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ABSTRACT

JUN ZHOU. Several Statistical Results under Multinomial Distribution with Infinite
Categories. (Under the direction of DR. ZHIYI ZHANG)

This dissertation discusses several statistical results under multinomial distribution
with infinite categories. Firstly, the discussion focuses on Simpson’s diversity index and
Turing’s formula. We established an unbiased estimate for the newly proposed Generalized
Simpson’s indices and the associated asymptotic properties and showed that the parameters
of a multinomial distribution may be re-parameterized as a set of Generalized Simpson’s di-
versity indices. Secondly, two-dimensional asymptotic normality of a non-parametric sample
coverage estimate based on Turing’s formulae was derived under a fixed underlying probabil-
ity distribution {pg; k = 1,2, -- } where all p > 0. Thirdly, the dissertation also establishes
a previously unknown sufficient condition for the second order Turing’s formula. The newly
derived asymptotic results based on Turing’s formula paves a possible way to establish a

new estimating approach for Hill’s tail probability model.
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CHAPTER 1: GENERALIZED SIMPSON’S DIVERSITY INDEX

1.1 Introduction

Simpson’s diversity index is a measure of diversity. In ecology, it is often used to
quantify the biodiversity of a habitat. It takes into account the number of species present,
as well as the abundance of each species.

Consider a multinomial probability distribution with infinite categories indexed by a
positive integer s, i.e., {ps} = {ps; s = 1,2,...} where p; may be viewed as the proportion
of s' species in a population. Simpson (1949) defined a biodiversity index \ = 2;9:1 p? for

a population with a finite number of species S, which has an equivalent form

s
Gi=1-XA=) pu (1)
s=1

where g5 = 1 —ps. (1,1 assumes a value in [0, 1) with a higher level of ¢ ; indicating a more
diverse population, and is widely used across many fields of study.

Simpson’s biodiversity index can be naturally and beneficially generalized in two di-
rections. First, the dimension of the underlying multinomial distribution may be extended

to infinity. Second, (1,1 may be considered as a special member of the following family:

Cu,v = Zpgqg (2)

where u > 1 and v > 0 are two arbitrarily fixed integers, > = > s>1 as will be observed in
subsequent text of this chapter unless otherwise specified. (2) may be viewed as a weighted
version of (1), e.g., (12 loads higher weight on minor species (those with smaller p,’s), and
(2,1 loads higher weight on major species (those with larger p,’s), etc.

In the literature of biodiversity, there exists a vast collection of indices. While all are
designed to measure species richness in a population, these indices can roughly be classified

into two main categories: 1) the unknown number of species S with non-zero probabilities
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in the population; and 2) the distributional evenness of the species. The methodological
discussions on indices in the first category seem to rely on various additional parametric
structures of a prior distribution. Many important references can be found in Wang and
Lindsay (2005) among others. One of the key elements of estimating indices of this type
is the sample coverage which has many intriguing properties. Interested readers may refer
to Good (1953) for an introduction, and Robbins (1968), Esty (1983), Zhang and Huang
(2007), Zhang and Huang (2008) and Zhang and Zhang (2009) for its statistical properties.
In the second category, many different diversity indices have been proposed. Among the
most discussed are Simpson’s index A = 3 p2, Shannon’s index § = — 3" p, In(ps), and the
Rényi-Hill index N, = (3 p2) (=) for a > 0 proposed by Rényi (1961) and generalized
by Hill (1973). All these indices are defined only for populations with finite number of
species. There are a few functional relationships among these and other indices. For ex-
ample, A = 1/N, and 6 = lim,—,; In(N,). For a comprehensive discussion on the various
relationships among the indices, one may refer to Rennolls and Laumonier (2006). Among
the three indices mentioned above, only Simpson’s index may easily be extended to the
case of populations with infinite number of species with guaranteed convergence under un-
restricted {ps} while the series in the other two indices may diverge for some vector values
of {ps}.

However the focus on (. in this paper is not only motivated by the fact that the
generalization of Simpson’s biodiversity index is natural both in extending the dimension
of the underlying multinomial distribution from finite to infinite and in adopting weighting
schemes on the population species. It is also motivated by the existence of a class of well-
behaving estimators. While many diversity indices have been proposed in the ecological
literature, surprisingly little is known about the associated estimators in terms of their
statistical properties. The general approach to the estimation problem seems to be simply
replacing the population proportions in the indices with the sample proportions ps;. The
nonlinearity of the functions seems to, not surprisingly, cause a common but serious problem
in bias. Most of the proposed methodologies adopt some form of adjustment aiming at
reducing the bias by various techniques. As a result, the adjusted estimators become more

complex in form and their corresponding distributional characteristics become less tractable.
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In most of the applications, techniques such as jackknife and bootstrap are the norm, for an
example, see Fritsch and Hsu (1999). Even in the case of Simpson’s index (1, no convincing
asymptotic distributional characteristics were derived except in some naive approach (the
replicate approach) in which the iid sample of size rn is arbitrarily split into r iid sub-
samples of size n. The asymptotic normality was then achieved by allowing n to increase
to infinity. A description of the “replicate approach” may be found in Magurran (1988) or
Rogers and Hsu (2001).

In the next section, it is shown that the two parameterizations, {ps} and {(,.}, are
equivalent up to a permutation on the index set {s}. In Section 3, for each fixed pair of
integers v > 1 and v > 0, an unbiased estimator of ¢, , is proposed, and its asymptotic
normality is established for all {ps} when {ps} contains infinitely many species with positive
probabilities and for all non-uniform {ps} when {p;} contains finitely many species with
positive probabilities. It is also established that in the special case of S being finite, known
or unknown, the proposed estimator is uniformly minimum variance unbiased (umvu) for all
{ps} and asymptotically efficient for all non-uniform {ps}. In Section 4, results of several
simulation studies are reported to assess the adequacy of the asymptotic normality for

various sample size n.

1.2 Re-parameterization

Let P be the parameter space where {ps} resides. Let O be a mapping that maps each
{ps} € P C R™ to a non-increasingly ordered array {ps} € R>®. Let P’ = O(P). For each

{ps} € P’ and each positive integer u > 1, let ¢, = Gu({ps}) = D p¥ and {¢u} = {Cu;u > 1}.

Consider the mapping from P’ to Z' = M (P’) C R*>:

M : {ps} — {Cu}- (3)

Theorem 1. M in (3) is injective.

Proof. For every {ps} € P’, M({ps}) is unique. It suffices to show that, for every {¢,} € Z/,

M~1({¢,}) is unique. Suppose that there existed two sequences, {ps} and {gs}, in P’
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satisfying > p¥% = > q¥ for all u > 1. Let sg = min{s;ps # ¢s}. If sop does not exist, then

{ps} = {gqs}. If sy existed, then

dopt=> g (4)

$>50 $>50

for all w > 1. It can be easily shown that

. ps : a5
lgrp:hm@<oo and lgrq:hm@<oo (5)
U—00 D, u—o s

where r, and r,; are multiplicities of ps’s with the same value as p,, and of ¢,’s with the

same value as g5, respectively. But by (4),

25250 pg o 25250 qg (qSO)u

B Dso

U u
pSO qSO

(6)

the right side of (6) approaches 0 or co as u — oo if ps, # gs,, Which contradicts (5).
Therefore sp does not exist and {ps} = {gs}.

It is to be noted that the monotonicity condition on {ps} cannot be further relaxed.
This is because {(,} is invariant under any permutation of the index set {s} and {ps} is not.
The one-to-one correspondence between P’ and Z’ via M is and can only be established
under the monotonicity condition.

Theorem 1 has an intriguing implication: the complete knowledge of {ps} up to a
permutation and the complete knowledge of {(,} are equivalent. On the other hand, letting
Z = {Cuuv;u > 1,v > 0}, each member of Z is a linear combination of finite members
of Z'. Therefore the complete knowledge of {ps} up to a permutation and the complete
knowledge of {(,,} are equivalent. In other words, all the Generalized Simpson’s diversity
indices collectively and uniquely determine the underlying distribution. This implication is

another motivation for Generalizing Simpson’s diversity index beyond (1.

1.3 Estimators

Let X;,i=1,--- ,n be an iid sample under {ps}. X; may be written as X; = (Xj ;5 >

1) where for every i, X, ¢ takes 1 only for one s and 0 for all other s values. Let Y, =
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Yo Xis and ps = Ys/n. Y is the number of observations of the st species found in the

sample. The following is the proposed estimator for (.

e (1) ) (O

Zyv is a function of {Yy;s > 1} and hence of {ps} = {ps;s > 1}. For a few special

pairs of v and v, Z,, reduces to

a0 = 35 X1/ Ps(1— Ds)

Zoo = 727 22 Lp,>a/mbs(Ps — 1/n)

Zs0 = Gty L Lp.zamibs(Bs — 1/m) (s —2/n) (8)
Zon = Gty 2 lpazambs(Bs = 1/m)(1 = bs)

Zip = Gty 2 Lpest/mps(L = Be)(1 = 1/n — iy).

