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Chapter 2
A joint model for repeated events of

different types and multiple longitudinal

outcomes with application to a follow-up

study of patients after kidney transplant

Musoro, J., Geskus, R., Zwinderman, A. (2014). Biometrical Journal.

Abstract

This chapter presents an extension of the joint modelling strategy for the case of

multiple longitudinal outcomes and repeated infections of different types over time,

motivated by post-kidney transplantation data. Our model comprises two parts linked

by shared latent terms. On the one hand is a multivariate mixed linear model with

random effects, where a low-rank thin-plate spline function is incorporated to collect

the nonlinear behavior of the different profiles over time. On the other hand, is an

infection-specific Cox model, where the dependence between different types of infec-

tions and the related times of infection is through a random effect associated with

each infection type to catch the within dependence and a shared frailty parameter

to capture the dependence between infection types. We implemented the parame-

terization used in joint models which uses the fitted longitudinal measurements as

time-dependent covariates in a relative risk model. Our proposed model was imple-

mented in OpenBUGS using the MCMC approach.
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Chapter 2. A joint model for repeated events of different types and
multiple longitudinal outcomes with application to a follow-up study of

patients after kidney transplant

2.1 Introduction

Several scientific investigations generate information on time to an event (survival

data), alongside record indicators of patients’ disease state at multiple follow-up times

(longitudinal data), with interest often focused on their interrelationship. In such a

setting, joint models for the survival and longitudinal data that depend on a common

set of latent random effects, have gained a lot of attention in the literature. Gener-

ally, joint models are commended to make more efficient and unbiased assessment of

both the survival and longitudinal subprocess, as it acknowledges possible underlying

relationships between the two subprocesses. A comprehensive overview of the subject

is given by Tsiatis and Davidian, 2004 and the references therein.

Traditional joint models for longitudinal and survival data often consist of a single

longitudinal outcome and single event of interest. Recent work has presented vari-

ous extensions to jointly model multiple longitudinal outcomes and a single failure

time (Rizopoulos and Ghosh, 2011; Sweeting and Thompson, 2011; Ibrahim et al.,

2004; Xu and Zeger, 2001), a single longitudinal outcome and multiple failure types

(Gueorguieva et al., 2012; Li et al., 2010; Elashoff et al., 2008), multiple longitudinal

outcomes and multiple failure types (Chi and Ibrahim, 2006), and a single longitudi-

nal outcome and recurrent events (Kim et al., 2012; Liu and Huang, 2009; Liu et al.,

2008). However, to our knowledge, analyses involving multiple longitudinal outcomes

and multiple recurrent events have not been addressed. Our study was motivated by

follow-up data from patients after kidney transplant (Struijk et al., 2010). Patients

could experience up to ten infection types, all at multiple times, with the possibility

of experiencing infections of different types at the same time. Longitudinal measure-

ments for five immunological markers (henceforth referred to as markers) were also

recorded to assess the state of patients’ immune system over time. With specific at-

tention to the infection process, our goal was to evaluate the effect of the markers

on the risk of each infection type. It was also of interest to explicitly capture the

dependence among the longitudinal measurements over time, the dependence within

and between infection types, as well as the dependence between both the longitudinal

measurements and the recurrent infections.

In this article, we propose a joint model for multiple longitudinal outcomes and

recurrent events of different types overtime. Our model comprises two parts linked by

shared latent terms. The first part is a multivariate mixed effects submodel where we

allow the markers, which are biologically related, to develop simultaneously. This ac-

counts for the interrelation between the markers, and the intra-individual dependency

over time. Furthermore, fitting a multivariate mixed effects model for all markers has
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the extra advantage of improving the predictive ability of the joint model, compared

to a separate model per longitudinal outcome (Fieuws et al., 2008). We considered

a low-rank thin-plate spline function to flexibly capture the nonlinear behavior of

the longitudinal trajectories over time. The second part of our model consists of an

infection-specific Cox model with infection specific and shared frailty terms to cap-

ture the association within and between the various infection types respectively. The

baseline risk function is allowed to vary between infection types and is modeled non-

parametrically. The fitted marker values are included as time-dependent covariates,

with the risk for each infection type influenced differently by every longitudinal out-

come. This approach has been suggested to solve difficulties in the Cox proportional

hazards model with time dependent covariates, which are possibly missing at event

times or measured with error (Chi and Ibrahim, 2006; Tseng et al., 2005). The pro-

posed model was implemented in OpenBUGS using the Bayesian Markov Chain Monte

Carlo (MCMC) approach which circumvents possibly complicated approximations of

integrals in a maximum likelihood approach.

The parameterization to associate the longitudinal outcomes and the event time

data should be governed by the primary focus of inference (Rizopoulos and Ghosh,

2011; Henderson et al., 2000). Rizopoulos and Ghosh (2011) discussed three general

families of parameterizations to associate longitudinal measurements and survival

data, with their underlying assumptions. In our study, we implemented the first

family of parameterizations which includes the fitted longitudinal measurements as

time-dependent covariate(s) in a relative risk model. Principally, this reflects the

choice that the dependency of the hazard on a patient’s marker history is through the

current value of the marker.

We also considered the two-stage method which incorporates estimates of missing

or mismeasured longitudinal measurements, based on a linear mixed effects(LME)

model, into a (separate) Cox model as time dependent variables. Tsiatis et al. (1995)

proposed a two-stage approach where the fitted longitudinal measurements incorpo-

rated into a Cox model were based on an LME model fitted to data up to time t for

all subjects still at risk at time t. More recently, other two-stage methods have been

developed in the literature (Albert and Shih, 2010; Ye et al., 2008). These approaches

are less biased compared to plugging the observed longitudinal values, that are often

measured with error, into a Cox model, and could be as unbiased as a joint model

if longitudinal measurements are missing at random (MAR). Geskus (2014) showed

that, with regards to parameters for the longitudinal model, the extra benefits of

fitting a joint model are only clearly appreciated when dropout is related to the value

of the longitudinal outcome and the period of measurement is noticeably smaller than



Processed on: 28-9-2016Processed on: 28-9-2016Processed on: 28-9-2016Processed on: 28-9-2016

504928-L-bw-Zebedee504928-L-bw-Zebedee504928-L-bw-Zebedee504928-L-bw-Zebedee

14

Chapter 2. A joint model for repeated events of different types and
multiple longitudinal outcomes with application to a follow-up study of

patients after kidney transplant

the overall follow-up period for a fair amount of individuals. In our study, modelling

the recurrent event, which is probably highly correlated with the informative dropout

(if present), should provide some information to correct at least part of the bias in

longitudinal trajectories if not modeled jointly. In addition, joint models may have an

increased precision compared to the two stage methods(Wulfsohn and Tsiatis, 1997).

