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SUMMARY

In studies of the natural history of HIV-1 infection, the time scale of primary interest is the time since
infection. Unfortunately, this time is very often unknown for HIV infection and using the follow-up time
instead of the time since infection is likely to provide biased results because of onset confounding. Labo-
ratory markers such as the CD4 T-cell count carry important information concerning disease progression
and can be used to predict the unknown date of infection. Previous work on this topic has made use
of only one CD4 measurement or based the imputation on incident patients only. However, because of
considerable intrinsic variability in CD4 levels and because incident cases are different from prevalent
cases, back calculation based on only one CD4 determination per person or on characteristics of the
incident sub-cohort may provide unreliable results. Therefore, we propose a methodology based on the
repeated individual CD4 T-cells marker measurements that use both incident and prevalent cases to impute
the unknown date of infection. Our approach uses joint modelling of the time since infection, the CD4
time path and the drop-out process. This methodology has been applied to estimate the CD4 slope and
impute the unknown date of infection in HIV patients from the Swiss HIV Cohort Study. A procedure
based on the comparison of different slope estimates is proposed to assess the goodness of fit of the
imputation. Results of simulation studies indicated that the imputation procedure worked well, despite the
intrinsic high volatility of the CD4 marker. Copyright © 2008 John Wiley & Sons, Ltd.
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1. INTRODUCTION

In studies of the natural history of HIV-1 infection, such as assessing the influence of genotype
on disease progression or the incubation period of HIV/AIDS, the time scale of primary interest
is the time since infection (Figure 1). Unfortunately, this time is very often unknown for HIV
infection because many individuals are already HIV-seropositive by the time they enter a research
study (prevalent cases), and only for a small proportion of the patients (incident cases) is the date
of infection known (these are patients seen by the clinician during primary infection or who have a
negative and positive test for HIV infection within a conveniently narrow time interval, usually less
than a year, in which case the date of infection is estimated as the mid-point). Within a few weeks
after infection has occurred, the CD4 level drops down (primary infection) and then goes up to a
maximum (during seroconversion, which occurs within a few months from infection), from where
generally a continuous decay takes place. We shall refer to this maximum as the ‘set point’ and to
its date of occurrence as the seroconversion date. We take a pragmatic approach in this paper, and
assimilate the date of infection and of seroconversion, since HIV disease usually progresses over
many years until the AIDS stage is reached (8—10 years). In most HIV cohort studies, the prevalent
sub-cohort is much larger than the incident sub-cohort. Using the follow-up time instead of the
time since infection is likely to provide biased results because of onset confounding [1-3]. Onset
confounding arises when two groups of patients that have different distributions of times since
infection are compared in analyses that use follow-up time. In the presence of onset confounding,
estimates of the CD4 T cell or HIV-1 RNA profiles over time are biased and therefore no reliable
inference is possible.

Two other important issues, at least, have to be dealt with when analysing data from an HIV
cohort study: differential length-biased sampling and frailty selection [4,5]. The former arises
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Figure 1. The date of infection is usually unknown for most of the patients in the Swiss HIV Cohort

Study (SHCS) and only the follow-up time is available. However, the time scale of primary interest is

usually the time since infection and working with the follow-up time instead is likely to provide biased
measures of the effect of factors associated with natural disease progression.
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because at the time the individuals are sampled for the prevalent cohort those persons with unusually
rapid CD4 decline may have already been selectively removed from the sample (i.e. left truncated),
either because they had already reached the disease stage at which AIDS is diagnosed or prematurely
died. Therefore, patients in the high risk group have shorter follow-up and are underrepresented
and relative risk estimates obtained from prevalent cohorts may be biased towards 1. The frailty
selection bias arises because individuals who develop symptoms or are diagnosed with AIDS
are at greater risk of loss to follow-up. For those patients who drop out early (i.e. before the
scheduled end of study), either because of death or because of disease progression, the number of
repeated observations available is associated with the rate of CD4 marker decline and censoring
is informative. As a consequence of depletion of frailer individuals, the exposed cohort appears
healthier than it really is, biasing the relative risk towards 1. Differential length-biased sampling
arises because of frailty selection before the cohort is sampled. It is, however, mitigated by
following the cohort over a longer time period, since disparities in the prior durations of infection
will have diminishing influence compared with the relatively long observed follow-up period. In
studies of the natural history of disease progression, introduction of antiretroviral treatment (ART)
induces early exit from study follow-up. This right-censoring process is likely to be informative
with respect to the response variable, whereas the left censoring due to staggered entry of patients
into the study is assumed to be non-informative and independent.

Depending on the main goal of the study, e.g. assessing the incubation time of AIDS [6-8],
estimating the distribution of HIV incidence over time [9-12] or studying disease marker
processes [13—17], different methodologies have been developed to deal with the above-mentioned
issues. In these studies, either cohorts of seroconverters are considered or the unknown date
of infection is treated as a nuisance parameter and the focus is not on estimating that date.
There are, however, many good reasons to focus on estimating the unknown date of infection.
Firstly, for the clinician in his daily practice, it is convenient to integrate into his judge-
ment of the disease progression an estimate of the duration of the HIV infection, so that
the long time trend and the speed of progression may be better evaluated. Indeed, the deci-
sion when to start ART may be based on a specific CD4 level, for example, 350 cells/pL
(http://www.medicinenet.com/script/main/art.asp?articlekey=16494); however, consideration of
the time since infection may also be of importance with patients showing a rapid progression
being switched to an ART earlier (personal communication). Secondly, the maximum CD4 level
(i.e. the so-called ‘set point’) reached during seroconversion may be of prognostic value and
contribute to better understanding of the disease pathogenesis, specifically in genetic studies where
genes and mutations may be involved in disease progression, such as CCR5-D32 (see Discussion).
However, the set point is usually not observed in a prevalent cohort and an estimate of the date
of seroconversion is required to back-project that CD4 level. Thirdly, endpoints based on the time
since seroconversion to a specific event of interest, such as reaching a CD4 level of 200cells/ mm?,
may be more relevant than considering the time from entry into the study [2]. Finally, having an
estimate of the date of infection allows data to be analysed on the appropriate time scale.

