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of HIV disease progression and survival. Longitudinal data on 254 HIV/AIDS patients who
received ART between 2009 and 2014, and who had at least one CD4 count observed, were
Editor: DR B Gyampoh employed in a Bayesian joint model of disease progression. Different forms of association
structure that relate the longitudinal CD4 biomarker and time to death were assessed; and
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ynamic predictions . .

Longitudinal IQR 7-39 months. The estimates of the association structure parameters from two of the
Time-to-event three models considered indicated that the HIV mortality hazard at any time point is asso-
and Bayesian model averaging ciated with the rate of change in the underlying value of the CD4 count. Model averaging
the dynamic predictions resulted in only one of the hypothesized association structures
having non-zero weight in almost all time points for each individual, with the exception
of twelve patients, for whom other association structures were preferred at a few time
points. The predictions were found to be different when we averaged them over models
than when we derived them from the highest posterior weight model alone. The model
with highest posterior weight for almost all time points for each individual gave an esti-
mate of the association parameter of —0.02 implying that for a unit increase in the CD4
count, the hazard of HIV mortality decreases by a factor (hazard ratio) of 0.98. Functional
status and alcohol intake are important contributing factors that affect the mean square
root of CD4 measurements.
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Introduction

Globally new HIV infections have started to decrease steadily over the last 10 years. International efforts to improve HIV
prevention and treatment services also minimize HIV transmission. As with AIDS-related mortality, the decrease in new HIV
infections between 2010 and 2018 was the highest in Eastern and Southern Africa (28% decline) [1,2]. Global decreases in
AIDS-related deaths have largely been seen in sub-Saharan Africa, especially in Eastern and Southern Africa, which consists
53% of the world’s population live with HIV. AIDS-related mortality has decreased by 42% between 2010 and 2017 in Eastern
and Southern Africa, indicating the rapid rate of increase in treatment in the region [3,4].

Ethiopia has been severely affected by the HIV epidemic for the last three decades and there are an increasing number
of people living with HIV/AIDS and taking antiretroviral therapy (ART). Although overall estimates of HIV prevalence in the
general population remain low, with the 2016 Ethiopian Demographic and Health Survey reporting a prevalence of adult
HIV of 0.9%, there are 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 [5].

There has been an increasing interest in personalized medical research in recent years, including in the HIV field. Moni-
toring 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 [6]. For example, monitoring a HIV patient’s CD4 counts allows a clinician to
decide when to start and adjust anti-retroviral treatment [7]. However, analysing a longitudinal biomarker measuring dis-
ease 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
survival. Joint modelling of longitudinal and survival data is preferred to separate analyses both to optimally use the avail-
able information and to obtain unbiased estimates of parameters describing both processes [8,9]. Joint models are versatile
methods for deriving probabilities of survival and forecasts for future levels of biomarkers [10]. There is a long history of
the use of joint models of CD4 counts and survival in the HIV literature [7,11-17],among these studies, the most common
structure assumed for the association between the longitudinal CD4 count process and survival is a random effects structure,
with random intercepts and random slopes for the longitudinal CD4 counts, where survival is regressed on these random
effects in the joint model [11,13]. A few have used more flexible structures, including integrated Ornstein-Uhlenbeck pro-
cesses [18] or splines [15]. Here, following Rizopoulos et al. [19], we consider that different association structures may be
better for predicting biomarker and survival processes at different times for different individuals.

A Bayesian approach to joint modeling can be used to derive dynamic individualized predictions of disease progression
and survival [6], and to account for the potential for multiple competing association structures to be preferred for predic-
tion at different time points and individuals, Rizopoulos et al. [19] used Bayesian Model Averaging (BMA) to average across
dynamic predictions from the competing models. Motivated by the work of Rizopoulos et al. [19], we aim to investigate
whether different association structures predict better the longitudinal CD4 count and survival processes for different indi-
viduals at different times in their follow-up, for a cohort of people living with HIV who are on anti-retroviral treatment. We
derive individual-level predictions of both CD4 count progression and HIV survival, based on a collection of possible models
simultaneously, and consider whether combining them using Bayesian model averaging is valuable for this cohort or not.

Methods
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 modeling the longitudinal CD4 count representing HIV disease pro-
gression and time-to-death processes. While the cohort comprised a total of 854 patients who first received ART between
2009 and 2014, the specific 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. 96 subjects (38%) had only a single CD4 count: given this
large proportion of a small sample size, these patients were retained in the analysis population, to maintain power. These
patients were followed up for a maximum of 48 months, with visit times at which CD4 counts were recorded occurring ap-
proximately every 6 months starting from the first time each of these patients received ART. A histogram of observed CD4
counts in Fig. C1 (Appendix C) shows the data fail to fulfil a normality assumption: logarithmic and square root transforma-
tions were considered to achieve normality, but the square-root-transformed CD4 counts appeared more Gaussian than the
log-transformed counts (Figs. C2 and C3, Appendix C). In what follows, we therefore use the square root transformation.
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Fig. 1. Individual and mean profiles of observed CD4 count data over time.

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/mm?3 of blood. Of the study population, 13% had died,
16% had transferred their care to another facility, 22% were lost to follow-up and 49% were still under active follow-up, by
the end of the study. The World Health Organization (WHO)'s clinical stage of disease [20], the functional status of patients
(ambulatory, bedridden or working), age, sex, weight, alcohol use, smoking, drug use and marital status were the covariates
available for analysis. The covariate weight is time-dependent and other remaining covariates are fixed at baseline values.
The alcohol, smoking and drug use covariates are binary variables for use or not. Further details about the data are found
in Temesgen et al. [16].

Statistical analysis

Since HIV survival is known to be dependent on disease progression, such as measured by CD4 count [7,14,16], 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 dy-
namically 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 consid-
ered 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 characterization of the as-
sociation 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 [6,21]. Briefly, a mixed effects model is proposed for the longitudinal
biomarker observations, of a general form y;(t) = m;(t) + €;(t) where the mean m; (t) is the (linear) predictor comprising
both fixed and random effects, and ¢; (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 m; (t) of the longitudinal process. Dif-
ferent forms of the regression on m;(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 m; (t), for
example. Given the random effects in m; (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 [15,19,22].
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 fitted 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 [19,23].
The Bayesian approach to joint modelling [24,25] was implemented using the JMbayes package in R version 1.2.5033 that
implements both the joint models and the Bayesian model averaging. Full details on the formulation of these joint models
and dynamic prediction can be found in Appendix A, but are briefly summarized below.