Thus we compared findings from our joint model to those obtained from a two stage

approach where fitted marker values from a multivariate mixed effects model, from a

first stage, were used as time-dependent covariates in an infection-specific Cox model

at the second stage.

The rest of this chapter is organized as follows. Section 2 presents a description of

the kidney transplantation data. In section 3 we describe the general model and the

likelihood function with application to the case of two markers and two infection types.

A simulation study to evaluate the performance of the model and the algorithm is

presented in section 4. In section 5, to cope with computational issues that arose due

to increased dimensionality when applying the proposed joint model to all markers

and all infection types, we considered first, separate joint models for one infection

type at a time using all markers to estimate the association between the markers and

each infection type, and second, a pairwise fitting of two infection types at a time

with all markers to estimate the association between all pairs of infection types. The

last section presents a discussion.

2.2 The post kidney transplantation data

The data consisted of 358 patients who, after transplant, were followed at the Aca-

demic Medical Center, Amsterdam between 2000 and 2009 (Struijk et al., 2010). Pa-

tients’ age, gender, type of immunosuppressive treatment and duration of dialysis

prior to transplant were recorded at baseline. The baseline time point was deter-

mined by the time of transplant. Patients could experience up to ten different types

of infections, with the possibility of multiple re-infections with a specific infection

type. A few patients experienced infections of different types at the same time. Table

2.1 presents for the various infection types, the distribution of the number of ob-

served infections per patient. The viral, upper respiratory, wound, cytomegalovirus,

and urinary tract infections occurred more frequently. It is important to point out

that the classification of the infections into various categories was based either on the

type of pathological agent or the laboratory diagnostic procedure and the choice of

treatment. For instance, an infection with a viral etiology was only classified in the

"viral infection" category if its diagnosis and treatment was based on a cell culture.
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As a measure to assess the state of patients’ immune system over time, five markers,

CD3+ T cells, CD4+ T cells, CD8+ T cells, natural killer(NK) cells, and B cells were

measured. The marker measurements were taken at irregular time intervals and con-

tained missing information (with almost no marker measurements at infection times).

The number of repeated measurements per patient varied between 1 and 18, with an

average of 4. In figure 2.1, we present a picture of our data structure consisting of the

markers for five patients, and arrows representing infection times. Arrow lengths and

shapes at the tail of each arrow are infection type specific. Urinary tract infection

(shortest arrows with an open diamond shaped tail) was more common than the other

infection types.

Figure 2.1: Longitudinal marker profiles and infection times, represented by arrows, for

five patients. The different infection types are distinguished by both the lengths and shapes

at the tail of each arrow. These patients experienced 8 of the 10 infection types, with the

urinary tract infection (shortest arrows with an open diamond shaped tail) being the most

recurrent.
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multiple longitudinal outcomes with application to a follow-up study of

patients after kidney transplant

Table 2.1: Total number of infections by type, along with the mean and range of number

of infections per patient

Infection categories Total Mean Range of number of infection

1 Viral 151 0.42 0-7

2 Upper respiratory 219 0.61 0-6

3 Wound 147 0.41 0-9

4 Bacterial 47 0.13 0-4

5 Fungal 68 0.19 0-5

6 Parasitic 8 0.02 0-1

7 Urinary tract 417 1.17 0-10

8 Gastroenteritis 29 0.08 0-3

9 Lower respiratory 52 0.15 0-3

10 Cytomegalovirus 204 0.57 0-2

2.3 A model for two markers and two infection types

In this section, we consider just the first two infection types (viral and upper res-

piratory infections) and two markers (CD3+ T and NK cells). Both markers are

reported as the absolute number of cells (×109/L) and shall be referred to as cd3

and nk respectively. Individual profiles for the cd3 and nk are shown in Figure 2.2.

On average the individual profiles for cd3 were higher than those for nk. Both cd3

and nk profiles exhibit varying patterns within patients, which could be attributed to

short term fluctuations and measurement error, and patients also vary in how they

evolve over time. It is imperative that a model which accounts for such individual

characteristics be considered to explain the longitudinal trajectories.

About 67.9% and 62.0% of patients did not experience any viral and upper respiratory

infections respectively until the end of follow-up, hence were right censored. On the

other hand, 24.0% of patients infected by a viral infection experienced repeated viral

infections, as opposed to 37.5% for patients with an upper respiratory infection. Also,

25.5% of infected patients experienced both infection types at least once.

2.3.1 Submodel definition

Here and in the subsequent sections, we shall denote markers as subscript k and

infection types as superscript l. Given a patient i (i = 1, ..., n), let Yi = (y⊺

i1, ..., y⊺

iK)
⊺

where yik is an nik x 1 vector of marker values of type k (with its elements written as

yij,k) measured at time points tij,k (j = 1, 2, ..., nik). Here k= 1,2, represent cd3 and
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Figure 2.2: Individual profiles for cd3 (left panel) and nk(right panel) in absolute numbers

×109/L. Circular points represent patients with a single measurement

nk respectively, and nik is the number of repeated measurements for patient i which

varies between patients and markers. Also, each patient may experience an infection

of type l M l
i repeated times or M l

i can be zero; l = 1, 2 for the viral and upper

respiratory infections respectively. Let T l
i1, T l

i2, ..., T l
iM l

i

represent the recurrent event

times and T l
iM l

i
+1

is the censoring time, taken from time of transplant onwards (clock

forward). After the first infection, patients were followed further in time, and were

right censored at the last available date. We assumed that the censoring mechanisms

are independent of the infection time distribution and that all values from the different

patients are mutually independent. The joint model distribution of the markers and

the event times for the ith subject can be represented by the following two submodels.

