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SUMMARY
The study of HIV dynamics is one of the most important developments in recent AIDS research.
It greatly improves our understanding of the pathogenesis of HIV infection. Recently it has been
proposed to use HIV dynamics to evaluate the efficacy of antiviral treatments. Currently a large
number of AIDS clinical trials on HIV dynamics are in development worldwide. However, many
design issues that arise from HIV dynamic studies have not been addressed. In this paper, we
study these problems using intensive Monte Carlo simulations and analytic methods. We evalu-
ate a finite number of feasible candidate designs, which are currently used and proposed in AIDS
clinical trials from different perspectives. We compare the viral dynamic marker and classical
viral load change markers in terms of power for identifying treatment difference, asymptotic
relative efficiency, and sensitivity. Finally we propose some useful suggestions for practitioners

based on our results.
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1. Introduction

The recent development of clinical studies on HIV-1 dynamics has had a strong impact
on HIV/AIDS research (Ho et al., 1995; Wei, et al., 1995; Perelson et al., 1996 and 1997;
Wu et al., 1997, 1999a; Luzuriaga et al. 1999). Recently it has been proposed to use
viral dynamics to evaluate antiviral therapies (Essunger et al., 1997; Ho, 1998; Ding and
Wu, 1999, 2001). In particular, Ding and Wu (1999) established a formal relationship
between viral decay rates and treatment potency (defined by the reduction rate of virus
production due to antiviral treatment), and statistical methods were also proposed for
assessing the potency of antiviral therapies using viral decay rates (Ding and Wu, 2001).
Viral dynamics can be used to evaluate the virological response of antiviral therapies
more efficiently and in a more timely manner. This will accelerate the development of
new anti-HIV drugs and speed up the life-saving process in fighting this fatal disease.
Although a great number of HIV dynamic studies have been developed recently and the
number is still increasing, the design of these studies has not been investigated carefully.
Thus, it is badly needed to study the important design issues. In this paper we intend
to address these issues based on practical considerations and provide some guidelines for
practitioners.

An HIV dynamic model is a system of differential equations. The solution to the
observed variable, the concentration of HIV RNA copies (viral load) in the differential

equation model, can be simplified into a bi-exponential model (Wu and Ding 1999):

V(t) = Pie “' + Pe ™', t>t,, (1)

where P; and P, are macroparameters which are functions of the coefficients of the “un-
derlying” differential equations; d; and d, are called the first phase and second phase
viral decay rates; ¢. is the time (usually 1 to 3 days) required for disappearance of the
‘shoulder’ due to pharmacokinetic and intracellular delay (Perelson et al., 1996; Herz et

al., 1996; Mittler et al., 1998; Ding and Wu, 1999). It has been shown that the viral decay



rates d; and dy can be approximated by (Ding and Wu, 1999),

di = [1—=Ri(1—e)ld, (2)
L=y, (3)

where R; and R, are the baseline reproduction/clearance ratios of virus from the two

dg - (1—R2

€1

infected cell compartments (productively and long-lived/latently infected cells); e; and
e9 are treatment effects in these two compartments, respectively; and 6 and p are death
rates of productively and long-lived/latently infected cells.

The potency e; and ey can not be determined directly from d; and dy because the
parameters Ry, Ry, 6 and p are unknown. However, in a randomized clinical trial, we
expect that these factors are homogeneously distributed in the treatment groups. Hence
these monotone relationships between viral decay rates and treatment effects allow us to
evaluate antiviral potency by comparing the viral decay rates, d; and d,. Notice that
the viral decay rates, d; and dy, are potentially good markers for the potency (efficacy)
of antiviral therapies which can be evaluated during the early stage of treatment (within
several weeks after treatment initiation).

Other virological endpoints used in AIDS clinical trials, such as the success (or failure)
rate of viral load suppression (below detectable levels) or time to viral load suppression,
are good surrogate markers for long-term effectiveness of antiviral therapies which cannot
be replaced by d; and d,, although the viral decay rates may be correlated with the
long-term virological responses (Mueller et al., 1998).

To fit the bi-exponential model equation (1), two statistical methods, an individual
nonlinear regression method and a nonlinear mixed-effects model method, have been
proposed (Wu, Ding and DeGruttola, 1998; Wu and Ding, 1999; Ding and Wu, 2001).
The nonlinear mixed-effects model method was shown to be favorable in most cases (Wu
et al, 1998). Thus, in this paper we focus on the design issues raised under the setting of

nonlinear mixed-effects models, which are briefly specified as follows.



