Preface

This book developed out of my year-long course on asymptotic theory at
Purdue University. To some extent, the topics coincide with what | cover in
that course. There are already a number of well-known books on asymp-
totics. This book is quite different. It covers more topics in one source than
areavailablein any other single book on asymptotic theory. Numeroustopics
covered in this book are available in the literature in a scattered manner,
and they are brought together under one umbrellain this book. Asymptotic
theory is a central unifying theme in probability and statistics. My main
goal in writing this book is to give its readers afeel for the incredible scope
and reach of asymptotics. | have tried to write this book in a way that is
accessible and to make the reader appreciate the beauty of theory and the
insights that only theory can provide.

Essentially every theorem in the book comes with at |east one reference,
preceding or following the statement of the theorem. In addition, | have pro-
vided a separate theorem-by-theorem reference as an entry onits own in the
front of the book to make it extremely convenient for the reader to find a
proof that was not provided in the text. Also particularly worth mentioning
is a collection of nearly 300 practically useful inequalities that | have col-
lected together from numerous sources. This is appended at the very end
of the book. Almost every inequality in this collection comes with at least
one reference. | have often preferred to cite a book rather than an original
publication for these inequalities, particularly if the book contained many
of the inequalities that | present. | also emphasize in this book conceptual
discussion of issues, working out many examples and providing a good col-
lection of unusual exercises. Another feature of this book is the guidance to
the literature for someonewho wishesto dig deeper into the topic of apartic-
ular chapter. | havetried to make the chapter-by-chapter bibliographies both
modern and representative. The book has 574 exercises and 293 worked-out
examples. | have marked the more nonroutine exercises with an asterisk.
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| hope that this book is useful as a graduate text, for independent reading,
and as a general and nearly encyclopedic research reference on asymptotic
theory. It should be possible to design graduate-level courses using this book
with emphasis on parametric methods or nonparametric methods, on classic
topics or more current topics, on frequentist topics or Bayesian topics, or
even on probability theory. For the benefit of instructors, | have provided rec-
ommended chapters for ten different one-semester courses, with emphasis
on different themes. | hope that this provides some useful guidance toward
designing courses based on this book.

Because the book covers a very broad range of topics, | do not have a
uniform answer for what background | assume for a reader of this book.
For most chapters, a knowledge of advanced calculus and linear algebrais
enough to enable the reader to follow the material. However, some chapters
reguire some use of measure theory and advanced analysis and some expo-
sure to stochastic processes. One course on statistical theory at the level of
Bickel and Doksum (cited in Chapter 3 of thisvolume) or Casellaand Berger
(1990) and one on probability at the level of Hoel, Port, and Stone (1971)
or Durrett (1994) are certainly needed to follow the discussion in this book.
Chapter 1 is essentially a review of somewhat more advanced probability
should one need it. The more advanced chapters in this book can be much
better appreciated if one has had courses on the two books of Erich Lehmann
(Lehmann and Casella (cited in Chapter 16), Lehmann and Romano (cited
in Chapter 24)) and a course based on Breiman (1992), Durrett (2004) or
Billingsley (see Chapter 1).

My greatest thanks are dueto Peter Hall for being an inspirational and car-
ing advisor, reader, and intellectual filter over the last several yearsas| was
writing drafts of this book. Peter has deeply influenced my understanding,
appreciation, and taste for probability and statistics, and | have felt grateful
that | have had accessto him at all times and with unlimited patience. | have
received much more from Peter than | could wish or expect. | could not
have written this book without Peter’s exemplary warmth and mentorship.
However, all mistakes and ambiguities in the book are exclusively my re-
sponsibility. | would love to know of all serious mistakes that a reader finds
in this book, and there must be mistakesin abook of this length.

| also want to express my very special thanks to John Marden and Larry
Wasserman for repeatedly offering their friendly and thoughtful suggestions
onvariousdecisions| had to make on this book. | want to mention the gener-
ous help and support from Erich Lehmann, Peter Bickel, Rabi Bhattacharya,
and Jon Wellner on specific chapters in the book. Numerous colleagues, and
in particular C. R. Rao, Arup Bose, Persi Diaconis, Joe Eaton, Jianging Fan,
lain Johnstone, T. Krishnan, Bruce Lindsay, Wei-Liem Loh, Peter McCul-
lagh, Dimitris Politis, B. V. Rao, Bob Serfling, J. Sethuraman, Kesar Singh,
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and Michael Woodroofe, made helpful comments on parts of earlier drafts
of the book. Chun Han, Martina Muehlbach, and Surya Tokdar helped me
graciously with putting together TeX files of the chapers. John Kimmel and
Jeffrey Taub at Springer were extremely helpful and professional, and | en-
joyed working with them very much. | will work with John and Jeff at any
time with pleasure. Several anonymousrefereesdid unbelievably helpful and
constructive readings of many parts of the book. The Springer series editors
gave me gracious input whenever needed. The copyeditor Hal Henglein and
the typesetters — Integra India of Springer did a magnificent job. | am im-
mensely thankful to all of them. | am also thankful to Purdue University for
providing me with computing and secretarial assistance. Doug and Cheryl
Crabill, in particular, assisted me numerous times with a smile.

| was an impressionable fifteen-year-old when | entered the Indian Sta-
tistical Institute (1SI) as afirst-year student. | had heard that statisticians do
boring calculations with large numbers using clumsy calculating machines.
Dev Basu entered the lecture room on my first day at the ISl and instantly
changed my perception of statistics. No one | met could explain so effort-
lessly the study of randomness and how to use what we learn about it to
make useful conclusions. There was not one person at the ISI who didn’t
regard him as an incomparable role model, a personification of scholarship,
and an angelic personality. | am fortunate that | had him as my foremost
teacher. | am grateful to C. R. Rao for the golden days of the ISI and for
making all of usfeel that even as students we were equalsin his eyes.

At a personal level, | am profoundly grateful to Jenifer Brown for the
uniquenessand constancy of her treasured support, counsel, well wishes, and
endearing camaraderie for many years, all of which have enriched me at my
most difficult times and have hel ped me become a better human being. | will
aways remain much indebted to Jenifer for the positive, encouraging, and
crystallizing influence she has been at all times. | have considered Jenifer to
be an impeccable role model.

| am also thankful to Supriyo and Anuradha Datta, Julie Marshburn,
Teena Seele, Gail Hytner, Norma Lucas, Deb Green, Tanya Winder, Hira
Koul, Rajeeva K arandikar, Wei-Liem Loh, Dimitris Politis, and Larry Shepp
for their loyalty, friendship and warmth. Jim and Ann Berger, Herman Ru-
bin, B.V. Rao, T. Krishnan, Larry Brown, Len Haff, Jianging Fan, and Bill
Strawderman have mentored, supported and cared for me for more than a
decade. | appreciate all of them. But most of al, | appreciate the love and
warmth of my family. | dedicate this book to the cherished memories of my
father, and to my mother on her eightieth birthday.

Anirban DasGupta
Purdue University, West Lafayette, IN



Chapter 12
| nvariance Principles

The previous chapters discuss the asymptotic behavior of the sequence of
partial sums S, = Y ; Xj,n > 1, for an iid sequence X1, Xp, - - -, under
suitable moment conditions. In particular, we have described limit distribu-
tions and laws of large numbersfor centered and normalized versions of Sj,.
The sequence of partial sums is clearly a natural thing to consider, given
that sample means are so natural in statistics and probability. The central
limit theorem says that as long as some moment conditions are satisfied, at
any particular large value of n, S, acts like a normally distributed random
variable. In other words, the population from which the X; came does not
matter. The deltatheorem saysthat we can do even better. We can even iden-
tify the limit distributions of functions, h(S,), and this is nice because there
are problems in which the right statistic is not S, itself but some suitable
function h(Sp).

Now, the sequence S, is obviously a discrete-time stochastic process.
We can think of a continuous-time stochastic process suitably devised, say
Sh(t), on the interval [0, 1] such that, for any n, members of the discrete
sequence j; , j;, . j; , are the values of that continuous-time process at
thediscretetimest = |, 2,-.. | " = 1. Onecan ask, what is the asymptotic
behavior of this sequence of continuous-time stochastic processes? And just
as in the case of the discrete-time stochastic process S,, one can look at
functionals h(S,(t)) of these continuous-time stochastic processes. There
are numerous problems in which it is precisely some suitable functional
h(Sn(t)) that isthe appropriate sequence of statistics. The problemsin which
afunctional of such atypeisthe appropriate statistic arisein estimation, test-
ing, model selection, goodness of fit, regression, and many other common
statistical contexts. The invariance principle says the remarkable thing that,
once again, under limited moment conditions, the continuous-time process
Sn(t) will act like a suitable continuous-time Gaussian process, say W (t),
and any nice enough functional h(S,(t)) will act like the same functional of
the limiting Gaussian process W (t). The original F from which the data X;
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152 12 Invariance Principles

came is once again not going to matter. The form of the result is always the
same. So, if we can identify that limiting Gaussian process W (t), and if we
know how to deal with the distribution of h(W (t)), then we have obtained
the asymptotic behavior of our statistics h(S,(t)) al at one stroke. It is a
profoundly useful fact in the asymptatic theory of probability that al of this
is indeed a reality. This chapter deals with such invariance principles and
their concrete applicationsin important problems.

We recommend Billingsley (1968), Hall and Heyde (1980), and Csbrgo
and Révész (1981) for detailed and technical treatments, Erdds and Kac
(1946), Donsker (1951), Komlbs, Magjor, and Tusnady (1975, 1976),
Major (1978), Whitt (1980), and Csorgo (1984) for invariance principles
for the partial sum process, Mandrekar and Rao (1989) for more general
symmetric statistics, Csorgo (1984), Dudley (1984), Shorack and Well-
ner (1986), Wellner (1992), Csorgo and Horvéth (1993), and Giné (1996)
for comprehensive treatments of empirical processes and their invariance
principles, Heyde (1981), Pyke (1984), and Csorgo (2002) for lucid reviews,
Philipp (1979), Dudley and Philipp (1983), Révész (1976), Einmahl (1987),
and Massart (1989) for the multidimensional case, and Billingsley (1956),
Jain, Jogdeo, and Stout (1975), McLeish (1974, 1975), Philip and Stout
(1975), Hall (1977), Sen (1978), and Merlevéde, Peligrad, and Utev (2006)
for treatments and reviews of various dependent cases. Other references are
given within the specific sections.

12.1 Motivating Examples

Although we only talked about a continuous-time process Sy (t) that suitably
interpolates the partial sums S;, Sy, - - -, another continuous-time process of
immense practical utility is the so-called empirical process. The empirical
process F, (t) countsthe proportion of sample observationsamong thefirst n
that arelessthan or equal to agivent. Wewill discussit in alittle more detail
shortly. But first we give a collection of examples of functionals h(S,(t)) or
h(Fn(t)) that arise naturally as test statistics in important testing problems
or in the theory of probability. Their exact finite sample distributions being
clumsy or even impossible to write, it becomes necessary to consider their
asymptotic behavior. And, here is where an invariance principle of some
appropriate type comes into play and settles the asymptotics in an elegant
and crisp way.

Here are a small number of examples of such functionals that arise in
statistics and probability.
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Example 1 D, = sup_
on'R.

Example2C, = [~ (Fn(t) — Fo(t))?d Fo(t).

Example 3 My = supg-;-1 Sa(t).

Example 411, = r%#‘{k 0S¢ > 0} = A(t : Sp(t) > 0), where A denotes
L ebesgue measure (restricted to [0, 1]).

|Fn(t) — Fo(t)|, where Fy is agiven CDF

oco<t<oo

D, and C, arise as common test statistics in goodness-of-fit problems;
we will study them in greater detail in Chapter 26. M,, and I1,, arise in the
theory of random walks as the maximum fortune of a fixed player up to
time n and as the proportion of times that she has been ahead. There are
numerous such examples of statistics that can be regarded as functionals
of either a partial sum process or an empirical process, and typically they
satisfy some appropriate continuity property from which point an invariance
principle takes over and settles the asymptotics.

12.2 Two Relevant Gaussian Processes

We remarked earlier that Sy (t) will asymptotically act like a suitable Gaus-
sian process. So does the empirical process Fy(t). These two limiting Gaus-
sian processes are closely related and happen to be the Brownian motion and
the Brownian bridge, also known as the Wiener process and the tied-down
Wiener process. For purposes of completeness, we give the definition and
mention some fundamental properties of these two processes.

Definition 12.1 A stochastic process W (t) defined on a probability space
(Q, A, P), t € [0,00) is called a Wiener process or the Brownian motion
starting at zeroif:

(i) W(0) = Owith probability 1,
(i) forO<s <t <oo,W(t) —W(s) ~ N(,t—5)
@ii) gven 0 < tp < t; < -+ < tk < oo, the random variables
Wi(tj+1) — W(tj), 0 < j <k — 1 aremutually independent; and
(iv) the sample paths of W(.) are amost all continuous (i.e., except for a
set of sample points of probability 0), as a function of t, W(t, w) isa
continuous function.

Definition 12.2 Let W (t) beaWiener processon [0, 1]. The process B(t) =
W (t) — tW(1) iscaled aBrownian bridge on [0, 1].
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The proofs of the invariance principle theorems exploit key properties of
the Brownian motion and the Brownian bridge. The properties that are the
most useful toward this are sample path properties and some distributional
results for relevant functionals of these two processes. The most fundamen-
tal properties are given in the next theorem. These are also of paramount
importance and major historical value in their own right. Thereis no single
source where all of these properties are available or proved. Most of them
can be seen in Durrett (1996) and Csorgo (2002).

Theorem 12.1 (Important Propertiesof the Brownian Motion) Let W (t)
and B(t) denote, respectively, aBrownian motion on [0, oo) starting at zero
and a Brownian bridge on [0, 1]. Then,

(@) cov(W (s), W(t)) = min(s, t); cov(B(s), B(t)) = min(s, t) — st.

(b) Karhunen-L oceve Expansion If Z4, Zo, --- is an infinite sequence of
iid N (0, 1) random variables, then W (t) defined as W (t) = /2 >y
Sm[(r[:_l%]m) Zn isaBrownian motion starting at zero and B(t) defined as

2 w

B(t) = v2Y o, S"™™ 7, isaBrownian bridge on [0, 1].

mm

(c) Scaleand Time Change jCW(ct), ¢ > 0,tW(}) are also each Brown-
ian motions on [0, 00).

(d) W(t) is a Markov process and W (t), W2(t) — t, eWO-"3 0 e R, are
each martingales.

(e) Unbounded Variations On any nondegenerate finite interval, W(t) is
amost surely of unbounded total variation.

(f) Rough Paths Almost surely, sample paths of W (t) are nowhere differ-
entiable, but the paths are Holder continuous of order « for al a < ;

(g) Almost surely, there does not exist any ty such that ty is a point of in-
crease of W(t) in the usual sense of analysis.

(h) Behavior Near Zero Almost surely, on any interval (0, tg), tg > 0, W(t)
has infinitely many zeros.

(i) Zero Set and Cantor Property The set of all zeros of W (t) is amost
surely a closed, uncountable set of Lebesgue measure zero without any
isolated points.

() Strong Markov Property If £ is astopping time (w.r.t. the W (t) pro-
cess), then W(t + t) — W(r) isalso a Brownian motion on [0, co).

(k) Ast — oo, " — 0with probability 1.
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(DLIL  Almost surely, limsup, \/Ztl\c/)\::](ltczg(l/t) = 1, and

i w(t) - _
liminf,o J/2tloglog(1/t) L

(m) Almost surely, limsup, _,
-1
(n) Order of Increments Almost surely, for any givenc > 0,

w(t)
\/Ztloglogt

W(t)

=1, andliminf;_ J/loglogt

im s |W(t+c|0gT)—W(t)|:\/2

T—000<t<T—clogT clogT c
and
. Wt +1)—W(t
im ap WEED WO
T—>00t>0,t4+1<T \/2I0gT

(o) Domination Near Zero If r(t) € C[0, 1] (the class of real continuous
functions on [0, 1]) and is such that infr(t) > O, r(t) isincreasing and

f&? is decreasing in some neighborhood of t = 0, then P(JW(t)| <

r(t)vt € [0, to] for somety) = Liff [ t=3/2r(t)e /@) < oo,

(p) Maxima and Reflection Principle P (supy_s; W(s) > x) = 2P (W (t)
> X).

(q) First Arcsine Law Let T be the point of maxima of W (t) on [0, 1].
Then T isamost surely unique, and P(T <t) = 73 arcsin(y/t).

(r)Last Zero and the Second Arcsine Law Let L = sup{t € [0, 1] :
W(t) = 0}. Then P(L <t) = 2 arcsin(+/1).

(s) Reflected Brownian Motion Let X(t) = supys [W(s)|. Then P (X(t)
<X)= 2®(jt) -1, x>0.

(t) Loops and Self-Crossings Givend > 2, let Wq(t), --- , Wq4(t) bein-
dependent Brownian motions starting at zero, and let W9(t) = (W4(t),
-+, Wq(t)), called ad-dimensional Brownian motion. Then, for d = 2,
for any given finite k > 2 and any nondegenerate time interval, almost
surely there exist times ty, - - - , t, such that W9(ty) = --- = W9(t);
for d = 3, given any nondegenerate time interval, aimost surely there
exist times ty, t, such that W9(t;)) = WY(t,) (called double points or
self-crossings); for d > 3, WY(t) has, almost surely, no double points.

(u) Exit Time from Spheres Let W9 be a d-dimensional Brownian mo-
tion, B the d-dimensional open unit sphere centered at the origin, and
T = inf{t > 0: WY(t) ¢ B}. For abounded function f : R — R,
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E[fW()] = /s ||xl||d f(x)dS(x), where S is the normalized surface
measure on the boundary of B.

(v) Recurrenceand Transience Let W® be ad-dimensional Brownian mo-
tion. W9 isrecurrent for d = 1, 2 and transient for d > 3.

12.3 The Erdods-Kac Invariance Principle

Although the invariance principle for partial sumsof iid random variablesis
usually credited to Donsker (Donsker (1951)), Erdos and Kac (1946) con-
tained the basic idea behind the invariance principle and also worked out
the asymptotic distribution of a number of key and interesting functionals
h(Sn(t)). We provide a glimpse into the Erdos-Kac results in this section.
Erdos and Kac describe their method of proof as follows:

“The proofs of all thesetheoremsfollow the same pattern. It isfirst proved
that the limiting distribution exists and is independent of the distribution of
the Xj's; then the distribution of the X;’s is chosen conveniently so that the
limiting distribution can be calculated explicitly. This simple principle has,
to the best of our knowledge, never been used before.”

Theorem 12.2 Let X4, X5, - -+ beaninfiniteiid sequence of zero-mean ran-
dom variables such that j“n admits the central limit theorem. Then,

lim P(n~Y2 max S, < x) = Ga(x), x > 0,
n— 00 1<k<n

lim P(n~Y2 max |Sk| < x) = Ga(x), X > 0,
n—oo 1<k<n
n
lim P <n‘22 S2 < x) = G3(x), X > 0,
k=1

n
nILTo P <n‘3/2kZ|Sk| < x) = Gy4(x),x =0,
=1

n—o00

_ 1" 2 .
lim P (n k; Is,~0 < X) = _acsin(vx).0=x =1,
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where
Gi(x) = 2<D(x) -1,

( 1) 2.2 /(9,2
Gz(X) Z om o+ 1e —(2m+1)°7</(8x )

and formulas for Gz and the Laplace transform of G4 are provided in Erdods
and Kac (1946) (they involve complicated integral representations).

Remark. Itis quite interesting that for existence of alimiting distribution of
the sum of squares of the partial sums, a fourth moment of the X;’s is not
at all necessary, and in fact al that is needed is that the distribution F from
which the X; arise bein the domain of attraction of the normal. In particular,
existence of a variance is aready enough. We will see this phenomenon
reemerge in the next section.

12.4 Invariance Principles, Donsker’s Theorem,
and the KMT Construction

Donsker (1951) provided the full generalization of the Erdos-Kac tech-
nique by providing explicit embeddings of the discrete sequence j; k =
1,2, ..., ninto acontinuous-time stochastic process S, (t) and by establish-
ing the limiting distribution of a general continuous functional h(S(t)). In
order to achieve this, it is necessary to use a continuous mapping theorem
for metric spaces, as consideration of Euclidean spacesis no longer enough.
It is also useful to exploit a property of the Brownian motion known as the
Skorohod embedding theorem. We first describe this necessary background
material.

Define C[0, 1] the class of al continuous real-valued functions on [0, 1]
and D[0, 1] the classof all real-valued functionson [0, 1] that are right con-
tinuous and have a left limit at every point in [0, 1].

Giventwo functions f,g ineither C[0,1] or D[0,1], let p(f,9)=SUPy; 1]
f(t) — g(t)| denote the supremum distance between f and g. We will refer
to p asthe uniform metric. Both C[0, 1] and D[O0, 1] are (complete) metric
spaces with respect to the uniform metric p. Two common embeddings of
the discrete sequence jkn k =1,2 ---,n into a continuous-time process

are the following:

Snat) =, [Spg + (Nt} X[ney44l

1
/n
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and

Sn2(t) = jn Sint]»
0 <t < 1. Here, [.] denotes the integer part and {.} the fractional part of a
positive real.