Zup is an unbiased estimator of ¢, ,. This fact is established by a U-statistic construc-
tion of the estimator. Let m = w4 v. For every sub-sample of size m, say {X1, -, X},
consider the number of species in the population that are represented exactly u times in
the sub-sample, i.e., N, =) 1[

i Xi,s:“] )

E(N,)=)_P

m
d X = UI => <7Z>p’s‘q;’-
=1

Therefore ("I”) _lNu is an unbiased estimator of (; ,. There are a total of K = (;;) distinct

sub-samples of size m, and therefore

Z . n -1 u—+v 1§:N(k)
W \u 4w U “

k=1



6
where k indexes a particular sub-sample is an unbiased estimator of (,,. On the other
hand, Zszl Nz(Lk) is simply the total number of times exactly u observations are found in
a same species among all possible sub-samples of size m taken from the sample of size n.
In counting the total number of such events, it is to be noted that, for a fixed u, only
for species that are represented in the sample u times or more can such an event occur.
Therefore Zszl Nqsk) = Zszl Ly, >u] (};S) (”_,UYS) and hence Z,, , = ~u’v.

The above U-statistic construction paves the path for establishing the asymptotic nor-
mality of Z,,. Let Xi,---,X, be an iid sample under a distribution F, § = 6(F) be
a parameter of interest, h(Xi, - -, X,,) where m < n be a symmetric kernel satisfying
Ep{h(X1, -, Xm)} = O(F), Uy = U(X1,---,Xn) = (%) W h(X1p, -+ s Xomy) where
the summation ), is over all possible sub-samples of size m from the sample of size n,

hi(x1) = Ep{h(z1, X2, -+, Xm)} be the conditional expectation of h given X; = 1, and

0? = Varg{h1(X1)}. The following lemma is by Hoeffding (1948).
Lemma 1. If Ep{h?} < 0o and 02 > 0, then /n(U, — 0) - N(0, m202).

Let C} = k!/[r!(k —r)!] for any two non-negative integers k and r satisfying k > r. Let
m=u+vand h=h(Xy, -, Xp) = (C%)'N,. Let p= {ps}. Suppose u > 1 and v > 1.

Given X7 = x1,

Chhi(x1) = CHEp{h(z1,X2, - ,Xm)} = Ep{Ny|X1 =21}
= 3 ey O P 4 3 Um0 O 1P
= YO Pt 4 Y =y Ot T (5 — ps)

= g%—l Zpgqg—l + C#z—l Z 1[:{:15:1]19?_1%)_1 (QS% - ps) .



(Caod(uv) = (Co)*Varp{h(X1)} = (Ch)* Varp {3 1, —ypiar ™ (0% — ) }

= 3%_1)2{EP [ Uarmypt gy (@ = ps) ] = [Spta 1(qs%—ps)}2}

= (G Tt (0t - p)’ - (St (0 - p))

— 1;72( ) Zp2u 1q§v_27u( U ) szuqsv—l_i_( ) Zp2u+1 20—-2

— (O )P (B ptgd — St

= %ﬁ (Cﬁ+v_1)2 Cou1,20 — 22 ( Zf+v_1)2 C2u,20-1 + (quj+v_1)2 Cout1,20—2

- (03+u—1)2 (“Cupw — Cu+1,v71)2 > 0.
(9)

The last inequality in (9) becomes an equality only when A(X7) is a constant which
occurs only when all the positive probabilities of {p;} are equal. Furthermore, since N, is
bounded for every fixed m, Eg, 3{h?} < oo is obviously true.

The following definition helps to simplify the subsequent presentation.

Definition 1. A multinomial distribution {ps} = {ps; s > 1} is said to be uniform if all the

non-zero probabilities of {ps} are identical.

Definition 1 implies that {ps} must not be a uniform distribution if it has infinitely
many non-zero probabilities.

Suppose u > 1 and v = 0, therefore C¥ = 1. It is easy to see that hj(x;) =

> Lz —1Ps~ L and
2
o3(u,0) = Varp{hi(X1)} = szu ! <ZP?) = Qu-1,0 —Cg,o > 0. (10)

The strict inequality holds for all cases except when {p,} is uniform.



Thus the following theorem is established.

Theorem 2. If {ps} is a non-uniform multinomial distribution, then for any given pair of

positive integers u and v, Z,, in (7), Cup in (2), 03(u,v) in (9), and o (u,0) in (10),

Vi Zuw=Cuw) 5 N (O, (u+0)?0? (u,0)  and  v/n(Zuo—Cuo) > N(0,u?03(u,0)). (11)

Theorem 2 immediately implies consistency of Z,, , of (,, and the consistency of Z,
of Gy for any u > 1 and v > 1 under the stated condition.

By the last expression of (9), (10) and Theorem 2, it is easily seen that when u > 1

and v > 1,
~2 v 2 u? 2u u 2
61(u,v) = (%5) 1% Z2u-120 — 2 Zou20-1 + Zourr2v-2 = (£ Zup — Zut1,0-1)" |, and
2 2
61 (u,0) = Zau—10—Z5g

(12)
are consistent estimators of % (u,v) and of o2(u,0) respectively, and hence the following

corollary is established.

Corollary 1. If the condition of Theorem 2 is satisfied, then for any given pair of positive

integers u and v, Zy, in (7), Cuop in (2), 62(u,v) and 6%(u,0) in (12),

\/ﬁ(Zum - Cu,v) d \/ﬁ(Zu,o - Cu,o) d
(4t 0061 (. 0) — N(0,1) and w61 (@.0) — N(0,1). (13)

As a case of special interest when u = v = 1, the computational formula of Z ; is given

in (8) and

Vn(Zin —Ga) d
2&1(11’1)“ 5 N(0,1) (14)
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where 61(1,1) is such that 463(1,1) = Z12 — 2221 + Z39 — (Z11 — Z20)* and Z1 2, Zo1,
Zsp and Zpp are all given in (8). (14) may be used for large sample inferences with
respect to Simpson’s index, (1,1, whenever the non-uniformity of the underlying multinomial
distribution is considered as reasonable.

Zu, is an umvue of ¢, ,, when S is finite. Since Z,, , is unbiased, by the Lehmann-Scheffe
Theorem it suffices to show that {ps} is a set of complete and sufficient statistics under
{ps}. When S is finite and known, under the multinomial assumption, {ps} is complete and
sufficient. When S is finite but unknown, {ps} is obviously sufficient. The completeness
is established by the following argument: by the definition of complete statistics, it is to
be shown that for any function g({ps}) satisfying E{g({ps})] = 0 for each (5, {ps}) implies
P{g({ps}) = 0} =1 for each (S,{ps}). If Elg({ps})] = 0 for each (S, {ps}) then for each
fixed S, E[g({ps})] = 0 for each {ps} since {ps} is complete for the multinomial distribution,
it follows that P[g({ps}) = 0] = 1 for each {ps}. Now S is arbitrary, thus one actually has
Elg({ps})] = 0 for cach (S, {p,}) implies P{g({ps}) = 0} = 1 for cach (S, {p}).

Zuw is asymptotically efficient when § is finite. This fact is established by recognizing
first that {ps} is the maximum likelihood estimator (mle) of {ps}, second that CAW, =
> p¥(1 — ps)? is the mle of (,, and third that \/n(Z,, — éuv) — 0 in probability. To see
the third fact, consider the following expression of Z,, which may be obtained by a few

algebraic manipulations from (7).

nu—l—v [n _

(’LL + U)]' S u—1 i v—1
Zuw = oy Z Lipa>u/n] H (ps — n) Lp=0) + 1p>1] H 1 —ps — =
i=0

s=1 7=0

(15)
Since the coefficient in front of the summation in (15) converges to 1 as n — oo, it is only

to show that

S u—1 v—1 .
vn Z 1[ps>u/n] H ( ) [v 0 T 1[1}21] H <1 —Ps — i) - éu,v L 0,

s=1 7=0



or letting Cuw = 3 Ljp,su/mPe(1 — Hs)” + 3 Lps<u/mPL(1 — Ps)"