Stage 1. within-subject variation in viral load measurement:
Yij = ]Oglo(epu‘—dutij + ep2i—d2itij) + €4, €z|51 ~ (0’ Ri(ﬁi; 6))7 (4)

where y;; is the log-transformation of the measurement of total viral load for the
1th subject and at the jth time point ¢;;, « = 1,...,n;5 = 1,...,m;. The viral
dynamic parameters for the ith subject are denoted by B; = [p1i, d1s, pai, da;i)’. The
within-subject error €; = [g;1, ..., €4, is assumed to have mean zero and variance-
covariance matrix R;(3;,€). Here the log-transformations of the viral load and
parameters py; = In(Py;), and py; = In(Py;)) are used to stabilize the variance and

estimation algorithms.

Stage 2, between-subject variation:

pii = p1+ b, P2i = P2 + by, (5)
dy; = dy + b, dy; = dy + by, (6)

where the population parameters are denoted by 8 = [p1, dy, pe, ds]. Random effect
is bz = [b1i7 e b4i], ~ (0, D)

In a clinical trial design, we need to determine the number of subjects (sample size
n) and the number of measurements for each subject (including sampling schedules). A
large number of samples from each subject would result in better estimates for some end-
points (such as viral decay rates) which need multiple measurements. This will increase
the power to detect the treatment differences in one way. However, when we increase the
number of subjects (sample size n), it also definitely increases the power for hypothesis
tests in another way. For fixed total cost, it is important to study the trade-off between
the number of subjects and the number of measurements per subject, which is one of the
important tasks of this paper. For convenience of clinical implementation, we assume that
the sampling schedules are the same for all subjects. In the next section we introduce

feasible sampling schedules and possible markers for antiviral potency. In Section 3, we



compare different sampling schedules and markers via intensive Monte Carlo simulations.
In Section 4 we further study the two important markers identified from the simulation
studies in Section 3. In particular, we find the optimal time to measure the viral load
change as a marker for treatment potency. We also conduct a sensitivity analysis in Sec-
tion 4 to investigate the robustness of our conclusions against parameter values in the
viral dynamic models. We conclude our paper with conclusions, practical suggestions and

some discussions in Section 5.

2. Sampling Schedules and Derived Test Variables

In a general nonlinear regression problem, an optimal design of sampling schedules can
be obtained by optimizing a criterion which measures the goodness of the design. These
criteria are usually based on the Fisher information matrix, which includes D-optimal,
A-optimal, E-optimal, C-optimal and L-optimal criteria (Landaw, 1980; Atkinson and
Donev, 1992). Among these criteria, D-optimality (determinant of the information ma-
trix) is the most popular one and is widely used in practice (Mentre et al, 1997, Atkinson
et al., 1993). The optimal design points are derived under the assumed parameter values.
Therefore, they may not be optimal if the parameters are different from the assumed
values. To solve this problem, other design strategies such as sequential design, Bayesian
design and robust design have been developed in the past few years (Pronzato and Walter,
1988; DiStefano, 1981; Atkinson and Donev, 1992; Chaloner and Larntz, 1989; Atkinson,
Chaloner, Herzberg and Juritz, 1993).

When there are k parameters to be estimated in the model (kK = 4 in our model
equation (1)), the D-optimal design usually results in replications of k distinct design
points (Chapter 3, Bates and Watts, 1988). Generally these points serve as a reference
in the practical design process. The actual designs, however, usually have more than
k points since there are other needs than simple parameter estimation (e.g., to detect

lack of fit and validate the nonlinear models). Also these optimal experimental points



may not be feasible to implement in practice, since the experimental conditions may be
difficult to control in some studies, particularly in clinical trials. In this case, what the
experimenters usually do is to specify a number of practically feasible candidate designs,
and then evaluate them based on study objectives under various model assumptions and
different parameter values. The one that can achieve study goals with less cost usually is
selected for the actual experiment. We follow a similar approach in this paper.

There exist some limitations in the design of viral dynamic studies. One limitation is
that the total volume of blood draws (number of samples) for viral load measurements
for each individual is limited within a time period (e.g., not more than about 20 blood
draws during the first month). Secondly, patients usually find it convenient to visit a
clinic on the same day of the week. Thus, we cannot design too many points within a
week (since some of these days may fall on weekends, when clinics may not be open).
Due to these limitations and other practical considerations, we propose and consider the

following sampling schedules:
e Schedule 1: Days 0, 1, 2, 3, 5, 7, 10, 14, 21, 28, 42, 56.
e Schedule 2: Days 0, 1, 3, 7, 10, 14, 21, 28, 56.
e Schedule 3: Days 0, 7, 14, 21, 28, 42, 56.
e Schedule 4: Days 0, 7, 14, 28, 56.

