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Abstract

Recurrent event data are largely characterized by the rate function but smoothing techniques for
estimating the rate function have never been rigorously developed or studied in statistical
literature. This paper considers the moment and least squares methods for estimating the rate
function from recurrent event data. With an independent censoring assumption on the recurrent
event process, we study statistical properties of the proposed estimators and propose bootstrap
procedures for the bandwidth selection and for the approximation of confidence intervals in the
estimation of the occurrence rate function. It is identified that the moment method without
resmoothing via a smaller bandwidth will produce a curve with nicks occurring at the censoring
times, whereas there is no such problem with the least squares method. Furthermore, the
asymptotic variance of the least squares estimator is shown to be smaller under regularity
conditions. However, in the implementation of the bootstrap procedures, the moment method is
computationally more efficient than the least squares method because the former approach uses
condensed bootstrap data. The performance of the proposed procedures is studied through Monte
Carlo simulations and an epidemiological example on intravenous drug users.
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1. Introduction

Recurrent event data are frequently encountered in longitudinal follow-up studies when
study individuals experience multiple events repeatedly over time. In this paper, we consider
recurrent events of the same type, and develop methods and theory of smoothing procedures
for estimating the rate function of recurrent event processes.

Recurrent event data are largely characterized by the rate function. In the regression context,
semi-parametric marginal rate models were considered by Pepe & Cai (1993) and score
equations were proposed for the estimation of regression parameters. Lin et a/. (2000)
further provided a rigorous justification of the marginal model through the empirical process
theory. Recent work on the estimation of the cumulative rate function, which is formulated
in the framework of counting processes, can be tracked back to the paper of Nelson (1988).
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Under the Poisson process assumption, Bartoszynski et al. (1981) considered a class of
smoothing methods to estimate the rate function. In their theoretical development, the
censoring times are assumed to be pre-fixed constants. For recurrent event data without the
Poisson assumption, Lawless & Nadeau (1995) and Nelson (1995) studied non-parametric
procedures for estimating the cumulative rate function and developed the corresponding
robust variance estimates. Although counting process methods for estimating the cumulative
rate function have been thoroughly studied, smoothing techniques for estimating the rate
function have never been rigorously developed or studied without the Poisson assumption.

Let M) denote the recurrent event process in a finite interval [0, 7], where 7 is a positive
constant. The rate function of a continuous recurrent event process at £, ¢ [0, 7g], is defined
as

P (N (t+A) = N (2) >0)
A .

A =1
()= lim,

Note that the definition of the rate function is different from the conventional intensity
function where the intensity function is defined as the occurrence probability of recurrent
events conditional on the event history up to ¢ The rate function is defined as the population
average of occurrence probability of recurrent events at time point ¢ unconditionally on the
event history. Because its marginal interpretation is useful for risk factor comparison, the
rate function is preferred to the intensity function as the tool for analysis in many public
health and biomedical applications.

Suppose the data are collected from n7independent subjects experiencing recurrent events
and the observation of recurrent events from each subject could be terminated due to loss of
follow-up or end of the study. For the ith subject, let AV{(?) denote the recurrent event process
in [0, 7p], and let Y}, 0 < Y;< Tp, be the censoring time at which the observation of N{J) is
terminated. In this paper, we propose smoothing methods of the rate function under the
following model assumption:

(A1) Each recurrent event process { V{(} satisfies E[dN(D|0{D] = o{HA(DdL, where d() =
1[y24 is the at risk indicator.