Laboratory markers such as the CD4 T cell count or HIV-1 RNA plasma level carry important
information concerning disease progression and can be used in a model of back calculation to
predict the unknown date of infection. Few papers have attempted to estimate the unknown date of
infection and they usually use only one determination or they use only incident cases to estimate
the parameters of the unknown density of infection times [18—21]. There is, however, considerable
intrinsic variability in CD4 levels and a back calculation based on only one CD4 determination per
person may result in unreliable estimates. In addition, imputation of the infection date based on
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the characteristics of the incident sub-cohort might be biased if incident cases are different from
prevalent cases [2, 22]. Therefore, our approach is based on the repeated individual CD4 T cells
marker measurements and uses both incident and prevalent cases to impute the unknown date of
infection.

At least two general methodologies have been proposed in the biostatistical literature to deal
with the selection issues. The most common one is the likelihood-based approach [23, 24], where
generally a full parametric specification of the joint distribution of the outcomes and the selection
mechanism is specified. A non-likelihood-based approach has also been used [25, 26], in which
selection is accounted for by appropriately weighting the data in the estimating equations. In the
second approach, inferences are usually at the population level, whereas the first approach seems
to be more amenable to subject-specific inferences by the use of random effects. Therefore, in this
paper we jointly model the time since infection, the evolution of CD4 over time and the drop-
out process using a shared random effects approach [27-31]. More specifically, the CD4 marker
process is specified in terms of variation from baseline (i.e. the first available measurement) using
linear mixed modelling, and both the unknown backward recurrence time and the time from the
first available CD4 measurement to the end of follow-up or drop-out are described by accelerated
failure time (AFT) frailty models. The link between the three models is induced by sharing
common random effects. Estimation is done by direct maximization of the likelihood function
using the Newton—Raphson algorithm and the integrals in the likelihood function are evaluated by
the adaptative Gauss—Hermite quadrature formula. We implemented the joint model using the SAS
Proc NLMIXED, which allows the implementation of user-defined likelihood functions conditional
on the random parameters (the SAS code is available upon request).

2. MODELS AND ESTIMATION

2.1. Modelling the backward recurrence time

The backward recurrence time is the time from the start of follow-up, when the first CD4 measure-
ment is available, to the moment the infection occurred. To estimate this time for each individual
from the prevalent cohort (and therefore the infection date), we considered the ‘back’ time from
each CD4 measurement to the date of infection. However, this is unobserved and, instead, only
the ‘back’ time to the upper and lower boundaries of the seroconversion window is measured
(Figure 2). Therefore, we considered modelling the elapsed time between each CD4 determination
and the unknown infection date as a problem of interval censoring. This model of back calcu-
lation uses both the information on disease progression provided by the CD4 marker repeated
measurements and the information provided by the last negative and first positive HIV tests.
Once the (individual) conditional density of infection time has been estimated for each CD4
determination, the date of infection can be estimated by mean or median conditional imputation,
though for further utilization and to account for the uncertainty a multiple imputation procedure
may also be envisaged. For practical purposes, when there are several CD4 determinations per
individual, the mean (or a weighted mean, see Discussion) or median of the individual’s estimated
times is used as the estimated time since infection. In addition, a 95 per cent prediction interval can
be calculated using the conditional quantile function (see Section 2.4). It is, however, unclear how
the multiple prediction intervals generated from each CD4 measurement should be combined, and
one possibility is to consider the lowest and highest boundaries provided by the different intervals,
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Figure 2. For each patient a seroconversion window was defined by the last documented negative and

first available positive HIV tests. If no documented negative test was available, then the lower bound

for the window was either January 1st 1980 if older than 14 years at that date or the date of the 14th

birthday. However, if the patient was infected by clotting factors, then the date of birth was used. The

upper bound was defined as the first available positive test date. If no such date was available, then either
the registration date into the cohort or the date of first CD4 measurement was used.

though this approach may be too conservative and the width of the interval dramatically increases
(see Discussion).

To determine the relationship between the CD4 count and the time since infection we identi-
fied incident patients or seroconverters. These patients are seen by the clinician during primary
HIV-1 infection or have a documented negative and positive HIV test within a conveniently narrow
seroconversion window (we considered a maximum length of one year, though this is only for
convenience and these patients could be handled as interval censored). The date of infection was
imputed using the mid-point of the interval. Figure 3 depicts the typical profile of CD4 counts
over the course of the disease.