Schedule 1 is an ideal schedule which is frequent enough to accurately estimate both viral
decay rates (d; and dy). But this schedule requires 5 within-week clinic visits (Days 1, 2,
3, 5, and 10) and 4 extra weekly visits (Days 7, 14, 21, 42) beyond the standard sampling
schedule currently used in AIDS clinical trials (Weeks 4, 8, etc.). Schedule 2 is designed
to reduce the workload from Schedule 1, but the viral decay rates can still be reasonably
estimated. However, this schedule still has 3 within-week clinic visits and 3 extra weekly

visits. Schedule 3 drops all within-week samples, but has 4 extra weekly visits (Days 7,



14, 21, and 42). Schedule 4 further reduces the extra weekly visits to 2 (Days 7 and
14). Notice that, by comparing Schedule 2 and 4, we can evaluate whether the additional
samples in the earlier stage (Days 1, 3, 10) can improve the estimates of viral decay rates
and the power for treatment comparisons. Similarly, by comparing Schedule 3 and 4,
we can evaluate whether the additional samples in the later stage (Days 21 and 42) can
help. Another reason we choose these schedules for evaluation is that these schedules
are proposed and currently used in some AIDS clinical trials. For these given candidate
designs (schedules), both population and individual viral decay rates (d; and dy) can be
estimated via a nonlinear mixed-effect model approach (Wu, Ding and DeGruttola, 1998;
Wu and Ding, 1999; Ding and Wu, 2001). More details of the nonlinear mixed-effect
model and its applications can be found in Davidian and Giltinan (1995) and Vonesh and
Chinchilli (1996).

We are interested in designing clinical trials for treatment comparisons. Hence, we will
focus on evaluating the power of designs for treatment comparisons, i.e. for comparing
viral decay rates, d; and dy. Since we can obtain the empirical Bayesian estimates of viral
decay rates for individuals using the nonlinear mixed-effect model approach (Davidian and
Giltinan, 1995), we may apply the two-sample tests such as t-test and Wilcoxon rank test
to the individual estimates of viral decay rates to compare the antiviral potency between
the treatments. Ding and Wu (2001) have shown that these two-sample tests (applied to
the individual empirical Bayesian estimates) are valid and robust for our situations.

Besides the viral decay rates (d; and dy), there are several other quantities (mark-
ers) which have been used to evaluate the efficacy of anti-HIV therapies (Weinberg and
Lagakos, 2000). These quantities (markers) include viral load change (VLC) from base-
line to a prespecified time (say, Day 7) in a log;, scale and the area under the curve
(AUC) of viral load trajectory. In Diggle, Liang and Zeger (1994), these markers, includ-
ing viral decay rates, are called “derived variables”. In practice, we may use the log,,

AUC adjusted for baseline, i.e. it is calculated using the trapezoidal rule on the curve



of log;,[V(t)/V (0)], where V (0) is the baseline viral load and V(¢) is the viral load at
time . We evaluate these markers and viral decay rates, as well as the trade-off between
the number of measurements for each subject and the number of subjects, via extensive

Monte Carlo simulations in the next section.

3. Design Evaluation via Monte Carlo Simulations
3.1 Simulation methods

Based on preliminary results from AIDS Clinical Trials Group Protocol 315 (Wu et
al., 1999a), we design simulation experiments to evaluate the aforementioned sampling
schedules and the markers (derived variables). The bi-exponential model (1) or (4) is
an approximation model to a complete viral dynamic model, see Wu and Ding (1999).
To consider the model approximation error in our simulation studies, we generate the
simulation data from the following tri-exponential model, which is more accurate since it
includes the “shoulder” effect (Perelson et al., 1996; Herz et al., 1996; Mittler et al., 1998;
Ding and Wu, 1999).

Yij = log(e;ﬂm*doﬂz’j + epli*dlitij + ep?i*intij) + Eij- (7)

The between-subject variations of parameters are similarly defined as in equations (5)
and (6). However, we still fitted the simulated data to the more practical bi-exponential
model (4).

In almost all cases, there are not enough data on the initial “shoulder” (the first one to
three days of treatment) of the viral load trajectory to analyze the “shoulder” effect. Ding
and Wu (2000) discussed four different methods to deal with the ‘shoulder” effect, that is,
to estimate parameters in model (4) from data generated from model (7). Among the four
methods, the so-called SIMPLE method directly fits the bi-exponential model (4) with
all data. That is, we just pretend that the “shoulder” effect does not exist in the data.

