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SUMMARY

In this article we study the relationship between virologic and immunologic responses in AIDS clinical
trials. Since plasma HIV RNA copies (viral load) and CD4+ cell counts are crucial virologic and
immunologic markers for HIV infection, it is important to study their relationship during HIV/AIDS
treatment. We propose a mixed-effects varying-coefficient model based on an exploratory analysis of data
from a clinical trial. Since both viral load and CD4+ cell counts are subject to measurement error, we
also consider the measurement error problem in covariates in our model. The regression spline method is
proposed for inference for parameters in the proposed model. The regression spline method transforms
the unknown nonparametric components into parametric functions. It is relatively simple to implement
using readily available software, and parameter inference can be developed from standard parametric
models. We apply the proposed models and methods to an AIDS clinical study. From this study, we find
an interesting relationship between viral load and CD4+ cell counts during antiviral treatments. Biological
interpretations and clinical implications are discussed.

Keywords: AIDS clinical trial; Conditionally parametric model; Error-in-variables; Functional linear model; HIV
dynamics; Longitudinal data; Measurement error; Regression splines; Time-varying coefficient model.

1. INTRODUCTION

Both virologic and immunologic surrogate markers such as plasma HIV RNA copies (viral load) and
CD4+ cell counts currently play important roles in evaluating antiviral therapies in AIDS clinical research.
Before HIV RNA assays were developed in the mid-1990s, CD4+ cell counts served as a primary surrogate
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marker in AIDS clinical trials. Later plasma HIV RNA level (viral load) was shown to be more predictive
of clinical outcomes (Saaget al., 1996; Mellorset al., 1995, 1996), and thus replaced CD4+ cell counts as
a new primary surrogate marker in most AIDS clinical trials. However, recently some investigators have
suggested that the combination of these two markers may be better and more appropriate for evaluating
HIV/AIDS treatments (Padierna-Olivoset al., 2000). This makes it important to study their relationship
during treatment.

It is well known that CD4+ cells are targets of HIV and decline to a lower level after HIV infection.
Thus, when antiviral therapies suppress viral load, CD4+ cell counts may recover to a higher level
(Ledermanet al., 1998). In general, it is believed that the virologic response (measured by viral load)
and immunologic response (measured by CD4+ cell counts) are negatively correlated during antiviral
treatments. However, we speculate that their relationship may not be a constant during the whole period
of treatment. In fact, the discordance between virologic and immunologic responses has been observed
from several recent clinical studies (Sabinet al., 2000; Mallolaset al., 2000; Wuet al., 2000).

Figure 1 presents simple linear regression plots of viral load (in log10 scale) versus CD4+ cell counts
at different treatment times from an AIDS clinical study conducted by the AIDS Clinical Trials Group
(ACTG 315). In this study, 48 evaluable HIV-1 infected patients were treated with potent antiviral therapy
consisting of ritonavir, 3TC and AZT (see Ledermanet al. (1998) and Wuet al. (1999) for more details
on this study). Both viral load and CD4+ cell counts were monitored simultaneously at treatment days 0,
2, 7, 10, 14, 28, 56, 84, 168, and 336. We also present the raw data of CD4+ cell counts and viral load
(as well as their mean curve estimates obtained from the proposed method in later sections) in the upper
panel of Figure 2.

From Figure 1, we see that the viral load and CD4+ cell counts are negatively and approximately
linearly related in most of the treatment times, but the regression coefficient is not a constant during the
treatment period. This feature of the data motivates us to consider a varying-coefficient model (Cleveland
et al., 1991; Hastie and Tibshirani, 1993). When we look at the relationship between viral load and CD4+
cell counts in individual patients (Section 4.2 and Figure 5), we find a nonlinear relationship with a
large between-patient variation. Thus, we propose a mixed-effects varying-coefficient model, instead of a
standard varying-coefficient model, to capture both population and individual relationships between viral
load and CD4+ cell counts during antiviral treatments.