The first one simply continuously interpolates between the values j; by
drawing straight lines, but the second one is only right continuous, with
jumps at the pointst = rf k=1,2,---,n.For certain specific applications,
the second embedding is more useful. It is because of these jump disconti-
nuities that Donsker needed to consider weak convergencein DJO, 1]. It did
lead to some additional technical complexities.

The main idea from this point on is not difficult. One can produce a ver-
sion of Sp(t), say Sn(t), suchthat Sy(t) isclose to a sequence of Wiener pro-
cesses Wy (t). Since Sp(t) ~ Wi (t), if h(.) isacontinuous functional with re-
spect to the uniform metric, then one can expect that h(Sn 1)) = h(Wy (1)) =
h(W ((t)) indistribution. Sn(t) being aversion of S,(t), h(Sy(t)) = h(Sn(t)) in
distribution, and so h(Sy(t)) should be closeto the fixed Brownian functional
h(W ((t)) in distribution, which is the question we wanted to answer.

The resultsleading to Donsker’s theorem are presented bel ow; we recom-
mend Csorgo (2003) for further details on Theorems 12.3-12.5 below.

Theorem 12.3 (Skorohod Embedding) Givenn > 1, iid random variables
X1, -+, Xy, E(X1) = 0, Var(X;) = 1, there exists a common probability
space on which one can define a Wiener process W (t) starting at zero and a
triangular array of nonnegative random variables {t1n, - - - , a0}, iid under
each given n such that

(a) Tn,n é 71,1,
(b) E(rp1) =1,

o R e}

Remark. Much more general versions of the Skorohod embedding theorem
are known. See, for example, Obl6j (2004). The version above suffices for
the following weak invariance principle for partial sum processes.
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Theorem 12.4 Let S,(t) = Sp.a(t) or S, 2(t) as defined above. Then there
exists a common probability space on which one can define a Wiener pro-
cess W (t) starting at zero and a sequence of processes {S,(t)}, n > 1, such
that

(a) for each n, S, (t) and §;1(t) areidentically distributed as processes;
(b) SUPg-r<1 1S (t) — W(t)] & O

This leads to the famous Donsker theorem. We state a version that is
dlightly less general than the original result in order to avoid discussion of
the so-called Wiener measure.

Theorem 12.5 (Donsker) Let h be a continuous functional with respect to
the uniform metric p on C[0, 1] or D[0, 1] and let S, (t) be defined as either

Sn.1(t) OF Sn.2(t). Then h(Sa(1)) = h(W(t)) asn — oo.

Example 12.1 The five examples worked out by Erdds and Kac now fol-
low from Donsker’s theorem by considering the following functionals, each
of which is continuous (with the exception of hs, even which is con-
tinuous at almost all f € CJ[0, 1]) with respect to the uniform metric
on C[0,1]: ha(f) = supp<i<s F(1);ha(f) = Supgor<y [T(O) Da(f) =
J3 £2()dt;ha(f) = 51 F(t)Idt; hs(f) = A{t € [0,1] : f(t) > O}, where
denotes L ebesgue measure. Note that the formulas for the CDF of the lim-
iting distribution are always a separate calculation and do not follow from
Donsker’'s theorem.

Example 12.2 Consider the functional h(f) = fol fM(t)dt, wherem > 1
is an integer. Because [0, 1] is a compact interval, it is easy to verify that
h is a continuous functional on C[0, 1] with respect to the uniform met-
ric. Indeed, it follows simply from the algebraic identity |x™ — y™| =
X — y[Ix™ 1 4+ x™2y + ... + y™=1|. On the other hand, by direct inte-
gration of the polygonal curve S, 1(t), it follows from Donsker’s theorem
that n—2-m/2y1  gn & folwm(t)dt. At first glance, it seems surprising
that a nondegenerate limit distribution for partial sums of S can exist with
only two moments (and even that is not necessary).

Other examples and classic theory on distributions of functionals of W (t)
can be seen in Cameron and Martin (1945), Kac (1951), Durrett (1996), and
Fitzsimmons and Pitman (1999).

Contrary to the weak invariance principle described above, there are also
strong invariance principles, which, roughly speaking, say that the partial
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sum process is close to a Brownian motion with probability 1. However,
the exact statements need careful description, and the best available results
need a fair amount of extra assumptions, as well as sophisticated methods
of proof. Furthermore, somewhat paradoxically, the strong invariance prin-
ciples may not lead to the desired weak convergence results unless enough
assumptions have been made so that a good enough almost sure bound on
the deviation between the two processes can be established. The first strong
invariance principle for partial sums was obtained in Strassen (1964). Since
then, a lot of literature has developed, including for the multidimensional
case. Good sourcesfor information are Strassen (1967), Komlés, Mgjor, and
Tusnady (1976), Major (1978), and Einmahl (1987). We present two results
on strong approximations of partial sums below. The results may be seen in
Csbrgo (1984) and Heyde (1981).

Theorem 12.6 (Strassen) Given iid random variables X, X5, --- with
E(X,) = 0, Var(X;) = 1, there exists acommon probability space on which
one can define a Wiener process W (t) and iid random variables Y4, Y, - - -
such that

@ {Sn =ZXi,n Zl} {5;1 =ZYi,n 21},
i=1 i=1

(b) su |Spnt; — W (nt)] .0
o<t=1 ,/nloglogn

amost surely, asn — oo.

Remark. The \/n loglogn bound cannot be improved in general without
further assumptions on the distribution of the X;’s. The next theorem says
that if we assume finiteness of more than two moments of the X;’s, or even
better the moment-generating function itself, then the error can be made
sufficiently small to allow the weak convergenceresult to be derived directly
from the strong invariance principle itself. The improved rate under the ex-
istence of the mgf is the famous KMT construction due to Komlos, Major,
and Tusnady (1976).

Theorem 12.7 Given iid random variables X1, X5, - -+ with E(X1) = 0,
Var(X1) = 1, E(|X1]?**) < oo, for some § > 0, Theorem 12.6 holds
with n¥@+) in place of \/nloglogn. If E(X$) < oo, the result holds with

(nloglogn)¥4,/logn in place of \/nloglogn. If the mgf E(et*1) < oo in
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some neighborhood of zero, then the O(logn) rate holds, almost surely, in
place of o(;/n loglogn).

12.5 Invariance Principle for Empirical Processes

Of our four motivating examples, the statistics D, and C,, are not func-
tionals of a partial sum process; they are functionals of the empirical pro-
cess. If weak and strong invariance principles akin to the case of partial
sum processes were available for the empirical process, clearly that would
be tremendously helpful in settling the questions of useful asymptotics of
Dy, Cp, and more generally nice functionals of the empirical process. It turns
out that there areindeed such invariance principlesfor the empirical process.
Although new and significant developments are till taking place, a large
part of this literature is classic, dating back to at least Kolmogorov (1933)
and Smirnov (1944). In this section, we provide a brief description of some
major results on this and give applications. The topic is also discussed with
applications in the context of goodness-of-fit tests in Chapter 26.

To describe the weak and strong approximations of the empirical pro-
cess, we first need some notation and definitions. Given a sequence of
iid U[0, 1] random variables Uy, Uy, - - -, we define the uniform empiri-
cal process as Gy (t) = rf >0 lu,<t and the normalized uniform empir-
ical process an(t) = 4/n(Gnp(t) —t),n > 1,0 < t < 1. For aniid
sequence X1, X», - -+ distributed as a general F, the empirical process is
defined as F,(x) = }12:‘21 Ix,<x. The normalized empirical process is
Bn(X) = /n(Fn(x) — F(x)), —0co < X < oo.

The weak invariance principle is very similar to that for partial sum pro-
cesses and is given below; see Dudley (1984) for further details.

Theorem 12.8 Given a sequence of iid random variables X4, X5, --- ~ F
and h a continuous functional on D(—o0, co) with respect to the uniform
metric, h(Bn(.)) £ h(Bgk(.)), where Bg(.) is a centered Gaussian process
with covariance kernel

cov(Br(x), BE(y)) = F(x Ay) = F(X)F(y).

An important conseguence of this result is the asymptotic distribution of
Dy, an extremely common statistic in the goodness-of-fit literature, which
we will revisit in Chapter 26.
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Example 12.3 Since the functional h(f) = sup, | f(x)| satisfies the con-
tinuity assumption under the uniform metric, it follows that D, =

sup, |Bn(X)] £ sup, |Bg (x)|, which is equal to the supremum of the abso-
lute value of a Brownian bridge (on [0, 1]) in distribution. This distribution
was calculated in closed form by Kolmogorov (1933) and is a classic result.
Kolmaogorov found the CDF of the supremum of the absolute value of a
Brownian bridgetobe H(z) = 1 — Yp° _ (—1)*~1e~2Z, from which the
quantiles of the limiting distribution of D, can be (numerically) computed.

Similar to partial sum processes, there are strong invariance principlesfor
empirical processes as well. Some of the first ideas and results were due
to Brillinger (1969) and Kiefer (1972). Given a sequence of independent
Brownian bridges Bn(t),n > 1,0 < t < 1, aKiefer process (with two
time parameters, namely n and t) is defined as K(n,t) = >i_, Bj(t). The
better-known strong approximations for the empirical process are not the
initial ones; we present one of the modern strong approximations below.
See Komlos, Magjor, and Tusnady (1975) for the method of proof, which is
different from the original Skorohod embedding technique.

Theorem 12.9 Given iid random variables X, X5, --- ~ F, let B,(x) =

VN(Fa(x) —F(x)) £ an(F(x)). Then, there exists a probability space
on which one can define a Kiefer process K(n, F(x)), Brownian bridges
Bn(t),n > 1, and Bn(x), n > 1, such that

@ {Bn(x).n = 1} = (Ba(x).n > 1}
(B) SUP_y - o 1B (X)—N 2K (. F(x))] = O(n~(logn)?) almost surely;
(c) for suitable constants C4, Co, A,
P (SUP; < <n o =x <00 [ VKBK(X) — K(k, F(x))| > C1(logn)® + zlogn)
< Cze’“
for any z and any n;
(d) for suitable constants C4, C», A,
P(SUP_ o —x oo [Bn(X) = Ba(F(x))] > n"7?(Cylogn + 2)) < Coe ™™
for any z and any n;
(8) SUP_ o |Bn(X) — Ba(F(X))| = O(n~Y2logn) almost surely.

Remark. No additional improvement in theratein part (€) is possible. Mul-
tidimensional versions are available in many places; a recent reference is
Massart (1989).

We now give an application of the result above.
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Example 12.4 We have noted that the general (normalized) empirical pro-
cess has the property that sup_ ., _, .. |8n(X)| convergesin law to a distri-
bution with CDF H(z) = 1 — Yoo (—1)*'e=%"”" asn — oo. The key
point is that this is the CDF of the absolute value of a Brownian bridge. We
can combine this fact with part (c) of Theorem 12.9 to produce guaranteed
coverage confidence bandsfor the CDF F(.) at any givenn. Theform of this
nonparametric confidence band is F,(x)£ ¢ ,» Where§ isto be chosen appro-
priately. If r(n) = (C1+eA~1)n~Y?logn, thenweneed H(8 —r(n))—Con~¢
to be greater than or equal to the nominal coverage 1 — «. To execute this,
we need valuesfor the constants C4, C», A; they may be taken to be 100, 10,
and 510, respectively (see Csorgo and Hall (1984)). However, these valuesare
not sharp enough to produce useful (or even nontrivial) confidence bands at
moderate values of n. But the coverage property is exact; i.e., there is no
need to say that the coverageis approximately 1 — « for largen.

12.6 Extensions of Donsker’sPrinciple
and Vapnik-Chervonenkis Classes

As we have seen, an important consegquence of the weak invariance princi-
ple is the derivation of the limiting distribution of D, = /N SUP_ _y_o
|[Fn(x) — F(x)| for a continuous CDF F and the empirical CDF F,(x).
If welet 7 = {l_x : X € R}, then the Kolmogorov-Smirnov result

says that \/nsup;_-(Ep, f — Epf) = SUPy_,_1 |B(t)], Py, P being the
probability measures corresponding to F,, F, and B(t) being a Brown-
ian bridge. Extensions of this involve studying the asymptotic behavior of
sup¢.(Ep, f — Ep f) for much more general classes of functions F and
the range space of the random variables X;; they need not be R, or R for
some finite d. Examples of asymptotic behavior include derivation of laws
of large numbers and central limit theorems.

There are numerous applications of these extensions. To give just one
motivating example, suppose X1, Xo, - - - , X, ared-dimensional iid random
vectors from some P and we want to test the null hypothesisthat P = Py
(specified). Then, a natural statistic to assess the truth of the hypothesisis
Tn = sUpcec |Pa(C) — Po(C)| for asuitable class of setsC. Now, if C istoo
rich (for example, if it is the class of all measurable sets), then clearly there
cannot be any meaningful asymptotics if Py is absolutely continuous. On
the other hand, if C istoo small, then the statistic cannot be good enough for
detecting departures from the null hypothesis. So these extensions study the
question of what kinds of families C or function classes F allow meaningful
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asymptotics and also result in good and commonsense tests or estimators. In
some sense, the topic is a study in the art of the possible.

The technical tools required for such generalizations are extremely so-
phisticated and have led to striking new discoveries and mathematical ad-
vancesin the theory of empirical processes. Along with these advances have
come numerous new and useful statistical and probabilistic applications. The
literature is huge; we strongly recommend Wellner (1992), Giné (1996),
Pollard (1989), and Giné and Zinn (1984) for comprehensive reviews and
sources for major theorems and additional references; specific references to
some results are given later. We limit ourselves to a short description of a
few key results and tools.

12.7 Glivenko-Cantélli Theorem for VC Classes

We first discuss plausibility of strong laws more general than the well-
known Glivenko-Cantelli theorem, which assertsthat in the one-dimensional
iid case sup, |Fn(x) — F(X)| 2% 0. We need a concept of combinatorial
richness of a class of sets C that will allow us to make statements like
SUpccc |Pa(C) — P(C)] 2% 0. A class of sets for which this property holds
is called a Glivenko-Cantelli class. A useful such concept is the Vapnik-
Chervonenkis dimension of a class of sets. Meaningful asymptotics will ex-
ist for classes of sets that have a finite Vapnik-Chervonenkis dimension. It
is therefore critical to know what it means and what are good examples of
classes of sets with afinite Vapnik-Chervonenkis dimension. A basic treat-
ment of thisis given next.

Definition 12.3 Let A C S beafixed set and C aclass of subsetsof S. Ais
said to be shattered by C if every subset U of A istheintersection of A with
some member C of C (i.e, {ANC : C € C} = P(A), where P(A) denotes
the power set of A).

Sometimes the phenomenon is colloquially described as every subset of
A is picked up by some member of C.

Definition 12.4 The Vapnik-Chervonenkis (VC) dimension of C isthe size
of the largest set A that can be shattered by C.

Although this is aready fine as a definition, a more formal definition is
given by using the concept of shattering coefficients.

Definition 12.5 Forn > 1, thenth shattering coefficient of C isdefined to be

S(n, C) = MaXy, x,.... x,es CaAA{{X1, X2, --- , X} NC : C € C}.
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That is, S(n, C) is the largest possible number of subsets of some (wisely
chosen) set of n points that can be formed by intersecting the set with mem-
bers of C. Clearly, for any n, S(n, C) < 2".

Here is an algebraic definition of the VC dimension of a class of sets.

Definition 12.6 The VC dimension of C equals VC(C) = min{n : S(n,C)
<2V —1=max{n: S(n,C) =2"}.

Definition 12.7 C is caled a Vapnik-Chervonenkis (VC) class if VC(C)

< Q.

The following remarkable result is known as Sauer’s lemma (Sauer
(1972)).
Proposition 12.1 Either S(n, C) = 2"Vn or Vn, S(n,C) < Y159 (1),
Remark. Sauer’'s lemma says that either a class of sets has infinite VC di-
mension or its shattering coefficients grow polynomially. A few other impor-
tant and useful properties of the shattering coefficients are listed bel ow; most

of them are derived easily. These properties are useful for generating new
classes of VC sets from known ones by using various Boolean operations.

Theorem 12.10 The shattering coefficients S(n, C) of a class of sets C
satisfy

(@ S(m,C) < 2™ for somem = S(n,C) < 2"Vn > m;

(b) S(n,C) < (n+ 1)VCO©vn > 1;

(c) S(n,C%) = S(n, (), where C° is the class of complements of members
of C;

(d) S(n, BNC) < S(n, B)S(n, C), where the N notation means the class of
sets formed by intersecting members of B with those of C;

(e) S(n, B®C) < S(n, B)S(n, C), where the ® notation means the class of
setsformed by taking Cartesian products of membersof 5 and those of C;

(f) S(m +n,C) < S(m, C)S(n, C).

See Vapnik and Chervonenkis (1971) and Sauer (1972) for many of the
partsin this theorem. Now we give afew quick examples.

Example 12.5 Let C be the class of all left unbounded closed intervals on
thered ling; i.e., C = {(—o0, X] : X € R}. Toillustrate the general formula,
supposen = 2. What is S(n, C)? Clearly, if we pick up the larger one among
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X1, X2, we will pick up the smaller one, too. Or we may pick up none of
them or just the smaller one. So we can pick up three distinct subsets from
the power set of {X1, X»}. The same argument showsthat the general formula
for the shattering coefficientsis S(n, C) = n + 1. Consequently, thisisaVC
classwith VC dimension one.

Example 12.6 Although topologically therearejust asmany left unbounded
intervalson thereal line asthere are arbitrary intervals, in the VC index they
act differently. This is interesting. Thus, let C = {(a,b) : a < b € R}.
Then it is easy to establish the formula S(n,C) = 1+ ("}%). Forn = 2,
thisis equal to 4, which is also 22. Consequently, thisisaV C classwith VC
dimension two.

Example 12.7 The previousexample saysthat, on R, the class of all convex
setsisaVC class. However, thisis far from being true, even in two dimen-
sions. Indeed, if we let C be just the class of convex polygonsin the plane,
it is clear geometrically that for any n, C can shatter n points. So, convex
polygonsin R? have an infinite VC dimension.

More examples of exact values of VC dimensions are given in the chap-
ter exercises. For actual applications of these ideas to concrete extensions
of Donsker’s principles, it is extremely useful to know what other natural
classes of setsin various spacesare V C classes. The various parts of the fol-
lowing result are available in Vapnik and Chervonenkis (1971) and Dudley
(1978, 1979).

Theorem 12.11 Each of the following classes of setsisaVC class:

(8) southwest quadrants of R? (i.e., the class of all sets of the form [{_,
(=00, Xil);

(b) closed half-spaces of RY;

(c) closed balls of RY;

(d) closed rectangles of RY;

(©C ={{x e RY:g(x) >0} :g e G}, where G is afinite-dimensional
vector space of real-valued functions defined on RY.

We can now state a general version of the familiar Glivenko-Cantelli the-
orem. However, to appreciate the probabilistic utility of the combinatorial
concept of shattering coefficients, it is useful to see also a famous theorem
of Vapnik and Chervonenkis (1971) on Euclidean spaces, which we also
provide.
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Theorem 12.12 Let X4, Xo, - -- e P, a probability measure on RY for
some finite d. Given any class of (measurable) sets C, forn > 1, ¢ >
0, P(sup. |Pa(C) — P(C)| > €) < BE[Card{{X1, X2,---, Xp}NC : C €
C)]e "<*/32 < 8S(n, C)e—"<"/32,

Remark. This theorem implies that for classes of sets that are of the right
complexity as measured by the VC dimension, the empirical measure con-
verges to the true measure at an essentially exponential rate. This is a so-
phisticated generalization of the one-dimensional DKW inequality. Theim-
proved bound of the theorem is harder to implement because it involves
computation of ahard expectation with respect to asample of n observations
from the underlying P. It would usually not be possibleto find this expecta-
tion, although simulating the quantity Card{{Xq, X5, --- , Xp}NC : C € C}
is an interesting exercise.
The general theorem is given next; see Giné (1996).

Theorem 12.13 Let P be a__probability measure on a general measurable
space S and let X;, X», - - b Let P, denote the sequence of empirical
measures and let C beaVC class of setsin S. Then, under suitable measur-

ability conditions, sup. .. |Pn(C) — P(C)] 2 0asn - .

