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a b s t r a c t

Nonparametric comparison for panel count data is discussed. For the situation, most
available approaches require that all subjects have the same observation process. However,
such an assumption may not hold in reality. To address this, a new class of test procedures
are proposed that allow unequal observation processes for the subjects from different
treatment groups. The method applies to both univariate and multivariate panel count
data. In addition, the asymptotic normality of the proposed test statistics is established
and a simulation study is conducted to evaluate the finite sample properties of the
proposed approach. The simulation results show that the proposed procedures work well
for practical situations and in particular for sparsely distributed data. They are applied to a
set of panel count data arising from a skin cancer study.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

Event history data concerning recurrent events are commonly encountered inmedical and reliability studies. Panel count
data are one class of such data that arisewhen study subjects can be observed only discretely (Kalbfleisch and Lawless, 1985;
Sun and Zhao, 2013; Zhao et al., 2011). In this case, instead of observing the exact event times, one knows only the numbers
of the events that happen between observation times. Furthermore, the observation times may vary from subject to subject
and are unbalanced.

One example of panel count data is given by the skin cancer chemoprevention trial conducted by the University of
Wisconsin Comprehensive Cancer Center in Madison, Wisconsin (Li et al., 2011). It is a five-year double-blinded, placebo-
controlled, randomized Phase III clinical trial. One primary objective was to evaluate the effectiveness of 0.5 g/m2/day PO
difluoromethylornithine (DFMO) in reducing new skin cancers in a population of patients with a history of non-melanoma
skin cancers: basal cell carcinoma and squamous cell carcinoma. The patients were scheduled to be observed every six
months. As expected, however, the actual observation times differ from patient to patient and so as the follow-up times.
Especially, the observation times are very sparsely distributed.

In many medical studies that produce panel count data, including the example given above, treatment comparison
is one of the most asked questions. The majority of the existing test procedures assume identical observation processes
across different treatment groups or involve the mean function estimation. For example, Thall and Lachin (1988) suggested
transforming the problem to a multivariate comparison one by grouping panel count data to multivariate data. Sun
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and Kalbfleisch (1993), Sun and Fang (2003) and Park et al. (2007) developed model-free approaches employing the
isotonic regression estimator (IRE) of the underlying mean function. Zhang (2006) and Balakrishnan and Zhao (2011) used
nonparametric maximum pseudo-likelihood estimator (NPMPLE) for multi-sample comparisons. Also Balakrishnan and
Zhao (2009, 2010) developed some procedures by employing the nonparametric maximum likelihood estimator (NPMLE).
All of the approaches above require an identical observation process across all study subjects, which may not be feasible in
practice. For this, Zhao and Sun (2011) proposed a test procedure that allows for unequal observation processes. However,
their test statistics also involve the mean function estimation and they employed the IRE.

Although the mean function estimators IRE, NPMPLE or NPMLE perform well in general, we noticed that they may be
biased when the data or observation times are sparsely distributed like the skin cancer data described above. In this article,
we propose a new class of nonparametric test procedures that allow different observation processes without employing the
mean function estimation. The new test procedure ismotivated by those used for recurrent event data. Unlike themost of the
test procedures listed above, the test statistics are constructed as contrasts of the sample means of the integrated weighted
responses from the underlying recurrent event processes. It will be seen that the proposed test procedure performs well
and in particular, for sparsely distributed data.

The remainder of the article is organized as follows. Section 2 first considers the comparison problem for univariate panel
count data and presents a class of test procedures. Section 3 then generalizes the test procedure to multivariate panel count
data. For both cases, the asymptotic normality of the test statistics is established. Section 4 investigates the finite sample
properties of the proposed test procedures through a simulation study and Section 5 applies the methodology to the skin
cancer study described above. Some concluding remarks are provided in Section 6.

2. Nonparametric tests for univariate panel count data

Consider m groups of independent subjects in a recurrent event study with total sample size n. Suppose that only panel
count data are available and observation processes are different for the subjects from different groups. Specifically, assume
that there are nl subjects in the lth group, l = 1, . . . ,m, and let Sl denote the set of indices for the subjects in group l,
where

m
l=1 nl = n. Suppose that Zi is a group-indicating vector associated with subject i (i = 1, . . . , n). In practice, study

subjects may be grouped either by treatments or some covariates of interest and each Zi may include covariates besides
group indicators. Let Yi(t) be the counting process representing the total number of recurrent event occurrences up to time
t from subject i with µl(t) = E{Yi(t)|Zi} for i ∈ Sl. In addition, let Ci denote the censoring or follow-up time of subject
i. It censors the observation times Ti,1 < Ti,2 < · · · in the sense that the event process Yi(·) is observed only at jumps of
Ni(t) = N∗

i (Ci ∧ t), where N∗

i (t) =


∞

j=1(Ti,j ≤ t) and a ∧ b denotes the minimum of a and b. Let mi represent the total
number of observation times for subject i and τ be the longest follow-up time. To account for the fact that subjects with
different covariates may have different observation processes, we assume that N∗

i (t) depends on Zi through the rate model

E{dN∗

i (t)|Zi} = exp(γ ′Zi)λ0(t)dt, (2.1)

where λ0(·) is an unspecified continuous function and γ is a vector of unknown regression parameters. Model (2.1) implies
that Zi has a multiplicative effect on the number of observations, and γ = 0 means that the observation processes are the
same. Similar proportional models have been considered by many authors including Lin et al. (2000), Sun and Wei (2000),
Lin et al. (2001), Sun et al. (2005) and Li et al. (2010) among others. The adequacy of model (2.1) is relatively easy to check
since the observation process provides complete data.

Unlike the observationprocess, the recurrent event process associatedwith panel count data is not continuously observed
and thus its model adequacy is generally difficult to check. In this article, we focus on a treatment comparison procedure
which is model-free of the recurrent event process with panel count data while model (2.1) holds. Suppose that Ci is
independent of {Zi, Yi(t),N∗

i (t)} and the observation process is noninformative, that is, Yi(t) and N∗

i (t) are independent
given Zi. The observed data consist of {Ni(t), Zi, Ci, Yi(Ti,1), . . . , Yi(Ti,mi); 0 ≤ t, Ti,mi ≤ Ci, i = 1, . . . , n}.

Our aim is to test the hypothesis

H0 : µ1(t) = · · · = µm(t),

that is, the occurrence rate of the recurrent event of interest is the same for different groups. Under model (2.1) and
conditional on Zi,

E


mi
j=1

Yi(Ti,j)|Zi


= E

 τ

0
Yi(t)dNi(t)|Zi


=

 τ

0
µ(t)G(t) exp(γ ′Zi)λ0(t)dt,

where G(t) = P(Ci ≥ t) and µ(t) denotes the common mean function of Yi(t) under H0. Hence

E

 τ

0

Yi(t)dNi(t)
exp(γ ′Zi)

|Zi


=

 τ

0
µ(t)G(t)λ0(t)dt. (2.2)
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