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Abstract
Background: Personalised or strati�ed medicine has played an increasingly important role in improving
bio-medical care in recent years. A Bayesian joint modelling approach to dynamic prediction of HIV
progression and mortality allows such individualised predictions to be made for HIV patients, based on
monitoring of their CD4 counts. This study aims to provide predictions of patient-speci�c trajectories of
HIV disease progression and survival.

Methods: Longitudinal data on 254 HIV/AIDS patients who received ART between 2009 and 2014, and
who had at least one CD4 count observed, were employed in a Bayesian joint model of disease
progression, as measured by CD4 counts, and survival, to obtain individualised dynamic predictions of
both processes that were updated at each visit time in the follow-up period. Different forms of
association structure that relate the longitudinal CD4 biomarker and time to death were assessed; and
predictions were averaged over the different models using Bayesian model averaging.

Results: A total of 254 subjects were observed in the dataset with a median age of 30 years (interquartile
range, IQR, 26–38). The individual follow-up times ranged from 1 to 120 months, with a median of 22
 months and IQR 7 -39  months. The median baseline CD4 count was 129 cells/mm3 (IQR 61–247
cells/mm3). From the joint model with highest posterior weight, subjects whose functional status was
working were signi�cantly associated with a higher baseline CD4 count (β = 1.86; 95% CI: 0.65 3.04)
whereas subjects who were bedridden were signi�cantly associated with a lower baseline CD4 count
(estimated effect β = -3.54; 95% CI: -5.65, -1.39), compared to ambulatory patients.  A unit increase in
weight of the individual increased the mean square root CD4 measurement by 0.06. The estimates of the
association structure parameters from all three models considered indicated that the HIV mortality
hazard at any time point is associated with the current underlying value of the CD4 count at the same
time point. The model with highest posterior weight also had a time-dependent slope, indicating that HIV
mortality is also associated with the rate of change in CD4 count. From both the model-averaged
predictions and the highest posterior weight model alone, an increase in CD4 count was predicted at
different visit times from the dynamic predictions. It was also found that there was an increase in the
width of prediction intervals as time progressed.

Conclusions: Functional status, weight and alcohol intake are important contributing factors that affect
the mean square root of CD4 measurements. For this particular dataset, model averaging the dynamic
predictions resulted in only one of the hypothesised association structures having non-zero weight at the
majority of time points for each individual. The predictions were therefore similar whether we averaged
them over models or derived them from the highest posterior weight model alone. We also observed that
the parameter estimates in the both the CD4 count and survival sub-models showed slight variability
between the postulated association structures. 

Background
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Ethiopia has been severely affected by the HIV epidemic for the last three decades. Estimates of HIV
prevalence in the general population remain low despite an increasing number of people living with
HIV/AIDS and taking antiretroviral therapy (ART). The 2016 Ethiopian Demographic and Health Survey
reports that the prevalence of adult HIV in Ethiopia is 0.9%, but with major differences by region (4.8 % in
Gambella, 3.4 % in Addis Ababa, and 0.4 % in SNNPR), and by type of region (2.9 % urban versus 0.4 %
rural). According to the latest UNAIDS Spectrum-derived estimates, 613,803 people were living with HIV
(PLHIV) in Ethiopia by the end of 2017, of whom 443,213 (72%) were on treatment [1]. There has been an
increasing interest in personalized medical research in recent years, including in the HIV �eld. Monitoring
of a biomarker of disease progression can allow doctors to customize treatment decisions to the
characteristics of the patient, to improve medical care and survival[2]. For example, monitoring a HIV
patient’s CD4 counts allows a clinician to decide when to start and adjust anti-retroviral treatment[3].
However, analysing a longitudinal biomarker measuring disease progression, such as CD4 count, and a
survival outcome separately can lead to biased estimates of both the biomarker and survival processes,
as such an analysis ignores the dependence between the repeated longitudinal measurements and the
survival process. Joint modelling of longitudinal and survival data is preferred to separate analyses both
to optimally use the available information and to obtain unbiased estimates of parameters describing
both processes [4, 5]. Joint models are versatile instruments in deriving probabilities of survival and
forecasts for future levels of biomarkers [6]. Temesgen et al [7] modelled jointly the weight of TB patients
and CD4 counts which act as biomarker for HIV disease progression. A Bayesian approach to joint
modelling can be used to derive dynamic individualised predictions of disease progression and survival
[8]. Barrett and Su [9] proposed a new �exible joint model with subject-speci�c penalized splines (P-
splines) used to characterize the co-evolution of the longitudinal and time-to-event processes. Rizopoulos
et al [10] used Bayesian Model Averaging (BMA) for combining dynamic predictions from multiple
alternative joint models for longitudinal and time-to-event data. The aim of this study is to derive
individual-level predictions of both CD4 count progression and HIV survival, based on a collection of
possible models simultaneously, combining them using Bayesian model averaging.