The primary goal of this paper is to model the relationship between viral load and CD4+ cell counts in
HIV-infected individuals during potent antiviral treatments based on the data from ACTG 315 (Lederman
et al., 1998; Wu et al., 1999). Here we only focus on the data for the first 24 weeks of treatment,
since virological or immunologic responses during this period are popular endpoints for many AIDS
clinical trials. Our analysis based on the proposed models shows that there exists a strong association
(inversely related) between HIV viral load and CD4+ T cell counts at the beginning of antiviral treatment.
The strength of this association attenuates after initiation of potent antiviral treatment. The association
gradually recovers after 8 weeks of the treatment. Our models also allow us to evaluate the individual
association patterns among the study patients, which exhibits a large between-patient variation. These
results indicate that it is important to monitor and evaluate both virologic and immunologic markers
longitudinally in AIDS clinical studies due to the varying association between the two markers.

Hastie and Tibshirani (1993) proposed a general varying-coefficient model,η = β0+X1β1(R1)+· · ·+
Xpβp(Rp), whereη is a parameter of the distribution of response variableY, and theX are covariates.
An important special case of this model is when theR are the same variable such as time,

η = β0 + X1(t)β1(t) + · · · + Xp(t)βp(t). (1.1)

This is a time-varying coefficient model, which is also called a ‘dynamic generalized linear model’ by
Westet al. (1985). For a given timet , this model is a simple parametric linear model, although theβ(t)
are assumed to be nonparametric functions.
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Fig. 1. Linear regression of viral load (HIV RNA) versus CD4+ cell counts at different treatment times. The fitted
model at each time is a modelV = β0 + C D4β1 + e, where the estimates ofβ0, β1, and p-values for testingβ1 = 0
are given for each of the plots. The data below the limit of quantification are excluded in the plots.
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(b) Raw data and population 
 curve of viral RNA vs time
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(d) Residual plot of viral RNA vs time

Fig. 2. Upper panel: CD4+ cell counts and viral load data, solid lines are the fitted curves from the proposed methods.
Bottom panel: residual plots for CD4+ and RNA fit.

Recently, Hooveret al.(1998) and Wuet al.(1998) revisited this model for longitudinal data analysis.
The standard time-varying coefficient model with a single covariate (Hooveret al., 1998; Wuet al., 1998)
can be written as

yi j = β0(ti j ) + xi (ti j )β1(ti j ) + ei (ti j ), j = 1, . . . , mi , i = 1, . . . , n. (1.2)

Both a smoothing spline method and a local polynomial kernel regression method were proposed in
Hoover et al. (1998). Alternatively, Fan and Zhang (2000) proposed a two-step method for the same
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model. However, none of these methods efficiently considered the important features of longitudinal data
such as between-subject and within-subject variation and the special correlation structure of longitudinal
data. Lin and Carroll (2000), however, show that using standard kernel methods to incorporate correlations
is typically the wrong thing to do, as the methods inflate rather than deflate variability. Welshet al.(2002)
show that regression and smoothing splines do not suffer from this difficulty. In this paper we extend the
time-varying coefficient model to include the random effects so that the association between CD4+ cell
counts and viral load can be better quantified.

The remainder of the paper is organized as follows. In Section 2 we propose mixed-effects varying-
coefficient models for the problem. Since both viral load and CD4+ cell counts are prone to measurement
errors, we also consider measurement errors in covariates in our models. In Section 3 we consider
measurement error calibration and propose regression spline methods for inferences. We apply the
proposed methodologies to the HIV example that is the focus of this paper, and present the results in
Section 4. The conclusions and some discussions are given in Section 5.

2. MIXED-EFFECTS VARYING-COEFFICIENT MODELS WITH MEASUREMENT ERROR IN COVARIATES

For longitudinal data analysis, linear and nonlinear mixed-effects models have been proposed to
incorporate the between-subject and within-subject variations: see, for example, Davidian and Giltinan
(1995), Vonesh and Chinchilli (1996), and Pinheiro and Bates (2000). Since the relationship between
viral load and CD4+ cell counts may be different for different subjects, we may naturally extend the
standard varying-coefficient model (1.2) to a mixed-effects varying-coefficient model. Particularly for
the study we introduced, we consider the time-varying coefficientβ1(t), which is used to quantify the
association between the CD4+ cell counts (covariate) and the viral load (response variable), to have a
random component. That is,β1i (t) = β1(t) + γi (t), whereγi (t) is a realization of a zero mean stochastic
processγ (t). Then the proposed model can be written as

yi j = β0(ti j ) + xi (ti j )β1i (ti j ) + ei (ti j ), j = 1, . . . , mi , i = 1, . . . , n, (2.1)

