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Obijectives/Introduction

The objective is to model longitudinal and sur-
vival data jointly taking into account the de-
pendence between the two responses in a real

HIV/AIDS dataset. Linking parameters are
time-dependent and specified using P-Splines,
which allows for a considerable flexibility. In
addition, standard deviation of the longitu-
dinal measure is hierarchically modelled and
considered as a covariate in the risk model.

We will connect the longitudinal and survival
responses using a shared parameter approach
inside a Bayesian framework.

For the longitudinal model it is usually as-
sumed that all the residuals have a common
variance. However, it is reasonable to sus-
pect that residual variances for ditferent sub-
jects might differ. An hierarchical modelis used
to fit these patterns of variation by modelling
the variance as a specified function of other
variables. This will allow us to handle the het-
eroscedasticity (non constant variance).
Another important aspect of this work is the
flexibility of the linking parameter(s). Tradi-
tionally they are considered time-independent.
Instead we consider here a time-dependent
specification allowing for a relationship vary-
ing in time between the longitudinal and sur-
vival models. In this context splines arise as a
natural approach, in particular Penalized Cubic
B-Splines, making the hazard model a regres-
sion model with time-varying coefficients.

We investigate the performance of the pro-

posed method and apply it to analyze a real
HIV /AIDS dataset.

Dataset

Data origin: Brazilian database on HIV;
Period (years): 2002-2006;
Sample sizes: n = 500 individuals

Response variables: 3 = VCD4" T lympho-
cyte counts and survival time (years since the
patient’s entry in the study until the event)
Explanatory variables: age (<50=0, >50=1);
gender (Female=0, Male=1); PrevOl (previ-
ous opportunistic infection at study entry=1,
no previous infection=0);

34 deaths. 88% of the patients were be-
tween 15 and 49 years old; 60% were males.
The CD4 counts initial median was 245
cells/mm?® (men - 226 cells/mm?; women -

263 cells/mm?).
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Consider the repeated measurements, y; = (y;1, - .-, Yin, ), and the observed (possibly right cen-
sored) time to event, 7;, for the ith individual, : =1,..., N. Longitudinal data is described by a
mixed effects dispersion model [1],

Yijlbi, 07 ~ N(mi(tij),07), j=1,...,n (1)
mgliag ) = XIL'/Bl + Wﬂ'blfu (2)
0, = 0 exp{ X9; B2 + Wy;bo; }, (3)

where xi;, X92;, Wj; and Wwy; are appropriate subject-specific design vectors of covari-
ates (possibly time-dependent); 3; and (B, are vectors of population regression parameters;
(b/;,by;) = b; ~ N,(0,%) are time-independent subject-specific random effects. To study the as-
sociation between the longitudinal and the survival processes we consider the inclusion of some
characteristics of the longitudinal trajectory into a Relative Risk model,

hi(t | xai, bi, 05) = ho(t) exp{ x3;83 + Ci{bi,0i;9(t)} 1, (4)

where x3; is a subject-specific design vector of baseline covariates. C;{.} is a function specifying
which components of the longitudinal process are related to h;(.). Finally, g(¢) is an appropriate
vector of smooth functions (approximated by Penalized cubic B-Spline functions with 19 internal
knots over the domain of ¢ [3]) representing the time-varying regression coefficients [2], which
measure the effect of some particular characteristics of the longitudinal outcome to the hazard.
Baseline hazard, hg(t), can have a parametric form (e.g. Weibull) or be specified using a P-Spline
or a piecewise constant function.

Reasoning behind the dispersion model

One of the common assumptions in longitudinal models is that the within-individual variances

are homogeneous, although this assumption is not always satisfied. The plot of individual +CD4
values against the standard deviation (Figure 1) suggests considerable within-subject variance het-
erogeneity. Large values of the mean are associated with high variability.
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In (3), o7 has a log-linear representation and is assumed to be an individual property allowing for
heterogeneity in the variance trends (increasing or decreasing) among the individuals. Modelling
it and identify covariates related to this discrepancies seems necessary. of acts as a “baseline”
variance. Xy; and wy; represent the variables influencing the within-subjects variance. In this way,

one can examine whether contextual variables are related to the within-individual variance.

Application/Results

m;(ti;) = [1 t;; sex age PrevOI|B1 + [1 t;,]b1:; X433 = [sex age PrevOl| 33

ho(t)
0‘,,;2 C; Weib PSpline Piecewise
08 eXp{bQi} g1 (t)bli, 1+g2 (t)bli,g +3g3 (t)bgz' 14700 12848 14483
o exp{[sex age PrevOI| 32 + ba; } 14671 12573 14317
o? g1(t)b1s,1+9g2(t)b1i 2+gs(t)o; 13134 12104&% 12921
of 13956 12887 13533
o exp{ba; } 14452 12917 13571
o exp{[sex age PrevOI]| B2 + ba; } 14307 12605 13365
s.a.a. g1 (t)bli,l + g2 (t)bli’g 16827 13553 14955
17209 13688 15468
15036 12544 14799
15009 13334 14663

Table: WAIC values for the 24 joint models.

The most common approach to link the longitudinal and survival models is to consider shared
random effects. Although, considering this particular dataset, the best fit is achieved when we
share the individual random effects and the individual standard deviation is considered a covari-
ate for the relative risks model (Model &). The results of this contribution need more studies to
support them, namely concerning the linking structure, but they seem to be encouraging. In many
HIV /AIDS studies, where investigators are interested in understanding the trends of the variabil-
ity, because heteroscedasticity may be related to the survival time, having an individual estimate of
the subject-residual variance can be a plus.
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