(1) A LME submodel specified as

yij,k(tij,k) = (β0k + b0i,k) + (βk + b1i,k)tij,k + x⊺

ij,kαk + fk(tij,k) + ǫij,k(tij,k) (2.1)

fk(tij,k) =

R∑

r=1

ηrkhij,r (2.2)

β0k is the intercept and βk is the slope, and b0i,k and b1i,k (k=1,2) are respectively

the subject specific intercepts and slopes. The vector bi = (b0i,1, b0i,2, b1i,1, b1i,2),

is assumed to be N(0, Σb). xij,k is a vector of covariates that are associated with

the marker yij,k measured at time point tij,k. xij,k may change in time, but not
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patients after kidney transplant

in our data. αk represent the fixed effects of xik. ǫij,k ∼ N(0, σ2
ǫk) is a sequence

of mutually independent residuals which are also assumed to be independent of bi.

fk(tij,k) is a smooth function of time tij,k which varies between the markers. We

used a low-rank thin-plate spline function, which is a penalized spline, to flexibly

describe the nonlinear longitudinal profiles. ηrk are random parameters assumed to

be independent and have a zero mean normal distribution with σ2
rk controlling the

shrinkage of the thin-plate spline function towards the first degree polynomial. hij,r

are entries of the design matrix h, derived from transformation of tij,k’s. The number

of knots R was chosen as 6 for all markers and set at the quantiles of t, which ensured

flexibility of the spline function (Ruppert, 2002). Compared to other basis functions,

low-rank thin-plate splines produce much smaller posterior correlation of parameters

which improves mixing of MCMC algorithms. A detailed description of low-rank

thin-plate splines is given by Crainiceanu et al. (2005).

(2) An infection-specific Cox proportional hazards model with random effects to cap-

ture the within and between infection type association specified as

λl
i(t) = λl

0(t)exp
{

w⊺

i αl + cd3∗
i (t)βl

1 + nk∗
i (t)βl

2 + υl
i + ψi

}
(2.3)

where the baseline hazard λl
0(t) is left unspecified and allowed to vary be-

tween infection types. αl are parameters for baseline covariates wi =

(agei, genderi, immunosuppressive.treatmenti, and dialysis.timei). cd3∗
i (t) and nk∗

i (t)

are the expected marker values given bi and t, with corresponding parameters βl
1 and

βl
2 respectively. υl

i represents infection type specific random effects capturing within

infection association. ψi is a shared frailty term which caters for the between infection

types association. υl
i and ψi are assumed to be independent and have zero mean

Gaussian distributions with variances σ2
υl and σ2

ψ respectively. An important feature

of this modelling strategy is to postulate that longitudinal markers and the event

processes are conditionally independent given the random effects bi and covariates.

They account for the dependencies between the two subprocesses.

2.3.2 The Likelihood Function

Let θ = (ϑk,ϑl) be the vector containing all parameters from (4.2), (2.2) and (2.3),

and ρi = (υl
i, ψi). Recall that Yij,k is the longitudinal marker of type k observed

at time points tij,k (j = 1, 2, ..., nik), and T l
im is the time of the mth event of type

l. The joint likelihood of the survival and the longitudinal submodels based on all

observed data is given by
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(2.4)

L(θ) =

n�

i=1

�

bi

�

ρi








K�

k=1

nik�

j=1

f1(Yij,k|bi, θ)





×





L�

l=1

M l
i +1�

m=1

f2(T l
im|bi, ρi, θ)



 × f3(bi|θ) × f4(ρi|θ)


 dρidbi

where the likelihood of the survival part f2(.) can be written as

f2 =





λl
i

�
T l

im|y∗
i,k(T l

im), ρi, ϑl
�

× Sl
i

�
T l

im|Hl
im, W l

im, ρi, ϑl
�

if m ≤ M l
i

Sl
i

�
T l

im|Hl
im, W l

im, ρi, ϑl
�

if m = M l
i + 1

(2.5)

Hl
im and W l

im are respectively the collection of fitted marker values y∗
i,k(.) and event

times of type l between T l
i(m−1) and T l

im. λl
i is given by (2.3) and Sl

i can be calculated

over a finite sum of time points as

exp



−

�

t∈Wl
im

λl
i(t|y∗

i,k(t), ρi, ϑl)



 (2.6)

because the non-parametric estimator of the baseline hazard in λl is zero except at

observed event times (Henderson et al., 2000).

The likelihood function for the two stage method can be written as

(2.7)

Stage 1 : L(ϑk)

=
n�

i=1

�

bi








K�

k=1

nik�

j=1

f1(Yij,k|bi, ϑk)



 × f3(bi|ϑk)


 dbi

(2.8)

Stage 2 : L(ϑl)

=
n�

i=1

�

ρi








L�

l=1

M l
i +1�

m=1

f2(T l
im|ŷik(T l

im), ρi, ϑl)



 × f4(ρi|ϑl)


 dρi

The standard maximization of the joint likelihood function (4.4) necessitates the

integration of the survival and longitudinal components over the distribution of the

sets of random effects bi and ρi, which requires complicated numerical integrations.

This can be circumvented by using the Bayesian Markov Chain Monte Carlo (MCMC)

approach which estimates the joint posterior distribution of all unknown parameters
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using vague priors prior(θ) (Faucett and Thomas, 1996). Therefore, the posterior

distribution of the parameters θ and the latent terms bi and ρi can be derived as

(2.9)

p[θ, {bi} , {ρi} |{Yij,k} ,
�

T l
i,m

�
] ∝

n�

i=1








K�

k=1

nik�

j=1

f1(Yij,k|bi, θ)





×





L�

l=1

M l
i +1�

m=1

f2(T l
im|bi, ρi, θ)



 × f3(bi|θ) × f4(ρi|θ)


 × prior(θ)

2.3.3 Implementation in OpenBUGS

All baseline covariates were included in the longitudinal model (4.2), and we assumed

that ǫij,k(t) ∼ N(0, σ2
k), k = 1, 2. The infection specific baseline risk functions were

modeled non-parametrically. We assumed a priori that the αl and βl
1, βl

2 follow

a zero mean normal distribution with precision 1/1000. υl
i and ψi were assumed

to have a zero mean Gaussian distribution with respective variances, σ2
υl and σ2

ψ,

taking a Gamma(0.01,0.01) as prior. The infection specific baseline hazard λl
0(t)

was assumed to be a step function defined over the unique infection times, where

each jump size takes an independent gamma prior as described by Kalbfleisch (1978).

