random variables, and it is easy to check from our assumptions on ¢, ; and k, ;, and
(2.1), that for all z > 0

P(|X;| > x) < ce k"
Therefore X1, - - -, X, satisfy the conditions in Lemma 4 and using the independence of the sequences
{&n.ij}s {Rn,i;}, and {N,, ;} we have for z > \/gMcykyr/\/ﬁ and s > 1 that (3.15) implies

|Z§n1] nl]|>n$|Enb |Z§nlj n1J|>n‘r)

=1
9 9 ks”
< dexp{—nkz*/(128¢cs*)} + 4cn exp{—y}, (4.6)
which combined with (4.5) implies

max (b, ,bp) -

ks
> nz) < E E T2 2 _
P(|ISnnllec = nz) <4 [exp{—nkxz”/(128¢s”)} + cnexp{ o

HP(Enp) (4.7)

T

— 4E(N;)[exp{—nka®/(128¢5%)} + cn exp{— ’f;

H-

Recalling h(n) = (c; 'L(E(N})) 4+ c3Ln)*/? and taking s = s, = ci(L(E(N;)) + 2Ln)*/" and
r = x, = sp{cs 'L(E(N})) + c3Ln}/?/n'/? in (4.7), then for all sufficiently large n we have
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x> 8M.k.r/\/n, s> 1,and (4.7) holds. Thus (2.28) holds if ¢; > 2/k*" and ¢3 > 0, and (2.29)
follows if we also have cac3 > 1. Thus Theorem 4 is proven when (2.1) holds and 0 < r < 2.

We now turn to the situation where there is only polynomial decay in the tails of the data &, ; ;
as in (2.4), where ¢, ; < cand k,; > kforalln > 1,7 >1and 1 <c¢ < o0,2 < k < oco. Then
the random variables &, ; j0, ; ; are also easily seen to satisfy (2.4), and arguing as in (4.4-4.7), and
applying (3.17)), we have for s > 0 and = > /8M,;/n'/? that

2ken
(2 + s)k

P(|[Sn.nllo > n) < 4B(N;)exp{—55} + ). (1.8)

Taking s = s, = (RE(N;)*?, 3 > 0, and # = z, = bs,(LE(N?))*/2/n'/2, then for all n
sufficiently large
2Fen

(2+ (nE(N;)) ¥ H9)k

P([|Sn.nlloc > bn*/?s,(LE(N;;))'/?) < 4E(Nn*)[exp{—g—2L(E(N*))} +

n

).

Thus (2.30) holds when 3 > 0 by taking b large. Moreover, (2.31) holds if b > 8 and k5 > 1/2, and
(2.32) holds when if b > 8 and Bk(y + 1) > 1. Thus Theorem 4 is proven.

4.5 Proof of Theorem 5

If 6 = 0, then N,,; = d(n) for i > 1, and since p = 1 it is easy to check that ’i‘nn = S,,.n/n. Hence
the result follows from what has been proven previously in Theorem 4, and we need only prove the
result when 0 < § < 1/4. However, when comparing Theorems 4 and 5, be careful to notice that
h(n) is used differently in these results.

Let ’i‘nn be defined by (2.38) and let \,, equal the number of N, ;, 1 <4 < n, that are equal to

N:; = IMaxji<i<n Nn,i- Then

n

P(HTHHHOO > )= ZP(HTnn”oo 22, A = p) < In + 11y, (4.9)
p=1
where
L= P\ =p), (4.10)
p=1
and .
L= > PTunllsc >z, = p). (4.11)
p=m(n)+1

In order to estimate I, we observe that

PA,=p)=Ch,P(Npn—pt1=---=Npn> max N,;),
1<i<n—p

where C,, , = n!/((n — p)!p!). Therefore, since the N,,;, 1 < ¢ < n, are i.i.d and their range is in
{1,2,---,d(n)}, with P(Ny,1 =d(n)) = ¢, > 0, we have
d(n)

P =p) = Z C"vPP(1<I?<a§7pN"’i <IP(Npn—pt1="+= Nnn =)
i=2 ==
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d(n)

S Cn,p(l - Qn>n7p Z P(Nn,l - ])p S Cn,p(l - QH)nip-
Jj=2

Thus
P(Ay = p) <nfexp{—(n—p)qn},

and hence
I, < m(n)n™™ exp{—(n — m(n))qs}. (4.12)

To estimate IT,, we observe by (2.38) that

T > = I < A > .
P(Tlloe = ) = P( s 1D Enisl G € Mo 2 Vo)

U U3 € G < Nl > Vi o))

j=1 =1
Letting b = (b1, - -, by), where b; is a positive integer for 1 < i < n, and setting E, 1, = {Np1 =
b1+ Nppn = bn, A\ = p} we thus have
max (b1, ,bp) n
P([|Tnnlloc = 2, An = p) = > P J A&l € Nui)l = Va2 }H Enp,)P(Enp,)
(b1, ,bn)EBn,p j=1 i=1
max (b, ,by) n
< > S PO &nil(j < Nui)l = Va2 Enp ) P(Enb,p),
(b1, bn)EBn,, j=1 i=1

(4.13)
where B, , = {(b1,---,by) : there are exactly p largest bjs}. Now if A\, = p, then V,, ; > p for
1 < j < N}, and for n,j fixed, the random variables {&,;;I(j < N,;) : 1 < i < n} satisfy the
conditions in Lemma 4 with 0 < r < 2. Hence with z in (3.15) replaced by zV,, ;/n, we have

|Z§nz; J< N, 1)| > anJ|Enbp |Z§nm J< Ny 1)| > n(anJ/n)|Enbp) (4.14)
1=1 1=1
<4 i 2V2 kst
expl{—gge "5} + enexp{— )]
k$2p2 s"
< 4[6XP{—W} + cnexp{— o H,
provided V,, ; > p, s > 1, and zV,, j/n > V8M, 1/ /N
Combining (4.14) with (4.13) we have
B max (b1, ,bp) ke 2 5
P Tl > 220 =p) <4 Y > el enexp(— Y P ()
(b1, bn)EBn ., j=1
max (b, ,bp) ke kg™
<4 Z Z [exp{— g — P+ enexp{——-}P(Enp,o) (4.15)
. kZE2 2 ks”
B(N; A = p)lexp{— g5t} + enexp{=5-}1P(h = p).
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Hence

" N ka?p? ks”
I, <4 AE(A%JAn::P)kxp{—iigazg}”+0nexp{—'wﬂﬂf%An::P) (4.16)
p=m(n)+1
kx?m?2(n) ks"

< * R S _

< AE(Ny)lexp{——52— 5"} + enexp{——-}
Combining (4.9), (4.12), and (4.16) we see

- . kx?m?2(n ks"

P T alloe 2 2) < m(mn™ exp{~(n — m(n))an} + 4BV fexpf o0y 4o exp( -2,

provided s > 1, and am(n)/n > V8M. k../\/n.
Setting s = s, = 1 (L(E(N})) + Ln)"/",

nley "L(B(NS)) + es L]

m?(n)

x = h(n) = s,( yi/2

3

where ¢; > 4/kY", co = k/(128¢), c3 > 0, ¢, > n~%, and m(n) = n'=?% we have xm(n)/n >
\/gMc,k,r /+v/n and s > 1 for all n sufficiently large. Furthermore, from the previous inequality and
that 0 < § < 1/4, we have for all n sufficiently large that

(128¢/k)L(E(N?)) + csLn

P([Tonlloo > 4 '72) < exp{(1 = 264+ n' ") Ln — (n' " — n! =)}

-1
. kx?m?2(n) ks"
+ 4E(Nn)[exp{—m} + enexp{— o }
1o
< exp{——5—} + 4[exp{—cacsLn} + cexp{—(1 + n)Ln}],

2
where 1 > 0 is sufficiently small. Hence once § € (0,1/4) is specified, then for each such § we
have (2.41) provided ¢; > 4/k'/" and c3 > 0, and (2.42) provided ¢; > 4/k*/" and cac3 > 1. Thus

Theorem 5 is proven.

5 Proofs of Asymptotic Normality Results

The proofs proceed with a sequence of lemmas.

5.1 Proof of Theorem 6

Our first lemma provides tightness in Theorem 6, and shows ’fnn converges in probability to zero

in cg.
Lemma 5. Under the conditions (2.47) and (2.48) of Theorem 6,
{£(S,.,): n>1} is tight in . (5.1)

In addition, if for each j > 1 we have lim, oo P(N,1 < j) =0, then ’fnn converges in probability

to zero in cg.
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Proof. For general V,, ;, or if the anf are replaced by n'/2, (3.7) of Lemma 2 implies that

P([|Qa(Sun)lloc 2 0) < Y 2exp{=6%kn,;/(16¢0,5)}- (5.2)

j>d+1

Hence (2.48) implies for § > 0 arbitrary that

Jim sup P(1Qu(S 1)l > 9) = 0. (5.3)

Hoon

Now (2.1) easily implies
E( nl]) < C"J/k"J’

and the independence of the sequences of random variables involved implies for each j > 1 that

P> €nijtnigl = 0V, %) <U2EE( €nijtni)? /ViilOnags 2 Oning)) <0 2o/ k.

i=1
Thus (2.47), (5.3), and an application of the remark on page 49 of [19] easily combine to prove the

tightness in (5.1) for general V,, ; and also when the anf are replaced by n'/2.

