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a b s t r a c t

Multi-type recurrent event data arise inmany situations when two ormore different event
typesmay occur repeatedly over an observation period. For example, in a randomized con-
trolled clinical trial to study the efficacy of nutritional supplements for skin cancer preven-
tion, there can be two types of skin cancer events occur repeatedly over time. The research
objectives of analyzing such data often include characterizing the event rate of different
event types, estimating the treatment effects on each event process, and understanding
the correlation structure among different event types. In this paper, we propose the use of
a proportional intensity model with multivariate random effects to model such data. The
proposedmodel can take into account the dependence among different event types within
a subject as well as the treatment effects. Maximum likelihood estimates of the regression
coefficients, variance–covariance components, and the nonparametric baseline intensity
function are obtained via aMonte Carlo Expectation–Maximization (MCEM) algorithm. The
expectation step of the algorithm involves the calculation of the conditional expectations
of the random effects by using the Metropolis–Hastings sampling. Our proposed method
can easily handle recurrent event data that have more than two types of events. Simula-
tion studies were used to validate the performance of the proposed method, followed by
an application to the skin cancer prevention data.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction 1

In many research fields, it is common to observe processes that generate events repeatedly over the follow-up time for 2

a given subject. Such processes are called recurrent event processes and the generated data are referred to as recurrent 3

event data. In clinical studies, patients may experience transient clinical events repeatedly over an observation period, such 4

as occurrences of heart attack in cardiovascular studies, epileptic seizures in neurology studies, fractures in osteoporosis 5

studies, and recurrence of bladder cancer tumors in oncology studies. Multi-type recurrent event data arise when two 6

or more different kinds of events may occur repeatedly over an observation period. For example, in bone marrow 7

transplantation, different types of recurrent infections (e.g., bacterial, fungal, and viral infections) can occur after the surgery. 8
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The analyses of such multi-type recurrent event data often aim to answer scientific questions such as: what are the1

effects of explanatory variables (e.g., treatment) on the event process of different types, how to characterize the individual-2

to-individual difference in the event processes, and what is the correlation among the event process of different types. For3

example, in the Nutritional Prevention of Cancer Trial conducted by Arizona Cancer Center (see Section 5 for more details),4

the investigators were interested in the efficacy of nutritional supplement of selenium on preventing skin cancer of different5

types, as well as the heterogeneity and correlation among the recurrence of skin cancer of different types. Thus, a general6

method to analyze multi-type recurrent event data needs to be developed to address these scientific questions.7

Multivariate frailty model is widely used to model recurrent event data (e.g., Duchateau et al., 2003, Manda and Meyer,8

2005, and McGilchrist and Yau, 2008). Although there has been many developments on recurrent event data analysis,9

existing methods are not general or flexible enough to model and characterize multi-type recurrent event data. In this10

paper, we propose the use of a semiparametric proportional hazards model with correlated random effect to characterize11

multi-type recurrent event data. Monte Carlo Expectation–Maximization (MCEM) algorithm is used to estimate unknown12

parameters in the model.13

For a literature review, a general description of models for recurrent event data can be found in literature, for example,14

Cook and Lawless (2007). In terms of baseline modeling, Abu-Libdeh et al. (1990), and Cook et al. (1999) considered a frailty15

model with parametric baseline functions. Chen et al. (2005), Moreno (2008), and Chen and Cook (2009) used a piecewise16

constant baseline intensity function to analyze multi-type recurrent event data. For piece-wise constant function models,17

one needs to specify the locations and number of pieces for the intensity function. As it is pointed out by Friedman (1982),18

the estimator will be biased if the locations and the number of pieces are not correctly specified. Thus, in comparison to the19

parametric and piecewise constant assumptions, the nonparametric baseline assumption used in this paper is more flexible.20

For modeling of multiple types of events, Cai and Schaubel (2004) proposed a class of semi-parametric marginal21

means/ratesmodels formultiple type recurrent event data, without random effects. Cook et al. (2010) introduced a bivariate22

mixed Poisson model using a copula function to describe the correlation between frailties of the two types of events. They23

applied the Expectation–Maximization (EM) algorithm and used numerical integration in the expectation step (E step) to24

calculate the conditional expectations. However, numerical integration can be unstable, even when the number of event25

types is two. When the number of event types is more than two, it is challenging to make numerical integration work. The26

Monte Carlo sampling used in our method is more flexible than numerical integration in dealing with multi-type events,27

even for large number of event types. Rondeau et al. (2012) developed an R package for the analysis of correlated survival28

data with frailty models. Mazroui et al. (2013) considered multivariate frailty models for two types of recurrent events with29

parametric baseline and spline based baseline functions. Mazroui et al. (2015) considered multivariate frailty models for30

two types of recurrent events with time-varying coefficients.31

Although MCEM algorithms were used in parameter estimation for frailty models of single-type recurrent event data32

analysis (Vaida and Xu, 2000; Ripatti et al., 2002), the generalization of the MCEM algorithm to multi-type recurrent event33

data is not a trivial task. The challengesmainly arise from the need to estimatemultiple baseline functions, correlated frailty,34

and parameters in the frailty distribution, which are incorporated in this paper. In summary, the proposedmethod provides35

a flexible and general approach that can be directly implemented to analyze multi-type recurrent event data.36

The remainder of this paper is organized as follows. Section 2 describes the data setup, the model for the intensity37

function, and the model for the random effects. Section 3 describes the MCEM algorithm that is used to estimate the38

unknown parameter in themodel and statistical inference procedures. Section 4 uses simulations to validate the estimation39

and inference procedure developed in this paper. Section 5 applies the proposedmethod to the skin cancer dataset. Section 640

gives some concluding remarks and areas for further research.41

2. Data and model42

In this section, we introduce the notation for the data and the models to describe the data.43

2.1. Data44

The kth event time for subject i of event type j is denoted by tijk, i = 1, . . . ,m, j = 1, . . . , J , and k = 1, . . . ,Nij(τi).45

Herem is the number of subjects under the study, J is the total number of event types, τi is the length of follow-up time for46

subject i, and Nij(t) is defined to be the number of type j events occurred over time interval (0, t] for subject i. The censoring47

indicator δijk equals to 1 if event type j is observed for subject i at time tijk, and δijk = 0 otherwise. We also have information48

on covariates for subject i, denoted by xi = (xi1, . . . , xip)′, where p is the number of covariates. Let ti denote the data for49

subject i which includes observed event times, censoring indicator and the covariates. We use t = {t1, . . . , tm} to denote50

the dataset for all subjects.51

2.2. Model for event intensities52

Let Yi(t) = I(t ≤ τi) be the at-risk process for subject i, i = 1, . . . ,m. The event history for subject i up to time t is defined53

as Hi(t) =

Nij(s), xi, Yi(s); j = 1, . . . , J, 0 ≤ s < t


. The intensity function for the type j events of subject i is defined as54
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