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Abstract: The bootstrap method works for both smooth and nonsmooth statistics,
and replaces theoretical derivations by routine computations. With survey data
sampled using a stratified multistage sampling design, the consistency of the boot-
strap variance estimators and bootstrap confidence intervals was established for
smooth statistics such as functions of sample means (Rao and Wu (1988)). How-
ever, similar results are not available for nonsmooth statistics such as the sample
quantiles and the sample low income proportion. We consider a more complicated
situation where the data set contains nonrespondents imputed using a random hot
deck method. We establish the consistency of the bootstrap procedures for the
sample quantiles and the sample low income proportion. Some empirical results
are also presented.
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1. Introduction

Variance estimation and confidence intervals are the main research focuses
in survey problems. Popular methods include the linearization-substitution, the
jackknife, the balanced repeated replication, and the bootstrap, which can be
applied to problems in which the parameter of interest is a smooth function
of population totals. When the parameter of interest is a population quantile
or other nonsmooth parameters such as the low income proportion (to be de-
scribed later), the jackknife is not applicable; a counterpart of the linearization-
substitution method is Woodruft’s method (Woodruff (1952)), but Kovar, Rao
and Wu (1988) and Sitter (1992) found that Woodruff’s method had poor empir-
ical performance when the population was stratified using a concomitant variable
highly correlated with the variable of interest. The balanced repeated replication
method works well for quantiles (e.g., Shao and Wu (1992), Shao and Rao (1994),
Shao (1996)), but it requires the construction of balanced subsamples, which can
be very difficult if we have a stratified sample with many strata and very differ-
ent stratum sizes. The bootstrap method works for both smooth and nonsmooth
statistics so that one can use a single method for estimating variances and setting
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confidence intervals based on various statistics. The bootstrap requires a large
amount of routine computation, which is usually not a serious problem with the
fast computers we have nowadays.

Asymptotic validity of the bootstrap was shown by Rao and Wu (1988)
for the case of smooth functions of population totals. Similar results for quantile
problems are expected, but have not been rigorously established. While studying
properties of the bootstrap for quantile problems, we go a step further; that is,
we consider the situation where the data set contains missing values imputed
by using a random hot deck method. Most surveys involve nonrespondents and
random hot deck imputation is commonly used to compensate for missing data.
If we apply the bootstrap by treating the imputed values as if they are true
values, then the bootstrap variance estimator has a serious negative bias when
the proportion of nonrespondents is appreciable. A correct bootstrap is obtained
by imputing the bootstrap samples in the same way as imputing the original data
set (Efron (1994), Shao and Sitter (1996)).

After describing (in Section 2) the sampling design, the imputation pro-
cedure, the survey estimators, and the bootstrap procedure, we establish the
asymptotic validity of the bootstrap estimators in Section 3. Some empirical
results are presented in Section 4.

2. Sampling Design, Imputation, and the Bootstrap

The following commonly used stratified multistage sampling design is con-
sidered. The population P under consideration has been stratified into L strata
with NN, clusters in the hAth stratum. From the hth stratum, n; > 2 clusters
are selected with replacement (or so treated) using some probability sampling
plan, independently across the strata. Within the (h,7)th selected cluster, np;
ultimate units are sampled according to some sampling methods, ¢ = 1,...,np,
h=1,...,L We do not need to specify the number of stages and the sampling
methods used after the first-stage sampling. Associated with the kth ultimate
unit in the 7th sampled cluster of stratum h is a characteristic yp;, and a survey
weight wpe, K =1,...,np,0 = 1,...,np,h = 1,..., L. The survey weights are
constructed so that

1
is unbiased for the population distribution
1
Pa)== Y Ig, @) (2)
Yrik€P

where M is the total number of ultimate units in population P, Y g is the sum-
mation over S, the set of indices (h, i, k) in the sample, and I (x) is the indicator
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function of the set C. Note that M may be unknown in many survey problems
and G in (1) is not necessarily a distribution function. Hence, in the case of no
missing data, a customary estimate of F' in (2) is the empirical distribution