Compare with other methods, the SIMPLE method produces the estimates with a larger



bias but a smaller variance (Ding and Wu, 2000). However, for the decay rate comparison
between two treatment arms considered in this paper, since the estimation bias appeared
in both treatment arms can be cancelled out, the bias does not affect the validity of the
tests. In fact, the SIMPLE method gives a slightly higher power compared to other three
methods (data not shown), presumably due to its smaller estimation variance. When we
applied the other three methods to our cases, the results are quite similar to the SIMPLE
method. Thus, we only report the results from the SIMPLE method in the following.
We chose model parameters based on several studies reported in literature, including
Wu et al. (1999a), Luzuriaga et al. (1999), and Perelson et al. (1996). Here are the

parameters that we used in our simulation experiments:
e The measurement error variance o? = (0.04.

e The population parameters are po = 11,p; = 12,p, = 7.5,dy = 3,dy = 0.5,dy, =
0.03. Note that the unit for dy, k = 0,1,2 is day™!, and p;, = In P, k = 0,1, 2, where
the unit for Py is the number of virions per ml plasma. From clinical studies (Ho
et al., 1995; Wei, et al., 1995; Perelson et al., 1996 and 1997; Wu et al., 1999a), the

estimated parameter d; ranges from 0.2 to 1.2, dy ranges from 0.001 to 0.2.

e The between-subject variance-covariance matrix for the parameters,

Po do P i P2 do
Py 2.3 —0.2 1.8 —0.05 14 0.01
dy —0.2 0.5 —-0.2 —-0.01 —-0.1 —0.0005
D1 1.8 —0.2 1.8 —0.01 1.6 0.01

d, —0.05 -0.01 -0.01 0.014 0 0.0005
py 14 -0.1 1.6 0 1.8 0.01
dy 0.01 —0.0005 0.01 0.0005 0.01 0.0001

Our objective is to compare two treatments, say A and B. In our simulation experi-

ments, without loss of generality we assumed that the population viral decay rates (d; and



dy) in the second group (Treatment B) was higher than the first group (Treatment A).
We simulated the cases that both d; and d; in Treatment B were simultaneously higher
by 0%, 10%, 30%, 50% respectively compared to Treatment A.

We simulated the data for the four schedules introduced in Section 2 respectively,
and 400 replication runs are used for each schedule (the simulation sample size of 400
runs is selected by considering both simulation error and computational limitation). The
empirical powers of the Wilcoxon test (one-sided test at significance level 0.05) using
markers d; for different schedules and using the viral load change (VLC) at Week 1 (i.e.,
the VLC at Day 7 or VLC(7)) are obtained and plotted in Figure 1 (The results from the
corresponding two-sided tests are similar, which are not reported due to space limitation).

The power curve in Figure 1 are classified by the total number of subjects n (each
group has n/2 subjects). For a fixed value of n, of course a more frequent schedule gives
more power to detect the difference between treatment groups since more data is col-
lected. Therefore, in order to compare the efficiency of different sampling schedules, in
Figure 2 we plot the power function curves of different schedules versus the total number
of measurements required (the product of the number of measurements for each subject

and the number of subjects).

3.2 Simulation results

The empirical type I errors in the simulations range from 0.0275 to 0.0675, showing no
significant deviation from the nominal level & = 0.05 considering the simulation variation.

This confirms the validity of the tests.

Place of Figure 1

From Figure 1 we can see that, when the number of subjects and the difference in



viral decay rates (d;) between groups are large enough, all schedules and markers can
detect the treatment difference with enough power, and the power function curves tend
to converge together toward 1. If the treatment difference is too small, all the schedules
and markers give no power. In the intermediate range of treatment difference (between
10% and 30%), different schedules and markers will make a significant difference in the
power. Not surprisingly, a more frequent schedule results in a higher power for a fixed n
number of subjects. However, Schedule 3 is not necessarily more powerful than Schedule
4 since the extra observations in Schedule 3 are located during the second phase decay
period which may not help much to improve estimation of d;. But schedule 3 is more
powerful at detecting the difference of dy between treatments (data not shown).

In terms of total measurements (cost), however, the most frequent schedule is the least
efficient design as shown by Figure 2. In fact, the sparsest schedule (Schedule 4) is most
efficient. Also notice that Schedule 2 is better than Schedule 3 in efficiency. This indicates

that the early time points on Day 1 and 3 are very important.

