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PREDICTION IN THE JOINT MODELING OF MIXED TYPES OF MULTIVARIATE
LONGITUDINAL OUTCOMES AND A TIME-TO-EVENT OUTCOME
Jiin Choi, Ph.D.

University of Pittsburgh, 2012

A common goal of longitudinal studies is to relate a set of repeated observations to a time-to-
event endpoint. One example of such a design is in the area of a late-life depression research
where repeated measurement of cognitive and functional outcomes can contribute to one's ability
to predict whether or not an individual will have a major depressive episode over a period of
time. This research proposes a novel model for the relationship between multivariate longitudinal
measurements and a time-to-event outcome. The goal of this model is to improve prediction for
the time-to-event outcome by considering all longitudinal measurements simultaneously.

In this dissertation, we investigate a joint modeling approach for mixed types of
multivariate longitudinal outcomes and a time-to-event outcome using a Bayesian paradigm. For
the longitudinal model of continuous and binary outcomes, we formulate multivariate
generalized linear mixed models with two types of random effects structures: shared random
effects and correlated random effects. For the joint model, the longitudinal outcomes and the
time-to-event outcome are assumed to be independent conditional on available covariates and the
shared parameters, which are associated with the random effects of the longitudinal outcome
processes. A Bayesian method using Markov chain Monte Carlo (MCMC) computed in

OpenBUGS is implemented for parameter estimation.



We illustrate the prediction of future event probabilities within a fixed time interval for
patients based on our joint model, utilizing baseline data, post-baseline longitudinal
measurements, and the time-to-event outcome. Prediction of event or mortality probabilities
allows one to intervene clinically when appropriate. Hence, such methods provide a useful public
health tool at both the individual and the population levels.

The proposed joint model is applied to data sets on the maintenance therapies in a late-
life depression study and the mortality in idiopathic pulmonary fibrosis. The performance of the

method is also evaluated in extensive simulation studies.
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1.0 INTRODUCTION

In recent years, a common goal of longitudinal studies is to relate a set of repeated observations
to a time-to-event endpoint. In such studies, the longitudinal measurements are considered as an
outcome variable or a time-dependent covariate measured with error in the time-to-event
outcome process. For example, in a late-life depression research repeated measurement of
cognitive and functional outcomes can contribute to one's ability to predict whether an individual
will have a major depressive episode over a period of time. A further example in chronic lung
disease research is a study of the mortality in idiopathic pulmonary fibrosis (IPF) where
longitudinally measured pulmonary function tests (PFT) are considered as a predictor for the
time-to-event.

Several authors have proposed joint models in which a single quantitative longitudinal
outcome is related to a time-to-event outcome. However, longitudinal studies typically have
more than one repeated response variable which can be related to a time-to-event outcome. In
particular, there can be different types of longitudinal outcomes, both the quantitative and the
dichotomous outcomes. We focus on the joint model with mixed types of the longitudinal
continuous and binary outcomes and a time-to-event outcome.

This dissertation was motivated by a study of cognitive impairment in a late-life
depression. This longitudinal study consisted of two phases of treatment. In the first phase,

participants responded to an open antidepressant treatment and completed assessment for the pre-



randomized controlled trial to establish eligibility. The duration of the first phase was 12 to 16
weeks. In the second phase, 130 eligible patients were randomized to receive either to Donepezil
hydrochloride or Placebo. The duration of second phase was two years. The primary outcome for
each patient was recurrence of major depression. Also of importance were a global measure of
neuropsychological functioning, and a composite measure of cognitive instrumental activities of
daily living (C-IADL) each of which, were measured longitudinally. One interest in this research
is to relate the longitudinal measurements to the depression recurrence outcome. We want to
improve prediction for the time to recurrence of depression by considering all longitudinal
measurements simultaneously.

We formulate multivariate correlated logistic models for a combination of longitudinal
continuous and binary outcomes. For the longitudinal process, we consider random effects mixed
models for both the longitudinal continuous and binary outcomes. We consider two types of
structure for the random effects of longitudinal outcomes. One is shared random effects model.
Another is correlated random effects model. This model falls within the general class of
generalized linear mixed models. To build a joint model of mixed types of multivariate
longitudinal outcomes and a time-to-event outcome, we assume shared parameters in the time-to-
event outcome process, which are associated with the random effects of the longitudinal
outcomes. The longitudinal outcomes and the time-to-event outcome are assumed independent
conditional on the shared parameters and available covariates. The Bayesian method through
Markov chain Monte Carlo (MCMC) approach computed in OpenBUGS software is used for
parameter estimation and simulations. We illustrate the dynamic prediction of an event occurring

probabilities within a fixed time when a subject still does not fail at just before time t. The



survival function is based on the joint modeling of baseline data, post-baseline longitudinal
measurements, and a time-to-event outcome.

This dissertation is organized as follows. In chapter 2, we present a literature review of
statistical models with key properties in the analysis of joint models for the longitudinal and the
time-to-event outcomes and predictive modeling of an event probability. In chapter 3, we
propose our joint models with the shared parameters assuming the shared random effects and the
correlated random effects for both the longitudinal outcomes. We illustrate the dynamic
prediction of event probabilities within a fixed time. In Chapters 4 and 5, we present the
application of the proposed joint models to maintenance therapies in a late-life depression and
mortality in idiopathic pulmonary fibrosis outcomes study, respectively. In Chapter 6, simulation
studies are performed using the proposed method in the joint model with shared random effects

and also with correlated random effects. Chapter 7 concludes with a discussion.



20 REVIEW OF LITERATURE

In this chapter, an extensive literature review is presented. In section 2.1, we review key
literature on statistical models and methods in the analysis of joint models for multivariate
longitudinal data with different types of outcomes. In section 2.2, we review models that include
longitudinal and time-to-event data. Finally, in section 2.3, we review methods for predictive

modeling of time-to-event probabilities.

21  MODELS FOR MULTIVARIATE LONGITUDINAL DATAWITH DIFFERENT

TYPES OF OUTCOMES

Longitudinal studies typically involve following one or more cohorts of subjects or experimental
units repeatedly over two or more time points. Multivariate longitudinal studies are comprised of
repeated responses each of which consists of two or more elements. In a multivariate
longitudinal model, there are two types of correlations. One, called serial correlation, is between
observations at different time points within a subject and the other, called cross correlation, is
between observations on different response variables at each time point. If different types of
outcomes are measured at each time point, the correlation structure is more complicated and
hence, more difficult for drawing inference. Separate analyses of the different types of outcomes

can lead to biased inferences because of those correlations. Therefore, it is more desirable to
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jointly model multivariate outcome variables of different types together. As many studies
measure multiple response outcomes of different types for each subject repeatedly, there are
many approaches to model the different outcomes jointly (Olkin and Tate, 1961; Zeger and
Liang, 1986; Lauritzen and Wermuth, 1989; Liu, Daniels, and Marcus, 2010; Molenberghs et al.,
2010).

There are two general approaches for modeling multivariate longitudinal observations
with differing outcome types. One proposed method for formulating the joint distribution of
different types of outcomes is to model the relationship between the different outcomes using
random effects. In this approach, different mixed models for each outcome are joined by
imposing a common distribution for their random effects. It allows their model-specific random
effects to be correlated, and this model allows for flexible correlation patterns. This model has a
disadvantage of the high-dimensionality of the vector of random effects as the number of
outcome variables gets large.

Another approach is using the product of the marginal distribution of one of the responses

and the conditional distribution of the remaining response given the other response, that is,

f(.VContinuous: ydiscrete) = f(YContinuous)f(ydiscrete|ycontinuous)

= f(Ydiscrete)f(ycontinuous|Ydiscrete)-

Here, f(-) denotes the probability density functions associated with the outcomes. In the
conditional model, one has to choose an outcome to condition on which plays the role of a time-
varying covariate. Thus, two possible types of models can lead to very different results
depending on whether the conditioning variable is a discrete or a continuous outcome. The main

disadvantages with conditional modeling approach are that it is hard to get easy expressions for



the association between both continuous and discrete outcomes, and that it does not directly lead
to marginal inference. Also, if we have more than two outcomes, there will be many more
possible factorizations instead of only the two associated with two outcomes. Hence, a
conditional model is often not the preferred choice for an analysis of high-dimensional

multivariate longitudinal data.

Catalano and Ryan (1992) described a joint distribution for bivariate clustered binary and
continuous outcomes by factorizing the marginal distribution of a continuous outcome and a
conditional distribution of a binary outcome given the continuous outcome. They used the
concept of a latent variable. The type of latent variable used by Catalano and Ryan supposed that
an unobserved continuous variable underlies the observed binary variable. Hence, they assume
that a binary outcome results from dichotomizing the continuous latent variable. Latent variable
models are useful to derive the distribution of a discrete outcome using a known CDF (Roeder,
Lynch, and Nagin, 1999). Accordingly, they used a linear link function for the marginal
distribution of the continuous outcome and used a correlated probit model for the conditional

distribution of the binary outcome. They considered the following bivariate model:

Yiij = Qg + a1X; + €145

Y2ij = Bo + B1x; + &35

where y,;; and y;;; denote the continuous variable and the unobserved latent variable

corresponding to a binary variable for the subject i at time point j, respectively; a, and 5, are

the intercepts, a,and B, are effects of the covariate x, and €;;; and &,;; are correlated error terms



assumed to be mean-zero normally distributed. Let y,;; be the corresponding observed binary

variable determined by the latent variable y;;;, such that

1 ify;; >0
YVoij =
0 otherwise.

Catalano and Ryan represented the joint distribution of y,;; and y,;; as a product of the marginal

and conditional distributions,
fylij,yzij(yb YZ) = fylij (yl)fyziﬂylij (yz |y1)

The continuous outcome, y;;, is normally distributed. For the conditional distribution of y,;;

given y,;;, they used probit link function,

U
P(yyij = Ly x;) = @ <—1>,

JoId—1%)
where
%)
U1 = Po + P1x; + (_> Te1ij,
01

eiij = Yrij — (ag + a1x;),

of and a5 are variances of &;;; and &,;;, respectively, and 7 is the correlation between ,;; and

&2;j. They reparameterized the probit model to the more parsimonious and fully estimable form:

P(yyij = Llyrijo i) = ®(Bs + Bixi + Brews;)-



These formulas are based on the assumption of independence for all subjects i and times j. They
generalized the covariance to allow for separate within-subject correlations for each outcome
variable (serial correlations) and the correlation between two outcome variables for different
observations in the same subject (cross correlation). They used a generalized estimating equation
(GEE) method to fit the marginal and conditional distributions. Catalano (1997) extended this

joint model for ordered categorical and continuous outcomes.

Fitzmaurice and Laird (1995) also considered a similar approach for modeling the joint
distribution for continuous and discrete outcomes but reversed the conditioning order so that
conditioning was now on the discrete outcome. In their model, the marginal distribution of the
binary outcome was related to covariates using a logit link function, while the conditional
distribution of the continuous outcome was related to covariates using a linear link function. In
contrast to the model of Catalano and Ryan (1992), the regression parameters have marginal
interpretations of the Fitzmaurice and Laird model for both the binary and continuous outcomes.
The regression parameters can have a marginal interpretation only if the conditional mean of the
binary outcome is related to the covariates by a linear link function (Cox and Wermuth, 1992).
Also, in this latter model, maximum likelihood estimates of the regression parameters are
consistent regardless of whether the model for the association between the binary and continuous
outcomes has been correctly specified. By reversing the conditioning variable they evade both
the lack of a marginal interpretation and the lack of robustness to misspecification.

To develop the Fitzmaurice and Laird model, we first consider a simplified model
without repeated measurements. Let y;; and y,; denote a continuous and a binary outcome,
respectively. In addition, x; will denote a 1 x P covariate vector for each subject i. Fitzmaurice

and Laird made the assumption that the marginal distribution of y,; is Bernoulli, that is,



f2ilx;) = exply,;0; — log{1 + exp(6;)}],

where

and u,; = E[yy;] = Pr(y,; = 1|x;, B1)is the probability of success and B, is a P x 1 vector of

marginal parameters. They wrote the joint distribution of (y,;, y2;) as

fyli,yzi(ylir V2i) = fyzi(yzi)fyldyzi(YH |y20)-

They also assumed that the distribution of y;; given y,; is normal, i.e., the pdf is given by

1
Fyailyai O1ily2i) = (2ma®)~1/2 x exp [—ﬁ{)’u — i — Y2 — )Y,
where u,; = E[y,;] = x; B, and y is a parameter for the regression of y,; on y,;. Thus,

Elyiilyail = xiB2 + v(y2i — pai)-

Hence, both B, and B, are regression parameter that have marginal interpretations.

Now, let us consider the model of interest, that is, one with repeated measurements. Let
Yii = it Yainy)" @Nd Y23 = (V2i1,**, V2in,) 'denote the vectors of longitudinal continuous
and binary outcomes, respectively. Let X; = (x;1, "+, X;,,)" be an; X P matrix of covariates for

each subject i assuming each element, x;;, also is a P x 1 vector. The model for the mean is
logit(E[y2:]) = X B,

E[y1ik|y2i]l = xixB2 + 11 (3’2ik - lilik) +v255

9



where §; = Z}’;l (yzij — 'ulij)' In this model, the parameters y, and y, induce a correlation

between y,; and y,;. Fitzmaurice and Laird used a generalized estimating equation (GEE)
method for the estimation of B4, B,,v1, and y,. Their particular focus was on the regression
parameters for the marginal expectation of the outcomes rather than the association between the
outcomes which was considered to be a nuisance characteristic of the model.

Both probit and logistic link functions have symmetric s-shaped cumulative distribution
functions. However, the logistic places more probability in the tails of the distribution than does
the normal, because the variance of the standard normal is equal to 1, the standard logistic has
variance equal to 2 /3. Thus, the scale of the logistic is greater than the normal. The logistic link

function is popular in many fields and interpretation is easier for logistic version.

Fieuws and Verbeke (2004) were interested in the questions of how the evolution of one
outcome is related to the evolution of another outcome (‘association of evolutions’) and how the
association between outcomes evolves over time (‘evolution of the association’) for longitudinal
multivariate data. To get flexible solutions to such questions, they investigated a joint model
using a random effects approach. In this approach, random effects were assumed for each
outcome and by adopting a joint multivariate distribution for the random effects, the different
outcomes were associated. They applied their linear mixed-effects model to the hearing
thresholds of two frequencies, y;;(t) and y,;(t) measured over time in subject i. Hence, for

subject i taken at time t, their model was

y1i(t) = uy (t) + aq; + byt + &4;(t)
2.1.1)
V2i(t) = uz(t) + ap; + byt + &5;(t)

10



where p,(t) and u,(t) indicate the mean responses. The a; are random intercepts, the b; are
random slopes for time. A joint distribution for the random effects can tie both outcome
trajectories together assuming that a,;, a,;, b;;, and b,; follow a 4-dimensional multivariate
normal distribution with mean zero and variance-covariance matrix D. The error terms were

uncorrelated and not associated with the random effects

() -n (@7 2)

Fieuws and Verbeke obtained the parameters of the model using likelihood based inference. The
above mentioned questions can be answered from the covariance matrix of the random effects.
In later work, they developed the joint random effects model given in equation (2.1.1) so that
outcomes of higher dimension can be accommodated by proposing a pairwise modeling
approach. This is obtained by first fitting all possible pairwise bivariate models separately,
instead of maximizing the likelihood of the full joint model. Then they obtained estimates for all
pair-specific parameters by maximizing each of the likelihoods separately. For some parameters
which have multiple estimates, for example, the covariance between random effects from the
same outcome, a single estimate is obtained by averaging all corresponding pair-specific

maximum likelihood estimates (Fieuws and Verbeke 2005, 2006).