In a preliminary step, covariate selection for the sub-model for the longitudinal square-root CD4 process was carried out,
fitting linear mixed models in a frequentist framework and using likelihood ratio tests, Bayesian Information Criterion (BIC)
and Akaike’s Information Criterion (AIC) to choose between models (results not shown). The chosen sub-model included a
flexible specification of the subject-specific square-root CD4 trajectories, using natural cubic splines of time to capture the
non-linear trajectories (Figs. 1; 2). In addition to the spline of time, significant covariates retained in the linear mixed model
were the functional status of patients (ambulatory, bedridden or working) and alcohol consumption, with an interaction
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Fig. 2. Individual and mean profiles of square root CD4 counts over time categorized by status.

between functional status and the spline of time:

Yi(t) = m;(t) +&;(t)
= ,60 + ﬂ]FNS, —+ ﬁzAlCOhOli + ﬁ3VTl * FNS,+
+ BaB1 (1) + BsBa(t)+
+ bio + biB1 (t) + biBa (1) + &;(t)

where y;(t) is the square-root CD4 count for individual i at time t, B,(t) for n = 1, 2 denotes the B-spline basis for a
natural cubic spline with 2 degrees of freedom; FNS and Alcohol denote the variables functional status and alcohol intake
respectively; and the term VT*FNS denotes the interaction between the 2df spline of patient visit times and functional status.
The B’s are fixed effects whereas the b’s are random effects. For the survival process, after an initial covariate selection
step which resulted in functional status, alcohol intake, marital status and weight as significant covariates for survival, we
consider three relative risk models, each positing a different association structure between the two processes, namely:

M (t) : hq(t) = ho(t) exp{y1FN5,- + ]/zAlCOhOli + ysMS; + yawt; + o m,‘(t)},

M, (t) : hy(t) = ho(t) exp{y1FNS; + y»Alcohol; + y3MS; + yawt; + oym;(t) + ami(t)}
with m';(t) = d{x] (t)B + ZI (t)b;}/dt

Ms(t) : h3(t) = ho(t) exp{y1FNS; + y2Alcohol; + ysMS; + yawt; + a1 big + atabiy + a3z }

where MS and wt are the marital status and weight variables; the baseline hazard hq(t) is approximated with splines (see
Eq. (A3) of Appendix A), m;(t) is the current true value of the CD4 count trajectory, m/(t) is the slope of the trajectories at
time t (rate of change in CD4 count), y are regression parameters of the survival model and « are parameters describing
the strength of the association between the CD4 count and survival processes.

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 Y;(t) = {y;(s): 0 <s <t} and a vector of baseline covariates w; is required. For any
time u>t, the focus of interest is in predicting both the conditional probability 7;(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 w;(u|t) of the square-root CD4
count y;(u) that is based on the information available up to time ¢, can be updated at time t’, to produce a new prediction
wj(u|t’) that uses the additional longitudinal information up to the latter time point t'. Under the Bayesian joint modelling
framework, both predictions 7; (ut) and w;(u|t) are based on the posterior predictive distribution, as given in Appendix A.

Standard model selection techniques for choosing between the three association structures may prefer different models,
depending which model selection criteria is used [26,27], particularly in contexts where different association structures may
produce better predictions for different individuals at different time points. BMA [19,22] 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 Rizopoulos et al., instead of averaging estimates over the association structures, the predictions 7;(ult) and
wj(u|t) are averaged over the different association structures. In some contexts, this BMA approach can produce less risky
predictions via a straightforward model choice criteria [28] .

Results
Descriptive summaries

Figs. 1 and 2 show that some individual longitudinal CD4 count trajectories had strong nonlinear patterns, motivating
the flexible structure of the joint models proposed in Section 2
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A total of 254 subjects (of which 54% male and 46% female) were observed in the dataset with a median age of 30
years (interquartile range, IQR, 26-38). The individual follow-up times ranged from O to 48 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 first quartile of 7.8, a median of 11.4 and a third quartile of 15.7.

Table B1 (Appendix B) summarizes the demographics of the study population. Based on the functional status of subjects,
368/792(46%) were able to work, 376/792(47%) were ambulatory, and 48/792(6%) were bedridden. Around 277/792(35%)
drink alcohol, while 515/792(65%) had no history of alcohol consumption. 341/792(43%) of individuals were married, while
53/792(7%) were divorced.

Parameter estimates from the three joint models

Table 1 shows posterior mean estimates and their corresponding 95% credible intervals for the parameters in the longi-
tudinal 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
not significantly associated with the current underlying CD4 count at the same time point, whereas the rate of change in
CD4 count over time is significantly associated with HIV survival (Models 2 and 3). The parameter estimates in the relative
risk models and in the linear mixed models show slight variability between the posited association structures. Model 3, hav-
ing an association structure which assumes only the random effects are shared between the two processes, has the lowest
Deviance Information Criterion (DIC) where a lower DIC implies a better fitting model relative to models with higher DIC.
In contrast, in the Bayesian model-averaged predictions, model 1, where the subject-specific linear predictor from the mixed
model (current value of CD4 count) is included as a time-varying covariate in the relative risk model is the only model with
almost all non-zero posterior weights for all time points for each individual (Table B2, Appendix B). The following table
(Table 2) shows the 12 patients who have non-zero posterior weights for Model 2 and Model 3 at some time points. Given
the preference of the model averaging approach for Model 1 in predicting CD4 counts and HIV survival, for the majority of
patients, we interpret here only the parameter estimates for Model 1.