12.8 CLTsfor Empirical Measures and Applications

This result gives us hope for establishing CLTs for suitably normalized
versions of supc.- |Pn(C) — P(C)| in general spaces and with general VC
classesof sets. Itisuseful to think of thisasan analog of the one-dimensional
Kolmogorov-Smirnov statistic for real-valued random variables, namely
sup, |Fn(x) — F(x)I. Invariance principles allowed us to conclude that the
limiting distribution is related to a Brownian bridge with real numbers in
[0, 1] asthe time parameter. Now, however, the setup is much more abstract.
The space is not a Euclidean space, and the time parameter is a set or a
function. So the formulation and description of the appropriate CLTsismore
involved, and although suitable Gaussian processes will still emerge as the
relevant processes that determine the asymptotics, they are not Brownian
bridges, and they even depend on the underlying P from which we are sam-
pling. Some of the most profound advances in the theory of statistics and
probability in the twentieth century took place around this problem, result-
ing along the way in deep mathematical developments and completely new
tools. A short description of thisis provided next.
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12.8.1 Notation and Formulation

First, we give some notation and definitions. The notation (P, — P)(f) would
mean [ fdP,— [ fdP.Here f issupposedto belong to some suitableclass
of functions F. For example, F could be the class of indicator functions of
the members C of aclassof setsC. In that case, (P, — P)(f) would simply
mean P,(C)— P(C); we havejust talked about strong laws for their suprema
as C variesover C. That is a uniformity result. Likewise, we will now need
certain uniformity assumptions on the class of functions 7. We assume that

(@) supscr | f(s):=F(s) <ocoVs eS
(measurability of F isclearly not obvious but is being ignored here) and
(b) F € Lo(P).

In the case of real-valued random variables and for the problem of conver-
gence of the process F,(x) — F(x), the corresponding functions, aswe noted
before, are indicator functions of (—oo, x), which are uniformly bounded
functions. Now the time parameter has become afunction itself, and we will
need to talk about uniformly bounded functionals of functions; we will use
the notation

loo(F) = {h : F — R : sup; 5 [h(f)] < oo}.

Furthermore, we will refer to sup; .~ |h( )| asthe uniform norm and denote
itas||hleo

The two other notions we need to define are those of convergence of the
process (P, — P)(f) (on normalization) and of a limiting Gaussian process
that will play the role of a Brownian bridge in these general circumstances.

The Gaussian process, which we will denote as Bp(f), will continue to
have continuous sample paths, as was the case for the ordinary Brownian
bridge, but now with the time parameter being a function and continuity
being with respect to pp(f, g) = \/Ep(f(X) — g(X))2. Bp has mean zero,
and the covariance kernel cov(Bp(f), Bp(9)) = P(fg) — P(f)P(9) =
Erp(f(X)g(X)) — Ep(f (X)) Ep(g(X)). Note that due to our assumption
that F € L,(P), the covariance kernel is well defined. Trajectories of our
Gaussian process Bp are therefore members of |, (F), also (uniformly) con-
tinuous with respect to the norm pp we have defined above.

Finally, as in the Portmanteau theorem in Chapter 1, convergence of the
process ,/n(P, — P)(f) to Bp(f) would mean that expectation of any func-
tional H of \/n(P, — P)(f) will converge to the expectation of H(Bp(f)),
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H being a bounded and continuous functional defined on |, (F) and taking
valuesin R. We remind the reader that continuity on |, (F) is with respect
to the uniform norm we have aready defined there. A class of functions F
for which this central limit property holdsis called a P-Donsker class; if the
property holds for every probability measure P on S, it is called auniversal
Donsker class.

12.8.2 Entropy Bounds and Specific CLTs

We can now state what sorts of assumptions on our class of functions F
will ensure that convergence occurs (i.e., a CLT holds) and what are some
good applications of such CLTs. There are multiple sets of assumptions on
the class of functions that ensure a CLT. Here we describe only two, one of
which relates to the concept of VC classes and the second related to metric
entropy and packing numbers. Since we are already familiar with the concept
of VC classes, we first state a CLT based on a VC assumption of a suitable
classof sets.

Definition 12.8 A family F of functions f on a (measurable) space S is
called a VC-subgraph if the class of subgraphsof f € F isaVC class of
sets, where the subgraph of f isdefinedtobeCt = {(x,y),x € S,y e R :
O<y=f(x)orf(x)<y=0}.

Theorem 12.14 Given X1, X5, - - e P, a probability measure on a mea-
surable space S, and a family of functions F on S such that F(s) =
sups.# | F(8)| € La(P), v/n(Py — P)(F) £ Bp(f) if F isaVC-subgraph
family of functions.

An important application of this theorem is the following result.

Corollary 12.1 Under the other assumptions made in Theorem 12.14,
Jn(P, — P)(f) = Bp(f)if Fisafinite-dimensional space of functions or
if # ={lc:C e}, whereCisany VC class of sets.

Theorem 12.14 beautifully connects the scope of a Glivenko-Cantelli the-
orem to that of a CLT via the same VC concept, modulo the extra qual-
ification that F € L,(P). One can see more about this key theorem in
Alexander (1984, 1987) and Giné (1996).

A pretty and useful statistical application of the result aboveis the follow-
ing example on extension (due to Beran and Millar (1986)) of the familiar
Kolmaogorov-Smirnov test for goodness of fit to general spaces.
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Example 12.8 Let X, X5, --- beiid observations from P on some space
S, and consider testing the null hypothesis Hy : P = Py (specified).
The natural Kolmogorov-Smirnov type test statistic for this problem is
Th = /N supecc |Pa(C) — Po(C)| for ajudiciously chosen family of (mea-
surable) sets C. Theorem 12.14 implies that T, converges under the null in
distribution to the supremum of the absolute value of the Gaussian process
|Bp,(T)I, the sup being taken over all f = Ic,C € C, aVC class of subsets
of S. In principle, therefore, the null hypothesis can be tested by using this
Kolmogorov-Smirnov type statistic. Note, however, that the limiting Gaus-
sian process depends on Py. Evaluation of the critical points of the limiting
distribution of T,, under the null needs more work; see Giné (1996) for more
discussion and references on this computational issue.

The second CLT we will present requires the concepts of metric entropy
and bracketing numbers, which we introduce next.

Definition 12.9 Let 7* be a space of real-valued functions defined on some
space S, and suppose F* is equipped with anorm ||.||. Let F be a specific
subcollection of F*. The covering number of F is defined to be the smallest
number of balls B(g,€) = {h : ||h — g|| < €} needed to cover F, where
€ > Oisarhitrary but fixed, g € 7*, and ||g|| < oc.

The covering number of F isdenoted as N (e, F, ||.]]). logN (e, F, |].1])
is called the entropy without bracketing of F.

Definition 12.10 In the same setup as in the previous definition, a bracket
is the set of functions sandwiched between two given functions |, u (i.e., a
bracketistheset {f : 1(s) < f(s) < u(s)vs € S}). Itisdenoted as|l, u].

Definition 12.11 The bracketing number of F is defined to be the smallest
number of brackets|[l, u] needed to cover F under therestriction ||l — u|| <
€ with e > 0an arbitrary but fixed number.

The bracketing nnumber of F is denoted as Np(e, 7, [|.[]). logNp
(e, F,1].1]) is called the entropy with bracketing of F.

Clearly, the smaller the radius of the balls or the width of the brackets,
the greater the number of balls or brackets necessary to cover the function
class F. The important thing is to pin down qualitatively the rate at which
the entropy (with or without bracketing) isgoing to co for agiven F. It turns
out, aswe shall see, that for many interesting and useful classes of functions
F, this rate would be of the order of (—loge), and this will, by virtue of
some theorems to be given below, ensure that the class F is P-Donsker.
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Theorem 12.15 Assumethat F € Ly(P). Then, F is P-Donsker if either

| ViogNyte. 7111 = La(PY)de < o0
0

or
fo Up(y 109N (elIFll 0. 7 1] = Lo(@))de < o

where Q denotes a general probability measureon S.

We have previously seenthat if 7 isaV C-subgraph, thenitis P-Donsker.
It turns out that this result follows from Theorem 12.15 on the integrability
of supg \/ log N. What one needs is the following upper bound on the en-
tropy without bracketing of a VC-subgraph class. See van der Vaart and
Wellner (1996) for its proof.

Proposition 12.2 Given a VC-subgraph class F, for any probability mea-
sureQandanyr > 1,forall0 < e < 1, N(¢||Fllrq, F, II.Il = Li(Q)) <
C(1)™VCE), where the constant C depends only on VC(C), C being the sub-
graph class of F.

Here are some additional good applications of the entropy results.

Example 12.9 As mentioned above, the key to the applicability of the en-
tropy theorems is a good upper bound on the rate of growth of the entropy
numbers of the class. Such bounds have been worked out for many intu-
itively interesting classes. The bounds are sometimes sharp in the sense that
lower bounds can also be obtained that grow at the same rate as the upper
bounds. In nearly every case mentioned in this example, the derivation of
the upper bound is completely nontrivial. A very good reference is van der
Vaart and Wellner (1996), particularly Chapter 2.7 there.

Uniformly Bounded Monotone Functionson R

For this function class 7, log Nyj(e, 7, |I.|| = Lo(P)) < ¥, whereK isa
universal constant independent of P, and so this class is in fact universal
P-Donsker.

Uniformly Bounded Lipschitz Functions on Bounded I ntervalsin R

Let F be the class of real-valued functions on a bounded interval Z in
R that are uniformly bounded by a universal constant and are uniformly
Lipschitz of some order o > 3 (i.e, [f(x) — f(y)| < M|x — y|%) uni-
formly in x,y and for some finite universal constant M. For this class,
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log Njj(e, F. |I.Il = L2(P)) < K(})Y*, where K dependsonly onthelength
of Z, M, and «, and so this classis also universa P-Donsker.

Compact Convex Subsets of a Fixed Compact Set in R4
Suppose S is a compact set in RY for some finite d, and let C be the class
of all compact convex subsets of S. For any absolutely continuous P, this
class satisfieslog Ny (e, C, |I.|| = L2(P)) < K(1)¥~%, where K dependson
S, P, and d. Here it is meant that the function class is the set of indicators
of the members of C. Thus, for d = 2, F is P-Donsker for any absolutely
continuous P.

A common implication of all of these applications of the entropy theo-
rems is that, in the corresponding setups, asymptotic goodness-of-fit tests
can be constructed by using these function classes.

12.9 Dependent Sequences: Martingales, Mixing,
and Short-Range Dependence

Central limit theorems for certain types of dependent sequences were de-
scribed in Chapters 9 and 10. The progression to a weak and then strong
invariance principles for most of those processes was achieved by the mid-
1970s; some key references are Billingsley (1956), Philip and Stout (1975),
Hall (1977), and Andrews and Pollard (1994). McL eish (1975) unified much
of the work by introducing what he called mixingales. Depending on the
nature of the dependence, the norming constant for an invariance princi-
ple for the partial sum process can be ,/n, or something more complicated
involving suitable moments of |S,|. Merlevéde, Peligrad, and Utev (2006)
have provided a modern review, including the latest technical innovations.
We provide a brief treatment of afew classic resultsin this section.

Theorem 12.16 Let {Xy}k=0 be a stationary process with mean zero and
finite variance. Assume the condition

X)) M2

[ECS
Z n3/2

Let Sy(t) = Sp.1(t),0 < t < 1. Then there exists a common probability
space on which one can define a Wiener process W (t) starting at zero and a
sequence of processes {S,(t)}, n > 1, such that

@ {Su(t),n > 1} £ (Sy(t), n = 1};
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(b) Su(t) = nW (t), where ; is anonnegative random variable (on the same
probability space) with E (#2) = limy_., “".

n

Remark. The random variable  can in fact be explicitly characterized; see
Merlevéde, Peligrad, and Utev (2006). If {Xk}k=0 isaso ergodic, then n isa
trivial random variable and n? = E(X3) + 2", _o E(XkXo).

Theorem 12.16 already applies to a broad variety of time series used in
practice, although generalizations with norming different from /n in the
definition of Sy (t) are available. To give specific applications of thistheorem,
we need some definitions. In particular, we need the definition of the concept
of amixing sequence, introduced in Rosenblatt (1956).

Definition 12.12 Given a process { Xy }k=o0 (not necessarily stationary), let
a(j,n) = sup{|P(ANB)—P(A)P(B), Aco(X.k <]),Beoa(Xk. k>
J + M} {Xlk=o is caled strongly mixing if «(n) := sup; «(j,n) — Oas

n — oo.

Definition 12.13 Given a process { Xk }k=0 (not necessarily stationary), let
p(j.n) =sup{p(f,g): f € La(oc(Xk. k < })). g € La(c(Xk. k = j+n))},
where p(f, g) denotes the correlation between f and g. {Xy}k=o is called
p-mixing if p(n) := sup; p(j,n) - Oasn — oo.

Definition 12.14 {Xy}k>o is called ashort-range dependent one-sided linear
processif Xy = Y i @i Zk—i, where{Zy}_ koo isamartingale difference
sequenceand ) 2, |ai| < oo.

The general inequality 4a(j,n) < p(j,n) istrue, so that p-mixing im-
plies strong mixing. For stationary Gaussian processes, the two concepts
are equivalent. Many other concepts of mixing-type asymptotic indepen-
dence are known. Among them is the concept of ¢-mixing, which says
that P(B|A) and P(B) should be uniformly close together in the sense of
a small difference when A and B are events separated by a large lag. We
will not discuss the other types of mixing here. A good general reference
is Doukhan (1994). More specifically, for invariance principles for mixing
empirical processes and the rates of convergence, two good references are
Yu (1994) and Arcones and Yu (1994). Here is a result that gives good
applications of Theorem 12.16 above; the assumptions of zero mean and
finite variance areimplicit below. We have not stated parts of Theorem 12.17
below under the best currently known conditions in order to avoid possibly
hard-to-verify assumptions. Merlevéde, Peligrad, and Utev (2006) can be
consulted for the best conditions or references to the best conditions.
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Theorem 12.17 (a) If {Xy} is stationary and strongly mixing satisfying

E(Xg) < oo; f:[ot(Z")]l/4 < 00; Var(8y) — 00} E(Sn)* = O(Var(Sn))?,

n=1

then Theorem 12.16 holds.

(b) If {Xy} is stationary and p-mixing satisfying > -, p(2") < oo, then
Theorem 12.16 holds.

(c) If {Xy} is a stationary and short-range dependent one-sided linear pro-
cess, then Theorem 12.16 holds.

Example 12.10 Numerous examples of common processes with various
mixing properties are known; avery recent reference is Bradley (2005). For
example, obviously, a stationary m-dependent process for any finite m is
strongly mixing and also p-mixing.

The mixing properties of Markov chains are intriguing. For example, the
remarkable fact that if a(n) < ‘11 for somen > 1 then adtrictly stationary
ergodic aperiodic chain with state space R is strongly mixing is attributed
in Bradley (2005) to be implicitly proved in Rosenblatt (1972). Likewise,
if p(n) < 1for somen > 1, then even without stationarity, the chain is
p-mixing, and p(n) — 0 at an exponential rate. If the state space is
countable, then the conditions on the chain can be relaxed; see, again,
Bradley (2005). A stationary autoregressive process of somefiniteorder p is
strongly mixing under quite mild conditions. If the roots of the characteristic
polynomial of the process are all inside the unit circle and the errors are iid
with a finite mean and have a density, then the process is strongly mixing.
See Chanda (1974), Whithers (1981), and Athreya and Pantula (1986); use-
ful informationisalso givenin Koul (1977) and Gastwirth and Rubin (1975).

Central limit theorems for martingales were described in Chapter 9. We
commented there that martingal e central limit theorems can be obtained with
random or nonrandom norming; which one holds depends on exactly what
assumptions one makes. Likewise, invariance principles for martingales (or,
more generally, martingale arrays) have been obtained under various sets of
conditions. One possibility isto assumeakind of Lindeberg condition; alter-
natively, one can assume suitable growth conditionsin terms of L, norms,
see Brown (1971), McLeish (1974), and Hall (1977). Here we report pre-
sumably the first invariance principle obtained for martingale sequences by
assuming a Lindeberg type condition; see Brown (1971). These are not the
weakest conditions under which an invariance principle obtains; the other
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references above give more general theorems under somewhat weaker con-
ditions.

We follow the notation in Brown (1971). Let {S,, Fn}n>1 beamartingale
andlet X, = Sy — Sy—1,n > 1, with Sy = 0. Let E;_4(.) denote conditional
expectation given F;_;. Define

n
02 = Ena(XR); V2 = ) ofist = E(SP)(= E(V2)).
j=1

Consider the piecewise linear function &,(t) on [0, 1] that joins the discrete
set of points (s2/s2, Sk/sn), 0 < k < n. Thus,

En(t) = Sy Sk + Xiwa(tsh — s2)/(581 — SPI, SE < ts2 < sZ.4,

0 < k < n. Theinvariance principle addresses the question of weak conver-
gence of the process &,(t) asan element of CJ[O0, 1].
Assume the following:

1) VysES L,

@ 572D E[XFlxjzes,] = 0p(D).
i=1

Condition (2) isthe Lindeberg condition for Martingales. The following re-
sult is proved in Brown (1971).

Theorem 12.18 Under conditions (1) and (2) stated above, the assertion of
Donsker’s theorem holds.

12.10 Weighted Empirical Processes and Approximations

Recently, there has been a growth in interest in studying weighted empir-
ical processes due to their use in modern multiple testing problems. We
will see the actual uses in Chapter 34. It turns out that asymptotic behavior
of weighted empirical processesis surprisingly subtle. The subtlety comes
from mutual interaction of thetail of aWiener processand that of the weight-
ing function. For example, since the normalized uniform empirical process
an(t) = 4/n(G,(t) — t) behaveslike a Brownian bridge asymptotically, one
might hopethat for astrictly positive function s(t), “*Y may behave asymp-

s 8()
totically like the weighted Brownian bridge 5¢) on [0, 1]. This is not true
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for some natural choices of the weighting function §(t); even more, it fails
because of the tail behaviors. If we truncated the interval [0, 1] at suitable
rates, the intuition would in fact work. The weighting functions §(t) that do
admit an invariance principle have no simple descriptions. Characterizing
them requires using deep tail properties of the Wiener sample paths. Because
of the extremely high current interest in weighted empirical processesin the
multiple testing literature, we give a short description of the asymptoticsand
invariance principles for them. We consider the case of the uniform empir-
ical process, as the general case can be reduced to it by a time change. We
recommend Csorgo and Horvéath (1993) for the topic of this section.

First we need some notation. The operators that we define below are re-
lated to what are called lower and upper functions of Wiener processes; see
Section 12.2 in this chapter for some information on what the link is.

Let

1
For={6:infesto1-8(t) >0 V O<e< 2,5 ? near0, 5 | near 1}

1
1. 8) = f 1 eeronma-ngy
o t1-1)

Los(t) 2
E(c,8) = e*C5 (t)/[t(lft)]dt.
(©.9) /o [t(1 — 1)]372

Whether ) isuniformly asymptotically closeto acorrespondingly weighted

Brownian bridge is determined by thetwo operators I, E. Hereisacomplete
characterization; see Csorgo (2002) for Theorems 12.19-12.21.

Theorem 12.19 Let § € Fp1 and let o, (t) be the normalized uniform
empirical process an(t) = /n(Gn(t) — t),t € [0, 1]. Then, there ex-
ists a sequence of Brownian bridges B,(t) (on the same space) such that
SUPrco,1y "y = 0p(2) if and only if

I(c,8) < oVe >0

or

E(c,8) <ooVce >0, tli_)ng(S(t)/«/t = tIi_r)TI(S(t)/«/l—t = o0.
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Example 12.11 A natural choice for the weighting function is §(t) =
J/t(1 —t); after all, the pointwise variance of an(t) is t(1 — t). Clearly
V(1 —t) € Fo1. But, asisobvious, for noc > 0, I(c, §) is finite. Thus,
¢?(nl(t2t) cannot be uniformly asymptotically approximated in probability by
any sequence of the correspondingly weighted Brownian bridges over the
whole unit interval. The tails create the problem. In fact, for any sequence

of Brownian bridges whatsoever,
ot (t) — Bn(t)] )
=o0 | =1
Vil —1t)

If we truncate the tails, we can control the maximum weighted deviation.
The next result makes it precise.

P (SUPt c(0.1)

Theorem 12.20 For any u > Oand any 0 < v < 3, there exist Brownian
bridges B, (t) such that

_ lotn (t) — Bn (1)

1/2—v " " —
n SJpte[n,lfn] [t(l _ t)]v Op(1)7
1

while, for0 < v < oy

|l (t) — Bn(t)]
SJptE(O,l) [t(l - t)]v = Op(l)
Furthermore, the bounds cannot be made 0,,(1).

Note that we should not expect convergence in law of o to ﬁfjt)
because of the failure to have a uniform o,(1) bound on the maximum
deviation, as we just saw. The question arises as to when we can ensure
a weak convergence result. The answer is essentially already contained in
Theorem 12.19.

n1/2—\)

Theorem 12.21 Under the assumptions of Theorem 12.19,

o® 2 B
Su = SU s
e 30 ey 5

where B(t) is a Brownian bridge.

Remark. An important relaxation in Theorem 12.21 is that the “for all
c” requirement can be relaxed to “for some c¢”; sometimes this can be
useful.
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Although Theorem 12.21 specifies the limiting distribution of
SUPyc(0,1) sty for appropriate 8(t), the following inequality of Birnbaum
and Marshalf (1961) is useful becauseit is explicit and holds for all n.