Note that the above model is also a model of Lin ef a/. (2000), and Scheike (2002) without
considering covariates. As one can see, assumption (Al) is a practically unrestrictive
assumption which does not place any specific distributional condition (e.g. Poisson
assumption) on the recurrent event process. Based on the above model, we develop the
moment and least squares methods for estimating the rate function and study the properties
of the proposed estimators. In addition, bootstrap procedures are proposed to establish the
criteria for bandwidth selection and to construct the practical confidence intervals for the
rate function. In this study, the pros and cons of these two estimation methods are identified
and explored. First, unlike the moment method, the least squares method does not produce
estimates with nicks occurring in the curve at the censoring times. Secondly, under some
regularity conditions, the asymptotic variance of the least squares estimator is smaller than
that of the moment estimator. Thirdly, in the implementation of bootstrap procedures, the
bootstrap analogue of the moment estimator can be computed via the condensed bootstrap
data instead of the original raw data, and is thus faster in computation. The contents of this
paper are organized as follows: section 2 introduces the moment and least squares methods
for the estimation of the rate function. In section 3, we propose bootstrap procedures for
selecting bandwidths and constructing practical confidence intervals. Section 4 establishes
asymptotic properties of the proposed estimators and the corresponding bootstrap analogues.
The consistency properties of the estimators for bias correction are also derived in this
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section. Monte Carlo simulations are conducted in section 5 to examine the performance of
the proposed procedures. In section 6, the methods are applied to data collected in an
intravenous drug user study. A discussion of the estimation methods will be provided in
section 7.

2. Estimation methods

In this section, two types of smoothing estimation methods for A(#) are proposed. To avoid
edge effects in the boundary region, the Ah order boundary kernel weight function of Gasser
& Miller (1978) with adjustment for the censoring time is used in our estimation
procedures. The reason for doing so is mainly to reduce and estimate the bias terms in the
proposed estimators. In the next section, we will use the difference of the second order and
the fourth order kernel estimators to estimate the dominant biases of the proposed second
order kernel estimators.

The first kernel estimator, which is the improvement of the window type estimation of
Bartoszynski et al. (1981), is given by

— N5, : - &
T2 () =25—8 ( Jo Ky (th—“) dN; (u)) = ‘f;—g; re[0,Tol, (1
=1 4 =1

where K (-) is the th order boundary kernel function with adjustment for s, /is a positive
valued bandwidth, d.(9 = Z_, (8, 7o is the maximum value of the censoring times or the
recurrent event times, and the term &{9) = (9(9) fg[ Kyjo((t= t)lh)dNfy)) in (1) is an
estimator of the subject-specific rate function A{#) for ¢in the interval [0, Y7]. Similar to

estimators considered by Ramlau-Hansen (1983), Tanner & Wong (1983) and Yandell
(1983) for intensity or hazard function, another estimator is obtained by smoothing the

Nelson—Aalen type estimator A, (#) = | ;2?:1(5,(u)/d(u))dN,(u) as below,

< 0 —u\ ~ ol —u\ 6; (u) dN;
Tz 0=]"Key (th_,u)d‘\"(”)zzfg KTO-Z(th,u) r ?) < o
i=1 .

As A, 2(9 can also be obtained by minimizing the sum of the squares

2
S (A() k) = — A0 Ky (t - ”) du

n
=

0
1

fro[é,- (u) dN; (u)
S . (uw)du

with respect to A(2), it herein is called the least squares estimator of A(2).

Note that A, »(£) is computed by smoothing the empirical subject-specific rate estimator,

whereas 7,,“2(1‘) takes the average of the subject-specific rate smoothers. The least squares
method produces a smooth curve but the moment estimator has some nicks occurring at the
censoring times. To avoid the problem of nicks, the estimated curve can be re-smoothed by
using a smaller bandwidth. When there is no censoring on the recurrent event processes (i.e.
the censoring times equal a pre-fixed constant), it is easy to see that these two estimators are

the same. In the succeeding sections, we will investigate the properties of '/l\h,,z(t) and A, »(9)
through the empirical process theory of recurrent event processes.

Scand Stat Theory Appl. Author manuscript; available in PMC 2013 September 21.
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3. Bootstrap methods

In this section, we will propose and study the bootstrap analogues of the two kernel
estimators. As subjects are independently selected, a natural bootstrap sampling scheme
following the work of Efron (1979) is to re-sample the entire measurements y;= {(N{("), Y}

of each subject with replacements from the original data. Let {y’f”,..., y'*} denote the
bootstrap sample of {y1, . ,y.}. Then, the bootstrap analogues, say, 725(1‘) and ;lZf’Q(t) of
'/fh,,z(I) and 2, »(#) are computed based on the bootstrap sample.