Gueorguieva and Agresti (2001) used an approach similar to Catalano and Ryan (1992)
for joint model. They studied a correlated probit model that applies an underlying latent normal
variable for the binary outcomes but use a random effects model instead of a conditional model.
The focus of their work was on the joint, subject-specific effects on the models. They used a

modified Monte Carlo expectation-conditional maximization (ECM) algorithm for finding

11



maximum likelihood estimates for the multivariate correlated probit model. Later, this method

was extended to continuous and ordinal variables (Gueorguieva and Sanacora 2006).

2.2  JOINT MODELING OF LONGITUDINAL AND TIME-TO-EVENT DATA

Phase 11 and 111 clinical trials usually use time-to-event as the primary study outcome. In many
such trials, patients are also observed longitudinally with respect to potential biomarkers and
clinical measurements throughout the follow-up period. Hence, joint modeling of longitudinal
and time-to-event data has increasingly been developed for use in clinical trials (Hogan and
Laird, 1997a, 1997b; Wang and Taylor, 2001; Xu and Zeger, 2001; Ibrahim, Chen, and Sinha,
2004; Tsiatis and Davidian, 2004; Chi and Ibrahim, 2006; Ding and Wang, 2008; Rizopoulos
and Ghosh, 2011). Two areas where both longitudinal and time-to-event outcomes have been

modeled jointly are in AIDS and cancer.

Tsiatis, DeGruttola, and Wulfsohn (1995) examined the relationship between the CD4
count and survival time in patients with acquired immune deficiency syndrome (AIDS). They
proposed a two-stage procedure by plugging the estimates from longitudinal models into a Cox
proportional hazards model. In the first stage, the longitudinal CD4 counts are modeled using a
repeated measures random effects model with normal errors for true CD4 counts. In the second
stage, the model value is substituted into a proportional hazard model and used Cox regression
with CD4 counts as a time-dependent covariate to obtain estimates of the survival parameters. In
the two-stage model, only longitudinal data is used to find the parameters for the longitudinal

process and then the hazard is a function of this modeled longitudinal process. They gave

12



considerable thought to how the measurement error and nonrandom missingness of CD4 counts
affected the model.

For describing the joint longitudinal and survival data we introduce the following
notation. Let T; denote the survival time for subjecti (i = 1, -+, n), C; be the censoring time, and
6; = I(T; < C;) be the event indicator. Let T;" = min(T;, C;) be the observed event time for the
subject i. The CD4 counts y; = (i1, -+, ¥;;) are measured at times ¢; = (¢;; : t;; < T;"), where
t;j is the time from randomization for measurement j on subject i, j = 1,---,n;. Let y;; denote
the true value of the CD4 count for subject i at time ¢;;. The log transformed longitudinal

outcome CD4 counts were modeled using a linear growth curve model with a random intercept

and slope;

Yij = Yij + &ij
2.2.1)
= Ui + alitij + gij'

where ¢;; is measurement error assumed to be independent and normally distributed with mean

zero, and variance oZ. The measurement error terms and the random effects were assumed to be
independent of each other. It is also assumed that the individual intercepts and slopes followed a

bivariate normal distribution, i.e.,

Xoi 24 Oopo Oo1
<a1i> N <<a1) ’ [001 0-11:|>.
Let Y;(t) and Y;(t) denote the history of observed and true CD4 counts up to time t,

respectively, that is, Y;(t) = {y;(ti1), ---,yi(tij); t;; < t}and Y; () = {y; tir), "'»yi*(tij): t: <

t}. For the survival data, the hazard of death is modeled as a function of the conditional

13



expectation of true CD4 counts given the history of observed CD4 counts through the
proportional hazards model and a partial likelihood approach is used to obtain estimates of the
survival parameters. Hence, the model relating the hazard to time-varying covariates can be

written as

h(t1Y: () = hoOE[f (Y7 (@), B) | yi(tin), -, y:(ti;), TS = t],

where f(Y;(t), B) is a function of the covariate history specified up to an unknown parameter S.
Let the conditional expectation part, E[f (Y;(¢), B) | yi(ti1), -, y:(t:;), T; = t], be shortened to

E(t, ). Thus, the partial likelihood is

8;

Ei(Ti*'ﬁ)/ 2 Ex (T, I = t)] :
k=1

n

[

i=1

Wulfsohn and Tsiatis (1997) later developed this method by joint maximization of the
likelihood from both the longitudinal CD4 counts and the survival data. Because their method
used data from both the longitudinal and the survival data, it made more efficient use of the data.
They implemented an EM algorithm to fit this model. Song, Davidian, and Tsiatis (2002a, 2002b)
proposed relaxations of the normality assumption for latent process expressed by a set of random

effects.

Faucett and Thomas (1996) also assumed a proportional hazards model for survival
conditional on a random effects model with normal errors for the CD4 counts similar to that
proposed by Tsiatis, DeGruttola, and Wulfsohn (1995), which are defined by (2.2.1). But they

assumed a proportional hazards model with the parametric assumption of piecewise constant

14



baseline hazard and adopted a different estimation procedure using a Bayesian Markov chain

Monte Carlo (MCMC) technique of Gibbs sampling to do the estimation.

Henderson, Diggle, and Dobson (2000) proposed a flexible joint model that avoids
specifying the class variable. They modeled the longitudinal data including fixed effects, random
effects, serial correlation, and pure measurement error. For survival data, they used a
proportional hazard model with or without frailty terms. A key feature of their strategy is to
connect the longitudinal and survival model with two correlated latent Gaussian processes
allowing the trend to vary with time. They assumed that longitudinal and survival data are
conditionally independent given the linking latent process and covariates.

There are n subjects with longitudinal measurements {yij 1= 1,...,ni} at times
{t:;j :j=1,..,m;}. When the interval of follow-up is [0,7), let {N;(s) : 0 < s < t} denote a
counting process for the events and {H;(s) : 0 < s < t} denote an indicator for whether the
subject is at risk of an event at time s. Let W;(t) = {W,;(t), W,;(t)} denote a latent zero-mean
bivariate Gaussian process, which is realized independently in different subjects. They

considered the following for longitudinal model:
yij = wi(ti;) + Wa(ti) + &5,

where ¢&;; is a measurement error term assumed to be mean-zero normally distributed with

var(g;;) = o2 and p;(t;;) is the mean response assumed by a linear model

i (t) = x4;()' B4
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in which the vectors x;;(t) and B, represent possibly time-varying covariate and their
corresponding regression coefficients, respectively. For the survival model, they considered a

semi-parametric multiplicative model:

() = Hy(t)ao(t)exp{x,; () B, + Wy (1)},

with the form of a,(t) left unspecified. To colligate both the longitudinal and survival models,

they introduced the following flexible model for Wy;(t):

Wy (t) = Z1;(£)U4; + Vi, (D),

where Z,;(t) is a vector of covariate values, U,; is a corresponding vector of random effects
follows a multivariate normal distribution with mean zero and variance-covariance matrix X, and
Vi (t) is a stationary Gaussian process with mean zero, variance o2, and correlation function
r1(s) = cov{Vy;(t),Vy;(t — s)}/aZ . Tsiatis, DeGruttola, and Wulfsohn (1995), Faucett and
Thomas (1996), and Wulfsohn and Tsiatis (1997) all assume a Laird and Ware (1982) linear
random effects model, W;;(t) = U;; + Uy;t, and assume W,;(t) is proportional to W;;(t). In

contrast, Henderson, Diggle, and Dobson (2000) proposed that W,;(t) be specified as

W,i(t) = y1Uy; + v2Uy + v3(Uy; + Uypit) + Us;,

where the frailty term U;;~N (0, 62) is independent of the (Uy; , U,;). The parameters y4,y,, and
¥5 in this model measure the association between the longitudinal and survival models induced
through the random intercepts, slopes, and current value of W,; at time t, respectively. They used
an EM algorithm proposed by Wulfsohn and Tsiatis (1997) for estimation. In later work, they

focused on the use of longitudinal outcome trends as individual-level surrogates for survival time.
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They developed a score test for association between longitudinal outcome and survival time

(Henderson, Diggle, and Dobson 2002).

Guo and Carlin (2004) used the flexible joint model proposed by Henderson, Diggle, and
Dobson (2000). Consequently, the longitudinal and survival outcomes were assumed to be
independent given a linking latent bivariate Gaussian process and available covariates.
Their joint model avoids specification of a class variable. They developed this model using a
fully Bayesian approach through MCMC methods using the WinBUGS software. They
compared their results to those obtained from the traditional maximum likelihood approach for

this joint model. Also they compared the results from a joint model to separate models.

Rizopoulos, Verbeke, and Molenberghs (2008) developed a shared parameter model for
the joint distribution of longitudinal data and time-to-event data. Shared parameter models
assume that the longitudinal and survival processes are conditionally independent, given the
random effects. This assumption implies that all associations between the longitudinal and
survival processes are induced by the random effects. They proposed two separate sets of
random effects for the longitudinal and survival processes, linking them using a copula function
which was specified as a cumulative multivariate distribution function with a uniform marginal.

Again, let T; denote the true event time for subjecti (i = 1,---,n), C; be the censoring
time, and 7" = min(T;, C;) be the observed event time for the subject i. Define the event
indicator as §; = I(T; < (). Lety; = {y;(t;;),j = 1,...,n;} denote the observed longitudinal
outcome for a subject i taken at time ¢;;. Denote the time invariant random effects underlying

both the longitudinal and survival model by b;. The shared parameter model is
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p(y,T{,8;; 0) = JP()’dbii 0,)p(T;,8:b;; 6.)p(b;; 6,)db,,

where 8" = (8,0}, 0}) is the vector containing the parameters of each one of the submodel.
Both the longitudinal and survival processes are assumed noninformative, i.e. independent of b;.

They proposed that the conditional submodel for longitudinal outcome y; has the form
yilb; ~ N(X,iB + Z;by;, o2ly),

where X,,; and Z,,; are known fixed and random effects design matrices, respectively. For the
conditional submodel of survival outcome T;*, they assumed that log T;" | b; follows a parametric
distribution with E[log T;" |b;] = x;¥ + by; Where x,; is a vector of covariates for the survival
outcoem. To connect the two separate sets of random effects for the longitudinal and survival

processes they used a copula function of the general form:
p(by:, by) = c{F,(by:), F:(by) ; alp(by;)p(by),

where a is a parameter of the copula function and F,(-) and F,(-) are the marginal cumulative
distribution functions for b,,; and b,; respectively. They investigated the impact of misspecifying

random-effects but also how affected the estimation of standard errors would be under the
misspecified model. Rizopoulos (2010) developed an R package JM that fits a variety of joint
models for normal longitudinal outcome and time-to-event data under maximum likelihood

based on the shared parameter model.
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2.3 PREDICTIVE MODELING OF TIME-TO-EVENT PROBABILITY

The major purpose of prediction is to provide estimates, either point or interval, for future
measurements based on the results obtained from previous observations (Dunsmore 1974).
Predictive models are particularly useful in a clinical setting (Putter et al., 2006). A number of
authors have proposed the prediction of future event probabilities for subjects based on the joint
modeling of longitudinal measurements, time-to-event outcome, and other covariates (Taylor,

Yu, and Sandler, 2004; Garre et al., 2008; Proust-Lima and Taylor, 2009).

Rizopoulos (2011) provided individualized prediction models of survival in AIDS
patients who also had longitudinal CD4 cell count measurements. He specified the joint model of

longitudinal and survival processes by

yi(t) = x{(O)B + zj(O)b; + &(1), & ()~N(0,02),

4:(®) = 2o®expldjy + a{x{()B + z(t)b;}] ,

where x;(t) and z;(t) denote column vectors of time-varying covariates corresponding to fixed
and random effects, respectively, d; is a vector of baseline covariates, and b; is the vector of
random effects. In this model, longitudinal measurements on a variable represent an endogenous
time-dependent covariate (Kalbfleisch and Prentice 2002). The model implies that longitudinal
measurements are directly related to the survival process. Hence, longitudinal measurements on
patients up to time t implies the patients’ survival up to time t. Thus, he focused on the

conditional probability of surviving time t* > ¢t given survival up to ¢t, that is

w;(t*|t) = Pr(T; = t*|T; > t,Y;(t), D, ; 0),
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where Y;(t) = {y;(s); 0 < s < t} denotes a set of longitudinal measurements and y;(t) denotes
the value of the longitudinal outcome at time point ¢t for subject i, and D,, = {T;",d;,y;;i =
1,---,n} denotes the sample on which the joint model is fitted and on which the prediction model
is based. As before, T;" is observed event time, T; is true event time, and §; is the event indicator.
Rizopoulos derived a first-order estimate of m;(t*|t) using the empirical Bayes estimate for b;.
To produce valid standard errors for the estimate of r;(t*|t), a standard asymptotic Bayesian
formulation (Cox and Hinkley, 1974, Section 10.6) was used. Accordingly, he obtained a Monte
Carlo estimate of m;(t*|t). To assess the predictive performance of time-to-event models,
estimates of sensitivity and specificity measures were derived under the joint modeling
framework. Based on these estimates they presented ROC curves and AUC estimates of

prediction performance.

Fieuws et al. (2008) investigated predicting renal graft failure using multiple longitudinal
outcomes of biochemical and physiological markers. To handle prediction from multiple
correlated longitudinal outcomes, they used multivariate mixed model (MMM). They obtained a
probability function of the risk that the graft will fail within a 10-year period after transplantation

using Bayes rule as

H;(6) = P(t < T; < 120]Y;(1))

_ fi(Y; (|t <T; < 120)P(T; < 120|T; = t)
~ fi(Y; (DIt < T; < 120)P(T; < 120|T; = t) + £;(Y;(O)|T; > 120)P(T; > 120|T; > t)

where t is time expressed in months and ranges from 12 to 120, T; denotes the time of failure,
and Y;(t) is a vector containing the outcome information collected since 1 year after the

transplantation up to and including time, t, for subject i. These probabilities are computed using
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the MMM used for the markers. Because of the computational complexity of MMM, they used
all possible pairwise mixed models as proposed in their earlier paper (Fieuws and Verbeke,
2006). All pairwise mixed models were fit instead and results averaged across fits. A pattern-
mixture approach (Little 1993; Molenberghs and Verbeke 2005) was used to factorize the joint

model for the longitudinal outcomes and the time-to-event outcome.

Pauler and Finkelstein (2002) specified a parametric marginal model for longitudinal
prostate-specific antigen (PSA) outcomes using a subject-specific change point that allowed for
PSA slopes to change and hence, jointly model the data. For the time-to-event outcome,
recurrence of prostate cancer, a Bayesian version of Cox proportional hazard model was
assumed. The posterior predictive distribution of the time-to-event based on the joint probability

model was calculated as

p(t*ly*, D) « p(t*,y*|D)

= fp(t*,y*,b*,b|f5) db*db
- f p(t*|b*, BYp(y*|b*, b)p(b*| B)p(bID) db*db

where t*denotes the time-to-event for the patient under consideration with an additional (or new)
vector of longitudinal outcomes y*, D denotes data from all previous patients for which
posterior distributions are available, b denotes the patient-specific random effects vector, and b*
denotes the new random effects vector for the additional subject. To estimate prediction

probabilities Markov chain Monte Carlo method was used.