Our formulation of the model of backward recurrence time was based on the observation that,
post seroconversion, the square root of CD4 evolves approximately linearly over time [14, 15],
though other transformations have sometimes been considered, such as logarithm, cube or fourth
root [13, 32]. Note that a simple scatter plot of the transformed CD4 versus time may be misleading
for assessing the shape of the relationship because frailty selection tends to make the curve less
steep with time, and a more formal approach is required (i.e. joint modelling). Under the assumption
that the set point (intercept) and the rate of CD4 depletion (slope) are bivariate normal, a linear
mixed model applies, i.e. (CD4;) = (By—+ fo;) + (1 + f1;)ti +é&i, with ¢ appropriately chosen and
&ij =N(0, ag). By inverting the relationship between CD4 level and time, a model of time elapsed
since infection and current CD4 level is obtained. Taking the logarithm of time and considering
a Taylor expansion of low order (e.g. one or two) leads to an AFT bivariate frailty model. The
Taylor expansion, however, results in complicated functions of the two random parameters, and
the inverse of the slope may be problematic if the patient is a long-term non-progressor with a
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Figure 3. Scatter plot of CD4 counts (left) along with a population-averaged curve (right) in incident

cases. Note that the first dramatic CD4 drop during primary infection is usually not observable. However,

it is followed by a sharp increase as a result of a powerful initial reaction of the immune system (during
seroconversion) and a maximal ‘set point’ is attained from where a monotonic decay takes place.

0 slope. Therefore, we considered a simpler (linear) formulation with the first frailty accounting
for the individual intercept and the second for the multiplicative slope factor.

Let T;; represent the ‘back’ time from the jth CD4 measurement from individual i to the date of
infection. Only for incident patients is 7;; observed and for prevalent cases it is interval censored
by the lower L;; and upper U;; boundaries of the seroconversion window. Therefore, for most
patients 7;; is only known to belong to the interval [L;;; U;;] and we shall use the indicator A;
taking value 1 if interval censored and O otherwise. It is assumed that censoring and infection times
are independent. Denoting the square root of CD4 as y;;, the model can be expressed (model 1) as

IOg(Tij)=(Vo+ﬁ0i)+(V1+V2(ﬁl+ﬁu)))’ij+0'i,wij, j=1,...n;, i=1,...,n (D

where [, ;1 =N(0,0, 0%0, o%l , 0'/;0[;1) represent the two frailties, with 0%;0, o-f]l NN being the

variance—covariance parameters, and 7, 71, V2, 02, and f3; the regression parameters to be estimated.
If the error term w;; is independently and identically N(O, 1) distributed, with w;; L[By; f1;1,
then a log-normal frailty model is obtained, and a Weibull model results if instead an exponential
distribution is postulated. Other models such as the generalized Gamma with three parameters
can be used, particularly to assess nested simpler two parameters distributions, such as the log-
normal or the Weibull distributions. The frailties take into account the correlation between repeated
measurements. Note that (yy+ ;) and (y;+7,(B;+ ;) represent simpler linear functions of
the unobserved CD4 intercept and the slope for individual i. In addition, f, does not appear here,
since the time of infection is unobserved. In this model, the ‘back’ time depends both on the CD4
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level and on the rate of depletion. Therefore, two individuals with the same CD4 value but with
different slopes will have differing backward time estimates.

2.2. Modelling the CD4 marker process

A popular model adopted for modelling the decline in CD4 (or transformed CD4) is the linear
mixed model, particularly when the focus is on individual profiles [32]. Keeping with the linearity
assumption of the relationship between the square root of CD4 and time, and as the date of
infection is usually unobserved, we considered a model (model 2) of differences [14]:

Ayij=(Pr+PFr)tij +eij—ein )

with Ay;;j=y;j —yi1, where y;| represents the baseline value of the square root of CD4 count,
tij= (ti’;. —1},) the time measured on the follow-up scale whereas ti’; is unobservable and represents

the time measured from the date of infection, (f8; + f;;) the slope for individual i, &;; =N(0, ag) the
independently and identically distributed (iid) error term and ¢;; the residual for period 1. Again,
we adopt the common assumption f3; §N(0,0'%1)J_8,- j» although this orthogonality assumption
would be questionable if on the chosen scale the linear model (in time) was not appropriate,
e.g. some important regressors were omitted from the regression model [33, 34]. Note that f;,
the random intercept, does not appear here but appears in (1) since a model of differences was
considered.

2.3. Modelling the drop-out process

The literature on modelling the drop-out process to account for informative right censoring (or
non-ignorable missingness) is very abundant and different methodologies have been proposed to
accommodate different study designs [27]. When there is staggered entry and visits do not take
place at preset fixed and equally spaced time intervals, a convenient approach is to use survival
analysis models to describe the time to early termination of follow-up [30, 31] and link this process
with the marker process by common random parameters. Let Tp; denote the time from the first
CD4 determination to the occurrence of an event that causes subject i to exit the study early, such
as the start of ART or death (though the case of right censoring due to death raises tricky issues
and, here, we mainly focused on the introduction of ART, see Discussion), and J; be the drop-out
indicator taking value 1 if exit was premature and O otherwise. The relevant observed length of
time in the study is given by Tp; =min(Tp;, Tg;), where Tg; denotes the scheduled follow-up
time. Note in our case that we allow the time scale to start at the first CD4 determination available
since the date of infection is unobserved and adjust for the baseline value. Missing appointments
are assumed to be non-informative. We model Tp; using the following AFT log-normal frailty
model (model 3):

log(TDi)=0‘0+OCIYi1+052ﬂ1i+‘7124’4i (3)

where y;1Lf,; represents the baseline square root of CD4 value, f3,; the frailty accounting for
the heterogeneity in the depletion rates of CD4 T cells between individuals, g, 1,0, and ai
parameters to be estimated and u; =N(0, 1)L 3, the iid error term. The drop-out process is linked
to the marker and the backward recurrence time processes through the commonly shared frailty f;;.
Clearly, the higher the depletion rate or the lower the baseline CD4 value, the more likely the
individual has dropped out by time ¢ and the shorter the follow-up time.