Proposition 12.3 Suppose §(t) is right continuous and belongs to Fo 1, and
M =[5 872(t)dt < oo. Then, Vn, x, P(SUp;ce 1) O >x) < 1.

Example 12.12 The results imply that a symmetric function §(t) is not
amenableto an invariance principle for the weighted uniform empirical pro-
cessif 8(t) ~ +/t near zero. But, for example, 8(t) = [t(1 — t)]3works,
and SUp,(o.1) (" s Will converge weakly to sUpyc(o 1) gy g+ EXPlicit
evaluation of the distribution of this latter functional (or similar ones corre-
sponding to other §(t)) usually would not be possible. However, bounds on

their CDFs often would be possible.

12.11 Exercises

Exercise12.1 For n = 25 and 50, approximate the probability
P(maXy<k<n |Sk| > 24/n) when the sample observations are iid U[—1, 1].
Doesthe U[—1, 1] assumption have any role in your approximation?

Exercise 12.2 * Plot the density function of G, the limiting CDF of the
normalized maximum of absolute partial sums.

Exercise 12.3 For n = 25 and 50, approximate the probability that at least
60% of the time, a simple symmetric random walk remains over the axis.

Exercise 12.4 Give examplesof threefunctionsthat are membersof D[O0, 1]
but not of CJ0, 1].

Exercise 12.5 * Provethat each of the functionalsh;, i = 1, 2, 3, 4 are con-
tinuous on C[O, 1] with respect to the uniform metric.

Exercise 12.6 * Why is the functional hs not everywhere continuous with
respect to the uniform metric?

Exercise12.7 * Approximately simulate 20 paths of a Brownian motion by
using its Karhunen-L oeve expansion (suitably truncated).
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Exercise 12.8 Formally prove that the CLT for partial sums follows from
the strong invariance principle available if four moments are assumed to be
finite.

Exercise 12.9 * Compute and plot a 95% nonparametric confidence band
for the CDF based on the KMT theorem for n = 100, 500 when the data are
simulated from U [0, 1], N[O, 1].

Exercise 12.10 * Find the VC dimension of the following classes of sets:

(a) southwest quadrants of RY;
(b) closed half-spaces of RY;
(c) closed balls of RY;

(d) closed rectangles of RY.

Exercise 12.11 Give examples of three nontrivial classes of setsin RY that
arenot VC classes.

Exercise 12.12 * Design a test for testing that sample observations in R?
are iid from a uniform distribution in the unit square by using suitable VC
classes and applying the CLT for empirical measures.

Exercise 12.13 * Find the VC dimension of all polygonsin the plane with
four vertices.

Exercise 12.14 * |s the VC dimension of the class of all ellipsoids of R¢
the same as that of the class of all closed balls of RY?

Exercise 12.15 * Consider the class of Box-Cox transformations F =
{*~1,x > 0,1 # 0}. Show that F is a VC-subgraph class (see p. 153
in van der Vaart and Wellner (1996) for hints).

Exercise 12.16 Give an example of a stationary Gaussian process for which
the condition ) p(2") < oo holds and a few examples where the condition
does not hold.

Exercise 12.17 * Provethe general inequality 4a(j, n) < p(j, n).

Exercise 12.18 * Define(j, n) = sup{| s \o00) =1l - A € o(X, 0 < k <
1), B € o(Xk, k> j+n)}, and cal {Xy}k=o0 ¥-mixing if sup; ¥(j,n) — 0

asn — oo. Show that
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(a) stationary m-dependence implies y-mixing;
(b) ¥r-mixing implies p-mixing.
Note: Part (b) is hard.

Exercise 12.19 Suppose Xk = Y i0g (i+11)26k*i’ where ¢; areiid U[—1, 1].
Is {Xk}k=0 @short-range dependent process?Is Xy summable with probabil-
ity 1?

Exercise 12.20 * Deriveamartingale central limit theorem with nonrandom
norming by using Theorem 12.18.

Exercise 12.21 * Provethat P (supte(o’l) ool = oo) =1Vn > 1. Hint:

Look at t near zero and consider the law of the iterated logarithm.

Exercise 12.22 Give examplesof functions§(t) that satisfy the assumptions
of the Birnbaum-Marshall inequality in Section 12.10.

Exercise 12.23 * Approximate the probability P (supte(o’l) e > x)
by using the weak convergence result of Theorem 12.21.
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Chapter 2
Metrics, I nformation Theory, Conver gence,
and Poisson Approximations

Sometimesit istechnically convenient to prove acertain type of convergence
by proving that, for some suitable metric d on the set of CDFs, d(F,, F) —
0 instead of proving the required convergence directly from the definition.
Here F,, F are CDFs on some space, say the real line. Metrics are also
useful as statistical tools to assess errors in distribution estimation and to
study convergence properties in such statistical problems. The metric, of
course, will depend on the type of convergence desired.

The central limit theorem justifiably occupies a prominent place in all
of statistics and probability theory. Fourier methods are most commonly
used to prove the central limit theorem. This is technically efficient but
fails to supply any intuition as to why the result should be true. It is in-
teresting that proofs of the central limit theorem have been obtained that
avoid Fourier methods and use instead much more intuitive information-
theoretic methods. These proofs use convergence of entropies and Fisher
information in order to conclude convergence in law to normality. It was
then realized that such information-theoretic methods are useful also to
establish convergence to Poisson limits in suitable paradigms; for exam-
ple, convergence of appropriate Bernoulli sums to a Poisson limit. In any
case, Poisson approximations are extremely useful in numerous compli-
cated problems in both probability theory and statistics. In this chapter,
we give an introduction to the use of metrics and information-theoretic
tools for establishing convergences and also give an introduction to Poisson
approximations.

Good references on metrics on distributions are Dudley (1989),
Rachev (1991), and Reiss (1989). The role of information theory in estab-
lishing central limit theorems can be seen, among many references, in Lin-
nik (1959), Brown (1982), and Barron (1986). Poisson approximations have
along history. There arefirst-generation methods and then there are the mod-
ern methods, often called the Stein-Chen methods. The literature is huge. A
few references are LeCam (1960), Sevas'tyanov (1972), Stein (1972, 1986),

A. DasGupta, Asymptotic Theory of Statistics and Probability,
© Springer Science+Business Media, LLC 2008 19
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Chen (1975), and Barbour, Holst and Janson (1992). Two other references
where interesting applications are given in an easily readable style are Arra-
tia, Goldstein, and Gordon (1990) and Diaconis and Holmes (2004).

2.1 Some Common Metricsand Their Usefulness

There are numerous metrics and distances on probability distributions on
Euclidean spaces. The choice depends on the exact purpose and on technical
feasibility. We mention a few important ones only and give some informa-
tion about their interrelationships, primarily in the form of inequalities. The
inequalities are good to know in any case.

(i) Metric for convergencein probability

de(X, Y) = E (1%}, ). Thisextendsto the multicimensional casein
the obvious way by using the Euclidean norm || X — Y|.

(if) Kolmogorov metric
dk (F, G) = sup, |F(x) — G(x)|. This definition includes the multidi-
mensional case.

(iii) Lévy metric
di(F,G)=inf{e >0: F(x —¢)—e <G(X) < F(x +€)+¢€ Vx}.

(iv) Total variation metric
drv (P, Q) = Supgye a |P(A) — Q(A)|. This aso includes the multi-
dimensional case. If P, Q are both absolutely continuous with respect
to some measure ., then drv (P, Q) = %f | f(x) — g(x)|du(x), where
f isthe density of P with respect to © and g is the density of Q with
respect to .

(v) Kullback-Leibler distance
K(P.Q) = — [(log })dP = — [(log ])pdp, where p = ¢F and
q = dg for some n. Again, the multidimensional case is included.
Notethat K isnot symmetricin its arguments P, Q.

(vi) Hellinger distance
H(P, Q) = [[(/pP — va)?du]"?, where again p = oandq =3¢
for some ., and the multidimensional caseis included.

Theorem 2.1

() Xn 25 X iff de(Xn, X) — O.
(i) X, -5 X iff d, (F, F) — 0, where X, ~ F and X ~ F.
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(i) X, L X i dk (Fn, F) — O, the reverse being true only under addi-
tional conditions.

(iv) If X ~ F, where F is continuous and X, ~ F,, then X, L X iff
dk (Fn, F) — 0 (Poly&'s theorem).

(V) X X drv (P, P) — 0, where X, ~ P,, X ~ P (the converse
is not necessarily true).
(vi) H(P, Q) < VK(P, Q).
(vii) H(P, Q) = drv(P, Q).
(viii) H(P, Q)/+v/2 < Vdrv(P. Q).

Proofs of parts of Theorem 2.1 are available in Reiss (1989).

Corallary 2.1 (a) Thetotal variation distance and the Hellinger distance are
equivaent in the sensedry (P, P) —> 0 < H(P,, P) — 0.

(b) If P,, P are al absolutely continuous with unimodal densities, and if P,
convergesto P in law, then H(P,, P) — O.

(c) Convergence in Kullback-Leibler distance implies convergence in total
variation and hence convergencein law.

Note that the proof of part (b) also uses Ibragimov’'s theorem stated

below.

Remark. The Kullback-Leibler distanceis very popular in statistics. Specif-
icaly, itisfrequently used in problems of model selection, testing for good-
ness of fit, Bayesian modeling and Bayesian asymptotics, and in certain es-
timation methods known as minimum distance estimation. The Kolmogorov
distanceisone of the easier ones computationally and has been used in many
problems, too, and notably so in the literature on robustness and Bayesian
robustness. The Hellinger distance is a popular one in problems of den-
sity estimation and in time series problems. The Lévy metric is technically
hard to work with but metrizes weak convergence, a very useful property.
It, too, has been used in the robustness literature, but it is more common
in probability theory. Convergence in total variation is extremely strong,
and many statisticians seem to consider it unimportant. But it has a direct
connection to £, distance, which is intuitive. It has a transformation invari-
ance property and, when it holds, convergencein total variation is extremely
comforting.

Notice the last two parts in Theorem 2.1. We have inequalities in both
directions relating the total variation distanceto the Hellinger distance. Since
computation of the total variation distance is usualy difficult, Hellinger dis-
tances are useful in establishing useful bounds on total variation.
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2.2 Convergence in Total Variation and Further
Useful Formulas

Next, we state three important results on when convergencein total variation
can be asserted; see Reiss (1989) for all three theorems and also almost any
text on probability for a proof of Scheffé's theorem.

Theorem 2.2 (Scheffé) Let f,,n > 0 be a sequence of densities with re-
spect to some measure w. If f, — fgae. (1), thendry(f,, fo) — O.

Remark. Certain conversesto Scheffé stheorem are available, and the most
recent results are due to Sweeting (1986) and Boos (1985). As we remarked
before, convergence in total variation is very strong, and even for the sim-
plest weak convergence problems, convergencein total variation should not
be expected without some additional structure. The following theorem ex-
emplifieswhat kind of structure may be necessary. Thisis ageneral theorem
(i.e., no assumptions are made on the structural forms of the statistics). In the
Theorem 2.4 below, convergencein total variation is considered for sample
means of iid random variables (i.e., there is a restriction on the structural
form of the underlying statistics). It is not surprising that this theorem needs
fewer conditions than Theorem 2.3 to assert convergencein total variation.

Theorem 2.3 (Ibragimov) Suppose Py and (for large n) P, are unimodal,

with densities fo = 47 and f, = 4™, where A denotes Lebesgue measure.

Then P, —55 Py iff dry(Pn, Po) — O.

Definition 2.1 A random variable X is said to have alattice distribution if it
is supported on a set of theform {a + nh : n € Z}, wherea isafixed real,
h afixed positivereal, and Z the set of integers.

Theorem 2.4 Suppose X1, ..., X, areiid nonlattice random variableswith
afinite variance and characteristic function v (t). If, forsomep > 1, ¢ €
LP(%), where . denotes Lebesgue measure, then ¥"*~) converges to
N (0, 1) in total variation.

Example 2.1 Suppose X,, is a sequence of random variables on [0, 1] with
density f,(x) = 14-cos(2znx). Then, X, N U[0, 1] by adirect verification
of the definition using CDFs. However, note that the densities f, do not
converge to the uniform density 1 asn — oo. The limit distribution Pgy
is unimodal, but the distribution P, of X, is not unimodal. The example
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shows that the condition in Ibragimov’s theorem above that the P, need to
be unimodal aswell cannot be relaxed.

Example 2.2 Suppose X1, X, ... are iid x*(2) with density ;e /2. The

characteristic function of X; is y(t) = 1_12“, which isin LP(x) for any

p > 1. Hence, by Theorem 2.4, ¥"}~2 converges in total variation to

N (0, 1). We now verify that in fact the density of Z, = V"%~2 converges
pointwiseto the N (0, 1) density, which by Scheffé stheorem will alsoimply
convergence in total variation. The pointwise convergence of the density is
an interesting calculation.

Since S, = Y[, X; hasthe x?(2n) distribution with density ©
. e~ (@vnn) (14 2 )”*1n”’%
has density f,(z) = F(r()“ . Hence, log f,(z) = —z/n — n +
(=1, ;ﬁ +0(n~¥?))+(n—3)logn—logI'(n) = —zy/n—n+(n—
(- Z +0(n"¥2)+(n—L)logn —(nlogn —n— }logn +log /27 +
0(n~1)) on using Stirling’s approximation for log'(n).

On canceling terms, this giveslog fy(z) = — % — logv/2r — (bt

O(n~Y/2), implying that log fa(z) — —log+/27 — %, and hence fa(z) —

1
V2r

—x/2yn-1

2nr(n) ! Zn

e , establishing the pointwise density convergence.

Example2.3 The Hellinger and the Kullback-Leibler distances are
generally easier to calculate than the total variation distance. The normal
case itself is a good example. For instance, the Kullback-Leibler distance
K(Np(e. 1), Np(0, 1) = 311l

Many bounds on the total variation distance between two multivariate
normal distributions are known; we mention a few below that are relatively
neat.

1
dTV(Np(Mlvl)’ Np(MZ»I)) = ||//L1—,LL2||,

= s

p 2
1
drv(Np(0. X). Np(0.1)) < min { 2 (igl(“iz—l)—")g'f') ,
p2PH X — 1|2

where|| A|| denotesthe usual Euclidean matrix norm (3-; 3 aizj)l/ 2 These
and other bounds can be seen in Reiss (1989).
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Example 2.4 Suppose X, ~ N(un, 02) and Xo ~ N (i, o2). Then X, con-
verges to X in total variation if and only if un — p and 02 — o2. This
can be proved directly by calculation.

Remark. Thereis someinterest in finding projectionsin total variation of a
fixed distribution to agiven class of distributions. Thisisagood problem but
usually very hard, and even in simple one-dimensional cases, the projection
can only be found by numerical means. Here is an example; the exercises at
the end of the chapter offer some more cases.

Example25 If X, ~ Bin(n, py) and np, — 1,0 < A < oo, then X,
convergesin law to the Poi() distribution. In practice, this result is used to
approximate a Bin(n, p) distribution for large n and small p by a Poisson
distribution with mean np. One can ask what is the best Poisson approx-
imation for a given Bin(n, p) distribution (e.g., what is the total variation
projection of agiven Bin(n, p) distribution onto the class of all Poisson dis-
tributions). An explicit description would not be possible. However, the total
variation projection can be numerically computed.

For instance, if n = 50, p = .01, then the total variation projection isthe
Poisson distribution with mean .5025. If n = 100, p = .05, then the total
variation projection is the Poisson distribution with mean 5.015. The best
Poisson approximation seemsto have amean slightly off from np. In fact, if
the total variation projection has mean A, then |1, — A] — 0. We will come
back to Poisson approximations to binomials later in this chapter.

2.3 Information-Theoretic Distances, de Bruijn’s
Identity, and Relationsto Conver gence

Entropy and Fisher information are two principal information-theoretic quan-
tities. Statisticians, by means of well-known connections to inference such
as the Cramér-Rao inequality and maximum likelihood estimates, are very
familiar with the Fisher information. Probabilists, on the other hand, are very
familiar with entropy. Wefirst define them formally.

Definition 2.2 Let f be a density in RY. The entropy of f, or synony-
mously of arandom variable X ~ f,is H(X) = — [ f(x)log f(x)dx =
—E«¢[log f (X)].

For integer-valued variables, the definition is similar.

Definition 2.3 Let X be integer valued with P(X = j) = pj. Then, the
entropy of X is H(X) = — 3, p(j)1og p(j).
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Fisher information is defined only for smooth densities. Here is the defi-
nition.

Definition 2.4 Let f be adensity in RY. Suppose f has one partia deriva-
tive with respect to each coordinate everywhere in its support {x : f(x) >
0}. The Fisher information of f, or synonymously of a random variable
X~ i 1(X) = im0 Ve dx = E[|| ¥ log f (X)I2], where v()
denotes the gradient vector.

Remark. Thefunction v log f (x) is called the score function of f.

Entropy and Fisher information each satisfy certain suitable subadditivity
properties. We record their most basic properties below. Johnson (2004) can
be consulted for proofs of the theoremsin this section apart from the specific
references given for particular theorems bel ow.

Theorem 2.5 (@) For jointly distributed random variables X, Y, H(X,Y) <
H(X) + H(Y) with equality iff X, Y areindependent:

(b)Forany o > 0, H(i 4+ o X) =logo + H(X).

(c) For independent random variables X, Y, H(X+Y) > max{H(X), H(Y)}.

(d) Forjointly distributed randomvariables X, Y, 1 (X, Y)>max{l (X), I (Y)}.

(e Forany o, I (u+ o X) = '((7)2().

(f) For independent random variables X, Y, (X + Y) < «&?1(X) +
(1 —a)?1(Y)VO0 < « < 1 with equality iff X, Y areeach normal.

(g) For independent random variables X, Y, I(X +Y) < (|(1x) + ,(1Y))_l
with equality iff X, Y are each normal.

Example 2.6 For some common distributions, we give expressions for the
entropy and Fisher information when available.

Distribution H(X) 1(X)
Exponential (1) 1 1
N(0, 1) slog(2m) + 3 1
Gamma(v, 1) o+ logl(a) + (o — Dr(«) afz(a > 2)
C(0,1) — 5
Ng(0, X) ¢ log(2r) + log || + § trs 1

Remark. In the table above, ¥ isthe di-Gamma function (i.e., the derivative
of logT’).

Entropy and Fisher information, interestingly, are connected to each other.
They are connected by a link to the normal distribution and also through an
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algebraic relation known asde Bruijn’s identity. We mention the link through
the normal distribution first.

Theorem 2.6 Among all densities with mean 0 and variance 0?2 < 00, the
entropy is maximized by the N (0, o2) density. On the other hand, among all
densitieswith mean 0 and variance 02 < oo such that the Fisher information
is defined, Fisher information is minimized by the N (0, o) density.

Remark. The theorem says that normal distributions are extremals in two
optimization problems with a variance constraint, namely the maximum en-
tropy and the minimum Fisher information problems. Actually, although we
state the theorem for N (0, '2), the mean is irrelevant. This theorem estab-
lishes an indirect connection between H and | inherited from a connection
of each to normal distributions.

We can use H and | to define distances between two different distribu-
tions. These are defined as follows.

Definition 2.5 Let X ~ f,Y ~ g, and assumethat g(x) = 0= f(x) = 0.
The entropy divergence or differential entropy between f and g is defined

as
o(fli9) = | f(x)log(g((:;)

The Fisher information distance between f and g is defined as

I(fllg) = |(X||Y)=/[|Iv|09f ~ v log(g)12] F (<)dx.

Using the normal distribution as a benchmark, we can define a standardized
Fisher information as follows.

Definition 2.6 Let X ~ f havefinite variance o-2. The standardized Fisher
information of f isdefined as I5(f) = 15(X) = o1 (f|IN(0, ?)).
The advantage of the standardization is that I5( f) can be zero only when
f itself isanormal density. Similarly, the entropy divergence of adensity f
with anormal density can be zero only if f isthat same normal density.
We state the el egant al gebrai c connection between entropy divergenceand
standardized Fisher information next.

Theorem 2.7 (De Bruijn’sIdentity) Let X ~ f havevariance 1. Let Z be
a standard normal variable independent of X. Fort > 0, let f; denote the
density of X + /tZ. Then, I (f)) = 2 [H(f)].
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Remark. De Bruijn’s identity (which extends to higher dimensions) is a
consequence of the heat equation of partial differential equations; see John-
son (2004). A large number of such é’t identities of usein statistics (although
not de Bruijn’s identity itself) are proved in Brown et al. (2006). That such
aneat algebraic identity links entropy with Fisher information is a pleasant
surprise.

We now describe how convergencein entropy divergenceis avery strong
form of convergence.

Theorem 2.8 Letf,, f be densitiesin RY. Suppose D(f,||f) — 0. Then
fn convergesto f intotal variation; in particular, convergencein distribution
follows.

