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SUMMARY

We describe a meta-analysis approach for the evaluation of a potential surrogate marker. Surrogate markers
are useful in helping to identify therapeutic mechanisms of action and disease pathogenesis, and for selecting
therapies to take forward from phase II to phase III clinical trials. They have also become increasingly
important for regulatory purposes by providing a basis for preliminary approval of drugs pending clinical
outcome studies. Methodology for evaluating surrogate markers has focused on determining the difference
in the effects of two treatments on clinical outcome in an individual clinical trial, and then estimating the
proportion of this difference explained by the treatment’s effects on the potential marker. Studies are,
however, frequently underpowered or cease before they accumulate sufficient evidence to draw strong
conclusions about the value of a potential surrogate marker using this approach, and there are also some
technical difficulties with the approach. Consideration of the association between the difference in treatment
effects on the clinical outcome and the difference in treatment effects on the potential marker over a range of
trials provides an alternative means to evaluate a potential marker. We describe a meta-analysis approach
using Bayesian methods to model this association. Importantly, this approach enables one to obtain
prediction intervals for the true difference in clinical outcome for a given estimated treatment difference in
the effect on the potential marker. We illustrate the methodology by applying it to results from studies of the
AIDS Clinical Trials Group to assess the value of CD4 T-lymphocyte cell count as a potential surrogate
marker for the treatment effects on the development of AIDS or death. © 1997 by John Wiley & Sons, Ltd.
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1. INTRODUCTION

In any clinical trial, the selection of an appropriate endpoint is an important issue. In some trials,
however, the main endpoint of interest, for example death, is rare and/or takes a long period of
time to reach. In such trials, there would be benefit in finding a more proximate endpoint to
determine more quickly the effect of an intervention. These types of intermediate endpoints are
often called surrogate markers. A surrogate marker (or surrogate endpoint) is defined as ‘an
endpoint measured in lieu of some other so-called true endpoint’.! Prentice? defined it more
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formally as ‘a response variable for which a test of the null hypothesis of no relationship to the
treatment groups under comparison is also a valid test of the corresponding null hypothesis based
on the true endpoint’. As well as providing information about possible mechanisms of action of
drugs and of disease pathogenesis, one might use a good marker in phase I/II trials to help
determine the value of further pursuit of therapies for clinical endpoint (phase III) studies. In
addition, and particularly important at present, regulatory bodies might use a good marker to
allow for preliminary approval (‘accelerated’ approval) of a drug on the basis of marker effects,
pending completion of longer-term clinical outcome trials. If, however, an endpoint is not a good
marker, misleading answers concerning interventions might result.

For convenience, we refer to the potential surrogate marker as the response variable and to the
true endpoint as the clinical outcome. Prentice? proposed an approach to the validation of
a response variable as a marker that involves three criteria: the variable must be prognostic of
disease progression and be affected by treatment, and the effect of the treatment on the variable
should mediate the effect of the treatment on clinical outcome. Typically, these criteria have been
investigated with data from individual clinical trials. The usual approach is to fit a model that
describes some measure of clinical outcome as the dependent variable with treatment group as
a covariate, then to determine whether inclusion of the response variable as a covariate in the
model fully explains the difference in the treatment’s effects on the clinical outcome. If not fully
explained, then one might evaluate the ‘proportion of treatment effect explained’ by the response
variable.® For example, such models have been used to investigate the CD4 cell count as
a potential surrogate marker in clinical trials that involve subjects with the human immunodefi-
ciency virus (HIV).*"¢ There are, however, two major problems with this approach. First, the
‘proportion’ of treatment effect explained has been shown to be an erroneous concept when there
are competing mechanisms of action, including some that adversely affect the clinical outcome, in
that the proportion can then take values outside the range of zero to one.”*® Second, the
proportion of the treatment effect explained is very imprecisely estimated so that one can draw
only very weak conclusions unless the magnitude of the treatment difference on the clinical
outcome is more than about four times its standard error.’ This is problematic in that most trials
are underpowered to give such evidence, and, even if they had sufficient power, they would likely
be stopped before they accumulated such strong statistical evidence. Related to this, it is difficult
to investigate surrogacy with this methodology in clinical trials in which the results might act as
a counterexample, for example, in a trial with a precisely estimated treatment difference on
clinical outcome close to zero but in which there is a large difference for the response variable.

Based on these issues, it is of interest to develop alternative methods for investigating the value
of a response variable as a surrogate marker. In this paper, we propose one such approch that
uses a meta-analysis of results from clinical trials to investigate the association between treatment
differences on a response variable shown to be predictive of disease progression, and treatment
differences on the clinical outcome.® More specifically, we aim to model this association and then
to determine the model’s reliability for predicting the treatment difference on clinical outcome
given an observed difference on the response variable. Previously, A’Hern et al.1° considered the
idea of using a meta-analysis to assess the possibility of such an association in breast cancer
clinical trials in which the response variable was the response of the tumour and the clinical
outcome was survival, but they did not discuss the statistical problem in detail. In particular,
although they allowed for the precision in estimating the treatment difference on clinical outcome,
they did not take into account the level of precision in estimating the treatment difference on the
response variable. This is an issue we address in this paper. Fleming!! also pursued the idea of
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a meta-analysis to look at the surrogate marker issue in both AIDS and cancer clinical trials. His
approach, however, involved a qualitative review of trial results rather than a quantitative
analysis as in this paper.

In Section 2, we propose a model for such a meta-analysis and describe how we might interpret
parameters in the model in the context of investigating surrogacy. In Section 3, we present
a Bayesian approach for estimating parameters in the model, for hypothesis testing and predic-
tion. This develops the work of DuMouchel!? that provided a Bayesian solution to the more
traditional use of meta-analysis for pooling results of clinical trials to investigate the effect of
a particular treatment. Then, in Section 4, we apply the methods to data from some HIV clinical
trials to assess the value of changes in CD4 cell count as a surrogate marker. Finally, in Section 5,
we discuss several issues and extensions relating to the model and its application.