It can be seen that 725(1) can be directly computed from the condensed bootstrap data
{u’{” (1) ,...u™ ()}, which is the bootstrap data of {uy(3, ..., u(H} with u{d = (&(d, (D).
In contrast, iZiz(z) needs to be computed from the raw longitudinal bootstrap sample

{y’l'b,..., y'*}. Therefore, the bootstrap estimator JZiz(l) requires more computational time and
memory space than those for the bootstrap estimator 725’,2(1). In the succeeding subsections,
the bootstrap analogues will be used in the bandwidth selection and the construction of

approximated confidence intervals.

3.1. Bandwidth selection

Conditioning on the recurrent event data, the bootstrap analogues iZiZ(O and 7Zf2(0 both can

be shown to be the approximately unbiased estimators of ’/l\hhz(t) and 2, »(9. Thus, these
bootstrap estimators fail to mimic the biases of the estimators because the bootstrap bias is
relatively negligible. To remedy this problem, the bias correction of Schucany (1995), using
the difference of the second and the fourth order kernel estimators, is extended in this case to

approximate the biases of ﬁhhz(l) and 2, 2(2) by
by, (=D 2 () = Apa () and by, ()=Dy2 () = s (. @)

In practical implementation, K ((¢- t)/h,) is often assigned to be K ((¢— w)/h) = aLags, (¢
= W)l h) K((t- W)l h) with afs, 1) and K(-) being separately the (/- 1)th polynomial function
of vand a symmetric density. The dominant bias term of each estimator at each time #can be
estimated by using the estimators in equation (3) at the specified bandwidths as Schucany
(1995). Under the considered data setting, we find that the method performs well in the

numerical studies. Using the estimated dominant bias terms, say, 3; and BZ[ for the bias
adjustment and the sample variances of the bootstrap estimators, it is reasonable to

approximate the mean squared errors, say, mse(ﬁht,z(t)) and mse(, 2(9) of E,t,z(t) and 1,2
(9, respectively, by

mse™ (U2 0) B3} 04V (T3 0) - and - mse™ (2 0) =B 04V (120). @

where V() denotes the sample variance of a bootstrap estimator. The local bandwidth
estimators, say, 7, and j,, at time tare then defined to be the minimizers of mse"2(3,, »(1)

and msﬁb(ihl,z(t)). Moreover, the global bandwidth estimators for 71\,1“2(0 and 1, »(#) can be
obtained by minimizing the mean integrated squared errors

mise™ (/fh,z) = f gomse"b (/ih,g (t)) n()dt and mise™ (/Nlh,z) = f gomse"b (/Nlh,z (t)) n()ds, (5)
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where £ is a positive time-independent bandwidth and 77(#) is a non-negative weight
function. Generally, the mean integrated squared errors provide a variety of global distance
measures to investigate the accuracy of the considered estimator. In implementation, the
weight function 7(J) is often assigned to be a uniform density function.

3.2. Confidence intervals

For the construction of confidence intervals, it is well known that the plug-in asymptotic
procedure often provides poor estimates. Here, the bootstrap method is considered to be a
good alternative for the construction of confidence intervals. The basic idea is to use the
empirical distributions of the bootstrap quantities to approximate the sampling distributions
of the corresponding estimators. The validity of the proposed procedures will be verified in
the next section. The bootstrap procedure for the moment method below describes the steps
for constructing the approximated (1 — a) pointwise and simultaneous confidence intervals
for A(? with bias correction.

11 Drawthe bootstrap sample {u1 | u’} of size nwith replacement from the
condensed data {uy, ..., Us}.

12 Compute the bootstrap estimator /lh (9 and D}(9 = /lh () - (D) based on

the condensed bootstrap data drawn in step 1.1.