Yu, Taylor, and Sandler (2004) performed individual prediction using a longitudinal-

survival-cure model (Law, Taylor, and Sandler 2002; Yu, Law, Taylor, and Sandler 2004). They
21



divided the patients into “cured” or “susceptible” groups depending on whether the patients have
their tumor completely killed by the treatment or not. This aspect of the study was incorporated
into the joint modeling by using mixture cure models (Farewell 1982; Kuk and Chen 1992;
Taylor 1995). The cured fraction was modeled as a logistic function of baseline covariates,
measured before the end of the radiation therapy period. The longitudinal outcome was modeled
using non-linear hierarchical mixed models with different models for the cured and susceptible
groups. The time-to-event outcome was modeled using a time-dependent proportional hazards
model for those in the susceptible group where the time dependent covariate include both the
current value and the slope of post-treatment longitudinal outcome profile. Estimates of the
parameters in the model were obtained by using MCMC method (Lockwood, and Schervish,
2005). The posterior distributions for all the parameters were obtained from the product of full
complete data likelihood and prior distributions. Model predictions were approximated using
posterior distribution based on the observed data. This model has the disadvantage that it is
highly parameterized. With such complicated modeling, interpretation of the parameters can be
difficult. The number of parameters to be estimated in such cure models can lead to

identifiability problems (Farewell 1986; Li, Taylor, and Sy 2001).
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3.0 JOINT MODELING APPROACH

3.1 MODEL DEFINITIONS FOR MULTIVARIATE LONGITUDINAL DATAWITH

DIFFERENT TYPES OF OUTCOMES

In this chapter, we first describe the bivariate longitudinal setting with a single continuous
response and a single binary response which is used to model a time-to-event outcome. The
generalization to higher dimensions and other members of the exponential family of distributions
is conceptually straightforward. Let yy;; and y,;; denote the j™ outcome which consists of
continuous and binary components for subject i, respectively. Further, let y; = (y4;, ¥2;)' denote
the complete bivariate longitudinal outcome vector for the subject i , where
Vhi = (yhil,m,yhij)T,h =12, j=1,---,ny is a vector of A™ longitudinal outcome at time
point j. For the longitudinal bivariate outcome vector, y;, with different data types, we assume

an underlying generalized linear mixed effects model which can be written as

Yi= Wi+ &

where g(-) denotes a known one-to-one link function that is allowed to change with the
characteristics of the different types of outcomes in y;, and X; and B represent a design matrix of
known covariate values and a vector of their corresponding regression coefficients, respectively.
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Also, the b; are random effects that are assumed to follow a normal distribution with mean zero
and variance-covariance matrix G, and the Z; are design matrices for the random effects. It is
assumed that the elements in each outcome in y; are independent conditional on b;. Finally, &; is
a vector of measurement error terms. More specifically, by choosing the identity link for
continuous outcome and the logit link for the binary outcome, the generalized linear mixed

effects model (3.1.1) can be written in the form

yuj = XB1 + zZyby tey)
3.1.2
_ exp(xTZijBZ + ZTZiiji) ( )

Yaij &2ij»

where ¢;;; and &,;; are independent (Fitzmaurice, Laird, and Ware, 2004; Fitzmaurice, Davidian,
Verbeke, and Molenberghs, 2009). We consider two types of structures for the random effects
b,; and b,;. First, we assume that b,; follows a normal distribution with a mean vector of zeros
and variance-covariance matrix X, and that b,; is proportional to by;, i.e., b,; = Ayb;;, where A,
is a diagonal matrix of unknown constants. We call a joint model with this assumption a shared
random effects joint model. Second, we assume a joint distribution that b,; and b,; follow

multivariate normal distribution as;
b1i> ( 0 211 2:12]>
(o) =1 ( ) 2=[57] 52l)
We call a joint model with the second assumption a correlated random effects joint model. The

relationship between the continuous and binary outcomes can be investigated through the

correlation among the random effects b,; and b,;.
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3.2 PROPOSED JOINT MODEL: RELATING A TIME-TO-EVENT OUTCOME TO

MULTIVARIATE LONGITUDINAL DATA OF DIFFERENT TYPES

As introduced in section 2.2, Henderson, Diggle, and Dobson (2000) proposed a joint model of
longitudinal measurements and event time data through a latent zero-mean bivariate Gaussian
process, using an EM algorithm for estimation. Guo and Carlin (2004) applied Bayesian version
of this joint modeling strategy. They used only a single longitudinal continuous outcome in the
joint model. We developed their methods to multivariate longitudinal data of different types and
a time-to-event outcome. As mentioned in section 2.2, let T; denote the true event time for
subjecti (i = 1,---,n), C; be the censoring time, and §; = I(T; < C;) be the event indicator. Let
T = min(T;, C;) be the observed event time for the subject i. We assume that censoring is non-

informative. A proportional hazard model is assumed, that is,

o Prt<T;<t+dt|T; =t}
Ao = g, dt

= do(t)exp{xy;B5 + U;}, (3.2.1)

where x5; is a vector of covariates, B is regression coefficients of covariates, and 1,(t) is
baseline hazard function, which can be assumed to be of a parametric form or left unspecified.
To express the effects of longitudinal outcomes on the time-to-event, we assume that shared
parameters, U;, is associated with the random effects of longitudinal outcomes b,; and b,;. There
are three submodels of the longitudinal continuous outcome process, the longitudinal binary

outcome process, and the time-to-event outcome process presented as (3.1.2) and (3.2.1).
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Our proposed joint model connects (3.1.2) and (3.2.1) by taking

Ui = a}bli + a;bzi + bsi, (322)

where a = (al, a)) is a set of unknown constants and bs; is a normally distributed frailty term
with mean zero and variance o, independent of the b; = (b};, b},)". The hazard function of the
time-to-event depends on the longitudinal outcomes through the shared b,; and b,;. Thus, the
parameter a in the survival model (3.2.2) measures a degree of association explained by the
random effects in (3.1.2). The components of x;, x,, and x5 may not all the same, which allows
that the longitudinal continuous and binary outcomes, and the time-to-event outcome to depend
on different and/or overlapping covariate information. We assume that the longitudinal outcome
vector, y;, and the time-to-event outcome, T, are independent conditional on covariates X, Z, and
the random effects, b. The observed data for the it subject with n;,; repeated measurements for

the hth outcome are denoted by

{yhi(tij)! X(tl]); Z(tU)‘ Ti*’ 6i; h = 1'2' I = 1’-.-’n’ ]: 1'""nhi}'

Based on a full conditional independence assumption, we can express the joint distribution of the

observed data as

fuT7,8:1b;; 8) = f(¥1i|b1is Br, 62)f Wailbai; B2 f(T7, 8ilby; B3, a, 62)

where @ denotes the complete parameter vector and f(-) denotes a probability density function.
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Thus, we can derive the log-likelihood for the observed data as

n ngi [ ]
1 1 . . 2
Z log 1_[ exp _ﬁ(%ij —x1iB1 — Z1ijb1i)
i=1 bi j=1 | 2mad, & |
Nnyi y 1_y ii
y 1_[ { 1 }yz J{ eXp(_x;ijBZ - Z;ijbzi) } o

T}
X [0 (T} )exp{x}; B3 + U;}]%texp {—f Ao(s)exp{x}; B3 + Ui}ds}
0

x f(b;|Z)db;

where f(b;|Z) is the density function of b; conditional on the covariance parameters X.

3.3 ESTIMATION AND MODEL SELECTION

We used a Bayesian approach for estimating parameters of the proposed joint model through
MCMC methods. The methods here are programmed in the R interface called ‘rbugs’ which
accessed the software ‘OpenBUGS’. BUGS is an acronym for ‘Bayesian inference Using Gibbs
Sampling’. Among the two most common versions of BUGS, namely WinBUGS and
OpenBUGS, we used the more recent version, namely, OpenBUGS. This is the version that has
been designated as that for which future versions will be based on.

We considered many different forms of the random effects terms in the joint model
ranging from the simplest model with no random effects to the largest model with random

intercepts and random slopes in both the longitudinal outcomes and the time-to-event outcome.
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Historically, there have been two well-known information criteria for model selection, namely,
the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC).
Spiegelhalter, et al. (2002) proposed the Deviance Information Criterion (DIC) which can be
viewed as the Bayesian version of the AIC. The DIC is a generalization of the AIC for
hierarchical models based on the deviance of the posterior distribution. For the parameter vector,

0, and observed data vector, y, let D(0) be the deviance,

D(8) = —2log f(¥|0) + 2 log h(y),

where f(y|0) is the likelihood function and h(y) is a standardizing function of the data alone
(Carlin and Louis, 2009). We define D(0) to be D(0) = —2 Y™, logf (y;, T}, §;; ) in our joint
model. D(8) = Eq,,[D(8)] denotes the posterior expected deviance and 0= Eq),[08] denotes

the posterior means of the parameters. The effective number of parameters, pp, which can

capture the complexity of a model is defined as
pp = D(8) — D(0).
Then, the DIC is defined as

DIC =D(0) + 2 pp

= D(0) + pp.

Smaller values of the DIC indicate better fitting models. As with the AIC, differences of the DIC
between models are a tool used for model selection. Differences of 3 to 5 are considered to be
meaningful. Conveniently, OpenBUGS provides the DIC values after running an MCMC. In this

dissertation, we use the DIC for model selection criterion.
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34 PREDICTION OF AN EVENT PROBABILITY

In this section, we illustrate how predicted future event probabilities are calculated based on our
proposed joint model of the longitudinal outcomes and the time-to-event outcome. We applied
the dynamic prediction of a clinical event occurring within a fixed window for a subject still at
risk just before time t as proposed by van Houwelingen and Putter (2011). Specifically, we

considered the conditional survival function of time v > t given that one survives up to time ¢:

_SIy.XZbi0,v=1)

Sw|t)=P(T>v|IT =2t,y,X,Z,b;0,v=>t) = S(t—1y.X.Zb;0) (3.4.1)
Equation (3.4.1) can also be expressed using a hazard function as
S(wlt) = exp[-{A(v|y, X, Z, b; 0) — A(t|y, X, Z, b; 0)}]
v
= exp (—ft A(s|ly, X, Z, b; 0)ds> (3.4.2)

where A(*) denotes the cumulative hazard function and A(-) denotes the instantaneous hazard
function. Equation (3.4.2) implies that only the hazard on the interval [t, v] is necessary to
predict the probability of event up to time v for a subject at risk just before time t. Letv =t +w
be a fixed window of width w. We can relate the survival function to the cumulative distribution

function (c.d.f.) as follows:

E,(t) =1—S(t + wlt).

This function is called the fixed width failure function. It is evaluated at all-time points t where

the estimates change value.
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The variance of this function is based on the Nelson-Aalen estimate of that cumulative hazard

that is given as

) 1
selnff@ll= Y woy
R

where D denotes the set of event times and R(t) denotes the size of the risk set, i.e., the number
of subjects with no event and still being followed just before time t.

The dynamic prediction of probabilities of event occurring within a fixed window given
all baseline covariates and longitudinal measurements is applied to IPF data in chapter 5 with

survival function obtained from our proposed joint models.
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40  APPLICATION TO MAINTENANCE THERAPIES IN A LATE-LIFE

DEPRESSION STUDY

41  DESCRIPTION OF DATASET

In this chapter, we present the analysis of the maintenance therapies in a late-life depression
study, introduced in Chapter 1, using the proposed joint model for mixed multivariate
longitudinal responses and time-to-event. We are mainly interested in associating recurrence of
major depression with the longitudinal outcomes of neuropsychological functioning and C-
IADL. From the 130 patients considered in the study, 30 patients relapsed with major depression
that corresponds to a 23% recurrence rate. For full details regarding the conduct of the trial the
reader is referred to Reynolds et al. (2011). Patient characteristics are summarized in Table 1.
Of the 130 patients, 77% of the patients were female and 44% were adjudicated to have mild
cognitive impairment (MCI) with or without amnesia. Almost 90% of the patients were white.
Roughly, 51% of patients were assigned to maintenance antidepressant pharmacotherapy and
donepezil, and 49% were assigned to maintenance antidepressant pharmacotherapy and placebo.

The average age of the cohort was 73.5 + 6.15 years.
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Table 1. Patient characteristics of MTLD data.

N(=130) %
Gender
Male 30 23.1
Female 100 76.9
Race
White 117 90.0
Black 13 10.0
Base Diagnosis
MCI Amnestic - Multiple Domain 30 23.1
MCI Amnestic - Single Domain 5 3.8
MCI Non-Amnestic - Multiple Domain 11 8.5
MCI Non-Amnestic - Single Domain 11 8.5
No Cognitive Disorder 73 56.2
Treatment
Donepezil Hydrochloride 67 51.5
Placebo 63 48.5
Mean SD
Age (years)
Overall 73.5 6.15
Male 74.2 6.56
Female 73.3 6.04
Donepezil Hydrochloride 73.1 6.50
Placebo 73.9 5.82

In measuring cognitive impairment in the late-life depression example, there are five domains
with 17 individual tests to assess neuropsychological functioning: language, delayed memory,
executive, visuospatial, and speed of information processing domain. A global performance
score is calculated by averaging over all 17 tests. Each subject had baseline scores of
neuropsychological functioning and C-IADL at time 0. Then, subjects were randomized to
treatment of donepezil or placebo and had repeated measurements of neuropsychological

functioning and C-1ADL at one and two years. Individual profiles for the global score and five

4.2 DATA STRUCTURE
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domains of neuropsychological functioning are shown in Figure 1 and Figure 2. We observed

that in both treatment groups subjects show similar variability in their longitudinal profiles.
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Figure 1. Subject-specific evolutions in time of the Neuropsychological Functioning, showing global
score (A), the language domain (B), the memory domain (C), the executive domain (D), the visuospatial

domain (E), and speed of information processing domain (F).
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Figure 2. Subject-specific evolutions in time of the Neuropsychological Functioning, separately for

Donepezil and Placebo groups, showing global score (A), the language domain (B), the memory domain

(C), the executive domain (D), the visuospatial domain (E), and speed of information processing domain

(F).
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The composite measure of C-IADL was dichotomized. The included covariates are age, years of
education, baseline MCI, and follow-up time in years, which were chosen because they were
significant variables from the preliminary analyses fitting the separate outcomes. Although no
significant effect was observed, treatment is included because the treatment effect was the
primary interest in the study. The time to recurrence of major depression was used as time-to-
event outcome. The Kaplan-Meier plot of recurrence of major depression by treatment is shown
in Figure 3. From the Kaplan-Meier estimates in Figure 3 and the associated log-rank test, the
Donepezil treatment group has a marginally significant higher recurrence of major depression

than the Placebo group.
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Figure 3. The Kaplan-Meier plot of recurrence of major depression for Donepezil (solid red curve) and

Placebo (broken black curve) groups.
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43  MODEL DEFINITIONS

4.3.1 Shared Random Effects Joint Model

The subject-specific random intercepts and slopes, b,,; and b;,;, of the continuous longitudinal
outcome, are shared in the joint model. We assume b,; follow normal distribution with mean
vector zero and variance-covariance matrix X, and that b,; is proportional to b,;, i.e., b,; =
Ayb,;, where A, is a diagonal matrix of unknown constants as introduced in section 3.1. The
model entities are defined as follows:

y1ij - global scores of neuropsychological functioning for the ith subject at time j(continuous).
¥2ij - composite measure of C-IADL for the ith subject at time j (binary).