F=G/G(c0) = D wnigly, 3/ D Whik-
S S

Suppose that some values yp;, in the sample are missing and that there are
V' disjoint subsets S, of S such that S = S; U---U Sy and units in S, respond
independently with the same probability, v = 1,...,V. That is, within S,, we
have a uniform response mechanism. The 5, are called imputation classes and
are constructed using auxiliary variables observed for every sampled unit; e.g.,
a variable zp;, taking the same value when (h,i,k) € S, (Schenker and Welsh
(1988), Section 4). Imputation is carried out within the imputation classes; that
is, a missing value with (h,i,k) € S, is imputed based on the respondents with
indices in S,,. For a concise presentation we assume V' = 1 throughout the paper.
The extensions of the results to the case of any fixed V' > 2 are straightforward.

There are two types of commonly used imputation methods: deterministic
imputation (e.g., the mean imputation, the ratio imputation, and the regres-
sion imputation) and random (hot deck) imputation (e.g., Schenker and Welsh
(1988), Rao and Shao (1992)). Deterministic imputation, however, does not di-
rectly produce valid estimates of population quantiles, since it does not preserve
the distribution of item values. We shall, therefore, concentrate on the following
random hot deck imputation. Let Sr and Sj;; be subsets of S containing the
indices of respondents and nonrespondents, respectively. The random hot deck
method imputes missing values by a random sample selecting (with replacement)
Ynik With probability wpix/>>g, whi for each (h,i,k) € Sg. Based on the im-
puted data set, the empirical distribution is

Pl= (Z whik[{yhik} + Z whik]{y{lik}>/z Whik (3)
Sr Sy S

where y/ ., denotes the imputed value for ypx, (h,4,k) € Sy

In studies of income shares or wealth distributions, an important class of
population characteristics is @ = F~1(p) = inf{z : F(x) > p}, the pth quantile
of F', p € (0,1). Another important parameter is the proportion of low income
economic families. Let y = F _1(%) be the population median family income.
Then, the population low income proportion can be defined as p = F(% 1), (% 1
is called the poverty line; see Wolfson and Evans (1990)).

Customary survey estimates of 6 (with a fixed p) and p are the sample pth
quantile and the sample low income proportion defined by

' = ()" (p) and p' = FI(3a"), (4)
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respectively, where i = 67 with p= %, the sample median. Under some condi-

tions, 67 and p! are shown to be asymptotically normal (Chen and Shao (1996)).

We now consider the bootstrap with no missing data. Since some of the ny
may not be large, the original bootstrap (Efron (1979)) has to be modified. We
focus on McCarthy and Snowden’s (1985) “with replacement bootstrap” method,
which is a special case of Rao and Wu’s (1988) rescaling bootstrap. Let {y;, :
i=1,...,n; — 1} be a simple random sample with replacement from {y;,; : i =
1,...,np}, h = 1,..., L, independently across the strata, where y;; = {yni :
k=1,...,np}. Define F* = Do g+ wZikzI{y;ik}/ZS* wy,., where y7 ., is the kth
component of yj,, wy,. is np/(ny, — 1) times the survey weight associated with
Yrie and S* is the index set for the bootstrap sample. The bootstrap variance
estimator for § = F~1(p) is Var,(0*), where 6* = (F*)~!(p) and Var, is the
variance taken under the bootstrap distribution conditional on ynk, (h,i,k) € S.
A level 1—2a bootstrap confidence interval for 0 is C* = [0 +di_,,0+d*], where
d’ is the (1 — a)th quantile of the bootstrap distribution of 6* — 6, conditional on
Ynik, (h,i,k) € S. Monte Carlo approximations are used if Var*(é*) or C* has
no closed form.

When there are imputed data, however, treating y{n-k, as if they are true
values and applying the previously described bootstrap do not lead to consistent
bootstrap variance estimators and correct bootstrap confidence intervals. The
bootstrap procedure has to be modified to take into account the effect of missing
data and imputation. Shao and Sitter (1996) proposed a bootstrap method which
can be described as follows. Assume that the data set carries identification flags
ap; indicating whether a unit is a respondent; that is, ap = 1 if (h,i,k) € Sg
and ap;r = 0 if (h,i, k) € Su.