Place of Figure 2

Notice that the marker d; can consistently dominate the marker VLC(7) in power
only when the most frequent schedule (Schedule 1) is used. So the marker VLC(7) is
very powerful and efficient. It requires only two measurements on each subject and can
provide a conclusion within a week. But the power of VLC(7) depends heavily on the
underlying true parameters (to be discussed later). On the other hand, using the marker
dy under Schedule 1 can improve the power for detecting the difference in antiviral potency
between treatment groups by more than 20% in some cases. Our simulation results also
show that the marker dy and AUC are generally not powerful (data not shown). Enough

power can be achieved only when there is a large between-group difference (> 50%) and

10



a large sample size (n > 100). The comparison results in marker dy between schedules
are similar to those in d;.

4. Marker Comparisons and Sensitivity Analysis

Since productively infected cells are the major resource for virus production (almost
99% of virions are produced from this compartment according to Perelson et al., 1997),
it is most important that a new antiviral therapy should be potent in this virus compart-
ment. We will focus the following discussion on evaluating the treatment potency in this
compartment (e; in Equation (2)). Ding and Wu (1999) established d; as a good marker
for e;. However, in the last section, we observed that other markers such as V LC(7) can
also be very effective for evaluating treatment potency. The V LC marker only requires
two measurements on each subject. It is worth further studying these two different kinds
of markers from different perspectives.

To evaluate different markers, several factors need to be considered: (1) whether the
marker is monotonically related to the treatment potency, and a linear relationship is the
ideal; (2) whether the marker can be measured or estimated accurately, and thus can be
used to identify treatment differences with a high power; (3) whether the power of the
marker is robust against the values of model parameters. We address these issues in this

section.

4.1 Comparison between dy and V LC(t) as Markers of Treatment Potency.

As shown in Ding and Wu (1999), the marker d; is almost linearly related to treatment
potency ey, except for extremely weak treatments. It is difficult to obtain a similar
analytic relationship between VLC(t) and treatment potency (say, e; in model (2)). We
will investigate the relationship using a numerical solution. Using the original differential
equation model of viral dynamics in Ding and Wu (1999) with parameter values of § = 1.0,
p = 0.03, Ry = 0.99 and Ry = 0.01, we obtain the relationships between d;, V LC(7),

VLC(14) and V LC(28) versus treatment potency e; numerically, which are shown in

11



Figure 3. We scaled the V LC(t) markers in the plot by time ¢ in order to make them

comparable.

Place of Figure 3

From Figure 3, we can see that both d; and VLC(7) are almost linearly related
to ey, and thus are good markers for e;. However, VLC(14) and VLC(28) exhibit a
nonlinearity in the relationship with e; due to the effect of the second compartment of
long-lived/latently infected cells. Thus, some information will be lost if VLC(14) or
VLC(28) is used as a marker of e;.

Since both d; and VLC(7) are good markers for potency e;, we would like to know
which one can better distinguish treatment potencies in practice. Weinberg and Lagakos
(2000) have proposed an asymptotic relative efficiency (ARE) of rank tests between dif-
ferent surrogate markers. The ARE can be used to assess the asymptotic performance of
different markers. Under model equations (4), (5) and (6) with a normality assumption,
we can numerically calculate the ARE(d; : VLC(t)) with the parameter values given in
Section 3. See details in Appendix A.1. Figure 4 plotted the calculated AREs at time
t=1,2,...,14 days, assuming perfect measurements on both markers d; and V LC. We can
see that the ARE of d; is lower (ARE < 1) than the VLC(t) when time ¢ is between Day
2 and Day 7. On Day 3, the V LC reaches its highest efficiency [ARE(d;:VLC(3))=0.84].
The ARE of d; is higher (ARE > 1) before Day 2 due to the “shoulder” effect. After
Day 8, the phase two viral decay starts to affect the efficiency of V LC, which results in a
lower efficiency in VLC(t). On Week 2 (Day 14), the asymptotic efficiency of d; can be
4.5 times higher than VLC(t).

12



Place of Figure 4

The above ARE results, however, are based on the assumption of perfect measurements
(the measurement error is 0) on both markers. With the presence of measurement errors
in practice, both d; and the V LC(7) markers have to be estimated from data. A frequent
sampling schedule allows more accurate estimation for d; but does not affect the accuracy
of V.LC(7) estimation. Hence, as we have shown in section 3, if the repeated measurements
for each subject are frequent enough, marker d; is superior to the V LC(7) marker for finite
sample size.

As shown above, the highest ARE of V LC can be achieved at Day 3 assuming perfect
measurements, indicating the existence of an optimal day on which to measure viral load
change. However, in practice, measurement error is not avoidable. We would like to find
the optimal V LC time with measurement errors. If we assume the measurement error
to be the same as in our simulation example in Section 3 (o? = 0.04), we can obtain
the optimal V LC' time to be ¢ = 6.87 days by minimizing ARE(d; : VLC(t)) in time ¢.
This optimal time is about 4 days later than the result without considering measurement
€rTors.