Copyright © 2008 John Wiley & Sons, Ltd. Statist. Med. 2008; 27:4835-4853
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2.4. Estimation procedures

2.4.1. Estimation of the fixed parameters. Consider the trivariate vector:

o\ ( %
Bi=[Boi Bii e’ =N O], | op,8 0%31
0 0 0 o’

&

Conditionally on f; =[fy; P; i1l the three processes and the observations are independent.
Therefore, a convenient formulation of the joint likelihood is

L0y, To,T)

=[[[Li(Olyi, Toi, T})]
i=1

=.H1 |:/()3 { l_,[ fAy(Ayz'jli?il,ﬁ,-l)} frp (T | B1)% (1 = Fryy (Tg, | B1)1 %

j=2

X { l_ill F1(Tij1Bos» Br)™ ISt (Lij | Bog B1i) — St (Ui Bog Bi1)1 } fﬁ(ﬁi)dﬁi:| “)
je

where f, F and S, respectively, denote the density, cumulative and survival functions and the
subscripted index denotes the random variable to which they refer. The vector 0 represents
the collection of fixed parameters in the linear predictors of the three processes and variance—
covariance components. Specifying, for example, the conditioning distribution as fg(f;)=
Se(e1) £, (B1i1Boi) fo, (Bo;) makes this formulation of the likelihood readily implementable in a
built-in routine for non-linear mixed models such as Proc NLMIXED from SAS. In contrast to
other estimation methods for non-linear mixed models based on linearized-pseudo models [35],
in Proc NLMIXED the maximum likelihood estimate 0 is obtained by maximizing (4), after
numerical integration over f; by adaptative Gauss—Hermite quadrature formula. The marginal
likelihood function can then be conveniently passed to a maximization algorithm such as the
Newton—Raphson gradient method.

2.4.2. Empirical Bayes estimation of the random effects. From the joint density of the data and
random effects f(y;, Toi, T;, ;|0) one can derive the posterior conditional distribution of f;:

f()’iaTOi, Tl!ﬁlle)

Bilyi, Toi, T;; 0) = (5
8(Pili- Toi. i L;0lyi, Toi, Ti)
where
fi,Toi, T;, B;10)
n; .
={ [T fay(Ayijleir. ﬁ“)} f1o (T, |B1)% 1 = Fry (TE, |f1)1'
j=2
n;
X { T[T fr(Tij | Boi. Bi)™ IS (Lij1Boi» Bri) — St (Uij | Boi. B ™ t f3(B) (6
j=1
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The empirical Bayes estimate ﬁ[ of f; is obtained by considering the mean of the posterior
distribution (5) as follows:

[e®)
ﬁi=/ Big(Bilyi, Toi, T;; 0)dp;
—0o0
where the maximum likelihood estimate @i has been substituted for 6.

2.4.3. Conditional imputation of the date of infection. An estimate T; ; of the ‘back’ time from
the jth CD4 measurement from individual i to the date of infection can be obtained by mean (or
median) conditional imputation using the lower L;; and upper U;; boundaries of the seroconversion
window as follows:

Tij=E(T;j|Lij<T; <Uyj)
With the model postulated in equation (1) we have
+a2/2) [@((log(U;;) — 02, — 1:)/60) —D((log(Lij) — o —13)/00)]
[D((og(Uij) — 1ij)/00) — P(og(Lij) — 1) /)]

where the linear predictor p;; =(yo+Po;)+(y1+72(B1+p1;))yij and @ denotes the standard
Normal cumulative function. Alternatively, the median estimate of the conditional distribution can
be used and is given by the quantile function

_ log(Lij)— log(Uij) — 1
Qp(Tij|Lij<Tij<Uip) =exp [awm 1 {p@ (4) +(1=p)® (%) } +u,-,}

[} w

E(Tij|Lij<T;j <Usj) = et

with p set to 0.5. A 95 per cent prediction interval can be calculated from each CD4 determination
using 2.5 and 97.5 per cent percentiles.

3. APPLICATION

3.1. Data selection

We applied our method to data from the Swiss HIV Cohort Study (SHCS) to estimate the unknown
date of infection in a prevalent sub-cohort. The Swiss HIV cohort has been described elsewhere
(http://www.shcs.ch/). In brief, the SHCS is an ongoing cohort with over 14 000 patients enrolled
to date, and follow-up scheduled twice annually, but with intermediate laboratory data up to every
3 months. In the SHCS, dual therapy became available in 1992. Patients registered before that year
had no access to effective ART and censoring of follow-up was mainly due to death or withdrawal.
Therefore, to focus on informative censoring due to the introduction of therapy we considered
patients registered after 1992.