1. Draw a simple random sample {yj, : i =1,...,n,—1} with replacement from
{ypi :i=1,...,np}, h = 1,..., L, independently across the strata, where
missing values in y,; are imputed by y{nk.

2. Let a};; be the response indicator associated with y; ..., Sty = {(h,4,k) : a};. =
0}, and S% = {(h,%,k) : a};, = 1}. Then impute the “missing” value y,,
(h,i,k) € S%, by y;l, selected with replacement from {y}.. : (h,i,k) € S}

N V];i;élnzrobabﬂity Wi/ > st wj 1., independently for (h,1,k) € S3;.

P = (S + S uiadyy) /S O
% Sz, 5

01 = (F)7Mp),  and = F (50T,

which are bootstrap analogues of FI , o1 , and p!, respectively. The bootstrap
variance estimators for # and p! are Var,(0*!) and Var,(p*'), respectively,
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and bootstrap percentile confidence intervals for  and p are

=10+ dil,, 0"+ df) and O =T +diL,, oM+ A,

1—a»

respectively, where di! and cizl are (1 — a)th quantiles of the bootstrap distri-
butions of 6*/ — 4! and oL — pl, respectively.

The key feature in this bootstrap method is step 2; that is, the bootstrap
data y;,,. are imputed in the same way as the original data set. If there is no
missing data, then step 2 can be omitted and this bootstrap reduces to that in
McCarthy and Snowden (1985).

3. Consistency of the Bootstrap

We now show the consistency of the bootstrap estimators. For this purpose,
assume that the finite population P is a member of a sequence of finite popula-
tions {P, : v =1,2,...}. Therefore, the values L, M, Ny, np, npi, Whik, Yhik, and
y{”-k depend on v, but, for simplicity of notation, the population index v for these
values will be suppressed. Also, F, 0, u, p, G, F,FI él, 4!, and p! depend on
v and will be denoted by F,,, 0., i, pv, G, F,,, FVI, él{, ,&ﬁ, and ﬁi, respectively.
All limiting processes will be understood to be as v — oco. We always assume
that the sequence {6, : v = 1,2,...} is bounded and that the total number of
selected first-stage clusters n = Z,I;:l np, is large; that is, n — 0o as v — oo.

We first state a lemma whose proof is given in the Appendix.

Lemma 1. Assume that

(A1) maxy;  npwhie/M = O(n™1);

(A2) There is a sequence of functions {f, : v =1,2,...} such that 0 < inf, f,(0,)
<sup, fu(0,) < 0o and for any 6, = O(n‘1/2),

lim I:Fl/(el/ + 5;/) - Fl/(el/)

~ L(6)] =0,

V—00

Then
sup  |Hj(x)] = 0p(n~/?)

|z—0,|<cn—1/2

for any constant ¢ > 0, where
Hy(x) = Fyl(x) = F}1(0,) — FJ(x) + F}(6,). (6)

The following result provides a Bahadur representation for the bootstrap
sample quantiles.

Theorem 1. Assume (A1) and (A2). Then
EJ(0,) - F37(60,)
fv(0y)

él"jl = él{ + + op(n_1/2) (7)
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and

sup | K (2) — Ky (2)] = 0p(1), (8)
where K, is the distribution of V(0L —6,) and K* is the bootstrap distribution
of /n(0:1 — 01), conditional on Sr and yu, (h,i,k) € Sg.

Proof. Define (;(t) = v/n[F, (0, +tn~"/2) = F;1 (6, +tn="/2)]/ f,(6,) and 1} (t) =
V[E, (0, +tn=Y2) — EX(6*1)]/ f,(6,). By Lemma 1 and Lemma 1 in Chen and
Shao (1996),

Gr(0) = (1) = Vn[H, (0, + tn™ %) + H (6, + tn” V)] £,(6,) = 0, (1),
where H,(z) = F!(z) — F1(60,) — F,(z) + F,(6,). From (A2),

F,(0, + tn_l/Q) - 1,(0,)
fu(0,)

N
Also,

)\/_ F*I(Q*I)

fu( v)
Hence n};(t) —t = 0p(1) and

‘ PRV 1 w}knk

= fu(6y) [M G (o) h,z,k M ] = Op(n_1/2)-

F,,(GV) — F;I(GV)
fv(6y)
Then result (7) follows from (9) and the Bahadur representation for 62 (Theorem

2 in Chen and Shao (1996)). Result (8) can be shown using result (7) and the
bootstrap central limit theorem (Bickel and Freedman (1984)).

