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Preface

In early 1993, E.J. Freireich, M.D., asked me to edit a book on statistical
methods in clinical trials. Initially, I felt my job would be to assemble a
group of biostatisticians, each willing to contribute a chapter to the book.
The goal was to provide descriptions of some of the more modern develop-
ments in statistical methods for clinical trials, for both medical and bio-
statistical readers. Dr. Freireich’s request presented a challenge to me,
because the proposed book was to appear in a series that previously had
consisted entirely of medical papers directed at a medical audience. I chose
biostatisticians currently doing cutting-edge research and asked each to write
a survey, possibly including new research, with a combined medical-bio-
statistical audience in mind. The collection of chapters in this book is
the result.

Scientists tend to communicate within their own areas of expertise,
typically using a specialized language that often seems incomprehensible to
those outside their field. The problem of interdiscipline communication —
communicating ideas between distinct groups of people who think differently
and use different languages — is one of the most difficult and important
problems in science. When one of the fields is statistics, the problem can be
even more difficult and challenging than usual. It is more difficult because
statistical concepts have their foundation in mathematics, in particular
probability, and translating mathematical concepts into language under-
standable by nonmathematicians is, in my experience, one of the most
intellectually demanding activities that can be undertaken.

Communicating statistical concepts to biomedical scientists who have had
little or no statistical training is critically important, however. Clinical trials
have two purposes — to treat the patients in the trial, and to obtain
information that increases our understanding of the disease and especially of
how patients respond to treatment. Statistical design provides a means to
achieve both these aims, while statistical data analysis provides methods for
extracting useful information from the trial data.

Recent advances in statistical computing, both in the computers them-
selves and in conceptual devices such as computational algorithms, have
enabled statisticians to implement very rapidly a broad array of methods
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that previously were either impractical or impossible. Biostatisticians thus
have become able to provide much greater support to medical researchers
working in both clinical and laboratory settings. As our collective toolkit of
techniques for analyzing data and designing clinical trials and laboratory
studies has grown, however, it has become increasingly difficult for each of
us biostatisticians to keep up with all the developments in our own field. The
task of communicating these advances to our medical colleagues thus has
become doubly difficult just as we are entering a new age in which so many
truly powerful statistical methods are becoming practical realities.

This book is one attempt, among many currently ongoing, to explain
some of the more recent developments in biostatistics to clinicians and
scientists who work in clinical trials. Each of the chapters describes a very
recent development in statistical methodology that is a powerful tool for
planning or analysis. The chapters are written at a variety of technical levels,
reflecting the individual styles of the contributors. Thus, I think unavoidably,
some chapters will be more accessible than others. If these chapters make
you aware of even one new method that you find useful, however, then 1
have achieved my goal.

Peter F. Thall



1. The alpha spending function approach to
interim data analyses

David L. DeMets and Gordon Lan

Introduction

Over the past three decades, clinical trials have become one of the major
standards for evaluating new therapies and interventions in medicine [1-3].
Numerous clinical trials have been conducted during this period across a
wide variety of diseases, evaluating drugs, procedures, devices, and biologic
materials. The fundamentals of the design, conduct, and analyses of clinical
trials have been developed and refined during this period as well. One such
fundamental is that clinical data should be carefully monitored during the
course of the trial so that unexpected or unacceptable toxicity can be
detected as soon as possible in order to minimize patient exposure; in
addition, trials should not be continued longer than necessary to prove the
benefits of the therapy or intervention under study, or to understand the
trade-offs between the benefits and risks of the therapy. In order to accomp-
lish this goal, the National Institutes of Health sponsored a committee in the
1960s to develop guidelines for the conduct of clinical trials. The chair of
this committee was Dr. Bernard Greenberg from the University of North
Carolina, and the report, which was issued in 1967, has become known as
the Greenberg Report [4], although it was only recently published in the
literature. This report endorses the concept of interim review of data by an
independent Data and Safety Monitoring Board (DSMB), a committee that
has no conflict of interest for the study. This typically means that committee
members should not be investigators entering patients into the trial. The
Coronary Drug Project (CDP) [5] was one of the first trials to implement
the Greenberg model.

The decision to terminate a trial early due to unacceptable toxicity or
substantial and convincing evidence of benefit is complex and must account
for many factors [5—-17]. These include possible imbalances in risk factors
between treatment groups, whether the patients have the risk profile assumed
in the design, patient compliance to therapy, quality and timeliness of data,
possible sources of bias, consistency of primary and secondary outcome
variables, the benefit-to-risk ratio, consistency of results with external data,
and the impact of early termination on the medical community as well as the

Peter F. Thall (ed.), RECENT ADVANCES IN CLINICAL TRIAL DESIGN AND ANALYSIS.
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public. Evaluation of these issues goes beyond routine statistical tests and
requires the collective judgment of experts, such as those represented by a
DSMB. That is, the DSMB usually has members with clinical, laboratory,
statistical, and epidemiological expertise and often someone with a back-
ground in ethics related to patient research.

One of the issues identified in the CDP experience was that repeated
analysis of accumulating data raises the chances of false-positive claims if
standard statistical methods are used at each analysis with no adjustments
for the repetition. The problem of repeated or sequential testing of data was
already well known by that time due to previous or ongoing work [18-25].
Canner [25] describes some of the methodology used in the CDP interim
analyses. While many statistical methods were available, the CDP experience
clearly indicated that the decision-making process to terminate a trial early
due to evidence of toxicity or benefit is complex, and statistical methods
alone are not sufficient [5]. Several trials conducted since then have con-
firmed this principle [6—12].

Nevertheless, while statistical methods cannot be used as termination
rules, they can be very helpful as termination or stopping guidelines [8~17].