All patients having two or more CD4 determinations before the initiation of an ARTSs including
two or more antiviral drugs were selected (n=4217). It was hypothesized that monotherapy with
either AZT or DDI did not influence the CD4 course over the long incubation period of AIDS
[2]. No reliable estimate of the date of infection can be obtained in patients having less than two
CD4 determinations, since two points at least are required for estimating an individual intercept
and slope. Patients infected at birth were excluded because their pattern of disease progression

Copyright © 2008 John Wiley & Sons, Ltd. Statist. Med. 2008; 27:4835-4853
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may not be similar to those infected as adults (n=138). This selection process may, at first, seem
likely to bias inferences. Recall, however, that the focus is not at the population level but rather
at the individual, and the density of infection time for the population is not of interest here, and
only for those individuals where it is possible will a date of infection be estimated.

One hundred and seventy nine patients were seen by their clinician during primary infection and,
therefore, their date of infection was known. For 108 patients the seroconversion window was less
than one year and their date of infection was imputed by mid-point. Consequently, there were 287
incident and 3930 (93 per cent) prevalent cases. Figure 3 shows that during primary infection the
CD4 level abruptly falls (this is usually unobserved) as a result of the HIV-1 virus killing the CD4
T cells, then rises again as a consequence of a powerful reaction of the immune system (during
seroconversion) and reaches a maximum set point from where a monotone decay takes place.
Only the part of the trajectory with CD4 measurements after the set point provides a one-to-one
correspondence between the CD4 count and the time since infection. Therefore, all CD4 counts
measured within four months after the infection occurred in incident cases were discarded.

3.2. Results

Results of the estimation of the individual slope (IS) and date of infection are presented separately
in two subsections, since estimation of the CD4 depletion rate requires only models 2 and 3,
whereas model 1 is particularly useful for estimating the unknown date of infection. Recall that the
speed of disease progression depends on both the CD4 slope and the set point, and both parameters
are clinically relevant. Focus on estimating the slope will be useful in illustrating the amount of
bias due to the selection mechanisms. In addition, a validation procedure of the imputed dates will
be developed and discussed later, based on various slope estimates.

The proportion of patients exiting the study early due to the initiation of therapy containing
two or more antiretroviral substances was 62 per cent (n =2627). The number of deaths within 6
and 12 months after the last CD4 was 296 (7 per cent) and 404 (9.6 per cent). Normally, these
patients should have started ART if their last CD4 counts was below 200cells/pL (82 per cent
in both situations). Nevertheless, for the reasons elaborated in the Discussion these patients were
non-informatively censored.

3.2.1. Estimation of CD4 slopes. In this subsection we present the results of the estimation of
different models for the CD4 slopes to assess the sensitivity of different modelling strategies, as
well as the biases due to onset confounding and informative censoring (Table I). In addition, the
analyses were repeated on a sub-sample of patients who had four or more CD4 determinations to
assess sensitivity to the number of individual measurements available.

The mean slope (MS) estimate, which is also the population average slope in a linear model,
together with the empirical distribution of the IS was estimated using six different models:

unweighted mean of individually fitted least squares linear regression estimates (UWLS);

a linear mixed effects model of CD4 count differences (model 2);

a linear mixed effects model with time measured since first CD4 (LME);

a joint linear mixed effects model of CD4 count differences and drop-outs (models 2&3);

a joint linear mixed effects model of CD4 count differences, drop-outs and backward recur-
rence time (models 1&2&3);

a joint linear mixed effects model of CD4 count and drop-outs, which uses the imputed dates
(calculated from (5)) to determine the time since infection (LMEED).
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The MS and IS estimates obtained using the different models differed substantially according to the
time scale used and whether accounting for ‘informative’ drop-outs (joint modelling). Modelling
the differences of CD4 counts allows estimation of the slope without requiring knowledge of
the date of infection. The impact of the use of an inappropriate time scale is illustrated by the
results obtained for model 2 and LME. However, when censoring is informative (with respect to
slope) these estimators are biased and models 2&3 or 1&2&3 are preferable. Model LMEED also
provides an unbiased estimate of the slopes. However, the standard error is underestimated because
the uncertainty in the imputed dates of infection is not accounted for. Table I illustrates well the
upward bias due to frailty selection. The amount of bias is particularly important in studies similar
to ours where the level of censoring is high.

The individual ordinary least squares estimates are, in principle, robust to the drop-out process
and the unweighted mean (UWLS) should provide a consistent estimate of the population MS.
However, as expected because of the very unbalanced data set, the individual estimates showed
considerable variability with very extreme values for patients with few determinations. The situation
improves when considering patients with four or more CD4 determinations, although at the cost
of a large reduction in sample size.

3.2.2. Estimation of the unknown date of infection. The mean width of the censoring interval
was 14.1 years (IQR 11.7-17.4) and the mean number of CD4 determinations per patient 6 (IQR
3-8) with a median value of the first available CD4 measurement of 370 cells (IQR 202-568).
Estimation of the final joint model (models 1&2&3) may be difficult and requires good starting
values to achieve convergence. Firstly, we estimated models 2 and 3 separately. Then, the joint
model 2&3 was estimated using as starting values the parameters obtained in the first step. Using
the empirical Bayes estimates of the slopes from model 2&3 as input, model 1 was in turn
estimated. Finally, the joint model 1&2&3 was estimated using as starting values the fixed and
covariance parameters obtained in the previous steps. Table II shows the estimated coefficients from
the joint model 1&2&3 with notations matching those of equations (1)—(3). The positive signs of
7, and op indicate that a steeper CD4 slope is associated with both shorter backward recurrence
time and earlier study exit. It is, unfortunately, not possible to infer the true relationship between f3;
and f§;; (i.e. from the structural equation between CD4 and time), since in model 1 we considered a
simpler linear formulation. Therefore, the very low covariance between f; and f;; does not imply
that there exists no relationship between the CD4 set point and the slope. Note the large standard
deviation of the residuals (on the CD4 square root scale), which illustrates the high volatility of
the CD4 marker.