Methods

2.1 Data, Setting and Participants
This study used data from HIV patients from Jimma University Specialized Hospital, Ethiopia, in order to
predict the probabilities of HIV-related survival over time by jointly modelling the longitudinal CD4 count
representing HIV disease progression and time-to-event processes. While the population comprised a total
of 854 patients who �rst received ART between 2009 and 2014, the speci�c HIV data for this analysis
came from a longitudinal study of the subset of 254 patients aged at least 18 years who had at least one
measurement of CD4 count. These patients were followed up for a maximum of 10 years, with visit times
at which CD4 counts were recorded occurring approximately every 6 months. A histogram of observed
CD4 counts in Figure A1 (Appendix III) shows the data fail to ful�l a normality assumption: we therefore
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use a square root transformation of the observed CD4 counts to achieve normality (Figure A2, Appendix
III).

2.2. Outcome
The two outcome variables considered for this study were the survival outcome, i.e., time from
attendance date to death, measured in months, and the observed CD4 counts, measured in cells/mm3 of
blood. WHO’s clinical stage of disease, the functional status of patients (ambulatory, bedridden or
working), weight, smoking status, alcohol consumption status, drug use status and marital status were
the covariates considered. Further details about the data are found in Temesgen et al [7].

2.3 Statistical analysis
Since HIV survival is known to be dependent on disease progression, such as measured by CD4 count [3,
7, 11], careful consideration of the statistical method used to relate the two outcome variables is
important. A key characteristic of HIV disease progression is its dynamic nature: the rate of progression is
not only different from patient to patient, but also dynamically changes in time for the same patient.
Thus, the true potential of the CD4 count biomarker in describing disease progression and its association
with survival can only be exploited when repeated measurements of CD4 count are considered in the
analysis. The structure of the dependence between the two outcomes is not fully known, and may vary
between populations, and even over time within a single patient. To address research questions involving
characterisation of the association structures between repeated measures and event times, a class of
statistical models has been developed known as joint models for longitudinal and time-to-event data [2,
12–14]. Brie�y, a mixed effects model is proposed for the longitudinal biomarker observations, of a
general form yi (t) = mi(t) + εi(t) where the mean mi(t) is the (linear) predictor comprising both �xed and
random effects, and εi(t) is a normally distributed error term. Simultaneously, a standard survival model
is posited for the time-to-event data, regressed both on covariates and on the mean mi(t) of the
longitudinal process. Different forms of the regression on mi(t) are possible, including regressing only on
the current value of the mean, regressing on both the current value and rate of change, or instead
regressing on the random effects that are included in mi(t), for example. Given the random effects in
mi(t), both the longitudinal and survival processes are assumed independent, as are the longitudinal
responses of each individual. The random effects therefore account both for the association between the
longitudinal and the survival outcomes and the correlation between the repeated measurements in the
longitudinal process.