Convergence of the Markov chain Monte Carlo algorithm for this selected Model 1 is demonstrated in Appendix C
(Fig. C4). The Model 1 regression coefficient estimates for the CD4 count process suggest that subjects whose functional
status was working were associated with a higher CD4 count (8 =1.84; 95% Crl: 0.10, 3.51) whereas those whose func-
tional status was bedridden were associated with lower CD4 count (8 =-3.09; 95% CI: —5.07, —1.05), compared with the
baseline ambulatory functional status group. The cubic spline of visit times had positive effects on the square-root CD4
measurements, indicating increasing CD4 counts with time, and interacted significantly with functional status. Functional
status, alcohol consumption and weight also had substantial effects on the hazard of HIV mortality: hazard ratio 0.47 for
patients able to work and 2.11 for patients who are bedridden compared to those with ambulatory functional status; 1.64
times higher for patients who consume alcohol compared to the non-alcohol drinking group; and hazard ratio 0.98 for each
unit increase in weight. A unit increment in the patient-specific current square-root CD4 count decreases the hazard of HIV
mortality 0.98 times (8 = —0.02; 95% Crl: —0.07, 0.03). The posterior probability which is close to zero for the association
between current CD4 count and mortality may be due to the inclusion of functional status in both the CD4 count process
model and the survival model: perhaps this covariate, since it is associated with CD4 count and has interaction with time,
already adequately accounts for the time-varying association of health with mortality

Model-averaged predictions

Table 2 shows model-averaged predictions for twelve individuals, who have non-zero posterior weights for Model 2 and
Model 3 at some time points. The table also shows the time-dependent subject-specific 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 1 (which considers
the current estimated value of the CD4 count trajectory) has non-zero posterior weight at almost all time points. Figs. 3 and
4 display these averaged predictions for one example patient (id 2127), who has non-zero posterior weights for model 1.
This patient’s observed and expected CD4 counts increase over the study period.

The vertical dotted lines in both Figs. 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 predicted survival
(Fig. 3) and predicted longitudinal trajectory of CD4 count for subject 2127. The dashed lines represent the corresponding
95% point wise posterior predictive intervals. The dynamic survival probabilities and dynamic predictions of CD4 counts for
patients 2769 and 3790, who have non-zero posterior weights for model 3 and model 2 respectively, are given in Appendix
C (Fig. C5-C8).

Discussion
We have fitted three joint models incorporating different association structures that relate HIV survival to the longitudi-
nal trajectories of patient CD4 counts; then used Bayesian model averaging techniques to base dynamic predictions on the

best model for each individual and time point respectively. The model averaging allows for a precision medicine approach to
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Table 1

Parameter estimates (posterior mean), 95% credible intervals (Crl, in brackets), two-sided posterior probability (tail area) that the parameter is more extreme than 0 (i.e. p = 2 x min{Pr(6 > 0), Pr(6 < 0)} for
each parameter 6, in square brackets) and model comparison results (Deviance Information Criterion, DIC) from the three joint models fitted to the HIV data.

Parameter M (t) M, (t) Ms(t)
Survival Functional status: bedridden 0.75 (0.19, 1.28)[0.010] 0.89 (0.26, 1.43)[0.009] 1.09 (0.39, 1.98)[<0.001]
process Functional status: working —0.76 (-1.17, —0.33)[<0.001] —0.65 (—1.09, —0.22)[0.001] —1.14 (—1.87, —0.53)[<0.001]
Alcohol intake: yes 0.49 (0.11, 0.87)[0.007] 0.49 (0.10, 0.89)[0.011] 0.70 (0.22, 1.22)[<0.001]
Weight —0.02 (-0.04, —0.00)[0.020] —0.02 (—0.04, —0.001)[0.029] —0.02 (-0.06, 0.001)[0.052]
Marital status: married —0.38 (—0.92, 0.23)[0.234] —0.46 (—1.07, 0.10)[0.117] —0.38 (—1.25, 0.49) [0.384]
Marital status: separated 0.22 (-0.48, 0.92)[0.553] 0.18 (-0.52, 0.86)[0.593] 0.22 (-0.75, 1.23)[0.634]
Marital status: single —-0.44 (-1.02, 0.18)[0.167] —0.50 (-1.09, 0.11)[0.101] —0.61 (-0.1.69, 0.35)[0.203]
Marital status: widowed —0.92 (-2.03, 0.05)[0.058] —0.86 (—1.85, 0.85)[0.073] —0.98 (—2.38, 0.35)[0.133]
Association parameter (mean of longitudinal process) o —0.02 (-0.07, 0.03)[0.452] —0.003 (-0.05, 0.05)[0.914]
Association parameter (slope of longitudinal process) a; 1.74 (0.22, 3.37)[0.025]
Association parameter (random effect for spline intercept) o 0.17 (0.12, 0.24)[<0.001]
Association parameter (random effect for spline basis 1 of visit time) «; 0.04 (—0.001, 0.09)[0.064]
Association parameter (random effect for spline basis 2 of visit time) a3 0.77 (0.32, 1.34)[<0.001]
Longitudinal Fixed Intercept 11.55 (10.71,12.39)[ <0.001] 11.57 (10.76, 12.38)[<0.001] 11.54 (10.71,12.43)[ <0.001]
process effects Visit time: spline basis 1 15.46 (13.72,17.17)[ <0.001] 15.93 (14.19, 17.62)[<0.001] 15.36 (13.66,17.16)[ <0.001]
Visit time: spline basis 2 1.69 (1.13, 2.29)[<0.001] 1.67 (1.13, 2.21)[<0.001] 1.76 (1.32, 2.28)[<0.001]
Functional status: bedridden —3.09 (-5.07, —1.05)[0.003] —3.18 (-5.02, —1.20)[0.001] —3.14 (-5.17, —1.15)[0.003]
Functional status: working 1.84 (0.10, 3.52)[0.035] 1.79 (0.19, 3.46)[0.031] 1.90 (0.29, 3.60)[0.016]
Alcohol intake: yes —0.61 (—1.49, 0.29) [0.177] —0.46 (—1.32, 0.43)[0.297] —0.64 (—1.52, 0.21)[0.143]
Visit time: spline basis 1* Functional status: bedridden -0.12 (—4.30, 4.19)[0.965] 0.005 (—3.94, 4.13)[0.997] 0.0003 (—4.13, 4.20)[0.983]
Visit time: spline basis 2* Functional status: bedridden 4.67 (3.34, 6.04)[<0.001] 4.71 (3.43, 6.04)[<0.001] 4.66 (3.49, 5.77)[<0.001]
Visit time: spline basis 1* Functional status: working —6.03 (—8.51, —3.51)[<0.001] —6.44 (—9.03, —3.90)[<0.001] —6.04 (—8.69, —3.47)[<0.001]
Visit time: spline basis 2* Functional status: working 0.99 (0.19, 1.79)[0.022] 1.01 (0.28, 1.76)[0.018] 0.94 (0.19, 1.60)[0.020]
Random Intercept 4.22 4.18 4.23
effects Visit time: spline basis 1 7.92 7.55 7.74
standard Visit time: spline basis 2 2.38 2.26 2.02
DIC deviation 9696.12 9675.095 9670.78

‘ID 30 SIUDSAl W'Y ‘ADjog "g'q ‘PAUUDYNI N

615102 (£202) 61 updLfy IYnuals
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Table 2
BMA posterior weights for patients with non-zero posterior weights for model 2 and model 3, with their
marginal density of the data given model My for each model.