S u—1 . v—1 .
~ 1 ~ ; -
Vi Do Ypezagm [ ] (ps - n) Lp—o) + 1pzy [ | (1 ~Ds— ;1) — i gV 5o,

s=1 i=0 §=0

It is to show that each of the two terms in (16) converges to zero in probability.
First consider the case of v = 0. H;L:_()l (]33 — %) may be written as a sum of p; and
finitely many other terms each of which has the following form:

k]_ ﬁks
nk2"#

where k1, ko > 1 and k3 > 1 are finite fixed integers. Since

|k1| |k |

<\/ﬁ—k—>0 as n — 00,
n

S
k1|
0<L \/ﬁz Lips>u/n] k2 s’ < \FZ 1[ps>u/n]
s=1

the first term of (16) converges to zero in probability. The second terms of (16) converges
A(2)

to zero when u = 1 is an obvious case since (., = 0. It also converges to zero in probability

when u > 2 since there are at most n terms in the sum and
S S
0V Lpcupmph < VRY_ A cupmllu = 1)/n]* < (u—1)"Van/n" — 0.
s=1 s=1
Next consider the case of v > 1. H;L:_()l (ﬁs — Z) H] -0 (1 — Ps — 5) may be written as
a sum of p¥(1 — ps)¥ and finitely many other terms each of which has the following form:

kl AkS
k2 s

(1 - ps)

where k1, ko > 1, k3 > 1, and k4 > 1 are finite fixed integers. Since

S S
1] A ~ k’l R ]{31
0<+vn E 1[ﬁs2u/n]| k|p§3(1—p5)k4 <+/n g 1[ﬁsZU/n]|nk2|p8 < \/ﬁ,n/k‘g — 0 as n — oo,
s=1 s=1

the first term of (16) converges to zero in probability. The second term of (16) converges to

A(2)

zero when u = 1 is an obvious case since (y,» = 0. It also converges to zero in probability
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when u > 2 since there are at most n terms in the sum and

S S
0< VY L cusmps(l=5s)" S VRY_ L cump < (u—1)"n"?/n" — 0.
s=1 s=1

Thus the asymptotic efficiency of Z,, , is established.

1.4 Simulation Results

Twelve cases of simulation studies, four distributions by three levels of sample size, are
conducted to examine the adequacy of the normal approximation in (14). The distributions

used in the simulations studies are:
a. Triangular with ps = 0.02(s — 0.5), s = 1,---, 10.
a. Finite Exponential with p, = ce=*/3/3, s = 1,--- , 10, where ¢ = (Zﬁl es/3/3)~L.
b. Pareto with p; = ps = 1/3, and ps = 2/[4(s — 1)? — 1] for s > 3.
c. Exponential with ps = e~ — e~ for s > 1.

Each distribution is crossed with three levels of sample size, n = 100, n = 500 and n = 1000.
Each simulation study is based on 1000 replications. Q-Q plots against N(0,1) are given
in Figure 1, with each row corresponding to a distribution in the order of the list above.
The horizontal axis in each of the Q-Q plots is N (0, 1) and the vertical axis is the left-hand
side of (14). The range on each axis is from -3 to 3. Columns 1, 2 and 3 in Figure 1.1 are
corresponding to sample size levels 100, 500 and 1000 respectively.

Figure 1.1 indicates that the normality approximation of (14) is satisfactory within
the range of -3 to 3 when n = 500 and n = 1000. For the cases of n = 100, only in the
Pareto case which has a long thick right tail, the normality approximation is satisfactory.
In the other three cases, which all have short (either finite or very thin right tail) tails, the
sampling distributions of the left-hand side of (14) all seem to have thicker right tails than

the standard normal distribution.
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Figure 1.1: Q-Q plots for simulated data

1.5 Some Comments

The use of diversity indices is common but is not without doubts. One usual is that

a single index cannot effectively capture the diversity of a population. Such a statement is
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valid but is not a discredit to a particular index. The concept of diversity is not precisely
defined and therefore no index could possibly be expected to capture the somewhat arbi-
trarily and often subjectively perceived diversity. On this front, the class of Generalized
Simpson’s indices proposed in this chapter offers a panel of estimable indices, which could
potentially capture a wider range of diversity.

For (7) to be unbiased, m = u + v must be less or equal to the sample size n. However
for (13) to hold, m = u + v must satisfy 2u+2v —1 < n or u+v < (n+ 1)/2. This is
indeed a restriction on the choices of v and v in practice. However it must be noted that
for sufficiently large n, any one (,, is estimable.

It is also to be noted that Theorem 2, and therefore Corollary 1, exclude the case when
the underlying multinomial distribution is uniform. This exclusion makes the asymptotic
normality somewhat incomplete. However this should not be taken as if Z, , is less of an
estimator in that excluded case. On the contrary, Z,, in this case is sometimes called a

super efficient estimator with a variance degenerating faster than n~1/2

. The asymptotic
distribution of a properly normalized Z,, , exists and can be derived, but it would have little

or no practical value and therefore is omitted from this chapter.

Definition 2. A multi-dimensional parameterization of an underlying distribution, {6} € ©,

is said to be sufficient iff {#} uniquely determines the underlying distribution.

Definition 3. A multi-dimensional parameterization of an underlying distribution, {8} =
{03; 8 € B} € O for some index set B, is said to be minimally sufficient iff 1) {6} is sufficient;
and 2) there does not exist a proper subset of B, B’ C B, such that {8} = {03;3 € B’} is

sufficient.

Definition 4. Two multi-dimensional parameterizations of an underlying distribution, {0} €
© and {w} € Q, are said to be equivalent, denoted by {#} = {w}, iff an one-to-one mapping

from © to  exists.

For the family of infinite dimensional multinomial distributions {ps}, {ps;s > 1} is

sufficient but not minimally sufficient since {ps;s > 2} is also sufficient. In fact, {ps;s >
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1,s # so} for any sp > 1 is minimally sufficient; and {ps;s > 1,5 # s1,$ # s2,51 # Sa}
for any s; > 1 and sp > 1 is not sufficient. {p$;s > 1,s # so} for any fixed a > 0 is also
minimally sufficient.
By Theorem 1, under P/, {(,;u > 1} = {ps;s > 1}. Since {(y;u > 1} C {Cupiu >
Lo >0}, {Cuv;u> 1,0 >0} = {ps;s > 1}. Similarly since {Ny; a0 > 0} = {(Np) 7% a >
0} and {¢u;u > 1} C {(Na)!7% a > 0}, {Na;a > 0} = {ps; s > 1}. This is to say that both
the generalized Simpson’s indices and the family of the Rényi-Hill indices are sufficient.
On the other hand, {{,;u > 1} is not minimally sufficient, which implies that {Ny; « >
0} is not minimally sufficient. The fact that {¢,;u > 1} is not minimally sufficient can be
seen by the fact that any subsequence of {(,} uniquely determines the underlying distri-
bution. The proof of that fact is identical to that of Theorem 1. Furthermore and more
interestingly, a minimally sufficient subsequence of {(,} does not exist, since a subsequence

of any subsequence will uniquely determine the underlying distribution.



CHAPTER 2: ASYMPTOTIC PROPERTIES OF TWO DIMENSIONAL SAMPLE
COVERAGE ESTIMATORS

2.1 Introduction

Consider a multinomial distribution with countably infinite number of categories in-
dexed by K = {k;k = 1,2,---} and category probabilities denoted by {px}, satisfying
0 < pr <1 forall k and > pr = 1, where the sum without index is over all k£ as in all
subsequent text of this chapter unless otherwise stated. (In fact, in the subsequent text
of this chapter, we should observe the convention that > r. = > i cp., [k, = [lrex;:
lim = lim,, .~ and that [ = fj;o, unless otherwise indicated. We also use “~” to indicate
equality in the limit.) Denote the category counts in an iid sample of size n from that
population by (x1,---). Note that for a given sample, there are at most n non-zero xy’s.
Suppose the target of estimation is the “total probability of the categories not represented

in the sample”, or equivalently

mo = pellze = 0] (1)

where I[-] is the indicator function. It may be interesting to note that 7y is not a fixed
constant nor is it an observable random variable. This target is interesting because it
represents the probability that the (n 4 1)th observation is from a previously unobserved
category.

An estimate described by Good (1953), but largely credited to Turing and hence known
as Turing’s formula, is given by

T:? (2)

where Njp is the number of categories represented exactly once in the sample, i.e., N; =
> I[xp = 1]. This simple formula has been used widely across many fields of study, fre-
quently in the form of C’ = 1 — T estimating C = 1 — my which is often referred to as the

“coverage” problem.
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Many authors have discussed issues related to this problem in various settings. However

its asymptotic normality was not known for a long time until Esty (1983) who gave a set
of conditions for a y/n-normalized convergence theorem for the case when {py} is changing
with respect to sample size n. After 25 years since Esty, in 2008, Zhang and Huang derived

the asymptotic normality for the case when {px} is fixed with respect to sample size n.