T; - time to recurrence of major depression for the ith subject.
3’1ij|b10; by, ~ indep. N( Hli(tij); Ggl )
Yigj = dai(tiy) + Uni(ty)) + €1

.Uli(tij) = X’{i(tij)ﬁl = P11 + B12Age; + ByzEducation; + By, Baselineycy; +

P1sTime;; + B;cTreatment;

Uli(tij) = Zfi(tij)bu‘ = byg; + by1;Time;;

_ b1o; 0 0-%’10 Pb;Ob140by,
b= (o)~ (). | .
by1

Pb,9b1o0b1,

2
Elij ~ N( O, 061
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¥2ijlb20, b2y ~ indep. Bernoulli(Pr(y,;; = 1))
logit(Pr(yzi; = 1)) = pzi(ti) + Uz(tiy)

w2i(tij) = x5,(ti;)B2 = Ba1 + BroAge; + Br3Baselineygy; + B4 Time;; +
[B,sTreatment;

Upi(tij) = 23:(ti; )b = 23;(t:;)Aob1; = @1byo; + azbyy;Timey;
T; ~ Weibull(p, p3;) , p > 0

log(us;) = X583 + Us;

x5 B3 = Py + Pa; Treatment;

- Uz = albli + aTZbZi + b3; = azbyg; + aubyq; + bs;

b3~ N(0, o3, )

Hazard at time t : 2;(t) = ptP~lug; = ptP lexp{x3; B3 + Us;}

For the continuous longitudinal outcome, we included the covariates of age, years of education,
baseline MCI, time in years, and treatment. For the binary longitudinal outcome, the same
covariates are included except years of education. Only treatment is included in the model for
time-to-event outcome as other covariates did not reach statistical significance. The longitudinal
continuous and binary outcomes and survival outcome are associated through shared random
effects of longitudinal continuous outcome. Thus, the association between both longitudinal

outcomes and time-to-event outcome can be explained by a; and aj,.
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4.3.2 Correlated Random Effects Joint Model

We assume that the subject-specific random effects of continuous and binary longitudinal

outcomes, b,; and b,;, are multinormally distributed as

b1i> ( 0 Xy 2:12] )
~M .
(bs) -8 (@) 2, =
The model assumptions are same with section 4.3.1, while the random effects terms now take the
form
- Uy(ti;) = bygi + byq; Time;
- Uyi(tij) = byoi + byy;Time;

- Uz = albu + aszzi + b3; = a1b1o; + azbyq; + azbyg; + aybyy; + bs;

In this case, the association between both longitudinal outcomes and time-to-event outcome can

be explained by a = (a4, a,, a3, a,).
4.3.3 Assumptions About The Prior Distributions

We selected non-informative priors for all parameters, that is, priors that had very large variance
components. For the coefficients of the fixed effects 8, B, and B85, we use multivariate normal
distributions with mean zero and variance-covariance matrices 100ls, 10015, and 100lI5,
respectively, where Iy indicates an k x k identity matrix. For error variance oZ , we take an
inverse gamma(0.1, 0.1), for frailty term variance o3, we take an inverse gamma(20, 5), for the
association coefficients a, we use a normal distribution N(0, 100). For the parameters of random

effects, we use an inverse Wishart which is a conjugate prior for the variance-covariance matrix
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in the multivariate normal likelihood (Carlin and Louis 2009). The methods are programed in the
R interface called ‘rbugs’ to access the software OpenBUGS. As was previously mentioned, in
our analyses, a total of 20,000 MCMC iterations were used. We discarded the first 10,000

iterations for the burn-in period.

44  RESULTS

4.4.1 Shared Random Effects Joint Model

We applied various models with all possible combinations of forms of subject-specific random
effects for the three processes as the longitudinal continuous and binary outcomes, and time-to-
event outcome. We considered 37 differently expressed shared random effects joint models.
First, we assumed Weibull distribution for the time to recurrence of major depression outcome.
But the estimated values of shape parameter in Weibull distribution were not significantly
different with one in all 37 models. Thus, we fit the models assuming exponential distribution for
the time to recurrence of major depression.

Table 2 summarizes DICs for each submodel, the posterior expected deviance, D, the
effective number of parameters, pj, and total DIC scores, DICa, for each joint model. Note
that DICy;, DICy, and DICy denote DIC from the longitudinal continuous outcome submodel,
from the longitudinal binary outcome submodel, and from the time-to-event outcome submodel,
respectively. These scores show relative contributions to the overall model DIC. The total DIC
score, DICta, Was used to choose the best model. The joint models with subject-specific random

intercepts in both the longitudinal continuous outcome submodel and binary outcome submodel
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(Model 7 ~ Model 9) show the decreased DICs in both the longitudinal outcome submodels, and
hence the DIC, Of the overall model. When subject-specific random slopes were included in
the longitudinal continuous submodel (Model 11 further), DICy; for the longitudinal continuous
submodel increased. Although there were reductions in DICy, for the longitudinal binary
submodel when subject-specific random slopes were allowed in the longitudinal binary
submodel (Model 29 ~ Model 37), it could not cover the increasing amount of DICy; to improve
in DICota. The model with the smallest DICi is Model 8. Unfortunately, this model did not
assume any association between the longitudinal outcomes and the time-to-event outcome. We
investigated the associations between the longitudinal outcomes and the time-to-event outcome
comparing the Model 37 assumed that the longitudinal binary outcome shares the random
intercept and slope of the longitudinal continuous outcome and the time-to-event outcome is
related to both the subject-specific random intercept and slope of the longitudinal continuous
outcome and has frailty term.

Table 3 reported the posterior estimates of fixed effects, random effects, and the
association of the longitudinal outcomes and the time-to-event outcome, the standard errors, and
their 95% credibility intervals for both Model 8 and Model 37. The results from the Model 8 and
Model 37 are similar in the longitudinal continuous submodel. It seems that even though the
subject-specific random slope of the longitudinal continuous outcome caused the longitudinal
continuous submodel to increase in DICy,, it does not effect on the posterior estimates of
longitudinal continuous outcome. In the longitudinal binary submodel, the estimates of Model 37
are slightly smaller than Model 8. The association parameters between the longitudinal outcomes
are significant in both the subject-specific random intercept and slope showing positive

relationship between the both longitudinal outcomes.
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Table 2. Bayesian Model Selection of shared random effects joint model — MTLD data.

Model U, (t) U, (t) U, DIC,, DIC,, DIC; D Pp  DICuu
no random effects
1 0 0 0 570.1 339.7 169.1 1065 14.0 1079
2 0 0 bs 569.9 339.7 166.7 1056 20.3 1076
random intercepts
3 byo 0 0 2241 3397 1691 609.6 1233 7329
4 byo 0 bs 2258 3399 1666 6020 1303 7323
5 bio 0 asbyg 2249 3397 1704 6107 1243 735.0
6 bio 0 azbyo + bs 2251 3398 167.7 6020 1305 7326
7 bio a1 by 0 2254 3107 169.1 579.9 1253 705.2
8 bio a;bio bs 2243 3108 166.8 570.1 131.7 701.8
9 bio ay by asbyo 2248 3107 1703 580.2 1257 705.9
10 bio a1byg azbio + bs 2250 3106 1679 571.3 1322 7035
random intercepts and random slopes

11 byo + byqt 0 0 256.7 3399 169.3 6042 161.6 765.8
12 by + byyt 0 by 2581 339.8 166.7 5965 168.1 764.6
13 by + byyt 0 asbyo 2509 3398 1696 607.3 1619 769.2
14 by + byyt 0 asbyiq 2565 339.6 1655 600.2 1614 761.6
15 by + byyt 0 azbyo + b3 2603 3396 167.0 5995 1675 767.0
16 by + byyt 0 asbiq + bs 259.1 3396 162.0 594.1 166.6 760.7
17 by + byyt 0 azbio + asbyy 2620 339.8 159.8 5975 1642 761.7
18 byo + byt 0 az(byo + b1q) 2571 3397 1702 6051 1619 767.0
19 by + byyt 0 azbig +asby; +b; 2630 339.8 1553 591.2 1669 758.1
20 byg + byt a;byg 0 2642 3062 169.2 5746 1651 739.7
21 by + byt a;byg bs 2630 3065 1666 564.4 1718 736.2
22 by + byt a;byg azbyo 2630 307.4 170.1 5742 166.4 7406
23 by + byt a;byg asbiq 2634 307.0 1661 5726 1639 736.6
24 by + byt a;byg azbio + bs 2647 3065 167.1 566.3 172.0 7383
25 by + byt a;byo asbiq + bs 2639 306.8 163.7 5639 1704 7344
26 by + byt a;byo azbio + asbyy 267.1 3080 159.7 569.6 1652 7348
27 by + byt a1byg az(byo + byy) 2648 306.8 170.3 576.0 1658 741.9
28 byg + byqt a; by aszbig + agbiq + b3 2674 307.7 1579 563.1 1699 733.0
29 byg+ byt aibig + azhyqt 0 250.3 2987 169.2 563.1 1641 727.2
30 byg+ byt abig + azbyqt bs 260.6 298.1 166.6 554.8 170.6 725.4
31 byg+ byt arhig + azhyiat asbyo 2584 299.2 169.7 561.6 1657 727.3
32 byp+ byt abig + azhyat aybyy 2610 2981 1644 5583 1653 7236
33 byg+ byt arbyp + azhyat azbyo + bs 2605 297.2 167.1 5547 1701 7248
34 byg+ bt ajbyg t agbyt azbyy + by 262.7 299.2 1624 5535 1708 7243
35  byg+ byt ajby +aghyst azbig + asbqy 263.1 299.8 160.2 551.7 1714 723.1
36 bigt+ byt byt azbyt a3(big + by;) 261.1 2976 1705 565.1 1641 729.2
37 byg+ bt ajby +aghyst azbig + asbi; + bs 2648 298.6 156.0 5456 1738 7194
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Table 3. Joint Bayesian analysis results for shared random effects joint model — MTLD data.

Model 8 Model 37
Parameter Posterior Std. 95% Cl Posterior Std. 95% Cl
Mean Error Mean Error
Longitudinal continuous submodel
Intercept (B11) 1.994 0.638 (0.741, 3.259) 1.722 0.487  (0.789, 2.671)
Age (B12) -0.045 0.008 (-0.061, -0.029) -0.041 0.006 (-0.054, -0.030)
Education (B;3) 0.088 0.017 (0.054, 0.122) 0.088 0.014  (0.060, 0.116)
Baseline MCI (B14) -0.839 0.103 (-1.040, -0.638) -0.842 0.081 (-0.993, -0.679)
Time (Bys) -0.062 0.021 (-0.103, -0.022) -0.064 0.033  (-0.129, 0.002)
Treatment (B1¢) 0.043 0.098 (-0.147, 0.232) 0.043 0.077  (-0.104, 0.202)
S50 0.266 0.040 (0.197, 0.352) 0.115 0.014  (0.090, 0.145)
o5, - - - 0.064 0.007  (0.052,0.078)
Pb, - - - 0.094 0.076  (-0.054, 0.240)
o’ 0.083 0.009 (0.068, 0.103) 0.088 0.012  (0.067,0.114)
Longitudinal binary submodel
Intercept (B21) 9.359 2.198 (5.165, 13.920) 9.255 2.205  (5.065, 13.680)
Age (B32) -0.112 0.029 (-0.173, -0.057) -0.110 0.029 (-0.168, -0.053)
Baseline MCI (B,3) -0.791 0.353 (-1.507, -0.115) -0.935 0.365 (-1.662,-0.235)
Time (B54) -0.559 0.183 (-0.919, -0.210) -0.709 0.255 (-1.248,-0.238)
Treatment (Bs) -0.381 0.336 (-1.065, 0.275) -0.420 0.346  (-1.113,0.254)
a, 1.815 0.382 (1.097, 2.596) 1.707 0.676  (0.483,3.138)
a, - - - 4.869 2.214  (1.305,9.783)
Time-to-event submodel
Intercept (B3,) -2.354 0.323 (-3.035, -1.768) -2.659 0.438 (-3.655, -1.908)
Treatment (B52) 0.794 0.400 (0.028, 1.586) 0.844 0.437  (0.002, 1.735)
as - - - -1.388 0.835  (-3.108, 0.226)
ay - - - 3.856 2.051  (0.209, 8.139)
op, 0.272 0.067 (0.172, 0.428) 0.268 0.064  (0.170, 0.417)

The treatment covariate is significant only in the time-to-event submodel. We observe that the

hazard of the recurrence of major depression is significantly higher for Donepezil treatment

group as we showed in Figure 3. The association between the longitudinal outcomes and the

time-to-event outcome can be explained by parameter «; and «,. We observe the negative

association between the subject-specific random intercept of the global performance score of
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neuropsychological functioning and the time to recurrence of major depression although a5 is not
significant in level 0.05. And the subject-specific random slope of the global score is positively

associated with the risk of for a recurrence of major depression significantly.

4.4.2 Correlated Random Effects Joint Model

We considered all possible combinations of differently expressed correlated random effects joint
models. Because we showed there is no gain in the DICs by including the subject-specific
random slope in the longitudinal continuous outcome in the section 4.4.1, we reported here only
the models allowed the subject-specific random intercept in the longitudinal continuous
submodel in Table 4. We observe that there is great decrease in the DIC; with the association
between the subject-specific random intercepts and slopes of the longitudinal binary outcome
and the time-to-event outcome in the time-to-event submodel. But inconclusive results emerge
for the correlated random effects joint modeling for this data set. The sub-components of pj,
estimates for the time-to-event submodel were negative in some models, particularly in the
model included the association between the subject-specific random intercept of the longitudinal
binary outcome and the time-to-event outcome in the time-to-event submodel. Also the sub-
components of p, estimates for the longitudinal binary submodel were strangely small in all
models. The small numbers of repeated measurements (one, two, or three) of binary outcome
appears to be causing problems with the estimation. In such cases, we cannot trust the
improvement of total DIC obtained for these models (Carlin and Louis 2009). Thus, we cannot
choose the best model for the correlated random effects joint models nor report the results of the

estimates.
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Table 4. Bayesian Model Selection of Correlated random effects joint model — MTLD data.