2. MODEL

Consider a meta-analysis of N clinical trials each of which, for simplicity, involves the comparison
of two treatments. The two treatments might be the same two treatments across all trials
if we wish to investigate the surrogacy of a response variable for that specific pair of
treatments. Alternatively, the two treatments may differ between trials if we wish to investigate
surrogacy more generally, for example, for a specific class of treatments. The latter is likely of
greater interest as the results obtained might be more generalizable to future clinical trials and
treatments.

In the ith trial, denote the true treatment difference on the clinical outcome as 0; and the true
treatment difference on the response variable as y;. We assume that we have estimates 0; and 7;,
respectively, available from each trial and that the size of each study is sufficiently large, that
(0, 7;) is normally distributed about (6;, y;). For example, if the clinical outcome is a binary
variable, then 0; might be the log odds ratio for the comparison of outcome rates for the two
treatments, and if the response variable is continuous, then §; might be the difference in the mean
marker values for subjects on one versus the other treatment. Thus, within the ith clinical trial, we
assume that the following model applies:

91' 0; 0'i2 pi0;:0;
~ N 1
(?1) <<Vi>,<piai5i 5i2 >> W

where o7 and 67 are variances that reflect sampling variation and p; is the correlation between the
estimated treatment differences conditional upon the true differences.

Considering the v; as fixed effects, we assume a simple linear model to describe the relationship
between 6; and y; across the N clinical trials (though the approach generalizes readily to more
complex models):

0:1y; ~ N(ot + By, ). (2

Then, by combining the within-trial distribution given by (1) with the between-trial distribution
given by (2), we obtain a bivariate normal distribution:

0: N o+ By of + 1 pioid;
7 Vi ’ pi0i0; 51‘2 .

© 1997 by John Wiley & Sons, Ltd. Statist. Med., 16, 1965-1982 (1997)



1968 M. DANIELS AND M. HUGHES

In this model, f measures the association between the treatment differences on the response
variable and the clinical outcome so that f =0 corresponds to the case where the response
variable is not, in fact, a surrogate marker, since knowing y; then does not help in predicting 0;. In
addition, if B # 0, having t? = 0 would imply that we could predict 0; perfectly given y;. In fitting
this model, as it is of interest to show that f# # 0, then a necessary condition is that there is
heterogeneity in the 6;’s. We can assess this by fitting a Bayesian equivalent of the usual random
effects meta-analysis model'> '3 whereby 0; ~ N(0;, 62) and 0; ~ N(a,, 72) and showing that
12 #0.

It is also useful to consider the role of the parameter o in this model. We might expect that o is
zero for a response variable that is a good surrogate marker so that having no treatment
difference on the marker (that is, y; = 0), implies no treatment difference on the clinical outcome
(that is, 0; = 0). This is then consistent with Prentice’s definition for a surrogate marker? given in
Section 1. In addition, for the comparison of any pair of treatments A and B, it would not then
matter whether we expressed the difference as A — B or B — A. Having « non-zero is more
difficult to justify as it implies that there is, on average, a treatment difference on the clinical
outcome unexplained by a treatment difference on the response variable. This implies that there is
some aspect of treatment mediated through a mechanism other than that associated with the
response variable. Thus, investigation of the possibility that o is non-zero is a useful step in
assessing surrogacy as well as the investigation of B and t2. If the meta-analysis involves
comparisons from a class of drugs, this investigation requires some rationale for how one orders
treatments in each pairwise comparison; as most major trials involve a control or standard
treatment, the natural order is to express differences as the outcome for the new treatment minus
that for the control treatment.

It might also be possible to consider the y; as random effects, sampled from some distribution
that we need to define, rather than as fixed effects. This increases the precision of the estimates for
B and 2 if we specify the distribution correctly. The choice of the distribution, however, might be
problematic. For instance, the ordering of the treatment within each comparison is important
even in the constrained model with « = 0; for example, if we chose treatment pairs such that all
the §; were positive, then this would affect the distribution on the y;. In addition, if the
meta-analysis involved comparisons of, say, two test treatments, each compared to the same
standard treatment, and if each of the test treatments produced a different effect on the response
variable, then we would anticipate a bimodal distribution for the y;’s. This would complicate the
model, making it more sensitive to model misspecification, particularly if the number of treatment
comparisons is small.

3. MODEL-FITTING, TESTING, AND PREDICTION

Taking a Bayesian approach, we place ‘non-informative’ prior distributions on the fixed effects, y;
and the regression coefficients:

o~ N(0, 4,)
B ~N(, 4p)
Vi~ N(0> Ay,-)

with each of 4,, Ay and A, large (see example for specific values).
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For the between-studies variance, 72, it is less straightforward to define a ‘non-informative’
prior and so we consider three possibilities used previously:

1. Prior I (DuMouchel prior!?): n(t?) = (JGTT)Z% where ¢? is the harmonic mean of the

within-study variances of the treatment difference on the clinical outcome, o 7.
2. Prior II (shrinkage prior'#): n(t?) = (02::4512)2, with o2 as above.
3. Prior III (flat prior!®): n(z?) = dz?

Priors I and II allow for the possibility that t> = 0. In terms of the relative behaviour of the three
priors, prior I tends to produce a posterior distribution for t? which is closer to zero than that for
prior 111, with prior II tending to produce an intermediate distribution. It is useful to assess the
sensitivity of the results to the choice of prior; we illustrate this in the example.

For the covariance matrix in (1), we follow DuMouchel!? by proceeding as if 67 and 67 are
known and we replace them with their estimates in drawing inferences; thus, our approach is an
empirical Bayes approach. The correlation p; presents additional complexity, particularly as
clinical trial publications never report p;. If the patient-level data are available, we can estimate p;
using the bootstrap technique!® thus avoiding the need to model explicitly the joint relationship
between the response variable and clinical outcome (a model that may be difficult to specify). We
describe the use of the bootstrap in more detail in our example in Section 4. If the patient-level
data are unavailable for some or all clinical trials, then the situation is more complex. In the
Appendix, we show using a simulation study that, in practice, the value of p; is likely small in
magnitude and is unlikely to vary much between studies. Thus one approach is to assume that the
p;’s for the trials with no data available are equal to some common value p. We could set the value
of p to the average of the p;’s from trials for which patient-level data are available, or some
arbitrary value reasonably close to zero in magnitude (for example, up to about 0-2 in magnitude;
see the Appendix for more details). We could then evaluate the sensitivity of the conclusions by
assessing the impact of changes in the choice of p on the resulting model estimates.