The foregoing results based on ARE, however, are only valid asymptotically (when the
number of subjects is large enough). To exam if the results hold for small and medium
sample sizes, we carried out a simulation experiment on the design in Section 3. Under
the assumptions of sample size (total number of subjects) of n = 30 and n = 200, and
viral decay rate differences of 10% and 30% between two treatment groups respectively,
we simulated the power of VLC(t) for t = 1,2,...,14 days (3000 simulation runs were

used). The results are given in Figure 5.

13



Place of Figure 5

We can see, from these results, that the highest power can be achieved between Day
6 and Day 8, similar to the theoretical optimal time from ARE calculations. Considering
implementation convenience, the VLC at Day 7 (Week 1) may be the best choice based
on this simulation example. However, when the parameter values in the viral dynamic
model vary, this optimal V LC' time as well as other conclusions about the markers may

change. A sensitivity analysis will be carried out in the next subsection.

4.2. Sensitivity Studies

The results in the previous sections were obtained based on the parameter values
estimated from ACTG 315 (Wu et al., 1999a; Wu and Ding, 1999). However, these
parameter values may change for different studies due to different patient populations and
different antiviral treatments. In this subsection, we evaluate the sensitivity of V LC(t)
and d; for different situations.

First we study the sensitivity of the optimal time of VLC(t) for different parameter
values. In order to avoid intensive computations in the sensitivity analysis, we need
to simplify the marker VLC(t). When the measurement error is considered, the power
for identifying a fixed difference in treatment potency only depends on the coefficient of
variation (CV) for a given sample size. Thus, to study the sensitivity of the optimal time
of VLC(t), we will derive the CV as a function of time ¢ and minimize CV(t), instead
of maximizing the power of VLC(t) directly. See detailed description of this method in
Appendix A.2.

Mathematical analysis can be used to identify important factors (parameters) for
sensitivity analyses (See details in Appendix A.3). The identified major factors for the

marker VLC(t) include o, A, py — py, p1 — p2, and d; (Appendix A.3), where A is a

14



percentage difference in the first viral decay rates between the two treatment groups.
That is, if the first group has a first decay rate of dy, then the first decay rate of the
second group will be (1 + A)d;. Based on literature survey, we decided to vary d; from
0.2 to 1.1, p; — p from 3 to 5.3 (i.e., the ratio of the viral reproduction between long-lived
and productively infected cells varies from 5% to 0.5%), and p; — py from 0.85 to 4.6 (i.e.
the “shoulder” effect accounts for about 30% to 1% viral decay). We vary o from 0.15 to
0.25, and A from 0 to 100%. The other parameters are set as the same as those in the
simulation experiment in Section 3. We then vary the value of each of the parameters o,
A, p1 — po, P1 — P2, and d; in the above range, and obtain the optimal time of V. LC(¢) by
minimizing C'V (t). Figure 6 shows the plot of the optimal V LC' times versus the varying

values of these important parameters.

Place of Figure 6

As we can see from Figure 6, the values of o and p; — py have little effect on the
optimal V LC time, and A and p; — ps only have a modest effect. However, the optimal
V LC time is very sensitive to the value of dy. As p; — p, increases (the domination of the
productively infected cell compartment or the first phase decay increases), the optimal
VLC time is delayed. As the treatment difference (A) is larger, the optimal VLC time
moves earlier. As d; increases, the optimal V LC' time moves earlier rapidly. Thus, the
V LC measurement time needs to be adjusted based on prior information on d;.

Secondly, we study the sensitivity of markers d; and VLC(t). In particular, we would
like to see if the conclusions about d; and V LC(7) reached in Section 3 changes when
the parameter values vary. we carried out similar simulation experiments for marker d;
based on Schedule 2 and 4 as well as VLC(7). For a fixed A = 30%, the sensitivity

analysis results for parameters d; and p; — py are reported in Table 1. The powers for
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identifying a 30% treatment difference in antiviral potency (d;) are obtained for a small
and a large value of d; and p; — ps for a given sample size of 60 subjects. As we increase d;
from 0.5 to 1.1, the power only drops from 98.5% to 86.8% for marker d; with a frequent
sampling schedule (Schedule 2). However, for d; with sparse measurement (Schedule 4)
and V' LC(7), the power drops to 14.5%. As we decrease d; from 0.5 to 0.2, the marker d;
with both schedule 2 and 4 still has power of above 60%, but the power of V LC(7) drops
to below 50%. As we have shown in Figure 6, the power increases as p; — p, increases. But
as p; — po decreases from 4.5 to 3, the marker d; with a frequent schedule and V LC(7)
have power of about 60%, the power of marker d; with sparse schedule drops below 50%.
Thus dy with a frequent measurement schedule (Schedule 2) is robust to the parameter

values, but d; with sparse measurement (Schedule 4) and V' LC' are sensitive.