Val6;T -0, - | = VA" = 0,) = G (0) = 0, (1) (9)

The next result is for bootstrapping the sample low income proportion.

Theorem 2. Assume that (A1) holds and that (A2) holds when 0, = u, and
0, = %uy. Then

Ak ~ * - fv v - sk _
pil = 2L = BT (h) — BE (b + SGE B (1) — B ()] + 0, (n /%) (10)
and . )
sup |K,(z) — K, (z)| = op(1), (11)
where K, is the distribution of /n(pl — p,) and K* is the bootstrap distribution
of v(py" — py)-

Proof. Result (11) can be obtained from result (10). Hence we only need to
show (10). From Lemma 1,

Ul = B G = B () = B (5is") + F) (30w) = op(n™'72).

v
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Using (A2), Lemma 1, Theorem 1, and Theorem 3 in Chen and Shao (1996), we
have

oyl — by = EGigh) — Bl (5i)
= B (L) — B1(Sp) + FI Gty — BI(Lal) + Us
— E () — BL ) + B (Ai!) = Fy(3d) + 0p(n~1/2)
= B! (bi) — FlGu) + 3 FL () — B () + opln™12).

From Theorems 1 and 2, the bootstrap confidence intervals C*/ and C*! are
asymptotically correct, i.e., P{f, € C*!} — 1 —2a and P{p, € C*'} — 1 - 2a.

The consistency of the bootstrap variance estimators is established in the
next two theorems. Their proofs are given in the Appendix.

Theorem 3. Assume (A1) and (A2') (A2) holds with any 5, = O(n~/?\/logn).
Assume further that

1 G
€
e ];;E(k:q}%m [ynirl ) = 0 (12)

for some € > 0 and that liminf, no2(0,) > 0, where o2(z) is the asymptotic

variance of F1(x). Then
n[Var.(6;1) — 07(6,)/ £2(6,)] = 0,(1). (13)
Remark. (1) Condition (A2') is slightly stronger than (A2). Using (A2') and

the same arguments in the proof of Lemma 1 as in Chen and Shao (1996), we
can show that

sup B (@) = FR(0,) — Fule) + F(0,) = 0p(n™'%)  (14)
|z—0,|<cn—1/24/logn
for any ¢ > 0.

(2) Condition (12) is a very weak moment condition since € can be any positive
number. Without this condition, the bootstrap variance estimator for Ql{ may be
inconsistent (Ghosh, Parr, Singh and Babu (1984)).

Theorem 4. Assume that (A1) holds and that (A2') holds with 0, = $u, and
0, = . Then
n[Var (351) — 42 = 0,(1), (15)

where v2 is the asymptotic variance of pl, given by

fl/ 1 v 2 fl/ i v
k= ot Gm) + o) 5] - o m)RES (9)
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and o, (x,1) is the asymptotic covariance between FI(x) and F!(y).

4. A Simulation Study

We present the results from a simulation study examining the performance of
the bootstrap percentile confidence interval and the bootstrap variance estimator
in a problem where 8! = (F1)~1( %), the sample median. For comparison, we also
included Woodruff’s method in the simulation study.

We considered a population with L = 32 strata. In the hAth stratum, the
y-values of the population were generated according to yp; - (Yh,a%), 1=
1,..., N, where the population parameters Ny, Y}, and o}, are listed in Table 1.