1.3  Repeat steps 1.1-1.2 Btimes, and compute the standard errors and the
percentiles of B bootstrap estimators a .2(9 and D"b(z‘) and Wbﬁh) =supy v |

DP(D1se™(A%(D)], where se™(.) denotes the standard error of bootstrap
estimators and Y is a time period.

1.4  Construct separately the approximated (1 — @) pointwise and simultaneous
confidence intervals for A(9) via

(2 =B, (1) = O oo (T2, ) A2 () = B, (1) = O, (T2, ) (6)
and
T2 (0= By, () = 5" (3, (0) 017, (M (1))

Here, Q;’f’(-) is the pth quantile of B bootstrap estimators.

As an alternative to the above bootstrap percentile intervals in step 1.4, one can also use
separately the pointwise and simultaneous intervals of the forms

A2 (1) = by, () £ 2(1-ays€” ( (l))

and

’/l\h,,Z ®) _’b\Z, ) +In (—1 ( )) nb (A (t))

where Z1-q2) is the (1 — ar2) quantile value of the standard normal distribution. As for the
least squares method, we first re-sample the entire measurements y, of each subject with
replacement from the original data {y1, ..., Y-}, and then compute the bootstrap estimator

/l,, 2(1) based on the bootstrap data {y1 ...y}, Same with steps 1.2-1.4, the approximated

Scand Stat Theory Appl. Author manuscript; available in PMC 2013 September 21.
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(1 - a) pointwise and simultaneous confidence intervals for A(?) are constructed via
substituting 1, »(, b, (# and ZlZi2(z) for 1, (8, b},(4) and ’/TZfz(t), respectively.

4. Asymptotic properties
We assume the following regularity conditions for the rest of this paper:

(A2) Y areindependent and identically distributed with the cumulative distribution
function Fy()) and the probability measure Py()).

(A3) A(9 is four times differentiable and bounded with A(2) > Aq for some positive
constant.

(A4 AHAdMuy)dMdMw)] < qdud dw for some positive constant ¢ and for all ¢, v,
w [0, Tg].

A5 [
(A9) Define ¢ (¢ hy 8) = fz,_s)/ht |ao(s, W) K(W)|"duwith §3(¢ hy §) < oo .
(A6) A= mY3hy (or h= Y5 i) for some positive bounded constant /4 /).

Let J() = f(f" Kr,2((t = u) h)(9/(1 = A )))(1)dN{1). By the law of large numbers, it be
can shown that

5. b, (1-F, (1)), asn — oo. (8)
n
Thus, the kernel estimators 5h,,2(0 and 2, 2(?) can be expressed as
—~ S1¢ _
D20 =(1-F, @) [;;& <r>] (1+0, (). ()
and

Apo (D= [%Zg (r)] (140, (™). (o)
=1

Before establishing theorem 1, a technical lemma is stated below.

Lemma 1
Suppose that assumptions (Al)-(A6) and F\(Ty) < 1 are satisfied. Then,

E[&®]=01=F, 0) (A0 +b1, O 1) +o (k7). 1)
E[&(0]=A@0) +boy, ki +o (h).  @2)

E[& 0]=20) ([ uyrs (1) 4P, () B 4o (), (ag)

and

Scand Stat Theory Appl. Author manuscript; available in PMC 2013 September 21.
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E[20]= [w) ¥ (1 by, To)] -

aray )l e

where

A (@) [ P22 (0 hiey) APy () AP (1) B (1.1, To)
2(-F, ) o b= 2

biy, (D)=

t/hy t/hy
with B 2(t, iy 8) = J meyyn, Pa(s, K()du and vt hy 9 = S o, (an(s, )K(W)dufor v
=2,3.

Proof. See appendix.

Let ®() denote the cumulative distribution function of the univariate standard normal
distribution. The asymptotic normalities of the estimators are established in the following
theorem.