This theorem has completely general densities f,, f. In statistics, often
one is interested in densities of normalized convolutions. Calculating their
entropies or entropy distances from the density of the limiting N (0, 1) dis-
tribution could be hard because convolution densities are difficult to write.
In aremarkable result, Barron (1986) proved the following.

Theorem 2.9 Let X1, X2, - -- beiid zero-mean, unit-variance random vari-
ablesand let f, denotethe density (assuming it exists) of ./nX. If, for some
m, D(fn|IN(O, 1)) < oo, then D(f,|IN(O, 1)) — O.

Analogously, one can use Fisher information in order to establish weak
convergence. The intuition is that if the Fisher information of \/nX is con-
verging to 1, which is the Fisher information of the N (0, 1) distribution,
then by virtue of the unique Fisher information minimizing property of the
N (O, 1) subject to afixed variance of 1 (stated above), it ought to be the case
that \/nX isconvergingto N (0, 1) in distribution. Theintuition is pushed to
aproof in Brown (1982), as stated below.

Theorem 2.10 Let X4, Xo, - - - beiid zero-mean, unit-variance random vari-
ablesand Z;, Z,, --- be aniid N(0, 1) sequence independent of the {X;}.
Letv > 0and Yp(v) = /nX + /vZ,. Then, for any v, I5(Yn(v)) — 0and

hence nX = N(O, 1).

Remark. It had been suspected for along time that there should be such a
proof of the central limit theorem by using Fisher information. It was later
found that Brown's technique was so powerful that it extended to central
limit theorems for many kinds of non-iid variables. These results amounted
to a triumph of information theory tools and provided much more intuitive
proofs of the central limit results than proofs based on Fourier methods.

An interesting question to ask is what can be said about the rates of con-
vergence of the entropy divergence and the standardized Fisher information
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in the canonical CLT situation (i.e., for Jn)? when X; are iid with mean
0 and variance 1). Thisis a difficult question. In general, one can hope for
convergence at the rate of *. The following istrue.

Theorem 2.11 Let X4, Xo, - -- beiid zero-mean, unit-variance random vari-

ables. Then, each of D(/nX||N(0, 1)) and Is(y/nX) is o).

Remark. Thisis quite abit weaker than the best results that are now known.
In fact, one can get bounds valid for all n, athough they involve constants
that usually cannot be computed. Johnson and Barron (2003) may be con-
sulted to see the details.

2.4 Poisson Approximations

Exercise 1.5 in Chapter 1 asks to show that the sequence of Bin(n, ) dis-
tributions converges in law to the Poisson distribution with mean 1. The
Bin(n, ﬁ) isasum of n independent Bernoullis but with a success probabil-
ity that is small and also depends on n. The Bin(n, rf) isacount of the total
number of occurrences among n independent rare events. It turns out that
convergence to a Poisson distribution can occur even if the individua suc-
cess probabilities are small but not the same, and even if the Bernoulli vari-
ables are not independent. Indeed, approximations by Poisson distributions
are extremely useful and accurate in many problems. The problems arisein
diverse areas. Poisson approximation is a huge area, with an enormous body
of literature, and there are many book-length treatments. We provide here a
glimpse into the area with some examples.

Definition 2.7 Let p, g betwo massfunctions ontheintegers. Thetotal vari-
ation distance between p and q is defined as dv(p. q) = SUpacz |Pp(X €

A) — Py(X € A)|, whichequals ; 3°; Ip(j) — q(j)l-
A simple and classic result is the following.

Theorem 2.12 (LeCam (1960)) (a) drv(Bin(n, »), Poi(x)) < ®. (b) For
n > 1, let {Xiy}{_, be a triangular array of independent Ber(pin) vari-
8 Zn 2 f K H 1
3y 2=i=1 Pins | max{pip, 1 <1 <n} <.

A neat corollary of LeCam’s theorem is the following.

Corallary 2.2 If Xj, isatriangular array of independent Ber(pi,) variables
such that max{pin, 1 <i <n} — 0,andr, = Y|, pin — 4,0 < A < o0,

then drv(Sh, Poi(1)) — 0and hence S, = Poi(1).
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The Poisson distribution has the property of having equal mean and vari-
ance, so intuition would suggest that if a sum of independent Bernoulli
variables had, asymptotically, an equal mean and variance, then it should
converge to a Poisson distribution. That, too, istrue.

Corallary 2.3 If Xj, isatriangular array of independent Ber(pi,) variables
suchthat 31, pin and 37, pin(1 — pin) €ach convergeto A, 0 < A < oo,

then S, = Poi(1).

It is a fact that, in many applications, although the variable can be rep-
resented as a sum of Bernoulli variables, they are not independent. The
question arises if a Poisson limit can still be proved. The question is rather
old. Techniquesthat we call first-generation technigues, using combinatorial
methods, are successful in some interesting problems. These methods typ-
ically use generating functions or sharp Bonferroni inequalities. Two very
good references for looking at those techniques are Kolchin, Sevas'tyanov,
and Chistyakov (1978) and Galambos and Simonelli (1996). Here is perhaps
the most basic result of that type.

Theorem 2.13 For N > 1, let Xjn,i = 1,2,--- ,n = n(N) beatriangular
array of Bernoulli random variables, and let A; = A;, denote the event
where X, = 1. For agivenk, let My = My, bethekth binomial moment of
Sniie, M= Y"1, (})P(Sh = j). If thereexists 0 < i < oo such that, for

every fixedk, M — 1+ asN — oo, then S, = Poi(2.).

Remark. In some problems, typically of a combinatorial nature, careful
counting lets one apply this basic theorem and establish convergence to a
Poisson distribution.

Example 2.7 (TheMatching Problem) Cards are drawn one at atime from
awell-shuffled deck containing N cards, and amatch occursif the card bear-
ing anumber, say j, isdrawn at precisely the jth draw from the deck. Let Sy
be the total number of matches. Theorem 2.13 can be used in this example.

The binomial moment My can be shownto be My = (}) N(N_l)f(N_kH) ,and

from here, by Stirling’s approximation, for every fixed k, My — kl, estab-
lishing that the total number of matches converges to a Poisson distribution
with mean 1 as the deck size N — oo. Note that the mean value of Sy is
exactly 1 for any N. Convergence to a Poisson distribution is extremely fast
in this problem; even for N = 5, the Poisson approximation is quite good.

For N = 10, it is almost exact!
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For information, we note the following superexponential bound on the
error of the Poisson approximation in this problem; this is proved in Das-
Gupta (1999).

Theorem 2.14 dry(Sy, Poi(1) < 2, YN.

Example 2.8 (The Committee Problem) From n people, N = N(n) com-
mittees are formed, each committee of afixed sizem. Welet N,n — oo,
holding m fixed. The Bernoulli variable X;, istheindicator of the event that
theith personisnot included in any committee. Under the usual assumptions
of independence and al so the assumption of random selection, the binomial

moment M can be shown to be My = (E)[(Eﬁg)]N .

Stirling’s approximation shows that My ~ e *NG+00™) asn — oo,
One now seeson inspection that if N, n arerelatedasN = "'%" —nlog .+
o(n~!) for some 0 < A < oo, then My — *kk‘m and so, from the basic
convergence theorem above, the number of people who are left out of all

committees convergesto Poi(1™).

Example 2.9 (The Birthday Problem) Thisis one of the most colorful ex-
amples in probability theory. Suppose each person in a group of n people
has, mutually independently, a probability ,ﬁ of being born on any given day
of ayear with N calendar days. Let S, bethetotal number of pairs of people
(i, j) such that they have the same birthday. P(S, > 0) is the probability
that there is at least one pair of people in the group who share the same
birthday. It turns out that if n, N are related asn? = 2N A + o(N), for some

0 < X < oo, then§, £ Poi(1). For example, if N = 365, n = 30, then S,
is roughly Poisson with mean 1.233.

A review of the birthday and matching problems is given in
DasGupta (2005). Many of the references given at the beginning of this
chapter also discuss Poisson approximation in these problems.

We earlier described the binomial moment method as a first-generation
method for establishing Poisson convergence. The modern method, which
has been fantastically successful in hard problems, is known as the Stein-
Chen method. It has a very interesting history. In 1972, Stein gave a novel
method of obtaining error bounds in the central limit theorem. Stein (1972)
gave a technique that allowed him to have dependent summands and also
allowed him to use non-Fourier methods, which are the classical meth-
ods in that problem. We go into those results, generally called Berry-
Esseen bounds, later in the book (see Chapter 11). Stein’s method was
based on a very simple identity, now universaly known as Stein’s iden-
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tity (published later in Stein (1981)), which says that if Z ~ N(O, 1),
then for nice functions f, E[Zf(Z)] = E[ f'(2Z)]. It was later found that if
Stein’s identity holds for many nice functions, then the underlying variable
Z must be N(0, 1). So, the intuition is that if for some random variable
Z = Zy, E[Z2f(Z2) — f(Z2)] ~ O, then Z should be close to N(0, 1) in
distribution. In a manner that many still find mysterious, Stein reduced this
to a comparison of the mean of a suitable function h, related to f by a
differential equation, under the true distribution of Z and the N (0, 1) distri-
bution. From here, he was able to obtain non-Fourier bounds on errorsin the
CLT for dependent random variables. A Stein type identity was later found
for the Poisson case in the decision theory literature; see Hwang (1982).
Stein’s method for the normal case was successfully adapted to the Pois-
son case in Chen (1975). The Stein-Chen method is now regarded as the
principal tool in establishing Poisson limits for sums of dependent Bernoulli
variables. Roughly speaking, the dependence should be weak, and for any
single Bernoulli variable, the number of other Bernoulli variableswith which
it shares a dependence relation should not be very large. The Stein-Chen
method has undergone alot of evolution with increasing sophistication since
Chen (1975). Thereferences given in the first section of this chapter contain
a wealth of techniques, results, and, most of all, numerous new applica-
tions. Specifically, we recommend Arratia, Goldstein, and Gordon (1990),
Barbour, Holst and Janson (1992), Dembo and Rinott (1996), and the re-
cent monograph by Diaconis and Holmes (2004). See Barbour, Chen, and
Loh (1992) for use of the Stein-Chen technique for compound Poisson
approximations.

2.5 Exercises

Exercise2.1 * Let X ~ F with density _ 1Jlrx2 ,—00 < X < oo. Find the

total variation projection of F onto the family of all normal distributions.

Exercise 2.2 For each of the following cases, evaluate the indicated dis-
tances.

() drv(P, Q) when P = Bin(20, .05) and Q = Poisson(1).
(i) dx(F,G)when F = N(0, ¢2) and G = Cauchy(0, t2).
(iii) H(P, Q)when P = N(u,0?) and Q = N(v, 72).

Exercise 2.3 * Write an expansion in powers of ¢ for dry(P, Q) when P =
N(O,1) and Q = N(e, 1).
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Exercise 2.4 Calculateand plot (asafunctionof ) H(P, Q) anddry (P, Q)
when P = N(0, 1) and Q = N(u, 1).

Exercise 2.5 * Suppose P, = Bin(n, py) and P = Poi(A). Give a suffi-
cient condition for drv(P,, P) — 0. Can you give a nontrivial necessary
condition?

Exercise 2.6 Show thatif X ~ P,Y ~ Q, thendry(P, Q) < P(X #Y).
ep. indep.

Exercise2.7 Suppose Xi <" P, Y; " Q;. Then dry(Py * Py % - - - x
Ph,Qi#Qox%---%xQp) < Zi”:l drv(Pi, Qj), where % denotes convolution.

Exercise 2.8 Suppose X, is a Poisson variable with mean n-T—l and X is
Poisson with mean 1.

(a) Show that the total variation distance between the distributions of X,, and
X convergesto zero.

(b)* (Harder) Find the rate of convergenceto zero in part (a).

Exercise29 * Let P = N(0,1) and Q = N(u,0?). Plot the set S =
{(e, o) : drv(P, Q) < €} for some selected values of e.

Exercise 2.10 Suppose X1, X», ... are iid Exp(1). Does Jn()z — 1) con-
verge to standard normal in total variation?

Exercise2.11 If X, areiid, show that X, —> 0iff € (/) — 0.
Exercise2.12 * Let X ~ U[—1, 1]. Find the total variation projection of X
onto the class of all normal distributions.

Exercise 2.13 * Consider the family of densities with mean equal to a spec-
ified w. Find the density in this family that maximizes the entropy.

Exercise 2.14 * (Projection in Entropy Distance) Suppose X hasadensity
with mean . and variance o-2. Show that the projection of X onto the class
of all normal distributions has the same mean and variance as X.

Exercise2.15 * (Projection in Entropy Distance Continued) Suppose X
is an integer-valued random variable with mean w.. Show that the projection
of X onto the class of all Poisson distributions has the same mean as X.
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Exercise 2.16 * First write the exact formula for the entropy of a Poisson
distribution, and then prove that the entropy grows at the rate of log A asthe
mean A — 0.

Exercise 2.17 What can you say about the existence of entropy and Fisher
information for Beta densities? What about the double exponential density?

Exercise 2.18 Prove that the standardized Fisher information of a
Gamma(a, 1) density converges to zero at the rate Oll a being the shape
parameter.

Exercise 2.19 * Consider the Le Cam bound dy (Bin(n, p), Poi(np)) < 8p.
Compute the ratio v P-PAMR) for 5 grid of (n, p) pairs and investigate
the best constant in Le Cam'’'s inequality.

Exercise2.20 * For N = 5, 10, 20, 30, compute the distribution of the total
number of matches in the matching problem, and verify that the distribution
in each caseis unimodal.

Exercise 2.21 Give an example of a sequence of binomial distributions that
converge neither to a normal (on centering and norming) nor to a Poisson
distribution.
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Chapter 29
The Bootstrap

The bootstrap is a resampling mechanism designed to provide informa-
tion about the sampling distribution of a functional T (Xy, Xo, ..., Xp, F),
where X1, Xo, ..., X, are sample observationsand F isthe CDF from which
X1, X2, ..., X, are independent observations. The bootstrap is not limited to
the iid situation. It has been studied for various kinds of dependent data
and complex situations. In fact, this versatile nature of the bootstrap is
the principal reason for its popularity. There are numerous texts and re-
views of bootstrap theory and methodology at various technical levels. We
recommend Efron and Tibshirani (1993) and Davison and Hinkley (1997)
for applications-oriented broad expositions and Hall (1992) and Shao and
Tu (1995) for detailed theoretical development. Modern reviews include
Hall (2003), Beran (2003), Bickel (2003), and Efron (2003). Bose and Poli-
tis (1992) is awell-written nontechnical account, and Lahiri (2003) isarig-
orous treatment of the bootstrap for various kinds of dependent data.
Suppose X1, Xz, ..., Xy e F and T (X1, Xo, ..., X5, F) isafunctional;
eg. T(X1, X, ., X, F) = Y"1 where = Ep(X1) and 02 =
Varg(X,). In statistical problems, we frequently need to know something
about the sampling distribution of T; e.g., Pe(T (X1, Xo, ..., Xj, F) < t). If
we had replicated samplesfrom the population, resulting in aseries of values
for the statistic T, then we could form estimates of Pe(T < t) by counting
how many of the Tj’s are < t. But statistical sampling is not done that way.
We do not usually obtain replicated samples; we obtain just one set of data
of some size n. However, let us think for amoment of afinite population. A
large sample from afinite population should be well representative of the full
population itself, so replicated samples (with replacement) from the original
sample, which would just be aniid samplefrom the empirical CDF F,, could
be regarded as proxiesfor replicated samples from the population itself, pro-
vided n is large. Suppose that for some number B we draw B resamples of
size n from the original sample. Denoting the resamples from the original

A. DasGupta, Asymptotic Theory of Statistics and Probability,
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sample as (X351, X35, -, X30)s (X34, X5, coes X31)s coes (XE 10 XEps oes XEp)s
with corresponding values T;", T, ..., T for the functional T, one can use

simple frequency-based estimates such as "' =") to estimate Pe(T < 1).
This is the basic idea of the bootstrap. Over time, the bootstrap has found
its use in estimating other quantities, e.g., Varg(T) or quantiles of T. The
bootstrap is thus an omnibus mechanism for approximating sampling distri-
butions or functionals of sampling distributions of statistics. Since frequen-
tist inference is mostly about sampling distributions of suitable statistics,
the bootstrap is viewed as an immensely useful and versatile tool, further
popularized by its automatic nature. However, it is also frequently used in
situations where it should not be used. In this chapter, we give a broad
methodological introduction to various types of bootstraps, explain their
theoretical underpinnings, discuss their successes and limitations, and try
them out in sometrial cases.

29.1 Bootstrap Distribution and the M eaning of Consistency

The formal definition of the bootstrap distribution of a functional is the fol-
lowing.

Definition 29.1 Let X4, X, ..., Xp " F and T(Xq, X5, ..., Xy, F) be a
given functional. The ordinary bootstrap distribution of T is defined as

HBoot(X) = PFn(T (X*, ceey X:, Fn) S X),

where (X7, ..., X}) isaniid sample of size n from the empirical CDF F,.
It is common to use the notation P, to denote probabilities under the
bootstrap distribution.

Remark. Pg (-) corresponds to probability statements corresponding to
all the n" possible resamples with replacement from the original sample
(X1, ..., Xy). Sincerecalculating T from al n" resamplesis basically im-
possible unless n is very small, one uses a smaller number of B resam-
ples and recalculates T only B times. Thus Hgoot(X) itself is estimated by a
Monte Carlo, known as the bootstrap Monte Carlo, so the final estimate for
Pe(T (X1, X2, ..., Xn, Fy) < x) absorbserrorsfrom two sources: (i) pretend-
ing (X{1, X{5, ..., X{,) to be bonafide resamples from F; (ii) estimating the
true Hgoot(X) by a Monte Carlo. By choosing B adequately large, the Monte
Carlo error is generally ignored. The choice of B that would et one ignore
the Monte Carlo error is a hard mathematical problem; Hall (1986, 1989a)
are two key references. It is customary to choose B ~ 300 for variance
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estimation and a somewhat larger value for estimating quantiles. Itis hard to
give any general reliable prescriptionson B.

It is important to note that the resampled data need not necessarily be
obtained from the empirical CDF F,. Indeed, it isanatural question whether
resampling from a smoothed nonparametric distribution estimator can result
in better performance. Examples of such smoothed distribution estimators
are integrated kernel density estimates. It turns out that, in some prob-
lems, smoothing does lead to greater accuracy, typically in the second order.
See Silverman and Young (1987) and Hall, DiCiccio, and Romano (1989)
for practical questions and theoretical analysis of the benefits of using a
smoothed bootstrap. Meanwhile, bootstrapping from F, is often called the
naive or orthodox bootstrap, and we will sometimes use this terminology.

Remark. At first glance, the idea appears to be a bit too simple to actualy
work. But one has to have a definition for what one means by the bootstrap
working in a given situation. It depends on what one wants the bootstrap to
do. For estimating the CDF of a statistic, one should want Hgoqt(X) to be
numerically close to the true CDF Hn(x) of T. Thiswould require consid-
eration of metrics on CDFs. For a general metric p, the definition of “the
bootstrap working” is the following.

Definition 29.2 Let F and G be two CDFs on a sample space X. Let
o(F, G) be ametric on the space of CDFson X. For X1, X5, ..., X, e F,
and agiven functional T (X1, Xo, ..., X, F), let

Hn(x) = Pe(T (X1, X2, ..., X5, F) < X),
HBoot(X) = P*(T (X*, X;, ceey X;:, Fn) < X).

We say that the bootstrap is weakly consistent under p for T if p(H,, Hgoot)

£ 0asn — co.We say that the bootstrap is strongly consistent under p for
T if p(Hn, Heoot) = 0.

Remark. Note that the need for mentioning convergence to zero in proba-
bility or a.s. in this definition is due to the fact that the bootstrap distribution
Hgoot isarandom CDF. That Hgq is arandom CDF has nothing to do with
bootstrap Monte Carlo; it is arandom CDF because as afunction it depends
on the original sample (X1, Xo, ..., X;). Thus, the bootstrap uses a random
CDF to approximate a deterministic but unknown CDF, namely thetrue CDF
H, of the functional T.

Example 29.1 How does one apply the bootstrap in practice? Suppose, for
example, T(Xq, ..., Xy, F) = Jn(ﬁ‘“). In the orthodox bootstrap scheme,
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we take iid samples from F,. The mean and the variance of the empiri-
cal distribution F, are X ands? = * Y1 (Xi — X)?2 (note the n rather
than n — 1 in the denominator). | The bootstrap is a device for estimating

(Jn<x ) < ) by Pg (~/”<X ) < ). We will further approximate

P n(“/”(X ) < x) by resampling only B times from the original sample
set {X1, ..., Xu}. In other words, flnally we will report as our estimate for

Pr (J”(X W < x) the number #(j : Y"1 ) - < x}/B.