To fit the model, we can use Markov chain Monte Carlo (MCMC) techniques,!” specifically
the Gibbs sampler. The Gibbs sampler involves sequentially sampling from the distribution of
each parameter, conditional on the current values of the other parameters and the data (known as
the full conditional distribution). The full conditional distributions for all parameters in the model
are Normal distributions, except for the full conditional distribution for 72, distributed as inverse
gamma for prior III and as a non-standard distribution for priors I and II. To sample from the full
conditional distribution for 72 for models using priors I and II, we use the Metropolis algo-
rithm.'® The Metropolis algorithm is a simple way to sample from any distribution known only
up to its normalizing constant.

To test for an association between treatment differences on the response variable and treatment
differences on the clinical outcome, we can compute Bayes factors!® for Hy: = 0; as the model
with § = 0is nested within the full model, we can do this using the Savage Dickey density ratio.?°
To compute the Bayes factor, however, we need to have a proper prior for . We use a normal
prior on the regression coefficients with mean zero. For the variance, we use the number of
treatment comparisons included in the meta-analysis multiplied by the covariance matrix of the
parameter estimates from the weighted least squares regression (assuming y; known). This is
a simple, intuitive prior with covariance matrix equal to about one treatment comparison, similar
to the unit information priors discussed in Kass and Wasserman.?! We can use a similar
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approach for testing Hy:o = 0. For testing > = 0, we can also employ Bayes factors for the two
proper priors, I and II.

Having fit the model, it is of interest to predict the value of a future clinical outcome 0* given
the observed value of the response variable, 7*. To do this, note that conditional on regression
coefficients, 72, and the data:

FOF5%, 6%, 0, B, 72,0, ) ~ N((@ + Bf*), 72 + B25*2).

The predictive distribution of interest, however, is for 0%|9*, 0%2, 0, #; that is, we want the
distribution of the true treatment difference on the clinical outcome given the observed treatment
difference on the response variable and its variance. We can compute this distribution by using
the output from the MCMC run:??

M
f(e*h?*’ 5*29 0’ 7})\) = Z f(g*lj)\*s 5*29 03 )99 o((m)7 ﬂ(m)s T(Zm)) (3)
m=1

where m indexes the sample (of size M) from the joint posterior distribution of (o, §, 72) (these are
merely the values obtained from running the Gibbs sampler). In these expressions, we replace §*?
by §*2. We wrote FORTRAN programs to fit the model and compute predictive distributions,
but we could also fit these models using the upcoming edition of the software for Bayesian
analysis, BUGS, which allows for multivariate normal distributions.??

4. EXAMPLE: CD4 CELL COUNT AS A POTENTIAL SURROGATE MARKER

As an example of the application of these methods, we explore the association between treatment
differences on the development of AIDS or death (a composite endpoint as the clinical outcome)
and treatment differences in CD4 cell count (the response variable) in HIV clinical trials. The use
of CD4 cell count as a potential surrogate marker is supported by the fact that infection with the
HIV results in a gradual decline in immune function of which a fundamental component is the
decline in the number of CD4 cells in the blood. As the CD4 cell count declines, there is increased
risk of various opportunistic infections and malignancies which constitute the diagnosis of AIDS,
and of death; thus, CD4 cell count is prognostic of progression to AIDS or death and so merits
consideration as a potential surrogate marker.

The example uses data from the 15 phase II/III randomized clinical trials of the HIV Disease
Section of the Adult AIDS Clinical Trials Group of the National Institutes of Health, which had
data available as of May 1996, which had at least six months of follow-up on some patients and in
which at least one patient developed AIDS or died. We excluded two other trials carried out by
the Group as they compared different strategies of alternating drug therapy rather than continu-
ous therapy with the same drug(s). All but two of the trials assessed the effects of a particular class
of anti-HIV drugs known as nucleoside analogues. This class includes zidovudine (ZDV, also
known as AZT), zalcitabine (ddC), and didanosine (ddI). The other two trials included newer
types of drug, nevirapine (NVP) and saquinavir (SQV). A complicating feature of this meta-
analysis arises from the fact that seven of the 15 trials had three treatment arms and one had four
treatment arms. The trials with three (four) arms give rise to three (six) pairwise comparisons.
However, given two (three), the remaining comparison(s) is determined so it is not possible to
include all in an analysis. We have chosen to include in our analysis comparisons that involve the
standard treatment as one of the treatments. It makes little difference, however, to the results of
the analysis as to which comparisons one drops.
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Table I. Treatment differences for the log hazard ratio for the development of AIDS or death over 2 years (0;) and the
difference in mean change in CD4 cell count between baseline and 6 months (9;) for studies of the AIDS Clinical Trial
Group (6}, 0;, p; are estimates of the standard error of 0;, the standard error of §;, and the correlation between 0; and 7;)