Table 1: The empirical powers when parameter values vary (A = 30%, n =60, «=

0.05).
Parameter values
marker dy = 0.5 dy = 0.2 dy=1.1 dy =0.5 dy =0.5
pr—p2=45 pr—p2=45 p1—p=45 pr—p2=3 p1—p2=953
d; (Schedule 2) 98.5% 60.5% 86.8% 62.2% 99.5%
d; (Schedule 4) 91.0% 64.0% 14.5% 47.3% 95.8%
VLC(7) 94.3% 49.0% 14.5% 59.9% 96.0%

5. Conclusions, Suggestions and Discussion

Traditionally, the design of experiments is formulated as an optimization problem. That
is, to maximize (or minimize) a design criterion such as D-optimal, A-optimal, E-optimal
etc. under the assumption of a proposed model. This kind of optimal design may result
in infeasible designs for implementation in practice, especially for clinical trial designs. In

many design problems, there only exists a finite number of feasible candidate designs. By
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taking the advantage of powerful computers, we can evaluate the finite number of designs
from many different perspectives, or even directly optimize our design goals, such as the
power for identifying the treatment difference. We believe that the computer simulation
is a very useful tool for designing clinical trials.

In this paper, we use intensive Monte Carlo simulations, combined with analytic anal-
ysis, to study the different markers and different designs for assessing the potency of
anti-HIV therapies in AIDS clinical trials. We obtain the following important results: (1)
the viral decay rate (d;) in viral dynamic models is a robust marker for antiviral potency
if a frequent measurement schedule of viral load is used, but it is very costly; (2) the viral
decay rate, dy, with a sparse (weekly in the first month) measurement schedule is very
cost-effective, but a large sample size (number of subjects) is needed; (3) the marker of
viral load change from baseline (V LC) is an efficient marker if the optimal measurement
time is captured, but the V' LC is not robust; (4) In evaluating potent antiviral therapies,
the viral load change at Week 1 or VLC(7) is better than the VLC at later weeks, such
as Week 2 and Week 4, which are currently used in ATDS clinical trials.

Although it is costly and requires frequent clinical visits by patients, marker d; with a
frequent measurement schedule is still useful. One reason is that it can not only provide
information regarding the potency of the therapy, but also can give an accurate estimate
for viral/cellular dynamics such as half-life of infected cells (Perelson et al., 1996, 1997;
Wu et al., 1997, 1999a; Luzuriaga et al., 1999). Secondly, the frequent measurements may
help to validate the viral dynamic models used for analysis. However, this intensive study
is limited to a very small sample size due to its cost and accrual difficulty.

The d; marker with a sparse measurement schedule and VLC are effective markers
for antiviral potency. We suggest using weekly viral load measurements (or only Week 1,
2 and 4) during the first month of treatment. If only one measurement is allowed in a
large study, we suggest using Week 1 or V.LC(7) to evaluate the potency of the therapy.

A combination of a small substudy with frequent measurements and a large main study
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with at least one measurement at day 7 can be used to gain benefits from both the d;
and V LC markers.

We also want to point out that some of the results from our simulation and analytical
studies are based on a selected set of parameter values. These results can not be extended
to general cases. One may use the methods as proposed above to conduct similar simu-
lation and analytical studies based on the prior information on the parameter values to
determine an appropriate design for a particular study. The sensitivity results in Section
4.4 are also helpful to modify the design for different situations.

Notice that both the d; and V LC markers are useful for evaluating the early antiviral
activities (potency) of a therapy. Other viral-load-based surrogate markers such as pro-
portion of patients with virological failure (success) and durability of viral suppression
(time to virological failure) are good to evaluate the long-term effectiveness of antiviral
therapies (commonly used in Phase I and III trials). A strong correlation between these
virological markers and AIDS clinical endpoints has been established from clinical studies
such as Mellors et al., 1995; O’Brien et al., 1996a.b; Mellors et al., 1997. A significant cor-
relation between the short-term responses (including d;) and the long-term responses has
been reported by Mueller et al. (1998). However, it is also very important to use markers
dy and V LC to assess whether a new therapy is potent enough to be worthy for further
evaluation. Thus, d; and V LC can be very efficient in Phase I/II clinical trials. Also they
can be very useful in finding the therapeutic dosage for a new antiviral agent. By using d;

and V LC with a careful design, we may accelerate the development of new antiviral drugs.