Extensions of joint models such as dynamic predictions and accuracy measures have also been
implemented [10, 15, 16]. Dynamic prediction is a method for updating predictions ahead in time of both
the longitudinal and survival processes, whenever a new measurement of the longitudinal biomarker is
taken. Here three joint models of the evolution of the CD4 count process and HIV survival are �tted to the
data in a Bayesian framework, each with a different association structure. Dynamic predictions are
derived from each of the three models and are combined using Bayesian model averaging [10, 17]. The
Bayesian approach to joint modelling [18, 19] was implemented using the JMbayes package in R version
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1.2.5033. Full details on the formulation of these joint models and dynamic prediction can be found in
Appendix I, but are brie�y summarised below.

To capture the non-linear subject-speci�c evolution of CD4 counts (Figs. 1; 2), a �exible speci�cation of
the subject-speci�c square-root CD4 trajectories was adopted, using natural cubic splines of time.
Speci�cally, the linear mixed model took the form:

yi(t) = mi(t) + εi(t) = β0+β1FNSi + β2Alcoholi + β3MSi + β4CSi + β5wti + β6B1(t) + β7B2(t) +
β8B3(t) + bi0 + bi1 B1(t) + bi2 B2(t) bi3 B3(t) + εi(t)  

where Bn(t) denotes the B-spline basis for a natural cubic spline. FNS, Alcohol, MS, CS, and wt are the
variables functional status, alcohol intake, marital status, clinical stage and weight respectively. The β’s
are �xed effects whereas the b's are random effects. For the survival process we consider three relative
risk models, each positing a different association structure between the two processes, namely:

 M1(t):h1(t) = h0(t)exp{γ1FNSi + γ2 Alcoholi + γ2 MSi + γ3CSi + γ4wti + α1mi(t)},

M2(t):h2(t) = h0(t)exp{γ1FNSi + γ2 Alcoholi + γ2 MSi + γ3CSi + γ4wti + α1mi(t) + α2mi(t)}, 

M3(t):h3(t) = h0(t)exp{γ1FNSi + γ2 Alcoholi + γ2 MSi + γ3CSi + γ4wti + α1bi0 + α2bi1 + α3bi2 + α4bi3}   

where the baseline hazard h0(t) is approximated with splines (see Eq. (3) of Appendix I), mi(t) is the
current true value of the CD4 count trajectory, mi(t) is the slope of the trajectories at time t (rate of change
in CD4 count), γ are regression parameters of the survival model and  are parameters describing the
strength of the association between the CD4 count and survival processes.

2.4 Individualized dynamic predictions
Based on each joint model, prediction of survival probabilities and future CD4 counts for a new individual
j who has a set of longitudinal square-root CD4 counts Yj(t) = {yjl (s); 0≤tjl ≤ t, l=1,....nj} and a vector of
baseline covariates wj is required. For any time u > t, the focus of interest is in predicting both the
conditional probability πj(u|t) that subject j will survive at least up to u and his/her predicted CD4 count at
u. At each time of interest (e.g. a clinic visit time) t’,t < t < u, these predictions are dynamically updated, as
extra information is recorded for the patient. That is, the prediction ωj(u|t) of the square-root CD4 count
yj(u) that is based on the information available up to time t, can be updated at time t, to produce a new

prediction  that uses the additional longitudinal information up to the latter time point t’.
Under the Bayesian joint modelling framework, both predictions πj(u|t) and ωj(u|t) are based on the
posterior predictive distribution, as given in Appendix I.

Standard model selection techniques for choosing between the three association structures may prefer
different models, depending which model selection criteria is used[20, 21], particularly in contexts where
different association structures may produce better predictions for different individuals at different time
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points. BMA [10, 16] explicitly takes into account model uncertainty by applying Bayesian inference to
model selection. Each model is given a prior weight, in this case assuming each association structure is
equally likely, and the resulting posterior model weights are used to average over the estimates. Here,
following [10], instead of averaging estimates over the association structures, the predictions πj(u|t) and
ωj(u|t) are averaged over the different association structures. This BMA approach can produce less risky
predictions via a straightforward model choice criteria[22].

Results
Figures 1 and 2 show that some individual longitudinal CD4 count trajectories had strong nonlinear
patterns, motivating the �exible structure of the joint models proposed in Section 2.