If ’fnn is defined as in (1.11), then for each ¢ > 0 and d > 1 we have

P(HTnnHoo > 2¢) < P(ann - Qd(fnnmoo >e€) + P(”Qd(’fﬂn)”oo > e).

Now (5.3) immediately implies there exists d > 1 such that
ngl)P(HQd(Tn,n)Hoo >€) <¢€/2,

and the independence of the sequences of random variables involved implies for each 7 > 1 and b > 0
that
|Z§nm n1J|>anJ )< b 2E anm n,,7 / J|9n1Ja"'a9n,n,j))

=1
S b72E(Vn7,j )Cn,j/kn,j-

Since lim, oo P(Ny 1 < j) = 0, the law of large numbers applied to the i.i.d. sequence of random
variables {R,, ; j : ¢ > 1} implies for each fixed j > 1 and M > 0 that

limsup P(V,,; < M) =0.

n—oo

Thus
lim sup E(V,:Jl) =0,

n—oo

so for each fixed j > 1 and b > 0 we have

lim P(| anﬂ-yﬁnﬂ-yﬂ Z an,j) =0.

n— o0 ¢
1=1

Now

SH

P(|[Tnn — Qa(Tnm)lloc > €) <Y _P(D &nijbnisl > Vay),

Jj=1 =1



and hence from the above we have for each ¢ > 0 that
lim P(||Th.nlloo > 2¢) <€

Thus the lemma is proven.

Now that we have tightness of {£(S,,,) : n > 1} in co, the next step of the proof is to show that
the finite dimensional distributions induced by Ug>1cj 4 are the same for every limiting measure of
{£(Sn.n) : n>1}. Here ¢ denotes the continuous linear functionals on ¢y and

co.a=1f€cy: f(Qa(x)) =0 forall x € co}. (5.4)

We start by showing that the limiting covariance functions I'(k,-,-) given in (2.44)-(2.46) de-
termine the limiting variance of f(S,.,) for each d > 1 and f € ¢o.q- This follows from our next

lemma.

Lemma 6. If (2.44)-(2.46) hold and P(minj<;<, N, ; < d) = o(1/n?) as n tends to infinity, then
for alld > 1 and f € cf ; we have

d d

oD T uv)flen) flew). (5.5)

u=1lv=1

lim E(f*(Sp.n))

n—oo

If anf is replaced by n'/? in gn,n; then (5.5) holds with T'(1,-,-) replaced by T'(2,-,-) in the right

hand term.

: *
Proof. Since f € ¢f 4, we have

n d
E(f*Snn szmfen/vl”) Z Zsmmf<ej>/v{§-2>2>,

where the last equality follows immediately since the sequences {6, ; ;} and {V, ;} are independent
of the sequence {&,;;}, and E(&, ;) = 0 with the random variables &, ; ; independent in i. Hence
again using the independence cited above we have

E(f*(Sn.n Z

1=1u

d d = onluonlv
=3 Y et BRI e e (5.6)

n,u n,v

on,i,u on,i,v
E fn,i,ufn,iv)E(T/QT/Q)f(eu)f(ev)

1 n,u n,v

M=
M&

Il
-

v

where Ty, ;(u,v) = E(&n i uén,iv). Hence (5.5) and Lemma 5 follows from (5.6) once we prove the
following lemma. The situation when anf is replaced by n'/? in S'nn is simpler, so for the time
being we assume the V, ; are random. The nonrandom case will be taken up later.

Lemma 7. Under the assumptions of Theorem 6 we have

on,i,u on,i,v
HILI&ZFnl u,v)E( 3 1/2) =T(1,u,v). (5.7)
1=1 n,u n,v
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Proof. Since lim, oo Y. T i(u,v)/n = I'(u,v) by assumption, (5.7) will follow if we first
show for u # v that

on,i,u on,i,v p
( 1/2 1/2) = —Qn, (58)
where lim,, .o sup;<;<,, [an,; — 1| = 0, and that
sup ['yi(u,v) < co. (5.9)
n>1,i>1
Now
sup Fn,i(u; ’U) = Ssup E(gn,i,ugn,i,v)a (510)
n>1,i>1 n>1,i>1

and, as mentioned earlier, (2.1) with » = 2 implies

E(& i) < cn.j/kn .

Therefore the Cauchy-Schwartz inequality and (2.47) easily combine to imply (5.9). Hence when
u # v it remains to prove (5.8).
To verify (5.8) for random V/, ;, let
on 7,U on 7,0
A o 52, 52,

i T 02 1720
n,u n,v

and set

W, = max{1. i Ryin}

i=1
for n > 1,u > 1. Thus we have

1<i<n
Rn,i,u Rn,i,v Rn,i,u Rn,i,v .
= E( 1/2 1/2)_ ( 1/2 1/21(121%1]\]"71' <d))

+ E(A"’J(lgﬁgn Nyi < d)), (5.11)

where

) ; ) < H ) — .
E(A"’J(lggn Nypi<d)) < P(lrgmgn Ny <d)=o(1/n) (5.12)
and

B Bonsio 1 i N, < d) < P(min Nos < d) = o1 5.13
( 71/3 71/3 (1g1éln i <d) < (121%1" i < d)=o(1/n). (5.13)

Hence (5.8) will follow if we show for all 4, 1 < i <mn, and u # v that

(Rn,i,u Rn,i,v) o p
1/2 127 7
n,u n,v

i, (5.14)

where lim_,, a,, = 1. To verify (5.14), we establish the following lemma, which immediately implies
(5.14) when u # v. If uw = v, then from the above we see that the analogue of (5.14) required is that
E(Ryiu/Wnu) = cn/n where lim,, .o ¢, = 1. This follows since from the proof of Lemma 8 below
we actually have ¢, = 1 — (1 — p)™. Hence the proof of Lemma 7, and also Lemma 6 for random
Vi, will follow once Lemma 8 is established.
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Lemma 8. Let {X; : 1 < <n} and {Y; : 1 <i < n} be independent collections of i.i.d Bernoulii
random variables with P(X; = 1) = P(Y; = 1) = p. Let A, = max{1,Y., X;} and B, =
max{1,> " | Yi}. Then for alli, 1 <i<n, we have

E(A);Q B};/Q) - %bn, (5.15)
where lim_, . b, = 1.
Proof. By the independence assumed we have
X, Y X; Y;

B

) = E(

41/2 gl/2 A1/2) (31/2)’

and hence since {X; : 1 < i < n} and {Y; : 1 < i < n} ii.d Bernoulii random variables with

P(X; =1)=P(Y; = 1) = p, it suffices to verify that

E(<15) = (2)V%e, (5.16)

where lim_, ¢, = 1. Now

X, 1

F) = pE((m)l/Q) < p(E(;))l/Q = p(ﬂ)lﬂ,

E 7
( L+ X np

where the second equality follows from a formula in [27], page 198.

Hence since we assume 0 < p < 1 we have

Xy < 2y, (5.17)

E(A1/2 n

Thus Lemma 8 will follow provided we establish a comparable lower bound.

Now for each € >0, 0 < e < p, we have

B(21h) = pE . )= p > ZX_k

1/2) p ( 1 ] X 1/2 1 k 1/2
Ay ( +21:2 i) {k:|k/(n71)*P|<E/L"}( *
and hence
B2 > L > REx-b
277 2 W (= Dp— (0~ D)e/In)' 7 -

{k:|k/(n—1)—p|<e/Ln}  i=2

Since € > 0, Theorem 1 of [18] implies

n

> PO "X;=k)>1-2exp{— 2(n—1)(Ln)2},

{k:|k/(n—1)—p|<e/Ln} i=2
and hence

X
B(=L

41/2

)2 T Dl e = D = (),

where lim_,o d, = 1. This implies the comparable lower bound to (5.17) and therefore Lemma 8
holds.
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As mentioned earlier, Lemma 8 completes the proof of Lemma 7, and hence Lemma 6 is estab-

lished with (5.5) providing a limiting variance function when the V,, ; are random. If the anf are

replaced by n'/2 in S, ,,, then the proof of Lemma 7 with the right hand of (5.7) being T'(2, u, v) is
much simpler, and the details are left for the reader. Hence Lemma 6 is proven.

Now that Lemma 6 is verified, the next step is to show for alld > 1, f € ¢f 4, and random V, ;
that all limit laws of {£(f(Sn.n)) : n > 1} are centered Gaussian random variables with variance

given by

d d
=330, v) f(en) flew). (5.18)

u=1lv=1

Of course, if the anf are replaced by n'/2 in S, ,,, then (5.18) holds with I'(1,u,v) replaced by
(2, u,v).
To verify this step of the proof, we first prove a lemma which will put us in position to allow an

application of Lyapunov’s central limit theorem.