whereyi j is the viral load measurements in our HIV/AIDS clinical study (response variable) andxi j =
xi (ti j ) is CD4+ cell counts for thei th subject at timeti j . The error termei (t) is a zero mean stochastic
process with covariance functionρe(s, t) = cov{ei (s), ei (t)}. Following the convention of mixed-effects
models, we further assume thatei (t) andγi (t) are independent, and{ei (t), γi (t)} and{ek(t), γk(t)} are
independent fori �= k. This model will be used to analyse the data from ACTG 315 study in Section 4.
Note that the proposed model is similar in spirit to those in Zeger and Diggle (1994) and Zhanget al.
(1998). However, a key difference is that these existing models did not consider the random time-varying
coefficient.

Let t i = (ti 1, . . . , timi )
T , yi = {yi (ti 1), . . . , yi (timi )}T , β0(t i ) = {β0(ti 1), . . . , β0(timi )}T , β1i (t i ) =

{β1i (ti 1), . . . , β1i (timi )}T , xi (t i ) = {xi (ti 1), . . . , xi (timi )}T , andei = ei (t i ) = {ei (ti 1), . . . , ei (timi )}T .
Then, the model (2.1) can be written in vector notation as

yi = β0(t i ) + xi (t i )∗β1i (t i ) + ei , i = 1, . . . , n, (2.2)

wherexi (t i )∗β1i (t i ) = {xi (ti 1)β1(ti 1), . . . , xi (timi )β1(timi )}T , andβ1i (t i ) = β1(t i )+γi (t i ). Our primary
interest is to estimate both population time-varying coefficientβ1(t) and individual coefficientsβ1i (t).
Notice that the proposed mixed-effects varying-coefficient model can also be regarded as an extension of
semiparametric models or partial linear models for longitudinal data (Zeger and Diggle, 1994; Zhanget
al., 1998).
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Although the time-varying interceptβ0(t) is not our primary interest and is not considered as random
in our study, the methodology that we will develop in the following is still applicable (with minor
modifications) when theβ0(t) also has a random component.

Since CD4+ cell counts are also measured with error, we need to consider measurement error in
covariates in the proposed model (2.1). That is, we have a measurement error model as follows:

wi (t) = xi (t) + ui (t), (2.3)

wherewi (t) is the observed CD4+ cell counts, andxi (t) is underlying true CD4+ cell counts for thei th
patient at treatment timet . The errorui (t) represents measurement error in CD4+ cell counts. We assume
thatui (t) is a mean zero process, and{xi (t), ui (t), γi (t), ei (t)} are mutually independent. Fuller (1987)
and Carrollet al. (1995) gave a good survey on measurement error models. Tostesonet al. (1997) and
Buonaccorsiet al. (2000) studied measurement errors in linear mixed-effects models (LMEs). Higgins
et al. (1997) proposed a two-step approach to deal with measurement errors in nonlinear mixed-effects
models. Wanget al. (1998) studied generalized linear mixed measurement error models.

Measurement error adjustment generally requires replications, validation data, or other information to
estimate the error structure, none of which we have. However, we have repeated measurements on CD4+
cell counts. The repeatedly measured data along timet are similar to replications if we can assume that the
measured variable is a smooth function oft . Shi et al. (1996) and Rice and Wu (2001) have modeled the
natural history (untreated HIV-infected patients) of the CD4+ cell process using a mixed-effects regression
spline model. We use a similar idea to model the CD4+ cell process as follows:

xi (t i ) =
p∑

k=0

ξkψk(t) +
q∑

k=0

ηikφk(t) = Ai (t i )α + Ri (t i )ζ i , (2.4)

where Ai (t i ) = {ψ0(t), ψ1(t), . . . , ψp(t)} and Ri (t i ) = {φ0(t), φ1(t), . . . , φq(t)} are basis functions
such as cubic B-spline basis,α = (ξ0, ξ1, . . . , ξp)

T is a fixed-effect parameter vector, andζ i =
(ηi 0, ηi 1, . . . , ηiq)T is a random effect vector with mean zero and covariance matrix�ζ (�ζ may be
unstructured or can be specified with a special structure). The selection of the number (p andq) and
locations of knots for regression splines can be based on the suggestions in Eubank (1999) and Ramsay
(1988). Rice and Wu (2001) suggest settingp = q andψk(t) = φk(t). Model (2.4) is a standard LME
model, which can be fitted using either Splus (LME) or SAS (PROC MIXED). The population curve
estimate of CD4+ cell counts from ACTG 315 is plotted in Figure 2(a).