2.2 Motivation

Since Turing’s formula is an asymptotic unbiased estimator of my. And 7y characterize
the tail probability when the sample size increases. It is natural to link the Turing’s formula
with the problems about tail probability. In 1975, Hill proposed a simple general approach
to make inference about the tail behavior of a distribution. It is not required to assume
any global form for the distribution function, but merely the parametric form of behavior
in the tail. However, Hill’s estimator is correct only for very large values in the sample. But
how large the values should be in order to make the estimator be valid? So far, there is no
clear answer in the literature. There are two possible ways can solve this problem. Either
we can try to find a way to determine this boundary value or we can avoid to determine
this boundary value explicitly. Since Turing’s formula exactly characterize the tail behavior
of a distribution when the sample size increases, it is natural to link the Turing’s formula
with Hill’s approach. The major advantage of this new approach is that we do not need
to explicitly determine how large the values should be in order to make Hill’s estimator
be valid. However there are two parameters need to be estimated in Hill’'s approach. The
current one dimensional asymptotic property of Turing’s formula which derived by Zhang
and Huang (2008) is not enough to acquire the estimation of Hill’s approach. Therefore high
dimensional asymptotic results are expected. Motivated by this consideration, we derived
a two-dimensional asymptotic normality for Turing’s formula under certain conditions.

We split the categories from the original population into two sub-categories correspond-
ing to two sub-populations with infinite categories in each of them. Let the first and second
sub-populations with countable infinite categories indexed by K7 and K respectively where

Ky C K, Ky C K and Ky = K\K;. Suppose the targets of estimation are the “total prob-
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abilities of the categories of sub-populations not represented in the sample”, or equivalently
m=Y pellry =0, i=12 (3)
K;
According to Turing’s formula, we define
T =—, T =— (4)

where N1 and M; are the number of categories in the first and second sub-populations
represented exactly once in the sample, i.e., Ny = Yy Ilrg = 1] and My = ), Iz = 1].
Motivated by the Zhang and Huang (2008), we derived two dimensional asymptotic

normality for Z = (Z1, Z3)" where Z; = m; — T;, i = 1,2.

2.3 Asymptotic Results

Let K = {k;k = 1,---} be the index set of all the positive integers. K; and Ky are

two subsets of K with infinite elements in each of them and K; = K\ K. Let

Dk z =0,
fe(@)=4q —1/n z=1,
0 T > 2.

Z; = ZKi fe(Xx) = m — T;, i = 1,2. We are interested in the asymptotic behavior of

Zg(n), where g(n) is a function of n satisfying lim,, . g(n) = co and

g(n) =0(n'"*) ()

for some 6 € (0,1/4). Z = (Z1,Z>)’.
In order to acquire the asymptotic normality of this two-dimensional random vector, we
need to show that any linear combination of elements of this vector asymptotically follows

one dimensional normal distribution as n — oo.
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For any real constants, a and b, satisfying a® + b # 0, consider

Z = aZi+bZy
= a per, (@) + 0D ek, fr(@r)
Zg(n) = ag(n) Y pex, fe(zr) +b9(n) X per, fre(zr)

We are interested in the asymptotic behavior of Zg(n) in terms of the limit of its

characteristic function, Elexp(isZg(n))].

Lemma 2. Let {Xj} be the counts of observations in category k, k = 1,2,---, in an iid

sample under the multinomial model with probability distribution {py}. Then
P(Xp=apk=12-) =PV =apk=12,-|> Yy =n)
where Y}, are independent possion random variables with mean npy.

Lemma 3. Let (U, V) be a two-dimensional random vector with U integer valued. Then

E(exp(ivV|U = u)) = 2rP(U = n))~ ! i E(exp(iu(U —n) +ivV))du.

—T

The Lemma 2 is a well-known fact and lemma 3 is due to Bartlett (1938). Based on

these two lemmas,

E(exp(isZg(n))) = (27TP(Z Y, =n))! ) Elexp(iu Z(Yk —npg) +isZg(n))]du.
K - K

We want to evaluate lim,_,o, E(exp(isZg(n))). Toward this end, we first note that,
by Stirling’s formula, (2mn)"/2P(3" ;- Y3 = n) — 1. Therefore we need only to evaluate the

limit of
vn

Ha(s) = 7= | Elexp(iu ;(Yk — npy) +isZg(n))]du, (6)
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or letting t = un'/2,

+oo
Hy(s) = j% / 1[jt] < mv/m] Elexp(i(n) /2t S (Vi — npy) + isZg(n)dt.  (7)
—o0 I%

Writing

ho = I[t| < 7y/n]Elexp(i(n) /2t 3 (Y — npy) +isZg(n))]

= I[|t| < m/n]Elexp(i(n)~'/?t > or, Y —npy) +isag(n) 3 g, fr(Yr) @®

+i(n) "2 Y g, (Yo — npr) + isbg(n) X, fi(Ye))]

According to lemma 2, {Y}} are independent Poisson random variables with mean npy.

Therefore,

hn = I[t] < 7v/n)Elexp(i(n) "2t X g, (Yo — npr) + isag(n) g, fu(Y))]
(9)

x Elexp(i(n) "'/t g, (Vi — np) + isbg(n) Y, fe(Ya))):

Let,
Ay = Elexp(i(n) ™2t (Yi — npi) + isag(n) X g, fe(Yi))]
(10)
Ay = Elexp(i(n) V23 (Y — npy) +isbg(n) 3, fr(Ye))]
Our first task is to allow the limit operator to exchange with the integral operator. By
definition of A; and Ag, hy, = I[|t| < m\/n]A; X As. Let’s define two index sets K11 and K12

where K1; only contains one element from K, let’s call it r, and K9 = K7\ K11. Writing

An = I[jt] < 7/ Elexp(i(n)~V2t(Y; — np,) + isaf, (V;)g(n)]
(11)

Az = I[Jt] < wy/n] Blexp(i(n) ™12t X, (Ve = npr) +isa Y g, fx(Yi)g(n)),
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1 [t 1 [f>
Hn(S) = \/ﬂ/ hndt = \/%/ I[|t| < W\/H]AnAlgAgdt. (12)

Since |As| < 1 and |Aj2| < 1, |hy| < |A11]- On the other hand,

Elexp(iu(Y, — npr) +isafr(Yr)g(n))]

= exp(iu(—np,) + isap,g(n)) exp(—np,) + exp(iu(l — np,) — isan"'g(n))np, exp(—np,)
+ 22 52g exp(iu(j — np,)) P(Yr = j)

= 2 iz exp(iu(j — npr)) P(Yr = j)

— exp(—iunp,) exp(—np,) — exp(iu(1 — np,))np, exp(—np;)

1

+ exp(iu(—npy,) + isaprg(n)) exp(—np,) + exp(iu(l — np,) — n~"isag(n))np, exp(—np,)

= [exp(—iunp,) exp(isin(u)np, ) exp(np,(cos(u) — 1))]

—exp(—iunp,) exp(—np,) — exp(iu(1l — np,))np, exp(—np;)

1

+ exp(iu(—npy,) + isaprg(n)) exp(—np,) + exp(iu(l — np,) — n~"isag(n))np, exp(—np;).

Therefore (recall t = uy/n),
1

[Au| < I[[t] < mv/n] |exp(npr(cos(tn™2) — 1)) + 2[exp(—np;) + np; exp(*npr)]} (=4n).

It is clear that, for any t, by Taylor’s formula for cos(z),

lim Ay = lim I[|t| < 7v/n]exp(np,(cos(tn™/?) —1)) = exp(—p,t?/2) (= 4Ay).
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[ Anldt = [T It < my/m) exp(npr(cos(m*%)—n)} dt

+2 [T 0[Jt] < my/n) exp(—npy)dt + 2 [T I(|t] < my/nlnp, exp(—np,)dt

= fj;o I|t] < m/n] exp(npqn(cos(tn_%) — 1))} dt

+2 X 2my/nexp(—np;) + 2 X 2wy/nnp, exp(—np;).

Since the last two terms vanish to zero as n — oo, we have, letting § be a constant in

(0,1/2),

lim,, 00 fj;o |Ap|dt =

(=

lim,, 00 fj;o I[|t| < m+/n] [exp(in(cos(tn_%) —1))| dt

limy, oo 7 /7 [exp(np,(cos(u) — 1))] du

limy,, 00 f‘u|< 1 /nlexp(npy(cos(u) —1))] du

n(1=98)/2

+limy oo [ <uj<n VT [exp(npy(cos(u) — 1))] du

n(1=90)/2 =

limy, 00 M1+ limy, 00 72)-

The second term of the last expression above is zero. To see this, we note that for any



u satisfying ﬁ < |u| < m, cos(u) — 1 < cos(1/n1=9/2) — 1, and hence

limy—oone < limpooo [ 1 <lul<n v [exp(np,(cos(1/n1=9/2) — 1))] du

n(1=9)/2

= limy, o0 27y/n [exp(npy (cos(1/n170/2) —1))]

= limp o0 27/n [exp (—npy (1 — cos(1/n(1=9/2)))]
= limy,— 00 2T/ {exp (-”Pr (%))]

= lim, o0 2my/n exp (—np,O (1))

= lim,, o0 2my/nexp (—p,0(n%)) = 0.