Lemma 9. For each integer d > 1 and x € cg, let

d
X) = ijej.
j=1
Under the conditions of the theorem we have for each d > 1 that

Jim S E(Ia(Xa0)l1%) =0, (5.19)

where

%= 3 sl

j>1 nJ
Proof. Since Jensen’s inequality implies (‘”b) < # for all a,b > 0, we easily see that
(Rl <|Z'§"”'9"” < 2% ”Z
d n 1 1/2
n,j "J

Hence

(||Hd( )||4 23((1 1)ZE nz] nlJ),

and the lemma will follow if we show

hmZE "”"”) 0 (5.20)
forj=1,---,d and all d > 1. Now
5;411 'enlj onl
B(2M2) < (B ) A (B()) 2
Vn,j " Vnyj

and using (2.1) with = 2 we have

o0

E(& ;) = /O P(|&n 5] > t"/%)dt < C"’j/o exp{—kn jt"/*}dt = 24c, /K ;
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Applying (2.47) and that ¢, ; > 1 for all n > 1, j > 1 we therefore have

sup E(£8, ) < 0.

n>1,5>1 g
Moreover,
Bpt) = (S gpallinst) - p(luest frdee Mo 20) 1 0(P(min o <)
Hence
E((’"jﬂ') = E( Hn g )+ 20(P( min Ny < d)) = pE(——————) + o(1/n?),
Vo max{1, (3, Rnij)*} 1<i< (14>, Xi)?
where X1, Xo, -, X, are i.i.d. Bernoulli random variables with P(X; = 1) = p and our assumption

that P(minj<;<, N, < d) = o(1/n?).
Therefore let

and we want an appropriate upper bound on A,,_;. Now
A, < By, + 2exp{—2n/(Ln)*}

where

1 n

B, = —— P> X, =k

R P L
{h:lk/n—pl<1/Ln} i=1

and the exponential term follows from an immediate application of Theorem 1 in [18]. Now

1 - 1 2
L+ n(p — 1/Ln))" {k:|k/nzp|<l/m 2 () + £ — L1~ (p)
for all n sufficiently large. Therefore for all n > ng we have
2 2(n—1)
Ap1 € ———— +2exp{———F—=5 1
Ve P T )
which implies
On i I(j < Nn.i)Rni, 2
E n,l,] — E — /n/71/ n,l,] < 1 2
R P (U 1A

uniformly in ¢ > 1,5 > 1. Thus uniformly in ¢, 7 > 1 we have

B ) < (B(EY )2 (B(2)) 2 = of1/m),
n,j n,j

which implies (5.20). Thus (5.19) holds by the inequality prior to (5.20), and Lemma 9 is proven
for random V/, ;. If the anf are replaced by n'/2 in S, ,,, then the proof is even easier and details
are left to the reader. Hence Lemma 9 holds for both normalizations.

The next lemma completes the proof of Theorem 6.
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Lemma 10. The functions T'(1,-,-) and T'(2, -, ) defined by (2.44)-(2.46), are covariances of centered
Gaussian measures 1 and 2, respectively, on co. Furthermore, if the V,, ; are random, then gnn
converges weakly to v1 on co, and if the anf are replaced by n'/?, then gnn converges weakly to o
on co. In addition, for each f € ci and k = 1,2 we have

[P0 = 33 Nk o) e e
co u=1v=1
Proof. First assume the V,, ; are random. Then since (5.19) is verified, we also see for all d > 1
and f € cj , that

lim Y B(f' (X)) = 0.
=1

Hence by (5.5) and Lyapunov’s Central Limit Theorem, see [4], page 209, we have that f(S,.,)
converges in distribution to a mean zero Gaussian random variable with variance given by (5.18) for
alld > 1 and f € ¢j ;. If ju is a probability measure on the Borel subsets of co, and for allk > 1,d > 1,
Ji,o+ 5 fk € ¢§ g, and A is an arbitrary Borel set of RF, then the probability distributions

Ffl »»»»» fk(A) = /L({X €Co: (fl(X), cee ,fk(x)) € A}>

are the finite dimensional distributions of 1 on ¢p induced by Ug>1¢j 4, and they uniquely determine
1 on the Borel subsets of ¢g. In view of the tightness obtained in Lemma 5 we thus have that gnn
converges weakly to a unique probability on the Borel subsets of ¢y, which for the moment we call p.
What remains is to show that for every f € ¢ this limiting measure makes f a centered Gaussian
random variable with variance determined by T'(1,-,-). Recalling that pointwise limits of centered
Gaussian random variables are again centered Gaussian variables with limiting variances the limits
of the variances, and that Udzlca 4 1s weak star dense in cjj, it follows that p is a centered Gaussian

measure on ¢y. Furthermore, if f € ¢fj and fy(x) = f(Ila(x)), x € cp, then for random V;, ; we have

d d

/ P2 ()du(x) = lim / F69duto) = lim 3OS T(Lw o) flen) o). (5.21)

Since sup;>; E(&2 ; ;) < ¢n,j/kn,j, we have from (2.47), (2.44)-(2.46), and Cauchy-Schwarz that

n,%,9

sup |I'(L, j1, j2)| < oo
Ji1,j221
Now ¢ = ¢1, and hence the dominated convergence theorem easily implies p is a centered Gaussian

measure on ¢g with covariance given by I'(1, -, -). Moreover, for each f* € ¢y we have

0o oo
[ Poodux) = 3 3T w oiflea) (e,
co u=1v=1

Hence when V;, ; is random, the centered Gaussian measure y; exists as indicated, i.e. its covariance
is I'(1,-,-), and u = 1. Similarly, when the anf are replaced by n'/2, then 7, exists as indicated,
and p = 7. This last fact is easy to check by immediate simplifications of what we have done when
anf is random, and the details are left to the reader. Hence for each choice of normalizers, there is
a unique limiting Gaussian measure, and its finite dimensional distributions are centered Gaussian
measures determined by the appropriate covariance function. Therefore the lemma is proved, and
Theorem 6 is established.
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5.2 Proof of Theorem 7

The proof parallels that for Theorem 6. We present the details for random V,, ;, and when the anf
are replaced by n'/2 in §,,,, or T, ,, we leave most of the details to the reader.
Our first task is to show that we have tightness in ¢,, and that ’fnn converges to zero in

probability there. This is given in our next lemma.

Lemma 11. Under the conditions (2.51) and (2.52) of Theorem 7 we have
{L(Snn): n>1} is tight in £,. (5.22)

In addition, if for each j > 1 we have lim, oo P(N,1 < j) =0, then ’fnn converges in probability

to zero in £,.

Proof. We first establish the uniform tightness for random V;, ;. The tightness when the anf

are replaced by n'/2? then follows by an immediate simplification of this argument.

If Hnym- = I(] S Nn,i)Rn,i,j as indicated, then P(@nym- = 1) = Pn,jiD, where Pn,j = P(] S Nn,l)

form>1,5>1,and for k=0,1,---,n we define the events
Eknj = VUrezy . ; FT, (5.23)
where Iy, ,, ; denotes all subsets I = {41, --- i} of size k in {1,--- ,n} and

Fr = {Hnyiyj =1forallie I and Hnym- =0forie {1, ,n}ﬂfc}.

Note that F7 depends on n and j, but we suppress that in our notation.
Let Qa(x) = >5j5q41 2j€; for x € R, and d > 0, and recall V,, ; = max{1,> 31, 0}
Therefore, since Z?Zl &n,ijOn,ij = 0 on Ky, j, we have for each § > 0, n > 1, and d > 0 that

P(||Qa(Snn)|lp=>0) <077 Z ZE((|21:1§ i On.igl

1/2
§>d+1 k=1 Vn,j

)pIEk,n,j)'

Now

E(( 1 I N ) = Z E((%)qﬂ), I="{iy, - ,in}),

1/2
Vn,j I1€Tk n,;

and letting

An,d _ Z ZE((|21_1§ 2,00 M, 7J|>pIEk,n,]‘>

1/2
§>d+1 k=1 Vn,j

we have by using the independence of the various sequences of random variables involved that

_ - |0 il L .
Ana= Y D Y. B(C=ELZE)P(F 1= {ir,..ik}).

j>d+1k=11€Ty n ;

Since we are assuming (2.1) with r=2, for each integer b > 1 we have from Lemma 1 that

| Z?:l §n,i17j| P\ > | Z?:l §n,i17j| 1/p > k"yj 2/p

35



Now
160n,j

> kng 270
) dr = p/2
| el giat e = (R )

n,j

where

2
Since 2 < p < 00, N(p) < 00, and for each integer b > 1 we have

((|Zlbll/§2"’tlJ|)) (

wp) =5 [ uf T exp(—ubdu.
0

160n,j

n,j

)?21)(p).

Hence
1 60n i

p/2
kn7j ) )

Ana <2n(p) > (
j>d+1

which implies

~ _ 16¢,, 5
P(l|Qa(Snn)llcc = 6) <267 n(p) Z (k—_J)p/2-
j>d+1 T
Applying (2.52) we therefore have for all § > 0 that
hm sup P(||Qa(Spn.n)||oe > 6) = 0. (5.24)

Hoon

Now (2.1) with r=2 easily implies
E( nl]) < C"J/k"J’

and, arguing as in the proof of Lemma 5, we then see that (2.51), (5.24) with ¢ > 0 arbitrary, and
an application of the remark on page 49 of [19] proves the tightness in (5.22) for general V,, ;.
Since the random variables {&,; j0n,; : m > 1,4 > 1,5 > 1} also satisfy (2.1) with r=2, when
the anf are replaced by n'/? the proof of (5.22) is immediate from a simplification of the previous
argument.
To prove ’fnn converges in probability to zero in ¢, follows from what we just proved adapted
to the argument for the analogue of this in Lemma 5. Thus the lemma is proven.

Now that we have tightness of {£(S,,.,) : n > 1} in £,, the next step of the proof is to show that
the finite dimensional distributions induced by Ug>1€} ; are the same for every limiting measure of

L gn n) . n> 1} Here ¢* denotes the continuous linear functionals on ¢p and
, p 14
ha=1f €, f(Qa(x)) =0 forall x € £,}. (5.25)

We start by showing that the 1imiting covariance functions I'(k,-,-) given in (2.44)-(2.46) de-
termine the limiting variance of f(S,.,) for each d > 1 and f € ¢7 4- This follows from our next

lemma.