A great deal of statistical research has occurred during the past 15 years
to develop, adapt, or modify existing statistical methods in order to provide
better tools for this complex decision process, including a recent text by
Whitehead [26]. This research has spanned frequentist, Bayesian, and
decision-theoretic points of view. We shall focus our attention on the fre-
quentist viewpoint. In particular, the frequentist approach attempts to
minimize false-positive claims by controlling the type I error probability or
‘alpha level.” Haybittle [27] and Canner [25] introduced the idea of using a
very conservative criterion at each interim analysis. Work by Pocock [28]
and O’Brien and Fleming [29] introduced an approach referred to as ‘group
sequential’ analyses of interim data, which can be viewed as an extension
of work pioneered by Armitage and others [22] on repeated significance
testing. The Pocock modification focused on the idea that when the DSMB
meets periodically, an additional group of subjects or events has been
observed. The number of interim analyses must be specified in advance,
and the number of patients or events must be divided equally between
analyses. However, how many times or exactly when a DSMB might meet
to conduct the safety and benefit assessment is not always easy to predict or
prescribe exactly. For example, the number of events observed between
successive meetings of the DSMB typically vary, i.e., are not equal. More-
over, the DSMB might spot a worrisome trend and request additional
meetings.

Lan and DeMets [30] extended the group sequential concept to a very
flexible method that controls the overall alpha level while allowing for the
number and exact timing of the interim analyses to remain unspecified a
priori. This general approach which has been used in a number of clinical



trials, will be described here. This chapter is an expanded version of summary
papers published previously [31-35], and it also summarizes numerous other
papers on this topic.

The alpha spending function concept

In fixed-sample, classical nonsequential designs, the allowed alpha level
corresponds to a single, final analysis. However, in repeated interim analy-
ses, the cumulative Type I error rate increases with each interim evaluation.
Armitage, McPherson, and Rowe [22] provided quantitative results showing
the actual cumulative type I error for various numbers of interim analyses
while using the conventional fixed-sample critical values each time. For
example, if the conventional critical value of 1.96 is used, corresponding to a
fixed-sample two-sided 0.05 significance level, the actual type I error rate is
nearly 0.15 for five interim analyses and almost 0.20 for 10 analyses. Five to
ten interim analyses are not uncommon for larger, longer-term follow-up
trials, but clearly type I error rates of 15% to 20% are unacceptably high for
critical or pivotal clinical trials.

The goal of the general group sequential approaches [28-30] is to control
the type I error rate. The alpha spending function, which will be formally
defined in the next section, allocates some of the prespecified type I error to
each interim analyses. The specific models proposed by Pocock [28] and
O’Brien and Fleming [29] are special cases of this approach. The alpha
spending function allocates the total allowable type I error rate through a
function based on the information accrued during the trial, such as the total
number of observed patients or events. That is, the spending function
depends on the fraction of patients or events observed at a particular interim
analysis out of the total number of patients or events expected or designed
for. This fraction, t*, referred to as the information fraction, indicates how
much of the trial has been completed in terms of the accumulated infor-
mation, and thus indicates how much of the allowable type I error rate
should be allocated. The value of the information fraction must be between
0 and 1. The alpha spending function must be equal to 0 at * = 0 and equal
to alpha at t* = 1.0, and it is nondecreasing in between. An example of a
spending function is given in figure 1 for a spending function that corresponds
approximately to an O’Brien—Fleming group sequential model. For each
interim analyses, the allocated type I error is determined by the alpha
spending function, which in turn corresponds to an adjusted critical value
for the test statistic computed at that analysis.

One limitation of previous group sequential methods is the requirement
that both the number and the exact time be specified in advance. For
example, a trial design might specify that five interim analyses are planned
at information fractions 0.20, 0.40, 0.60, 0.80, and 1.0. However, as the trial



Spending Function o (t*)

025

Alpha Level

Information Fraction

Figure 1. Alpha spending function indicating additional type I error rate, Aa, allocated
between interim analyses ¢} and 3.

progresses, the DSMB may not be able to meet when the information
fraction is exactly those prespecified fractions, or may need to meet more
frequently due to emerging toxicity or beneficial trends. This issue was
raised by one of the early cardiovascular trials that used the O’Brien—
Fleming group sequential model [6,10]. However, the alpha spending func-
tion does not require either a specific number of interim analyses or specific
times when they must occur. It does however require that the particular
spending function be specified in advance and that we know how many total
patients or events to expect in the trial. That is, the trial sample size must be
specified in advance, which most well-designed trials will in fact require.
Details regarding this flexible alpha spending function will be described in
the remainder of this chapter. When the number of patients or the number
of events for the whole study is uncertain, we need some modifications to
apply the spending function approach. This is illustrated below in the section
on survival analysis.

Formal alpha spending function a(¢)

Since the Lan—DeMets alpha spending function approach was introduced
in 1983 [30], a decade of research on this flexible method has emerged,
indicating how it can be used in a variety of settings. These include com-
parison of proportions, means, survival curves, and repeated measures, as
well as methods for computing confidence intervals and p-values. In the
following sections, we shall first formally define the alpha spending function
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[30,33-37] and discuss issues related to it and then illustrate the design and
analysis methods listed above.

Definition

In the fixed sample setting, we often wish to evaluate the null hypothesis of
no treatment effect using a test statistic Z compared to a critical value Z¢
that corresponds to a prespecified type I error or alpha level. We shall
consider only two-sided symmetric sequential tests, but extensions to one-
sided or asymmetric tests are self-evident and straightforward [38,39]. A
more theoretical development of this approach may be found in Lan and
Zucker [35]. The group sequential method for interim analyses defines a
critical value for each analysis Z¢(k), kK =1, 2, ..., K, such that the overall
type I error rate is maintained. In the Lan and DeMets [30] approach, the
total type I error is allocated to each analysis through the spending function,
which in turn determines the value of Zq(k). The trial continues to accrue
patients or events if, at the kth interim analysis,

1Z(k)| < Ze(k) for k=1,2,...,K—1,

where Z(k) is the test statistic for the kth analysis. If the test statistic
exceeds the boundary or critical value, then early termination of the trial
should be considered, after careful consideration of all the evidence as
discussed above. At the final planned analysis, the null hypothesis of no
treatment difference would be accepted if | Z(K)| < Z(K). The null hypo-
thesis would be rejected if the test statistic |Z(K)| = Z¢(K).

The test statistic Z(k) for all the groups at the kth interim analysis is
obtained from a summary of the results from each of the previous k groups;
that is,

20k = (VI 2*() + VB Z5Q) + . .. + VI, ()
Vi, +L+... +1),

where I; and Z*(i) respectively represent the amount of information and
the summary statistic for the ith group, which is comprised of the data points
accumulated between the (i) — 1th and ith DSMB meetings.