For u satisfying |u| < W, consider the Taylor expansion of

2 4 6 —1)ym 2m
cos(u) —1 = —%-FZ!—%-F'”—F%
< —%i+(u4+u8+ ot )
2 4

22
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Therefore,

1

. . 2 555
limp—oone < lim, o f|u|< 1 y/nexp (npr <_UQ + 1_"2 ) )) du

n(1=0)/2 n2—208

1
V/nexp <"p£u2 + np, 2= ) du

= 1imnﬂoof| rp—
n2-25

1
ul< =57

_ 1imn~oo[(f|u< . ﬁexp(—W)du)exp(O(M))}

n(1=8)/2

(letting t = uy/n)
= limp—o0 [(ﬁt|<n5/2 exp (—%) dt) exp (O(n%s))]

= fj;o exp (—prt?/2) dt.

Since cos(u) > —“72 for all u satisfying |u| < ﬁ, it is easy to establish lim,, o, 72 >

fjoo exp (—p,t?/2) dt, and hence lim, .o 12 = fj;o exp (—prt?/2) dt.

o0

Now that we have established

+oo +o0o _
lim ’A11|dt = / lim ’Anldt,
n—oo [ o oo M

by the Dominated Convergence Theorem. We have the following lemma.

Lemma 4. Let hy, and H,, be as defined in (7) and (8) respectively. Then

1 [re
lim H, = — lim h,dt.
n—00 \ 27 /oo n—00

We now turn to evaluate limh,. Since h, = I[|t| < my/n]A1 x Ag, we will firstly

evaluate A; and As seperately. For each ki € Ki and ko € K, it can be verified that,
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letting
B, = exp(—itpg,n'/?)exp(npy, (exp(itn=2) —1))]
Cr, = exp(—itpy,n'/?)[exp(isapy,g(n)) — 1] exp(—npg, )
Diy = exp(—itpe,n!/?) exp(itn~"/2)fexp(—isan~g(n)) — nps, exp(—np,)
B;;2 = exp(—itpkznl/Q)[exp(npRQ (exp(itn_1/2) —1))]
(13)
C,;Q = exp(—itpp,n'/?)[exp(isbpr,g(n)) — 1] exp(—npy,)
D, = exp(—itpr,n!/?) explitn"/2)fexp(—isbn~1g(n)) — 1np, exp(~npr,)
Ey, = Cy + Dy,
El/€2 = 01;2 + D;€2’

then, Ay =[], (Be+Ey) and Ay = [, (By+E)). And by ~ [, (Bit+Ei) [, (By+Ep,).-
We are interested in evaluating lim [ [ (Bx + Ej) and Him ], (B, + E,).

The facts of the following two lemmas are given by Esty (1983).

Lemma 5. Let {0} and {ex} be two sequences of complex numbers, and M,, be a sequence

of subsets of K, indexed by n. If
L [Ias, Bk ~ B,
2. (ZM,L €k) ~ 6
3. B ~ 1 uniformly,
4. € ~ 0 uniformly,

5. there exists a constant, 6, such that, >, G — 1| < d1,
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6. there exists a constant, oo such that, >,/ [ex| < d2;

then
Tk + ex) ~ Bes

My

where 3 and € may also depend on n.

Lemma 6. For all k € K, By, = exp[(—t%/2)pr + O(t3pkn_1/2)].

The next lemma includes three useful facts.

Lemma 7. 1. For any complex number z satisfying |z| < 1, |In(1 + z)| < 1?‘;'.

2. For any real number z € [0,1), 1 — 2 > exp(—1%;).

3. For any real number z € (0,1/2), 1= < 1+ 2z.

Let us consider partitions of the index sets K1 = I |JII1 and Ky = Io|J I,
L ={k:keKipgn)<n®} and II, ={k:ke Ky, prg(n)>n"°}

Iy={k:keKyprgn) <n°} and I ={k:ke Ky, prg(n)>n"}

where ¢ is as in (5).
Lemma 8. (a) Yy, |Ex| — 0 and (b) [[;;, (Bx + Ex)/ 17, Br — 1.

Proof. (a) > 7y |Ek| <23, (e7™Pk+npge”"Pk). Since the derivative of (e™"P* +npye™"P*)
for any k € II; is negative with respect to pg. It attains its maximum at p, = 1/(g(n)n?)
with value e~/ (9(mn") (1 4 n/(g(n)n®)). The total number of indices in IT; is less than or

equals to g(n)n®. Therefore,

> 1B <2 (g(mn®) (e (1 40/ (g(m)n))) = 2670 DO(m) — 0
15
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(b) By lemma 6, |By| is bounded away from zero, and by the fact that lim |E)| = 0 and by

applying the first part of lemma 7 with x = E} /By, we can get

‘ln[th(Bk + )/ 1151, Bk” = ‘21[ 1+ Ek/Bk)‘ <> 11, IIn(1 + Ex/By)|
(14)

IN

>oin (\Bkl |Ek|) O 11, | Exl) —

The following conditions are the sufficient conditions to get many subsequent results.

Condition 2.3.1. As n — o0,

L 3k, (63 (n)/n)pre™"Ps — c1 2 0,

[\V]

Sk, G (n)pieTP — ¢y > 0,

w

. c1+c2>0,
4. 3k, (9% (n)/n)pre™ P — dy > 0,
5. ZKg 92(”)1’;36_"7"“ — dy > 0, and

6. di +do > 0.

Lemma 9. Under Condition 2.3.1, all the conditions of lemma 5 are satisfied with M,, = I,

Or =By, =B, ¢ =FE, and e = E.

Proof. We need to check all six conditions in Lemma 5.

For 3), it is true because from lemma 6, By = exp[(—t2/2)pr + O(t*ppn~"/?)], and

Pk, Pr/v/n are uniformly bounded by e ) s and (n)f s respectively. Asn — 0, B ~ 1
uniformly in M,.

For 1), since » 7 pr — 0,

HBk—eXp (t?/2) Zpk exp(O((t3 /n~ 1/2 Zpk
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For 2), 4) and 6),

52(12g2 (n) 2

Ep, = e e PV {isag(n)py, — fpkl +0(s3a3g®(n )pil)
isag(n s2a?g? s3a3g3(n
i, [1+ 2 — & 4+ O(h)][- 2 — £t 4 o(=eg )y

_ e—npkle—itpkl\/ﬁ{isag(n)pkl sPa%g (n)pkl +O0(s3a3g3 (n )pil)

222() 3,343

1 *pi isag(n s‘a s3a
+[npk, + itpg, /1 — Z’” —I—npklO(ng—?;Q)][— Z( ) _ g0+ o=y, (n ))]}

n3

52a292 (n) 2
2

= e eV isag(n)py, 1 O(sPa*g (n)p},)

3,3,3

2(n sa
—isag(n)py, — 82;2 (%) + npklO(ﬁ)

n3

S a3 3 n
tsta2ipy, — B g (n)px, + itp, VRO (55 ™)

_’_im;awpk + s2t:a2 g%(n) t2 pk1 O(s ag (n))
1

n n2 Pk — n3

; s2a2 g%(n 34343
—isag(mpr, O(57) = 55 53 o O + ok, OG5 O (55}

n n3

. 242 2
— e Pk o~ itPE, \/ﬁ{ ST (WPl 5202 (9 (")pkl)

2 2 )
+sta \(f)P k1 + 2 t = gn(2 )Pkl - Z;n:l;%g ( )pkl + 181; amplﬁ

n

+O(s3a3g3( )pk1)+0( ( )pkl)—i-ZO(tS?’ 39 (/)pkl) —O( 3t22a39 (n)pkl)

—Z'O(stg’agg/gp ) — O 2t§a2 s;s(/Q)pk1 +O(s 34343 g3 (n)pkl)}'

/2

(15)

v 5. And it is easy to check

For all k € I}, e ™V — 1 uniformly since ppy/n < POD

that every additive term in FEj converges to zero uniformly for all k& € I;. Therefore (4) is
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checked.
It is easy to check that for every term within the curly brackets in (15), denoted by

T(s,t,m, pi), except the first two terms,

D e (s timpy)| <D e (s, tm, )] — 0
I h

uniformly by Condition 2.3.1.

( ) Z——p;. are directly guar-

The uniform convergence of Y-, e "Pkg?(n)p; and ), e™"Pk2
anteed by Condition 2.3.1. Therefore (2) is checked. The uniformity of convergence for
>_1, Ex and hence for ) ; |Ey| guarantees (6).