Using mean and median conditional imputation, we obtained an estimate of the unknown date of
infection for each CD4 determination of every individual. The results were very similar using mean
or median conditional imputation (Figure 4). However, the spread of the different date estimates
within an individual was on average 1.7 years (median 1.4, IQ range 0.6-2.5, range [0; 8.3] years)
but varied up to 8 years. This result illustrates the instability of a backward calculation performed
using only one CD4 determination per patient. A single estimate of the unknown date of infection
for each patient was calculated by the mean as well as the median of the imputed dates, though a
weighted mean might have been considered as well (see Discussion). We found the mean age at
infection to be 30.5 years (IQR 23.5-35, min= 10, max=74) and the mean time since infection
at the first CD4 determination for prevalent cases to be 4.8 years (IQR 3.2-5.7). A 95 per cent
prediction interval was calculated for each CD4 determination (Figure 5). The mean width of
the intervals was 7.3 years (IQR 5.5-8.9), which represented a reduction in the uncertainty by
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Table II. Parameter estimates from the joint model of CD4 counts differences, drop-outs and
backward recurrence time (models 1&2&3).

Parameter™ Estimate Std. err. t-Value Pr> |t Lower' UppelrJr
b1 —2.286 0.048 —48.0 <0.0001 —-2.379 —2.192
oo —0.931 0.064 —14.4 <0.0001 —1.057 —0.804
o 0.087 0.003 26.6 <0.0001 0.081 0.093
o 0.600 0.019 31.1 <0.0001 0.562 0.637
Y0 —0.070 0.021 -3.3 0.0009 —0.111 —0.029
Y1 —0.015 0.002 —-8.7 <0.0001 —0.018 —0.012
Y2 0.011 0.001 15.5 <0.0001 0.010 0.013
o, 2.484 0.013 187.2 <0.001 2.458 2.510
0w 0.312 0.003 118.1 <0.0001 0.307 0.317
oy 1.091 0.032 33.8 <0.0001 1.028 1.154
ap 1.705 0.045 38.2 <0.0001 1.618 1.793
Opy 0.604 0.013 47.0 <0.0001 0.579 0.629
Opofy 0.083 0.045 1.8 0.067 —0.006 0.170

*The notation matches those of equations (1)—(3).
The 95 per cent boundaries were considered.
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Figure 4. Comparison of mean and median imputation of dates.

half when compared with the 14 years mean width of the seroconversion window. When this
distribution was limited to the first CD4 it was 6.1 years (IQR 4.5-7.7), whereas it was 9.5 (IQR
7.9-11.8) for the 15th CD4 determination, thereby illustrating that the more remote the CD4 the
less precise the information or the greater the variance of the estimated ‘back’ time. Considering
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Imputed infection dates with 95% prediction intervals
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Figure 5. Imputed date along with 95 per cent prediction interval, lower and upper boundaries of the
seroconversion window for a sample of 30 patients.

the interval provided by the lowest and highest boundaries the mean width was 7.8 (IQR 5.7-9.7),
approximately 2 years larger than at the first CD4. An asymptotic 95 per cent confidence interval
for the conditional mean parameter can be constructed using the multivariate delta method, since
the parameters were estimated by maximum likelihood.

Finally, we performed a cross-validation by (interval) censoring the date of primary-infection
in the subset of patients who were incident cases. Only for these patients is the date of infection
really known with a good precision. The lower boundary of the window was set by drawing a
random number from a uniform distribution on [0-2000] and [0-1000] for the upper boundary.
The CD4 comprised within this window were erased, and as a result the sample of pseudo-interval
censored cases having two or more CD4 determinations dropped to 110. The mean width of the
pseudo-seroconversion window was 3.5 years (IQR 2.2—4.7). The only incident cases considered
here were patients with a seroconversion window less than a year. Therefore, the estimations of
the parameters were not dramatically changed and the same starting values could be used as for
the original sample. We found the distance between the true and imputed date to be on average
less than a year (0.9, IQR 0.4-1.2) and the mean width of the prediction intervals was 2 years
(IQR 1.2-2.7). Considering the interval provided by the lowest and highest boundaries, the mean
width was 3 (IQR 1.9-3.8), thereby illustrating that this approach can be quite conservative and
provide very large prediction intervals. Only 72 per cent of the prediction intervals covered the
true date, whereas it was 93 per cent when the lowest and highest boundaries were used to define
the interval. We did not expect a good performance of the model in this simulation since incident
cases are well known to be different from prevalent, as they usually progress more rapidly to AIDS.
However, results of the simulation section were reassuring and showed very good performance
of the model and appropriate coverage of the prediction intervals. For this reason, we adopted

Copyright © 2008 John Wiley & Sons, Ltd. Statist. Med. 2008; 27:4835-4853
DOI: 10.1002/sim



A JOINT BACK CALCULATION MODEL 4849

a different methodology to assess the goodness of fit of our model, based on the comparison of
different slope estimates (see Discussion).

