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a b s t r a c t

Inference for cause-specific hazards from competing risks data under interval censoring
and possible left truncation has been understudied. Aiming at this target, a penalized
likelihood approach for a Cox-type proportional cause-specific hazardsmodel is developed,
and the associated asymptotic theory is discussed. Monte Carlo simulations show that the
approach performs very well for moderate sample sizes. An application to a longitudinal
study of dementia illustrates the practical utility of themethod. In the application, the age-
specific hazards of AD, other dementia and death without dementia are estimated, and risk
factors of all competing risks are studied.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Interval censored failure time data arise widely from longitudinal studies where the occurrence of the failure-defining
event can only be detected at periodic study visits. In many such kind of longitudinal studies, multiple types of events could
occur to a subject. If those types of events are dependent but preclude each other or only time to the first event is of interest,
competing risks issue comes up for the time-to-event analysis. Furthermore, if a subject’s follow-up starts later than the
time origin of the time-to-event analysis, there is also left truncation that needs to be accounted for. Clinical studies of
elder people often give rise to left truncated and interval censored competing risks data. For instance, when studying age
to onset of a chronic disease like diabetes, osteoporosis and Alzheimer’s disease (AD), the event time is interval censored
between two consecutive assessments, death is a competing risk that precludes those clinical endpoints if occurring prior
to them, and enrolled study participants are usually required to be free of the disease and of course alive at the entry to
follow-up. A real example of such studies is theMemory and Aging Project (MAP) (Bennett et al., 2012). Since 1997, theMAP
has recruited more than 1400 older individuals from about 40 retirement communities and senior housing facilities in the
Chicagometropolitan area to study how dementia evolves in the elderly. The participants were all dementia-free when they
entered the study and had yearly evaluation for dementia during the follow-up, which leads to left-truncated and interval
censored age-to-dementia data. Dementia could be categorized into two major types, AD and other dementia, which are
competing risks because time to the first incidence of dementia is of scientific interest. Besides, a considerable proportion
of these elder participants passed away before they were diagnosed to be demented, making death another competing risk.

Competing risks data under interval censoring and left truncation was first studied by Hudgens et al. (2001), who
developed the nonparametric maximum likelihood estimator (NPMLE) for the cumulative incidence function of a failure
type. Since then, a great deal of attention has been drawn to the inference of the cumulative incidence functionwith interval
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censored competing risks data. Relevant works include Jewell et al. (2003), Groeneboom et al. (2008a,b), Li and Fine (2013),
Hudgens et al. (2014) and Li (2016) among others. But the important problem of inference of the cause-specific hazard with
interval censored competing risks data has not been studied extensively. Along this line, Li and Fine (2013) proposed four
cause-specific hazard estimators for current status competing risks data based on smoothing the nonparametric cumulative
incidence estimators, and derived their asymptotic distributions. The estimation methods of Li and Fine (2013) can be
naturally extended to the setting of mixed case interval censoring. With a slightly different target, Frydman and Liu (2013)
developed the NPMLE of the cumulative cause-specific hazard function in an interval censored competing risks model.
However, works on inference for cause-specific hazards with interval censored competing risks data, especially regression
modeling, are still much needed.

We are aware that several works on inference for multistate models from interval censored data have been published in
the past 17 years. Two major papers are Joly and Commenges (1999), which studied a progressive three-state model, and
Joly et al. (2002), which studied an illness-death model. The censoring mechanisms for the event history data considered
therein are different from the one we consider, though. Specifically, Joly and Commenges (1999) assume that the second
transition is only subject to right censoring; Joly et al. (2002) assume that the death time is exactly known if a subject dies
and that a subject could be ill at death even if s/he is healthy at the last seen time; we focus on the situation where there
are several interval censored competing events but any two of them cannot occur within the same interval. Ideally, the
penalized likelihood approach in Joly and Commenges (1999) and Joly et al. (2002) can be adopted to analyze competing
risks data under interval censoring and left truncation, yet some gaps in practice and theory remain to be filled. In terms of
practice, how to minimize the cross-validation criterion to select smoothing parameters was not discussed by either paper,
neither was how to determine the number of knots as well as the boundary endpoints for spline smoothing. In terms of
theory, there was no theoretical justification for using cubic splines to approximate the intensity functions in the particular
penalized likelihoods proposed by the two papers, and neither paper investigated the finite sample performance of the
proposed variance estimator and confidence interval for transition intensities. In this article, we present a slightly different
penalized likelihood approach to analyze competing risks data subject to interval censoring and left truncation and address
the aforementioned issues. Additionally, we provide some heuristic arguments about the asymptotic theory associatedwith
the methods.

The rest of the paper is organized as follows. Section 2 presents the estimation and inferential procedures for cause-
specific hazards with competing risks data under interval censoring and possible left truncation when covariates are
available. The associated asymptotic theory is also discussed therein. In Section 3, we conduct extensive simulations to
investigate the finite sample performance of the proposedmethods. An analysis of theMAPdata using the proposedmethods
is given in Section 4, followed by some concluding discussions in Section 5 that point out several future research directions.
The computational details are collected in the Appendix.

2. Cause-specific hazard regression

2.1. Observations

We describe the competing risks data under interval censoring and possible left truncation as follows. Let
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covariates whose effects on the distribution of (Ti, Ki) are of interest. The observable competing risks data under interval
censoring and possible left truncation consist of n i.i.d. vectors of (Mi, V⃗i, ∆⃗i, Zi).

2.2. Model and likelihood

We are interested in estimating the conditional cause-specific hazard functions given the covariates, λk(t|Z) (k =

1, . . . , J). For this purpose, we assume a proportional cause-specific hazards model:

λk(t|Z) = λ0k(t) exp(ZTβk), k = 1, . . . , J, (1)

where λ0k(t)’s are baseline cause-specific hazards and βk’s are cause-specific regression parameters.
The development of the likelihood considers two kinds of interval censoring schemes. The first one is a generalization

of mixed case interval censoring (Schick and Yu, 2000) to the setting with covariates, which assumes that the inspection
process is independent of the failure time and cause given the covariates, that is, for any subject i,

(Mi, V⃗i) ⊥ (Ti, Ki)|Zi. (2)

The second censoring scheme is a generalization of the independent inspection process (IIP) model (Lawless, 2003, Section
2.3.1), for which the inspection process stops if any type of failure is detected, to the setting with covariates. Under this
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