Suppose that assumptions (A1)-(AB6), and F\(Ty) < 1 are satisfied. Then, forallz R andn

— 00

Vihy (A2 (1) = 2(5) = byl (1))
sup |P E— <z|-P@|—0 (15
and
Vi (A2 (1) = A(0) = by, ()
sup P p— <z|-D()|— 0, (16)
where
A [ py52 s y) AP, ()
2, ()= ( bz ) 02, () =A0 S G Ty

(1-F, () (1-F,®)

Proof. See appendix.

When the estimators are computed based on a linear function and a symmetric density

separately for a»(-) and K(-), it can be derived algebraically that O—%,ht(b > a%,,n(z) ash
converges to 0. In addition, if the distribution of the censoring time is continuous and the
kernel function is assigned without boundary adjustment, paralleling the proof of theorem 1,
these two estimators can be shown to have the same asymptotic bias and variance. As for the

assumptions on the recurrent event process, the variances of 7;1,,2(1‘) and 1, »(?) under the
under the general empirical process assumptions may not be equal to those Poisson-type
assumption. However, each estimator has the same asymptotic variance with or without the
Poisson assumption. This phenomenon can be explained by the fact that the kernel

Scand Stat Theory Appl. Author manuscript; available in PMC 2013 September 21.
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smoothers are locally smooth and the event history information carried in the kernel
smoothers is ignorable; thus, the asymptotic variances of the estimators are mainly
dominated by the rate function A(?) regardless of the correlation structure on the recurrent
event process.

In the next lemma, we state the consistency of the estimators 'b\h[(l) and by, (9. The properties
can be derived directly by using lemma 1 and a similar proof procedure to that of theorem 1.

Suppose that assumptions (A1)—(A3) and (A6), and Fy(Ty) < 1. Then, asn - o,
Nk (by, (1) = g, () = 0and Ny (by, (1) = bay, () 5 0. 17)

Before deriving the asymptotic normalities of the bootstrap estimators, let 2%2() denote the
probability measure conditioning on the sample {y1, ..., y}. The next theorem and lemma 2
show the validity of the approximated bootstrap confidence intervals in section 3.2, i.e. the

~nb

sampling distributions of (725‘2(1) = An.2(9) and (A, 2(8) — A, 2(D) can be used to
approximate the distributions of (1, »() — A9 - Z,’;(t)) and (o.,(8 = A(D) - b, (D)

Suppose that assumptions (A1)-(AB6), and F\(Ty) < 1 are satisfied. Then, forall z R andn

- 00,

Vil (A2 (2) = Ap, 2 (2) )
supIP”b[ Qj}h a )sZ —0@) |50 (s
Z R0
and
N (T2 0 = D2 () )
sup|P 2 @ <z|-D@]|—0. (19

Proof. See appendix.

Before showing the validity of the bootstrap simultaneous confidence intervals in section
3.2, the condition, ((74)~1 + A)(In (m))* - 0as 7 - o, is examined first. It is indicated from
assumption (A6) that the bandwidth selection satisfies this requirement. As for the function
K("), the Gaussian kernel density function will be assigned in estimation and is shown to
satisfy the assumptions of Jhun (1988). Using the expressions in (9) and (10) with global
bandwidth A, and paralleling the proof of Hall (1993), one can show that the sampling

distributions of M”b@) and M””(}l,) can be used to approximate the distributions of M(7,)

=Vnh supy y I(’/l\hZ(O - A - by D) o1 (D] and M(3,) = Vnh sup; v [Clna(d = A(D -
by /(D) 0 1D respectively.

Suppose that assumptions (A1)—-(A6), and F\( 70) < 1 are satisfied. Then, forall z R* and

Nn - ©

Scand Stat Theory Appl. Author manuscript; available in PMC 2013 September 21.
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sgp|pﬂh ( \/ZIMT_l)M”b (ih) < Z) - P(\/mM (/ih) < Z)I LA 20)

and

SlipIP"b ( \2In (M () < z) - P(Jz In (=M (1) < Z)| 50, @

5. Monte Carlo simulations

In this numerical study, we simulate data from subject-specific non-stationary Poisson
processes. Note that, due to the independent increment property of Poisson processes, the
intensity function of a Poisson process is also the rate function. Assume that, given the value
of the random variable Z; N{J) is a non-stationary Poisson process which has the following
subject-specific rate (or intensity) functions:

Case 1. A;(p) =Zi+d10 (1) with b10 (1) =0.5(sin (171'/6) -1).