Table 1. Population parameters and ny,

h Nh Yh Op np h Nh Yh Oh np
1 38 13.7 | 6.7 3 17 34 9.2 | 45 2
2 38 13.0 | 6.5 3 18 34 9.0 | 4.6 2
3 38 12,5 | 64 3 19 34 9.8 | 44 2
4 38 12.0 | 6.6 3 20 34 8.6 | 4.1 2
) 38 12.3 | 6.1 3 21 34 8.3 | 4.9 2
6 38 11.7 | 6.8 3 22 22 8.2 | 4.6 2
7 38 114 | 6.3 3 23 22 8.0 | 4.3 2
8 38 11.2 | 64 3 24 22 7.9 | 4.7 2
9 38 11.0 | 5.5 3 25 22 7.8 | 3.1 2
10 38 10.8 | 5.6 3 26 22 75 | 3.9 2
11 38 106 | 5.9 3 27 22 7.2 | 3.7 2
12 34 103 | 5.3 2 28 22 7.0 | 3.6 2
13 34 10.1 5.4 2 29 22 6.7 | 34 2
14 34 9.7 5.8 2 30 22 6.4 | 3.2 2
15 34 9.5 4.8 2 31 22 6.1 | 3.5 2
16 34 9.4 4.7 2 32 22 6.0 | 3.7 2

After the population was generated, a simple random sample of size nj, was
drawn from stratum h, independently across the 32 strata. Thus, the sampling
design is a stratified one stage simple random sampling. The sample sizes n;, are
also listed in Table 1.

The respondents {yp;, (h,i7) € Sgp} were obtained by assuming that the sam-
pled units responded with equal probability p. The missing values {yn;, (h,i) €
Sy} were imputed by taking an ii.d. sample from {yn;, (h,i) € Sg}, with se-
lection probability wpi/ Y- 4, wni for yui, (h,i) € Sg, where the survey weight
wp; = wp, = Np/ny, in this special case.

The bootstrap percentile confidence interval (for the population median)
and the bootstrap variance estimator (for the sample median 6! ) were computed
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according to the procedure described in Section 2. Monte Carlo approximations
of size 1,000 were used in computing quantities such as d*’ and Var,(6*/). The
Woodruff’s confidence interval is

[(FN)~1(3 —1.966(07)), (F1)~*(1 +1.966(8"))],

where, for any fixed x, 62(z) is the adjusted jackknife variance estimator (Rao
and Shao (1992)) for the “statistic” I (x). Woodruff’s variance estimator is
given by

(F1)~1(3 + 1.9663(67)) — (F1)~1(% — 1.9667(07)) 2
[ 2 x 1.96 ] '

The simulation size was 10,000. All the computations were done in UNIX
at the Department of Statistics, University of Wisconsin-Madison, using IMSL
subroutines GENNOR, IGNUIN and GENUNF for random number generations.

Table 2. Results for the sample median

RB (%) MSE Prob (%) | Length
p (%) | True Var | BM WM | BM WM | BM WM | BM WM
100 0.69 1.4 6.3 1032 037 ]926 936 | 3.19 3.10
90 0.86 04 121|041 048 [ 929 96.0 | 3.54 3.57
80 1.03 23 192 1053 063 931 96.8 | 3.91 4.03
70 1.20 59 259 ] 0.67 0.80 | 93.3 974 | 4.28 4.47
60 1.47 4.7 259 1084 098 | 93.1 97.9 | 4.70 4.94
50 1.77 80 288 | 1.10 1.27 | 93.8 97.7 | 5.21 545
40 2.19 114 32.0 | 144 1.67 | 946 97.7 | 5.88 6.10

BM: the bootstrap method
WM: Woodruff’s method

Table 2 lists, for some values of the response probability p, the true variance
of 67 (approximated by the sample variance of the 10,000 simulated values of
6'), the empirical relative bias (RB) of the bootstrap or Woodruff’s variance
estimator, which is defined as (the average of simulated variance estimates — the
true variance)/ the true variance, the mean square error (MSE) of the bootstrap
or Woodruff’s variance estimator, and the coverage probability and length of 95%
bootstrap or Woodruff’s confidence interval.

The following is a summary of the simulation results.