Consider the clinical trial to be completed in calendar time ¢ between
[0,T], where T is the scheduled recruitment time for an immediate-response
study or follow-up time for an event-based study [34,40,41]. During the trial
at calendar time ¢, let t* denote the information fraction, which is the
observed information divided by the total information expected or designed
for. If at the kth interim analysis, we observe information I; + I, + ... + I,
and expect to have total information of I at the scheduled end of the study,
then the information fraction ¢ at calendar time ¢fis (I; + I, + ... + I,)/L.
For comparing means or proportions, #; is approximated by n/N, the
observed sample size divided by the expected maximum sample size N. For
survival studies, #f is approximated by d/D, the number of observed deaths
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divided by the total expected number of deaths D. The information fraction
will be more formally defined in the next section. The Lan and DeMets
alpha spending function, a(#*) is defined such that a(0) = 0 and a(1) = a.
Group sequential boundaries or critical values for the test statistic computed
at the kth interim analysis can be determined according to the spending
function a(¢*). Let analysis times and information times be defined such that
O<y<h<...<tg<sTand0< it <8 ...<tf =1, where K denotes
the last and final analysis. Then we can determine the boundary values
Zc(k) at 1, for o(tf) by solving successively, under the null hypothesis of no
treatment effect,

Po{|z(D)] = Zc(1)
or |Z(2)| = |Zc(2)| or. . .or |Z(k)| = Zc(k)} = a(t})

for a two-sided test of the hypothesis. Note that Zc(k) is determined by the
spending function and the information fractions #f, #, . . . tf, but does not
depend on future information fractions or on the value of K.

The increment a(tf) — a(tf_,) represents the additional type I error rate
or alpha level that is allocated to the kth interim analysis. For a single fixed-
sample design,

Po{}Z(K = 1)] > Zo(K = 1)} = a(1) = 0.

That is, the total alpha is spent all at once at the end of the trial. By
examining the data at various intervals of information, we allocate the total
alpha to each analyses such that

Zk{o“(t:) - a(t:—l)} =a, k = ]-7 27 s K.
Evaluation of the probability Py requires knowing the distribution of the
sequence of test statistics {Z(1), Z(2), . .., Z(k)} under the null hypothesis.
If each group statistic Z*(i), i = 1, 2, . .., k is normal with mean zero and

unit variance and if they are independent, then the summary statistic Z(k)
also has a normal distribution with mean zero and unit variance. For this
case, the distribution function has a special form as a recursive density
function that can be numerically integrated to obtain the value of the type I
error rate spent up to that point for a given set of critical values [22,28,30].
If the individual group statistics do not have this independent increment
structure but still have some known or approximated multivariate distri-
bution, the spending-function approach can still be implemented, but it is
somewhat more complicated. Fortunately, most of the common applications
have this independent increment structure, as will be described below in the
section on applications.

The Pocock [28] boundary corresponds to a constant critical value for
each interim analysis, Zc(k) = Zp. The O’Brien —Fleming [29] boundary
decreases in absolute value as the information fraction increases such that
Zo(k) = Zogp/V(nIN) = Zope/ V (t*), where Zopr is a constant value.
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Spending functions can be defined that approximate O’Brien—Fleming [29]
or Pocock [28] boundaries, or something in between [30], as follows:

a,(t*) = 2 = 20(Z,/ V(1)) O’Brien—Fleming type
ox(t*) = a-In(1 + (e — 1)") Pocock type
a(t*) = a-t* Uniform

where ® denotes the standard normal cumulative distribution function. The
shape of the spending functions for these three functions are shown in figure
2 with an overall 0.05 type I error rate — for example, 0.025 allocated to a
positive trend and 0.025 to a negative trend.

In table 1, we have indicated the comparison of the critical values or
monitoring boundaries for the test statistic computed in this manner to those
provided in the Pocock [28] and O’Brien—Fleming [29] papers for a total of
K = 5 analyses at equally spaced information fractions * = 0.2, 0.4, 0.6,
0.8, and 1.0. Note that the boundaries are not exactly equivalent, since they
are defined differently, but they are very close. Pocock’s method yields a
constant critical value of 2.41 in comparison to a naive boundary value of
1.96. The O’Brien—Fleming coefficient is 2.04, which provides the critical
values when adjusted by the information fraction. It should be emphasized
that these two methods initially required equally spaced increments of infor-
mation, with the number of interim analyses to be specified in advance. The
Lan—-DeMets version does not have these constraints. The boundaries for a;

Spending Functions
Alpha

Information Fraction

Figure 2. Comparison of spending functions o,(t*), 0,(¢*), and as(¢*) at information fractions
= 0.2,0.4,0.6, 0.8, and 1.0.



Table 1. Comparison of boundaries using spending functions
with Pocock (P) and O’Brien-Fleming (OBF) methods (o =
0.05,* =0.2,04, 0.6, 0.8, 1.0)

r* o, (%) OBF a(t*) P
0.2 4.90 4.56 2.44 2.41
0.4 335 3.23 2.43 2.41
0.6 2.68 2.63 2.41 2.41
0.8 2.29 2.28 2.40 2.41

1.0 2.03 2.04 2.39 2.41

Group Sequential Boundaries

4.0 ~
Reject Hy
3.0 -
20 -
1.0
Accept
Hy

Standardized Statistic
>
T

® O’Brien-Fleming
A Truncated O’Brien-Fleming

25 .50 75 1.0
Information Fraction

Figure 3. Upper boundary values corresponding to the a,(t*) spending function for o — 0.05 at
information fraction ¢* = 0.25, 0.50, 0.75, and 1.0 and for a truncated version at a critical value
of 3.0.

are shown in figure 3 for interim analyses at * = 0.25, 0.50, 0.75, and 1.0.
Since the early boundary values may be very extreme, we can also truncate
these extreme boundaries at some large value such as & 3.0 without affecting
the rest of the boundary. More general classes of spending functions have
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also been developed [36,37], but the three spending functions described here
represent the range of alternatives. Nonsymmetric boundaries are also
possible [37-39] by setting different alpha levels to be spent for positive or
negative treatment effects. The generalizations from the methods described
here are straightforward.