Subject Months Square root of CD4 M1 M2 M3
996 0 22.1 1.00 0.00 0.00
6 24.2 1.00 0.00 0.00
12 24.2 1.00 0.00 0.00
18 23.2 0.00 1.00 0.00
0 3.7 1.00 0.00 1.00
2161 6 13.5 1.00 0.00 0.00
12 23.6 1.00 0.00 0.00
24 213 1.00 0.00 0.00
30 19.8 0.04 0.96 0.00
36 19 0.00 1.00 0.00
0 17.4 1.00 0.00 0.00
2204 6 20.1 1.00 0.00 0.00
12 24.8 0.99 0.00 0.00
18 26.6 1.00 0.00 0.00
24 23.7 0.00 1.00 0.00
0 16.8 1.00 0.00 0.00
2248 6 19 1.00 0.00 0.00
12 13.5 1.00 0.00 0.00
18 17.9 1.00 0.00 0.00
24 15.4 0.00 1.00 0.00
2769 0 26.9 1.00 0.00 0.00
6 32.1 0.99 0.00 0.00
12 28.1 0.00 0.00 1.00
18 29.5 1.00 0.00 0.00
24 27.9 0.01 0.00 0.99
2877 0 16 1.00 0.00 0.00
6 22 1.00 0.00 0.00
12 233 1.00 0.00 0.00
18 26.3 1.00 0.00 0.00
24 25 1.00 0.00 0.00
30 27.6 0.00 1.00 0.00
2937 0 10.7 1.00 0.00 0.00
6 229 1.00 0.00 0.00
12 16.1 1.00 0.00 0.00
18 18.4 1.00 0.00 0.00
24 28 0.00 1.00 0.00
3137 0 18 1.00 0.00 0.00
6 20.5 1.00 0.00 0.00
12 23.6 0.99 0.00 0.00
18 354 0.00 1.00 0.00
3236 0 22.7 1.00 0.00 0.00
6 14.8 0.99 0.00 0.00
12 19.1 0.99 0.00 0.00
18 23.9 1.00 0.00 0.00
24 21.7 0.00 1.00 0.00
3758 0 222 0.18 0.82 0.00
3790 0 21 1.00 0.00 0.00
6 17.5 1.00 0.00 0.00
12 20.9 1.00 0.00 0.00
18 18 1.00 0.00 0.00
24 17.3 1.00 0.00 0.00
30 15.7 1.00 0.00 0.00
36 19.9 1.00 0.00 0.00
42 17.5 0.08 0.92 0.00
3840 0 15.3 1.00 0.00 0.00
6 14.9 0.00 1.00 0.00
Marginal density —2828.23 —2839.41 2845.85
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Fig. 3. Observed (stars) and estimated (red line to left of vertical dotted line) CD4 count up till time of last observed CD4 count; and survival probability
predicted at time of last observed CD4 count for patient 2127.
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Fig. 4. Estimated CD4 count trajectory (left of vertical dotted line) and dynamic prediction of CD4 count made at time of last observed CD4 count (right
of vertical dotted line) for patient 2127.

individual prediction, by allowing for robustness to model misspecification. For most patients in our study, Model 1, which
considers the current estimated value of the CD4 count trajectory, was the only model with non-zero posterior weight at
most time points. But a notable proportion (12/254 = 0.047) of patients had visit times at which either Model 2 or Model
3 was preferred for predicting future CD4 counts and survival. Despite this preference for other models a different time
points, there is not much difference in prediction using individual models versus the averaging method in our data set. This
small magnitude of differences suggests robustness of the predictions to alternative association structures (Table B3 in the
Appendix) for this study.

The estimates of the association parameter in Model 1, together with the dynamic survival probability plots, showed that
a unit increase in the CD4 count decreases the hazard of HIV mortality, indicating that those with higher CD4 count survive
longer. The association parameter has close to zero posterior probability, however, suggesting that other covariates in the
survival model already adequately explained the variation in mortality. In particular, since the posterior probability for the
association of functional status with both CD4 count and survival is a value close to one, as well as the interaction with time
in the CD4 count sub-model, perhaps there is some collinearity between functional status and CD4 count which lead to the
lack of significant association with survival. 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. [22] state that differences in prediction performance
between different specifications of the association structure might be due to the dependence structure not being correctly
specified. Rizopoulos et al. [19] compared dynamic prediction results from five 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 parameterizations,
Barrett & Su [15] use a different approach, using a flexible non- or semi-parametric specification of the association structure,
rather than a parametric specification, 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 fitting all
the models we wish to average. Other approaches to individualized dynamic prediction include stacking and pseudo-BMA
[29] and land marking [30]. A number of other papers have also compared prediction models for dynamic prediction [31-
33]. This study is limited to a single university hospital; it will of interest to apply the method more widely to data from
different hospitals throughout the country.