4. SIMULATIONS

We evaluated the performance of our models by simulating a sample of 500 patients. The random
intercepts and slopes were drawn from a bivariate Normal distribution with parameters ug =0,
I, =0, B, =3, op, = 1.2, OByB = —1.6 and the data were generated according to the model
VCD4;; =304 By;) +(=2.14B1;) *t;j +¢ij, & iid=N(0,6). The value of the parameters was
based on the coefficients obtained from the analysis of the incident cases. A follow-up of 20
years was generated with appointments quarterly. Staggered entry was introduced by drawing
the number of years since infection in a Normal distribution with mean 3.14-0.5:x*slope and
variance 1.75. Values below or equal to O defined incident cases (10 per cent) and a maximum
of 8 years was allowed. We subtracted six months from the time of first CD4 for each person to
obtain the upper boundary of the seroconversion window. The lower boundary was defined by
subtracting from the time of infection values drawn in a Gamma y ;) distribution. The mean
width of the window was 5.4 years (IQR 3.8-6.9) with a maximum of 13 years. We generated an
informative right-censoring mechanism by selecting a random threshold for the start of treatment,
for each individual, in a log-normal distribution, x =1logN(0, 1), according to the mechanism
25 —100xslope— 10xx. Patients with a steeper slope had a higher threshold. Values were limited
between 50 and 350. CD4 determinations were censored after the first value below the threshold.

First we considered the estimation of the CD4 slopes from a sample where 85.6 per cent of the
data had been informatively right-censored. The MS estimate, while not accounting for the right-
censoring, was —2.04, whereas it was —2.09 when the drop-out process was jointly estimated.
At the individual level, there was a correlation of 0.94 between the joint model estimates and
the true slopes. When the data were, in addition, (non-informatively) left-censored, but the true
time scale was used, the slope estimate was —1.94, whereas it was —2.22 when the drop-out
process was jointly estimated. The correlation dropped to 0.87 showing the loss of precision due
to left-censoring. This simulation illustrated that the impact of informative right-censoring was
dependent on the amount of left-censoring. In addition, the slightly over-estimated negative slope
might possibly have resulted from the loss of information.

We then used the follow-up time scale, instead of the true time measured since infection, to
simulate data from a prevalent cohort. Forty-nine patients were incident (~ 10 per cent) and the
mean width of the seroconversion window was 5.4 years with a minimum of 1.4 and a maximum
of 13.3 years. We compared the slopes and dates of infection estimated using model 1&2, while
not accounting for the informative drop-out process, and model 1&2&3, which accounted for the
drop-outs. In the former the MS estimate was —1.87 with a correlation of 0.86 with the true
slope, whereas it was —2.17 with a correlation of 0.87 for the latter. We calculated the distance
between the imputed and true date of infection (set to be January 1 for everyone). We found the
mean distance to be 0.06 years and the variance to be 0.80, with 95 per cent percentile values
{—1.42; 1.54} for the model 1&2 and mean equal to —0.12 years, variance 0.84, with 95 per cent
percentile values {—1.58; 1.35} for the model 1&2&3. In this example, the date estimates were
quite similar, despite different slope estimates. The coverage percentage of the prediction intervals
was very good with 95.4 per cent of true dates included in their interval.
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5. DISCUSSION

In this paper we have illustrated that because of the intrinsic variability of the CD4 T cell marker,
imputation of the unknown date of infection based on only one determination per patient may
provide unreliable results. Therefore, we have developed a more general procedure based on all the
individual CD4 measurements to obtain more robust and less biased estimates. Our methodology
was based on jointly modelling the CD4 marker process, the backward recurrence time and the
time to early termination of follow-up. The unknown date of infection was imputed for each CD4
determination of every patient by either mean or median conditional imputation, with results for
either being quite similar. For patients with several CD4 determinations, the final estimate of the
date of infection was calculated as the mean or median of the multiply imputed dates.

We have developed a procedure to estimate the individual CD4 slope and date of infection,
while accounting for the likely bias due to drop-outs. These estimates are very useful from a
clinical perspective, particularly concerning HIV disease progression. However, the set point of the
CD4 achieved during seroconversion may also be clinically relevant. For instance, we evaluated
a polymorphism on the gene CCR5-D32, well recognized to be associated with slower HIV-1
disease progression [36], using the incident cases. We found this polymorphism to be associated
with a higher set point and not the slope of the CD4 marker. To confirm this result in a much larger
prevalent cohort, an estimate of the individual set point is required. This is, unfortunately, not readily
computable from model 1&2&3 and the mean conditional imputation procedure. However, the joint
model LMEED allows one to compute empirical Bayes estimates of the IS and intercept. These
estimates are not consistent, since estimated dates of infection are used. However, when comparing
the mean set points between the two groups of CCR5-D32 genotypes, the bias is likely to be
negligible, particularly when the measurement error variance of the imputed dates is small relative
to the long follow-up periods. In a time to event setting, as well, the bias arising from using the
imputed dates may be small when follow-up is long. However, some multiple imputation procedure
may also be envisaged by drawing into the conditional distribution of backward time. When the
focus is on the slope, assessing CCR5-D32 does not require imputation of the infection dates,
models 2&3 or 1&2&3 can be used (with different slopes for the two groups), the latter in principle
providing slightly more precise estimators, since additional information on the seroconversion
window is used.

To empirically confirm that the imputation of the dates was not sensitive to the sample of patients
selected, we halved the sample of patients and estimated the joint model 1&2&3 separately on the
two sub-samples. The imputed dates were almost exactly the same as those obtained on the whole
sample with a correlation of 0.9997.