Information fraction

A simple way to describe ‘statistical information’ is that each patient rando-
mized in a clinical trial contributes up to one unit of ‘statistical information’
to a specific endpoint [40-42]. When the data are analyzed, a patient’s
contribution is ‘one’ if his or her endpoint has been completely measured
and ‘less than one’ if it was only partially measured. The exact amount of
information contributed by a patient depends on the nature of the endpoint,
the patient’s follow-up time, the statistical test used for treatment group
comparisons, and possibly some other factors. Let us use some examples to
elaborate on this point. Suppose ‘one-week mortality’ is the endpoint being
considered. A patient, one week after randomization, is either dead or alive
and contributes one unit of information to the study. Another patient, three
days after randomization, can also contribute one unit of information if he
or she is dead by then. If still alive, he or she contributes no information to
one-week mortality. If an endpoint can be measured completely soon after a
patient enters a study, then ‘the amount of information observed’ practically
has the same meaning as ‘the number of patient randomized into the study.’
Other examples of immediate outcomes are 24-hour blood pressure change
or 90-minute reperfusion rate.

The situation is more complicated when we are interested in the exact
survival time of the patients [40,41]. In most clinical trials, we do not follow
all the patients until their deaths before we analyze data. Therefore, the
amount of information available when the data are analyzed is usually less
than the number of patients in the study. Obviously, the longer the follow-
up, the more information a patient contributes to the study. Similarly, if we
are interested in, say, the change of FEV; (forced expiratory volume in one
second) of lung disease patients, we do not measure the patients’ lung
functions continuously. Instead, we ask the patients to come back for
periodic checkups and take their FEV; measures then. In this case, the
amount of information a patient contributes depends on the frequency and
spacings between visits of this specific patient.

When we design a two-group clinical trial, we assume a specific treatment
difference and then compute the amount of information required to reach a
certain power. If the data are analyzed only once after all the information
has been accumulated, we have only one chance to make a type I error or to
make a false-positive decision. We consider this design to be ‘spending’ all
the alpha at the end of the study. In many large-scale clinical trials, data are
monitored periodically, and decisions on treatment comparisons are made
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sequentially [42]. In order to maintain the overall alpha at a desired level,
we ‘spend’ this fixed amount of alpha as information is being accumulated.
In other words, the ‘spending function’ specifies the proportion of alpha to
be spent as a function of ‘information accrued.” However, the total infor-
mation varies from study to study, and it is more convenient to express the
spending of alpha as a function of the information fraction

(amount of information contributed by all the
patients when data are analyzed)

*
r= (amount of total information for the study) ’
which varies from 0 to 1 as the study proceeds.

Since the total amount of alpha is fixed for a study, a conservative
monitoring plan would spend a small amount of alpha at the beginning of
the study so that more can be reserved for the later part of the study.
Conversely, an aggressive monitoring scheme spends a large amount of
alpha at the beginning and leaves a small amount of alpha for later, such as
ax(t*). Note that this general concept can be visualized as the ‘shape’ of the
spending function. Roughly speaking, an aggressive monitoring spending
function results in earlier stopping when a treatment difference is large, but
has less power to detect a treatment difference when compared to a more
conservative spending function. Conservative spending functions do not
easily allow for early termination, and their final critical value is close to the
fixed-sample critical value as in o(¢*). If the amount of total information is
uncertain, but the duration of the trial is fixed, then the information fraction
at the time of data monitoring has to be estimated. An illustration is given
below in the section on survival analysis.

Change of frequency and overruling

The methods initially proposed by Pocock [28] and O’Brien and Fleming
[29] assumed that the number and timing of the interim analyses are fixed in
advance. While most of the information can be captured in a few interim
analyses [12,13,37,43], the DSMB may request additional interim analyses
due to emerging trends. When the alpha spending function approach was
introduced by Lan and DeMets [30], concern was expressed that this very
flexible approach could be abused if the frequency of interim analyses were
changed due to emerging trends. This concern was addressed by several
researchers, including Lan and DeMets [44] and Proschan et al. [45]. Lan
and DeMets simulated several scenarios in which the frequency of interim
analyses would be doubled if the emerging trends got to within 80% of the
current critical value or boundary. The results of one simulation study are
given in table 2 and, as shown, there is a negligible increase in the type I
error. Proschan et al. [45] considered more intense strategies to abuse the
spending function. In their worst case, the alpha level or type I error rate
was doubled, but for the more common spending functions, such as the
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Table 2. Simulation results for impact of changing frequency on
the alpha level and power

Spending function

o, (1) —

O’Brien-Fleming a,(t*) — Pocock
0 Rule 1 Rule 2 Rule 1 Rule 2
0 0.024 0.025 0.025 0.026
2 0.508 0.511 0.431 0.432
4 0.845 0.846 0.782 0.782
5 0.976 0.976 0.960 0.959

Rule 1: Interim analysis at t* = 0.25, 0.50, 0.75.

Rule 2: If test statistic at interim analysis is within 80% of a
boundary per rule 1, double the frequency of interim
analyses.

0 = AVK, where A is the noncentrality parameter of the test

statistic.

O’Brien—Fleming type spending function, the alpha level did not inflate
noticeably. It is, of course, not permissible to change the spending function
during the course of the trial. This point needs to be emphasized because, if
spending functions are changed, there is no longer any control over type I
error, and serious abuse is possible — that is, the interim monitoring process
would have little credibility.

Application: design and analysis

So far, we have described the alpha spending function in terms of a general
test statistic Z evaluating a treatment effect. In this section, we shall describe
how this general approach can be applied to a few specific test statistics. For
each case, we shall describe the test statistic, the design approach, and the
implementation for the interim analysis.

Although the alpha spending function provides the desired flexibility in
the analysis phase, for design purposes, it does require some prior specifica-
tion of the number of interim analyses and the times. Once the design,
including the target sample size, has been established, the frequency and
timing of the interim analyses may vary using the alpha spending approach
without any significant impact on the overall type I error rate [44]. Thus, the
design strategy or alpha spending function [46] is essentially the same as that
described by Pocock [28].