Case 2. A (1)=Zipa () with o (1)=0.5(sin (t/6)+1).

In the above additive and multiplicative models, the random variable Z;can be considered as
the random effect or frailty, and is designed to be distributed as the uniform distribution
(0.9, 1.1). Thus, both of the rate functions are equal to

A(t)=0.5(sin (¢tr/6) +1) .

The simulated data are generated from 450 independent non-stationary Poisson processes
{N{H} with recurrent event times ranging from 0 to 4. Moreover, the censoring times are set
to be distributed as

2exp (2y)

5y 0= (exp (8) —exp(2))’

yel[l,4].

Here, the assumed conditions are similar in nature to those found in the intravenous drug
user study which will be studied in the next section. The simulation process is repeated 500

times. For each simulated data set, the kernel estimators ’/l\ht’2(l) and 1, »(?) are computed by
(1) and (2) with the normal density for K{(:). Moreover, the local and global optimal
bandwidths are selected separately via the bootstrap mean squared errors in (4 and 5). The
500 simulation averages of both estimated curves with bias correction are very close to the
true rate function. Here, we find that the bias correction improves the accuracy of both

estimators, and the variation of 1, »(9 is smaller than that of ﬁm(l) although the difference
is not apparent. To evaluate the validity of the estimators, the approximated 95% bootstrap
confidence intervals are constructed based on 200 bootstrap replications at 39 equally
spaced time points within the period (0, 4). As the performances of both methods are
comparable, we present only the empirical coverage probabilities of the moment estimation
method. Table 1 summarizes the empirical coverage probabilities of 95% pointwise
confidence intervals for A(#) at selected time points and different bandwidths. It is shown

Scand Stat Theory Appl. Author manuscript; available in PMC 2013 September 21.
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that the coverage probabilities for the procedures constructed using the optimal local
bandwidths are generally close to the nominal level. However, poor coverage probabilities
appear at extremely small or large bandwidths. The same conclusion can also be drawn for
the empirical coverage probabilities of 95% simultaneous confidence intervals for A(4) in
Table 2.

6. A data example

The data set used here involves 450 HIV-negative intravenous drug users who entered the
study before 1 August 1993 from the AIDS Link to Intravenous Experiences cohort study.
This study was initiated in 1988 and started to systematically collect health service data in
July 1993. The repeated hospitalizations for each drug user here were observed between 1
August 1993 and 31 December 1997. Details of this study can be found in Vlahov et al.
(1991).

Let y;be the time length from 1 August 1993 to the date of the last visit for the #h drug user,
and 7j the maximum time of ys. Among these patients, the median of the nhumber of
recurrent events is 1 and the number ranges from 0 to 19. The mean of the censoring time is
3.734 years and the censoring time ranges from 0.275 to 4.394 years. The main objectives of
our analysis are to estimate the rate function of hospitalizations over time for HIVV-negative
drug users and to evaluate the accuracy of the estimated curve.

In this study, two estimators are computed based on the Gaussian kernel density for K{:).
For the bandwidth selection, the bootstrap mean squared errors in (4) and (5) are used

separately to select local and global optimal bandwidths for '/fh,,z(t) and 2, (9. Moreover,
the corresponding 95% pointwise and simultaneous confidence intervals of the
hospitalization rate estimators are computed at 430 equal spaced time points within the

period (0, 4.31). It appears in Figs. 1(a),(b) that both the estimated curves 2, »(#) and A, »()
imply the same biological explanation except wider confidence intervals for the moment
method. From the figures, we can see that the hospitalization occurence rates are lower than
1 and the peak of the curve occurs in about the later half of the study. This might indicate
that the intravenous drug users received some medical intervention during the study period,
and, hence, tend to have a decreasing trend in frequencies of hospitalization.