3. ESTIMATION AND INFERENCE

3.1 Measurement error calibration

Higgins et al. (1997) have proposed a two-step approach to deal with measurement errors in time-
dependent covariates in nonlinear mixed-effects models. The first step is to estimate the covariate function
by fitting an appropriate model for covariate processes, and then fit the nonlinear mixed-effects model
by plugging-in the estimates of covariates in the second step. This is similar in spirit to the regression
calibration idea (Carrollet al., 1995). By applying a similar idea to our model for measurement error in
CD4+ cell counts, we may fit a model,

w i (t i ) = Ai (t i )α + Ri (t i )ζ i + ui (t i ), (3.1)

and obtain the estimates ofα, ζ i and�ζ , denoted bŷα, ζ̂ i and�̂ζ , where

α̂ =
{

n∑
i =1

Ai (t i )
T�−1

wi
Ai (t i )

}−1 {
n∑

i =1

Ai (t i )
T�−1

wi
w i (t i )

}
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and

ζ̂ i = �ζ Ri (t i )
T�−1

wi
{w i (t i ) − Ai (t i )α̂}.

Thus, we can get an estimator for CD4+ cell count trajectory for each individual,

x̂i (t i ) = Ai (t i )α̂ + Ri (t i )̂ζ i

= {I − Ri (t i )�ζ Ri (t i )
T�−1

wi
}Ai (t i )α̂ + Ri (t i )�ζ Ri (t i )

T�−1
wi

w i (t i ), (3.2)

which is the best linear unbiased predictor (BLUP). Then, similar to the method of Higginset al. (1997),
we may substitute the estimated covariates in the mixed-effects varying coefficient model (2.2) and
proceed by treating the estimated covariates as true covariates, i.e.

yi = β0(t i ) + x̂i (t i )∗β1i (t i ) + εi (t i ), (3.3)

whereyi is viral load measurements and̂xi (t i ) is smoothed CD4+ cell count trajectory for thei th subject.
The second method for dealing with the measurement errors in covariates is to use the conditional

distribution of yi |w i under Normal assumptions. Denote E{xi (t i )} = µx(t i ), cov{xi (t i )} = �xi , and
cov{ui (t i )} = �ui . By equations (2.2)–(3.1), we have,µy|β1i

= E(yi |β1i ) = β0(t i ) + β1i (t i )µx(t i ),
µw = E(w i ) = µx(t i ), �wi = cov(w i ) = �ui + Ri (t i )�ζ Ri (t i )

T , and�yw|β1i = cov{(yi , w i )|β1i } =
B1i �xi , where B1i = diag{β1i (ti 1), . . . , β1i (timi )}. We assume thatyi and w i follow a joint Normal
distribution, conditional onβ1i . Then the conditional mean ofyi |(w i , β1i ) is µy|w = µy|β1i

+
�yw|β1i �

−1
wi

(w i − µw) and the conditional covariance is�y|w = �y|β1i − �yw|β1i �
−1
wi

�T
yw|β1i

. Then
aconditional regression model, given{w i , β1i }, can be written as

yi = β0(t i ) + β1i (t i )∗µx(t i ) + (B1i �xi �
−1
wi

)∗(w i − µw) + error,

where error is an error vector with mean zero and covariance matrix�y|w. Also note that∗ indicates the
elementwise product of two vectors. Using�xi = Ri (t i )�ζ Ri (t i )

T and replacingα by α̂, this model can
be written as

yi = β0(t i ) + β1i (t i )∗{[I − Ri (t i )�ζ Ri (t i )
T�−1

wi
]Ai (t i )α̂

+ Ri (t i )�ζ Ri (t i )
T�−1

wi
w i (t i )} + εi . (3.4)

Then we can obtain the estimates of parametersβ0(t i ) andβ1i (t i ) using the methods proposed in the next
section. Interestingly, if we plug the estimate ofxi (t i ) from (3.2) into model (3.3), we exactly get model
(3.4). This means that the foregoing two measurement error methods, the two-step substitution approach
and the conditional distribution approach, are equivalent.