The main aim of this study was to investigate how dynamic predictions from joint models incorporating different asso-
ciation structures can be combined using Bayesian model averaging, and whether BMA is useful for our particular cohort.
The result from this study showed that there is some variability between the three association parameterizations we used
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in terms of parameter estimates. Many studies use standard likelihood information criteria to decide on the selection of
appropriate joint model and make predictions. However, we found that in terms of model fit (balanced by a measure of
model complexity), model 3 was preferred; whereas in terms of dynamic prediction, the BMA approach showed model 1
was preferred for the majority of patients. For the subset of 12 patients for whom there was non-zero posterior probability
of either model 2 or 3 at different time points, we found that BMA gave almost the same dynamic predictions to those
obtained from a single model (Model 1) alone. Even if the averaged predictions are not that different from model-specific
predictions in general in this particular dataset, as also recognized in other applications [19], a single prognostic model may
not be adequate for all patients at all times, in which case BMA may provide a good solution to sensitivity of predictions to
model specification, accounting for model uncertainty. Investigation of different parameterizations and sensitivity of param-
eter estimates and predictions to model specification is essential to the provision of individual-level predictions of patient
progression and survival, i.e. to a precision medicine approach.
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Appendix A: Models and formulas
Joint Models for Longitudinal and Time to Event Data
Model Specification
We denote T*as a true event time for the ith subject, T; the observed event time, defined as the minimum of the potential

censoring time G and T*, and by §; = I(T;* < () the event indicator. A standard approach is the Cox model (Cox, 1972) [34],
postulating a relative risk model of the form

hi (E|M;(t), wy) = dlirrBPr{t < T < t+dt|T > t, M(t), wi}/dt = ho(t) exp {y"w; + am(t)}. t > 0, (A1)

t—
where M;(t) = {m;(s),0 < s < t} denotes the history of the true unobserved longitudinal processes up to time point t, hy(.)
denotes the baseline hazard or risk function, and w; is a vector of baseline covariates with a corresponding vector of re-
gression coefficients y. Similarly, parameter o quantifies the effect of the underlying longitudinal outcome on the risk of

9
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an event. To complete the specification of Eq. (1), we need to define the baseline risk functionhg(.). A standard option is to
use a risk function corresponding to a known parameter distribution. Under the piecewise-constant model, the baseline risk
function takes the form:

Q
hg(t) = qul(vq_l <t< Uq), (AZ)
q=1
where vy < V1 < ... < Vg denotes knots splitting the time scale, with vy being larger than the largest observed time, and
&q denotes the value of the hazard in the interval (vg_1.vq]. As the number of the knots increases the specification of the
baseline hazard becomes more flexible. The log baseline risk function log hq (t) is extended to B-spline basis functions for
cubic splines for the regression splines model as follows:

m
log ho(t) = ko + ) kgBa(t,q). (A3)
d=1

Where kT = (kg, kq, ..., km) are the spline coefficients, q denotes the degree of the B-splines basis functions B(.), and m =
1 + q — 1,with M denoting the number of interior knots. According to the piecewise-constant model, increasing the number
of knots increases the approximate hg(.) flexibility. However, in both approaches, we need to keep a balance between bias
and variance and avoid over fitting.

Laird and Ware, 1982 [35]; Harville, 1997 [36]; and Verbeke and Molenberghs, 2000 [37] used linear mixed models to
model the longitudinal process. In linear mixed models, the observed longitudinal data consist of the measurements:

yi(t) =X () B + ZT (t)b; + &;(t)
b; ~ N(0,C), &:(t) ~N(0, 02)

where y;(t) denotes the value of the longitudinal outcome at any particular time point t, x; (t) and z; (t) denote the time-
dependent design vectors for the fixed-effects 8 and for the random effects b;, respectively. C is the variance-covariance
matrix for the random effects and ¢;(t) is the corresponding error terms that are assumed independent of the random

effects with mean zero and variance o2.

(A4)

Estimation of joint models

The main estimation method proposed for joint models is (semi-parametric) maximum likelihood (Wolfsohn and Tsiatis,
1997 [38]; Henderson et al., 2000 [21]; Hsieh et al., 2006 [39]). Bayesian estimation of joint models using MCMC techniques
has been employed by Rizopoulos et al. (2014) [19] whereas Barrett and Su (2017) [15] used maximum penalized likelihood
approach that maximizes the likelihood function corresponding to the joint distribution of the longitudinal and time-to-
event outcomes. Under the Bayesian approach, estimation of the joint model’s parameters proceeds using Markov chain
Monte Carlo (MCMC) algorithms. The expression for the posterior distribution of the model parameters is derived under the
assumptions that given the random effects (b;), both the longitudinal and event time process are assumed independent, and
the longitudinal responses of each subject are assumed independent. This means that the random effects account both for
the association between the longitudinal and the event outcomes, and the correlation between the repeated measurements
in the longitudinal process. Formally, we have

p(;. T, 8ib;; 0) = p(T;, 8i|bi; 0) p(yilbi; 0), and (A5)
pilbi: 0) = [ ] plyi(ta) b 6} (A6)
I

where 6 = (6], GyT , HbT )T denotes the full parameter vector, with 0; denoting the parameters for the event time outcome, 6y,
the parameters for the longitudinal outcomes and 6, the unique parameters of the random effects covariance matrix, and y;
is the n;x1 vector of longitudinal responses of the it subject. And p(.) denotes an appropriate probability density function.
Under these assumptions the posterior distribution is analogous to:

p(@.b) o T[] pwulbs 0)p(T: 8ilbi, 0)p(bi10) p(6) (A7)

i=1 =1
where

pWilbi, 0) = exp{lyy¥u (b)) — c{¥y(b)}/a(@) — d(yy, )}

With ¥;;(b;) and ¢ denoting the natural and dispersion parameters in the exponential family, respectively, c(-), a(-), and
d(-) are known functions specifying the member of the exponential family, and for the survival part

TI.
p(T;. 8i|bi. 6) = hy(Ti|Hi(T) ) exp § / hy(s|Hi (s) ds)ds (A8)
0

10
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With h; (.) given by (1).The integral in the definition of survival function

Si(t/H;i(t) . wi(t)) = exp {— / ho(s) exp [y Twi(t) + f{Hi(s). a}]ds} (A9)
0

does not have a closed-form solution, and thus a numerical method must be employed for its evaluation. Standard options
are the Gauss-Kronrod and Gauss-Legendre quadrature rules. For the parameters 8 we take standard prior distributions. In
particular, for the vector of fixed effects of the longitudinal submodel S, for the regression parameters of the survival model
v, for the vector of spline coefficients for the baseline hazard yy, and for the association parameter « we use independent
univariate diffuse normal priors. The penalized version of the B-spline approximation to the baseline hazard can be fitted
by specifying for yj, the prior (Lang and Brezger 2004) [40]:

T
p(Violh) o 7 exp (77”1/,121@;10) (A10)

where 1, is the smoothing parameter that takes a Gamma(1, 0.005) hyper-prior in order to ensure a proper posterior for yy,
K=ATAr + 1071, where A, denotes the rh difference penalty matrix, and p(K) denotes the rank of K. For the covariance
matrix of the random effects we assume an inverse Wishart prior, and when fitting a joint model with a normally distributed
longitudinal outcome, we take an inverse-Gamma prior for the variance of the error terms o 2.