29.2 Consistency in the Kolmogorov and Wasser stein
Metrics

We start with the case of the sample mean of iid random variables. If

X1, oory Xy Y F and if Varg (Xj) < oo, then \/n(X — 1) has alimiting

normal dlstrlbutlon by the CLT. So aprobability suchas Pg (v/n(X —u) < x)
could be approximated for example by ®(%), wheres isthe sample standard
deviation. An interesting property of the bootstrap approximation is that,
even when the CLT approximation ®(%) is available, the bootstrap approx-
imation may be more accurate. We will later describe theoretical results in
this regard. But first we present two consistency results corresponding to
the following two specific metrics that have earned a special status in this
literature:

(i) Kolmogorov metric

K(F.G)= sup [F(x)—G(X)I;

—00<X <00

(ii) Mallows-Wasserstein metric

£(F,G) = |nf (EIY — XDz,

2FG

where X ~ F,Y ~ G, and I'; ¢ ¢ isthe class of al joint distributions
of (X, Y) with marginals F and G, each with afinite second moment.

£, isaspecial case of the more general metric

tp(F.G) = inf (EIY X X[P)e,

pFG

with the infimum being taken over the class of joint distributions with
marginalsas F, G, and the pth moment of F, G being finite.
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Of these, the Kolmogorov metric is universally regarded as a natural
one. But how about £,? £, is a natural metric for many statistical problems

because of its interesting property that ¢,(F,, F) — 0 iff F, £ F and
Er,(X") — Eg(X") fori = 1, 2. Since one might want to use the bootstrap
primarily for estimating the CDF, mean, and variance of a statistic, consis-
tency in £, isjust the right result for that purpose.

Theorem 29.1 Suppose X1, Xa. ..., X < F and that Ef(X2) < oo. Let
T(X1, ..., Xp, F) = «/n(x — ). Then K(Hy, Heoot) and £2(Hn, Heoot)

as.
— 0asn — oo.

Remark. Strong consistency in K is proved in Singh (1981), and that for
¢, is proved in Bickel and Freedman (1981). Notice that Ef(X2) < oo
guarantees that \/n(X — 1) admits a CLT. And Theorem 29.1 says that the
bootstrap is strongly consistent (w.r.t. K and £,) under that assumption. This
isin fact a very good rule of thumb: if a functional T (Xq, Xo, ..., Xp, F)
admits a CLT, then the bootstrap would be at |east weakly consistent for T .
Strong consistency might require a little more assumption.

We sketch a proof of the strong consistency in K. The proof requires use
of the Berry-Esseen inequality, Polya's theorem (see Chapter 1 or Chap-
ter 2), and a strong law known as the Zygmund-Marcinkiewicz strong law,
which we state below.

Lemma29.1 (Zygmund-Marcinkiewicz SLLN) Let Y4, Yo, ... beiid ran-
dom variableswith CDF F and suppose, for some0 < § < 1, Ef|Y4]® < oo.
Then n~ 237 v, 0.

We are now ready to sketch the proof of strong consistency of Hggg
under K. Using the definition of K, we can write K(Hy, Hgoot) =
sup, |Pr {Tn < x} — P {T7 < x}|

o
v()-m{7 =)

:An+Bn+Cn, Sa.y

+ sup
X
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That A, — 0isadirect consequence of Polya’s theorem. Also, s? con-
verges almost surely to o2 and so, by the continuous mapping theorem, s
converges almost surely to o. Then B, = 0 amost surely by the fact that
®(-) is a uniformly continuous function. Finally, we can apply the Berry-
Esseen theorem to show that C,, goesto zero:

o o A4 ERIXI=XaP 4 31X = Xl
"= 5/n [varg, (XH)]¥2 T 5yn ns3

4 3 : 3 3
< ayegs 2 [;m—w + 0| — Xq|
1=

M| 1§ | Xn = pf?

where M = 352

Sinces = o > 0and X,, = pu, itisclear that | X, — u|3/(y/ns%) = 0
almost surely. As regards the first term, let Y; = |X; — u|® and § = 2/3.
Then the {Y;} areiid and

EIYil® = Eg|X; — u|>%3 = Varg(X4) < .

It now follows from the Zygmund-Marcinkiewicz SLLN that

1 n 5 L n
_ _n-ws .
n3/2§ [Xi — | =n E Yi = 0as. ash — oo.
i=1 i=1

Thus, A, 4+ B, + C, = 0 amost surely, and hence K (Hy,, Hgoot) = O.

We now proceed to a proof of convergence under the Wasserstein-
Kantorovich-Mallows metric ¢,. Recall that convergencein ¢, allows us to
conclude more than weak convergence. We start with a sequence of results
that enumerate useful properties of the ¢, metric.

These facts (see Bickel and Freedman (1981)) are needed to prove con-
sistency of Hgoot in the £, metric.

Lemma29.2 Let G,, G € I',. Then £5(G,, G) — 0if and only if

Gn= G and nlim/xden(x):/xde(x), k=12
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Lemma29.3 Let G,H € Iy, and suppose Yi,...,Y, are iid G and
Z1,...,Z, areiid H. If GM isthe CDF of /n(Y — ug) and H™ is the
CDF of \/n(Z — jun), then £5(G™, HM) < ¢5(G, H), Vn>1.

Lemma 29.4 (Glivenko-Cantelli) Let X4, Xo, ..., X, beiid F and let F,
be the empirical CDF. Then F,(x) — F(x) aimost surely, uniformly in x.

Lemma29.5 Let X;, Xz, ..., X, beiid F and let F, be the empirical CDF.
Then ¢,(F,, F) = 0 amost surely.

The proof that £5(Hp, Hgoot) CONverges to zero almost surely follows on
simply putting together the lemmas 29.2-29.5. We omit this easy verifica-
tion.

Itisnatural to ask if the bootstrap is consistent for \/n(X — w) even when
Er(X2) = oo. If weinsist on strong consistency, then the answer is negative.
The point is that the sequence of bootstrap distributions is a sequence of
random CDFs and so it cannot be expected a priori that it will converge to
afixed CDF. It may very well converge to arandom CDF, depending on the
particular realization X1, X2, . . .. Onerunsinto this problem if E¢(X?) does
not exist. We state the result below.

Theorem 29.2 Suppose X3, Xz, ... are iid random variables. There exist
un(X1, Xz, ..., Xy), anincreasing sequence ¢,, and a fixed CDF G(x) such
that

S0 = nlXs, - %)

P. x| G(x)
Cn

if and only if Er(X?) < oo, in which case f/”n—>1.

Remark. The moral of Theorem 29.2 is that the existence of a nonrandom
limit itself would be a problem if EF(X?) = co. See Athreya (1987), Giné
and Zinn (1989), and Hall (1990) for proofs and additional examples.

The consistency of the bootstrap for the sample mean under finite second
momentsis also true for the multivariate case. We record consistency under
the Kolmogorov metric next; see Shao and Tu (1995) for a proof.

Theorem 29.3 Let X4, -+, Xp, --- beiid F with cove(X1) = 3, 3 fi-

nite. Let T(X1, Xz, ... Xn, F) = /n(X — 1t). Then K (Hgoo, Hn) —> 0
asn — oo. N
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29.3 Delta Theorem for the Bootstrap

We know from the ordinary deltatheoremthat if T admitsaCLT andg(-) isa
smooth transformation, then g(T) also admitsa CLT. If wewereto believein
our rule of thumb, then this would suggest that the bootstrap should be con-
sistent for g(T) if it isalready consistent for T . For the case of sample mean
vectors, thefollowing result holds; again, see Shao and Tu (1995) for aproof.

Theorem 29.4 Let X1, Xz, ..., Xo *~ F and let Spxp = COVe(X1) be fi-

nite. Let T(X1, Xz, ..., Xn. F) = /N(X — ) and, for some m > 1, let
g : RP — R™ If Vg(-) existsin a neighborhood of «,Vg(#) # 0, and if
Vg(-) is continuous at 1, then the bootstrap is strongly consistent w.r.t. K

for /n(g(X) — g(1)).

Example 292 Let X1, Xa. ..., Xn * F, and suppose E¢(X}) < oco. Let
Yi = (}%). Then, with p = 2, Y1, Y2, ..., Y, areiiid p-dimensional vectors

with cov(Y1) finite. Note that Y = (. s _xz)- Consider the transformation

g : R2 — R! defined as g(u,v) = v — uZ Then > 31 (X; — X)? =
i XE=(X)2 =g(Y). If welet 4 = E(Y1), theng (i) = 02 = Var(Xy).

Since g(-) satisfies the conditions of the Theorem 29.4, it follows that the
bootstrap is strongly consistent w.r.t. K for o/n(; >, (Xi — X)? — o).

29.4 Second-Order Accuracy of the Bootstrap

One philosophical question about the use of the bootstrap is whether the
bootstrap has any advantages at all when a CLT is already available. To be
specific, suppose T (X4, ..., Xn, F) = /n(X —p). If 62 = Varg (X) < oo,
then /n(X — 1) = N(0, 02) and K (Haoor, Hn) 23 0. So two competitive
approximationsto Pg (T (X1, ..., Xy, F) < x) ared(}) and Pg, (/n(X* —
X) < x). Itturnsout that, for certain types of statistics, the bootstrap approx-
imation is (theoretically) more accurate than the approximation provided
by the CLT. Because any normal distribution is symmetric, the CLT can-
not capture information about the skewness in the finite sample distribution
of T. The bootstrap approximation does so. So the bootstrap succeeds in
correcting for skewness, just as an Edgeworth expansion would do. This
is called Edgeworth correction by the bootstrap, and the property is called
second-order accuracy of the bootstrap. It is important to remember that
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second-order accuracy is not automatic; it holds for certain types of T but
not for others. It is also important to understand that practical accuracy
and theoretical higher-order accuracy can be different things. The follow-
ing heuristic calculation will illustrate when second-order accuracy can be
anticipated. The first result on higher-order accuracy of the bootstrap is due
to Singh (1981). In addition to the references we provided in the beginning,
Lehmann (1999) gives avery readable treatment of higher-order accuracy of
the bootstrap.

SUpPOSe X1, Xz, ..., Xn * F and T(Xy, ..., Xn, F) = Y"*); here
02 = Varg(X1) < oo. We know that T admits the Edgeworth expansion
X|F X|F
Pe(T <x) = o) + P& g 4 PR
J/n n
+smaller order terms,

+smaller order terms,
P1(X|F) — pu(X|Fn) = p2(x|F) — p2(x|Fq)
+
V/n n

+-smaller order terms.

Hn(X) - HBoot(X) =

Recall now that the polynomials p;, p, are given as

Pi(xIF) = | (1= x?).
IF) =x|* 33— x?) - Kz(x4—10x2+15)
P2 7 24 72 :

where y = EF0 1 and o = B4’ gincey, — = Op( },) and
ke, — & = Op( j,), just from the CLT for y, and under frnrteness of
four moments, one abtains H,(X) — Hggot(X) = Op(ﬁ). If we contrast this
with the CLT approximation, in general, the error in the CLT is O( j ), asis
known from the Berry-Esseen theorem. The 1 i rate cannot be improved in
general evenif there are four moments. Thus, by looking at the standardized

statistic V"), we have succeeded in making the bootstrap one order more
accurate than the CLT. Thisis called second-order accuracy of the bootstrap.
If one does not standardize, then

Pe(vn(X — 1) < x) = Pg (Jn(i—u) = (t) - ¢)<X),

o



470 29 The Bootstrap

and the leading term in the bootstrap approximation in this unstandardized
case would be @(%). So the bootstrap approximates the true CDF Hy(x)

also at therate jn; i.e., if one does not standardize, then Hy(x) — Heoot(X) =

Op( ln ). We have now lost the second-order accuracy. The following second
rule of thumb often applies.

Ruleof Thumb Let X1, Xz, ..., Xn © Fand T (X, ..., Xn, F) afunc-
tional. If T (X1, ..., Xn, F) = N(0, z2), where  isindependent of F, then
second-order accuracy is likely. Proving it will depend on the availability of
an Edgeworth expansion for T. If ¢ dependson F (i.e., t = 7(F)), then the
bootstrap should be just first-order accurate.

Thus, aswe will now see, the orthodox bootstrap is second-order accurate
for the standardized mean v/ ”(ﬁ_"), although from an inferential point of
view it is not particularly useful to have an accurate approximation to the
distribution of ¥"*~) hecause o would usually be unknown, and the accu-
rate approximation could not really be used to construct a confidenceinterval
for w. Still, the second-order accuracy result is theoretically insightful.

We state a specific result below for the case of standardized and nonstan-
dardized sample means. Let H,(X) = Pe(/n(X — 1) < x), Hho(x) =
PF(«/n(i_ﬂ)i < X), Heoat(X) = Pu(/n(X* = X) < x), Heooro(X) =
Pr, (V"0C R < x)

Theorem 29.5 Let X1, Xo. ... Xn © F.

(@) If EF|X1]® < oo and F isnonlattice, then K (Hy 0, Heoot.0) = op(jn).

(0)If Ef|X1® < oo and F is lattice, then /nK (Hno, Haooro) — C,
0<c < oo

Remark. See Lahiri (2003) for a proof. The constant ¢ in the lattice case
equals th” , where h isthe span of the lattice {a + kh, k = 0, £1, +2, ...}
onwhichthe X; are supported. Note also that part (a) saysthat higher-order
accuracy for the standardized case obtains with three moments; Hall (1988)
showed that finiteness of three absolute moments is in fact necessary and
sufficient for higher-order accuracy of the bootstrap in the standardized case.
Bose and Babu (1991) investigate the unconditional probability that the
Kolmaogorov distance between Hgqor and H,, exceeds a quantity of the order
o(n‘i ) for a variety of statistics and show that, with various assumptions,
this probability goesto zero at arate faster than O(n—1).
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Example 29.3 How does the bootstrap compare with the CLT approxima-
tion in actual applications? The question can only be answered by case-by-
case simulation. The results are mixed in the following numerical table. The
X; areiid Exp(1) in thisexampleand T = ,/n(X — 1) with n = 20. For the
bootstrap approximation, B = 250 was used.

t  Hy(t) CLT approximation Hgoeot(t)

—2 0.0098 0.0228 0.0080
-1 0.1563 0.1587 0.1160
0 0.5297 0.5000 0.4840
1 08431 0.8413 0.8760
2 0.9667 0.9772 0.9700

29.5 Other Statistics

The ordinary bootstrap that resamples with replacement from the empirical
CDF F, is consistent for many other natural statistics besides the sample
mean and even higher-order accurate for some, but under additional con-
ditions. We mention a few such results below; see Shao and Tu (1995) for
further details on the theoremsin this section.

Theorem 29.6 (Sample Percentiles)
Let Xq, ..., X, be S F and let 0 < p < 1 Let&, = F~(p) and suppose
F has a positive derivative f(&,) at &p. Let T, = T(Xyq, ..., Xp, F) =

V(R (p) —&p) and Tk = T (X, ... X}, Fa) = V/n(F~H(p) — F(p)),
where F* is the empirical CDF of X}, ..., X}. Let Hy(x) = Pe(Ty < X)

and Hpoot(X) = P.(T;" < x). Then, K(Hgoat, Hn) = O(n~4,/loglogn)
amost surely.

Remark. So again we see that, under certain conditions that ensure the ex-
istence of a CLT, the bootstrap is consistent.

Next we consider the class of one-sample U -statistics.

Theorem 29.7 (U-statistics)

Let Uy = Un(Xq, ..., Xq) beaU-statistic with a kernel h of order 2. Let
6 = E£(U;) = Er[h(X4, X2)], where X1, X5 < F. Assume:

(i) Er (h*(X1, X)) < oo. N
(i) 2 = Vare ((X)) > 0, wheref(x) = Er[n(X1. X2)[Xz = x].
(i) Erh(Xy. X1)| < oo,
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LetT, = /nUy—0) and T = /n(U;—Uy), whereUr = Un (X3, ..., X}),
as
Hn(X) = PF(Tn S X), and HBoot(X) = ID*(-I-I«T< S X).Then K(Hn, HBoot)_)o.

Remark. Under conditions (i) and (ii), +/n(U, — 6) has a limiting normal
distribution. Condition (iii) isanew additional condition and actually cannot
berelaxed. Condition (iii) isvacuousif the kernel h isbounded or afunction
of [ X1 — X5|. Under additional moment conditions on the kernel h, thereis
also ahigher-order accuracy result; see Helmers (1991).

Previously, we observed that the bootstrap is consistent for smooth func-
tions of a sample mean vector. That lets us handle statistics such as the
sample variance. Under some more conditions, even higher-order accuracy
obtains. Hereisaresult in that direction.

Theorem 29.8 (Higher-Order Accuracy for Functions of Means)

Let X1..... Xy "° F with Ef(X1) = p and cove(X1) = Spyp. Let
g : RP — R be such that g(-) is twice continuously differentiable in some
neighborhood of © and vg(u) # 0. Assume also:

() EFllX1— pull® < oco.

LetT, = YMO0O-00) gngrs — YO0 \wheres = S(Xj, .
V(90 2(79(1) " J(ve(X)ys(ve(x)

Xy) isthe sample variance-covariance matrix. Also let Hy(x) = Pe(T, < X)

and Heoor(X) = P.(T,* < X). Then /nK (o, Heoo) =30,

Finally, let us describe the case of the t-statistic. By our previous rule of
thumb, we would expect the bootstrap to be higher-order accurate simply
because the t-statistic is already studentized and has an asymptotic variance
function independent of the underlying F.

“ey

Theorem 29.9 (Higher-Order Accuracy for thet-statistic)

Let X1, ..., Xa  F. Suppose F is nonlattice and that E£(X®) < oo.

Let Ty = Y"1 and T = "X~ where s* is the standard deviation
of XI"“’X:' Let Hn(X) = IDF(Tn =< X) and HBoot(X) = P*(Tn* < X)-

Then/nK (Hn, Heoo) 23 0.
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29.6 Some Numerical Examples

The bootstrap is used in practice for a variety of purposes. It is used to
estimate a CDF, a percentile, or the bias or variance of a statistic T,. For
example, if T, is an estimate for some parameter 6, and if Ex(T, — 0) is
the bias of T, the bootstrap estimate Eg (T," — T,) can be used to esti-
mate the bias. Likewise, variance estimates can be formed by estimating
Varg(Ty) by Varg, (T.7). How accurate are the bootstrap-based estimates in
reality?

This can only be answered on the basis of case-by-case simulation. Some
overall qualitative phenomena have emerged from these simulations. They
are:

(a) The bootstrap captures information about skewness that the CLT will
miss.

(b) The bootstrap tends to underestimate the variance of a statistic T,.

Here are afew numerical examples.

Example29.4 Let X4, ..., Xu " Cauchy(u, 1). Let M, bethe sample me-
dianand T,, = /n(M,, — ). If niisodd, say n = 2k + 1, then thereisan
exact variance formulafor M,,. Indeed

/2
2n!
Var(M,) = | XK = x)*(cotx)%dx;
(k)2 Of

see David (1981). Because of this exact formula, we can easily gauge the
accuracy of the bootstrap variance estimate. In this example, n = 21 and
B = 200. For comparison, the CLT-based variance estimate is also used,
whichis
— T 2
Var(M,)) = an”

The exact variance, the CLT-based estimate, and the bootstrap estimate for
the specificsimulation are0.1367, 0.1175, and 0.0517, respectively. Note the
obvious underestimation of variance by the bootstrap. Of course, one cannot
be sureif it isthe idiosyncrasy of the specific simulation.

A genera useful result on consistency of the bootstrap variance estimate
for medians under very mild conditionsisin Ghosh et a. (1984).
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Example 29.5 Suppose X, ..., X, are iid Poi(x), and let T, be the
t-statistic T, = 4/n(X —u)/s. Inthisexample,n = 20and B = 200, and for
the actual data, « was chosento be 1. Apart from the bias and the variance of
Th, in this example we also report percentile estimates for T,,. The bootstrap
percentile estimates are found by calculating T, for the B resamples and
calculating the corresponding percentile value of the B values of T,". The
bias and the variance are estimated to be —0.18 and 1.614, respectively. The
estimated percentiles are reported in the following table.

o Estimated 100« Percentile
0.05 —2.45
0.10 —-1.73
0.25 —0.76
0.50 —-0.17
0.75 0.49
0.90 1.25
0.95 1.58

On observing the 100(1 — «’)% estimated percentiles, it is clear that there
seemsto be substantial skewnessin the distribution of T. Whether the skew-
nessistruly as serious can be assessed by alarge-scale simulation.

Example 29.6 Suppose(Xj,Y;), i=1,2,--- ,nareiidBVN(0, 0, 1, 1, p),
and let r bethe sample correlation coefficient. Let T, = /n(r —p). Weknow

that T, = N(0, (1 — p?)?); see Chapter 3. Convergence to normality is very
slow. Thereisalso an exact formulafor the density of r. For n > 4, the exact
density is

27— (1 — r2)n-4/2 i r (” tk- 1>2 (2pr)«,

fre) =" n_3 2 k!

k=0

see Tong (1990). In the following table, we give simulation averages of the
estimated standard deviation of r by using the bootstrap. We used n = 20
and B = 200. The bootstrap estimate was calculated for 1000 independent
simulations, and the table reports the average of the standard deviation esti-
mates over the 1000 simulations.

n Truep Truesd.ofr  CLT estimate  Bootstrap estimate
0.0 0.230 0.232 0.217

20 0.5 0.182 0.175 0.160
0.9 0.053 0.046 0.046
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Again, except when p is large, the bootstrap underestimates the variance
and the CLT estimate is better.