Our simulations illustrated that in the estimation of the IS, with informatively right-censored
data, the performance of the joint model that accounted for drop-outs was dependent on the amount
of left-censoring, whereas the estimation of the dates was less dependent. Apparently, the model
for drop-outs is most useful to correct for the estimate of the slope, but does not affect the estimate
of the date much. One possible explanation is that the first frailty term in model 1 corrects for
under estimated slopes. Probably, this correction works well as long as the ranking in the estimated
slopes remains whatever the setting. The interrelation between the different censoring mechanisms
(left, right, interval) and their impact on the performance of the joint model is a tricky issue,
and extensive validation and sensitivity analysis of this modelling strategy remain to be done
in future projects using a large database on incident cases and artificially censoring the date of
infection.

Copyright © 2008 John Wiley & Sons, Ltd. Statist. Med. 2008; 27:4835-4853
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Analysis of goodness of fit is difficult for joint models because many distributional assumptions
are made and estimates are affected by frailty distributions and censoring mechanisms. Therefore,
we assessed the goodness of fit of the imputed dates of infection by comparing the IS estimates
obtained using model 2&3, which do not require an estimate of the date of infection, with those
calculated using the joint linear mixed model with drop-outs along with the estimated time since
infection (LMEED). We found the two populations of slope estimates to be in good agreement with
a correlation of 0.74 (p<0.001) and 0.77 (p<0.001) when the analysis was limited to patients with
at least four CD4 determinations. We also compared the slope estimates obtained from model 2
with those from a simple linear mixed model with estimated time since infection and no adjustment
for drop-outs. Again, the two estimation procedures provided very similar results with correlation
coefficients of 0.86 (p<0.001), respectively, and 0.92 (p<0.001).

There are some important limitations to our methodology. We included the CD4 determinations
while treated with monotherapy because we believed that the long incubation period of AIDS
was not significantly affected by this therapy. This hypothesis should be checked by discarding
those CD4 measurements determined while receiving monotherapy. However, in the SHCS many
patients have their first CD4 measurement while already treated with monotherapy and therefore
omitting these patients would considerably reduce the sample size.

We focused mainly on the censoring of patients who discontinued follow-up because of the
introduction of ART and considered patients who died before the introduction of ART as non-
informatively censored. For this reason, we considered patients registered in the cohort since 1992.
Including patients registered before that date, however, complicates the situation because before
1992 no potent (dual) ART was available and follow-up was discontinued mainly due to death
or attrition. Accounting for possibly informative censoring due to death raises, however, some
difficult issues. First of all, this is a competing risks situation (e.g. early exit due to either death,
attrition or ART) and would require modelling the drop-out processes due to death and attrition,
as well. This can be done, in principle, by extending model 3 to include the competing causes of
early exit [37]. However, when the reason for early termination is death (because the CD4 value is
very low or 0) one can question the relevance of the whole procedure, since in this case adjusting
for informative censoring would be similar to allowing the CD4 count to be negative after death,
a counterfactual situation which would be impossible to justify. In reality, if the patient were still
alive, his CD4 value would probably oscillate just above 0 but at a undetectable level. In this
case his CD4 curve should present a levelling off with an horizontal asymptote. The question then
arises as to how long should his follow-up be accounted for? Since this is to our best knowledge
still an unresolved problem, we believe it to be probably more appropriate in our setting to simply
censor deaths.

We did not account for differential length sampling. However, the bias is likely to be small when
patients are followed-up for a long time as in this cohort. The modelling relies on rather strong
parametric assumptions, which are difficult to assess. We have principally used the log-normal
distribution for time and the bivariate normal density for the frailties. Other time distributions
can be investigated and different frailty distributions can be implemented using the probability
integral transformation. In addition, our model for CD4 marker process is rather simple and an
independent measurement error was adopted, though more sophisticated models have appeared
in the literature [15] using, for instance, an Ornstein Uhlenbeck process. However, given the
already great complexity of the joint model and relatively scarcity of available CD4 measurements
before ART is initiated, we adopted a pragmatic approach and selected a relatively simple and
computationally more tractable model.
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Finally, when a single date estimation is required, the multiple estimates for each individual
should be appropriately combined. A simple way is to compute the arithmetic mean. The disadvan-
tage of this method is that the increasing variance, and loss of precision due to increasing ‘back’
time at each new CD4, is not accounted for. A weighted mean could be devised using some time
origin, such as the lowest estimated date, to allow the weight to depend on ‘back’ time. However,
this time origin is not well defined and the CD4 level may momentarily rise simply because of
intrinsic fluctuations. One way to solve this issue could be to estimate the ‘true’ latent CD4 level
and use it instead of the observed values. Another related question is how to combine the multiple
prediction intervals. As the simulations have shown, considering the lowest and highest limits
of all the prediction intervals for an individual may be too conservative and provide very large
intervals. These issues should be addressed in further reports. When a patient presents with only
one CD4 measurement, the MS estimate can be used along with the last negative and first positive
HIV tests.

In conclusion, our aim was to develop a modelling strategy that used all of the individual repeated
marker values to impute the unknown date of infection, while accounting for informative censoring.
We proposed a method to assess the goodness of fit of our model based on the comparison of
two models to estimate the CD4 slopes, one based on our estimated dates of infection and the
other not relying on those estimates. Results were in very good agreement, suggesting that our
imputation procedure worked well. However, further work is required on sensitivity and goodness-
of-fit analyses, and validation on data from large seroconverter cohorts would be helpful.
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