Model fitting was via MCMC sampling using two chains generated based on different

sets of starting values. The MCMC was run for 200, 000 iterations with the first

100, 000 discarded as burn-in. Standard MCMC diagnostic plots (trace plots, Brooks,

Gelman and Rubin plots, and quantile plots) were utilized to assess convergence, and

the deviance information criteria (DIC) was used to compare models. In particular,

we compared models with a linear and a low-rank thin-plate spline functions for the

longitudinal evolution of the markers. We also compared different models for the event

subprocesses which included only the time independent covariates as predictors, not

the markers. The posterior distributions of all parameters are summarized using the

sample mean and 95% credibility intervals (CI).

2.3.4 Results

Findings in Table 2.2 reveal that the longitudinal trajectories were better explained

by the low-rank thin-plate spline longitudinal submodels which gave lower DIC values

compared to the mixed effects submodels with a linear effect of time, for both the uni-

variate and bivariate analysis. Furthermore, modelling both markers simultaneously

provided a better fit to the data (DIC of bivariate low-rank thin-plate spline model

= −2498.0) compared to fitting two separate univariate models (sum of DIC’s from



Processed on: 28-9-2016Processed on: 28-9-2016Processed on: 28-9-2016Processed on: 28-9-2016

504928-L-bw-Zebedee504928-L-bw-Zebedee504928-L-bw-Zebedee504928-L-bw-Zebedee

2.3. A model for two markers and two infection types 21

separate univariate low-rank thin-plate spline models = −2474.0). This suggests a

nonzero covariance between the random effects of both markers. In the survival sub-

model, accounting for the within and between infection type associations led to lower

DIC values (5380.0) as opposed to allowing only for the within or between infection

association, or assuming that all infections were independent from each other. Our

selected joint model constituted the best submodels, comprising a bivariate low-rank

thin-plate spline longitudinal submodel for cd3 and nk (DIC=−2498.0), and a Cox

proportional hazards model with random effects for the within and between infections

association (DIC=5380.0).

Table 2.2: Model comparison using DIC values

Models DIC

Longitudinal subprocess

LME model for cd3 counts -736.6

LME model for nk cell counts -1533.0

Low-rank thin-plate spline model for cd3 cell counts -818.8

Low-rank thin-plate spline model for nk cell counts -1655.2

Bivariate LME model for cd3 & nk cell counts -2293.0

Bivariate low-rank thin-plate spline model for cd3 & nk cell counts -2498.0

Event subprocess

(Cox model) Independent infections 5454.0

Within infection random effects 5387.0

Between infection random effects 5388.0

Within & between infection random effects 5380.0

Joint model

Bivariate LME model for cd3 & nk cell counts 2896.0

and Cox model with the within & between infection random effects

Bivariate low-rank thin-plate spline model for cd3 & nk cell counts 2853.0

and Cox model with the within & between infection random effects

Generally, allowing the markers to influence the hazards via the best joint model

yielded a lower DIC value (2853.0) as compared to the sum of the DIC’s of the

best longitudinal submodel and the best survival submodel, where the effect of the

markers are assumed to be zero (DIC sum = 2882). This suggests that there is some

information in the longitudinal trajectories for predicting the risk of infections, and

reiterates the need to study them jointly.

A table with all the parameter estimates from fitting the joint model and the two-

stage approach have been included as supplementary material (See Appendix table

2.6). Figure 2.3 shows the difference in parameter estimates between both approaches

(standardized to the mean and the width of the 95% CI of the parameter estimates
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from the joint model). On average, similar parameter estimates were observed for

the longitudinal and the survival submodels in the joint and two-stage models. The

95% CI’s were slightly wider for the two stage model, and larger deviations were

observed in the parameter estimates of longitudinal submodel. Lower cd3 and nk

values were associated with higher risks for both the viral and upper respiratory

infections. The reason may be that patients with lower cd3 and nk values were more

immunocompromised and consequently more likely to be infected. The estimated

standard deviations συ1 , συ2 , and σψ for the random effects (υ1
i , υ2

i , and ψi) reveal

a non-zero association within and between infection types, suggesting that patients

with a history of infections were more vulnerable to future infections of both type.

No significant association was found between the baseline covariates and the risk for

both infections types using either a joint or two stage model.
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slope.nk

treatment.nk

sex.nk

dialysistime.nk
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Figure 2.3: Estimates of all parameters from the joint model (grey lines) and the 2 stage

model (black lines), standardized to the mean and the width of the 95% credibility interval

of the parameter estimates from the joint model. age1 and age2 represent the effect of age

on the risk of infection type 1 and 2 respectively. sigma.b1, sigma.b2, and sigma.b3 are

respectively the standard deviations of the "within" infection 1, "within" infection 2 and

"between" infection 1 and 2 frailty terms.
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2.4 Simulation Study

2.4.1 Study setup

In order to assess the performance of our proposed joint model and the algorithm,

we conducted a simulation study by generating data with similar features as the

kidney transplantation data. The joint model was fitted to each simulated data set.

We considered two longitudinal outcomes and two infection types. The longitudinal

outcomes were generated by assuming the following bivariate random effects model

with a linear effect of time.

yik(t) = aik + bikt + ǫik(t) (2.10)

where (ai1, ai2, bi1, bi2)t ∼ N((0.9202, 0.5971, 0.0307, 0.0186)t, Σ), with ai1, ai2, bi1,

and bi2 being the random intercepts and slopes for simulated cd3 and nk cell

counts respectively. σa1
= 0.185, σa2

= 0.094, σb1
= 0.151, σb2

= 0.082, ρa1,a2
=

0.4124, ρa1,b1
= −0.4542, ρa1,b2

= −0.2154, ρa2,b1
= −0.2368, ρa2,b2

= −0.3987, and

ρb1,b2
= 0.1796. Times between longitudinal measurements were generated by assum-

ing an Exp(1) distribution. The association between the longitudinal outcomes and

the infection times was postulated to be according to the Cox proportional hazard

model (3), where β1
1 = −1.3, β1

2 = −0.6, β2
1 = −1.1, β2

2 = −0.5, and the frailties dis-

tributed as υ1
i ∼ N(0, 0.372), υ2

i ∼ N(0, 0.482), ψi ∼ N(0, 0.432). Infection times were

generated from (3), with λl
0 held constant at 0.75 and 0.65 for infection type 1 and 2

respectively. Patients were repeatedly infected until the end of follow-up. Given the

frailties, we assumed that the time to event process arises from independent incre-

ments. The censoring times were generated from a uniform distribution U[0,5], and

no baseline covariates were considered.