Comparison of means

Some clinical trials compare mean levels of response. The basic hypothesis
being tested is that there is no difference in mean values, pu (i.e., no

11



treatment effect). We have some treatment effect in mind that we would
like to detect (the alternative hypothesis). More formally, let the null hypo-
thesis H, be defined

Hy: pc—pr=20
Ha: pc—pr=98+#0

where pc and pr represent the true control and treatment group means, and
d represents the value of hypothesized treatment effect compared to a
control. We would obtain a sample mean from each group, control and
treatment, and then compare means as follows:

7= Xc — Xr
" oV1iim + 1/m

assuming equal sample size m for each group for simplicity, where ¢ denotes
the population standard deviation. Since ¢ is unknown, we may estimate ¢
by &, the sample standard deviation. For a large enough sample size, this
statistic has approximately a normal distribution with mean 0 and unit vari-
ance under the null hypothesis. Under the alternative hypothesis (8 # 0),
this statistic has a normal distribution with mean A and unit variance, where

A = (pc — pp)/(cV1lm + 1 U/m).

In the design phase, we might specify a total of K planned interim analyses
after every increment of n patients per group. The test statistic after the kth
such group is

where Xc and Xr are the means across all k groups.
For this case, we can write the value of the parameter A, the expected
value of the statistic under the alternative hypothesis, as

A = Va(ue — p)/ V262 = Vns/V26?

so that
2A2 2
n=—" = N,
(e = pr)

In order to design our studies, we evaluate the previous equation for n, the
sample size per treatment per sequential group. Since the plan is to have K
groups each of size 2n, the total sample size 2N equals 2nK. Now, in order
to obtain the sample size in the context of the alpha spending function, we
proceed as follows:

1. Fix the number of planned interim analyses K at equally spaced incre-
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ments of information (i.e., 2n subjects). It is also possible to specify
unequal increments, but equally spaced is sufficient for design purposes.

2. Obtain the boundary values of the K interim analyses under the null
hypothesis Hy to achieve a prespecified overall alpha level, a, for a
specific spending function a(¢*).

3. For the boundary obtained, obtain the value of A to achieve a desired
power (1 — B).

4. Determine the value of n that determines the total sample size 2N =
2nK. :

5. Having computed these design parameters, one may conduct the trial
with interim analysis to be done based on the information fraction
approximated by

t; = Number of subjects observed/2N

at the kth analysis. The number of actual interim analyses may not be

equal to K, but the alpha level and the power will be affected only

slightly [46].
As a specific example, consider using an O’Brien—Fleming-type alpha
spending function a,(¢*) with a two-sided 0.05 alpha level and 0.90 power.
We wish to test an alternative hypothesis Ha: pe — pr = 8 = 0.50, a
difference of half a standard deviation. We also plan to perform five (K = 5)
interim analyses at t* = 0.2, 0.4, 0.6, 0.8, and 1.0. Using previous publica-
tions [29] or available computer software, we obtain boundary values 4.56,
3.23, 2.63, 2.28, and 2.04. Using these boundary values and available soft-
ware, we again find that A = 1.28 provides the desired power of 0.90 to
detect § = 0.5c. Thus, substituting for A, we find

2A%6?
= 7 = 8(1.28)* = 13.1;
" Goy T
i.e., we would require a total sample size of 2N = 2nk = 2(13)5 = 130

patients.

As we conduct the kth interim analysis, we will compute the exact group
sequential boundary Zc(k) through the use function a,(¢f), where the infor-
mation fraction #§ will be approximated by the observed sample size divided
by 130.

Comparison of proportions

Many trials also compare the frequency of events between two treatment
groups. The process for design and interim analyses proceeds in a similar
fashion to that described for the comparison of means. Here,

Ho: pc~pr=20

HAZ Pc —pPr= 0#0
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where pc and pr denote the unknown response rates in the control and new-
treatment groups, respectively. We would estimate the unknown parameter
by pc and pr, the observed event rates in our trial. For a reasonably large
sample size, we often use the following test statistics:

_ pc— br

V(I - p)(Umc + 1/my)
to compare event rates where p is the combined event rate across treatment
groups. For sufficiently large mc and mr, this statistic has an approximate

standard normal distribution with mean A and unit variance under the null
hypothesis Hy: A = 0. In this case,

A = Vi(pc — pr)/V2p(1 = p) = Vrs/V2p(1 - p)

and

20%(1 — p)
n = —82——
Similarly to the example given above in the section on comparison of means,
we might design a trial for K = 5 interim analyses using an O’Brien—
Fleming-type spending function o,(t*) at equally spaced increments for a
two-sided alpha level of 0.05. If we specify pc = 0.6, pr = 0.4 (p = 0.5)
under the alternative hypothesis, then we can obtain a sample size as
follows. For A = 1.28,

_2(1.28)*(0.5)(0.5)
B (0.2)?
and we have a total sample size of 2(21)5 = 210 subjects. We can then

proceed to conduct interim analysis times at information fraction ¢} equal to
the observed number of subjects divided by 210.

= 20.5,

Survival analysis

In survival analysis, linear rank statistics, which include the logrank statistic
and the Wilcoxon statistic, are commonly used for two-group comparisons
of survival curves [47]. The logrank statistic takes the form X (0, — E;),
where the sum is over all the events. The observed value O; indicates
whether the ith event comes from group 1. To be more specific, O; = 1 (or
0) if the ith event is for a group 1 (group 2) patient, respectively. The
expected value E; corresponds to the proportion of group 1 patients at risk
when the ith event occurs. A linear rank statistic takes the form ,W, (O, —
E,), where W, corresponds to the ‘weight’ of the ith event. For the logrank
test, the weights are equal to 1. The Wilcoxon statistic, for example, puts
more weight on earlier events than later events [48]. In the 1980s there were
some important developments in group sequential monitoring of survival
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data [49-56]. It has been shown that the sequential methods developed for
the comparison of two means also apply to the comparison of two survival
distributions. The concept of information, however, needs some modifica-
tion. The term information corresponds to the variance of the linear rank
statistic; hence it has different interpretations for different tests. We use the
logrank test, which is the logrank statistic normalized by its standard devia-
tion, to illustrate the concept of information in the survival setting.