A total of 254 subjects were observed in the dataset with a median age of 30 years (interquartile range,
IQR, 26–38). The individual follow-up times ranged from 1 to 120 months, with a median of 22  months
and IQR 7 - 39 months. The median baseline CD4 count of the subjects included in the analysis was 129
cells/mm3 (IQR 61–247 cells/mm3). The square-root transformed CD4 count of the subjects ranged
from 2.5 to 27.4 with a �rst quartile of 7.8, a median of 11.4 and a third quartile of 15.7.

Table A1 (Appendix II) summarises the demographics of the study population. Based on WHO’s clinical
stage categories of HIV progression, the majority were at an advanced stage of disease (47% at Stage III,
36% at Stage IV). With regard to the functional status of subjects, 46% were able to work, 47% were
ambulatory, and 6% were bedridden. Of the total deaths, 47% occurred in ambulatory patients, while 24%
occurred in working patients. 46% of patients were female, 54% were male. Around half of the subjects
(45%) had received primary education, while 5% had achieved tertiary education. 43% of individuals were
married, while 7% were divorced. 

Table A2 (Appendix II) shows estimates and their corresponding 95% con�dence intervals for the
parameters in the longitudinal and survival sub-models for each of the three different association
structures. In the models including current CD4 count in the association structure (Models 1 and 2), the
association parameters indicate that HIV survival at any time t is associated with the current underlying
CD4 count at the same time point. The parameter estimates in the relative risk models and in the linear
mixed models show slight variability between the posited association structures. Model 2, where the
association is expressed in terms of both the current value of the CD4 count process and the rate of
change in CD4 count, has the lowest Deviance Information Criterion. Furthermore, in the model-averaged
predictions (Table A3, Appendix II for selected individuals), Model 2 is the only model with non-zero
weight for the vast majority of time points for each individual, with only a few speci�c time points where
any other model has any weight. Convergence of the Markov chain Monte Carlo algorithm for this
selected Model 2 is demonstrated in Appendix III (Figure A3).  The Model 2 regression coe�cient
estimates for the CD4 count process suggest that subjects whose functional status was working were
signi�cantly associated with a higher baseline CD4 count (β = 1.86; 95% CI: 0.65 3.04) whereas those
whose functional status was bedridden were signi�cantly associated with lower baseline CD4 count (β =
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-3.54; 95% CI: -5.65 -1.39), compared with the baseline ambulatory functional status group.  A unit
increase in weight of the patient increased the mean square-root CD4 measurements by 0.06 and linear
time, quadratic time and cubic time had positive effects on the mean rate of change of the square-root
CD4 measurements. Functional status, alcohol consumption and weight also had signi�cant effects on
hazard of HIV mortality: 0.42 times lower for patients able to work compared to those with ambulatory
functional status; 1.63 times higher for patients who consume alcohol compared to the non-alcohol
drinking group at baseline; and 0.98 times lower for each unit increase in weight. A unit increment in the
patient-speci�c current square-root CD4 count decreases the hazard of HIV mortality 0.93 times (β = -0.07;
95% CI:  -0.13 -0.005). Despite Model 2 having lower DIC than Model 1, where the only difference is the
inclusion of the rate of change in CD4 count in the association structure, the estimated association with
the rate of change is marginally non-signi�cant (β = -2.56; 95% CI: -4.53  0.31). However, the point
estimate would imply that for a unit increase in the rate of change (linear slope) in square-root CD4 count,
the hazard of HIV mortality is decreased 0.08 times.

Table A3 (Appendix II) shows model-averaged predictions for �ve individuals, who have been selected
randomly from the group of patients who were still alive at the end of the study. The table also shows the
time-dependent subject-speci�c BMA weights for the three joint models. The dynamic predictions are
updated at each visit time for each patient, using the CD4 counts observed up to the current visit time to
predict both future CD4 count trajectories and HIV survival. As noted, only Model 2 (a model with
extended association structure) has non-zero weight at the majority of time points, resulting in model-
averaged dynamic predictions that are similar to the Model 2 predictions. Figures 3 and 4 display these
predictions for one example patient (id 2151). This patient’s observed and expected CD4 counts increase
over the study period.