For 5), since By, = exp[(—t2/2)pi + O(t3ppn~'/2)] and (—t2/2)pr + O(t3ppn~?) — 0

uniformly, we have

|(=t2/2)px + O(Epen™ )| _
= |(=t2/2)p + O(t3ppn=1/2)]

|1Be = 1] < 5 O((—t*/2)px + tPppn~'/?)

and hence

Z|Bk—1rs0 pr Zp <O +£)).

I

Corollary 2. Under Condition 2.3.1, all the conditions of lemma 5 are satisfied with M,, = I,

Br=B, =B, =FE ande=F

The proof of corollary 2 is similar to the proof of lemma 9 except changing the I, By,

B, Ey, and E to Iy, B,, B', E; and E' respectively.

Corollary 3. Under Condition 2.3.1, [[; (Bx + Ex) ~ [, Brexp(d_j, Ex) and [, (B, +

Lemma 10. Under Condition 2.3.1, T[], (Bx + Ex) — Be”, where B = lim[],, By, E =
lim Y, By, and [, (By + Ey) — B'e?, where B' = im[[, By, E' = lim ¥, E
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Proof.
[r,(Br+ Ex) = [, (B + Ex) [1;1,(Bk + Ex)

~ 1Bk + E) 1, Be
~ Hh By, eXP(Zh Ey) Hm (Bk)
~ HK1 By, eXP(ZKI Ey).

[k, (B, +E) = B+ E) 1, (B + Ep)
~ H12 (Bllc + Ellc) HUQ B;e
~ H12 Bl; eXP(ZI2 El/c) H112 (Bl;)
~ HK2 B;; eXP(Z}Q El;)-

Theorem 3. Let g(n) be as in (5). Under condition 2.3.1,

g(n)Z L N (0, (a®(c1 + 2) + b2(d1 + da))) -
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2
Proof. Since im [[ By, = e~z and

lim ZKl E, = —52;2 (lim ZKl Lr(ﬁ)pkefnpk + lim EKI g%(n)pre="Pk)
/ . 2 .
lim ZKQ E, = —522b2 (lim ZK2 *‘]T(n)pke_’"”p’C + lim ZK2 g%(n)pre "Px)
. _2 2,2 1. 2 _ . _
limH, = (\/% Jem =z dt) exp(—5=(lim Y- 4 gT(n)pke Pk lm Y g g%(n)pre "Px)

2
—522b2 lim ZKZ “]T(n)pkefnp’c + lim ZK2 g%(n)pre="Pr))

™)

— 67% (a2(01+02)+b2(d1+d2))

(17)
which is the characteristic function of a normal distribution with mean zero and variance

a2(01 + 02) + b2<d1 + dg).
Lemma 11. Let g(n) be as in (5). Under Condition 2.3.1,

9(n)Z1 -% N(0, e1 + ¢2),
(18)

9(n) 2~ N(0,dy + do).

Proof. Refer to Zhang and Huang (2008).
Theorem 4. Let g(n) be as in (5). Under Condition 2.3.1,

A d 0 c1 + ¢ 0
Z2 0 0 dl + d2

Now, two dimensional asymptotic normality of sample coverage estimators based on

Turing’s formula was derived. It provides us with one more degree of freedom in distribution
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compared with one dimensional case which will be greatly helpful to deal with the case with

more than one parameter, such as Hill’s model, need to be estimated.



CHAPTER 3: A SUFFICIENT CONDITION FOR THE SECOND ORDER TURING’S
FORMULA

3.1 Motivation

Asymptotic normality of Turing’s formula has been discussed by Esty (1983) and Zhang
and Huang (2008) in different multinomial distribution with infinite categories settings.
They both focused on one of the major formula, which is used to estimate the total pop-
ulation proportion of species that are not represented in a sample, in a series of Turing’s
formulae. For simplicity, let’s call it the first order Turing’s formula 77. However it is also
useful to discuss the asymptotic properties of another member of Turing’s formulae which
focus on the estimation of the total population proportion of categories which only contains
one sample point. Let’s call it the second order Turing’s formula 75. Since both Turing’s
formula 77 and T5 describe the tail behavior of the probability distribution from different
aspects. The study on Turing’s formula 75 will help us to acquire more information on the
tail behavior besides the Turing’s formula T7. So in this chapter, we derived the asymptotic
properties for Turing’s formula T5.

Consider a multinomial distribution with its countably infinite number of categories
indexed by K = {k;k = 1,---} and its category probabilities denoted by {py}, satisfying
0 < pp < 1forall kand > 2, pr = 1. In the subsequent text, the convention that
o= [T =11, lim = lim,, .o and that | = fj;o, unless otherwise indicated is

b

observed. The symbol “~” is also used to indicate equality in the limit. Let the category
counts in an iid sample of size n from the underlying population be denoted by {Xy;k > 1}
and its observed values by {xy;k > 1}. For a given sample, there are at most n non-zero

xi’s. Let, for every integer s, 1 < s < n,

-1
n n
Ns = Z 1[Xk:s]a Ts = (S _ 1> <S> Ns, and Tg—1 = Zpkl[szs—l}-

N, and 7,1 may be thought of as, respectively, the number of categories in the population
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that are represented exactly s times in the sample and the total probability associated with
all the categories that are represented exactly s — 1 times in the sample. T may be thought
of as an estimator of ms_1.

Consider s = 2,

Ty = and m = Zpkl[szl]'
The objective is to show that, under certain conditions, for some g(n) > 0,
d
g(n)(m — Tz) = N(0,0°)

2

where ¢ is a function of {py}.

3.2 Preliminary Results

Let K1 = {1} and Ko = {2,3,---}. For any k € K = K; U Ko, let

Dk x =1,
fe@) =4 =2/(n—1) z=2,
0 x=0o0r x> 3.

Z = > fr(Xg). We are interested in the asymptotic behavior of Zg(n), where g(n) is a

function of n satisfying

g(n) = 0(n'~?) (1)

for some § € (0,1/4), in terms of the limit of its characteristic function, Elexp(isZg(n))].
To begin, we note that Z = 7 + Zz, where Z1 = Y - fr(Xk) and Zo = 5 fie(Xk).

Lemma 12 below is a well-known fact and Lemma 13 is due to Bartlett (1938).

Lemma 12. Let {X}} be the counts of observations in category k, k = 1,2,---, in an did

sample under the multinomial model with probability distribution {py}. Then

P(Xp=apk=1,)=PYy=apk=1-]> Yi=n)
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where {Y}} are independent Poisson random variables with mean npy.

Lemma 13. Let (U, V) be a two-dimensional random vector with U integer valued. Then

E(exp(ivV|U =n)) = 27rP(U = n))~* i Elexp(iu(U — n) + ivV)]du.

—Tr

Thus E(exp(isZg(n))) is

2rP(> Yy =mn))"! / ’ Elexp(iu Y (Y, — npy) + isZg(n))]du.

We want to evaluate lim E(exp(isZg(n))). Toward that end, we first note that, by
Stirling’s formula, (271)Y/2P (3" Y, = n) — 1. Therefore we need only to evaluate the limit
of

H,(6) = S [ Blexplin S04k ) + isZg(n)dn

or letting t = unl/2,

+o0
Hi(s) = jﬂ / 1] < mv/nl Elexp(i(n) /2t S (Vi — npy) + isZg(n))ldt.  (2)

Our first task is to allow the limit operator and integral operator to be exchangeable.

The key element to support this exchange is (4).

Let
hy = 1|t < my/n]Elexp(i(n) 2t (Y — npr) + isZg(n)]
hop = 1[|t| < my/n)Elexp(i(n)~Y2t(Y1 — np1) + isZ1g(n)] (3)
hna = 1lt] < wy/n] Blexp(i(n) ™t X, (Vi — np) + isZag(n))],

1 [t 1 [t
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Since |hn2| < 1, |hy| < |hpi]. On the other hand,

Elexp(iu(Y1 — np1) +isfi1(Y1)g(n))]

= exp(iu(—np1) + 0) exp(—np1) + exp(iu(1l — np1) + isp1g(n))np; exp(—np;)

+exp(iu(2 — np1) — is=279(n)) "2 exp(—np))

+ 2 52g exp(iu(j — np1)) P(Y1 = j)

= > 72 exp(iu(j —np1))P(Y1 = j)

—exp(tu(1l — np1))np exp(—np1) — exp(iu(2 — npl))@ exp(—np1)

2
+exp(iu(l — np1) + isprg(n))npr exp(—np1) + exp(iu(2 — npy) — is%g(n))% exp(—np1)

= [exp(—iunp; ) exp(isin(u)np) exp(npy (cos(u) — 1))]

—exp(iu(1 — npy))npr exp(—np1) — expliu(2 — np1)) L exp(—np1)

2
+exp(iu(l — np1) + isprg(n))npi exp(—np1) + exp(iu(2 — npy) — is%g(n))% exp(—np1).