1. Variance estimation. The bootstrap variance estimator performs well, but
Woodruff’s variance estimator has a large relative bias (except in the case
of no missing data) which results in a large MSE. In the case of no missing
data, the poor performance of Woodruff’s variance estimator was noticed and
explained by Kovar, Rao and Wu (1988) and Sitter (1992). In our simulation
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study, Woodruff’s variance estimator behaves well when there is no missing
data, but performs poorly when there are imputed data; the relative bias of
Woodruff’s variance estimator increases as the response rate decreases.

2. Confidence interval. In the case of no missing data, both confidence intervals
have coverage probability about 93%; Woodruff’s interval is slightly better
and has slightly shorter length. When there are imputed data, Woodruff’s
interval is slightly longer than the bootstrap percentile confidence interval
(which is related to the large positive bias of Woodruff’s variance estima-
tor); the coverage probability of the bootstrap percentile confidence interval
is around 93-94%, whereas the coverage probability of Woodruff’s interval is
around 96-98%. The coverage error of Woodruff’s interval is not serious in
this simulation study, but the problem could be much worse if the coverage
probability of Woodruff’s interval were 95% in the case of no missing data or
if the bias of Woodruff’s variance estimator were negative instead of positive.
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Appendix

Proof of Lemma 1. The proof is very similar to that of Lemma 1 in Chen and
Shao (1996). Let E,; be the expectation under the bootstrap imputation. Then

Eq(F)) =G gt = BT

where )
*R __ *
Gy =17 SZ Whir {1

R

¢ = G (00), and FF = G*F /g1, Define

H! (z) = F}! (x) = F1(0,) — E3T(2) + E(6,)

v

and
H P (2) = GiR(x) — G3F(0,) — R IES () — BR(6,)).

Then E,[H}®(x)] = 0. Following the proof of Lemma 1 in Chen and Shao (1996),
we can show that

sup | H (2) + Hy (@) [a)"| = 0p(n™1/?)

|z—0,|<cn—1/2
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and
sup  |HL(z)] = 0p(n /).

|z—0,|<cn—1/2
Hence, the result follows from H}(z) = H}!(z) + H:®(x)/q;F — HL(x).

Proof of Theorem 3. The proof parallels that of Theorem 1 in Ghosh et al.
(1984), but some modifications are needed to take into account the stratified
multistage sampling and the imputation. From (8) and 61 — 0, = 0,(n~12), it
suffices to show that

E V(0 —6,)*0 = (2+5)/0 P A/n|6:E — 0, > tydt = 0,(1)  (17)

for a § > 0, where E, and P, are the expectation and probability with respect
to bootstrap sampling. Note that

é*[ € 1 L np
v < € _ 1
ke < s bl < i 33 = 0,0

under condition (12). Hence P{P.{\/n|0*! —0,] < b,} = 1} — 1, where b, =
nl/2+(+€)/e Therefore, (17) follows from

bn R
/ B P alfE — 6] > thdt = O,(1). (18)
1
From (A1), there is a constant ¢; > 0 such that

P{n sup Var, [G:E(z) — ;B ER(2)] < 01} — 1.

Also, (A1) implies the existence of a constant cp > 0 such that sup, maxy, ;  wrix/M
< 3. Let cc = 3[2 + (1 +€)/€](2+ 6) max{cy, c2} and a,, = co\/cclog n, where ¢
is a constant satisfying inf, f,(6,) > dpp'cy . By (14),

I 2ERB, + an™Y?) — FE8,) — Fy(0, + ann™?) + F,(6,)] = 0,(1);

v

by (A2), liminf, a; 'n'/2[F, (0, + a,n~'?) = F,(0,)] > 4pp'cy ! and a; 'n'/?[FF
(6,) —p] = 0p(1). Hence P{ER(6, +a,n=?)—p > dpr'cytayn=/?} — 1. Thus,
in the rest of the proof we may assume

nsup Var, [G3R(z) — ;P EF ()] < o1 (19)

and
ERO, + an™?) —p> dppteytann -1/2, (20)
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Define
By ={q;"|(F;" = EFY(0, + ann™ )] > ¢l ann ™2} U {q) < pr/2}