2.4.2 Simulation study results

Using n = 100 patients, we performed 250 simulations and present the results in

Table 2.3. In the table we represent the true parameter values as "True", the coverage

probability of the 95% credibility interval as "CP", and the square root of the mean

squared error as "RMSE". The columns "Mean" and "Median" contain respectively

the mean and the median over the 250 simulated data sets. The bias is the difference

between the average estimate over all simulations and the true parameter value. We

checked if the biases were statistically significant.

Almost all parameter estimates had a small bias that was not statistically signifi-

cant (at the .05 level) based on the 250 simulations, with the exception of the standard
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Table 2.3: Simulation study results based on 250 data sets (n = 100)

Parameters True Mean Median Bias p.value RMSE CP

a1 0.9202 0.9205 0.9219 0.0003 0.8545 0.022 0.9720

a2 0.5971 0.5972 0.5973 0.0001 0.9539 0.0131 0.9880

b1 0.0307 0.0332 0.0339 0.0026 0.0488 0.0207 0.9680

b2 0.0186 0.0189 0.0191 -0.0003 0.6882 0.0122 1.0000

β1
1 -1.3000 -1.2290 -1.2050 0.0711 0.1140 0.7110 0.9320

β1
2 -0.6000 -0.5857 -0.5847 0.0143 0.8264 1.0283 0.9480

β2
1 -1.1000 -1.0692 -1.1256 0.0309 0.4661 0.6680 0.9480

β2
2 -0.5000 -0.4189 -0.4577 0.0811 0.1972 0.9859 0.9640

συ1 0.3700 0.3997 0.3648 0.0297 0.0003 0.1316 1.0000

συ2 0.4800 0.4622 0.4037 -0.0178 0.1360 0.0110 0.9920

σψ 0.4300 0.3716 0.3371 -0.0584 0.0000 0.1374 0.9920

deviations of the random effects in the survival submodel. A similar bias was observed

with uniform priors for the variance of the random effects in the survival submodel.

Li et al. (2010) previously observed that, especially for estimates of the random effect

standard deviation, relatively large sample sizes were required in order to achieve a

minimal bias. The observed coverage probabilities of the 95% credibility intervals

were around the value 0.95.

2.5 A model for all markers and infection types

There were 123 subjects who did not experience any infection during follow-up. On

the other hand, 235 subjects were infected at least once with one of the infection

types. A summary of all 10 infection types along with their means and distribution

of the number of infections per subject are given in Table 2.1. The urinary tract

infection was the most recurrent amongst patients, while parasitic infections were so

rare that we completely excluded them from the infection-specific Cox submodel. For

the longitudinal submodel, considering that CD4+ T cells plus CD8+ T cells absolute

values should equal approximately the CD3+ value, CD3+ was left out, circumventing

possible collinearity. Hence a longitudinal submodel was specified for CD4+ T cells,

CD8+ T cells, NK cells, and B cells. Individual profiles for the absolute CD4+ T cell,

CD8+ T cell and B cell counts (×109/L) are shown in Figure 2.4. The markers are

referred to as cd4, cd8 and bcl respectively, and exhibit similar nonlinear longitudinal

patterns as earlier observed with the cd3 and nk cells.
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Figure 2.4: Individual profiles for cd4, cd8 and bcl (in absolute numbers ×109/L). Circular

points represent patients with a single measurement

In principle, the proposed joint model (4.2), (2.2) and (2.3), applied to two mark-

ers and two infection types in section 3 can be extended to accommodate either

more infection types or markers or both. Of course, such extensions are accompanied

by computational challenges that arise mainly as a result of increased dimensionality.

Given our data structure for instance, computational issues arose due to the increased

dimension of random effects and the increased number of unique infection times over

which the non-parametric baseline infection specific hazards were evaluated. Thus,

specifying the proposed joint model for 4 markers and 9 repeating infection types

turned out to be too time consuming. In this section, we considered some restrictions

in order to estimate the association between the infection types, as well as the associa-

tion between each infection type and all markers, while accounting for the relationship

between the markers’ development.

2.5.1 Separate joint models for each infection type and all

markers

Separate joint models (4.2, 2.2 and 2.3) for each of the 9 infection types using the 4

markers were fitted to estimate the associations between the markers and the specific

infection type. Since only one infection type at a time was evaluated, the between

infection frailty term ψi was set to 0 in the survival submodel (2.3). Also, we fixed the

within infection type frailty term υl
i to 0 for those infection types with few repeated

infections within patients (bacterial, fungal, gastroenteritis, lower respiratory, and

Cytomegalovirus). All baseline covariates were included in both submodels.
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The results revealed that the association between the markers and infections varied

between infection types, and was significantly different from zero for some cases. For

example, an increase in natural killer cells were associated with reduced risks for

Cytomegalovirus and fungal infections. The complete results are given in Table 2.4.

Table 2.4: Parameter estimates, standard errors, and 95% credibility intervals for the

separate joint models for every infection type and all longitudinal outcomes of the post

kidney transplantation data.

Parameters Estimates 95% CI

Viral

βcd4 -3.833 -6.296 : -0.6999

βcd8 1.684 -1.643 : 4.125

βbcl 3.05 0.2535 : 5.793

βnk -1.321 -3.518 : 0.886

συ 0.4233 0.0801 : 0.7885

Upper respiratory

βcd4 -1.538 -3.641 : 0.7546

βcd8 2.297 0.1658 : 4.005

βbcl -3.076 -5.915 : -0.3794

βnk -0.4175 -2.423 : 1.508

συ 0.7881 0.5431 : 1.04

Wound

βcd4 2.738 -0.0868 : 5.761

βcd8 1.33 -2.213 : 4.508

βbcl -2.977 -6.283 : 0.2477

βnk -0.1012 -2.688 : 2.646

συ 1.005 0.7316 : 1.305

Urinary Tract

βcd4 -0.8753 -2.616 : 1.09

βcd8 -0.2054 -1.915 : 1.94

βbcl 1.419 -0.9381 : 3.771

βnk -0.7354 -2.745 : 1.205

συ 1.287 1.078 : 1.52

Fungal

βcd4 1.077 -1.867 : 4.591

βcd8 -0.6243 -5.014 : 2.996

βbcl -4.015 -7.435 : 0.0947
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Table 2.4 (continued)

