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1. Longitudinal data analysis

Longitudinal data is characterized by repeated measurements collected from the same subject over time. Thus, within-

subject measurements (over time) tend to exhibit a serial correlation that must be taken into account for proper infer-

ence on the population-averaged effect of covariates in parametric models (Fitzmaurice and Laird, 1993).

1.1. Marginalized models

Marginalized likelihood-based models are a class of models that have been developed for the analysis of longitudinal

categorical data (Heagerty, 1999, 2002; Miglioretti and Heagerty, 2004; Schildcrout and Heagerty, 2007; Lee and

Daniels, 2007, 2008; Lee et al., 2009; Lee and Mercante, 2010). In these models, the population averaged response

is directly modeled as a function of covariates while the dependence is modeled ‘separately’ via random effects or a

Markov dependence structure (or both).

Although the literature on multivariate longitudinal ordinal data is somewhat limited, a number of likelihood-

based models have been proposed. Random effects models were proposed for joint modeling of clustered ordinal

responses (Gueorguieva, 2001) and longitudinal bivariate ordinal responses (Todem et al., 2007), respectively. Similar

models were proposed for item response theory models for multiple ordinal outcomes using random effects in Liu and

Hedeker (2006) and item response models were also extended to accommodate longitudinal ordinal data under a

missing at random (MAR) assumption (Liu, 2008). In this paper, we extend marginalized random effects models

(Heagerty, 1999; Lee and Daniels, 2008) to accommodate multivariate longitudinal ordinal data using random effects

to explain the serial dependence within responses over time and between responses. Similar models were proposed

for longitudinal binary data in Lee at el. (2009).

1.2. Dropout due to death

In a longitudinal clinical trial, if a subject drops out due to death, the responses will often not be defined after the

dropout time. Thus, an analysis under ignorable dropout is problematic because it implicitly ‘imputes’ values of

response after dropout. One way to conduct an analysis in this circumstance is to construct the joint distribution of

the longitudinal responses and death times (Hogan and Laird, 1997; Pauler et al., 2003; Kurland and Heagerty, 2005;

Lee and Daniels, 2007). However, this approach stratifies on death times (that occur after randomization) and thus

the estimated treatment effect is not a causal one.

To estimate the causal effect of treatment, one can implement a principal stratification approach (Frangakis and

Rubin, 2002; Egleston et al., 2007; Lee and Daniels, 2008; Lee et al., 2010). Assumptions to identify a ‘survivors

average causal effect (SACE)’ have been proposed for binary (Egleston et al., 2007) and ordinal data (Lee and Daniels,

2008; Lee et al., 2010).
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In this paper, we define an SACE for bivariate ordinal responses and present a (simple) set of assumptions to

identify it. Instead of just using the data at the time point of interest (the end of the study), we will use all available

longitudinal data via the proposed marginalized model which is essential due to the high rate of dropouts unrelated to

death in our study.
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