Lemma 12. If (2.44)-(2.46) hold and P(minj<;<, N, ; < d) = o(1/n?) as n tends to infinity, then
for alld>1 and f € £} ; we have

d d
lim E(f%(S ZZ (1, u,v) f(e)f(ey). (5.26)

n—oo

If the anf are replaced by n'/? in S'nyn, then (5.26) holds with T'(1,w,v) replaced by T'(2,u,v) in
the right hand term.



The proof of this lemma is exactly as that of Lemma 6 in the proof of Theorem 6. Hence we
1mmed1ately turn to our next task, which is to show for alld > 1 and f € £} ; that all limit laws of

{L(f(Sp.n));n > 1} are centered Gaussian random variables with variance given by

d d

o*(f) =D ) T(Luv)f(e)f(e). (5.27)

u=1lv=1
Of course, when the anf are replaced by n'/? in S, ,,, then (5.27) holds with I'(1, u, v) replaced by
(2, u,v).
To verify this step of the proof, we first prove a lemma which will put us in position to allow an

application of Lyapunov’s central limit theorem.

Lemma 13. For each integer d > 1 and x € £, let

d
X) = ijej.
j=1
Under the conditions of the theorem we have for each d > 1 that

lim Y B(|[Ma(Xa)ll;) = 0, (5.28)

=1

where

Z§n1 nl]
nl— 1/2

j>1 nJ

The proof of this lemma is an immediate consequence of Lemma 9 since ||IL;(x)||, < d||I14(x)]|oo

for all x € £,. Hence the proof of Theorem 7 will be complete once we have the following lemma.

Lemma 14. The functions T'(k,-,-) defined for k = 1,2 by (2.44)-(2.46) are covariances of centered
Gaussian measures 1 and 72, respectively, on £,. Furthermore, if the V,, ; are random, then gnn
converges weakly to v1 on {,, and if the anf are replaced by n'/?, then gnn converges weakly to o
on Lp. In addition, for each f € €, and k = 1,2 we have

/f2 ) = 35 Tk v) flen) flen).

u=1lv=1

Proof. First we consider random V,, ;. Applying Lemmas 12 and 13, and Lyapunov’s central
limit theorem, the proof of Lemma 14 follows similarly as in the proof of Lemma 10. That is,
arguing as in Lemma 10 we have E(gnn) converging weakly to a mean zero Gaussian measure £ on
{,. Furthermore, if f € £7 ;. then

d d

/g PEdu) =3 3 T, u,0) flew) flew), (5.20)
P u=1v=1
and for f € £7 we have

d d
| £ dutx) = Jim 33T w0 e fe) (5.30)

u=1lv=1
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To show the previous limit equals

>SS rA uv) f(ew) flew),

and that v, = p as indicated on ¢,, we let f(x) = z, + 2, and g(x) = x, — z, for x = ZJ—21 zje;.
Then f, g € £} ; for d > max{u, v}, and applying (5.29) we have

4 [ ardu) = /ep<xu+xv>2du<x>— [ @ = anfdnt)

3 Ly

- /1Z p F2(x)dp(x) — /1Z p 9*(x)dp(x)

=4T(1,u,v).

Therefore the Gaussian measure 7, exists on ¢, as indicated, and it equals ;. In addition we will

/f2 Yy (x ZZNUU eu)fley) (5.31)

u=1lv=1

see

for each f € £,. To verify (5.31) we recall that since v; is a centered Gaussian measure on £, it is
known that

> (1, u,u)P? < oo

u>1

Now I'(1,u,v) < T'(1,u,u)"?I'(1,v,v)"/? and hence we have

DD DL uv)flew)flen) < (D] T(Lu,w)'/? flew)))?

u=1lv=1 u=1
Z 1uuﬂ/21/pZ|f 1/(1),
=1 u=1

where 1/q +1/p = 1. Now f € £} = {,, so (5.30) and the dominated convergence theorem now
implies (5.31) for all f € £3.

Hence the limiting mean zero Gaussian measure 7 exists on ¢,, and has covariance I'(L, -, -) with
(5.31) holding. If the anf are replaced by n'/2, the argument is similar. Thus Theorem 7 is proven.

5.3 Verifying Remark 11

The proof of Remark 11 parallels the proof of Theorem 7. Hence we only provide an outline.
As in the proof of Theorem 7, our first task is to verify tightness of {E(Sl/2 ): n>1}ind,.

This follows since for each d > 0 we have

P(|Qa(Snn)llp = 6) < Ayd~ pZEIIQd (X )|2) = 4,0~ PZE D 1€nign.is?)),

=1 j>d+1

where the inequality holds since ¢, is a type-2 Banach space for 2 < p < oo, see [2], page 157. Now

E((Y Vnigbnigl?)??) < (Y E(€niibnisl")*? < (Y E(€ni,17)%7,

j>d+1 j>d+1 j>d+1
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where the first inequality is due to Jensen’s inequality, and the second because |6, ; ;| < 1. Finally,

(Y Blénasl)?” < Y (B(&nisl)?,

j>d+1 j>d+1

since 2/p <1 we have

which combined with the previous inequalities implies

P(||Qa(Snn)llp = 6n/?) < A5 n~ 12 > (Bl

i=1 j>d+1
Hence, as in the final step of Lemma 11, we see that (2.55) and (2.56) combine to imply the tightness
of {L£( 1/2): n>1}in £,
Now that we have tightness of {E( —5-) + m > 1} in £,, the next step of the proof is to show that

the ﬁmte dimensional distributions induced by Ug>1£} ; are the same for every limiting measure of

{E( )« n > 1} We start by showing that the 1imiting covariance function I'(2, -, ) determined
as in (2.44)-(2.46) gives the limiting variance of f(2 ~17) for each d > 1 and f € £} ;. This follows

from our next lemma.

Lemma 15. If (2.44)-(2.46) hold and P(minj<;<n, Ny < d) = o(1) as n tends to infinity, then for
alld > 1 and f € €} ; we have

d d

im E(f2(Snn/n'/) =YY T(2,u,0)f(en) f(en). (5.32)

u=1lv=1

The proof of this lemma is a simplification of the proof of Lemma 6. Hence we immediately turn
to our next task, which is to show for all d > 1 and f € £ ; that all limit laws of {L(f(Sn..)/n'/?) :

n > 1} are centered Gaussian random variables with variance given by

d d
2(£) = 575 T2 u,0) flew) fley): (5.33)

u=1lv=1

To verify this step of the proof, we first indicate a lemma which will put us in position to allow

an application of Lyapunov’s central limit theorem. Its proof is sketched below.

Lemma 16. For each integer d > 1 and x € £, let

d
X) = ijej.
j=1
Under the conditions of the theorem we have for each d > 1 and some 3 > 0 that

lim > " E(|[Ta(X,,:/n'/?)[|277) = 0. (5.34)
i=1
If 2 < p < o0 and we take § > 0 sufficiently small that 2+ 3 < p and 8 < ¢ where § > 0 is as in
(2.55), then we have

d d
[Ma(Xn,i)/m/ 2|28 = n= /2 Z [€nigl?) 5 <GS g, 2P, (5.35)
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where the inequality holds since 2 + 5 < p. Hence (2.55) implies (5.34) holds, and the lemma is
proven when 2 < p < co. If p =2 and we take § > 0 as in (2.55), then

d
LA 23 = 023 )8 < 249200002 S s, (530)
j=1 j=1
where the inequality follows since (a + b)¢ < 2°71(a® +b°) for a,b > 0,¢ > 1, and we iterate this
d — 1 times. Hence (2.55) implies (5.34) holds, and the lemma is proven.

The proof of Remark 11 now follows once we establish the following lemma.

Lemma 17. The functwn T'(2,-,-) defined by (2.44)-(2.46) is the covariance of a centered Gaussian

n

measure y2 on £,, and 1)2 converges weakly to 2 on £,. In addition,

/ﬂ ) =33 T2, 0) flew) fle)

u=1lv=1
for all f €07,

Applying Lemmas 15 and 16, and Lyapunov’s central limit theorem, the proof of Lemma 17

follows exactly as in the proof of Lemmas 10 and 14 above. Hence the remark is established.

6 Applications

6.1 One-Sample Problem

In this section we apply the results from previous sections to test that the “mean vector” equals a
specified vector. More precisely, consider testing the null hypothesis Hy : p,, = 0, where p,, is an
infinite dimensional vector whose components are i, j. The quantity S,.n, defined by (1.7), namely

n N
5”1 nl nl nl
""_ZZ V172 e EZZ J1/2 e 3 (6.1)

=1 j>1 n] n]

can be used for developing a test of Hy. To this end, let us denote the data vectors by X, =
{Xn1,--Xnn}. One can use the [, norm for p > 2 and the ¢y norm to define various non-
randomized test functions (bp(X' n) as follows:

$p(X ) = (6.2)

0 otherwise,

{11f|ﬁmuu>c

where ¢ = ¢, is so chosen that F (qﬁp( n)|Ho) < a. The test statistics based on ¢ norm is given by

1 if ||Snnllee > ¢

. (6.3)
0 otherwise,

where ¢ = ¢ is so chosen that E(qﬁp( n)|[Ho) < a. Thus to perform the test one needs the
distribution of ||S,,.,| » and 181.nl|so- Their asymptotic distribution can be obtained as a corollary

of Theorems 6, 7, and Remark 11 as in the following proposition.
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Proposition 1. If the null hypothesis holds, then Theorem 6 implies that P(||Sy.nllee > ¢) con-
verges to P(||Glle > ¢) for all ¢ > 0, where L(G) = v and 7 is the Gaussian measure identified
there. Furthermore, under the conditions of Theorem 7, when the null hypothesis is true, then the
P(|8nnll, > ¢) converges to P(||G||, > ¢) for all ¢ > 0 and 2 < p < oo, where L(G) = v and

1/2

v is the Gaussian measure identified in Theorem 7. A similar result holds for S, ,/n'/* under the

conditions of Remark 11, when the null hypothesis is true.