Mode U, (t) U,(t) Us DIC, DIC, DIC; D P DICiw
random intercepts
1 bio by 0 2321 3306 169.0 6101 1216 7317
2 bio byo bs 2329 330.7 166.6 601.8 1284 730.2
3 bio byo a1 by 232.8 330.7 1703 6115 1223 7338
4 bio byo aybyo + bs 2323 3304 167.7 601.7 128.7 730.3
5 bio b,o asby 2335 3341 1223 5854 1045 689.9
6 bio bz azbyg + bs 236.1 3324 1416 587.1 1230 710.0
7 bio bso ayb1g + azbyg 2339 331.1 1302 5723 1228 695.2
8 bio bso a1by + azbyg + by 232.1 3309 1234 5743 1121 686.4
9 bio byo + b1t 0 2322 3236 169.0 5964 1285 7249
10 bio by + bygt by 2317 3237 166.6 586.8 1353 722.1
11 bio by + bygt a1 byo 2314 3234 1702 5957 1292 7249
12 bio by + bygt aybig + bs 231.8 3241 1679 5884 1354 7238
13 bio by + bygt asbyo 231.8 326.1 1209 5725 1064 6789
14 bio bao + bagt asbyg + b3 2329 3258 1295 568.8 119.4 688.2
15 bio bayg + bagt aybyy 2328 3260 1310 5734 1163 689.7
16 byo by + byt by + b3 232.0 325.3 140.2 566.1 131.3 697.4
17 bio by + byt ay1b1g + azbyg 2309 3227 1456 5539 1453 699.2
18 bio byo + byt @by + asbyg + by 2335 3243 139.7 560.2 1372 6975
19 bio byo + b1t a1byo + agbyy 231.0 3220 1464 5478 1516 699.4
20 b1o bao + byt a1byo + ayhy; + by 230.0 3239 1336 552.6 1349 6875
21 by by + byt azbyo + aybyy 2326 3259 884 5521 948 646.9
22 b1o byo + byyt @3by + a4byy + by 232.6 3251 1024 5541 1059 660.0
23 bio bag + bagt ay1big + asbyg + asbyy 2332 3235 1046 5524 1089 661.3
24 b1o byo + byit  a1big + azbyg + ayb,y + b3 2324 3239 1007 5445 1124 657.0
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5.0 APPLICATION TO MORTALITY IN IDIOPATHIC PULMONARY FIBROSIS

OUTCOMES STUDY

5.1 DESCRIPTION OF DATASET

In this chapter, we present the analysis of mortality in the idiopathic pulmonary fibrosis (IPF)
outcomes study. IPF is a chronic, progressive lung disease characterized by fibrosis of unknown
etiology (Richards et al, 2012). Our primary concern is to model the relationship between
longitudinally measured pulmonary function tests (PFT) and a time-to-event outcome which
included two survival time random variables, overall survival and transplant-free survival. For
overall survival analysis, only death without lung transplantation is treated as an event. For the
transplant-free survival outcome, lung transplants were counted as events in addition to death.
Among PFTs, forced vital capacity (FVC) measurement was used as a longitudinal continuous
outcome. A disease progression indicator variable defined as a decline of 5% or more in FVC
from the baseline FVC measurement was used as a longitudinal binary outcome. From the 125
patients considered in the study, 64 (51.2%) patients died or were transplanted. Patient
characteristics are summarized in Table 5. Of the 125 patients, 67.2% of patients were male.
Almost (97.6%) patients were white, 29.6% of patients had never smoked, 50.4% of patients had

a clinically confirmed diagnosis, and 18.4% were transplanted. The average age at diagnosis was
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65.2 £ 9.34 years. This data set was comprised of irregular follow-up times across patients. Thus,
the number and timing of longitudinal measurements are different for each patient. The PFTs of
each patient were repeatedly measured about 11 times on average, up to 43 times. The average
follow-up time is 3.7 years among all patients and 4.1 years among patients who do not die nor

were transplanted. In the data analysis, age was mean-centered.

Table 5. Patient characteristics of IPF outcome data.

N(=125) %
Gender
Male 84 67.2
Female 41 32.8
Race
White 122 97.6
Black 1 0.8
American Indian 1 0.8
Oriental 1 0.8
Smoking
Ever 88 70.4
Never 37 29.6
Diagnosis made
Clinically 63 50.4
Historically 62 49.6
Transplant
Yes 23 18.4
No 102 81.6
Mean SD
Age (years)
Overall 65.2 9.34
Male 65.7 9.00
Female 64.2 10.04
Follow-up (years)
All patients 3.7 2.32
Alive and not transplanted 4.1 2.35
Baseline PFTs
FVC 2.7 0.85
FEV1 2.2 0.65
DLCO 12.7 4.36

Definition of abbreviations: PFT = pulmonary function tests; FVC = forced vital capacity; FEV1 = forced

expiratory volume in 1 second; DLCO = diffusing capacity of carbon monoxide.
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Individual profiles for the pulmonary function assessed by FVC are shown in Figure 4. With
higher baseline FVC, the FVC measurement trajectory seems to decline in time but with
moderate baseline FVC, it tends to maintain the degree or to decrease only slightly. In contrast,
FVC shows to increase in time with lower baseline FVVC for some patients. We can see subject-
specific random intercepts and slopes. Covariates included in the model are centered age at
diagnosis, baseline FVC, smoking, gender, and time in years. The stepAlC approach for variable

selection was applied in the preliminary analyses fitting separate outcomes.
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Figure 4. Subject-specific evolutions in time of FVC measurements.
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Survival curves were estimated using the Kaplan-Meier method and fitted survival curves of the
Weibull model and exponential model are shown in Figure 5. The survival curves of the Weibull
model and exponential model are almost indistinguishable and both models show a good fit to
the marginal survival function. The estimated median mortality from the initial visit date was 7.9
years (Figure 5, red line); the median transplant-free survival time was 4.4 years (Figure 5, blue
line). All IPF patients were evaluated at the University of Pittsburgh Medical Center and clinical

data were obtained from the Simmons Center for Interstitial Lung Disease.
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Figure 5. The Kaplan-Meier plot of overall survival (red curve) and transplant-free survival (blue curve);

Weibull survival curve (green curve) and exponential survival curve (black broken curve).
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5.2 MODEL DEFINITIONS
5.2.1 Shared Random Effects Joint Model

The subject-specific random intercepts and slopes, b,,; and b;,;, of the continuous longitudinal
outcome are shared in the joint model. We assume b,; follow normal distribution with mean
vector zero and variance-covariance matrix X, and b,; is proportional to b,;, i.e., b,; = Ayby;,

where A, is a diagonal matrix of unknown constants same with section 4.2.1. The model is

defined as follows:
y1ij — FVC measurement of PFT for the ith subject at time j (continuous).
¥ij — Disease progression indicator of decline of at least 5 % in FVC from the baseline FVC

measurement for the ith subject at time j (binary).

T; — time to transplant or death for the ith subject.
Y1ij1b1o, b1y ~ indep. N(py;(ti), o%)

viij = (&) + Upi(tij) + €xy)
- mi(ty) = x1;(t;j)B1 = P11 + BizBaselinepyc, + Br3Time;;

- Uy(tij) = 21;(t;;)by; = bao; + byy; Timey;

2
- by = (Zlm) ~N < (8) ’ I Oby pb1cbz1oo-b11l )
11 Pb,9b1o0b4, Ob,4

2
- ElijNN( 0, 0'61
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¥2ijlb20, b2y ~ indep. Bernoulli(Pr(y,;; = 1))
logit(Pr(yzi; = 1)) = pzi(ti) + Uz(tiy)

wzi(ti;) = x3:(ti;) B2 = Ba1 + BazAge; + Bo3Timey;

- Uy(ti;) = 22;(ti;)by = 23,(t:;)Aoby; = aybyg; + azbyy; Timey;
T; ~ Exponential (u3;)
log(us;) = X583 + Us;

- X5;B3 = P31 + B3;Gender; + B33Smoking; + B4Baselinepyc;
- Us; = ajby; + ajby; + bs; = azbyg; + aubyq; + by
- by~N(0, o3,)

- Hazard function : A; = us; = exp{x%;B5 + Us;}

For the continuous longitudinal outcome, we included the covariates of baseline FVC and time in
years. For the binary longitudinal outcome, age and time in years were found to be significant
covariates. Gender, smoking, and baseline FVC were significant in the model for transplant-free
survival and exponential model was assumed. Because the Weibull regression model and the
exponential regression model are almost identical for this data set (Figure 5), we assumed the
exponential model for the transplant-free survival. The longitudinal continuous and binary
outcomes and survival outcome are associated through the shared random effects of the

continuous longitudinal outcome.
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5.2.2 Correlated Random Effects Joint Model

The subject-specific random effects of continuous and binary longitudinal outcomes, b,; and
b,;, are assumed to follow multivariate normal distribution as
G- (@[3 321)
The model assumptions are same with section 5.2.1, while the random effects terms now take the
form
- Uyi(ti;) = bro; + byy;Timey;
Uzi(ti;) = baoi + by Time;;

- Uz = ajby; + ayby; + bz; = aybyo; + azbyg; + azbag; + agbyy; + bs;

The association between both longitudinal outcomes and time-to-event outcome can be

explained by the parameter a = (aq, @y, a3, a,).
5.2.3 Assumptions About The Prior Distributions

The prior assumptions for IPF data set are similar with MTLD data set in section 4.3.3. For the
coefficients of the fixed effects B8, B,, and 3, we assume a multivariate normal distribution
with mean zero and variance-covariance matrices 10013, 10013, and 10014, respectively, where Iy

indicates an identity matrix with dimension k. For error variance, 021, and frailty term variance,

o2, we take an inverse gamma distribution. For the association coefficients a, we take a normal
distribution with mean zero and variance equal to 102. For the parameters of random effects, we
take invers Wishart distribution. A total of 15,000 MCMC iterations were used discarding the

first 5,000 iterations for the burn-in period.
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5.3 RESULTS

5.3.1 Shared Random Effects Joint Model

As with the application of MTLD data set in the chapter 4, we applied various models for IPF
data set. We considered 37 differently expressed shared random effects joint models. Table 6
summarizes the DICs of each submodel, the resulting fit, D, complexity, pp, and the total DIC
for each joint model. The joint models with both subject-specific random intercepts and slopes in
both the longitudinal continuous outcome submodel and binary outcome submodel (Models 29 ~
37) have the smallest DICs for both the longitudinal outcome submodels, and hence the DICi
of the overall model compared with other joint models with different structures of random
effects. In the time-to-event submodel, adding a frailty term leads to a slight decrease in the
DICt. The joint model connecting the time-to-event submodel to only the longitudinal
submodels through the random intercepts does not improve the DICs at all. When both the
random intercept and slopes, and frailty term were included to the association between the
longitudinal submodels and the time-to-event submodel, there is the biggest decrease in DICy.
However, there is no gain in the DICt or the DICy by including only the subject-specific
random intercept of the longitudinal continuous outcome to W5. Also there is miniscule loss in
the DIC+ in removing the frailty term from the time-to-event submodel. On the basis of model
comparisons, Model 32 with the smallest DICi Was selected as our best model. Under Model
32, it seems that the longitudinal binary outcome shares the subject-specific random intercept
and slope of the longitudinal continuous outcome and the time-to-event outcome is related to the

subject-specific random slope of the longitudinal continuous outcome.
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Table 6. Bayesian Model Selection of shared random effects joint model — IPF data.

Model U, (¢t) U,(t) Us DIC, DICy, DIC D Pb DICiotal
no random effects
1 0 0 0 1795 1715 356.2 3856 11.02 3867
2 0 0 bs 1795 1715 3543 3842 2311 3865
random intercepts
3 by 0 0 763.8 1715 356.1 2719 1157 2835
4 by 0 b 763.9 1715 3545 2706 127.9 2833
5 by 0 asby, 763.6 1715 357.3 2720 1163 2836
6 by 0 asbyy + b 763.6 1715 3552 2706 1282 2834
7 by a1 by, 0 7195 1189 356.2 2143 1225 2265
8 by abq, b 718.8 1189 3545 2128 1343 2263
9 by a1 by, asby, 719.4 1189 357.8 2143 1229 2266
10 by by azbi + bs 718.8 1189 3553 2128 1347 2263
random intercepts and random slopes

11 byg + byqt 0 0 241.8 1715 356.2 2113 2004 2313
12 by + byt 0 b 2419 1715 3542 2099 2125 2311
13 by + byt 0 asbyo 2417 1715 3552 2111 200.8 2312
14 by + byt 0 asbyq 2419 1715 3504 2104 2031 2307
15 byg + byqt 0 asbyy + b 2419 1715 353.0 2098 2122 2310
16 by + byqt 0 asbiq + bg 241.0 1715 3515 2095 2121 2307
17 byo + byqt 0 asbyg + aubyq 2423 1715 3511 2106 2021 2308
18  byg + byqt 0 as(byg + by1) 2389 1715 3527 2106 200.7 2307
19  byg + byqt 0 aszbio+ aybyy +b; 2389 1715  349.7 2092 2114 2304
20 byg + byqt by 0 3743 1227 3559 1742 2151 1957
21 byo + byqt by b 373.7 1227 3546 1728 227.3 1955
22 byg + byqt by asbq 3744 1226 3575 1743 2158 1958
23 by + byqt by asbiq 372.6 1226 346.6 1727 217.7 1945
24 byy+ byqt by asbio + bs 375.0 1228 3551 1729 2286 1958
25  byg+ byqt by a4bi1 + bs 372.6 1227 348.0 1719 228.6 1947
26 byg + byqt by asbig + aubqy 3728 1225 3470 1726 2189 1945
27 byg + byqt by az(byg + by1) 373.8 1227 356.2 1741 216.2 1957
28 byg + byqt aiby azbio + asbyy +b; 3736 1226 3489 1719 2294 1949
29 by + byt aybig+ aybyqt 0 167.2 9232 356.1 1235 2116 1447
30 b+ byt aybig + aybygt b, 167.0 9232 3544 1221 2239 1445
31 byg+ byt aybyg+ azbyqt asbyo 168.6 9224 356.3 1235 2119 1447
32 b+ byt aybyg + aybygt asbiq 164.1 923.0 3529 1229 210.6 1440
33 byg+ byt aybyg + azbyqt azbi + bs 166.0 923.1 3534 1218 2240 1442
34 by + byt aybig + aybygt asbiq + bg 167.2 9240 351.8 1219 2243 1443
35  byg+ byt aybyg+ azbyqt asbig + abqy 166.2 9238 3528 1230 212.7 1443
36 byg+ byt aybig+ aybyqt as(byg + byy) 1653 9225 3548 1232 211.0 1443
37 byg+ byt aybyg+azbit aghyg+azh;;+b; 1676 9243  351.0 1218 2245 1443
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Table 7. Joint Bayesian analysis results for shared random effects joint model — Model 32.