7. Discussion

In this study, two smoothing methods are proposed for the estimation of the rate function
under the independent censoring model without the Poisson assumption on the recurrent
event process. We have pointed out that the moment estimator has the disadvantage of
having nicks in the estimates. When a linear function and a symmetric density are designed
for the second order kernel smoother, the asymptotic variance of the moment estimator is
shown to be larger than that of the least squares estimator, although the differences are
expected to be small. Regardless of these disadvantages, the moment estimation possesses
important computational advantages as we discussed in section 3. In general, when sample
size () is appropriate, the drawbacks of the moment estimator appear insignificant and the
computational advantage becomes an attractive feature for adopting the moment estimation
approach.
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Appendix

Proof of lemma 1

In the following proof, we only derive the statements of (11) and (13). Same arguments can
be used in the derivation of (12) and (14). By assumptions (A1)—(A3) and the Taylor
expansion, we can get

E[&0] =E [cx 0 [y Ky () N (u>] = [ o ([oKoa (52) ELAN; o)1) dP, (5)
= [ o (JoKs2 (52) A ) du) dP, (5)

I 2 (k) _ lk
=120 ( 7_5 1,2 (5:w) K () (EOWM ((uh)z)) du) dP, (s) (22)
29z B2,2(t.hy,5)dP . (s)
=(1-F, (t))ﬂ(t)+[ o > - ]hf2+”(hf2)'

E[£X(9] can be decomposed into two components:
E|& 0]=1,+11,. (23

where

I,=E [& o [y K2, (’;—”)dNi (u)]

and

t—v

IIA=E[6,- o[ {#‘,}KY,__Z(IE—“)KYI_Q( - )dNi(u)dNi(v)].

By assumptions (A1)-(A3), we can show that

1, =E [5,- 0 [ K2, (52) dN; (u)] =[ o0 S oK 22 (54) E1AN; w)1dP, (5)

2
= [ 5o (JoK2 (524) A 0 due) AP, (5) =2 ([ 10y 72 (1 s $) AP, (9)) 40 (B ). (24)

Assumption (A4) implies that there exists a positive constant ¢; such that

By = (o om (52) Ko (52) ELON, G0 08, 1),

sa f{szt} (ff{ui\’}Ks’z (t;_[u) K2 (t;_tv) dudv) dPY () (25)
=c; (1= F, ) (1+o(1)).

Substituting (24) and (25) into (23), £[£#(2)] is obtained. Along the same lines as the
derivation of E[giz(t)], statement (15) for v= 3 follows.
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Proof of theorem 1

From (9), we make the linear approximation

Tz (0= E[Ty,2 0] El &0 -E[&0]) (110 1)

= +o . (26)
JV (2 0) NALEIO) 3

By the Berry—Esséen theorem, we obtain the following inequality:

Z &0 -El&0) (nE[16: @) - E [& 0] P))

sup |P| — <z|-D(x)|<d 32 . (@27)
z nV (& (1) (nV (&)

where d'is a positive constant independent of nand &{5). As |&(D| < n{H and N{Hs are
positive random variables, it implies that

E[l 0 - E[&O]P] < E[ 0 )] +6[ o 0] E[m: 0] +E [m: 0])*. (28)

where n{f) = J,f; |Kz;2((2= ulh)ldN{w). Similar to the derivation of lemma 1, we can
obtain, for v=1, 2, 3,

E[a )= ([ 0060 &1 ) AP, () 7 40 (RF1). (29)
From (28), (29) and lemma 1, we can imply

nE || () - E[& )] 1] 155953 Py $) AP, (s)

< (nhy)™'? — 0, (30)
(nV (& (1) T S mgr2 @l 5 dPy (5)
By assumption (A6) and substituting (30) into (27), we derive
3 (&0 - E[&®)])
sup [P| = <z7|-D(@)| >0, asn — o0, (31)

z nV (& (1)
Finally, the proof of (15) is completed by (26) together with (31),
E[M2 0] =a@0 +b1s 0 H+o(R)  @2)
and
V(A2 0)=071, 0 (h) " +o (k™). (33)

For the proof of (16), we first make the linear approximation
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3 5 3 () - E[&
oo efio] fEo-eon
1% (/Nlh,,Z (t)) nV (4 (1))

Then, paralleling the steps from (27-31) with (34),
E [ X2 (0] =A(0) +bo, () H+o (RE)  (35)
and
V (lh2 () =03, (1) (k) +o ((nh) "), (36)
the asymptotic normality of 7;, »(#) is obtained.