3.2 Regression spline estimation

Shi et al. (1996) and Rice and Wu (2001) have proposed regression spline methods to approximate
nonparametric mixed-effect curves. The regression spline methods transform a nonparametric curve into
a linear combination of basis functions so that model-fitting and inference can be based on standard
parametric methods operationally.

Following similar ideas as in Shiet al.(1996) and Rice and Wu (2001), we approximate nonparametric
functionsβ0(t), β1(t), andγi (t) by basis functions. For simplicity, we use the same basis functions for
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β0(t), β1(t), andγi (t), which can then be approximated as

β0,p(t) =
p∑

k=0

ξkθk(t) = �p(t)
Tξp,

β1,q(t) =
q∑

k=0

ηkφk(t) = �q(t)Tηq,

γi,r (t) =
r∑

k=0

bikψk(t) = 
r (t)
T bi .

Denoteξp = (ξ0, . . . , ξp)
T , ηq = (η0, . . . , ηq)T , andbi = (bi 0, . . . , bir )

T . Also note that for fixedp,
q andr , the truncated vectorbi = (bi 0, . . . , bir )

T is a random vector with mean 0 and covariance matrix
D, ρ(s, t) = cov{γi (s), γi (t)} = 
r (t)T D
r (t). Replacing{β0(t), β1i (t)} by {β0,p(t), β1,q(t) + γi,r (t)}
in model (2.2), we obtain an approximate model

yi (t i ) =
p∑

k=0

ξkθk(t i ) + xi (t i )∗
q∑

k=0

ηkφk(t i ) + xi (t i )∗
r∑

k=0

bikψk(t i ) + ei (t i ). (3.5)

For givenp, q andr , this is a standard LME model with fixed-effect
∑p

k=0 ξkθk(t i )+xi (t i )∗∑q
k=0 ηkφk(t i )

and random-effectxi (t i )∗∑r
k=0 bikψk(t i ), where∗ indicates the elementwise product of two vectors. Let

Xi = {θ0(t i ), . . . , θp(t i ); xi (t i )∗φ0(t i ), . . . , xi (t i )∗φq(t i )}, Zi = {xi (t i )∗ψ0(t i ), . . . , xi (t i )∗ψr (t i )},
α = (ξT

p, ηT
q )T = (ξ0, . . . , ξp, η0, . . . , ηq)T . Model (3.5) can be expressed as a standard LME model

for given p, q andr ,

yi = Xi α + Zi bi + ei (t i ), bi ∼ (0, D), ei ∼ (0, Ri ).

Thus, for givenD andRi , the closed forms for the estimates ofα andbi can be written as follows (Laird
and Ware, 1982; Davidian and Giltinan, 1995; Vonesh and Chinchilli, 1996):

α̂ =
(

n∑
i =1

XT
i �−1

i Xi

)−1 (
n∑

i =1

XT
i �−1

i yi

)
, b̂i = DZT

i �−1
i

(
yi − Xi α̂

)
,

where�i = Ri + Zi DZT
i . Consequently, the estimates ofβ0,p(t), β1,q(t) andγi,r (t) can be expressed

asβ̂0,p(t) = �p(t)T ξ̂p, β̂1,q(t) = �q(t)T η̂q, andγ̂i,r (t) = 
r (t)T b̂i . The covariance matrixD may be
specified as unstructured or with a special structure. The covariance matrixRi may also have a special
structure, but very often we simply setRi = σ 2Ini , whereσ 2 needs to be estimated. The unknown
parameters inD and Ri can be estimated using the maximum likelihood (ML) or restricted maximum
likelihood (RML) method (Davidian and Giltinan, 1995; Vonesh and Chinchilli, 1996). Also note that
ρ̂(s, t) = ĉov{γi (s), γi (t)} = 
r (t)T D̂
r (t).

The choice of basis functions is usually not as crucial as the determination of smoothing parametersp,
q andr . Weuse a natural cubic spline basis due to its optimality property and easy implementation using
existing software such as SPLUS (Green and Silverman, 1994). Ramsay (1988), Eubank (1999) and others
have proposed locating the knots at the quantiles of the data. To determine the smoothing parametersp, q
andr , model selection criteria such as AIC, BIC, and cross-validation methods may be used.