Parameter Posterior Mean  Std. Error 95% ClI

Longitudinal continuous submodel

Intercept (B11) 0.167 0.048 (0.072, 0.263)
BaselineFVC (B;,) 0.933 0.014 (0.906, 0.961)
Time (B13) -0.094 0.016 (-0.122, -0.061)
012;10 0.081 0.008 (0.066, 0.098)
012711 0.068 0.007 (0.056, 0.084)
Pb, -0.068 0.069 (-0.200, 0.067)
ol 0.060 0.002 (0.055, 0.064)
Longitudinal binary submodel
Intercept (B21) -1.424 0.325 (-2.043, -0.796)
Age (B3) -0.015 0.014 (-0.044, 0.012)
Time (B23) 1.019 0.180 (0.6513, 1.341)
a, -10.67 0.835 (-12.38, -9.145)
a, -10.31 0.727 (-11.82, -8.961)
Time-to-event submodel
Intercept (831) -1.967 0.530 (-3.003, -0.939)
Male (835,) 0.903 0.360 (0.214, 1.648)
Smoking (B33) 0.719 0.341 (0.087, 1.422)
BaselineFVC (B3,) -0.405 0.203 (-0.807, -0.013)
ay -1.613 0.810 (-3.201, -0.025)

In Table 7, we present the posterior estimates for Model 32 of the fixed effects, random
effects, and the association of the longitudinal outcomes and the time-to-event outcome along
with their standard errors and 95% credibility intervals. For the longitudinal outcome, both the
baseline FVC and time are statistically significant. Hence, patients with high values of baseline
FVC have high FVC measurements and FVVC measurements tend to decrease as time progresses.
For the longitudinal binary outcome, we see that there is a significant time effect and it
negatively shares both random intercept and slope of longitudinal continuous outcome. For the
time-to-event outcome, male smokers with lower baseline FVC have a higher risk of death or
transplant. The value of the association parameter, a, indicates that there is a negative
association between the subject-specific random slopes of FVC measurements and the hazard of

the transplant-free survival outcome significantly.
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5.3.2 Correlated Random Effects Joint Model

We fit joint models similar to the shared random effects models. However, we excluded the
frailty term in the time-to-event submodel because there was no improvement in adding this
parameter in the shared random effects joint models. As with shared random effects joint models,
the joint models with both subject-specific random intercepts and slopes in both longitudinal
submodels (Models 21 ~ 36) have the smallest DICs, and the smallest DICy, Of the overall
model (Table 8). The biggest decrease in DICt occurs when both the random intercepts and
slopes in both longitudinal responses were included in the association between the longitudinal
submodels and the time-to-event submodel. However, in this model, the parameter a3 was not
significant. Thus, we selected Model 33 with the second smallest DIC and all significant
association parameters as our best model. Under Model 33, the time-to-event outcome is related
to both the subject-specific random intercepts and slopes of the longitudinal continuous outcome
and to the subject-specific random slope of the longitudinal binary outcome.

In Table 9 we present the posterior estimates, the standard errors, and their 95%
credibility intervals for Model 33. We observe similar results with best shared random effects
joint model for estimates of the fixed covariate effects although intercepts show lower estimates
for all three submodels. For the time-to-event outcome submodel, focusing on the association
parameters, we can see negative associations between the hazard of the transplant-free survival
and the subject-specific random intercepts, and slopes of FVC measurements, respectively. From
this model we also see the subject-specific random slopes of the disease progression indicator are

associated with a higher hazard for the transplant-free survival.
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Table 8. Bayesian Model Selection of Correlated random effects joint model — IPF data.

Model U, (t) U,(t) Us DIC,;, DICy, DICy D pop  DICya
random intercepts
1 by by 0 756.5 1266 356.0 2210 168.3 2379
2 by by a; by 756.0 1267 357.3 2212 1684 2380
3 by by asb,, 756.4 1268 3574 2213 1689 2382
4 by, by a by + aszbyg 755.7 1269 351.8 2206 170.3 2377
5 by b,y + byyt 0 756.9 1176 356.3 2111 1784 2290
6 by byo + byit a1 by 7574 1176 3574 2112 179.3 2291
7 by b,y + byyt asbyg 757.0 1177 3533 2109 1755 2288
8 by byo + byyt asbyy 756.9 1178 356.9 2113 179.0 2292
9 bio by + byt a1 by + azhyg 7579 1177 3459 2105 176.1 2281
10 by b,y + byyt a1byo + asbyy 755.8 1180 350.0 2105 180.5 2286
11 by byo + byit asbyy + aybyy 757.7 1178 3477 2095 1884 2283
12 b1, byo + byyt by + asbyg + aybyy 757.0 1178 3442 2094 185.2 2280
random intercepts and random slopes
13 by + byyt by 0 240.3 1288 356.1 1627 257.1 1884
14 by + byyt byo a1 by 2394 1289 3556 1626 257.8 1884
15 by + byyt byo aybqq 239.8 1289 350.9 1621 258.3 1880
16 by + byyt b,o asb,, 239.0 1290 357.1 1630 256.8 1886
17 by + byyt by by + azbyy 242.0 1288 351.7 1623 258.6 1881
18 by + byyt byo a by + asbyg 241.0 1292 3547 1629 2584 1888
19 by + byyt byo ayby; + azbyg 238.9 1292 349.0 1620 259.7 1880
20 byg+ byqt by a1big + aybyq + azbyg 239.6 1290 3442 1613 261.3 1874
21 byg+ byt by + byt 0 239.8 1188 356.2 1517 267.0 1784
22 byg+ byt by + byt a,byg 240.4 1190 355.3 1518 267.1 1785
23 byg+ byt byy + byt ayby, 2394 1190 351.1 1513 2674 1780
24 big+ byt byy + byqt azby, 243.0 1190 3524 1517 2684 1785
25  big+ byt byy + byt asbyy 239.7 1190 356.6 1519 267.2 1787
26 by + byt by + byt a1bio + aybyy 239.1 1190 351.3 1512 268.2 1780
27 byg+ byt by + byt a1 by + azhyyg 239.7 1192 3471 1515 2636 1779
28  byg+ byt byy + byt a1byo + asbyy 238.6 1190 3554 1516 2684 1784
29 big+ byt byy + byt aybyq + azbyg 239.9 1191 3485 1512 2674 1780
30 by + byt by + byt aybi1 + aybyy 236.0 1191 3479 1504 270.2 1775
31 by + byt by + byt asbyo + aybyy 2395 1191 3484 1504 2751 1779
32 byt byt byy + byt a,byg + ayby; + azby, 2412 1191 3443 1506 2704 1776
33 byg+ byt byy + byt Q1b1g + ayby + aybyy 238.8 1189 3432 1497 2736 1771
34 big+ byt byy + byt a1byo + azbyy + asbyy 242.0 1190 3405 1507 265.7 1772
35 by + byt by + byt aybiq + asbyg + agbyy 240.6 1188 3432 1494 2783 1772
36 byg+ byt byy+ byt byt azbyy +ashyg +aghy; 2382 1190 3381 1495 2710 1766
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Table 9. Joint Bayesian analysis results correlated random effects joint model — Model 33.

Parameter Posterior Mean Std. Error 95% ClI
Longitudinal continuous submodel
Intercept (811) 0.045 0.101 (-0.151, 0.254)
BaselineFVC (B;5) 0.976 0.035 (0.904, 1.045)
Time (B13) -0.091 0.020 (-0.132, -0.052)
o? 0.061 0.002 (0.056, 0.065)
Longitudinal binary submodel
Intercept (821) -0.810 0.144 (-1.093, -0.53)
Age (B22) 0.015 0.012 (-0.009 0.039)
Time (B,3) 0.466 0.084 (0.306, 0.633)
Time-to-event submodel
Intercept (831) -2.111 0.576 (-3.276, -1.004)
Male (B52) 0.989 0.390 (0.233, 1.752)
Smoking (B33) 0.741 0.357 (0.062, 1.476)
BaselineFVC (B3,) -0.398 0.215 (-0.813, 0.024)
a, -1.409 0.651 (-2.701, -0.125)
a, -3.866 1.195 (-6.227, -1.498)
Qy -1.121 0.456 (-2.004, -0.223)
Variance components of Random effect
cf,w 0.079 0.008 (0.064, 0.097)
012,11 0.068 0.007 (0.055, 0.083)
cf,zo 0.171 0.036 (0.114, 0.258)
012,21 0.197 0.034 (0.139, 0.273)
P12 -0.044 0.070 (-0.183, 0.093)
P13 -0.230 0.079 (-0.382, -0.069)
P1a -0.113 0.078 (-0.264, 0.044)
P23 -0.109 0.080 (-0.264, 0.050)
D24 -0.231 0.073 (-0.371, -0.082)
D34 0.310 0.107 (0.085, 0.511)
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54  COMPARISON OF THE RANDOM EFFECT STRUCTURE

We directly compare the random effect structures of the shared random effects joint models and
the correlated random effects joint models from the results of DIC and estimations. The Model 7
of the shared random effects joint models named as ‘shared Model 7’ and the Model 1 of the
correlated random effects joint model named as ‘corr Model 1’ allowed only subject-specific
random intercept in both the longitudinal submodels.

Table 10 reports the estimation results for both shared_Model 7 and corr_Model 1. We
observed consistent estimation results in all three submodels. In shared_Model 7, the association
parameter, a;, is negative and significant at @ = 0.05 indicating that the disease progression
indicator shares the subject-specific random intercept of longitudinal FVC measurements
negatively. The correlation between subject-specific random intercepts of both the longitudinal
continuous and binary outcome shows a negative value in the corr_Model 1. The shared_Model
7 has smaller DICs in both the longitudinal continuous and binary submodels, and the total DIC.
This difference is caused by complexity of the correlated random effects joint model. Similar
comparisons exist between shared_Model 9 and corr_Model 2, both of which include association
between the longitudinal outcomes and the time-to-event outcome in the time-to-event submodel
(not shown).

When we considered models that allow both the subject-specific random intercept and
slope in both the longitudinal continuous and binary outcome, we were able to investigate
comparisons between shared_Model 29 and corr_Model 21, between shared_Model 31 and
corr_Model 22, between shared Model 32 and corr_Model 23, and between shared_Model 35
and corr_Model 26 which depended on the shared parameter in the time-to-event submodel. In

all four pairs of models, the shared random effects joint models have smaller DICs than the
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correlated random effects joint models. However, there is a restriction using the shared random
effects joint model. We cannot use the shared random effects models that allow subject-specific
random slopes in the longitudinal binary submodel without subject-specific random slopes in the
longitudinal continuous submodel. Thus, if one considers the longitudinal continuous outcome
with only subject-specific random intercept and longitudinal binary outcome with both the
subject-specific random intercept and slope, it should be used with the correlated random effects
joint model. A disadvantage of the correlated random effects joint model is that convergence
issues may arise due to the large number of parameters. It is hard to control convergences for all

parameters simultaneously.
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Table 10. Joint Bayesian analysis results for the shared random effects joint model 7 and the

correlated random effects model 1 — IPF data.

Shared_Model 7 Corr_Model 1
Parameter Posterior  Std. 95% Cl Posterior Std. 95% Cl
Mean Error Mean Error
Longitudinal continuous submodel
Intercept (B11) 0.134 0.056 (0.023, 0.241) 0.112 0.101  (-0.090, 0.307)
BaselineFVC (8,;) 0.923 0.017 (0.891, 0.955) 0.933 0.034  (0.865, 0.999)
Time (B13) -0.039  0.004  (-0.048, -0.030) -0.041 0.005 (-0.051, -0.031)
cﬁw 0.096 0.013  (0.0723,0.125) 0.099 0.010 (0.081,0.121)
o? 0.093 0.003 (0.086, 0.100) 0.093 0.003  (0.086,0.101)
Longitudinal binary submodel
Intercept (B,1) -0.424  0.259 (-0.934, 0.085) -0.409 0.147  (-0.702, -0.125)
Age (B22) -0.006  0.012 (-0.030, 0.017) 0.033 0.012  (0.010, 0.056)
Time (B53) 0.253 0.041 (0.175, 0.333) 0.204 0.038  (0.130, 0.280)
a, -71.27 0517  (-8.324, -6.304) - - -
0 - - - 0.793 0.151  (0.540, 1.128)
Pbyobae - - - -0.537 0.055 (-0.638, -0.421)
Time-to-event submodel
Intercept (B3,) -2.028 0512  (-3.057,-1.040) -2.018 0.450 (-3.006, -1.072)
Male (B52) 0.964 0.345 (0.288, 1.653) 0.959 0.347  (0.315,1.672)
Smoking (B33) 0.725 0.345 (0.078, 1.431) 0.737 0.330  (0.115, 1.405)
BaselineFVC (B54) -0.387  0.196 (-0.771, -0.0005) -0.391 0.194  (-0.785, -0.018)
Information of DIC
DICy, 719.5 - - 756.5 - -
DIC, 1189 - - 1266 - -
DICt 356.2 - - 356.0 - -
D 2143 16.55 (1941, 2177) 2210 27.34 (2160, 2266)
Po 1225 - - 168.3 - -
DICiotal 2265 - - 2379 - -
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5.5 PREDICTION OF PROBABILITIES OF EVENT OCCURING WITHIN A FIXED

WINDOW

As discussed in section 3.4, Figure 6 shows the estimated fixed width failure probabilities with
four year width for the IPF data set. We used estimated survival functions obtained from the best
models selected in section 5.3 for both the shared random effects joint model and the correlated
random effects joint model. For comparison, we also show the curves of two Cox models with or
without the longitudinal measurements as a time-dependent covariate.

The two proposed-joint models show similar trends in the dynamic predictions of death
or transplant within a window of four years. In general, the probability of event within the next
four years decreases slowly. However, if a patient is still surviving and transplant-free after 5.25
years, the probability of event occurring within next four years rises higher by approximately ten
percent. This reflects the very low ten-year IPF survival probability and the high likelihood of
disease progression and therefore lung transplant after five years of follow-up in patients with a
disease for which no FDA-approved therapy yet exists. The shared random effects joint model
predicts a somewhat higher probability of transplant or death within the next four years than the
correlated random effects joint model.

The dynamic predictions using Cox models show little differences. The curves oscillate
and increase until four years, and then drop to zero after a steep rise at four years. When we used
a time-dependent Cox model, the probability of transplant or death within the next four years
was lower than the fixed Cox model not taking into account longitudinal measurements.
Furthermore, the Cox model with the time-dependent covariates is also closer to those of our

joint models.
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Probability of event within 4 years
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Figure 6. Probability of transplant or death within the next four years using shared random effects joint
model 32 (red solid curve); the correlated random effects joint model 33 (blue dashed curve);
Cox model with both the FVC measurements and disease progression indicator as a time-
dependent covariate (green dotted curve); Cox model not taking into account longitudinal

measurements at all (black dot-dashed curve).
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6.0 SIMULATION STUDY

6.1 DESCRIPTION OF SIMULATED DATA

We conducted simulation studies to investigate the validity and comparison of the proposed joint
models with the longitudinal continuous and binary outcomes and the time-to-event outcome.
We considered two sets of simulation studies corresponding to the two random effects structures
(shared random effects and correlated random effects) presented in section 3.1. The simulated
longitudinal data consists of a quantitative outcome and of a dichotomous outcome with seven
repeated measurements at fixed times 0, 0.5, 1, 1.5, 2, 2.5, and 3 years. We considered two
sample sizes, N = 200 and N = 500. For both longitudinal outcomes, we considered the same
fixed covariates. In particular, a quantitative covariate centered age (x;) generated from the
normal distribution, x;,~N(0,52%), a dichotomous covariate treatment (x,) sampled from the
Bernoulli distribution with the equal probability of 0.5, x,~Bernoulli(0.5), and time(t),
t ={0,0.5,1,1.5,2,2.5,3}, were included as fixed covariates and the subject-specific random
intercept and random slope were assumed. For the longitudinal continuous outcome, the
measurement error term is assumed to be normally distributed with mean zero and variance

oz, = 1.
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The continuous longitudinal outcome was generated from the model
y1(8) = i1 + Biax1 + B13Xz + Prat + big + byit + €,(8)

and the time-to-event outcome was generated from an exponential distribution, T ~ exp(,u3 (t)),
where p3(t) = exp(Bsy + Bszxz + asbig + asbyy + b3) and b3~N(0, 0?,3) with of_ = 0.25 for
both the shared random effects joint model and the correlated random effects model. The binary
longitudinal outcome was generated differently for the shared random effects joint model and the
correlated random effects model. First, for the shared random effects joint model, the binary

longitudinal outcome was generated from the model

logit(Pr(y,(t) = 1)) = Ba1 + B22Xx1 + B23xy + Boat + aybyg + azbyqt

and the random effects were assumed as,

<b1o) ~N ( (0) z= 0-1?10 p120-b2100-b11 .
bll O Gbll

This shared random effects joint model has the same form with Model 37 in Table 2 and Table 6.
Second, for the correlated random effects joint model, the binary longitudinal outcome was

generated from the model

logit(Pr(y,(t) = 1)) = P21 + BazX1 + BazXxa + Paal + byo + byt

and the random effects were assumed as,

b10 O 0-510 p120-b10 O-bll p13o—b100—b20 p140-b10 O-b21
b1 MVN 0 s — 0'511 P230b,,0b,,  P240b1,0b;y
~ » &= 2 P340b,,0p
bZO 8 szo 220 21
b21 O-b21
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This correlated random effects joint model has similar form with Model 26 in Table 8 adding a
frailty term in the time-to-event submodel. A non-informative censoring time C was generated
from a uniform distribution on [0.2, 2] which resulted in roughly 35% censoring on average. The
true parameter values for simulated data are presented in Table 11. For each random effect
simulation study, 200 replications were conducted. In each analysis, a total of 15,000 MCMC
iterations were used. However, we discarded the first 5,000 iterations as a burn-in period for each

simulated sample.