Study Reference Test treatment® Standard treatment* 0:(6)) *},»(51-) D
002 31 ZDV[600] ZDV[1500] 0-048 (0:092) —92 (9:0) —0-14
016 32 ZDV[1200] placebo —1-035 (0-370) 560 (11-8)  —002
019a 33 ZDV[1500] placebo —0-235 (0-282) 288 (11-:0) —0-13
ZDV[500] placebo —0-594 (0-307) 46-1 (107)  —015
019b 34 ZDV[1500] placebo —1:313 (0:651) 671 (16-8) 0-01
ZDV[500] placebo —0-359 (0-465) 372 (16:3)  —0-00
036 35 ZDV[1500] placebo —0-598 (0-707) 322 (18:0) —006
112 f ddC[{] ZDV[i] —0447 (00732) —47 (6:1) 0-17
114 f ddC[2-25] ZDV[600] 0267 (0-121)  —9-1 (56) —022
116a 36 ddI[750] ZDV[600] 0-096 (0-156) 11-8 (8-4) —0-15
ddI[500] ZDV[600] —0022 (0-161) 12-8 (8-6) —019
116b 37 ddI[750] ZDV[600] 0-180 (0-130) 159 (5°3) —007
ddI[500] ZDV[600] —0-355 (0-137) 222 (54) —011
118 38 ddI[200] ddI[750] 0-112 (0-121)  —89 (58) —0-06
ddI[500] ddI[750] 0-166 (0-120) —55(58) —005
119 39 ddC[2-25] ZDV[600] —0-035 (0-340) 12-8 (9-5) —0-08
155 40 ZDV/ddC[600/2-25] ZDV[600] —0-102 (0-121) 27-5 (4-2) —009
ddC[2-25] ZDV[600] 0-083 (0-129) 17-1 (4°5) —0-10
175 41 ZDV/ddC[600/2-25] ZDV[600] —0-348 (0-202) 36-1 (65) —013
ZDV/ddI[600/400] ZDV[600] —0-467 (0-207) 712 (6:4) —017
ddI[400] ZDV[600] —0-487 (0-207) 409 (6:4) —019
229 42 ZDV/SQV[600/1800] ZDV/ddC[600/2-25] 0-148 (0-518) 7-3(102) —013
ZDV/ddC/SQV[600/2:25/1800] ZDV/ddC[600/2-25] —0-841 (0-680) 159 (102) —016
241 43 ZDV/ddI/NVP[600/400/400] ZDV/ddI[600/400] 0-211 (0-258) 25-8 (7°3) —017

* Figures in brackets are the total daily dose (mg), ZDV = zidovudine, ddI = didanosine, ddC = zalcitabine, NVP = nevirapine,
SQV = saquinavir

T Not published

1 The ddC dose was weight dependent and the ZDV dose depended on the dose of ZDV being received prior to study entry

We estimate the difference in the effects of a pair of treatments on the response variable, y;,
using the mean changes in CD4 count from the pre-treatment baseline assessment to the
assessment at about six months. We chose six months as this is the duration of many phase II
HIV clinical trials, and, as noted earlier, important uses of surrogate markers include the selection
of drugs for further study and preliminary approval from regulatory bodies of a drug based on
marker effects over such a period. We estimated the difference in the effects on the clinical
outcome, 0;, using the log hazard ratio obtained from a proportional hazards model for the time
to development of AIDS or death, whichever came first, within 24 months of starting treatment.
We chose 24 months as these studies typically had little follow-up beyond this, and, in clinical
practice, many patients will not remain on the same treatment for periods much longer than this.
In calculating the log hazard ratio and the difference in mean changes in CD4 cell counts, we
always compared the new treatment to the standard treatment.

Table I lists the 15 clinical trials, the drugs (treatments) involved and the estimates of treatment
difference for both the response variable and the clinical outcome. Note that two trials (studies
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002 and 118) involved the comparison of multiple doses of the same drug (ZDYV in study 002, ddI
in study 118). In both trials, the objective was to determine whether lowering the dose might give
reduced toxicities without materially affecting any benefit in delay of disease progression. Thus
we consider the high dose as the standard treatment.

In the analysis, we need to make allowance for the correlation between the estimates for the
treatment differences obtained from trials with three or four treatment arms. We can do this by
expanding the first stage of the model (for three treatment arms) to:

A 2

01 01 01 Pio0i10i2  Pi110i10i1  Pi120i10i2
A 2

0i2 N 0i2 Pip0i10i2 Oi2 Pi21020i1  Pi220:120;>
S | v | B b} 83 510
Vi1 Vi1 Pi220i10i1  Pi210i10i2 i1 Piy0i10i2
4 2

Vi2 Yi2 Pi120:20i1  Pi116:20i2 Piy5i15i2 012

We readily obtain the correlation between treatment comparisons within a study, p; and p;,,
from proportional hazards models or linear regression models, respectively; as for the variances
ok, 0k, 04, 0%, we assumed these known in the analysis. A similar extension applies for the four
treatment arm study.

To estimate the correlation between the estimators of the treatment difference on the log
hazard ratio and on change in CD4 count, we employed the non-parametric bootstrap.!® Within
each study, we took a random sample (with replacement) of patients within each treatment group
in that study with the size of the sample being equal to the size of the treatment group within that
study. We did this 1000 times (which gives adequate precision in estimating the correlation!®),
each time recomputing the log hazard ratio, 0;, and the difference in mean change in CD4 cell
count, 7;, for a pair of treatments, i. We then used the correlation of 9; and 8; over the 1000
replicates as the estimate for p;. One could also use this bootstrap technique to give estimates of
the variances, ¢ and 67; doing this gave almost identical estimates to those obtained directly
from the proportional hazards model.

Figure 1 shows a plot of the association between the log hazard ratio of developing AIDS or
dying versus the difference in the mean change in CD4 cell count for the placebo-controlled
comparisons (labelled ‘p’) and the comparisons with active controls (labelled ‘a’). Also shown are
the 95 per cent confidence regions for the difference in clinical outcome and the difference in the
response variable. The large size of the confidence regions for many of the comparisons shows the
lack of precision in estimating these differences. The plot also suggests that a linear association
between differences on the clinical outcome and differences on the response variable is reasonable.

Table II shows the results from four models fitted to evaluate the association suggested in
Figure 1. Medians of the posterior distributions are presented together with the 95 per cent
credible intervals (the limits of the interval are the 2-5th and 97-5th percentiles of the posterior
distribution). For the regression parameters, « and f§, the posterior means were similar to the
medians reflecting the approximate symmetry of the posterior distributions for these parameters.
In model A, we fit a linear association between 0; and y;, as in equation (2). Model B is similar to
model A except that we constrained « to be zero. Models C and D parallel models A and B,
respectively, except that they allow « and f to differ between the placebo- and active-controlled
treatment comparisons (as labelled by the subscripts p and a) thus allowing investigation of
whether the type of control affects the association found. For each model, we show results for the
three different priors for 72, described in Section 2, so that we can evaluate the impact of the
choice of prior. For the priors on the regression coefficients, « and /5, and on the true treatment
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a active-controlled
N p placebo-controlled

log hazard ratio for AIDS/Death
[0}
1

‘ T 1 l T
-50 0 50 100

difference in mean
change in CD4 count (cells/mmA3)

Figure 1. Association between the log hazard ratio for the development of AIDS or dying during 24 months and the
difference in mean change in CD4 cell count over 6 months for all trials

differences on the mean change in CD4 cell count, the 9;’s, we chose the variances, 4,, Az, and 4,,,
respectively, to be 1-0e + 08, which are essentially flat over the region of plausible values.