3.3 Large-sample inference

In general, the fixed-effect estimator̂α is consistent, and this is still true when the finite number of
unknown parameters in covariance matricesD andRi are substituted by their consistent estimators such
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as MLEs (Vonesh and Chinchilli, 1996). Under Normality assumptions, one can show that
√

n(α̂−α)
d→

N(0, �), whereα = (ξT
p, ηT

q )T and� = {limn→∞(n−1 ∑n
i =1 XT

i �−1
i Xi )}−1, provided the limit exists

(Vonesh and Chinchilli, 1996, Section 6.2.3). For givenp, q and basis functions, we thus have that
�p(t)T ξ̂p and�q(t)T η̂q are consistent estimators ofβ0,p(t) andβ1,q(t). Furthermore, under Normality
assumptions, we have

√
n{�p(t)

T ξ̂p − β0,p(t)} d→ N{0, �p(t)
T�ξ�p(t)},

√
n{�q(t)T η̂q − β1,q(t)} d→ N[0, �q(t)T�η�q(t)],

where�ξ and�η are corresponding block diagonal matrices of� with p + 1 andq + 1 dimensions
respectively.

If nonparametric functionsβ0(t) andβ1(t) are smooth enough and smoothing parametersp andq
are appropriately selected,β0,p(t) andβ1,q(t) will approximateβ0(t) andβ1(t) very well. That is, we
can ignore the basis function approximation error at least for many practical purposes. Thus, inferences
regardingβ0(t) andβ1(t) can be based onβ0,p(t) andβ1,q(t). Exact tests and confidence intervals for
β0,p(t) andβ1,q(t) are not available under the mixed-effects models unless the data are balanced and
complete (Vonesh and Chinchilli, 1996). Instead, inferences for mixed-effects models have to be based on
the aforementioned asymptotic results.

For example, we are interested in testing whether the association between viral load and CD4+ cell
responses is a function of treatment timet or a constant, that is, we want to test the hypothesis

H0 : β1(t) = Constant versusHa : β1(t) �= Constant.

Under the above regression spline approximation, the hypothesis ‘β1(t) =constant’ is approximately
equivalent to ‘β1,q(t) =constant’ or ‘ηk = 0 for k � 1’ in the LME model (3.5). Then, the standard Wald
chi-square test can be used to test this hypothesis (Davidian and Giltinan, 1995; Vonesh and Chinchilli,
1996):

T2
η = η̂T

q−1
�̂−1

ηq−1
η̂q−1

∼ approx. χ2
q−1,

whereηq−1
= (η1, . . . , ηq)T , andη̂q−1

and�̂ηq−1
are the estimators ofηq−1

and the covariance of̂ηq−1
.

Similarly, we can test whether the correlation exists at all, that is to testβ1(t) = 0 for all t , which is
approximately equivalent to testing ‘ηk = 0 for k � 0’. For large samples, the Wald test statisticT2

η is

approximated well by aχ2 distribution. The bootstrap method may be used if the sample size is not large
enough.

4. DATA ANALYSIS

In this section, we present the analysis results for ACTG 315 data. In this study, both viral load and
CD4+ cell counts were scheduled to be measured on dayst = 0, 2, 7, 10, 14, 28, 56, 84, 168 after initiation
of an antiviral therapy. We obtained 441 complete pairs of viral load and CD4+ cell count observations
from 48 evaluable patients. The number of data points on individual patients ranges from 3 to 9.

First we deal with measurement errors in the covariate, CD4+ cell counts. As suggested in Section 3.1,
we fit model (3.1) to the CD4+ cell count data using the natural cubic spline basis. Then the substitution
method (Section 3.1) is used to accommodate the covariate measurement errors in the mixed-effects
varying coefficient model. We fitted the viral load and CD4+ cell count data in the four scenarios: (i)
consideringβ1(t) as random and allowing measurement error in covariatexi (t); (ii) consideringβ1(t)
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as random, but no measurement error in covariatexi (t); (iii) consideringβ1(t) as fixed and allowing
measurement error in covariatexi (t); (iv) consideringβ1(t) as fixed, but no measurement error in covariate
xi (t). The smoothing parameters (the number of knots) are determined by the model selection criterion
BIC and the location of knots is selected at the quantiles of the data (Ramsay, 1988; Eubank, 1999).
We obtained thatp = q = r = 3. To stabilize the variance and computational algorithms, we used
log10 scale in viral load (this is commonly used in AIDS clinical trials), centered the covariate CD4+
cell counts, and took a log-transformation for timet in our model fitting. The viral load data below the
limit of quantification (100 copies per ml plasma) are imputed by the mid-value of the quantification limit
(50 copies per ml plasma). Since only 29 out of 441 (6.6%) measurements are below the limit of assay
detection, we do not expect a large effect of these left-censored data on the analysis results. We fitted the
model using the Splus LME function. The goodness-of-fit plots as outputs of the function show that the
model fits the data very well (also see Figure 2).