Model Selection Techniques

When interest is in comparing non-nested models, information criteria are typically used. The two most commonly used
information criteria are the Akaike’s Information Criteria (AIC; Akaike, 1974) [26] and the Bayesian Information Criteria (BIC;
Schwarz, 1978) [27] (Figs. C6, C7).

AIC = —2¢ (é) +2p (A1)

BIC — —2e(é) + plog(n) (A12)

where p denotes the number of parameters in the model and n denote the number of observations.

We focus here on dynamic BMA predictions of survival probabilities. BMA predictions for the longitudinal outcome can
be produced with similar methodology. Here we assume that we have available data D, = {T;, §;,y;;i =1, ..., n} based on
which we fit My, ..., Mgjoint models with different association structures. Interest is in calculating predictions for a new
subject j from the same population who has provided a set of longitudinal measurements Y;(t), and has a vector of baseline
covariates w; . We let D;(t) = {'l}* > t,Y;(t), w} denote the available data for this subject. The model-averaged probability
of subject j surviving time u > t, given survival up to t is given by the expression:

K
Pr(T; > u[Dj(t), D) = Y Pr(T; > u|Mj, Dj(t), Dn ) p(My|D;(t). Dy) (A13)
k=1

The first term in the right-hand side of Eq. (14) denotes the model-specific survival, while the second denotes the pos-
terior weights of each competing joint models. For calculating the model weights, we observe that these are written as
(Rizopoulos et al. 2014)[19]:

p(D;(t)|My ) p(Da My ) p(My)

p(D;j(t), IMy) p(Da|M;) p(M))

p(Mi|D;(t).Dy) =

(A14)

M=

1

where
p(D;©) M) = [ p(D;©)[A%) (Bl )

With 9~,£ = (9,{, bg)and p(Dn|M,) is defined analogously. The likelihood part p(Dy|6y) is based on (3), and
Similarly

p(D;(©)16) = p(Y;(®)|bj, 6)S; (¢ |bj. 6 ) p(b;16k ) (A15)

Thus, the subject-specific information in the model weights at time t comes from the available longitudinal measure-
ments p(Y;(t) but also from the fact that this subject has survived up till this time.

1
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Appendix B: Tables

Table B1
Demographic and clinical characteristics of the study subjects.
Variable Number (%)
Sex Male 429(54)
Female 363(46)
FNS Ambulatory 376 (47)
Bedridden 48 (6)
Working 368 (46)
Marital status Divorced 53 (7)
Married 341 (43)
Separated 82 (10)
Single 253 (32)
Widowed 63 (8)
Alcohol No 515 (65)
Yes 277 (35)
Survival Status Active 126(49)
Died 32(13)
Missed 56(22)
Transferred 40(16)

Table B2
BMA posterior weights for predictions at the final visit time with the three joint models for all subjects, averaged over their visit times, with their
marginal density of the data given model M, for each model in the final row.

ID M1 M2 M3 ID M1 M2 M3 ID M1 M2 M3

362 1.00 0.00 0.00 3066 1.00 0.00 0.00 3740 1.00 0.00 0.00
996 0.00 1.00 0.00 3094 1.00 0.00 0.00 3741 1.00 0.00 0.00
2116 1.00 0.00 0.00 3100 1.00 0.00 0.00 3748 1.00 0.00 0.00
2120 1.00 0.00 0.00 3102 1.00 0.00 0.00 3753 1.00 0.00 0.00
2127 1.00 0.00 0.00 3108 1.00 0.00 0.00 3758 0.18 0.82 0.00
2142 1.00 0.00 0.00 3117 1.00 0.00 0.00 3763 1.00 0.00 0.00
2146 1.00 0.00 0.00 3118 1.00 0.00 0.00 3764 1.00 0.00 0.00
2151 1.00 0.00 0.00 3122 1.00 0.00 0.00 3765 1.00 0.00 0.00
2161 0.00 1.00 0.00 3134 1.00 0.00 0.00 3766 1.00 0.00 0.00
2204 0.00 1.00 0.00 3137 0.00 1.00 0.00 3773 1.00 0.00 0.00
2211 1.00 0.00 0.00 3156 1.00 0.00 0.00 3774 1.00 0.00 0.00
2235 1.00 0.00 0.00 3192 1.00 0.00 0.00 3777 1.00 0.00 0.00
2236 0.97 0.03 0.00 3223 1.00 0.00 0.00 3780 1.00 0.00 0.00
2242 1.00 0.00 0.00 3236 0.00 1.00 0.00 3783 1.00 0.00 0.00
2248 0.00 1.00 0.00 3240 1.00 0.00 0.00 3790 0.08 0.92 0.00
2251 1.00 0.00 0.00 3265 1.00 0.00 0.00 3801 1.00 0.00 0.00
2252 1.00 0.00 0.00 3273 1.00 0.00 0.00 3803 1.00 0.00 0.00
2266 0.98 0.02 0.00 3275 1.00 0.00 0.00 3805 1.00 0.00 0.00
2267 1.00 0.00 0.00 3278 1.00 0.00 0.00 3806 1.00 0.00 0.00
2275 1.00 0.00 0.00 3282 1.00 0.00 0.00 3814 1.00 0.00 0.00
2279 1.00 0.00 0.00 3288 1.00 0.00 0.00 3815 1.00 0.00 0.00
2286 1.00 0.00 0.00 3291 1.00 0.00 0.00 3818 1.00 0.00 0.00
2316 0.97 0.03 0.00 3297 1.00 0.00 0.00 3819 1.00 0.00 0.00
2317 1.00 0.00 0.00 3298 1.00 0.00 0.00 3823 1.00 0.00 0.00
2338 1.00 0.00 0.00 3300 1.00 0.00 0.00 3833 1.00 0.00 0.00
2447 1.00 0.00 0.00 3302 1.00 0.00 0.00 3838 1.00 0.00 0.00
2467 1.00 0.00 0.00 3303 1.00 0.00 0.00 3840 0.00 1.00 0.00
2481 1.00 0.00 0.00 3318 1.00 0.00 0.00 3870 1.00 0.00 0.00
2546 1.00 0.00 0.00 3329 1.00 0.00 0.00 3871 1.00 0.00 0.00
2547 1.00 0.00 0.00 3349 1.00 0.00 0.00 3880 1.00 0.00 0.00
2549 1.00 0.00 0.00 3357 1.00 0.00 0.00 3884 1.00 0.00 0.00