Before contrasting the different models, it is notable that for all four models there is very strong
evidence of an association as shown by the negative values for  with credible intervals that
exclude zero. Kass and Raftery suggest the following benchmarks for evaluating Bayes factors:
1-3, not worth more than a bare mention; 3-10, substantial evidence; 10—-100, strong evidence;
>100, decisive evidence.'® For models A, B and D, the evidence against § = 0 (or 8, = B, = 0)
was decisive with Bayes factors exceeding 500 while the evidence was strong for model C, with
Bayes factors exceeding 50. In addition, across the four models, the medians and credible intervals
for ©2 are very similar for any particular prior so that conclusions concerning 72 seem relatively
insensitive to any differences that might exist in the association between the placebo- and
active-controlled studies or to the possibility of non-zero intercepts.

Inspection of model A and of model C shows credible intervals for the intercepts that include
zero. The Bayes factors for comparing model B to model A were slightly larger than 1 in favour of
model B, that is, « = 0, but did not provide conclusive evidence about this choice. The Bayes
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Table II. Estimation of regression parameters, « and f and the variance, 2 for four models to describe the
association between the log hazard ratio for AIDS or death and the difference in mean change in CD4 cell
count, for various priors for 72 (medians and 95 per cent credible intervals reported)

Model Parameters Prior I* Prior IT* Prior IIT*
A o 0-072 [—0-030, 0-181] 0-072 [0-038, 0-189] 0-071 [—0-045, 0-194]
p —0-010 [—0-014, —0-006] —0-010 [ —0-015, —0-006] —0-010 [—0-15, —0-005]
72 0-0009 [0-0000, 0-0161] 0-0040 [0-0002, 0-0268] 0-0063 [0-0002, 0-0432]
B o 0 0 0
p —0-008 [—0-012, —0-:005] —0-009 [ —0-012, —0-005] —0-009 [ —0-013, —0-005]
72 0-0012 [0-0000, 0-0172] 0-0047 [0-0001, 0-0266] 0-0070 [0-0002, 0-0428]
C o, 0-070 [ —0-031, 0-177] 0-070 [ —0-044, 0-186] 0069 [ —0-54, 0-189]
Pa —0-008 [—0-013, —0-004] —0-008 [—0-013, —0-003] —0-008 [ —0-013, —0-003]
oty 0226 [—0:747, 1-76] 0213 [—0:748, 1-76] 0202 [—0:763, 1-75]
B —0-019 [—0-052, 0-002] —0-019 [—0-052, 0-002] —0-019 [—0-052, 0-003]
72 0-0011 [0-0000, 0-0168] 0-0042 [0-0002, 0-0263] 0-0063 [0-0003, 0-0431]
D o, 0 0 0
Pa 78-007 [—0-011, —0-003] —8'007 [—0-011, —0-003] —8-007 [—0-011, —0-002]
o
ﬂr:, —0-015 [—0-025, —0-:007] —0-015 [ —0-025, —0-007] —0-015[—0-025, —0-007]
72 0-0011 [0-0000, 0-0167] 0-0041 [0-0002, 0-0255] 0-0061 [0-0003, 0-0394]
2
* Prior It n(¢?) = Li; prior 1I: (t?) = L; prior I1I: 7(¢?) = dt?
(0 + 1) 20 (03 +1%?

factors for comparing model D to model C were greater than 17, providing strong evidence in
favour of zero intercepts. Consideration of the overlap in the credible intervals for , and f, in
models C and D, and of the credible intervals for a, and o, in model D, suggests little evidence for
differential associations for the placebo-controlled treatment differences from the active-control-
led treatment differences. Bayes factors for jointly testing o, = o, and f8, = 8, were all larger than
12, again providing strong evidence in favour of a common intercept and slope. Hence compari-
son of the four models, by using Bayes factors and examining credible intervals, does not suggest
any strong evidence against the use of the simplest model, that is, model B, to describe the
association seen in Figure 1.

Focusing on model B, consider the posterior distribution for t2. Of key interest is the level of
evidence for 12 = 0, that is, whether, given the true difference in mean change in CD4 cell count,
we might establish the true hazard ratio for developing AIDS or dying. It is only possible to
compute Bayes factors to assess this when using proper priors for 72, that is, priors I and I1. The
Bayes factors for testing H,:t? = 0 was greater than 3 for both these priors, indicating positive,
but not strong, evidence for 72 being zero. We obtained similar results when we assessed this
hypothesis using one of the other models. We return to the relevance of the differences between
the median values and credible intervals for 72 for the three priors below when we consider the use
of the model to predict treatment differences in clinical outcome.

Now, we consider how one might check the predictive value of the model. To do this, we fit the
model with one of the comparisons omitted and then use the model to predict the log hazard of
developing AIDS or dying for the omitted comparison given the observed difference in mean
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Table III. Results of the analysis to assess the predictive fit of model B with prior 11