First of all, sample size alone is not enough to reflect the amount of
information in a survival study. Suppose we plan to recruit 2000 patients,
1000 each in group 1 (standard treatment) and group 2 (new treatment). If
each patient is followed for just one day, we may end up with few or
even no events at all. Despite the large sample size, we will not have
much information to distinguish the effects of the two treatments. In this
setting, the information provided by each patient can be explained through
the distribution function of the survival time. Consider the following
hypothetical example:

Follow-up time 1 month 2 months 3 months 4 months
Probability of death 0.3 0.4 0.45 0.5

Suppose, at the first day of each month, we recruit 100 patients into the
study. (A more realistic recruiting scenario will be discussed later.) After
four months, we have recruited 400 patients. The first 100 patients in the
study have been randomized for four months and we expect 100 X 0.5 = 50
events. The next 100 patients recruited have been in the study for three
months, and we expect 100 X 0.45 = 45 events. Similarly, for the 100
patients recruited in the third and fourth months, we expect 100 X 0.4 = 40
and 100 X 0.3 = 30 events, respectively. The total expected number of
events, 165 = 50 + 45 + 40 + 30, represents the amount of information
available for the comparison of survival times for the two treatment groups.
Note that the amount of information contributed by a patient depends on
the ‘time since randomization,” which is the duration between randomization
and data analysis. A patient’s contribution of information to the study is 0.3
after one month of randomization, 0.4 after two months, 0.45 after three
months, and 0.5 after four months. The number 165 = (100 x 0.3) + (100 x
0.4) + (100 x 0.45) + (100 x 0.5) is the total of the contributions from the
400 patients in the study. In practice, we recruit patients every day; we need
an extension of the above table to evaluate information accurately, but the
fundamental principle is the same. When survival data are compared at
calendar time ¢, the corresponding information fraction is

. (expected number of events by ¢)
(expected number of events in the entire study)’

Since the expected number of events is not observable, we must use the
observed number of events to replace them in practice. With this modification
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of information, the sequential boundaries presented earlier apply to the
monitoring of the logrank test for comparisons of two survival curves. Note
that the sequential boundaries are employed to control the type I error rate
under the null hypothesis — namely, that there is no treatment difference.
Under the alternative, we assume that the new treatment is ‘better,” a term
that in most practical situations is not very well defined [42]. However,
under the proportional hazards model, the sequentially computed logrank
statistics {Z,} behave like the {Z,} for the comparison of two means. That
is, the methods involved in the design and data monitoring for the com-
parison of two means also apply to the comparison of two survival curves
using the logrank test [49,50,53-57].

To design a study using the logrank test to compare the survival patterns
of two treatment groups, the concept of information is expressed as the
(expected) number of events, which corresponds to the number of patients
in the comparison of two means. The treatment difference (uc — pr)/o in
the comparison of means is replaced by log(hazard ratio) for the survival
setting. If we can use a maximum information design, where the trial ends
when a specified number of events is observed, then the evaluation of the
information fraction at data monitoring is relatively straightforward. The
information fraction may be estimated in one of three ways. We might
estimate it by the fraction of observed control (placebo) group deaths of the
total expected control group deaths. We might also compute the ratio of
total observed deaths in both groups to that expected, where the expected
number of deaths is estimated under the null hypothesis of no treatment
difference. Alternatively, we might estimate the information fraction as the
ratio of the total number of observed deaths to the total number of expected
deaths, estimated under the alternative hypothesis. Any of these approaches
is, valid, but the latter is preferred.

Due to budgeting or other logistical reasons, many studies are design to
last for a specified period of calendar time. Such a design is called a
maximum duration design, in contrast to a maximum information design.
Here, we may not observe a prespecified number of events in the fixed time
of follow-up. We could, of course, guess the total number of events to be
observed, but we might over- or underestimate the number of expected
events. For a maximum information design in a survival setting, several
approaches to estimating the information fraction have been proposed [53].
One simple way is to estimate ¢* by the fraction of study calendar time.
Another more dynamic approach is to estimate the information fraction by
the patient exposure time. For simplicity, we consider only the calendar
time fraction estimate in this chapter.

We illustrate these methods for estimating #* with data from the Beta-
blocker Heart Attack Trial (BHAT) [6]. The BHAT [6] trial was a randomized
double-blind multicenter trial evaluating the effectiveness of a beta-blocker
drug, propranolol, in reducing mortality in patients who had recently suffered
a myocardial infarction. With a two-sided significance level of 0.05 and a
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90% power to detect a 20% reduction in mortality over a three-year follow-
up, adjusting for noncompliance, a target sample size of 4000 patients was
established. Recruitment was to be completed in two years and began in
June of 1978. Follow-up was to end in June 1982. After a mean follow-up of
almost two years, the trial was terminated nearly a year early due to a
significant reduction in total mortality. Details of the decision process, given
in [10], included the fact that the logrank statistic crossed the O’Brien—
Fleming boundary. As already indicated, the numbers of deaths between
analyses were not equal, and the frequency of analyses could have changed
toward the end, although in fact it did not. The method we will present here
was developed after the BHAT termination and does not reflect what
actually happened. For our present purposes, we shall apply the O’Brien—
Fleming-type spending function, a,(¢*), with a two-sided 0.05 alpha level to
monitor this trial in retrospect.

As indicated in table 3, BHAT was scheduled to be monitored seven
times, each approximately six months apart. In practice, the BHAT trial was
monitored at calendar times ¢, = 11, 16, 21, 28, 34, and 40 months. BHAT
was stopped early at t, = 40 (October 1981) with a logrank Z-value of Z(6)
= 2.82 favoring propranolol. The observed numbers of events at data
monitoring were d; = 56, 77, 126, 177, 247, and 318, respectively. The total
number of events, D, expected at calendar time #; = 48 months (June 1982)
was estimated to be 400, based on the lifetable available in October 1981
under the alternative assumption of a 20% reduction in mortality. The
logrank Z-values at the six data-monitoring interim analyses were Z(i) =
1.68, 2.24, 2.37, 2.30, 2.34, and 2.82, respectively.