We omit the proof of the proposition as it is an immediate consequence of our central limit
theorems, the continuous mapping theorem, and the fact that the norm of a Gaussian random
vector with values in a separable Banach space has a continuous distribution function.

When p = 2, our test function is similar to the test function derived using Hotelling’s T2 statistic.
The main difference, however, is that in our case the vectors are not finite dimensional, and we
typically do not have uncorrelated coordinates variables {&,; ;} with unit variances. In fact, in
most infinite dimensional examples where a central limit theorem is to be expected, having non-zero
constant variances for the coordinate variables is impossible. A hybrid result when P(N,, ; = b(n)) =
1,p=1, E(

a few additional moment and regularity conditions. Under these assumptions S'nn = S,n/n

=1formn,i,j > 1, and E(&, u&n.iv) = 0 for u # v is given in Portnoy [26] under
1/2

nl;)

and when b(n)/n tends to zero as n tends to infinity, Portnoy shows

[1Sn.nll3 — b(n)

w, =
2b(n)

=G, (6.4)
where G is a normal random variable with mean 0 and variance 1. To contrast the above result
to those of Proposition 1, note that the key assumption concerning the summability of variances
is violated. That is, under the assumptions in [26] the sum of the variances diverges if b(n) —
00, while our Theorem 7 and the results in Remark 11 require the sum of variances converges
when p = 2. Hence a natural question to ask is whether one has an analogue of Portnoy’s result
under the conditions above when the identity covariance condition is replaced by simply asking
the coordinates of S'nn have variances that sum to infinity. The following example, with highly
dependent coordinates, shows that the limit distribution in this case could be non-Gaussian. Of
course, many other examples can be obtained in a similar way, and all fail to satisfy an analogue of
Portnoy’s result as they have highly correlated coordinates.

Example 1. Let {n; : i > 1} be a collection of i.i.d. random variables with E(n;) = 0 and E(n?) = 1.
Let {a; : j > 1} be a sequence of constants converging to 0 such that such that ijl a? = o00. Set
§n,i,j = T]iCLj. Then,

Sn,n
NG

Il
i M:

ZaJeJ (6.5)
= ZaJeJ, (6.6)

Jj=1

where G is a normal random variable with mean 0 and variance 1. Furthermore, the limit does not

live in the space la, and
b(n) n

Wn_Z{ 1 17y a? —a?}. (6.7)
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Then, by the central limit theorem, it follows that
W

b(n
ZJ(Zl) a?

and no constant normalizations lead to a limiting normal law.

=G? -1, (6.8)

The above example is a situation where the gene expressions would be “highly correlated,”
and serves to show that the identity covariance matrix assumption used in [26] represents a special
situation. As far as we know it is an open problem to see what happens in the middle ground between
Portnoy’s assumptions and the highly correlated situation in Example 1, but that is something we
leave unsettled here. Of course, both of these extremes are quite restrictive, and tend not to hold in
practice, but perhaps more important is that simulation results provided in the section below (see
the paragraph before (6.19)) show that the Type I error rates of tests developed using (6.4), which
assumes identity covariance matrix, behave poorly compared to the nominal level when correlations

are actually present.

6.2 Simulation Results

In this section we evaluate our methodology, using simulations, when the number of replications is
small, but the number of variables is large. The number of replications n is fixed at 10 throughout
section 6.2, but various choices of the dimension of the random vectors b(n) are considered, and
all our simulation results are based on 5000 independent trials of 10 replications of the various
experiments being discussed. We purposely chose n small to reflect many real applications.

As a first step we need to “approximate” the limiting distribution of the random variables
appearing in Proposition 1. We will work with the case N, ; = b(n) and assume that X, 1--- X, ,
are n i.i.d. b(n) dimensional vectors with distribution G,(.) whose tails satisfy the sub-Gaussian
property. Let 3, denote an estimate of the covariance matrix X, = ((onuw)), where X, is a

b(n) x b(n) matrix given by
Onun = E(gn,l,u - ,UJn,u,O)(é.n,l,v - ,UJn,v,O)- (69)

In the above definition, iy, 4,0 and i, 0,0 are the specified values under the null hypothesis. Note
that f]n is a function of the data vector X n,n- One choice for f]n is the sample covariance matrix.
In fact, better options are available, and we will explain them later below. If 3, is positive definite,
then given X n.n, We generate t i.i.d. random vectors Y, ; of dimension b(n) whose distribution is

Gaussian with mean vector 0 and covariance matrix ¥,,; that is

Yol Xn~ Ny (0,5,) as, 1<i<t (6.10)
We will call Y, ; the monte-carlo (MC) samples, and throughout the simulations ¢ = 2000. We
will use || - || to denote the [, norm (p > 2) or the ¢y norm depending on the space being used.
Let ||Y nall, -+ |[|Y n.n|| denote the norms of the MC samples. Furthermore, consider the following

non-parametric density estimator; namely, for z € R,

1 i xr — Ynl
) = o Y- re(E el (6.11)
=1
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where ¢, is a sequence of positive constants converging to 0 such that t¢; — oo, and K(.) is a density
function with [ ptK (t)dt = 0. In the above we have suppressed the dependence on n and on w since
n and w will be held fixed in this discussion. It follows from Devroye [5] that as ¢ — oo, that for
every w € Q, h(x) converges almost everywhere with respect to Lebesgue measure and in L to the
probability density of the random variable || N(0,3,)||. In all our numerical experiments we will
take K(.) to be a standard normal density, ¢ = 2000, and fix the window width ¢; at 0.7. Figure 1

(a) presents the graph of the density function for the 2-norm, the 10-norm, and the sup-norm.
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Figure 1: Kernel density estimates of the norms of statistics and the Histogram of p-values under

the sup norm.

We use these densities to “approximate” the tail probabilities of the norms of the limiting Gaus-
sian appearing in Proposition 1. Figure 1 (b) shows that the p-values from these hypothesis tests are
uniformly distributed when we use the sup-norm. This histogram was generated using compound
symmetric covariance structure, the details of which are explained later in this section. We now
present various numerical experiments that describe various properties of our methodology. The
nominal Type I error rate is taken to be 5% in all of our experiments.

Our first experiment studies the behavior of the Type I error rate for the testing problem Hy :
My, = My, 0, Where p, o = {fin o0 : j > 1}. As indicated, the sample size, or number of replications,
is taken to be 10. Here the dimension of the sample vectors is taken to be 100, and the data are
generated from a 100 dimensional normal distribution with mean p,, and covariance matrix %,.
The entries of the mean vector are all the same random constant obtained at the beginning of each
particular experiment by randomly selecting this constant from the uniform distribution on (0,1),
and then holding it fixed throughout the remainder of that experiment. Four different 3,, matrices
are considered. The first choice is ¥, = I,,, where I, is a 100 x 100 identity matrix. The second

choice is ¥,, has an autoregressive structure; that is X,, = ((0y,v)), where
Oy = o2rlv=vl, (6.12)

We will use the terminology of AR(1) structures to describe this covariance matrix. In the experi-
ments that yielded the data in Table 1, we chose 02 = 3 and r = 0.8. The third choice for ¥, has
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»=1|AR(1) | CS UN

Test 1 | 0.002 | 0.004 | 0.0078 | 0.0022
Test 2 | 0.0448 | 0.8478 | 0.9998 | 0.1194
Test 3 | 0.0442 | 0.0486 | 0.047 | 0.0512
Test 4 | 0.0458 | 0.0428 | 0.0404 | 0.048

Table 1: Type I error rates for the four tests under various population covariance structures.

the property that

S o2 +0? ifu=nv, (6.13)

p* if u #£wv.

Covariance matrices with this property are said to compound symmetric (CS) and we will use this
terminology when convenient. While in general it is not necessary for p* to be positive, in several
applications it turns out to be positive and in the so-called random effects models p* = ¢2. In all our
simulations with the CS structure we assume that p* = 02 > 0. In particular, we take 02 = 3 and
02 = 4, although other choices could also be employed. The fourth choice for ¥,, is an unstructured
(UN) symmetric positive definite 100 x 100 matrix. This matrix is randomly chosen at the beginning
of the experiment and held fixed. We consider four different types of tests. Test 1 and Test 3 are
based on our methodology described in this paper. In Test 1 we estimate the covariance matrix by
the method of moments while in Test 3, we use the true covariance matrix. In Test 2 we assume
that the covariance matrix is the ident! ity matrix, and when the sup-norm is used the Type I error
rate determined in Proposition 1 is then equivalent to performing 100 univariate tests and rejecting
the hypothesis if at least one of the 100 tests rejects the relevant one dimensional null hypothesis.
Test 4 is based on a Bonferonni correction to Test 2. As explained before, to carry out the test
one requires estimation of the covariance matrix. We estimate the covariance matrix by the sample

covariance matrix 3, = ((6n.u.0)) using the formula

5, =

n

Y K ) X~ ) (6.14)
i=1

where p,, o is value of the mean vector under the null hypothesis and the prime denotes the transpose.