Py ‘suog 79 Kopip uyor £q L66T O

(L66T) T861—S961 ‘91 “PoN “1s1vISg

Trial Comparison excluded 0* for comparison excluded
Test treatment Standard treatment Observed Predicted Z-score*
B 72 0%) median  95% interval
002 ZDV[600] ZDV[1500] —0-009 0-0054 0-05 0-08 [—0-22, 0-39] 0-19
016 ZDV[1200] placebo —0-008 0-0043 —1-04 —0-44 [—1-23, 0-34] 1-47
019a ZDV[1500] placebo —0-008 0-0047 —0-24 —024 [—0-88, 0-37] —002
ZDV[500] placebo —0-008 00046 —0-59 —037 [—1-05, 0-29] 0-66
019b ZDV[1500] placebo —0-008 00044 —1-31 —0-55 [—1-81, 0-79] 1-15
ZDV[500] placebo —0-009 0-0045 —0-36 —0-31 [—1-30, 0-66] 0-09
036 ZDV[1500] placebo —0-008 0-0045 —0-60 —024 [—174, 1-12] 0-47
112 ddC[1] ZDV[1] —0009 00046 —045 0-06 [—1-38, 149] 0-69
114 ddC[2-25] ZDV[600] —0-008 0-0037 0-27 0-08 [—0-22, 0-38] —1-23
116a ddI[750] ZDV[600] —0-009 0-0047 0-10 —011 [—0-49, 0-26] —1-06
ddI[500] ZDV[600] —0-008 00050 —0-02 —0-10 [—0-50, 0-28] —042
116b ddI[750] ZDV[600] —0-009 00054 —-0-18 —0-14 [—047, 0-19] 024
ddI[500] ZDV[600] —0-008 0-0043 —0-36 —0-18 [—0-54, 0-15] 098
118 ddI[200] ddI[750] —0-009 0-0050 011 0-08 [—0-23, 0-40] —0-20
ddI[500] ddI[750] —0-009 00053 0-17 0-05 [—0-25, 0-36] —073
119 ddC[2-25] ZDV[600] —0009 00046 —0-04 —0-10 [—0-83, 0-57] —0-21
155 ZDV/ddC[600/2-25] ZDV[600] —0-009 0-0057 —0-10 —024 [—0-58, 0-07] —0-87
ddC[2-25] ZDV[600] —0-009 0-0048 0-08 —014 [—0-48, 0-19] —1:37
175 ZDV/ddC[600/2-25] ZDV[600] —0-009 00052 —0-35 —0-30 [—0-77, 0-18] 020
ZDV/ddI[600/400] ZDV[600] —0-010 00046 —047 —0-70 [—128, —0-16] —0-86
ddI[400] ZDV[600] —0-008 0-0045 —0-49 —034 [—0-83, 0-12] 0-59
229 ZDV/SQV[600/1800] ZDV/ddC[600/2-25] —0-009 0-0045 0-15 —0-06 [—1-06, 0-96] —0-40
ZDV/ddC/SQV[600/2:25/1800] ZDV/ddC[600/2-:25] —0-008 0-0047 —0-84 —016 [—1-50, 1-21] 099
241 ZDV/ddI/NVP[600/400/400] ZDV/ddI[600/400] —0-009 0-0043 0-21 —024 [—0-79, 0-31] —159
* é* - épred A A . . .
Z-score = —————— where 0,,.q and var(0,.q) are the predicted mean and variance, respectively
{Var (0p(€d)}

1 The ddC dose was weight dependent and the ZDV dose depended on the dose of ZDV being received prior to study entry
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1976 M. DANIELS AND M. HUGHES

Table IV. Prediction of the true treatment difference on the log hazard ratio for AIDS or death (6*) given
various values and standard errors of the estimated difference in mean change in CD4 cell count (§*) for
several priors for 72 for model B (medians and 95 per cent prediction intervals are reported)

$* Prior* 0*=0 o*=5 0* =10 0¥ =15
0 I 0-00 (—0-12, 0-12) 0-00 (—0-14, 0-14) 0-00 (—0-21, 0-21) 0-00 (—0-29, 0-29)
11 0-00 (—0-18, 0-18) 0-00 (—0-19, 0-19) 0-00 (—0-24, 0-24) 0-00 (—0-31, 0-31)
11 0-00 (—0-22, 0-22) 0-00 (—0-23, 0-23) 0-00 (—0-28, 0-28) 0-00 (—0-34, 0-34)
10 I —0-09 (—0-22, 0-05) —0-09 (—0-24, 0-07) —0-09 (—0-31, 0-12) —0-09 (—0-39, 0-20)
11 —0-09 (—0-27, 0-09) —0-09 (—0-28, 0-11) —0-09 (—0-34, 0-15) —0-09 (—0-41, 0-23)
11 —0-09 (—0-31, 0-14) —0-09 (—0-33, 0-15) —0-09 (—0-37, 0-18) —0-09 (—0-44, 0-25)
20 I —0-17 (—0-31, —0-03)  —0-17 (—0-34, —0-01) —0-17 (—0-40, 0-04) —0-17 (—0-48, 0-11)
11 —0-17 (—0-36, 0-01) —0-17 (—0-38, 0-03) —0-17 (—0-44, 0-07) —0-17 (051, 0-14)
111 —0-17 (—0-41, 0-05) —0-17 (—0-42, 0-07) —0-17 (—0-47, 0-10) —0-17 (—0-53, 0-16)
30 1 —0-25 (—0-42, —0-10)  —0-25 (—0-44, —0-08) —0-25 (—0-51, —0-04)  —0-25 (—0-58, 0-03)
11 —0-26 (—0-46, —0-06)  —0-26 (—0-48, —0-05) —0-26 (—0-54, —0-01) —0-26 (—0-61, 0-05)
111 —0-26 (—0-50, —0-02)  —0-26 (—0-52, —0-01) —0-26 (—0-57, 0-02) —0-26 (—0-64, 0-07)
40 1 —0-34 (—0-52, —0-16)  —0-34 (—0-55, —0-15) —0-34 (—0-62, —0-11)  —0-34 (—0-69, —0-05)
11 —0-34 (—0-57, —0-13)  —0-34 (—0-59, —0-12) —0-34 (—0-64, —0-08) —0-34 (—0-72, —0-03)
I11 —0-34 (-0-61, —0-09)  —0-34 (—0-63, —0-08) —0-34 (—0-68, —0-05) —0-34 (—0-75, —0-01)
50 1 —0-42 (—0-64, —0-21)  —0-42 (—0-67, —0-21) —0-42 (—0-72, —0-18)  —0-42 (—0-80, —0-13)
I —0-43 (—0-68, —0-19)  —0-43 (—0-71, —0-18) —0-43 (—0-75, —0-15)  —0-43 (—0-82, —0-10)
11 —0-43 (—0-72, —0-15)  —0-43 (074, —0-14) —0-43 (—0-78, —0-13)  —0-43 (—0-85, —0-08)
60 1 —0-51 (—0-76, —0-27)  —0-51 (—0-78, —0-26) —0-51 (—0-84, —0-24)  —0-51 (—0-91, —0-20)
11 —0-51 (—0-80, —0-25)  —0-51 (—0-82, —0-24) —0-51 (—0-87, —0-22)  —0-51 (—0-93, —0-18)
111 —0-52 (—0-84, —0-21)  —0-52 (—0-86, —0-21) —0-52 (—0-90, —0-18)  —0-52 (—0-96, —0-15)
* Prior I n(t?) = o 1 rior IL: 7(z?) : rior III: 7t(c?) = dt?
AT H GRS