Using Bernstein’s and Hoeffding’s inequalities, together with (19), (A1), (A2')
and the choice of ¢,
P.(B}) = 0,(b; ).

v n

By (20), on the complement of the set B, ¢:F[E (8,4a,n~"/?)—p| > cg Lann="/>.

v v

Hence, by Hoeffding’s inequality again,

P*I{\/ﬁ(éztl —0,) > an} = P{p > F;I(QV + ann_1/2)}
< exp{—2n[g;R(EE(0, + ayn™?) — p))*/ca} + Ips
< exp{—2cclogn/ca} + Ip:,

where P,y is the probability with respect to the bootstrap imputation. Therefore,

by, . bn N
/ PO —60,) > tYdt =E, | P, {V/n(0: —6,) > t}dt

n an

< B0y Par{ V(05 = 0,) > an)]
< bfﬂ"s[exp{—%E logn/ca} + Pi(B,)]
= 0,(1). (21)

Similarly, it can be shown that

/ " O PA/n(0: —60,) < —t}dt = O,(1). (22)

n

Let t, = 6, + tn~'/2. Then

[ RRG -0,) > it = [P > B (1)t
1 1

< [THPPAIR ) - F (1)) 2 Fo(t,)-p)di
1

n o Fl () \ (4
S/l mE*|Fu(tu) — F ()] dt
9 an t1+5
< Op(n )/1 t4n——2dt’

where the last inequality follows from (A2') and the fact that (Al) and (A2)
imply

sup  EL|Fy(t,) — F' (8)|* = Op(n?). (23)
1<t<an
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By choosing § € (0,1), we obtain

/ " PR — 0,) > thdt = O,(1). (24)

1

Similarly,

/ "R P (R8s — 6,) < —t}dt = O,(1). (25)
1
Hence (18) follows from (21)-(25). This completes the proof.

Proof of Theorem 4. From (11) and 5} — p, = O,(n~'/?), we only need to
show

EVa(py = po)P* = 0,(1) (26)

for a § > 0. From (A2'), there is a constant ¢ > 0 such that /n|F, (345))—p,| >t
implies v/n|i5! — | > ct for all v and 0 < t < v/logn. Noting that 0 < F, < 1,
we obtain

V2n
EVAIE, (35) — p 770 = 2+0) [ 15 PAVRIE (i) - )] = e
< (2n)"PP2PAVR|F, (305 — py)| > VIogn}
N
+@+0) [N PAVRIE A — p)| 2 that
(271)1+6/2P {\/_‘A*I _ /“Ll/‘ >ec /—logn}
Jiogn
+@+0) [V PAVAl — ol 2 ety
0
=0yp(1) (27)
by the proof of Theorem 3. Similarly,

ENVnlpy' = B (3D <n' TP, {f " — | > viogn}

IR PG ) R W P Y o
=0p(1) + E. sup ValEy! (z) = F ()], (28)

where D, = {2 : [z — 1p,| < n~1/2\/logn}. Hence (26) follows from (27), (28)
and

E, sup |Vn[F!(z) — Fy ()] = O,(1). (29)

ZEGDV

Since E*\\/H[F;I(%uy) — )20 = 0,(1), (29) follows from (14) and

E, sup |v/n[H;(2)]*T° = 0,(1), (30)

CEGV
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where H;(z) is defined by (6) with 6, = Zu,. From the proof of Lemma 1 in the
Appendix, (30) follows from

B max [VRH (0,0 = 0p(1) (31)

and
E. max IV (n,0) P10 = 0,(1), (32)

where 7,0 = 311, + n=3/2/lognt, ¢ = —n,...,n, H%(x) and H* () are defined
in the proof of Lemma 1. Using Bernstein’s inequality, we obtain that

E. max |[vVnH"(n,o)*"
—n<t<n

_ 0 1+06 *R
= @+0) [P max |VRH (0] > tdt
00 t2
<4240 / t+o — dt
<4(2+0)n ; exp{ Op(n_l/Q)(\/m+t)}

=0p(1).

Therefore, (31) holds. (32) can be similarly shown. The proof is completed.
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