Table 1 provides the observed Type I error rates when the sup-norm is used.

The primary purpose of Table 1 is to describe the basic problems that arise in statistical analyses
of data sets using our methodology. It is clear from Table 1 that our methodology works, in the
sense of yielding Type I error rates which are closer to the nominal error rates, if the covariance
matrix is known. It is not surprising that Test 1 does poorly since one is estimating 5050 parameters
from 10 data vectors, each of dimension 100. However, an important observation is that in Test 2,
when the true covariance matrix ¥ is not the identity matrix, assuming independence or “by-gene”
analysis yields substantially inflated Type I error rates. This raises three important questions: (i)
suppose one were to model the covariance structure correctly, can one improve the Type I error
rate? (ii) What are the consequences of mis-modeling the covariance structure?, and (iii) is there an
alternate way to estimate the covariance matrix without making any structural assumptions? Our

next simulations address these questions.
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p=21| p=4|p=0c0
Case 1 | 0.0488 | 0.0482 | 0.0462
Case 2 | 0.0838 | 0.0806 | 0.0626
Case 3 | 0.2752 | 0.2558 | 0.1474

Table 2: Comparison of Type I error rates for various norms under different information concerning

the covariance matrix.

We begin with an experiment addressing questions (i) and (ii). In this experiment we assume the
population covariance to have AR(1) structure, as in (6.12), with parameters 02 = 3 and r = 0.8.
We consider three cases. Case 1 corresponds to the situation that the user knows the true X,,.
Case 2 corresponds to the case that the user correctly models the structure to be AR(1), while
Case 3 corresponds to the situation where the user incorrectly models the structure to be compound
symmetric while the true structure is autoregressive. If the covariance matrix is modeled to be

compound symmetric, we estimate the covariance parameter using the formula

9 b(n) b(n)
= T,y (6.15)
B0 1) 2= 2

while the common variance is estimated using the formula

n

1
~2 !
—_75 Xni—p Xni— o) 6.16
On nb(n) 1 1-71( 5 n,O) ( 5 ,O) ( )
If the covariance matrix is modeled using the autoregressive structure, then the autoregressive pa-

rameter 7 is estimated using the formula,
A 1 A
Tn Z Ti, (6 17)

where

b(n)—1 L ) o _ )
P = Z;:l (fn,zu /Ln,J,O)(fn,z,JJrl /LnJJrl,O)' (6.18)

b(n
Zj(zl)(ﬁn,z‘,j — Hn,j,0)?

The variance parameter is estimated using the formula (6.16). In this experiment we also consider

the role of the norm being used by studying the 2-norm, the 4-norm, and the sup-norm. Of course,
we still have n = 10 and b(n) = 100. Table 2 gives the Type I error rates in this situation. We
notice that the Type I error when the infinity norm is used is much closer to the nominal 5% rate
compared to the results of Table 1 for Test 1 and Test 2 for the AR(1) column. Table 2 suggests
that the effect of the norm is pronounced when the covariance matrix is estimated; furthermore,
the error rates seem to get closer to the nominal values as the norm approaches infinity. When the
covariance matrix is modeled incorrectly, the error rate increases substantially.

To understand the effect of the norm (used for constructing the test statistic) on the Type I
error rate, we performed another numerical experiment with the compound symmetric covariance
structure with 02 = 2 and o7 = 1.5. We studied several norms starting from p = 2 to p = 200 with
increments of 1 and the final data point corresponds to p = co. The dimension of the data vectors
used in this experiment were b(n) = 100, b(n) = 500 and b(n) = 1000. The value of n remained at
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10. The variance and the covariance parameters were estimated using the formulae (6.16) and (6.15),
respectively. Figure 2 gives Type I error rates for different norms for different data dimensions. The

X-axis is p and the Y-axis is the observed Type I error rates for the tests.
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Figure 2: Type I error rates as a function of the norm for various dimensions of the parameter space.

The graphs show that as p increases, the observed Type I error rates seem to get closer to the
nominal value, even though the nominal rate is not achieved. Additional analysis is required to
understand this phenomenon. Moreover, if one assumed that the covariance matrix is diagonal, that
is, assuming incorrectly that the covariances are zero, then the test constructed using (6.4) yields
an error rate of 0.7292 which is substantially larger than described in Figure 2. This shows that
ignoring the correlations when they are actually present, yields a biased methodology as described
in the last paragraph of the previous section.

We now move on to describe the interaction between the number of parameters in the covariance
matrix, the dimension of the data-vectors, the effect of norms, and incorrect modeling by over
specification of the parameters. For this reason we need to introduce yet another covariance structure

called the heterogeneous covariance structure (HCS). This structure imposes the following conditions
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Data generated using HCS covariance structure

b(n) =100 | b(n) =500 b(n) = 1000
p=2 0.0986 0.1016 0.1042
p=4 0.1774 0.4732 0.695
p =00 0.1602 0.2748 0.367
Data generated using CS covariance structure
b(n) =100 | b(n) =500 b(n) = 1000
p=2 0.0764 0.0936 0.1042
p=4 0.1344 0.302 0.3582
p =00 0.1324 0.3582 0.449

Table 3: Type I error rates under model mis-specifications.

on the covariance matrix, namely

2 2
w T fu= s

S op+o° ifu=w (6.19)
p* if u#wv.

Again, while it is not necessary that p* > 0, as mentioned previously, we will take it to be positive
and equal to o2. Note that the number of parameters in this case is b(n) +1. We consider two cases.
In the first case, the true ¥,, is HCS with 02 = 2 and 02 = u, but the user fits CS. The parameters
in this case are estimated as described before. In the second case, the true 3, is CS with o2 = 2
and o7 = 1.5, but the user fits HCS. In this case, the variance parameters are estimated using the
sample variances for each component. Table 3 provides the observed Type I error rates of the tests
in these cases. Note that as the number of parameters in the covariance matrix increase, smaller
values of p yield values closer to the nominal values. In particular, this contrasts with the results
in Figure 2, where the number of parameters in each graph is constant, and then large values of p
typically yield observed rates closer to the nominal rate of 0.05. However, also observe that in this
current experiment even if the dimension of the data vector is 1000 and n = 10, the increase in the
Type I error does not exceed 0.0542 when p = 2. This shows that our methodology is fairly stable
under various perturbations of the true model. We now move on to study the power associated with
our test procedure.

To study the power we choose p,, o to be a b(n) dimensional vector all of whose components are
equal to one. The covariance structure is taken to be compound symmetric with 02 = 2 and 03 = 1.5
There are several alternative hypotheses but we consider the situation where p = (a,a,---a) for
values of a ranging from 1.25 to 3. As before, we study various data dimensions namely, b(n) = 100,
b(n) = 500 and b(n) = 1000 for p = 2, p = 4, and p = 1000. In Figure 3 the X-axis represents the
values of a while the Y-axis represents the observed power. The graphs clearly show that even with
a sample size of 10 there is reasonable power to detect small differences. It is also clear, expectedly,
that the power to detect small changes decreases as the data-dimension increases. Furthermore,
the power to detect departures from the null hypothesis using the sup-norm based statistic is less
than the statistics with p = 2 and p = 4. However, the size of the test is closer to nominal for
the sup-norm statistic. This suggests that perhaps there is a very large value of p that would yield

a nominal Type I error rate and substantial power to detect departures from the null hypothesis.
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Figure 3: Interaction between the power and the dimension for different norms.

As one would expect, this choice may depend on the variance and the underlying data-distribution.
Evaluating such a value of p as a function of the variance is outside the scope of this paper. However,
our simulation results in the next two sections shed some light on this scenario.

Thus what is left to understand is whether it is possible to develop optimal procedures based on
the techniques in this paper without making any structural assumptions concerning the covariance
matrix. This is question (iii) described previously. Indeed, this is the one of the points of [11], where
their techniques do not take into account the structure of the dependencies between the variables.

We address this issue in the next subsection.