Had the BHAT been designed to follow all the randomized patients until
400 events were observed — a maximum information trial — then the
information fractions would have been 56/400 = 0.14, 77/400 = 0.19, 126/400
= 0.32, 177/400 = 0.44, 247/400 = 0.62, and 318/400 = 0.80. The cor-
responding monitoring boundary values for the six observations would have

Table 3. Interim analyses for the BHAT [10] trial using the alpha spending function o,(¢*) with
D =400, T = 48

Maximum information =~ Maximum duration

Calendar  Total Information Information

Planned time observed Logrank fraction Boundary fraction Boundary
analysis (# months) deaths (d) Z (d/D) value T value

1 11 56 1.68 0.14 5.88 0.23 4.53

2 16 77 2.24 0.19 5.04 0.33 3.73

3 21 126 237 0.32 3.79 0.43 3.24

4 28 177 2.30 0.44 3.19 0.58 2.74

5 34 247 2.34 0.62 2.64 0.70 2.49

6 40 318 2.82 0.80 2.30 0.83 2.27

7 48 — — — — — —
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been 5.88, 5.04, 3.79, 3.19, 2.64, and 2.30. Again, this boundary would have
been crossed at ¢ = 40, or t* = 0.80, with logrank statistic Z = 2.82.

However, since the BHAT was a maximum-duration trial of 48 months,
we shall consider other ways to estimate the information fraction £*. As
indicated previously, one simple way to estimate * is by the fraction of
calendar time. Let us reset calendar time ¢ = 0 at June 1987, with the study
ending in June 1982 when ¢t = 48 (months). When data were monitored at
time ¢ between 0 and 48, we estimate ¢* by #/48. This estimate may not be
perfectly accurate, but it is simple to use. A slightly more accurate method
for estimating ¢* in a maximum-duration trial may be found in Lan and
DeMets [40]. Note that the information fractions differ depending on which
approach is used to design the trial.

In the original analysis, assuming equal increments from the O’Brien—
Fleming [29] paper, the sixth of seven critical values was 2.20. If the test
statistic had not exceeded the boundary value, it is possible that the DSMB
might have called for another interim analysis at * = 0.9, for example. With
this methodology, the exact boundary value could be computed.

The concept of information for the Wilcoxon test involves the joint
distribution of censoring and survival time. When the mortality rate is low in
a study, the information fraction of the logrank test gives a good appro-
ximation to the information fraction of the Wilcoxon test. In general, there
is no simple interpretation of information for the Wilcoxon test. The
interested reader should consult Lan, Rosenberger, and Lachin [57].

Repeated measures

Many trials consider outcomes other than a single mean value, an event, or
time to failure. Trials may be designed in which a specific outcome (e.g.,
bone density, visual acuity) is measured repeatedly during the follow-up
period. This design area, referred to as repeated measure design, has also
been the subject of group sequential methods. Lee [58] provides an overview
of this general class of methods. We shall focus on the most basic of
repeated measures designs, namely, those that compare changes in a con-
tinuous response variable over time [59-64]. Wu and Lan [62] describe both
linear and nonlinear mixed effects models.

Consider a trial in which, for each patient, several responses yy, y2, . . .,
y; are measured at successive follow-up times xi, x5, ..., x;, and a least
squares slope is computed to summarize the patient’s response over time.
A common model to analyze such a design would be a linear random
effects model

yi=Bo+ P +e j=1,2,...,J

for a specific patient, with By being the intercept or constant, f; being the
slope or change over time, and ¢ the deviation from the linear model. The
g’s are assumed to be independent and normally distributed with mean 0
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and variance 62.The slope By is assumed to be a random variable representing
change over time, which varies from patient to patient. If B; varies across
patients according to a normal distribution with mean B; and variance 63,
then

J

> (=D - 7)

ﬁl =1

i (x; — X)?

is an unbiased estimator of B; with variance

Vo = o1 + 5 ).

where R = o#/c}. The information from a single patient is

1+ Z—(XRT)—}

If we estimate a slope for each patient and take weighted averages across
patients in the control group, then the estimated slope is

= ZwePi s
o = Z LS
Twg

where w, = V(B,.s)"!. Expressions for the treatment group (T) are similar.
In this case, the information fraction at the kth interim analysis would be

t; = {Var(Bo)™' + Var(By) "'}

where [ is the anticipated total information at the end if all observations are
obtained. This figure is estimated in such a repeated-measures design. The
test statistics Z; is the standardized difference between the slope B¢ and PBr,
computed across all patients and observations available at the point in time
of the kth interim analysis:

_ Bcgg) - ﬁTg_k) .
\/V(BC(k) = Brw)

These test statistics are compared to the critical values obtained from the
alpha spending function determined by the information fraction ¢} for k =
1,..., K

An example of sequential monitoring under a simple linear mixed-effects
model is provided by Lee and DeMets [60]. Bone density was repeatedly
measured in a population of postmenopausal women to evaluate a calcium
supplement treatment compared to a placebo control. Thirty-seven women
were randomly assigned to receive calcium and thirty-seven to receive
placebo. Bone density was measured on each woman 10 or 11 times over a

k
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five-year period [65]. Lee and DeMets [60] reanalyzed these data sequentially
using a mixed-effects model fitting simple linear regression with a random
slope coefficient for each woman. However, in their analysis, the number of
measurements observed divided by the number expected was used as a
surrogate for information fraction. Reboussin, Lan, and DeMets [66]
repeated the analysis, but estimated the information fraction as described
above. The expected total information was estimated by summing over the
planned measurement times for each individual and then across individuals.
Variances were estimated from these data, but would have had to be
estimated from another source in the actual design of this trial. At each of
five interim analyses, the observed information was computed using the
variance estimates, and the information fraction was computed by dividing
the observed the total expected. The test statistic computed at each interim
analysis compares the two linear slope estimates of bone density decline.
The spending function, o,(t*), was used but the corresponding boundary
was truncated at a maximum value of 3.5. The results of these analyses are
shown in table 4. As indicated, the test statistic exceeds the corresponding
boundary for the spending function at t* = 0.77 in the fourth interim
analysis. Note that the information fractions are not equally spaced. If this
monitoring procedure had been available, early termination of this trial
might have been considered, although other factors might have argued for
continuation. Note also the extreme value of the test statistic at the second
analysis, which did not cross the monitoring boundary at that time and
diminished in value at subsequent analyses.