Also note that, as suggested by one of the referees, the square-root transformation of CD4 data may
be more appropriate for the assumptions of Normality and homogeneous variance. We also repeated our
analysis using the square-root of CD4 data. However, the results are quite similar to those using the
original CD4 data. This is probably because the departure from the Normality and homogeneous variance
assumption is not serious in the original CD4 data. Thus, for better interpretation, we only report the
results based on the original CD4 data.

4.1 Results for population estimates

We plot the estimates ofβ0(t) andβ1(t) in Figure 3. Both cases, with/without measurement error in the
covariate, are given. We can see that the estimates ofβ0(t) andβ1(t) from different methods have similar
shapes, although differences in the magnitude of the estimates from different methods can be seen clearly,
especially in the estimates ofβ1(t). The results show that the viral load and CD4+ T cell count responses
are inversely related. The association between the virologic and immunologic responses, measured by
β1(t), is stronger at the beginning of the treatment, but gradually dampens to become weakest at week 4.
However, after week 4, the association is recovered and finally becomes strongest at week 24.

Wecompared the estimation results between the cases with/without considering measurement error in
CD4+ cell counts. We found that the coefficient estimates attenuate toward zero when the measurement
error in the covariate is not considered. This is similar to the case in standard linear or nonlinear regression
models with measurement error (Carrollet al., 1995). Thus, the stronger relationship between viral load
and CD4+ cell counts can be established when the measurement error in CD4+ cell counts is calibrated by
asmoothing method as introduced in Section 3.1. When we compare the results (data not shown) between
the cases with/without considering the random component inβ1(t), interestingly we see that without
considering a random-effect inβ1(t), the estimates of coefficients also attenuate toward zero, which is
similar to the effect of measurement error in the covariate. Thus, by considering a random-effect inβ1(t),
we can efficiently establish a significant relationship between viral load and CD4+ cell counts. Note that
the wiggle at the boundary is exaggerated (Figure 3(d)) when the measurement error in the covariate is
calibrated. This is because the attenuating factor (reliability ratio) for the noisy covariate CD4+ cell counts
is very small and the variation is large at the boundary.

As also suggested by one of the referees, in order to confirm our conclusions we repeated the above
analysis after changing the role of viral load and CD4+ cell counts, i.e. taking CD4+ cell counts as the
response variable and viral load as the covariate, or fit a model

C D4i (t) = β∗
i (t) + RN Ai (t)β

∗
1i (t) + errori .
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Fig. 3. The estimates ofβ0(t) andβ1(t) from the cubic B-spline (CBS) method (solid curves). The estimation results
with (lower panels) and without (upper panels) considering measurement errors in the covariate are presented. The
dotted lines indicate±2 standard errors.

Thus, our results can be confirmed ifβ∗
1(t) is similar to 1/β1i (t) in the original model (or at least in a

similar pattern). We plot the estimates ofβ∗
1(t) and 1/β1i (t) in Figure 4. We can see that the two curves

are quite similar. This further confirms our results.

4.2 Results for individual estimates

One of the advantages of the proposed mixed-effects time-varying coefficient models is that parameter
estimates for both population and individuals can be obtained. However, the parameter estimates for
individuals may not exactly follow the patterns of the population if the between-subject variation is large.
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Fig. 4. The estimates ofβ∗
1(t) (dotted curve) and 1/β1i (t) (solid curve), which show similar patterns.