Table 11. True parameter values for simulated data.

Continuous Binary Time-to-event
longitudinal outcome longitudinal outcome outcome Random effects
Parameter  True Parameter  True Parameter True Parameter  True
P11 5.0 P21 0.3 P31 0.2 a,fw 0.2
B2 0.8 B2 0.3 P32 1.0 aﬁn 0.25
B3 -0.2 B3 -0.2 a, 1.6 op, 0.2
Bia -0.2 B4 -0.25 a, 1.2 oy, 0.25
oz, 1.0 as 2.0 P12 0.5
ay 3.5 P13 0.5
0%3 0.25 P1a 0.5
P23 0.5
P24 0.5
P3a 0.5

6.2 RESULTS OF SIMULATED DATA

The results of simulation study for the two random effects joint model are presented in Table 12
and Table 13, respectively, for N = 200 and N = 500. The results include the true parameters, the

bias defined as the true parameters minus the estimated parameters, the standard errors of the
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parameter estimates, the mean squared error, and the coverage probability of the estimated 95%
credibility intervals. Comparing the estimates of the correlated random effects joint model, the
estimates of shared random effects joint model are in general less biased and have the smaller
standard errors and hence the mean squared errors. The shared random effects joint model shows
better empirical coverage probability. In the simulation with large sample size (500),
as expected, better results are obtained as indicated by the smaller Bias, SE, MSE, and CP.

In particular, the coverage probabilities of variance of random effects are in a reasonable range.

Table 12. Simulation results of the shared random effect joint model.

N =200 N =500
Parameter True Bias SE MSE CP Bias SE MSE CP
Bi1 5.0 -0.015 0.078 0.014 0.915 0.003 0.051 0.005 0.935
P12 0.8 0.008 0.107 0.029 0.880 -0.010 0.071 0.010 0.955
B3 -0.2 0.001 0.009 0.000 0.925 0.000 0.006 0.000 0.950
Bia -0.2 -0.005 0.044 0.004 0.910 -0.004 0.028 0.002 0.945
B2 0.3 -0.009 0.164 0.054 0.945 -0.003 0.103 0.022 0.960
Bao 0.3 0.013 0.198 0.084 0.930 0.001 0.125 0.029 0.965
Bas -0.2 -0.001 0.020 0.001 0.970 -0.001 0.012 0.000 0.940
P24 -0.25 -0.015 0.083 0.015 0.920 -0.004 0.052 0.006 0.925
Ba; 0.2 -0.074 0266 0.156  0.940 0021 0171  0.059  0.950
Bso 1.0 0.031 0.307 0.216 0.915 -0.002 0.194 0.072 0.985
aq 1.6 0.280 0.331 0.296 0.890 0.147 0.198 0.098 0.870
a, 1.2 0.040 0.161 0.055 0.935 -0.012 0.100 0.022 0.930
as 2.0 0.164 0585 0.595 0.980 0.052 0.344 0.211 0.995
ay 35 0.153 0.457 0.379 0.985 0.087 0.291 0.158 0.960
021 1.0 0.023 0.043 0.004 0.940 0.008 0.027 0.001 0.975
0%3 0.25 0.001 0.055 0.003 1.000 -0.011 0.049 0.003 1.000
0,310 0.2 -0.024 0.026 0.002 0.865 0.019 0.026 0.001 0.955
0,311 0.25 -0.016 0.025 0.001 0.895 0.013 0.021 0.001 0.950
P12 0.5 -0.027 0.067 0.007 0.995 0.043 0.052 0.006 0.945

66



Table 13. Simulation results of correlated random effect joint model.

N =200 N =500
Parameter True Bias SE MSE CP Bias SE MSE CP
Bi1 5.0 0.011 0.080 0.015 0.895 -0.006  0.052 0.006 0.915
B2 0.8 -0.018 0.110 0.026  0.930 0.003 0.073 0.011 0.945
B3 -0.2 0.000 0.004 0.000 0.960 0.000  0.003 0.000  0.930
Bia -0.2 -0.006 0.043 0.004 0.915 0.003  0.028 0.002 0.920
B 0.3 -0.014 0.155 0.054 0.910 -0.001 0.101 0.022 0.920
Bz 0.3 -0.026 0.176 0.071  0.905 -0.010 0.117 0.031 0.925
Ba3 -0.2 0.014 0.012 0.000 0.775 0.008  0.008 0.000  0.790
Boa -0.25 0.020 0.078 0.014 0.910 0.006  0.051 0.005  0.960
Bs1 0.2 -0.014 0.268 0.173 0.910 -0.008 0.172 0.059 0.955
B2 1.0 -0.012 0315 0.211 0.950 0.011  0.200 0.076 0.975
as 2.0 0.086 0.650 0.741 0.970 0.071  0.390 0.272 0.985
Ay 35 0.163 0.505 0.469 0.965 0.045 0.325 0.190 0.970
021 1.0 0.010 0.043 0.004 0.955 0.012 0.027 0.002 0.930
clz,3 0.25 0.003 0.056 0.003 1.000 -0.009  0.050 0.003 1.000
aﬁm 0.2 -0.015 0.028 0.002 0.910 0.026  0.027 0.002 0.930
aﬁn 0.25 -0.015 0.026 0.001 0.895 0.013  0.021 0.001 0.940
0320 0.2 -0.064 0.026 0.005 0.250 -0.032  0.033 0.003 0.885
0321 0.25 -0.077 0.030 0.007 0.230 -0.030  0.033 0.003 0.880
012 0.5 -0.022 0.068 0.007 1.000 0.052 0.054  0.007 0.925
P13 0.5 -0.218 0.114 0.064 0.540 -0.087 0.094 0.020 0.985
P14 0.5 -0.116 0.088 0.025 0.855 -0.007  0.067 0.007 0.995
P23 0.5 -0.179 0.116 0.049 0.850 -0.068  0.092 0.017 0.990
P24 0.5 -0.066 0.079 0.014 0.955 0.011  0.059 0.005  0.995
P34 0.5 -0.226 0.107 0.066 0.385 -0.077  0.087 0.016 0.985
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7.0  CONCLUSIONS

7.1  SUMMARY

In this dissertation, we proposed a joint model of mixed types of multivariate longitudinal
continuous and binary outcomes and a time-to-event outcome. We assume that the longitudinal
outcomes and the time-to-event outcome depend on shared parameters induced from the subject-
specific random effects of the longitudinal outcomes. We considered two types of random effects
structure, that is, shared random effects and correlated random effects to characterize the
relationship between the longitudinal continuous and binary outcomes. We used a Bayesian
approach for estimating parameters of the proposed joint model through MCMC methods.
Through various model comparisons, we selected a “best” model using the DIC for model
selection criterion. Our joint models were illustrated by application on the MTLD data set and
IPF data set. Although we could not get satisfying results for the correlated random effects joint
model in the MTLD data set analysis, we observed that both the shared random effects joint
model and the correlated random effects model provided consistent results for the IPF data
application. A disadvantage of the shared random effects joint model is that the structure of the
random effects for both the longitudinal outcomes is limited. However, we can gain efficiency by

using a smaller number of random effects parameters. In contrast, the correlated random effects
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joint model can characterize the dependency between the longitudinal continuous and binary
outcome more freely. We illustrated the dynamic prediction of the probabilities of events
occurring within a fixed window of time. Given a subject is at risk just before time t, the
probability of an event occurring within the next fixed window of time is predicted using the
survival function obtained from our proposed joint models. From two sets of simulation studies
of differing sample sizes, we found that the proposed joint models performed reasonably under

both the random effects structures and larger sample size.

7.2 FUTURE RESEARCH

One future research direction of this research is assessing the predictive accuracy of the joint
models and the prediction of event probability. There are two main approaches. One is focused
on calibration measures (Schemper and Henderson, 2000; Henderson et al., 2002). Another
approach is focused on discrimination measures (Heagerty et al., 2000; Heagerty and Zheng,
2005). To assess the predictive accuracy, we will derive the estimates of time-dependent
sensitivity and specificity measures and the time-dependent receiver operating characteristic
(ROC) curves and area under the curve (AUC) estimates of prediction performance under the
joint modeling framework.

A further direction of this research would be to evaluate the adequacy of the DIC used as
the model selection criterion. As we presented in section 4.4.2, there were inconclusive results
where negative estimates of effective numbers of parameters were obtained in sub-components
of DIC. Thus, to check the adequacy of the DIC for testing model fits would be useful to further

develop the Bayesian paradigm for addressing joint modeling problems.
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APPENDIX

POSTERIOR ESTIMATION R CODE INTERFACE TO OPENBUGS

## Model 33 : correlated random effects joint model
## ( b10+bll*t / b21+b22*t / alblO+a2bll+adb22 )
model.name <- paste("Model 33.txt",sep="")
write ("model/{
for (j in 1:NJ) {
# Continuous outcome
Y[j] ~ dnorm(muy[]j], tauz)
muy[j] <- betal[l]+betal[2]*blFvc([j]+betal[3]*time[]]
+U[ul]],1]1+U0[ulj],2]*time[]]
# Binary outcome
Y b[j] ~ dbern(b[j])
logit(b[j]) <- betaZ2[l]+beta2[2]*Age at Dx ct[j]+beta2[3]*time[]]
+U[ulj],3]1+U0[uljl,4]1*time[]]
} # end of j loop

for (i in 1:N) {
# Survival Model
surt[i] ~ dweib(p,mut([i]) I(surt.cen[il],)
log(mut[i]) <- beta3[l]+beta3[2]*SEX[i]+beta3[3]*SMOKING[i]+beta3[4]*BLFVC[1i]
+al*Uli,1]1+a2*U[1,2]+ad4*U[1i,4]

# Subject-specific parameters
U[i,1:4] ~ dmnorm(UO[],taul,])
} # end of i loop

p <-1
sigmaz <- 1/tauz

sigma[l:4,1:4]<-inverse(taul,])
sigmal<-sigma[l,1]
sigma2<-sigma(2,2]
sigma3<-sigmal[3, 3]
sigmad<-sigma([4,4]
sigmal2<-sigmall, 2
sigmal3<-sigmall, 3
sigmal4<-sigmal[l, 4
sigma23<-sigmal[2, 3
sigmaz24<-sigmal[2, 4
sigma34<-sigmal[3, 4

]
]
]
]
]
]
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corl2<-sigmal2/ (sqgrt (sigmal*sigma?2))
corl3<-sigmal3/ (sqrt (sigmal*sigma3))
corld<-sigmald/ (sqrt (sigmal*sigmad))
cor23<-sigma23/ (sqrt (sigma2*sigma3))
cor24<-sigma24/ (sqrt (sigma2*sigmad))
cor34<-sigma34/ (sqrt (sigma3*sigmad))

#priors
tauz~dgamma (0.1, 0.1)
taul[l:4,1:4] ~ dwish(R[,], 100)
betal[l:3]~dmnorm(betamul[],Sigmall[,])
beta2[1l:3]~dmnorm (betamu2[],Sigma2[,])
beta3[1l:4]~dmnorm (betamu3[],Sigma3[,])
al~dnorm (0, 0.01)
a2~dnorm (0, 0.01)
a4d~dnorm (0, 0.01)

} # end of BUGS code",file=model.name)

## data set
DATA <- list (NJ=nrow (PA PFT),N=nrow (PA),
betamul=c (0,0,0),
betamu2=c (0,0,0),
betamu3=c (0,0,0,0),
Sigmal=diag(0.01, 3, 3),
Sigma2=diag(0.01,3,3),
Sigma3=diag(0.01,4,4),
U0=c(0,0,0,0),
R=diag(10,4,4),
Y=PA PFT$PFT_FVC,
Y b=PA PFTS$FvcEvent05,
u:PA_PFT$PTnum,
Age at Dx ct=PA PFTSAge at Dx ct,
bvac:PA_PFT$bvac,
time=PA PFTStime,
SEX=as.integer (PAS$SSex=="M"),
surt=surt,
surt.cen=surt.cen,
SMOKING=PAS$Smoking, BLFVC=PASblFvc
)

INT1 <- list (betal=c(0,0,0),beta2=c(0,0,0),beta3=c(0,0,0,0),tauz=1,
al=1l,a2=1,a4=1,U=matrix (0, nrow=nrow (PA) ,ncol=4))

params <- c("betal","beta2","beta3","sigmaz","tauz","sigmal","sigma2","sigma3",
"sigma4","corl2","corl3","corld","cor23","cor24","cor34"™,"al","a2", "ad")

library (rbugs)

Corr Model 33 <- rbugs(data=DATA,inits=1ist (INT1l), paramSet=params,
model="Model 33.txt',n.chains=1,
n.iter=15000,n.burnin=5000,n.thin=1, dic=TRUE, seed=0,
bugs=0penBUGS, OpenBugs=T, bugsWorkingDir=getwd () )

71



BIBLIOGRAPHY

Carlin, B. P., and Louis, T. A. (2009) Bayesian Methods for Data Analysis (3" edition). Boca
Raton, FL: Chapman and Hall/CRC Press

Catalano, P. J. (1997). Bivariate modelling of clustered continuous and ordered categorical
outcomes. Statistics in Medicine 16, 883-900

Catalano, P. J., and Ryan, L. M. (1992). Bivariate latent variable models for clustered discrete
and continuous outcomes. American Statistical Association 87, 651-658

Chi, Y. Y., and Ibrahim, J. G. (2006). Joint models for multivariate longitudinal and multivariate
survival data. Biometrics 62, 432-445

Cox, D. R., and Hinkley, D. (1974). Theoretical Statistics. London: Chapman and Hall

Cox, D. R., and Wermuth, N. (1992). Response models for mixed binary and quantitative
variables. Biometrika 79, 441-461

Ding, J., and Wang, J. L. (2008). Modeling longitudinal data with nonparametric multiplicative
random effects jointly with survival data. Biometrics 64, 546-556

Dunsmore, |. R. (1974). The bayesian predictive distribution in life testing models.
Technometrics 16, 455-460

Farewell, V. T. (1982). The use of mixture models for the analysis of survival data with long-
term survivors. Biometrics 38, 1041-1046

Farewell, V. T. (1986). Mixture models in survival analysis: are they worth the risk. The
Canadian Journal of Statistics 14, 257-262