Parameters Estimates 95% CI

βnk -3.512 -6.167 : -0.473

Bacterial

βcd4 -3.938 -7.173 : -0.1

βcd8 5.649 2.227 : 8.783

βbcl 1.682 -3.071 : 5.694

βnk 1.608 -1.522 : 5.144

Gastroenteritis

βcd4 -3.23 -9.855 : 1.692

βcd8 3.758 -1.322 : 8.578

βbcl -4.852 -11.31 : 1.965

βnk 4.557 -0.4072 : 9.801

Lower respiratory

βcd4 1.607 -2.677 : 5.685

βcd8 1.646 -1.586 : 4.485

βbcl -1.925 -7.005 : 2.282

βnk -1.451 -4.984 : 2.113

Cytomegalovirus

βcd4 -1.365 -4.292 : 2.71

βcd8 2.372 -0.5743 : 4.899

βbcl 0.838 -1.911 : 3.476

βnk -2.076 -3.965 : -0.0601

2.5.2 Pairwise fitting of two infection types at a time and all

markers

Pairwise fits of the survival submodel (2.3), specified for 2 infection types at a time,

were implemented to assess the relationship between all pairs of infection types. As

in 5.1 the within infection type frailty term υl
i was set to 0 those for infection types

with few repeated infections within patients. For all possible pairwise fits, the between

infection type frailties ψ were estimated, thus considering 36 possible pairs. Fitted

values of cd4, cd8, nk and bcl estimated from (4.2) were included as time varying

covariates in every pairwise fit, and allowed to have infection specific effects on the

hazards. All baseline covariates were also considered.

The estimated standard deviations for the between infection type frailty compo-

nents from the pairwise fit are summarised in Figure 2.5. The lower diagonal entries
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correspond to the 36 standard deviations of the shared-frailty component from all

pairwise risk models. On the diagonals we report the standard deviations of the

within infection type frailty υl
i from section 5.1. A positive diagonal element signifies

that the occurrence of an infection increases the hazard for more infections of the

same type. A positive off-diagonal element indicates that if an infection of type i has

occurred, the hazard for an infection of type j is increased. Note that since the within

infection type frailty term υl
i for bacterial, fungal, gastroenteritis, lower respiratory,

and Cytomegalovirus was fixed to 0, this data set does not allow us to fully distinguish

their respective within and between infection type variation.

Figure 2.5: Estimated measures of association of the frailty components in the log-hazard

functions on the infection risk models. On the diagonals we report the standard deviations of

the frailty components unique to each infection risk model. The within infection type frailty

term for bacterial, fungal, gastroenteritis, lower respiratory, and Cytomegalovirus infections

were set to 0 due to rare within patients re-infections. The lower diagonals entries correspond

to the standard deviations of the shared frailty components from all pair wise models.
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2.6 Discussion

Motivated by follow-up data from patients after kidney transplant, we have proposed

an extension of the implementation of the joint modelling strategy for a setting with

recurrent events of different types and multiple longitudinal outcomes. Our model

offers a framework for joint inference on both subprocesses, while acknowledging un-

derlying association within and between recurrent infections of different types, as well

as the relationship between the development of the longitudinal outcomes and the

event process. A bivariate low-rank thin-plate spline function best explained the lon-

gitudinal trajectories. The smooth function fk(tij,k) was restricted to the population

trend since most patients had short follow-up with few repeated measures, making it

difficult to estimate random effects of fk(tij,k). Other versions of splines and options

to flexibly model nonlinear longitudinal profiles have been proposed in the literature

(Rizopoulos and Ghosh, 2011; Fahrmeir and Lang, 2001; Eilers, 1996). In the event

time submodel, we employed infection type specific frailty terms and shared frailty

terms to respectively account for the within and between infection type associations.

We postulated that the dependency of the hazards on patients’ history of longitudi-

nal measurements was through the fitted longitudinal outcome values. Alternatively,

relating to the second and third family of parameterization discussed by Rizopoulos

and Ghosh (2011), random effect values or some general frailty term that describes

the relationship between longitudinal outcomes and the dropout process could be

considered. The latter approach is most useful when longitudinal outcomes or factors

that could explain the events processes are not measured.

Generally, similar parameter estimates were observed from the joint and the two

stage models. A small difference between the two approaches was observed for the

parameter estimates in the longitudinal submodel. This suggests that there might

be some informative censoring going on in the data, which is related to the recurrent

events. Low cd3 and nk values were related to high infection risks, with patients

previously infected having a higher risk for future infections of any type. This could

be valuable in identifying frailer patients who may need prophylaxes or a modification

of their immunosuppressive therapy.

Finally, we have shown via a simulation study that our algorithm as implemented

in OpenBUGS works well. Future work with this model entails exploring various op-

tions to achieve a more efficient and computationally friendly model and algorithm,

especially when confronted with dimensionality related challenges. This includes con-

sidering a piecewise baseline hazard to reduce the parameter space due to nonpara-

metric baseline hazard (Rizopoulos and Ghosh, 2011; Brown and Ibrahim, 2003), and
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employing cluster or grid computing to speed up the model fitting procedure. In

addition, it will be interesting to consider a landmarking paradigm (Van Houwelin-

gen, 2007; Zheng and Heagerty, 2005) as an alternative to characterize the association

between multiple markers and the recurrent infections of different types.
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2.7 Appendix

2.7.1 Summary of the baseline covariates and the longitudinal

outcomes.

Table 2.5: Summary of the baseline covariates and the longitudinal outcomes.