Figure 5 shows the individual estimates ofβ1(t) from four patients. For comparison, the corresponding
population estimate ofβ1(t) is also plotted. From Figure 5, we can see that not only the magnitude but
also the patterns are different between the population and individual estimates ofβ1(t). The individual
estimates for subjects 1 and 44 show similar patterns to the population estimate. However, subject 1 has a
positive correlation between viral load and CD4+ cell counts, while subject 44, similar to the population,
has a strong negative correlation. Interestingly we also observed the discordance in patterns between the
population estimate and individual estimates ofβ1(t). Two examples, subjects 10 and 24 are shown in
Figure 5. In the early stage, their estimates ofβ1(t) have a similar pattern to the population. However, the
estimated curves ofβ1(t) rebound rapidly later. Due to the large between-subject variation, the individual
estimates of parameters become very important for individualizing treatment management and care for
AIDS patients.

5. CONCLUSIONS AND DISCUSSION

In order to study the relationship between virologic and immunologic responses, repeatedly measured
by HIV RNA levels (viral load) and CD4+ cell counts respectively in AIDS clinical trials, we
proposed a mixed-effects varying-coefficient model. This model captured both population and individual
relationships between the two longitudinal variables. We found that, from a clinical study of ACTG 315
(Ledermanet al., 1998), the viral load and CD4+ cell counts are inversely related in the study population
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Fig. 5. The estimates ofβ1(t) from four selected subjects (dotted curves) and the corresponding population estimates
(solid curves). The CBS method is used, allowing for measurement errors in the covariate.

during the treatment. However, the strength of the association varies smoothly over time. It is very strong
at the beginning of the treatment, becomes weakest at about four weeks of treatment, and then gradually
recovers to become strongest at week 24. When we change the role of viral load and CD4+ cell counts
in the model, that is, treat CD4+ cell counts as the response variable and viral load as the covariate, we
obtain a similar association pattern which further confirms our results.

Although the negative correlation between viral load and CD4+ cell counts is expected since CD4+
cells are major targets of HIV infection, the strong–weak–strong pattern of this correlation during potent
antiviral treatments is interesting. One of the biological theories for the negative correlation is that HIV
infection may trap CD4+ cells in lymphoid tissue from releasing to blood (Pakkeret al., 1998). Therefore,
patients with high viral load (more viruses) may trap more CD4+ cells in lymphoid tissue which results
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in a low CD4+ cell counts in blood, or a negative correlation between viral load and CD4+ cell counts in
peripheral blood. After initiation of antiviral treatment, however, viral load is suppressed to a lower level
or even below the limit of quantification, so that the trapped CD4+ cells may redistribute from lymphoid
tissue to blood (Pakkeret al., 1998). Since the rapid redistribution of CD4+ cells from tissue to blood may
end at week 4 or week 8 of treatment, and at this time viral load may reach a very low level (Figure 1) or
below the detection limit, this may weaken the inverse association between the viral load and CD4+ cell
counts. However, after week 4, some patients’ viral load may rebound due to treatment failure (Figure 2),
and the rebounded HIV viruses may trap CD4+ cells in lymphoid tissue again and make the inverse
association come back. On the other hand, some patients’ viral loads continue to decline after week 4
while their CD4+ cell counts continue to increase. This may also produce a negative association between
the viral load and CD4+ cell counts in a later stage. From our findings, the association between viral load
and CD4+ cell counts is not constant during antiviral treatment, and their relation may be disconnected at
some time (at about week 4 for the study we considered). Thus, it is important to monitor both virologic
and immunologic markers, especially for evaluating short-term (such as week 4) responses of an antiviral
treatment, although one of the markers may be defined as a primary endpoint for long-term antiviral
responses.

Webelieve that the proposed statistical models and the model-fitting approaches are methodologically
valuable. The proposed mixed-effects varying-coefficient model allows us to establish a complicated
nonlinear relationship between the two longitudinal variables, not only for the whole population of a
study, but also for individual subjects. The proposed regression spline method is simple to implement, and
naturally incorporates the typical features of longitudinal data such as between-subject and within-subject
variations in the parameter estimates.

Besides the regression spline method considered above, other important nonparametric regression
approaches such as smoothing splines and local polynomial kernel regression have also been suggested
for varying-coefficient models (Hastie and Tibshirani, 1993; Hooveret al., 1998; Wuet al., 1998; Wu
and Zhang, 2002). These methods may also apply to our models, and they are worthy subjects for future
research.
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