change in CD4 cell count for that comparison. We can then compare this predicted value with
that observed by noting that the standard deviation of the predicted value for treatment
comparison i is \/{a? + var(0;|9;, 02, O—s, 94> where (0, f~1) denotes the data without
treatment comparison i (see equation (3) for computation of the specified distribution). We repeat
this with omission of each comparison in turn. Table III shows the results of such an analysis
using model B and prior II. None of the comparisons seems very influential as the posterior
medians for both 72 and f do not show changes that would substantially alter any conclusions
that one might draw from the model. In addition, all 24 comparisons had the predicted treatment
difference on the clinical outcome within two standard deviations of the observed value and 95
per cent credible intervals that included the observed value. These results indicate a good
predictive fit. Similar analyses using either prior I or prior III gave the same conclusions.

One of the most important uses of the meta-analysis is prediction of the treatment difference on
the clinical outcome given the observed treatment difference on the response variable. Table IV
shows the relevant predictions for various values of the estimated treatment difference on mean
change in CD#4 cell count, $*, and for various values of its standard deviation, 6*. For any given
values for §* and 6%, the choice of prior distribution for 72 has little impact on the median
predicted value, though the intervals tend to widen a little in moving from prior I to II to 111

Statist. Med., 16, 1965-1982 (1997) © 1997 by John Wiley & Sons, Ltd.



META-ANALYSIS FOR THE EVALUATION OF POTENTIAL SURROGATE MARKERS 1977

Consider first the column for which 6* = 0; this corresponds to the idealistic situation in which
the true difference on the mean change in CD4 cell count is known. In this situation, if t2 was
equal to zero, it is possible to predict 0* exactly and the prediction interval has zero width. Thus
the intervals shown in the column for which 6* = 0 in Table IV reflect the uncertainty in the
predictions that arise from the possibility that t? is non-zero. These intervals exclude 0* = 0 for
values of §* greater than 20 or 30 cells/mm?, and indicate that we require this magnitude of true
difference in change in CD4 cell count before we have reasonable certainty of a corresponding
clinical benefit, though such a benefit might be minimal.

In practice, of course, the true difference in change in CD4 cell count is unknown. Moving
across any particular row in Table IV shows the effect of decreasing precision in estimation of the
treatment difference on the change in CD4 cell count on the ability to predict, reliably, the
associated difference in clinical outcome. For standard deviations, 6*, of 10 or 15 cells/mm3
(which might be typical in practice as indicated by the confidence regions in Figure 1), we require
estimated differences in the mean change of the order of 30 or 40 cells/mm? before we have
reasonable certainty of a corresponding clinical benefit. As shown in Table I, such differences
were uncommon in the studies of the AIDS Clinical Trials Group. Requiring such evidence,
however, might form a basis for preliminary approval of a drug pending the results of clinical
outcome studies, particularly if the drug concerned is similar in nature to those included in the
meta-analysis. In contrast, for selecting drugs for taking forward from phase II to phase III
clinical trials, we might find a smaller difference in mean change in CD4 cell count acceptable
depending on the magnitude of clinical benefit that we anticipate from the model.

5. DISCUSSION

It is interesting to contrast our results from the meta-analysis to the results found in analyses of
data from individual clinical trials. The published results have concerned placebo-controlled
trials*~¢2% and have presented mixed results on the quality of CD4 cell count as a surrogate
marker for the development of AIDS or death, though none of them suggests that it is
a particularly strong surrogate marker, probably explaining no more than about 30 per cent of
the effect of ZDV on clinical outcome. Although further research is needed to relate the results of
analyses within individual studies to the results of a meta-analysis, there are some reasons why
the results may differ.

First, it may be possible for 72 to be zero or very close to zero, so that a treatment difference on
a response variable is a good predictor of a treatment difference on clinical outcome, even if there
are alternative mechanisms of treatment action not mediated through that response variable.
This is provided that the percentage of the effects of treatments on clinical outcome explained by
the response variable is very similar for all treatments. Lack of similarity is more worrisome and
would be captured in the meta-analysis by 72 being somewhat greater than zero.

The second concerns the characteristic of the trajectory of the response variable evaluated. In
our meta-analysis, we focused on evaluation of a short-term change (over six months) in the CD4
cell count and assessed how treatment differences on that change are associated with longer-term
differences on the clinical outcome (over two years). This is evaluation of the change in CD4 cell
count as an ‘intermediate’ marker.*° The focus of the analyses within individual studies, however,
has generally been on evaluation of the extent to which the trajectory of the CD4 cell count
throughout time explains the treatment difference on clinical outcome over time; this is to

© 1997 by John Wiley & Sons, Ltd. Statist. Med., 16, 1965-1982 (1997)
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evaluate CD4 cell count as a ‘concurrent’ marker.® It may be possible that the difference between
the two questions asked might lead to different conclusions.

A third reason is the possibility of effect attenuation or regression dilution in estimation of the
magnitude of surrogacy within an individual study due to within-subject variation and measure-
ment error in the covariate of interest, an important issue with CD4 cell counts.?>-2% This is well
known in epidemiologic and sociologic studies where one often finds that effects estimated across
subjects within populations are smaller than those estimated across populations of subjects.?”-28
In addition, CD4 cell counts are often measured only every few months so that the within-study
(time-dependent proportional hazards) models used require assumptions about how the count
changes between measurements. Although some of the studies have attempted to circumvent
these issues by modelling the ‘underlying’ CD4 cell count, they may be sensitive to the models
required to achieve this, particularly as, in practice, CD4 cell counts are more difficult to obtain
after a subject prematurely stops taking study medications.