Variables description

Baseline covariates

gender 197 males and 161 females

age (years) range: 18 to 75 (mean=48)

dialysis time(years) range: 0 to 21 (mean=4)

Treatment 317 on old medication and 41 on new medication

Longitudinal outcomes ( absolute number (×109/L))

cd3 range: 0 to 1.55 (mean=0.93)

cd4 range: 0 to 1.39 (mean=0.77)

cd8 range: 0 to 1.25 (mean=0.75)

nk range: 0 to 1.04 (mean=0.61)

bcl range: 0 to 1.27 (mean=0.51)

Table 2.6: Parameter estimates, standard errors, and 95% credibility intervals for the joint

model and two stage analysis of the post kidney transplantation data. Subscripts 1 and 2

stand for the viral and upper respiratory infections respectively

Joint Two stage

Parameters Estimates 95% CI Estimates 95% CI

Longitudinal submodel

interceptcd3 1.0700 0.9589 ; 1.1820 1.0010 0.8870 ; 1.1350

timecd3(per10years) -0.0850 -0.5400 ; 0.3730 0.0750 -0.4300 ; 0.4290

agecd3(per10years) 0.0060 -0.0130 ; 0.0260 0.0100 -0.0100 ; 0.0290

dialysistimecd3(per10years) -0.0400 -0.1450 ; 0.0660 -0.0320 -0.1390 ; 0.0750

sexcd3 0.0128 -0.0360 ; 0.0616 0.0108 -0.0395 ; 0.0605

treatmentcd3 0.0194 -0.0718 ; 0.1098 0.0036 -0.0884 ; 0.0961

interceptnk 0.7674 0.6740 ; 0.8639 0.7302 0.6184 ; 0.8359

timenk(per10years) -0.4160 -0.8070 ; -0.0930 -0.3140 -0.7410 ; 0.1080

agenk(per10years) -0.0150 -0.0310 ; 0.0010 -0.0130 -0.0290 ; 0.0030
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Table 2.6 (continued)

Joint Two stage

Parameters Estimates 95% CI Estimates 95% CI

dialysistimenk(per10years) -0.0050 -0.0920 ; 0.0830 0.0000 -0.0890 ; 0.0880

gendernk 0.0208 -0.0191 ; 0.0607 0.0189 -0.0218 ; 0.0596

treatmentnk -0.0146 -0.0892 ; 0.0593 -0.0252 -0.1006 ; 0.0497

σcd3 0.1427 0.1357 ; 0.1501 0.1429 0.1359 ; 0.1503

σnk 0.0960 0.0912 ; 0.1011 0.0966 0.0917 ; 0.1017

Survival submodel

age1(per10years) 0.0390 -0.1000 ; 0.1810 0.0360 -0.1030 ; 0.1790

cd31 -1.2010 -2.8110 ; 0.5357 -1.0870 -3.1250 ; 0.6895

dialysistime1(per10years) -0.2300 -0.7740 ; 0.2870 -0.2260 -0.7670 ; 0.2910

nk1 -1.6520 -3.5730 : 0.3908 -1.4060 -3.6780 ; 0.8539

sex1 -0.0012 -0.3747 ; 0.3668 -0.0038 -0.3757 ; 0.3643

treatment1 0.4674 -0.0768 ; 0.9919 0.4791 -0.0885 ; 1.0270

age2(per10years) -0.0790 -0.2080 ; 0.0510 -0.0810 -0.2090 ; 0.0480

cd32 -1.7220 -3.5190 ; -0.1424 -1.6230 -3.2570 ; 0.0349

dialysistime2(per10years) 0.1160 -0.3520 ; 0.5750 0.1180 -0.3440 ; 0.5720

nk2 -1.1320 -2.9870 ; 0.9168 -0.7716 -2.5460 ; 1.1760

gender2 -0.1696 -0.5169 ; 0.1746 -0.1630 -0.5097 ; 0.1750

treatment2 0.0989 -0.4319 ; 0.6150 0.1123 -0.4230 ; 0.6334

συ1 0.2811 0.0800 ; 0.6542 0.3099 0.0880 ; 0.6856

συ2 0.5138 0.1334 ; 0.8993 0.4973 0.0775 ; 0.8778

σψ 0.4920 0.1271 ; 0.7441 0.5513 0.3034 ; 0.7674
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2.7.2 Example OpenBUGS codes to fit a joint model for two

longitudinal outcomes and two recurrent events types

This code fits a joint model for two longitudinal outcomes and two recurrent events

types over time. It an be applied to the attached simulated data set with 50 subjects.

In the first part ( Longitudinal submodel) we specify a bivariate mixed effects model

which allows the markers to develop simultaneously, thus accounting for the inter-

relation between the markers, and the intra-individual dependency over time. Only

a linear effect of time was considered for this case. The second part (Survival sub-

model) consists of an infection-specific Cox model with infection specific and shared

frailty terms to capture the association within and between the two infection types

respectively. The baseline risk function was allowed to vary between infection types

and is modeled non-parametrically. The fitted marker values were included as time-

dependent covariates, with the risk for each infection type influenced differently by

every longitudinal outcome.

model{

##### Longitudinal submodel #####

# N is the number of rows

# Nid is the number of unique id’ s

# marker1 and marker2 (corresponding to y_{1} and y_{2} of section 4)

# are the longitudinal measurements for outcome 1 and 2 respectively

# tstop are the measurement times (t)

# A.B contains the random intercepts (a1 & a2) and slopes (b1 & b2) for both markers.

# a1 , a2, b1 & b2 correspond respectively to a_{1} , a_{2}, b_{1} & b_{2} (table 3)

for (i in 1:N){

marker1[i] ~ dnorm(marker1.hat[i], tau.marker1);

marker2[i] ~ dnorm(marker2.hat[i] , tau.marker2);

marker1.hat[i] <- A.B[id[i],1] + A.B[id[i],2]*tstop[i]

marker2.hat[i] <- A.B[id[i],3] + A.B[id[i],4]*tstop[i]

}

#Random effects

for (i in 1:Nid){

A.B[i,1:4] ~ dmnorm(cov.A.B[i,1:4],Omega.prec[,]);

cov.A.B[i,1] <- a1

cov.A.B[i,2] <- b1

cov.A.B[i,3] <- a2

cov.A.B[i,4] <- b2

}

a1 ~ dnorm(0,0.001)

a2 ~ dnorm(0,0.001)

b1~ dnorm(0,0.001)

b2~ dnorm(0,0.001)

Omega.prec[1:4,1:4] ~ dwish(W[,],8);

Omega.var[1:4,1:4] <- inverse(Omega.prec[,]) ;

tau.marker1 ~ dgamma(0.01, 0.01);

tau.marker2 ~ dgamma(0.01, 0.01);

sigma.marker1 <- 1/(sqrt(tau.marker1));

sigma.marker2 <- 1/(sqrt(tau.marker2));
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multiple longitudinal outcomes with application to a follow-up study of

patients after kidney transplant

###### Survival submodel #######

#t1 and t2 are unique infection times for infection type 1 and 2 respectively

#T1 and T2 are the lengths of t1 and t2 respectively

#tstart are the entry times (when id’s become at risk)

#fail1 and fail2 are the infection status (0 or 1) at the measurement time points

#for infection type 1 and 2 respectively.