Proof of theorem 2

As the derivation of the proof for the bootstrap estimator ;lZiz(t) is similar those of ’/TZiz(t),

for the space of presentation, we derive only the asymptotic normalities of jl\Zf’,z(z). Let £7°(2)

nb
=5"( fg" Kyl{zbyz((t— 1) h)dN" (). By the law of large numbers, we can show that, for
any € >0,
Pl’lb (

Then, the bootstrap kernel iﬁf’, (9 can be expressed as

—~ st O\ (18 SO\ (1<
/lZf’,z(t)( .n(f)) (;fo’b(t)]z(%) (;Zé'?b([)](l‘FOpnb(l)). (38)
=1 i=1

Similar to the proof of theorem 1, we can derive that

(1) 6.(0)
n n

>8) — 0. (@37

) R B b (o b [ e
02 [Ta0] 560 a0) (1o 1), @
pnh .

V7 (A2 () o (" )

In addition, by the Berry—Esséen theorem, there exists a positive constant ¢, such that

;1 (& @ - E™ [P 0)]) nE" [|§7b (0 —E[&" 1) |3]
sup [P | = <z|-D@)| <

nvnb (é::lh (l)) (nvnb (f:-?b (l))

32 (40)

As

SE @)

Eb [(é_«nb ([))V] _i=l - (41)

, forv=1,2,3,
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by the law of large numbers and lemma 1, it implies

v (g o) [ Z(&(r»z—(—Z&(r)J]em(r) (@2)

and
n - n - 3
h?E”"[Ié?”(t)—E[f?”(t)] |3]s h2[£‘§<m<z>)3+6n(z)(%;(ni(r))2)+(§ (r))] )
B AW ([ 0S5 1 i, $) AP, (5)).

Substituting (42) and (43) into (41), we get
> (fz’b 0 - ( 560 /n)

sup |P" =

: N0

Finally, (20) is obtained from (39) and (44).

<z|l-0@| 50, @
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(a) Pointwise Confidence Intervals
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Fig. 1.

The solid and dashed curves represent respectively the estimated rate functions Ih,2(0 and

A2(2) of HIV-negative intravenous drug users with the corresponding 95% bootstrap
intervals indicated by oand +.
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Theempirical coverage probabilities of the 95% pointwise bootstrap confidence intervals

CHIANG etal.
Table 1
for A(t), based on the moment estimation method

Timepoint 0.5 1.0 15 2.0 25 3.0 35

A
(Case1) /1, 0956 0914 0918 0928 0938 0956 0.986
iy =0.05 1.000 1.000 1.000 1.000 1.000 1.000 1.000
hy=037 0852 0.806 0.830 0.796 0.824 0.868 0.910

AN
(Case2) 1, 0954 0920 0940 00946 0926 0942 0.976
hy=0.05 1.000 0998 1.000 0998 0998 0996 1.000
hy=0.37 0846 0816 0848 0692 0.828 0842 0.898
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Theempirical coverage probabilities of the 95% simultaneous bootstrap confidence
intervalsfor A(t), based on the moment estimation method

CHIANG et al.
Timeperiod (04) [05,35 [10,3.0] [15 35
(Case 1) ﬁ 0.986 0.970 0.972 0.958
h=0.05 1.000 1.000 1.000 1.000
h=0.37 0.660 0.514 0.538 0.592
(Case 2) 2 0.986 0.968 0.960 0.968
h=0.05 1.000 1.000 1.000 1.000
h=0.37 0.638 0.550 0.588 0.650
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