6.3 Unstructured Covariance Estimation and Shrinkage

It is well-documented in the statistical literature that estimation of the covariance matrix is a
difficult problem. It is known that the traditional method of moments estimator is the same as the
maximum likelihood estimator when the data distribution is multivariate normal. When the number
of variables is larger than the sample size [14] and [28] amongst others have clearly demonstrated

that the sample covariance matrix behaves poorly in terms of the mean square error. Borrowing the
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Unstructured with Shrinkage

n p=2 | p=4 | p=oo | mean A var A

10 | 0.0358 | 0.0342 | 0.0520 | 0.8886 | 0.0002416
20 | 0.0504 | 0.0330 | 0.0464 | 0.9448 | 0.0003191
30 | 0.0476 | 0.0390 | 0.0374 | 0.9621 | 0.0003333
40 | 0.0498 | 0.0428 | 0.0436 | 0.9694 | 0.0003322
50 | 0.0456 | 0.0404 | 0.0434 | 0.9732 | 0.0003223
60 | 0.0548 | 0.0472 | 0.0408 | 0.9743 | 0.0003018
70 | 0.0504 | 0.0426 | 0.0424 | 0.9762 | 0.0003073
80 | 0.0534 | 0.0444 | 0.0390 | 0.9756 | 0.0003008
90 | 0.0498 | 0.0486 | 0.0504 | 0.9762 | 0.000306
100 | 0.0458 | 0.0402 | 0.0438 | 0.9767 | 0.0003047

Table 4: Type I error rates with unstructured covariance matrix and Shrinkage

idea from shrinkage estimation, [14] developed an alternative estimator of ¥,, by taking a convex
combination of the unstructured sample covariance matrix and a structured covariance matrix. Their
estimator is given by

SE = (1= A, + A%, (6.20)

where f]n is the method of moments estimator and f]n is an estimator assuming a particular structure
for the covariance matrix. The parameter A can be estimated from the data and has a closed form
expression when ¥, is taken to be an identity matrix, compound symmetric structure, heterogeneous
compound symmetry structure and many other structures. The estimator X possesses the following
properties: it (i) minimize the quadratic loss, (i) has minimal asymptotic risk in a certain class, (iii)
is orthogonally invariant and invertible, and (iv) is consistent in a general asymptotic framework
based on what is referred to as Kolmogorov asymptotics. These properties makes attractive for use
in inference.

In this section, we describe a numerical experiment to evaluate if some of the difficulties de-
scribed in the previous subsection due to covariance matrix estimation can be minimized by using
the shrinkage method for estimating the covariance matrix. For this reason, we first generate a
random population covariance matrix 3, and fix this matrix. We now generate data from a normal
population with mean p,, and covariance matrix ¥,,. In our simulations we chose for f]n, a diagonal
matrix ( which is referred to as Target D in [28]), namely a heterogeneous compound symmetry
structure with covariances equal to 0. As explained in [28] this choice also yields a positive definite
37 . In our numerical experiment we study the performance of our methodology when choosing this
aforementioned shrinkage estimator. We also look at the role of the norms and the sample sizes.
The dimension of the parameter space is fixed at b(n) = 1100, and again n = 10. Table 4 shows the
Type I error rates, the mean amount of shrinkage, and the variance in the shrinkage. It is clear that
as the sample size increases, the mean of the shrinkage parameter increases to 1 thereby suggesting
that the estimate gets closer to the structured matrix. We also observe from Table 4 that as n
increases, small values of p yield Type I error rates that are closer to the nominal 5% level, while
for small values of n , p = oo yields error rates that are closer to the 5% level. Thus, the results of

this numerical experiment suggest that our methodology combined with a shrinkage estimation of

49



p=2| p=4 | p=o0 | mean A | var A | mean A, | var \,
p =100 | 0.1312 | 0.0838 | 0.0686 | 0.8361 | 0.0009 | 0.2617 | 0.0029
p=>500 | 0.1914 | 0.0874 | 0.057 | 0.8555 | 0.0002 | 0.2485 | 0.0009
p=1000 | 0.237 | 0.1042 | 0.0526 | 0.8493 | 0.0002 | 0.2402 | 0.0005

Table 5: Type I error rates for using information from leukemia data set shrinking both the variances

and covariances.

the covariance matrix could yield a sound technique for data analyses. We pursue this aspect in the

subsections below.

6.4 Numerical Experiment using Information from Leukemia Data

To illustrate the methodology, we now use information in a publically avaibale data set called the
leukemia data set described in [7]. This data set contains the gene expression values for two types of
leukemia, acute lymphoblastic leukemia (ALL) and acute myeloid leukemia (AML). We use the same
pre-processing step as described in Section 3.1 of [8], We retain 3571 genes from 72 patients, 38 from
ALL group and 25 from AML group. On the remaining 3571 genes, we apply the standardization
technique described in Section 3.3 of [8].

In this simulation study we only use the information from the AML group. We consider
b(n) = 100,500, 1000 dimensions. The simulation experiments are based on data generated from
Ny(n) (1, X)) for a sample of size n = 10. We now describe how p,, and ¥,, are obtained from the
data.

1. Fix b(n) (e.g. b(n) = 100).
2. Randomly select b(n) genes (without replacement) from the 3571 genes in the data set.

3. From the 25 AML patients estimate the mean from these b(n) genes. Call the resulting estimate
M-

4. From the 25 AML patients estimate the covariance matrix, shrinking the covariances, from

these b(n) genes. Call the resulting estimate %,,.

Now, for a fixed b(n), we use the same p,, and ¥,, in all 5000 simulations.
We shrunk the variances as well as the covariances; A denotes the optimal covariance shrinkage
factor where A, denotes the optimal variance shrinkage factor. Table 5 provides the Type I error

rates for this one-sample problem.

6.5 Mixture distributions and the role of variances

Motivated by the results of the previous section, in this section we present numerical experiments
that bear similarities with real data sets. For this reason, we study situations when data are from
normal or mixtures of normal populations. To make our results comparable and provide insight into
various phenomenon, it is necessary to understand the variances and covariances especially when

the covariance matrix is assumed to be unstructured. We begin with a scenario when the data
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> Known

(n,b(n)) | p=2 ] p=4 | p=o0
(10,100) | 0.1714 | 0.1014 | 0.0596
(20,200) | 0.1856 | 0.096 | 0.0456
( )
( )
( )

30, 300 0.213 | 0.1048 | 0.0454

40,400) | 0.2608 | 0.1304 | 0.0456

50, 500 0.277 0.15 0.045
Y. Unknown

(n,bn)) | p=2 | p=4 | p=oc | mean \ var A

(10,100) | 0.0532 | 0.043 | 0.0600 | 0.8489 | 5.33E-04
(20,200) | 0.0948 | 0.073 | 0.0724 | 0.8712 | 3.80E-04
( )
( )
( )

30,300) | 0.1242 | 0.089 | 0.073 | 0.8354 | 4.00E-04
40,400) | 0.1314 | 0.1018 | 0.0782 | 0.7662 | 4.41E-04
50, 500 0.143 | 0.105 | 0.0714 | 0.7335 | 4.14E-04

Table 6: Type I error rates for known and unknown ¥ as a function of p and the dimension.

are generated from a mixture of normal populations. That is, let X be a generic b(n) dimensional
random variable with distribution given by

N(u,,%%) with probabilit
x ~ d V(#n, Z5)  with probability p (6.21)
N(p,,,¥b) with probability ¢ =1 —p

In the above, p is called the mixing proportion and was taken to be 0.5 in all our simulations. p is
the mean of the distribution and was randomly chosen from the uniform distribution and held fixed,
as described previously. The covariances matrices, of order b(n) x b(n), are given by

1 ifu=v=1,

Oy = m if 2<wu=wv<b(n),
.01 if 1 <u#wv<bn).
3 ifu=v=1,

b .

Oy = m if 2<wu=wv<b(n),
.008 if 1 <u#wv<bn).

These covariance matrices were chosen so that there was ease in computation, and that the conditions
are close to those required in Theorem 6. The dimension of the data vectors are chosen to be
b(n) = 10n. Type I error rates are given in the Table 6. The covariance matrix is estimated using
the shrinkage method described previously. The results show that, if 3, is known and satisfies the
conditions indicated above, then the error rates are close to nominal; if ¥, is unknown, then using
the shrinkage technique of estimation, error rates are closer to nominal even though there is a small
inflation in the error rates. The general trend again seems to suggest that large values of p yield
results closer to the nominal value. However, since the data were generated to satisfy conditions

close to those required in Theorem 6, perhaps other situations would emerge under parameter choices
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Case 1: Small variances
b(n) =100 | b(n) =500 | b(n) = 1000

e 2.3304 2.3238 2.328
mino}, , 1.8154 1.8377 1.8356
maxo}, , 2.8074 2.8443 2.8359

P Sovou Thw | 70001 -0.0003 -0.0001
min, 4, 07, -0.0353 -0.0189 -0.0137
Max, 4, 0, 0.0336 0.0201 0.0141

i Sovs o] | 0.0078 0.0035 0.0024

Case 2: Large variances
b(n) =100 | b(n) =500 | b(n) = 1000

s S ot 10.6312 | 51.9486 101.156
mino}, , 8.8822 47.0884 93.5997
maxo}, , 12.1996 | 56.5424 | 107.4229

P Sovsu Th | 00161 -0.0076 -0.0051
min, . 07, -0.5056 -0.571 -0.5793
Max, 4, 05, 0.5278 0.5456 0.6362

i Sovs o] | 01073 0.1041 0.1012

Table 7: Properties of the covariance matrix with “small” and “large” variances.

more in line with the conditions required for the asymptotic normality results in Theorem 7 and
Remark 11.

We now move on to consider the variance issue. In the previous sections, our results indicated
that under mis-specifications the error rates start deviating from the nominal values. Furthermore,
there were differences between the error rates for UN, HCS and CS structures (see for instance Table
1 and Table 3). It is not immediately clear if these results are comparable since the construction of
the test statistic did not involve the covariance matrix, as is the case in most traditional statistical
problems. However, the test performed did involve the covariance matrix. In particular since the
covariance matrices used in the simulations were chosen at random and kept fixed for simulations,
(especially for covariance matrices which are unstructured and with HCS structure) one cannot
conclude, without further evidence, that the results “depend only on the number of parameters
involved and not on the actual values of variances and covariances in a covariance matrix”. Our
next numerical experiment addresses this issue, and in the process illustrates that our methodology
possesses these invariance properties normally prevalent in traditional t-type statistics.