(continued on next page)
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Table B2
(continued)

ID M1 M2 M3 ID M1 M2 M3 ID M1 M2 M3
2551 1.00 0.00 0.00 3379 1.00 0.00 0.00 3887 1.00 0.00 0.00
2554 1.00 0.00 0.00 3380 1.00 0.00 0.00 3889 1.00 0.00 0.00
2566 1.00 0.00 0.00 3382 1.00 0.00 0.00 3891 1.00 0.00 0.00
2573 1.00 0.00 0.00 3388 1.00 0.00 0.00 3892 1.00 0.00 0.00
2576 1.00 0.00 0.00 3399 1.00 0.00 0.00 3894 1.00 0.00 0.00
2589 1.00 0.00 0.00 3400 1.00 0.00 0.00 3895 1.00 0.00 0.00
2596 1.00 0.00 0.00 3401 1.00 0.00 0.00 3897 1.00 0.00 0.00
2611 1.00 0.00 0.00 3407 1.00 0.00 0.00 3898 1.00 0.00 0.00
2633 1.00 0.00 0.00 3410 1.00 0.00 0.00 3899 1.00 0.00 0.00
2676 1.00 0.00 0.00 3418 1.00 0.00 0.00 3903 1.00 0.00 0.00
2692 1.00 0.00 0.00 3424 1.00 0.00 0.00 3917 1.00 0.00 0.00
2715 1.00 0.00 0.00 3425 1.00 0.00 0.00 3928 1.00 0.00 0.00
2719 1.00 0.00 0.00 3438 1.00 0.00 0.00 3932 1.00 0.00 0.00
2727 1.00 0.00 0.00 3441 1.00 0.00 0.00 3939 1.00 0.00 0.00
2730 1.00 0.00 0.00 3454 1.00 0.00 0.00 3940 1.00 0.00 0.00
2759 1.00 0.00 0.00 3456 1.00 0.00 0.00 3948 1.00 0.00 0.00
2766 1.00 0.00 0.00 3462 1.00 0.00 0.00 3952 1.00 0.00 0.00
2769 0.02 0.00 0.98 3463 1.00 0.00 0.00 3959 1.00 0.00 0.00
2771 1.00 0.00 0.00 3464 1.00 0.00 0.00 3960 1.00 0.00 0.00
2772 1.00 0.00 0.00 3465 1.00 0.00 0.00 3971 1.00 0.00 0.00
2779 1.00 0.00 0.00 3467 1.00 0.00 0.00 4008 1.00 0.00 0.00
2794 1.00 0.00 0.00 3492 1.00 0.00 0.00 4011 1.00 0.00 0.00
2803 1.00 0.00 0.00 3493 1.00 0.00 0.00 4017 1.00 0.00 0.00
2804 1.00 0.00 0.00 3514 1.00 0.00 0.00 4027 1.00 0.00 0.00
2812 1.00 0.00 0.00 3522 1.00 0.00 0.00 4037 1.00 0.00 0.00
2864 1.00 0.00 0.00 3523 1.00 0.00 0.00 4038 1.00 0.00 0.00
2870 1.00 0.00 0.00 3526 1.00 0.00 0.00 4058 1.00 0.00 0.00
2874 1.00 0.00 0.00 3529 1.00 0.00 0.00 4082 1.00 0.00 0.00
2876 1.00 0.00 0.00 3530 1.00 0.00 0.00 4115 1.00 0.00 0.00
2877 0.00 1.00 0.00 3531 1.00 0.00 0.00 4118 1.00 0.00 0.00
2887 1.00 0.00 0.00 3544 1.00 0.00 0.00 4119 1.00 0.00 0.00
2892 1.00 0.00 0.00 3552 0.99 0.01 0.00 4128 1.00 0.00 0.00
2897 1.00 0.00 0.00 3562 1.00 0.00 0.00 4132 1.00 0.00 0.00
2898 1.00 0.00 0.00 3565 1.00 0.00 0.00 4136 1.00 0.00 0.00
2899 1.00 0.00 0.00 3566 1.00 0.00 0.00 4138 1.00 0.00 0.00
2901 1.00 0.00 0.00 3568 1.00 0.00 0.00 4164 1.00 0.00 0.00
2915 1.00 0.00 0.00 3573 1.00 0.00 0.00 4186 1.00 0.00 0.00
2917 1.00 0.00 0.00 3584 1.00 0.00 0.00 4190 1.00 0.00 0.00
2919 1.00 0.00 0.00 3585 1.00 0.00 0.00 4194 1.00 0.00 0.00
2934 1.00 0.00 0.00 3589 1.00 0.00 0.00 5000 1.00 0.00 0.00
2935 1.00 0.00 0.00 3602 1.00 0.00 0.00 5788 1.00 0.00 0.00
2936 1.00 0.00 0.00 3611 1.00 0.00 0.00 5828 1.00 0.00 0.00
2937 0.00 1.00 0.00 3613 1.00 0.00 0.00 5829 1.00 0.00 0.00
2938 1.00 0.00 0.00 3645 1.00 0.00 0.00 5841 1.00 0.00 0.00
2939 1.00 0.00 0.00 3659 1.00 0.00 0.00 5986 1.00 0.00 0.00
2942 1.00 0.00 0.00 3662 1.00 0.00 0.00 5995 1.00 0.00 0.00
2949 1.00 0.00 0.00 3665 1.00 0.00 0.00 6746 1.00 0.00 0.00
2962 1.00 0.00 0.00 3671 1.00 0.00 0.00 3711 1.00 0.00 0.00
2973 1.00 0.00 0.00 3680 1.00 0.00 0.00 3712 1.00 0.00 0.00
2985 1.00 0.00 0.00 3699 1.00 0.00 0.00 3714 1.00 0.00 0.00
3011 1.00 0.00 0.00 3709 1.00 0.00 0.00 3719 1.00 0.00 0.00
3042 1.00 0.00 0.00 3710 1.00 0.00 0.00 3721 0.18 0.82 0.00
3054 0.10 0.90 0.00 3724 1.00 0.00 0.00 3723 1.00 0.00 0.00
3065 1.00 0.00 0.00 3738 1.00 0.00 0.00

Marg. Dens.  —2828.2 —-2839.4 28458 Marg dens. —2828.2 —-28394 -2845.8 Marg. Dens. —2828.2 28394 28458
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Table B3
Subject-specific predictions for the survival and longitudinal outcomes at the final visit time and next three time points for the three joint models with
non-zero posterior weights for model 2 and model 3.