Faucett, C. J., and Thomas, D. C. (1996). Simultaneously modeling censored survival data and
repeated measured covariates: A Gibbs sampling approach. Statistics in Medicine 15,
1663-1685

Fieuws, S., and Verbeke, G. (2004). Joint modelling of multivariate longitudinal profiles: pitfalls
of the random-effects approach. Statistics in Medicine 23, 3093-3104

72



Fieuws, S., and Verbeke, G. (2005). Evaluation of the pairwise approach for fitting joint linear
mixed models: A simulation study. Technical Report TR0527, Biostatistical Centre,
Katholieke Universiteit Leuven, Belgium

Fieuws, S., and Verbeke, G. (2006). Pairwise fitting of mixed models for the joint modeling of
multivariate longitudinal profiles. Biometrics 62, 424-431

Fieuws, S., Verbeke G., Maes, B., and Vanrenterghem, Y. (2008). Predicting renal graft failure
using multivariate longitudinal profiles. Biostatistics 9, 419-431

Fitzmaurice, G. M., Davidian, M., Verbeke, G., and Molenberghs, G. (2009). Longitudinal Data
Analysis. Boca Raton, FL: Chapman and Hall/CRC Press

Fitzmaurice, G. M., and Laird, N. M. (1995). Regression models for a bivariate discrete and
continuous outcome with clustering. American Statistical Association 90, 845-852

Fitzmaurice, G. M., Laird, N. M., and Ware, J. (2004). Applied Longitudinal Data. Hoboken,
New Jersey: Wiley

Garre, F. G., Zwinderman, A. H., Geskus, R. B., Sijpkens, Y. W. J. (2008). A joint latent class
changepoint model to improve the prediction of time to graft failure. Journal of Royal
Statistical Society: Series A 171, 299-308

Gueorguieva, R. V., and Agresti, A. (2001). A correlated probit model for joint modeling of
clustered binary and continuous responses. American Statistical Association 96, 1102-
1112

Gueorguieva, R. V., and Sanacora, G. (2006). Joint analysis of repeatedly observed continuous
and ordinal measures of disease severity. Statistics in Medicine 25, 1307-1322

Guo, Xu, and Carlin, B. P. (2004) Separate and joint modeling of longitudinal and event time
data using standard computer packages. The American Statistician 58, 16-24

Heagerty, P. J., Lumley, T., and Pepe, M. (2000). Time-dependent ROC curves for censored
survival data and a diagnostic marker. Biometrics 56, 337-344

Heagerty, P. J. and Zheng, Y. (2005). Survival model predictive accuracy and ROC curves.
Biometrics 61, 92-105

Henderson, R., Diggle, P., and Dobson, A. (2000). Joint modelling of longitudinal measurements
and event time data. Biostatistics 1, 465-480

Henderson, R., Diggle, P., and Dobson, A. (2002). Identification and efficacy of longitudinal
markers for survival. Biostatistics 3, 33-55

Hogan, J. W., and Laird, N. M. (1997a). Mixture models for the joint distribution of repeated
measures and event times. Statistics in Medicine 16, 239-257

73



Hogan, J. W., and Laird, N. M. (1997b). Model-based approaches to analysing incomplete
longitudinal and failure time data. Statistics in Medicine 16, 259-272

Ibrahim, J. G., Chen, M. H., and Sinha, D. (2004). Bayesian methods for joint modeling of
longitudinal and survival data with applications to cancer vaccine studies. Statistica
Sinica 14, 847-867

Kalbfleisch, J. and Prentice, R. (2002). The Statistical Analysis of Failure Time Data (2"
edition). New York: Wiley

Kuk, A. Y. C. and Chen, C. H. (1992). A mixture model combining logistic regression with
proportional hazards regression. Biometrika 79, 531-541

Lauritzen, S. L., and Wermuth, N. (1989). Graphical models for associations between variables,
some of which are qualitative and some quantitative. The annals of Statistics 17, 31-57

Laird, N. M., and Ware, J. H. (1982). Random-effects models for longitudinal data. Biometrics
38, 963-974

Law, N. J., Taylor, J. M. G., and Sandler, H. (2002). The joint modeling of a longitudinal disease
progression marker and the failure time process in the presence of cure. Biostatistics 3,
547-563

Li, C. S., Taylor, J. M. G., and Sy, J. P. (2001). Identifiability of cure models. Statistics and
Probability Letters 54, 389-395

Little, R. J. A. (1993). Pattern-mixture models for multivariate incomplete data. Journal of the
American Statistical Association 88, 125-134

Liu, X., Daniels, M. J., and Marcus, B. (2010). Joint models for the association of longitudinal
binary and continuous processes with application to a smoking cessation trial. Journal of
American Statistical Association 104, 429-438

Lockwood, J. R., and Schervish, M. J. (2005). MCMC strategies for computing bayesian
predictive densities for censored multivariate data. Journal of Computational and
Graphical Statistics 14, 395-414

Molenberghs, G. and Verbeke, G. (2005) Models for Discrete Longitudinal Data. New York:
Springer

Molenberghs, G., Verbeke, G., Demetrio, C. G. B., and Vieira, A. M. (2010). A family of
generalized linear models for repeated measures with normal and conjugate random
effects. Statistical Science 25, 325-347

Olkin, 1., and Tate, R. F. (1961). Multivariate correlation models with mixed discrete and
continuous variables. Ann of Math Stat 32, 448-465

74



Pauler, D.K., and Finkelstein, D.M. (2002). Predicting time to prostate cancer recurrence based
on joint models for non-linear longitudinal biomarkers and event time outcomes.
Statistics in Medicine 21, 3897-3911

Proust-Lima, C., Taylor, J. M. G. (2009). Development and validation of a dynamic prognostic
tool for prostate cancer recurrence using repeated measures of posttreatment PSA: a joint
modeling approach. Biostatistics 10, 535-549

Putter, H., van der Hage, J., de Bock, G.H., Elgalta, R., and van der Velde, C. J. H. (2006).
Estimation and prediction in a multistate model for breast cancer. Biometrical Journal 48,
366-380

Reynolds, C. F., Butters, M. A., Lopez, O., Pollock, B. G., Dew, M. A., Mulsant, B. H., Lenze, E.
J., Holm, M., Rogers, J. C., Mazumdar, S., Houck, P. R., Begley, A., Anderson, S., Karp,
J. F., Miller, M. D., Whyte, E. M., Stack, J., Gildengers, A., Szanto, K., Bensasi, S.,
Kaufer, D. I., Kamboh, M. I., and DeKosky, S. T. (2011) Maintenance treatment of
depression in old age. Arch Gen Psychiatry 68 (1), 51-60

Richards, T. J., Kaminski,N., Baribaud, F., Flavin, S., Brodmerkel, C., Horowitz, D., Li, K., Choi,
J., Vuga, L. J., Lindell, K. O., Klesen, M., Zhang, Y., Gibsonm K. F. (2012) Peripheral
Blood Proteins Predict Mortality in Idiopathic Pulmonary Fibrosis. American Journal of
Respiratory and Critical Care Medicine 185, 67-76Rizopoulos, D. (2010). An R package
for the joint modelling of longitudinal and time-to-event data. Journal of statistical
software 35 (9), 1-33

Rizopoulos, D. (2011). Dynamic predictions and prospective accuracy in joint models for
longitudinal and time-to-event data Biometrics. Biometrics 67, 819-829

Rizopoulos, D., and Ghosh, P. (2011). A bayesian semiparametric multivariate joint model for
multiple longitudinal outcomes and a time-to-event. Statistics in Medicine 30, 1366-1380

Rizopoulos, D., Verbeke, G., and Molenberghs, G. (2008). Shared parameter models under
random effects misspecification. Biometrika 95, 63-74

Rizopoulos, D., Verbeke, G., and Molenberghs, G. (2010). Multiple-imputation-based residuals
and diagnostic plots for joint models of longitudinal and survival outcomes. Biometrics
66, 20-29

Roeder, K., Lynch, K. G., and Nagin, D. S. (1999). Modeling uncertainty in latent class
membership: A case study in criminology. American Statistical Association 94, 766-776

Schemper, M. and Henderson, R. (2000). Predictive accuracy and explained variation in Cox
regression. Biometrics 56, 249-255

Song, X., Davidian, M., and Tsiatis, A. A. (2002a). A semiparametric likelihood approach to
joint modeling of longitudinal and time-to-event data. Biometrics 58, 742-753

75



Song, X., Davidian, M., and Tsiatis, A. A. (2002b). An estimator for the proportional hazards
model with multiple longitudinal covariates measured with errors. Biostatistics 3, 511-
528

Spiegelhalter, D. J., Best, N. G., Carlin, B. P., and van der Linde, A. (2002). Bayesian Measures
of Model Complexity and Fit. Journal of the Royal Statistical Society, Series. B., 64,
583-639

Taylor, J. M. G. (1995). Semi-parametric estimation in failure time mixture models. Biometrics
51, 899-907

Taylor, J., Yu, M., and Sandler, H. M. (2004). Individualized predictions of disease progression
following radiation therapy for prestate cancer. The university of Michigan department of
biostatistics working paper series 2004

Tsiatis, A. A., and Davidian, M. (2004). Joint modeling of longitudinal and time-to-event data:
An overview. Statistica Sinica 14, 809-834

Tsiatis, A. A., DeGruttola, V., and Wulfsohn, M. S. (1995). Modeling the relationship of survival
to longitudinal data measured with error: Applications to survival and CD4 counts in
patients with AIDS. Journal of the American Statistical Association 90, 27-37

van Houwelingen H. C., Putter H. (2011). Dynamic Prediction in Clinical Survival Analysis.
Boca Raton, FL: Chapman and Hall/CRC Press

Wang, Y. and Taylor, J. M. G. (2001). Jointly modeling longitudinal and event time data with
application to acquired immunodeficiency syndrome. Journal of the American Statistical
Association 96, 895-905

Wulfsohn, M. S., and Tsiatis, A. A. (1997). A joint model for survival and longitudinal data
measured with error. Biometrics 53, 330-339

Xu, J. and Zeger, S. L. (2001). Joint analysis of longitudinal data comprising repeated measures
and times to events. Applied Statistics 50, 375-387

Yu, M., Law, N. J,, Taylor, J. M. G., and Sandler, H. M. (2004). Joint longitudinal-survival-cure
models and their application to prostate cancer. Statistica Sinica 14, 835-862

Yu, M., Taylor, J., and Sandler, H. M. (2004). Individual prediction in prostate cancer studies
using a joint longitudinal-survival-cure model. The university of Michigan department of
biostatistics working paper series 2004

Zeger, S. L., and Liang K. Y. (1986). Longitudinal data analysis for discrete and continuous
outcomes. Biometrics 42, 121-130

76



	TITLE PAGE
	COMMITTEE MEMBERSHIP PAGE
	ABSTRACT
	TABLE OF CONTENTS
	LIST OF TABLES
	1. Patient characteristics of MTLD data
	2. Bayesian Model Selection of shared random effects joint model - MTLD data
	3. Joint Bayesian analysis results for shared random effects joint model – MTLD data
	4. Bayesian Model Selection of Correlated random effects joint model – MTLD data
	5. Patient characteristics of IPF outcome data
	6. Bayesian Model Selection of shared random effects joint model – IPF data
	7. Joint Bayesian analysis results for shared random effects joint model – Model 32
	8. Bayesian Model Selection of Correlated random effects joint model – IPF data
	9. Joint Bayesian analysis results correlated random effects joint model – Model 33
	10. Joint Bayesian analysis results for the shared random effects joint model 7 and the correlated random effects model 1 – IPF data
	11. True parameter values for simulated data
	12. Simulation results of the shared random effect joint model.
	13. Simulation results of correlated random effect joint model

	LIST OF FIGURES
	1. Subject-specific evolutions in time of the Neuropsychological Functioning, showing global score (A), the language domain (B), the memory domain (C), the executive domain (D), the visuospatial domain (E), and speed of information processing domain (F)
	2. Subject-specific evolutions in time of the Neuropsychological Functioning, separately for Donepezil and Placebo groups, showing global score (A), the language domain (B), the memory domain (C), the executive domain (D), the visuospatial domain (E), and speed of information processing domain (F)
	3. The Kaplan-Meier plot of recurrence of major depression for Donepezil (solid red line) and Placebo (broken black line) groups
	4. Subject-specific evolutions in time of FVC
	5. The Kaplan-Meier plot of mortality (red line) and transplant-free survival (blue line); Weibull survival curve (green line) and exponential survival curve (black broken line)

	6. Probability of transplant or death within the next four years using shared random effects joint model 32 (red solid curve); the correlated random effects joint model 33 (blue dashed curve); Cox model with both the FVC measurements and disease progression indicator as a time-dependent covariate (green dotted curve); Cox model not taking into account longitudinal measurements at all (black dot-dashed curve)

	PREFACE
	1.0  INTRODUCTION
	2.0  REVIEW OF LITERATURE
	2.1 MODELS FOR MULTIVARIATE LONGITUDINAL DATA WITH DIFFERENT TYPES OF OUTCOMES
	2.2 JOINT MODELING OF LONGITUDINAL AND TIME-TO-EVENT DATA
	2.3 PREDICTIVE MODELING OF TIME-TO-EVENT PROBABILITY

	3.0  JOINT MODELING APPROACH
	3.1 MODEL DEFINITIONS FOR MULTIVARIATE LONGITUDINAL DATA WITH DIFFERENT TYPES OF OUTCOMES
	3.2 PROPOSED JOINT MODEL: RELATING A TIME-TO-EVENT OUTCOME TO MULTIVARIATE LONGITUDINAL DATA OF DIFFERENT TYPES
	3.3 ESTIMATION AND MODEL SELECTION
	3.4 PREDICTION OF AN EVENT PROBABILITY

	4.0  APPLICATION TO MAINTENANCE THERAPIES IN A LATE-LIFE DEPRESSION STUDY
	4.1 DESCRIPTION OF DATASET
	4.2 DATA STRUCTURE
	4.3 MODEL DEFINITIONS
	4.3.1 Shared Random Effects Joint Model
	4.3.2 Correlated Random Effects Joint Model
	4.3.3 Assumptions About The Prior Distributions

	4.4 RESULTS
	4.4.1 Shared Random Effects Joint Model
	4.4.2 Correlated Random Effects Joint Model


	5.0  APPLICATION TO MORTALITY IN IDIOPATHIC PULMONARY FIBROSIS OUTCOMES STUDY
	5.1 DESCRIPTION OF DATASET
	5.2 MODEL DEFINITIONS
	5.2.1 Shared Random Effects Joint Model
	5.2.2 Correlated Random Effects Joint Model
	5.2.3 Assumptions About The Prior Distributions

	5.3 RESULTS
	5.3.1 Shared Random Effects Joint Model
	5.3.2 Correlated Random Effects Joint Model

	5.4 COMPARISON OF THE RANDOM EFFECT STRUCTURE
	5.5 PREDICTION OF PROBABILITIES OF EVENT OCCURING WITHIN A FIXED WINDOW

	6.0  SIMULATION STUDY
	6.1 DESCRIPTION OF SIMULATED DATA
	6.2 RESULTS OF SIMULATED DATA

	7.0  CONCLUSIONS
	7.1 SUMMARY
	7.2 FUTURE RESEARCH

	APPENDIX. POSTERIOR ESTIMATION R CODE INTERFACE TO OPENBUGS
	BIBLIOGRAPHY