Appendix
A.1 Asymptotic Relative Efficiency (ARE) between Markers dy and V LC(t).

Based on the results in Weinberg and Lagakos (2000), the ARE of d; with respect to

VLC(t) under the Wilcoxon rank test can be written as
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f;i—oo Fdl (x)dFdl (*T) 2

= 8
Jo= o Fvrew (2)dFyviow (z) ¥
where Fy, () and Fy o (+) denote the cumulative distribution functions (CDFs) of d; and

ARE(dy : VLC(1)) = (

VLC(t), respectively. If we assume that d;; follows the normal distribution N(0.5,0.014)

as in our simulation example in Section 3, then, [>°

Fy (z)dFy, (x) = —m. How-
ever, the integral in the denominator of ARE(d, : VLC(t)) is intractable analytically.
We evaluate this integral using a Monte Carlo sampling method (of size 10,000) using
parameter values given in Section 3.

To find the optimal time for measuring V LC, we can minimize ARE(dy : VLC(t)) or
equivalently maximize [° _ F dF .  (z) in time t.

=0 1'vT0oW) () VLCO(t)

A.2 Computing the Optimal Time of VLC(t) in the Sensitivity Analysis.

It is costly to compute the empirical power of V LC(t) at many time points in simu-
lations. Hence, we used an alternative method to find the optimal time for VLC(t) by
minimizing a coefficient of variation function C'V (). A precise mathematical description
of this method is given as follows.

Let V;(t) denote the viral load at treatment time ¢ for subject i, and denote y;(t) =
log,, Vi(t) + e;(t) as the observed V;(t) in logy, scale. Thus, VLC;(t) = log,, Vi(0) —
log,, Vi(t), and the observed V LC(t) can be written as

VLCi(t) = 4:(0) = yi(t) = logyq Vi(0) +;(0) — logy Vi(t) — ei(t) = VLCi(t) +€i(0) — es(t).

For simplicity, we assume ¢;(t) to be 7id with normal distribution N (0, c?%), and e;(t) and
V LC;(t) are independent. We define the coefficient of variation (CV') of the difference in
VLC(t) between treatment A and B as

SD(t)
Rz

where pu(t) is the expectation of the difference of the observed V LC(t) between the two

V(1)

treatments and the SD(t) is its standard deviation. Assuming Treatment A and B to be
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independent, then, we have

SD(t)* = Var|[VLC

where E[V LC;(t)] and Var[V LC;(t)] are the inter-subject mean and variance of VLC(t).
For t-test, maximizing the power for identifying a fixed difference in treatment effect is
equivalent to minimizing C'V (¢) in treatment time ¢. The equivalence holds for Wilcoxon
rank test also if we assume that the inter-subject variance of V. LC(t) is the same in group
A and B. The Monte Carlo method is used to evaluate E[V LC;(t)] and Var[VLC;(t)]

based on equation (10) in Appendix A.3.

A.8 Important Factors in Sensitivity Analyses.

There are too many parameters in the model, which makes the sensitivity analysis
difficult if all parameters are considered. However, if we can identify a few important
factors that affect V LC(t), we can focus our sensitivity analyses on these factors. Based

on equation (7), we can write VLC(t) as

i—doi i—dig i—d2;
VLCZ (t) — log(epo Ozp_gfilepuilj;ip? ’ t) (9)

o e(Poi—p1:)—(doi—d1:)t 1] 4 e(P2i—P14)+(d1i—do;)t
- log( e®0i—P1i) +1+eP2i—P14) ) - dllt

From previous studies (Perelson et al., 1996; Ding and Wu 1999; Mittler, et al, 1999),
we notice that do; >> di; and do; > 3.0. The term, ePoi—pPr)=(doi=d1)t ip equation (9), is
negligible quickly for ¢ > 0. Also, we notice that dy; >> dy;, thus, dy; is negligible. Hence

1+ e(P2i—p1i)+diit

VLC;(t) ~ log(e ) — duit, (10)

(Poi—p1i) 4 1 + e(P2i—p1i)

which means that the three major factors (variables) affecting the marker VLC;(t) are
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Poi — P1i, P2i — P1i, and dy;. Therefore, among the six parameters dy, po, di, p1, do and po,

we can focus on py — p1, p2 — p1 and d; in the sensitivity analysis.
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Figure 1: The empirical power of one-sided Wilcoxon test using markers d; for different

measurement schedules and VLC(7). Type I error aw = 0.05
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number of measurements. Type I error o = 0.05
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