BMA BMA

Model 1 Model 2 Model 3 Long Model 1 Model 2 Model 3 Survival

Id Time long Pred Long Pred  Long Pred  pred Surv time Surv Pred Surv Pred Surv Pred predicti
996 18.00 24.03 24.04 24.07 24.04 18.00 1.00 1.00 1.00 1.00
19.29 24.11 24.13 24.15 24.13 19.02 0.99 0.99 0.99 0.99
20.57 24.17 24.21 24.22 24.21 20.66 0.99 0.98 0.99 0.98
21.86 24.21 24.27 24.27 24.27 22.30 0.98 0.98 0.98 0.98
2161 36.00 19.24 19.00 18.64 19 36.00 1.00 1.00 1.00 1.00
36.54 19.11 18.87 18.47 18.87 37.05 0.99 0.99 0.98 0.99
37.07 18.98 18.73 18.30 18.73 38.69 0.97 0.97 0.96 0.97
37.61 18.84 18.59 18.12 18.59 40.32 0.95 0.96 0.94 0.95
2204 24.00 25.29 25.27 25.29 25.27 24.00 1.00 1.00 1.00 1.00
25.04 25.28 25.26 25.27 25.26 25.58 0.98 0.98 0.98 0.98
26.07 25.24 25.23 25.22 25.23 27.22 0.96 0.97 0.96 0.96
27.11 25.18 25.18 25.14 25.18 28.86 0.94 0.95 0.94 0.94
2248 24.00 17.20 17.34 17.32 17.20 24.00 1.00 1.00 1.00 1.00
25.03 17.21 17.36 17.34 17.21 25.57 0.98 0.98 0.97 0.98
26.07 17.21 17.37 17.35 17.21 27.22 0.95 0.96 0.94 0.96
27.11 17.20 17.38 17.36 17.20 28.86 0.93 0.94 0.91 0.94
2769 24.00 29.23 29.40 29.34 29.23 24.00 1.00 1.00 1.00 1.00
25.03 29.16 29.36 29.29 29.16 25.57 0.99 0.99 0.98 0.99
26.07 29.07 29,30 29.21 29.07 27.21 0.97 0.98 0.97 0.97
27.11 28.97 29.22 29.13 28.97 28.85 0.96 0.96 0.95 0.96
2877 30.00 25.74 25.61 25.46 25.74 30.00 1.00 1.00 1.00 1.00
30.78 25.63 25.51 25.31 25.63 30.49 0.99 0.99 0.99 0.99
31.57 25.51 25.39 25.15 25.51 32.13 0.94 0.95 0.95 0.94
32.36 25.37 25.27 24.97 25.37 33.77 0.90 0.91 0.91 0.90
2937 24.00 22.87 22.79 22.77 22.87 24.00 1.00 1.00 1.00 1.00
25.03 22.89 22.81 22.77 22.89 25.57 0.98 0.99 0.98 0.99
26.07 22.89 22.81 22.74 22.89 27.21 0.97 0.97 0.97 0.97
27.11 22.86 22.79 22.70 22.86 28.85 0.96 0.96 0.95 0.96
3137 18.00 28.33 28.07 28.29 28.33 18.00 1.00 1.00 1.00 1.00
19.28 28.61 28.34 28.53 28.61 19.02 0.99 0.99 0.99 0.99
20.57 28.82 28.54 28.71 28.82 20.66 0.98 0.98 0.99 0.98
21.86 28.99 28.69 28.83 28.99 22.30 0.96 0.96 0.98 0.97
3236 24.00 21.29 21.34 21.28 21.29 24.00 1.00 1.00 1.00 1.00
25.04 21.33 21.38 21.31 21.33 25.58 0.99 0.99 0.99 0.99
26.07 21.35 21.42 21.34 21.35 27.21 0.98 0.98 0.98 0.98
27.11 21.37 21.44 21.36 21.37 28.85 0.98 0.98 0.97 0.98
3758 0.00 18.99 18.93 18.99 18.94 0.00 1.00 1.00 1.00 1.00
2.03 19.84 19.87 19.82 19.86 1.00 0.96 0.97 0.95 0.96
4.07 20.66 20.78 20.62 20.76 2.64 0.89 0.91 0.89 0.91
6.11 21.41 21.60 21.34 21.57 4.27 0.84 0.87 0.84 0.86
3790 42.00 18.63 18.83 19.12 18.63 42.00 1.00 1.00 1.00 1.00
42.28 18.63 18.84 19.14 18.63 43.60 0.99 0.99 0.99 0.99
42.57 18.64 18.85 19.16 18.64 45.24 0.99 0.98 0.98 0.99
42.86 18.65 18.86 19.18 18.65 46.88 0.98 0.98 0.98 0.98
3840 6.00 16.24 16.25 16.24 16.24 6.00 1.00 1.00 1.00 1.00
7.78 16.93 16.94 16.93 16.93 7.55 0.95 0.95 0.94 0.95
9.57 17.54 17.56 17.54 17.54 9.19 0.89 0.91 0.89 0.89
11.36 18.06 18.09 18.07 18.06 10.83 0.85 0.87 0.85 0.85
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Appendix C: Plots
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Fig. C1. Histogram of observed CD4 count data.
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Fig. C2. Histogram of logarithm of observed CD4 count data.
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Fig. C3. Histogram of square root of observed CD4 count data.
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Fig. C4. MCMC diagnostic plots.
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Fig. C5. Dynamic survival probabilities for patient 3790 from HIV data set during follow up.
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Fig. C6. Dynamic predictions of longitudinal responses for patient 3790 from HIV data set.
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Fig. C7. Dynamic survival probabilities for patient 2769 from HIV data set during follow up.
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Fig. C8. Dynamic predictions of longitudinal responses for patient 2769 from HIV data set.
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