As with any meta-analysis, it is important to avoid biases that can arise through selective
inclusion of clinical trials in the analysis. Thus, one should include all trials with recorded data on
the marker and clinical outcome over the durations of interest. This will require extensive
searches particularly to identify unpublished studies as these perhaps more likely result in
non-significant effects on the clinical outcome.?® Note that if the numbers of clinical events within
any trial are small, then we may find it necessary to extend our model to avoid making the
assumption that 0; is normally distributed about 6;. This might be possible using alternative
Bayesian methods for meta-analysis.>® Another issue with meta-analysis is the assumption that
the within-study variances are known. As the summary statistics provide no information on these
within-study variances, we assumed them known.'? Of interest is an investigation of the sensitiv-
ity of the results to the fact that these variances are unknown, but estimated. For example,
a multiple imputation type approach that perturbed the covariance matrices and that refit the
model could help account for the uncertainty in these parameters. How to perturb these
covariance matrices in an unresolved issue.

Before closing, it is useful to note that the investigation of surrogacy within both individual
studies and in a meta-analysis may be fraught with difficulty if the response variable is not
a perfect surrogate marker. We have already noted the importance of establishing that any
response variable is prognostic of disease progression before we undertake an analysis so that we
can avoid other variables that might be associated with treatment differences on clinical outcome
but not actually be mediators of treatment effects. For example, we may find increased drug
toxicities with increased clinical benefits though the toxicities are not predictive of disease
progression. Such variables might not perform well when we consider other drugs in future
studies. Beyond this, if the response variable mediates only partially the effect on clinical outcome,
then it is possible that we may detect that association whether our analysis is model-based within
an individual study or involves a meta-analysis. It is then possible, however, that we find the
association negated in other trials, particularly if they involve other drugs, if a drug has an
adverse effect through other mechanisms. In this respect, one may find the sensitivity analysis that
we have described particularly useful in establishing just how well a model performs with respect
to individual drug comparisons. Hence, we should view this as an important component of model
validation before we make any claims of surrogacy.

In conclusion, we have proposed a methodology that uses meta-analysis to investigate the
value of potential surrogate markers. This approach is relatively simple to apply and should
provide an analysis that complements investigations within individual studies. In particular, its
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strength lies in those situations where individual studies are underpowered to provide strong
conclusions in their own right.

APPENDIX: INVESTIGATING PLAUSIBLE VALUES FOR p;

Estimation of p; requires the specification of a joint model for the relationship between the
treatment differences on the marker and on the clinical outcome within each trial, or application
of a bootstrap technique as we have done in our example. Thus this estimation requires the
availability of the individual patient data from each clinical trial; this may not always be
obtainable. In this Appendix, we present results from a short simulation study to show that p; is
likely small in magnitude and that the assumption of a common value for all the p;’s is reasonable
when patient-level data are unavailable. One can use these results to identify plausible values for p;
which one can use when investigating the association of interest, though we recommend considera-
tion of several values and the evaluation of the sensitivity of conclusions to the choice of value.

In each simulation, we conducted 1000 clinical trials that involved 100 subjects assigned to
each of two treatments. For each subject j in each clinical trial, we sampled values of the response
variable, X;, from a normal distribution with mean yz; and variance 1, where z; is a binary
treatment indicator. Thus, y measures the treatment difference per standard deviation of values of
the response variable in the population sampled. We then simulated clinical outcome data for
each subject based on the following model, logit(p;) = o’ + f'z; + dX;, where p; is the probability
of a clinical outcome for subject j. In the model, we set 5’ to be zero to indicate that the response
variable is, in fact, a perfect marker, according to Prentice’s criteria,? as the response variable then
explains all of the treatment difference. With these simulated data, in each trial we fitted the
models logit(p;) = o + 0z; and E(X;) = n + yz; to provide estimates of the treatment differences
on the clinical outcome, 6, and the response variable, 7. We then estimated the correlation
between 0 and 7 across the 1000 simulated trials.

We repeated this simulation for various values of y, the treatment difference on the response
variable (per standard deviation of values of the response variable in the population sampled)
between 0-2 and 2, the probability of a clinical outcome in the treatment group for which z; = 0,
given by lixsxp i between 0-1 and 0-5, and the odds ratio for clinical outcomes, exp(d), for

a standard deviation difference in the response variable between 1-1 to 5-0. Table V shows the
results from these simulation studies. In general, the correlation is small (between 0 and 0-2)
except in the circumstances when the odds ratio, exp(d), is large (for example, 2 or higher). This
agrees with our empirical findings in the example where the values of p; shown in Table I are all
small in magnitude. The correlation also tends to zero as the odds ratio, exp(d) tends to 1; this is
expected as exp(d) = 1 implies that the response variable is not predictive of clinical outcome.
Note that if the response variable is not a perfect marker, then ' will be non-zero and so the
correlation between 7 and @ is smaller than the values shown in Table V. Thus, we recommend
looking at the sensitivity of the estimates to values of p; from 0 up to about 0-2, though if the effect
of treatment is to increase the level of the response variable while reducing the rate of clinical
outcomes, then the correlations are the negative of the values shown and so one might consider
the values from 0 down to about —0-2. Furthermore, as there is little variation in the correlations
in each column, even as the probability of a clinical outcome in the treatment group O varies, it
appears reasonable to assume that p; is constant across trials when estimating o, f and 72,
especially for odds ratios less than two.
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Table V. Correlation of § and 0 from a simulation study for selected values of y, the odds ratio for a clinical
outcome associated with a standard deviation change in marker levels, exp o, and the probability of clinical
outcome in the control group, exp(a')/[1 + exp(o')]

Probability: exp(a')/[1 + exp(«')]
02

0-1 0-5
exp o exp o exp o
y 5 2 15 12 11 5 215 12 11 5 2 5 12 11

02 049 017 013 001 001 049 026 013 005 004 052 036 019 006 0-08
0-4 037 020 0-08 0-08 002 0-48 026 0-13 005 004 0-54 033 019 015 003
0-6 041 015 007 007 001 0-44 023 014 001 0-00 050 032 015 011 001
0-8 036 017 015 007 005 0-44 030 015 009 0-00 0-55 030 018 013 002
1 022 016 013 004 004 0-37 023 016 012 004 046 031 022 005 004
2 0-08 0-09 001 002 001 0-13 019 007 006 003 0-37 033 024 009 008
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