#eps = 0.000001, and is used to guard against numerical imprecision in step function

# dN1 and dN2 are the counting process increments or infection type 1 and 2 respectively

# marker1hat.t1 and marker2hat.t1 are the predicted marker values at infections times t1

# marker1hat.t2 and marker2hat.t2 are the predicted marker values at infections times t2

# Beta1.marker1 & Beta1.marker2 (corresponding to Beta^{1}_{1} & Beta^{1}_{2}) on table 3

# are the marker effects on the risk of infection type 1

# Beta2.marker1 and Beta2.marker2 (corresponding to Beta^{2}_{1} & Beta^{2}_{2}) on table 3

# are the marker effects on the risk of infection type 2

# dL0.star1 and dL0.star2 are the prior guesses of the unknown hazard function for

#infection type 1 and 2 respectively

# c1 and c2 are the degree of confidence of dL0.star1 and dL0.star2 respectively

#Set up of the counting process data for infection type 1

for(i in 1:N) {

for(j in 1:T1) {

# risk set = 1 if tstop >= t1

Y1[i,j] <- step(tstop[i] - t1[j] + eps)*step(t1[j]-tstart[i] - eps)

# counting process jump = 1 if tstop in [ t1[j], t1[j+1] )

# i.e. if t1[j] <= tstop< t1[j+1]

dN1[i, j] <- Y1[i, j]*step(t1[j + 1] - tstop[i] - eps)*fail1[i]

}

}

#Getting the predicted marker values at unique infection times

for(j in 1:T1) {

for(i in 1:Nid) {

marker1hat.t1[i,j] <- A.B[i,1] + A.B[i,2]*t1[j]

marker2hat.t1[i,j] <- A.B[i,3] + A.B[i,4]*t1[j]

}

Beta1.marker1 ~ dnorm(0,0.001) #Beta^{1}_{1} on table 3

Beta1.marker2 ~ dnorm(0,0.001) #Beta^{1}_{2} on table 3

for (i in 1:Nid){

#v3 (corresponding \psi on table 3) is the frailty term accounting for the

#association " between" repeating infections of type 1 and 2

v3[i] ~ dnorm(0.0, tau.v3)

}

tau.v3 ~ dgamma(0.01,0.01)

var.v3 <- 1 / tau.v3

sigma.v3 <- sqrt(1 / tau.v3) # sigma_{Psi} on table 3

for(k in 1 : Nid) {

# v1( corresponding to upsilon^{1} in the text) is the frailty term accounting

#for the association "within" repeating infections of type 1

#v2 ( corresponding to upsilon^{2} in the text) is the frailty term accounting

#for the association "within" repeating infections of type 2

v1[k] ~ dnorm(0.0, tau.v1);

v2[k] ~ dnorm(0.0, tau.v2);

}

tau.v1 ~ dgamma(0.01, 0.01)

tau.v2 ~ dgamma(0.01, 0.01)

var.v1 <- 1 / tau.v1

var.v2<- 1 / tau.v2
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sigma.v1 <- sqrt(1 / tau.v1) #sigma_{upsilon^{1}} on table 3

sigma.v2 <- sqrt(1 / tau.v2) #sigma_{upsilon^{2}} on table 3

#Scores are calculated for every pseudo id, but at the end Idt1 stores only scores

#that belong to the risk set.

for(j in 1:T1) {

for(i in 1:N) {

Idt1[i, j] <- Y1[i, j]*exp( Beta1.marker1*marker1hat.t1[id[i],j] +

Beta1.marker2*marker2hat.t1[id[i],j]+ v1[id[i]] + v3[id[i]])*dL01[j];

dN1[i, j] ~ dpois(Idt1[i, j]) #Likelihood for infection 1

}

}

for(j in 1:T1) {

dL01[j] ~ dgamma(mu1[j], c1);

mu1[j] <- dL0.star1[j]*c1; #prior mean hazard for infection type 1

inthaz01[j] <- sum(dL01[1:j] );

}

c1 <- 0.001

r1 <- 0.1

for (j in 1 : T1) {

dL0.star1[j] <- r1 * (t1[j + 1] - t1[j])

}

##Set up of the counting process data for infection type 2

#(Similar to the case of infection 1 above)

for(i in 1:N) {

for(j in 1:T2) {

# risk set = 1 if tstop >= t2

Y2[i,j] <- step(tstop[i] - t2[j] + eps)*step(t2[j]-tstart[i] - eps)

# counting process jump = 1 if tstop in [ t2[j], t2[j+1] )

# i.e. if t2[j] <= tstop < t2[j+1]

dN2[i, j] <- Y2[i, j] * step(t2[j + 1] - tstop[i] - eps) * fail2[i]

}

}

#Getting the predicted marker values at unique infection times

for(j in 1:T2) {

for(i in 1:Nid) {

marker1hat.t2[i,j] <- A.B[i,1] + A.B[i,2]*t2[j]

marker2hat.t2[i,j] <- A.B[i,3] +A.B[i,4]*t2[j]

}

}

Beta2.marker1 ~ dnorm(0,0.001) # Beta^{2}_{1} on table 3

Beta2.marker2 ~ dnorm(0,0.001) # Beta^{2}_{2} on table 3

for(j in 1:T2) {

for(i in 1:N) {

Idt2[i, j] <- Y2[i, j]*exp( Beta2.marker1*marker1hat.t2[id[i],j] +

Beta2.marker2*marker2hat.t2[id[i],j] + v2[id[i]] + v3[id[i]])*dL02[j];

dN2[i, j] ~ dpois(Idt2[i, j]) # Likelihood for infection type 2

}

}

for(j in 1:T2) {

dL02[j] ~ dgamma(mu2[j], c2);

mu2[j] <- dL0.star2[j]*c2; #prior mean hazard for infection type 2

inthaz02[j] <- sum(dL02[1:j] );

}

c2 <- 0.001

r2 <- 0.1
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for (j in 1 : T2) {

dL0.star2[j] <- r2 * (t2[j + 1] - t2[j])

}

}

#For each chain, an set of initial values based on preliminary analysis were specified for dL01, dL02,

#a1, b1, a2, b2, Beta1.marker1, #Beta1.marker2, Beta2.marker1, Beta2.marker2, tau.marker1, tau.marker2,

#tau.v1, tau.v2, and tau.v3. The remainder were generated using OpenBUGS.