29.7 Failure of the Bootstrap

In spite of the many consistency theoremsin the previous sections, there are
instanceswhere the ordinary bootstrap based on sampling with replacement
from F, actually does not work. Typically, these are instances where the
functional T, failsto admit a CLT. Before seeing a few examples, welist a
few situations where the ordinary bootstrap fails to estimate the CDF of T,
consistently:

(@) Tn = /n(X — ) when Varg (X1) = oco.

(b) Th = +/n(g(X) — g(w)) and Vg(u) = 0.

(©) Th = /n(g(X) — g(n)) and g is not differentiable at 1.

(d) To = /n(F;X(p) — F~(p)) and f (F~1(p)) = Oor F hasunequal right
and left derivativesat F~(p).

(e) The underlying population Fy is indexed by a parameter 6, and the sup-
port of F4 depends on the value of 6.

(f) The underlying population F, is indexed by a parameter 6, and the true
value 6y belongs to the boundary of the parameter space 6.

Example29.7 Let X4, X5, ..., X; e F and 02 = Varg(X) = 1. Let

g(x) = [x] and T, = /n(g(X) — g(u)). If the true value of w is 0, then

by the CLT for X and the continuous mapping theorem, T, EN |Z] with
Z ~ N(0, o). To show that the bootstrap does not work in this case, we
first need to observe afew subsidiary facts.

(a) For almost all sequences {X1, Xz, - - -}, the conditional distribution of
Jn(x; — Xy), given X, convergesin law to N (0, o) by the triangular
array CLT (seevan der Vaart (1998).

(b) The joint asymptotic distribution of (/n(Xy — ), +/n(X; — Xp)) EN
(Z1, Z), where Z,, Z, areiid N (0, o2).

In fact, a more general version of part (b) is true. Suppose (X,, Yy) is
a sequence of random vectors such that X, £ 7 ~H (some Z) and

Yo Xn = Z (the same Z) aimost surely. Then (Xn, Yn) = (Z1, Z), where
Z1, Zo areiid ~ H.
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Therefore, returning to the example, when the true  is 0,

T: = (X, = [Xal)
= [/N(X;, = Xa) + /N Xn| = [N Xy
L
S |21+ Zo| — |Z4),

where Z,, Z, are iid N(0, o). But this is not distributed as the absolute
value of N (0, o2). The sequence of bootstrap CDFs is therefore not consis-
tent when i = 0.

Example29.8 Let X1, Xo, ..., X, ~ U(0,0) and let T, = n(0 — X)),
Ty = n(X@ — X{m)- The ordinary bootstrap will fail in this examplein the
sense that the conditional distribution of T given X(,) does not converge to
the Exp(0) a.s. Let usassume® = 1. Then, fort > O,

Pe (T <t) > Pg(T*=0)
= Pr(X@n = Xm)
= 1-Pr (X5 < Xm)

()

n _
T 1oet

For example, take t = 0.0001. Then lim, Pg, (T < t) > 1 —e~%, while
lim, Pe(Tp <t) =1—e%00 %~ 0. S0 Pe (T <t) A Pe(Ty <1t).

The phenomenon of this example can be generalized essentially to any
CDF F with a compact support [w(F), w(F)] with some conditions on F,
such as existence of a smooth and positive density. Thisis one of the earliest
examples of the failure of the ordinary bootstrap. We will revisit this issue
in the next section.

29.8 m out of n Bootstrap

In the particular problems presented above and several other problemswhere
the ordinary bootstrap fails to be consistent, resampling fewer than n obser-
vations from F,, say m observations, cures the inconsistency problem. This
is called them out of n bootstrap. Typically, consistency will be regained if
m = o(n); in some general theorems in this regard, one requires m? = o(n)
or some similar stronger condition than m = o(n). If then out of n ordinary



29.8 m out of n Bootstrap 477

bootstrap is already consistent, then there can still be m out of n schemes
with m going to co slower than n that are also consistent, but the m out of
n scheme will perform somewhat worse than the n out of n. See Bickel,
Goetze, and van Zwet (1997) for an overall review.

We will now present a collection of results that show that the m out of
n bootstrap, written as the m/n bootstrap, solves the orthodox bootstrap’s
inconsistency problem in a number of cases; see Shao and Tu (1995) for
proofs and details on all of the theoremsin this section.

Theorem 29.10 Let Xy, Xy, ... beiid F, where F isaCDFonRY,d > 1.
Suppose 1 = Eg(X1) and X = covg(Xy) exist, and suppose 2, is positive
definite. Let g : RY — R be such that vg(u) = 0 and the Hessian matrix
v2g(u) is not the zero matrix. Let T, = n(g(X,) — g(u)) and T;, =
m(g(xm*)_g(xn)) and dgﬁne Hn(X) = I:)F{Tn =< X} and HBoot,m,n(X) =
P{T:, < x}. Here X" denotes the mean of an iid sample of size
m = m(n) from F,, wherem — oo withn.

(@) If m = o(n), then K (Hgooum.n. Hn) = O.
(B) If M = 0(, g bgn)» then K (Heootm.n. Ha) 55 0.

Theorem 29.11 Let X4, X5, ... beiid F, where F is a CDF on R. For
0 <p<1let& = Fp). Suppose F has finite and positive left
and right derivatives f(£,+), f(5,—) and that f(£,+) # f(§,—). Let
Tn = VN(F 1 (p) — &) and Ty, = m(Fi~*(p) — Fy(p)), and define
Hn(x) = Pe{Ty < x}and Heooma(X) = P{Ts, < x}. Here, F+~*(p)
denotes the pth quantile of an iid sample of sizem from F,.

(@ If m = o(n), then K (Hgoot m.n, H) = O.
(D) If M = 0(, g bgn)» then K (Heoom.n. Ha) 25 0.

Theorem 29.12 Suppose F isa CDF on R, and let X4, X5, ... beiid F.
Suppose & = 6(F) issuch that F() = 1 and F(x) < 1foradl x < 6.
Suppose, for some § > 0, Pe {n¥%(0 — X)) > x} — e~/ v x.
Let T, = n'’(0 — X)) and Ty = mY*(Xm) — X{), and define
Hn(x) = Pe{Ty < x} and  Haootm,n(X) = Pu{Ty , < XJ.

(@ 1f m = o(n), then K(Hgoot,m,n, Hn) = 0.
(B) 1f M = 0(;oggn )+ then K (Heootm n, Ha) 0.
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Remark. Clearly an important practical question is the choice of the boot-
strap resample size m. Thisis a difficult question to answer, and no precise
prescriptions that have any sort of general optimality are possible. A rule of
thumb isto takem ~ 2,/n.

29.9 Bootstrap Confidence Intervals

The standard method to find a confidenceinterval for aparameter 6 istofind
a studentized statistic, sometimes called a pivot, say T, = “.“, such that

Th A T, with T having some known CDF G. An equal-tailed confidence
interval for 6, asymptotically correct, is constructed as

O — G Y1 — a/2)6, <6 < 6 — G Ha/2)5n.

Thisagendarequiresthe use of a standard deviation estimate 6, for the stan-
dard deviation of 6, and the knowledge of the function G (x). Furthermore, in
many cases, the limiting CDF G may depend on some unknown parameters,
too, that will haveto be estimated in turn to construct the confidenceinterval.
The bootstrap methodology offers an omnibus, sometimes easy to imple-
ment, and often more accurate method of constructing confidence intervals.
Bootstrap confidence intervals and lower and upper one-sided confidence
limits of various types have been proposed in great generality. Although, as
amatter of methodology, they can be used in an automatic manner, atheoret-
ical evaluation of their performance requires specific structural assumptions.
The theoretical evaluation involves an Edgeworth expansion for the relevant
statistic and an expansion for their quantiles, called Cornish-Fisher expan-
sions. Necessarily, we are limited to the cases where the underlying statistic
admits a known Edgeworth and Cornish-Fisher expansion. The main refer-
ence is Hall (1988), but see also Goetze (1989), Hall and Martin (1989),
Bickel (1992), Konishi (1991), DiCiccio and Efron (1996), and Lee (1999),
of which the article by DiCiccio and Efronisasurvey article and Lee (1999)
discussesm/n bootstrap confidence intervals. There are also confidence in-
tervals based on more general subsampling methods, which work asymptot-
ically under the mildest conditions. These intervals and their extensions to
higher dimensions are discussed in Palitis, Romano, and Wolf (1999).

Over time, various bootstrap confidence limits have been proposed. Gen-
eraly, the evolutionisfrom the algebraically simplest to progressively more
complicated and computer-intensive formulas for the limits. Many of these
limits have, however, now been incorporated into standard statistical soft-
ware. We present below a selection of these different bootstrap confidence
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limits and bounds. Let 6, = (X4, ..., Xn) be a specific estimate of the
underlying parameter of interest 6.

(8 The bootstrap percentile lower bound (BP). Let G(x) = Gn(x) =
Pr{6n < X} bethe exact distribution and let G(x) =P, {9* < x} bethe
bootstrap distribution. The lower 1 — o bootstrap percentile confidence
bound would be G ~*(«), so the reported interval would be [G ~Y(«), 00).
This was present in Efron (1979) itself, but it is seldom used because it
tends to have a significant coverage bias.

(b) Transformation-based bootstrap percentile confidence bound. Suppose
there is a suitable 1-1 transformation ¢ = ¢, of 6, such that Pg{p(6,) —
0(0) < x} = ¥ (x), with ¢ being a known continuous, strictly increas-
ing, and symmetric CDF (e.g., the N (0, 1) CDF). Then atransformation-
based bootstrap percentile lower confidence bound for 6 is¢~(¢n + Z4),
where ¢, = ¢(6,) and z, = ¥ (). Transforming may enhance the
quality of the confidence bound in some problems. But, on the other
hand, it is rare that one can find such a 1-1 transformation with a known

v,
(c) Bootstrap-t (BT). Let t, = “-* where &, is an estimate of the stan-

dard error of 6,, and let t* = 9“ be its bootstrap counterpart. As
usual, let Hpoot(X) = Pty < x} The bootstrap-t lower bound is
0n — Hae (1 — a)dy, and the two-sided BT confidence limits are 6, —
Hoo (1—a1)d, and 6, —Hge (22)dh, Whereas+a, = a, thenominal
confidencelevel.

(d) Bias-corrected bootstrap percentile bound (BC). The derivation of the
BC bound involves quite alot of calculation; see Efron (1981) and Shao
and Tu (1995). The BC lower confidence bound is given by 5. =

G y(zo +2¢~ l(G(en)))] where G is the bootstrap distribution of 6,
¥ isasabove, and z, = ¥ (a).

(e) Hybrid bootstrap confidence bound (BH). Suppose for some determin-

istic sequence {c,}, cn(én — 0) ~ Hy and let Hpoot be the bootstrap
distribution; i.e., the distribution of cn(e* — Gn) under F,. We know that
Pe{ca(bh —0) < Hi'l—a)} =1—oa.
If we knew Hy, then we could turn thisinto a 100(1 — «)% lower confi-
dence bound, 6 > 6, — l H, (1 — «). But H, is, in general, not known,
SO we approximate it by HBoot That is, the hybrld bootstrap lower confi-
dence bound is defined as 6g,, = 6y — & Hgoey(1 — ).

(f) Accelerated bias-corrected bootstrap percentlle bound (BC,). The ordi-
nary bias-corrected bootstrap bound is based on the assumption that we
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can find zg = zo(F, n) and v (for known v) such that

Pe{@n — ¢ + 20 < X} = ¥ (X).

The accelerated bias-corrected bound comes from the modified assump-

tion that there exists a constant a = a(F, n) such that Pp{fgi + 20 <

x} = ¥ (x). In applications, it is rare that even this modification holds
exactly for any given F and n. Manipulation of this probability statement

results in a lower bound, 05, = G~1 (w (zo + l_za“(jz_"z())», where

Zo = ¥~ («), a isthe acceleration parameter, and G is as before. We re-
peat that, of these, zo and a both depend on F and n. They will haveto be
estimated. Moreover, the CDF y will generally haveto be replaced by an
asymptotic version; e.g., an asymptotic normal CDF of (¢, —¢)/(1+ag).
The exact manner in which zp and a depend on F and n is afunction of
the specific problem. For example, suppose that the problem to begin
with is a parametric problem, F = F,. In such acase, o = zo(¢, n) and
a = a(0, n). The exact form of zo(@, n) and a(@, n) depends on Fy, 6y,
and ¢.

Remark. Asregards computational simplicity, BP, BT, and BH are the sim-
plest to apply; BC and BC, are harder to apply and, in addition, are based
on assumptions that will rarely hold exactly for finite n. Furthermore, BC,
involves estimation of a very problem-specific acceleration constant a. The
bootstrap-t intervals are popular in practice, provided an estimate ¢, isread-
ily available. The BP method usually suffers from alarge bias in coverage
and is seldom used.

Remark. If the model is parametric, F = F4, and 6, isthe MLE, then one
can show the following general and useful formula: a = zg = éxskewness
coefficient of £(9), where £(9) isthe scorefunction, £(6) = & log f (x4, . ..,
Xn|0). This expression allows for estimation of a and zg by plug-in esti-
mates. Nonparametric estimates of a and zy have also been suggested; see
Efron (1987) and Loh and Wu (1987).

We now state the theoretical coverage properties of the various one-sided
bounds and two-sided intervals.

Definition29.3 Let 0 < o < land I, = I14(Xy, ..., X,) be a confi-
dence set for the functional 6(F™), where F(™ is the joint distribution of
(X1, ..., Xp). Then 1, is called kth-order accurate if Pgw {1, > 6(F™)} =
1—a+ 0 +?).
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The theoretical coverage properties below are derived by using Edge-
worth expansions as well as Cornish-Fisher expansions for the underlying
estimate 6,. If X1, Xp, ... areiid FonRY, 1 < d < oo, andif 6 = ¢(u),
6 = ¢(X), for asufficiently smooth map ¢ : R? — R, then such Edgeworth
and Cornish-Fisher expansions are available. In the results below, it is as-
sumed that 6 and 6 are the images of x and X, respectively, under such a
smooth mapping ¢. See Hall (1988) for the exact details.

Theorem 29.13 The CLT, BP, BH and BC one-sided confidence bounds are
first-order accurate. The BT and BC, one-sided bounds are second-order
accurate. The CLT, BP, BH, BT, and BC, two-sided intervals are all second-
order accurate.

Remark. For two-sided intervals, the higher-order accuracy result is ex-
pected because the coverage bias for the two tails cancels in the n=%/2 term,
as can be seen from the Edgeworth expansion. The striking part of the result
isthat the BT and BC, can achieve higher-order accuracy evenfor one-sided
bounds.

The second-order accuracy of the BT lower bound is driven by an Edge-
worth expansionfor H, and an analogousonefor Hgqt. One caninvert these
expansionsfor the CDFsto get expansionsfor their quantiles; i.e., to obtain
Cornish-Fisher expansions. Under suitable conditionson F, H;* and Hg -,
admit expansions of the forms

Qu(zt, F) n q12(z¢, F) Yo (1)

Hy '(t) = 20 + n 0 N

and

_ qu1(ze, Fn)  012(zt, Fn) 1
o) = -+ 0 1) B F) o (1) s

where gu1(-, F) and qs2(:, F) are polynomials with coefficients that depend
on the moments of F. The exact polynomials depend on what the statistic 6,

is. For example, if 6, = X and 6 = \/nil Y (Xi — X)?, then qui(x, F) =
—5(1424), Grp = X[ = 0,9 4 T, (@x? — 1)], wherey = E¢ ¥4
andx = Ef*7/9" — 3. Foragivent, 0 <t < 1, on subtraction,

Hl(t) — Hak(t) = ;n [Gua(ze, F) — Guaze, Fo)l

+r::[Q12(Zt, F) —012(zt, Fa)l +0 (r::) (as)



482 29 The Bootstrap

= 0% (o) 70 () o o) 09

()

The actual confidence bounds obtained from Hy, Hgoot are 0 = O —

A

6o H Y1 — &) and Oy = 6 — 6y Hgey(1 — ). On subtraction,

1 .
64, — g7l = 620y (n) WY o, (n3).

Thus, the bootstrap-t lower bound is approximating the idealized lower
bound with third-order accuracy. In addition, it can be shown that P(0 >
Ogr) = 1 — a + PE@) 4 o (1) where p(-) is again a polynomial de-
pending on the specific statistic and F. For the case of X, as an example,
p(x) = X(L+ 2x?)(k — 3y?). Notice the second-order accuracy in this cov-
erage statement in spite of the fact that the confidence bound is one sided.
Again, see Hall (1988) for full details.

29.10 Some Numerical Examples

How accurate are the bootstrap confidence intervals in practice? Only case-
by-case numerical investigation can give an answer to that question. We
report in the following table results of simulation averages of coverage and
length in two problems. The samplesizein each caseisn = 20, in each case
B = 200, the simulation size is 500, and the nominal coveragel — o = .9.

0(F) Typeof CI F
N(0,2) t(5) Weibull
coverage length coverage length coverage length
u  Regulart 9 076 .91 18 .75 2.8

BP 91 071 .84 17 73 2.6
BT 92 0.77 .83 2.7 .83 55
a? BP .79  0.86 .68 11 .65 13
BT .88 15 .85 3.2 .83 55

From the table, the bootstrap-t interval seemsto buy more accuracy (i.e.,
a smaller bias in coverage) with a larger length than the BP interval. But
the BP interval has such a serious bias in coverage that the bootstrap-t may
be preferable. To kill the bias, modifications of the BP method have been
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suggested, such as the bias-corrected BP and the accel erated bias-corrected
BP intervals. Extensive numerical comparisons are reported in Shao and
Tu (1995).

29.11 Bootstrap Confidence Intervalsfor Quantiles

Another interesting problem isthe estimation of quantiles of aCDF F on R.
We know, for example, that if X1, X5, ... areiid F,if 0 < p < 1, and if
f = F’ exists and is strictly positive at &, = F~(p), then /n(F;*(p) —

&p) N N (O, p(1 — p)[ f(&p)]~?). So, astandard CLT-based interval is

Fripy 2 2. VPO P)
Vo f(g)
where ﬁé\p) is some estimate of the unknown f = F’ at the unknown &,.
For a bootstrap interval, let H, be the CDF of /n(F~*(p) — &) and
Hgoot its bootstrap counterpart. Using the terminology from before, a hybrid
bootstrap two-sided confidence interval for &, is

[F '(P) — Haoun(L — $)/+/n, Fy{(P) — Hage()/4/0] -

It turns out that this interval is not only asymptotically correct but also
comes with a surprising asymptotic accuracy. The main references are Hall,
DiCiccio, and Romano (1989) and Falk and Kaufman (1991).

Theorem 29.14 Let X1, X,, ... beiidand F aCDFonR.For0 < p < 1,
let £, = F~X(p), and suppose 0 < f(&,) = F/(§,) < oo. If I, is the
two-sided hybrid bootstrap interval, then Pe{l, > £,} = 1 — o + O(n~Y3).

Remark. Actually, the best result availableis stronger and saysthat Pe{l, >

£} =1—a+ °(F\’/‘f{p) + o(n~%2), where c(F, «, p) has an explicit but

complicated formula. That the bias of the hybrid interval is O(n=%/?) isstill
a surprise in view of the fact that the bootstrap distribution of F;(p) is
consistent at avery slow rate; see Singh (1981).

29.12 Bootstrap in Regression

Regression models are among the key ones that differ from the iid setup
and are also among the most widely used. Bootstrap for regression cannot
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be model-free; the particular choice of the bootstrap scheme depends on
whether the errors are iid or not. We will only talk about the linear model
with deterministic X and iid errors. Additional moment conditions will be
necessary depending on the specific problem to which the bootstrap will
be applied. The results here are available in Freedman (1981). First let us
introduce some notation.

Model: yi = B'%; + ¢, where g isa p x 1 vector and soisx;, and ¢; are
iid with mean 0 and variance 6? < oo.

X isthen x p design matrix withith row equal tox/; H = X(X'X)~1X’
andh; = H;; = X{(X/X)_lxi.

B = BLs = (X’X)"1X’y is the least squares estimate of 8, where
y = (Y, ---, Yn) and (X’ X)~! is assumed to be nonsingular.

The bootstrap scheme is defined below.

29.13 Residual Bootstrap

Letey, ey, --- , e, denote the residuals obtained from fitting the model (i.e.,
ei = Vi — X{B); e = 0if xj = (L, Xj1, - -+ , Xj,p—1)" but not otherwise. Define
& = e —e,andlete], -, e be asample with replacement of size n
from {&;, --- ,&}). Lety’ = X{B + ¢ and let 8* be the LSE of g computed
from (xi, y;), i = 1,---,n. Thisis the bootstrapped version of B, and the
schemeis called the residual bootstrap (RB).