Therefore (recall t = u\/n),

71101)2 -

hanl < 1} < 7] | exp(mp(eos(in™) — 1) + 2npr exp(npr) + P exp(-np)]| (= Fo).

It is clear that, for any t, by Taylor’s formula for cos(z),

lim i = lim 1]|t| < mv/n] exp(np1 (cos(tn~/?) — 1)) = exp(—p1t2/2) (= h1).
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[mldt = [1]|t] < 7y/n) [exp(npl(cos(m*%) —1))] dt
+2 [1[|t] < m/n]npr exp(—np1)dt + 2 [ 1]|t| < F\/ﬁ]% exp(—np1)dt
= [1[t| < m/n] [exp(npl(cos(tn_%) — 1))] dt

+2 x 2my/nnpy exp(—np1) + 2 x QW\/HW exp(—np1)

Since the last two terms above vanish to zero as n — oo, we have, letting 6 be a

constant in (0,1/2),

lim [ [hpldt = lim [1]|t] < my/n] exp(npl(cos(tn_%) —1))|dt

= lim [77 \/n [exp(npi(cos(u) — 1))] du

= lim f|u|< 1 /nlexp(npi(cos(u) — 1))] du

n(1—-0)/2

+1lim [ <uj<n VT [exp(np1(cos(u) — 1))] du

n(1=0)/2 =

(= limn; + lim7ny).

The second term of the last expression above is zero. To see this, we note that for any u



satisfying W < |u| <, cos(u) — 1 < cos(1/n(1=9/2) — 1, and hence

limny, < limf 1

n(1-6)/2

<lul<m 4D [exp(npl(cos(l/n(l_e)/Q) —1))] du

< lim 27/n [exp(np (cos(1/n1=9/2) — 1))]

= lim 2my/n [exp (—np1 (1 — Cos(l/n(l—e)/z)))]

= lim 27/n exp (—nplO(nll_g ))

= lim 2my/nexp (—p10(n?)) = 0.

For u satisfying |u| < ﬁ, consider the Taylor expansion of

cos(u) — 1

IN

2 4 6 —1)ym 2m
_%_’_%_%4_..._’_%
—%i+(u4+u8+ ot
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Therefore

1
limn < lim f|u‘< 1 V/nexp (np1 <—“22 + 1_n2—i6 >> du

n(1—0)/2

1
= limflu‘< 1 +/nexp <—"’g“2 + npp 2222 ) du

1——1
n(1-0)/2 n2—20

= lim [(fluk 1 y/nexp (—%“2) du) exp (O(n1129)):|

=02
( letting ¢t = u+/n)
= lim [(f'tKng/Q exp (—%) dt) exp (O(ﬁ))}

= [exp(—pit?/2) dt.

Since cos(u) —1 > —% for all u satisfying |u| < W, it is easy to establish limn; >

[ exp (—pit?/2) dt, and hence limny = [ exp (—p1t2/2) dt.

Now that we have established

lim / [P |dt = / lim | A1 |dt, (4)
by the Dominated Convergence Theorem, we have the following lemma.

Lemma 14. Let h,, and H,, be as defined in (2) and (3) respectively. Then

1
lim H, = —— [ lim h,dt.
V2T /

Let,

ho(s) = 1[|t| < my/n|Elexp(i(n)~V2t S (Ve — npi) + isZg(n)]
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For each k, it can be verified that, letting

B, = exp(—itppn'/?)[exp(npy(exp(itn=/?) —1))]
Cr = exp(—itpyn'/?) exp(itn='/2)[exp(isprg(n)) — Unpy exp(—npr)
Dy, = exp(—itpn'/?) exp(2itn=/2)fexp(—is 21 g(n)) — 1] 2L exp(—npy),

and Ey = Cy + Dy, hy, ~ [[(Bx + E)). We are interested in evaluating lim [[(By + Ek).

The facts of the following two lemmas are given by Esty (1983).

Lemma 15. Let {8} and {ex} be two sequences of complex numbers, and M,, be a sequence

of subsets of K, indexed by n. If
L [, Bk ~ B,
2. (X, &) ~ 6
3. Bk ~ 1 uniformly,
4. €} ~ 0 uniformly,
5. there exists a constants, d; such that, Y, |G — 1| < 61, and
6. there exists a constants, dz such that, >, |ex] < da;
then

T8k + ) ~ Bes

Mny

where § and € may also depend on n.

Lemma 16. For all k € K,

By = exp|(—t2/2)pr + O(t3ppn~1/?)).
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The next lemma includes three useful facts.

||

1|z

Lemma 17. 1. For any complex number z satisfying |z| < 1, |In(1 + z)| <

2. For any real number z € [0,1), 1 —x > exp (——) .

xT

3. For any real number z € (0,1/2), = < 1+ 2z.

Proof. 1) By Taylor’s formula, |In(1+z)[ = | 3772, (— 1)i+igd /4] < P lz)) = |z|/(1—|z|).
2) The function y = 1+ te is strictly increasing over [0, 00), and has value 1 at ¢ = 0.

Therefore I—He > 1 for t € [0,00). The desired inequality follows the change of variable

= t/(1+1).

3) The proof is trivial.

Let us consider a partition of the index set K = I U II where
V2 V2
I={k;pr < W} and II = {k;p; > W}
where 4 is as in (1).

Lemma 18. (a) Y ;7 |Ex| — 0; and (b) [[;;(Bx + Ex)/[1;; B — 1.

Proof. (a) > ;7 |Ek| < 2% ;;(npre™ Pk + %e*"pk). Since the derivative of (nppe P+ +

2
@e‘”pk) for any k € I1, with respect to pg, is negative. (npre Pk + ("pk) e~ ""Pk) attains

its maximum at n\l/?‘;’ with value v/2n e~V 4 n20e=vV2n’  The total number of indices in

11 is less or equal to L\/; Therefore

> 16 < 2 fxf eV 2=y — 3oV (a4 ) 0. (5)

(b) By Lemma 16, |By| is bounded away from zero, and by the fact that lim |Ey| = 0

(and hence lim | E|/|Bg| = 0), and by applying the first part of Lemma 17 with x = Ej/ Bk,
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we have

IIn[[1;;(Bx + Ex)/ 11 Bell = ‘ZH In (1 + %)’ <> ‘ln (1 + %)’

<Sur () = O B —

Now let us state the condition under which many of the subsequent results are estab-

lished.

Condition 3.2.1. As n — o0,
1. Y g} (n)ple Pk — ¢ > 0,
2. 3 g*(n)npie "k — c3 >0 and

3. co+c3 > 0.
Lemma 19. Under Condition 3.2.1, all the conditions of Lemma 15 are satisfied with M,, = I,
Br =By, =B, ¢, =Ej,and e = F

Proof. We need to check all six conditions in Lemma 15.

3) is true because

By = exp(—(t*/2)p) exp(O((t*/Vn)pr))),

and py and pi//n are uniformly bounded by f(; and 1‘/55 NG respectively for k € I.

For 1), since >, pr, — 0,

HBk = exp(—(t%/2) Z %) exp(O((t3//n) Zpk))) — 1.
1

I



42

For 2), 4) and 6),

2,22

By, = npge~Pre v (14 2 £ 1 0(:55)] [isprg(n) — “H5 + O(s2g* (n)p}) |

n 7 isg(n s2g2(n s3g3(n
+7 [L B - 40 0G| [ 252 - R4 + oG}

n—1
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= nppe "PheiPEVn {z’spkg(n) - Stpf/gﬁ(") — ispaln) | o(istpugtn)

s2t3

_ $*pig%(n)  its’plgi(n) | s*t*pig*(n) +O( png(n))
2 2v/n 4n 2n3/2

+0(s*pig’(n)) + 20(s*pig’(n)) — 40(s°p}g* (n)) + O(52)O(s*pig* (n))

__isnprg(n) + 2tnpysg(n) + 2ispitig(n) +O( Qisg(")t?’pk)

n—1 Vn(n—1) n—1 ©2v/n(n—1)

nprs2g?(n itnprs2g?(n 252g2(n s2g2(n)t3
_ 4 g(lfn_gl)g ) 4%61,91)(2 ) + 4Pk(1;_19)2( ) 0(42\/%((%1151)}7;)

n s3g%(n itn, s3g3(n s3g3(n 3
+REO(GI) + EO(GER) — mO(GE) + O(5 2%

S—
S
| %
I [
:/,\
S
S—
H’_J

_ npke_npke_itpk\/ﬁ { (ispkg(n) _ zsnsigl(n)) . stp\k/gﬁ(n) _ ist2g,;g(n)

$’p2g*(n)  its’pig*(n) | s*t’pig*(n)

2 2v/n 4n

+2t\/ﬁpksg(n) + 2ispptg(n) _ 2nprs’g?(n)
n—1 n—1 (n—1)2

_ 4dity/nps®g®(n) | dpit®sg*(n)
(n—1)? (n—1)?

is 3 n 82 32 42 n
+O(EEBsam) ) 4 (<RI ) 1 0533 g3 (n))

+O(i83tli§%3(n)) B O(ssﬁp%f«’i(n)) + O(%)

+O(ist3pk9(n)) + O<232t31’k92 (")) + O(n33pk93(n))

Va(n-1) V(12 21y
is3t/Tprg®(n s*tprg® (n St pug’(n
ORI — 0GR + O (5705 |
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Now we observe the following:

1. For all k € I, exp(—itpgy/n) — 1 uniformly since px/n < \ﬁ\_@ —0

2. It is easily checked that every additive term of E} converges to zero uniformly for all

k € I. Therefore 4) is checked.