The vertical dotted lines in both Figures 3 and 4 represent the time point of the last square-root CD4 count
observation. The left sides of the panels present the observed square root of CD4 counts and the right
shows the estimated individual longitudinal trajectories of CD4 count for randomly selected subject 2151.
The dashed lines represent the corresponding 95% point wise con�dence intervals. The dynamic survival
probabilities and dynamic predictions of CD4 counts for the other four randomly selected patients are
given in Appendix III. 

Discussion
We have �tted three joint models incorporating different association structures that relate HIV survival to
the longitudinal trajectories of patient CD4 counts; then used Bayesian model averaging techniques to
select the model on which to base dynamic predictions. For all patients in our study, Model 2, which
considers both the current estimated value of the CD4 count trajectory and its rate of change, was the
only model with non-zero weight at the majority of time points, with only a few time points for a few
individuals where other models had non-zero weight. The model averaging therefore effectively selected
only Model 2 for prediction. Fitting Model 2 alone, without model averaging, resulted in
similar predictions, as expected given the near-zero weights for Models 1 and 3.
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The estimates of the association parameters in Model 2, together with the dynamic survival probability
plots, showed that as CD4 count increases, the rate of decrease in the survivor function slows, indicating
that time to death is longer for those with higher CD4 count and for those with a positive rate of change
in CD4 counts. Note that we found an increase in the width of the prediction intervals for the future CD4
counts as time progressed. Note also that Rizopoulos et al. (2017) [16] state that differences in prediction
performance between different speci�cations of the association structure might be due to the
dependence structure not being correctly speci�ed. Rizopoulos et al (2014) [10] compared dynamic
prediction results from �ve joint models with different parameterizations in the survival sub-model and
found that the predicted conditional survival probabilities showed considerable variability between the six
parameterizations. As a response to the challenge of different results from different parameterisations,
Barrett & Su use a different approach, using a �exible non- or semi-parametric speci�cation of the
association structure, rather than a parametric speci�cation, to avoid mis-specifying the dependence
structure. Although BMA has some interesting features, it has some potential drawbacks as well,
including being computationally intensive, since it requires �tting all the models we wish to average.
Other approaches to individualised dynamic prediction include stacking and pseudo-BMA [23]; and
landmarking [24]. A number of other papers have also compared prediction models for dynamic
prediction [25]; [26]; [27].

Conclusions
The main aim of this study was to see how dynamic predictions from joint models incorporating different
association structures can be combined using Bayesian model averaging. The result from this study
showed that there is some variability between the three parameterizations we used in terms of parameter
estimates. We also demonstrated that a reasonably accurate speci�cation of the CD4 count biomarker
trajectory was essential to provide good predictions with joint models, with only one model having high
weight in the averaged predictions. Many studies used standard likelihood information criteria to decide
on the selection of appropriate joint model and make predictions. Although, in the case of our speci�c HIV
dataset, we found that Bayesian model averaging gave similar dynamic predictions to those obtained
from a single model (Model 2) alone, we recognise that in other applications, a single prognostic model
may not be adequate, in which case BMA may provide a good solution to sensitivity of predictions to
model speci�cation, accounting for model uncertainty. Investigation of different parameterisations and
sensitivity of parameter estimates and predictions to model speci�cation is essential to the provision of
individual-level predictions of patient progression and survival.

Abbreviations
HIV: Human Immunode�ciency Virus; CD4: cluster of differentiation 4; AIDS: Acquired Immune De�ciency
Syndrome; ART: Antiretroviral therapy; IQR: Interquartile range; EDHS: Ethiopian Demographic and Health
Survey; SNNPR: Southern Nations, Nationalities, and Peoples' Region; UNAIDS: United Nations  Acquired
Immune De�ciency Syndrome; PLHIV: People living with HIV;TB: Tuberculosis; BMA: Bayesian Model
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Figures

Figure 1

Individual and mean pro�les of observed CD4 count data over time.

Figure 2



Page 13/13

Individual and mean pro�les of square root CD4 counts over time, categorized by status
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