Remark. The more direct approach of resampling the pairs (x;, y;) isknown
asthe paired bootstrap and is necessary when the errors are not iid; for exam-
ple, the case where the errors are still independent but their variances depend
on the corresponding covariate values (called the heteroscedastic case). In
such a case, the residual bootstrap scheme would not work.

By simple matrix algebra, it can be shown that

E.(8") = B,
cov,(B*) = 62(X'X)H,

where 52 = (1/n) >, (ei — €)% Notethat E(6%) < o'. So on average the
bootstrap covariance matrix estimate will somewhat underestimate cov(g).
However, cov,(8*) is still consistent under some mild conditions. See Shao
and Tu (1995) or Freedman (1981) for the following resuilt.
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Theorem 29.15 Suppose [X'X| — oo and max;<j<p hj — 0asn — oo.
Then [cov..(B*)] 1cov(B) = 1pxp almost surely.

Example 29.9 The only question is, when do the conditions | X'X| — oo,
maXi<i<n hi — 0 hold? As an example, take the basic regression model
Yi = Bo+ BiXi + € with one covariate. Then, |X'X| = n Y, (x; — x)? and
hi = () x? —2xi 225 x5 +nx{)/(n 35 (xj — X)?).

4n maxj x? 4max; x*

NSy =R T Y0 — X

Therefore, for the theorem to apply, it is enough to have max|x;|/

VI(X) —X)2 — 0andn Y (xi — X)? — oo.

29.14 Confidence Intervals

We present some results on bootstrap confidence intervals for alinear com-
bination & = c¢’By, where g’ = (Bo, By); i.€., there is an intercept term in
the model. Correspondingly, x; = (1, t). The confidence interval for 6 or
confidence bounds (lower or upper) are going to be in terms of the studen-
tized version of the LSE of 6, namely 6 = ¢ ﬁl Infact, B, = Si:tSty, where
Sit = D (ti — )t —t) and Sy = Y (6 — t)(yI —Vy)'. The bootstrapped
version of 0iso* =c 'Bi, where ¥ = (ﬁo, B3 ") asbefore. Sincethevariance
of 6 is %Sy ¢, the bootstrapped version of the studentized  is

6" — 0
\/Z(y. X{B*)2c'Sy

The bootstrap distribution is defined as Hgoot(X) = P. (6 < X). For given«,
let Hgoy(cr) be the arth quantile of Hgoor. We consider the bootstrap-t (BT)
confidence bounds and intervals for 6. They are obtained as

6’(E(;[T) =0 — Hag(1 - 0‘)\/520’&?10,
5) = b — Mgky(e)y/32Site,
and theintervals 6, g7 = 6£/% and 6y g7 = 65/2.

There are some remarkabl e results on the accuracy in coverage of the BT
one-sided bounds and confidence intervals. We state one key result below.



486 29 The Bootstrap

Theorem 29.16 (a) P(0 > 0g7) = (1 — ) + O(n~¥/?2).
(b) P(6 < 6s1) = (L— ) + O(n~%2).
©POLeT<0<6upT)=1—0a)+ O(n*Z).

These results are derived in Hall (1989).

Remark. It is remarkable that one already gets third-order accuracy for the
one-sided confidence bounds and fourth-order accuracy for the two-sided
bounds. There seemsto be no intuitive explanation for this phenomenon. It
just happensthat certain terms cancel in the Cornish-Fisher expansions used
in the proof for the regression case.

29.15 Distribution Estimatesin Regression

The residual bootstrap is also consistent for estimating the distribution of
the least squares estimate g of the full vector 8. The metric chosen is the
Mallows-Wasserstein metric we used earlier for sample means of iid data.
See Freedman (1981) for the result below. We first state the model and the
required assumptions below.

Lety; = X{8+¢i, wherex; isthe p-vector of covariatesfor theith sample
unit. Write the design matrix as X,. We assume that the ¢;’s are iid with
mean 0 and variance o2 < oo and that {X,} is a sequence of nonstochastic
matrices. We assumethat, for every n (n > p), X} X, ispositive definite. Let
hi = x/(X’X)"1x; and let hma = max{h;}. We assume, for the consistency
theorem below, that:

(C1) Stability: ,fx,qxn — V,whereV isap x p positive definite matrix.
(C2) Uniform asymptotic negligibility: hya — O.

Under these conditions, we have the following theorem of Freedman (1981)
for RB.

Theorem 29.17 Under conditions C1 and C2 above, we have the follow-
ing:

(@ Vn(B — B) S Np(0, 02V ).

(b) For amost all {&; : i > 1}, ¥/n(8* — B) = Np(0. 02V ).

© LX) Xa)YH(B — B) S Ny(0. 1)

(d) For almost all {s; : i > 1}, 1(X,Xn)Y2(8* — B) = Np(O, I).
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(e) If Hn and Haoo are the true and bootstrap distributions of Jn(B - B)
and /n(B* — B), respectively, then for admost al {s; : i > 1}, £,
(Hn, HBoot) — 0.

Remark. Thistheorem gives a complete picture of the consistency issue for
the case of a nonstochastic design matrix and iid errors using the residual
bootstrap. If the errors are iid but the design matrices are random, the same
results hold as long as the conditions of stability and uniform asymptotic
negligibility stated earlier hold with probability 1. See Shao and Tu (1995)
for the case of independent but not iid errors (for example, the heteroscedas-
tic case).

29.16 Bootstrap for Dependent Data

The orthodox bootstrap does not work when the sample observations are
dependent. This was already pointed out in Singh (1981). It took some time
before consistent bootstrap schemes were offered for dependent data. There
are consistent schemes that are meant for specific dependence structures
(e.g., stationary autoregression of aknown order) and aso general bootstrap
schemes that work for large classes of stationary time series without requir-
ing any particular dependence structure. The model-based schemes are bet-
ter for the specific models but can completely fall apart if some assumption
about the specific model does not hold.

We start with examples of some standard short-range dependence time
series models. As opposed to these models, there are some that have along
memory or long-range dependence. The bootstrap runs into problems for
long-memory data; see Lahiri (2006).

Standard time series models for short-range dependent processes in-
clude:

(a) Autoregressive processes. The observations y; are assumed to satisfy

Vi =+ 0Yi-1+02Yi2+ ... OpYip + &,
where 1 < p < oo and the ¢’s are iid white noise with mean 0 and
variance o2 < oo. The {y;} process is stationary if the solutions of the
polynomial equation

146124 62°+...+6,2° =0
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lie strictly outside the unit circle in the complex plane. This processis
called autoregression of order p and is denoted by AR(p).

(b) Moving average processes. Given a white noise process {&;} with mean
0 and variance o? < oo, the observations are assumed to satisfy

Yt = W+ &t — Q18t-1 — P26t-2 — ... — Pgt—q>
wherel < q < oo. The process {y;} is stationary if the roots of
1—(p12—(p222—...—(pqzq =0

lie strictly outside the unit circle. This processis called amoving average
process of order q and is denoted by MA(q).

(c) Autoregressive moving average processes. This combines the two previ-
ously mentioned models. The observations are assumed to satisfy

Ye =@+ 01Yt-1+...0pYt—p+ & — @181 — ... — Pqét_q-

The process {y;} is called an autoregressive moving average process of
order (p, q) and is denoted by ARMA(p, q).

For all of these processes, the autocorrelation sequence dies off quickly;
in particular, if py isthe autocorrelation of lag k, then )", o] < oo.

29.17 Consistent Bootstrap for Stationary Autoregression

A version of the residual bootstrap (RB) was offered in Bose (1988) and
shown to be consistent and even higher-order accurate for the least squares
estimate (LSE) of the vector of regression coefficients in the stationary
AR(p) case. For ease of presentation, we assume u = Oando = 1. In
thiscase, theLSE of 0 = (61, ..., 0p) isdefinedas6 = argming Y 7_; [yi—
Zf’zl 0 yt,j]z, whereyi_p, ....Yo, Y1 . . ., Yn iSthe observed data sequence.
Thereis a closed-form expression of 6; specifically, 8 = Syt (> 1y YiVe-1,
Zt:zl YtYi-2, .- -, Ztnzl Ytytfp)v where Sp, = ((S|I"|Jn))pxp and S =
D te1 Ye-iYi—j. Letox = cov(yi, yiqk) and let

oo o1 ... 0p-1
o1 oo ... 0p-2

3=,

Gp_l Up_z . e GO
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Assume %, is positive definite. It is known that under this condition
JNE72(6—0) £ N(0, 1). Sowemay expect that with asuitable bootstrap
scheme /n3 Y2 (9* — ) convergesas. inlaw to N (0, 1). Here S denotes
the sample autocovariance matrix. We now describe the bootstrap scheme
given in Bose (1988).

Letyi = Y0, 0jyi_j and let the residuals be &; = y; — ;. To obtain
the bootstrap data, define {yf_zp, y;_zp, e yfp} = {Y1-p, Yo—p. - - - -Yo}-
Obtain bootstrap residuals by taking a random sample with replacement
from {e; — e}. Then obtain the “starred” data by using the equation y; =

f’zléj yi_j +ef. Then 0™ isthe L SE obtained by using {y;'}. Bose (1988)
proves the following result.

Theorem 29.18 Assume that ¢; has a density with respect to Lebesgue
measure and that E(¢5) < oo. If Hy(x) = P{/n2 Y26 —6) < x} and
HBoot(X) = P*{«/nzil/z(e* - é) < x}, then Hh — Hpootlloo = O(nil/z),
almost surely.

Remark. Thiswasthefirst result on higher-order accuracy of asuitableform
of the bootstrap for dependent data. One possible criticism of the otherwise
important result is that it assumes a specific dependence structure and that it
assumes the order p is known. More flexible consistent bootstrap schemes
involve some form of block resampling, which we describe next.

29.18 Block Bootstrap Methods

The basic idea of the block bootstrap method isthat if the underlying series
is a stationary process with short-range dependence, then blocks of obser-
vations of suitable lengths should be approximately independent and the
joint distribution of the variables in different blocks would be (about) the
same due to stationarity. So, if we resample blocks of observations rather
than observations one at atime, then that should bring us back to the nearly
iid situation, a situation in which the bootstrap is known to succeed. The
block bootstrap was first suggested in Carlstein (1986) and Kiinsch (1989).
Various block bootstrap schemes are now available. We only present three
such schemes, for which the block length is nonrandom. A small problem
with some of the blocking schemes is that the “starred” time series is not
stationary, although the original seriesis, by hypothesis, stationary. A ver-
sion of the block bootstrap that resamples blocks of random length allows
the “starred” series to be provably stationary. This is called the stationary
bootstrap, proposed in Politis and Romano (1994), and Politis, Romano,
and Wolf (1999). However, later theoretical studies have established that
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the auxiliary randomization to determine the block lengths can make the
stationary bootstrap less accurate. For this reason, we only discuss three
blocking methods with nonrandom block lengths.

(a) Nonoverlapping block bootstrap (NBB). In this scheme, one splits the
observed series {y1, ..., Yn} into nonoverlapping blocks

Bl:{yl7""yh}7 BZZ{Yh—&-l’---’yZh},---,
Bm = {y(mfl)h+l’ LRI Ymh}»

where it is assumed that n = mh. The common block length is h.
One then resamples B}, B3, ..., B at random, with replacement, from
{B1, ..., Bn}. Finally, the B;*'s are pasted together to obtain the “ starred”
seriesy;, ..., y;.

(b) Moving block bootstrap (MBB). In this scheme, the blocks are

B].: {yl’---,Yh}, 82: {YZ’---’yh-i—l},---, BN = {yn—h+1,---,Yn},

whereN = n—h+1. Onethenresamples B}, ..., By from By, ..., By,
where still n = mh.

(c) Circular block bootstrap (CBB). In this scheme, one periodically extends
the observed seriesas y1, Y2, ..., ¥n, Y1, Y2, - - -» Yn, - . .. SUppOSE WeE let
zi bethe membersof thisnew series,i = 1, 2, .. .. The blocks are defined
as

Bi={z1,....2n}, B2={zhs1,.... 20}, ... Ba = {zn, ..., Znn-a)-
Onethenresamples B, ..., B from By, ..., B,.

Next we give some theoretical properties of the three block bootstrap
methods described above. The results below are due to Lahiri (1999).

Suppose {y; : —oo < i < oo} isad-dimensional stationary processwith
afinite mean v and spectral density f. Leth : RY — R* be a sufficiently
smooth function. Let & = h(u) and 6, = h(y,), where y, is the mean of the
realized series. We propose to use the block bootstrap schemes to estimate
the bias and variance of 6,. Precisely, let b, = E (6, — ) bethe bias and let

Var(en) be the variance. We use the block bootstrap-based estimates

of b, and 0.2 , denoted by b, and o2, respectively.

Next, Iet Tn = en —60 =h(y,)— h(u) andlet T = h(y})—h(E.,y;). The
estimates b, and 02 aredefinedasb, = E,T* and 02 Var, (T ). Thenthe
following asymptotic expansions hold; see Lah|r| (1999).
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Theorem 29.19 Leth : RY — R? be a sufficiently smooth function.

(a) For each of the NBB, MBB, and CBB, there existsc; = ¢4( f) such that

A~

Eb, = by + ;; +o((h) ™, n— oo.

(b) For the NBB, there exists ¢, = ¢,( f) such that

2 2Czh

Var(b,) = > +o(hn%), n— oo,

and for the MBB and CBB,

4 2C2h

+ohn™®), n— .

(c) For each of NBB, MBB, and CBB, there exists c3 = c3(f) such that
E(02) =02+ & +o((nh)™), n — oco.

(d) For NBB, there exists c4 = cq(f) such that Var(o?) = 275 +
o(hn=3), n — oo, and for the MBB and CBB, Var(o2) = “T%" +
o(hn=3), n — oo.

These expansions are used in the next section.

29.19 Optimal Block Length

The asymptotic expansions for the bias and variance of the block boot-
strap estimates, given in Theorem 29.19, can be combined to produce M SE-
optimal block lengths. For example, for estimating b, by by, theleading term
in the expansion for the MSE is

47%coh  cf
meh) = 3n3 +n2h2'

To minimize m(-), we solvem’(h) = 0to get

2 1/3
hopt = 301 nl/s.
P 27T2C2



492 29 The Bootstrap

Similarly, an MSE-optimal block length can be derived for estimating o2

by cfn2. We state the following optimal block-length result of Lahiri (1999)
below.

Theorem 29.20 For the MBB and the CBB, the M SE-optimal block length
for estimating b, by b, satisfies

302 1/3
hopt = ! n3(1+ o(1
opt (27T202> ( + ( ))’

and the M SE-optimal block length for estimating o2 by o:n2 satisfies

32 \'*
3 1/3
hopt = (2 2c4> n(1 4+ o(1)).

Remark. Recall that the constants c¢; depend on the spectral density f of
the process. So, the optimal block lengths cannot be used directly. Plug-
in estimates for the ¢; may be substituted, or the formulas can be used
to try block lengths proportional to n%/3 with flexible proportionality con-
stants. There are also other methods in the literature on selection of block
lengths, see Hall, Horowitz, and Jing (1995) and Palitis and White
(2004).

29.20 Exercises

Exercise29.1 For n = 10, 20, 50, take a random sample from an N (0, 1)
distribution and bootstrap the sample mean X using abootstrap Monte Carlo
size B = 200. Construct a histogram and superimpose on it the exact density
of X. Compare the two.

Exercise29.2 For n = 5, 25, 50, take a random sample from an Exp(1)
density and bootstrap the sample mean X using a bootstrap Monte Carlo size
B = 200. Construct a histogram and superimpose on it the exact density of
X and the CLT approximation. Compare the two and discussif the bootstrap
is doing something that the CLT answer does not.

Exercise 29.3 * By using combinatorial coefficient matching cleverly, de-
rive aformulafor the number of distinct orthodox bootstrap samples with a
general value of n.
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Exercise 29.4 * For which, if any, of the sample mean, the sample median,
and the sample variance is it possible to explicitly obtain the bootstrap dis-
tribution Hgoot(X)?

Exercise29.5 * For n = 3, write an expression for the exact Kolmogorov
distance between H, and Hgqot When the statisticis X and F = N(0, 1).

Exercise29.6 For n = 5, 25, 50, take a random sample from an Exp(1)
density and bootstrap the sample mean X using a bootstrap Monte Carlo
size B = 200 using both the canonical bootstrap and the natural parametric
bootstrap. Construct the corresponding histograms and superimpose them
on the exact density. |s the parametric bootstrap more accurate?

Exercise 29.7 * Prove that under appropriate moment conditions, the boot-
strap is consistent for the sample correlation coefficient r between two
jointly distributed variables X, Y.

Exercise 29.8 * Give examples of three statistics for which the condition in
the rule of thumb on second-order accuracy of the bootstrap does not hold.

Exercise 29.9 * By gradually increasing the value of n, numerically approx-
imate the constant ¢ in the limit theorem for the Kolmogorov distancefor the
Poisson(1) case (see the text for the definition of ¢).

Exercise 29.10 * For samples from a uniform distribution, is the bootstrap
consistent for the second-largest order statistic? Prove your assertion.

Exercise29.11 For n = 5, 25, 50, take a random sample from an Exp(1)
density and compute the bootstrap-t, bootstrap percentile, and the usual t
95% lower confidence bounds on the population mean. Use B = 300. Com-
pare them meaningfully.

Exercise 29.12 * Give an example of:

(a) adensity such that the bootstrap is not consistent for the median;
(b) adensity such that the bootstrap is not consistent for the mean;

(c) adensity such that the bootstrap is consistent but not second-order accu-
rate for the mean.

Exercise 29.13 For simulated independent samples from the U[O0, 6) den-
sity, let T, = n(@ — Xn)). For n = 20, 40, 60, numerically approximate
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K (Hgoot.m.n» Hn) with varying choices of m and investigate the choice of an
optimal m.

Exercise 29.14 * Suppose (X, Y;) are iid samples from a bivariate normal
distribution. Simulate n = 25 observationstaking p = .5, and compute:

(a) the usual 95% confidenceinterval;

(b) the interval based on the variance stabilizing transformation (Fisher's z)
(see Chapter 4);

(c) the bootstrap percentile interval;

(d) the bootstrap hybrid percentile interval;

(e) the bootstrap-t interval with ¢, asthe usual estimate;

(f) the accelerated bias-corrected bootstrap interval using ¢ as Fisher's z,
Zp = an (the choice coming from theory), and three different values of
a near zero.
Discuss your findings.

Exercise29.15 * In which of the following cases are the results in
Hall (1988) not applicable and why?

(a) estimating the 80th percentile of adensity on R;

(b) estimating the variance of a Gamma density with known scale and un-
known shape parameter;

(c) estimating 6 inthe U [0, 6] density;

(d) estimating P (X > 0) in alocation-parameter Cauchy density;

(e) estimating the variance of the t-statistic for Weibull data;

(f) estimating abinomial success probability.

Exercise 29.16 Using simulated data, compute a standard CLT-based 95%
confidenceinterval and the hybrid bootstrap interval for the 90th percentile
of a (i) standard Cauchy distribution and (ii) a Gamma distribution with
scale parameter 1 and shape parameter 3. Compare them and comment. Use
n = 20, 40.

Exercise 29.17 * Are the centers of the CLT-based interval and the hybrid
bootstrap interval for a population quantile always the same? Sometimes the
same?
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Exercise 29.18 * Simulate a series of length 50 from a stationary AR(p)
process with p = 2 and then obtain the starred series by using the scheme
in Bose (1988).

Exercise29.19 * For the simulated datain Exercise 29.18, obtain the actual
blocksin the NBB and the MBB schemeswith h = 5. Hence, generate the
starred series by pasting the resampled blocks.

Exercise 29.20 For n = 25, take a random sample from a bivariate normal
distribution with zero means, unit variances, and correlation .6. Implement
the residual bootstrap using B = 150. Compute a bootstrap estimate of
the variance of the L SE of the regression slope parameter. Comment on the
accuracy of this estimate.

Exercise 29.21 For n = 25, take a random sample from a bivariate normal
distri-bution with zero means, unit variances, and correlation .6. Implement
the paired bootstrap using B = 150. Compute a bootstrap estimate of the
variance of the L SE of the regression slope parameter. Compare your results
with the preceding exercise.

Exercise 29.22 * Give an example of two design matricesthat do not satisfy
the conditions C1 and C2 in the text.

Exercise 29.23 * Suppose the values of the covariates are x; = |1
i =12, ---,ninasimplelinear regression setup. Prove or disprovethat the
residual bootstrap consistently estimates the distribution of the L SE of the
slope parameter if the errors are (i) iid N (0, o?), (ii) iid t(m, 0, 52), where
m denotes the degree of freedom.

Exercise 29.24 * Suppose X, is the sample mean of an iid sample from a
CDF F with afinite variance and X,,* is the mean of a bootstrap sample.
Consistency of the bootstrap is a statement about the bootstrap distribution,
conditional on the observed data. What can you say about the unconditional
limit distribution of \/n(X," — 1), where 1 isthe mean of F?
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