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Abstract. Joint analysis of longitudinal and survival data has received increasing attention in the
recent years, especially for AIDS data. These data have been usually analysed considering time to
event data (survival outcome) or repeated measurements (longitudinal outcome) separately. As both
outcomes are observed in one individual, a joint modelling of longitudinal and survival data is more
appropriate because it takes into account the dependence between the two types of responses [3]. Guo
and Carlin [2] addressed the problem of joint analysis by proposing a Bayesian hierarchical model, ob-
taining estimates for the parameters of interest via Markov chain Monte Carlo (MCMC) methods. We
here employed Guo-Carlin’s method for jointly modelling longitudinal and survival data for a cohort
of patients with HIV/AIDS in Brazil. In addition, we also include spatial random effects to account
for the unobserved heterogeneity amongst the Brazilian states. We conclude that the Bayesian joint
model presents considerable improvements in the median survival time distributions when compared
with those obtained through longitudinal and survival models separately.
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1 Introduction

For most cancer and AIDS clinical trials, longitudinal and survival data have been usually analysed
considering time to event data (survival outcome) or repeated measurements (longitudinal outcome)
separately [1]. In that situation, as both outcomes are observed in one subject, separately modelling does
not take into account the dependence between the two types of responses. In order to overcome this
problem, a reasonable/powerful idea is a joint modelling of longitudinal and survival data. For instance,
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Henderson, Diggle and Dobson [3] proposed a likelihood-based joint model using the EM algorithm to
connect the longitudinal and survival response with a zero-mean latent bivariate Gaussian process. In
addition, Guo and Carlin [2] addressed the problem of joint analysis by proposing a Bayesian hierarchical
model, which may be implemented in the software WinBUGS [4], obtaining estimates for the parameters
of interest via Markov chain Monte Carlo (MCMC) methods. Despite the complexity of the Bayesian
approach, the joint analysis is straightforward to implement. We here employed Guo-Carlin’s method
for jointly modelling longitudinal and survival data for a cohort of patients with HIV/AIDS in Brazil.
We make inference for several parameters of interest via Markov chain Monte Carlo (MCMC) methods.
Finally, we show some results, e.g., the Bayesian joint model presents considerable improvements in the
median survival time distributions when compared with those obtained through longitudinal and survival
models separately.

2 Joint modelling

In order to connect the longitudinal and survival responses, Henderson, Diggle and Dobson [3] proposed
a zero-mean latent bivariate Gaussian process Wi(t) = (W1i(t),W2i(t)) at time t. The repeated measure-
ments and time to event data are assumed independent given the linking process and the covariates of
interest. So, the longitudinal model described by a linear mixed effects model

Yi j = µi(ti j)+W1i(ti j)+ εi j, (1)

incorporates fixed effects (µi = xT
1i(ti j)β1), random effects (W1i) and pure measurement errors (εi j ∼

N(0,σ2
ε)), while the parametric or semi-parametric survival model can accommodate namely frailty terms

(W2i). Notice that W2i = 0 means separately longitudinal and survival modelling.

We assumed that the longitudinal process follows equation (1) and the survival time for the ith subject
follows a Weibull distribution, ti ∼ Weibull(r,µi(t)), where r > 0 and

log(µi(t)) = xT
2i(t)β2 +W2i(t). (2)

The event intensity at time t was given by λi(t) = rtr−1µi(t) = rtr−1 exp
{

xT
2i(t)β2 +W2i(t)

}
and reduces

to the exponential distribution if r = 1.

3 AIDS data analysis

Figure 1 compares the estimated posterior median survival time distributions for two patients in our
study. The first (Patient 565) female, 28 years old, entered the study with an AIDS diagnosis and lives
in south. The second (Patient 730) male, 29 years old, have an AIDS diagnosis at study entry and lives
in Southwest. Both were censored at days 1361 and 1774, respectively. The bottom plots compares the
posterior median survival time distributions of the joint model with the separate model for the patients.
The joint result markedly differs from the separate result and significantly increasing the survival time for
patients 565 and 730. Moreover, the joint model reverses the separate model findings, in the sense that
the patients with the “good” CD4 trajectory are now predicted to survive much longer than the patient
with the “bad” trajectory.

In short, our aim has been to study the relationship of CD4 cells (longitudinal outcome) with time to
death (survival outcome) in predicting the median survival time of HIV/AIDS patients. We showed that
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Figure 1: Observed data and estimated posteriors of median survival time for patients 565 and 730.

the Bayesian joint model presents considerable improvements in the median survival time distributions
when compared with those obtained through longitudinal and survival models separately. We intend to
extend that analysis incorporating spatial random effects to account for the unobserved heterogeneity
amongst the Brazilian states.
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