3. It is easily checked that, for every term within the curly brackets in (6), denoted by

7(s,t,m, pi), except the fourth and ninth terms,

Do (s tn,pr)| < e (s, tn,pr)| — 0

1

uniformly by Condition 3.2.1.

The uniform convergence of Y ; np3g*(n)e Pk and Y [ o2 pig*(n)e Pk are directly
guaranteed by Condition 3.2.1. Therefore 2) is checked. The uniformity of the convergence
for >, By and hence for ) |Ey| guarantees 6).

For 5), since By = exp <—§pk + O(t3pkn_1/2)) and ——pk + O(t pkn_l/Q) — 0 uni-

formly, we have

t2 3 -1/2 2

— + O(t’prn t

|Br — 1| < | 21:5 (#pk ) =0 <—pk + t3pkn_1/2>
1—|—5pr+O(3prn=1/2)| 2

and hence

S B -1 <0 (fzm 2] 3 ) <O + |,
I

I

Lemma 15 and Lemma 19 give immediately the following corollary.

Corollary 4. Under Condition 3.2.1, [[,;(Bx + Ex) ~ [[; Brexp(D>_; Ek)-

Lemma 20. Under Condition 3.2.1, [[(Bg + Ei) — Be”, where B = lim[[ By and E =

lim ) F.
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Proof.

[I(Bk+ Ex) = I1;(Bk+ Ex) [1/(Be + Ex) ~I1;(Be + Ex) [I;; Be ~ (by Lemma 18)
~ TI; Br(exp)_; Ex) [1;; Bk (by Lemma 19)

~ [IBr(exp)_ Ek) (by Lemma 18).

Remark 1. At this point, one may see the reason why it is imposed that g(n) = O(n'=2%)
for some small positive J. If g(n) is let to be a sequence increasing to infinity in the order of
n or faster, > ;; £ — 0 cannot be established using the current method. The proof for (a)
of Lemma 18 will break down. Consequently, the partition of K = IUII will not effectively

support the subsequent proofs.
3.3 Main Results

Theorem 5. Let g(n) be as in (1). Under Condition 3.2.1,

g(n)(my — Tb) % N(0,4cs + c3).

2
Proof. Since lim [[ By, = e~2 and
2
limZEl€ = —% (liman‘ng(n TPk —I—hmzél kag 2(n)e "p’“) ,

2/ n _n
lim H, = < 12 /e_t;dt> e*%(hmznszQ( n)e pk+11mz4 1)2pkg 2(n)e Pk) e %(53—&—4@)
\V &7

which is the characteristic function of a normal distribution with mean zero and variance
c3 + 4co.
Given a g(n) satisfying (1), Condition 3.2.1 imposes a rate of convergence for {py}. To

see that and that the condition of Theorem 5 describes a non-empty class of distribution,
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we consider the following example.

Ezample 3.3.1. Let p, = m, k=1,---, where c = W Then g(n) must be of order
O(n3/*) for Condition 3.2.1 to hold.

To see this, we have

92(n) floo (m+21)4€ (Z+1)2dx = 0292(n) f01/2t267cnt2dt
9 9 22cn t2 _ﬁ 1
= g*n) fo ? gme Tt (7)
_ g>(n)
= 02w

The last expression goes to a non-zero constant if and only if g(n) = O(n3/%).

Similarly,
@ = 32 o0 ©
n) [°n z+1 —Sme @+D? e = ¢ g*(n)n [ —rse | @7 4

(:Jc+1)

1
= A3¢*(n)n [ tGe_c”tQt%dt

1
— 6392 (TL)TL f02 t4efcnt2dt (8)

2 n
= o4

The last expression goes to a non-zero constant if and only if g(n) = O(n3/%).

Let us consider the following condition:

Condition 3.3.1. As n — o0,

1. CWE(N,) — 2 >0,

2. LU B(N) - @ >0, and
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3. ca+c3>0.

Lemma 21. Condition 3.2.1 and Condition 3.3.1 are equivalent.

Proof. Let us again consider the partition of K = I U II. First we note that p?e™" has
a negative derivative with respect to p on interval (2/n,1] and hence on (v/2/n'=9, 1] for

large n. Therefore, since there are at most 2 f terms in I1,

2(n, 2(n, (e 2(n, _ (n=2)v2
0< SRS (- p)"? < SR phe I < SRICHS (e
< 9 (n) an\[ (nﬁs)zef% — O(n1—35)e—0(n6) 0.
Thus we have
. g*(n) . g%(n) o 2 n—2
lim 3 E(N3) = lim 3 Cank(l — k) 9)
1
and
lim g*(n) Zpi exp(—npy) = lim g*(n) Zpi exp(—npy). (10)
I

On the other hand,

2 2
COC2S p2(1—p)" 2 < LR 2 e (e < L2 exp(2sup, pr) Oy ple .

Furthermore, applying 2) and 3) of Lemma 17 in the first and the third steps below

respectively, we have

_ 2 -2 2
S L =) 2 = SO Y pexp (— U ) = CUCE Y pexp (— 1=y )

2
> S0 C2 oxp(—2n(sup; py)?) 32, ple "Px.

Noting the fact that limexp(2sup; pr) = 1 and limexp(—2n(sup; px)?) = 1 by the
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definition of I,

2 2
lim gn(;l) C? sz(l — )" % = lim gn(;l) C? Zpie_npk,
I I

and hence by (11) and (12), we have the equivalence of the first parts of Condition 3.2.1
and Condition 3.3.1:

2
. g*(n
lim 71(2) fhmg G*(n)p? exp(—npy).

The equivalence of the second parts can be established similarly.
Let us again consider the partition of K = I U II. First we note that p>e™™” has a
negative derivative with respect to p on interval (3/n, 1] and hence on (v/2/n'~?, 1] for large

. 1-5 .
n. Therefore, since there are at most > terms in 117,

V2

2(n 2(n o 2(n _(n=3)v2
0< gn(z )Cg anz(l —Pk)n_g < gn(2 )Cg anie (n=3p < 7971(2 )Cr?i Zu(n‘{i)% nl=?
(n—3)V2
< L ean 2 (V23T ET = On!=¥)e00") 0,
Thus we have
. g*(n) . g%(n) s 3 n—3
lim 2 E(N3) = lim 3 Cank(l — Dk) (11)
I
and
lim g*(n Zpk exp(—npy) = lim g%(n Zpk exp(—npg). (12)

1

On the other hand,

Sy (1 —pp)" 3 < ( 9 03 exp(3 supy pr) 32 pie P,

Furthermore, applying 2) and 3) of Lemma 17 in the first and the third steps below
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respectively, we have

2 o 2 -3 2
LT (1 p) ™ 2 RO i ep (~552) 2 TROEE e (i)

2
> 00 O3 exp(—2n(sup; pr)2) 32, phe k.

Noting the fact that limexp(3sup;pr) = 1 and limexp(—2n(sup; px)?) = 1 by the

definition of I,

2
...gn _
lim n(Q)CZ’E pi(l—pk)" —hm 035 p3 TPk
I

and hence by (11) and (12), we have the equivalence of the first parts of Condition 3.2.1
and Condition 3.3.1:

2
.. gn
lim 11(2) fhm E g (n)np; exp(—npg).
Lemma 21 allows us to re-state Theorem 5:

Theorem 6. If there exists a g(n) satisfying (1) and Condition 3.3.1, then

n(7r1 — TQ)

d
JSE(N2) 1 6E(Ny) N1 (13)

As a consequence of Theorem 5, we have the following theorem:

Theorem 7. If there exists a g(n) satisfying (1) and Condition 3.3.1, then

n(m — TQ) d
MM 22) 4 N, 1),
VBN +6N; (0,1)

The proof of Theorem 7 is similar as in Zhang and Huang (2008). (omitted)
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We note that the conditions of Theorems 6 and 7 requires no further knowledge of g(n)
other than its existence.

Theorem 7 leads to an approximate (1 — «)-level confidence interval for 7:

Ty & 24/2y/8N2/n% + 6N3/n2. (14)
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