We now describe the experiment that sets the variances and covariances on a comparable scale.
For this experiment, we resort to data from the normal distribution. We consider three situations:
(i) the population covariance matrix is unstructured; (ii) the population covariance matrix has CS
structure; and (iii) the population covariance matrix has HCS structure. In Table 7, we describe
properties of the unstructured covariance matrix ¥, = ((07} ,)) with “small” and “large” variances.
We use this matrix to construct covariance matrices with CS and HCS structure as described below.

To allow comparisons between results, we set the variance parameter o? of the covariance
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UN
p= p=4 | p=oo | mean A var A
b(n) =100 | 0.0326 | 0.0314 | 0.0486 | 0.8889 | 2.29E-04

b(n) =500 | 0.0128 | 0.0676 | 0.1698 | 0.8888 | 9.30E-06
b(n) = 1000 | 0.003 0.11 | 0.2732 | 0.8888 | 2.36E-06
CS

p= p=4 | p=oo | mean A var A

n) =100 | 0.0374 | 0.0384 | 0.0414 | 0.8889 | 2.35E-04
n) = 500 0.04 | 0.0404 | 0.0488 | 0.8889 | 8.98E-06
b(n) = 1000 | 0.044 | 0.0458 | 0.0432 | 0.8889 | 2.39E-06
HCS
p=2 | p=4 | p=oo | mean A var A

n) =100 | 0.0452 | 0.0416 | 0.06 0.889 | 2.30E-04
n) =500 | 0.0368 | 0.11 0.18 0.8889 | 9.19E-06
b(n) = 1000 | 0.036 | 0.2488 | 0.3018 | 0.8889 | 2.34E-06

Table 8: Type I error rates for normal model using various covariance structures-the case of small
variances
matrix with CS structure to be ﬁZf(:"l) ok .; we also set the covariance parameter o2 to be

w,u’

W > vsu 00| In the context of HCS, the parameters are taken as follows:

50 Sovsu | Tal i U # v

" - 7 (6.22)
Uu,u + m Zv>u |Uu,v| ifu=w.

Uu,v =

Of course, the sum ) _  is actually Zb(n)?»uzp but we suppress that to simplify our notation.

We consider three cases: (i) when the statistician models the data as unstructured and uses
the shrinkage algorithm to estimate the covariance matrix; (ii) The statistician models the data
correctly as CS ; and (iii) the statistician models the data correctly as HCS. In cases (ii) and (iii)
the variance and covariance parameters are estimated using the appropriate formulae described in
the earlier sub-sections of this section. Table 8 provides error rates for the three cases when the
variance is “small” while Table 9 provides the error rates when the variance is “large”.

It is clear from these tables that as the number of parameters increase, and if the variances do
not decay, both UN and HCS structures yield error rates that are different from the nominal values
(compare Table 6). However, with CS structure the method yields error rates that are close to the
nominal values, even for large dimensions, since such a structure requires estimation of only two
parameters. This phenomenon seems to be consistent for both small and large variances in the data
set.

Finally, we study the behavior of shrinkage methods when the distribution is a mixture distribu-
tion and no structure is assumed. The two covariance matrices are taken to be the Case 1 of Table 7
and the compound symmetry structure derived from Case 1, Table 7, as explained previously. The
error rates are summarized in Table 10.

Our results clearly show that for smaller values of the dimension, larger p yields results closer to

the nominal value while smaller values of p yield optimal results for larger dimension. The simulation
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UN

p= p=4 | p=oo | mean A var A
b(n) =100 | 0.0378 | 0.0344 | 0.055 | 0.8883 | 2.30E-04

(n) =500 | 0.0082 | 0.0718 | 0.1762 | 0.8888 | 9.39E-06
b(n) = 1000 | 0.0036 | 0.1068 | 0.2866 | 0.8889 | 2.40E-06
CS
p= p=4 | p=oo | mean A var A
b(n) =100 | 0.0432 | 0.0454 | 0.0462 | 0.8888 | 2.35E-04
(n) =500 | 0.0414 | 0.0434 | 0.0488 | 0.8889 | 9.20E-06
b(n) = 1000 | 0.0394 | 0.039 | 0.046 | 0.8889 | 2.36E-06
HCS
p=2 | p=4 | p=oo | mean A var A

(n) =100 | 0.0394 | 0.0352 | 0.0574 | 0.8883 | 2.33E-04
b(n) =500 | 0.037 | 0.118 | 0.199 | 0.8889 | 9.12E-06
b(n) = 1000 | 0.0432 | 0.2578 | 0.3214 | 0.8889 | 2.35E-06

Table 9: Type I error rates for a normal model using various covariance structures-the case of large

variances

p=2 | p=4 | p=oo | mean A var A

(n) =100 | 0.0324 | 0.0332 | 0.0574 | 0.8876 | 2.55E-04
(n) =500 | 0.0178 | 0.0778 | 0.1786 | 0.8874 | 1.21E-05
b(n) = 1000 | 0.0114 | 0.1336 | 0.302 | 0.8873 | 3.93E-06

Table 10: Type I error rates for mixture model with covariance matrix estimated using the shrinkage

algorithm
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results are suggestive that this phenomenon is independent of the variances and covariances and the
choice of the data distributions.

Thus based on our simulation results contained in Tables 1 through 10 and theoretical results,
it is reasonable to draw the following conclusions: the methodology proposed in Section 6 combined
with shrinkage estimation of covariance matrix works well (in the sense of yielding nominal Type
I error rates) with small sample size and reasonably large dimension under no assumptions on the
structure of the covariance matrix. If the covariance matrix is assumed to be structured with few
parameters, then the methodology works even when the data dimension is very large. However, if
the number of parameters in the structured matrix also is large, then the data dimension needs to
be reasonable for valid inference. Furthermore, mis-modeling the covariance structure would yield
substantially biased inference, the worst case being assuming the covariance structure to be the
identity (Table 1). All these phenomenon hold when the sup-norm is used for constructing the test
statistic. Also, since the conditions for asymptotic normality hold more generally for the sup-norm
case, this norm is convenient to use for data analyses. In addition, if the conditions for the sup-norm
are satisfied and the data dimension is very large relative to the sample size, use of the 2-norm for
data analyses may yield more accurate results (Table 8 and Table 9). Further simulation results

using structured covariances that arise in these problems are available in [13].

7 Identifying Differentially Expressed Genes

In micro array analyses, it is often the case that a scientist is concerned with identifying if two sets
of genes are differentially expressed. Methods like cluster analysis are not confirmatory but does
provide some insight into identifying a set of differentially expressed genes. The confirmatory tool
currently in popular use, typically involves methods like t—test and FDR. In this section, we describe
how methods of this paper can be adopted to identifying the differentially expressed genes. Since
identifying differentially expressed genes relates to the mean expression profiles of two populations,
it is two-sample problem. We now describe how to adopt the methodology from Section 6.1 to
handle a particular case of a two-sample problem related to our data analysis. Since we have two
populations we will use the superscript (i) to denote the appropriate population. For instance, N,SJ 2
will represent the number of genes from population j. We deal with the case N,Sll) = N7(121) = b(n)
(4)
n

and that R, ;; = 1. Under this model assumption, let uﬁ{ ) = E(X' ). The null hypothesis for

the two-sample problem is ;L%l) = ug). Now, let n; and no denote the number of replicates from
each group. Then, we use the quantity ||S§117211n171/2 - S%%Zmn;l/QHP = ||’1~‘fllzl1 - Tfizm”p as the test

statistic and compare it to its distribution obtained via monte carlo methods.

We now apply this methgodology to the leukemia data set described in [7], which we also used
in the previous section. We analyzed the sixteen genes given in Table 2 of [31]. The value of the
test statistics, using our methods, were determined to be 4.4992, 2.7396, and 2.0250 for 2-norm,
4-norm, and sup-norm respectively. The corresponding p-values were all less than 10~ showing
that the genes are differentially expressed. The same conclusion was also obtained by Xiting et. al.
([31]) using different methods. More importantly, as explained in [31], these genes have biological
significance and the three existing statistical methods in popular use did not identify them to be

differentially expressed.
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8 Concluding Remarks

In this paper we developed results concerning the joint consistency and joint asymptotic normality of
estimators of parameters of several variables whose dimension increases as the sample size increases
by viewing it as an infinite dimensional problem. We used these results to develop test statistics
and their asymptotic limit distributions. In particular, existence of the limiting infinite dimensional
Gaussian distributions justifies the methodology described in Section 6. Our simulation results
bring out the importance of estimating the covariance matrix well. Furthermore, although our
central limit theorems require technical conditions, when applied to i.i.d. random vectors in the
various settings, some of these conditions are extremely close to being optimal. It is also important
to note that our simulations suggest they yield useful results under a variety of simplifications of
the precise assumptions of these results. Indeed, apart from establishing the infinite dime! nsional
results under various missing mechanisms, our results help develop procedures for joint inference in
multivariate problems where the dimension of the parameter space increases with the sample size. In
particular, our results provide asymptotic justification of the joint marginal inference in a one-way
random effects model with incomplete data and when the number of parameters increase with the
sample size. Extensions of our methodology to more general models and related questions are under
consideration.

Acknowledgements: Authors would like to thank Mr. Bret Hanlon for help with simulations. Mr.

Hanlon is a student of the second author.
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