Repeated confidence intervals

Above we have discussed the frequentist approach to group sequential
monitoring from the hypothesis-testing point of view. An equally relevant
approach is to calculate a confidence interval for the parameter of interest
for treatment effect (e.g., difference in proportions, ratio of hazards) at
each interim analysis [12,67—-69]. As confidence intervals are computed,
specific treatment differences of interest can be ruled in or out as possible
values of the parameter. If all values of possible interest fall outside the

Table 4. Sequential analysis of repeated measurement of bone density study [65] (alpha = 0.05,
a,(¢*) spending function)

Interim Information Information Test statistic Boundary
analysis observed fraction (£*) (2) value (Z¢)
1 0.24 0.01 0.38 3.50
2 2.61 0.11 3.14 3.50
3 8.83 0.37 2.33 3.50
4 18.48 0.77 2.49 2.31
5 24.15 1.00 2.19 2.02
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confidence interval, the trial might be stopped with the conclusion that no
difference of interest exists. However, if 0 should not be in the interval, we
might stop and declare a treatment difference.

If the parameter representing treatment differences is denoted by 0, a
nominal 95% confidence interval for a fixed sample design would have the
general form 6 £ 1.96 SE(8), where 6 is our estimate of 6 and SE(8) is the
standard error of the estimate §. However, to use this nominal form
repeatedly creates a similar type of problem as in the repeated testing
approach: this nominal confidence interval will not have appropriate cover-
age. Thus, some adjustment must be made in order to compensate for the
repeated application.

Jennison and Turnbull [67,68] have developed a repeated confidence
interval (RCI) approach for the group sequential setting, modifying earlier
sequential confidence interval approaches (see, for example, Robbins [23]).
Formally, we want to construct a sequence of confidence intervals [0, 6]
for 6 such that

Pe{e c [Qka ék] for all k} =1-a.

That is, this sequence of intervals will collectively cover or include the
unknown parameter with probability 1 — a.

Jennison and Turnbull [67,68] construct the repeated confidence intervals
by inverting the group sequential test in which the critical value at the kth
analysis Zc(k) is determined by the alpha spending function. These RCIs
are of the form

ék = ék - Zc(k)SE(ék)
Gk = ék + Zc(k)SE(ék)

The coefficients Z(k) are the same critical values used for the repeated
hypothesis testing. For example, for a 0.05 O’Brien—Fleming type boundary
(as discussed above in the section on comparison of means), at the third
(k = 3) interim analysis, the critical value was 2.63. Thus our RCI for 6
would be 65 + 2.63 SE(63). The RCI and sequential test of H, will yield the
same conclusions regarding the null hypothesis Hy:0 = 0. However, RClIs
provide more information about other possible values of the unknown
parameter. For example, a DSMB may not want to terminate a trial unless
they are sure that 8 > 0, > 0; that is, the lower limit 8, > 6, > 0. This
might occur if they judged that the treatment would have to have a differ-
ence much greater than 0 to compensate for coexisting toxicity.

This particular alpha spending approach to RCI has similar advantages as
described for group sequential testing in that neither the timing nor the
number of interim analyses needs to be specified in advance. The total
expected information, / (e.g., a sample size of 2N) must be determined for
the design and used to calculate the information fraction for a specified
alpha spending function. The RClIs are especially useful for equivalence
trials [12,70-72] that are designed to test if two treatments have an effect
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within a specified acceptable difference and thus may be interchanged. That
is, the treatments are ‘equivalent’ with respect to benefit, but one might be
less expensive, less toxic, or less invasive.

The repeated confidence interval approach has been utilized in cancer
and AIDS trials to establish equivalency [70—72]. For example, Fleming [72]
describes the use of this concept by the Oncology Advisory Committee for
the Food and Drug Administration (FDA). Federal regulations require
cancer drugs to show an effect on survival, quality of life, or pain. Oncol-
ogists continue to seek new treatments or treatment combinations that may
be ‘equally effective’ to the standard therapy but that offer an additional
advantage such as being less toxic, less invasive, or more convenient to the
patient. However, to establish a treatment as ‘equally effective’ requires
setting a range of therapeutic equivalence — that is, a range of values for a
relative risk (e.g., ratio of mortality in the new therapy compared to the
standard) that oncologists would consider an even trade to gain the advantage
of the new treatment. Often, the range of 0.8 to 1.2 for the relative risk is
suggested as the definition of ‘equally effective’ or therapeutic indifference.
Meier [24] discussed this idea, but did not adjust the confidence interval for
repeated testing.

In this setting, we can imagine an equivalence trial in which RCIs are
computed for each interim analysis. The trial would continue until the upper
confidence limit for the relative risk was less than 1.2, meaning that we are
reasonably (e.g., using 95% RCI for a 5% level alpha spending function)
sure that the new treatment is not more than 20% worse than standard
therapy. We might not have yet ruled out the possibility that the new
therapy might even be superior; that is, the upper confidence limit is less
than 1. However, if the RCI were contained in the rage (0.8, 1.2), we could
terminate the trial, ruling out both a therapeutic advantage or disadvantage.

Sequential estimation

Once a trial has been completed, we would like to estimate the treatment
effect. In the comparison of two means, the treatment difference is expressed
by the difference between the mean responses (sometimes standardized by
the standard deviation) from the two groups. In the survival setting, the
hazard ratio is one way to indicate treatment difference, if it remains
constant over time:

hazard ratio = (hazard of group 1)(hazard of group 2).

For a fixed sample size or fixed information study, the observed treatment
difference, which we will call the naive point estimate, at the end of the
study is unbiased. The (1-2a) confidence intervals can also be constructed
in the traditional way as

(point estimate) + z.(standard deviation of point estimate).
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In general, construction of the point estimate or confidence intervals in the
sequential setting is not so straightforward [73-83]. Naive estimates are
biased after a sequentially designed trial has been completed, and appro-
priate adjustments for unbiased point estimates involve parameters whose
values are typically unknown. Different proposals have been made to con-
struct confidence intervals with correct coverage probability following a
sequential test [73,74,77,79]. The authors of these proposals suggest different
ways to order the sample space for sequential trials. The question is how to
determine a treatment difference at one time point so that it is either more
or less extreme than a difference at a second time point. In the Siegmund
scheme [73], any result that exceeds the group sequential boundary at one
time point is more extreme than any result that exceeds the boundary at any
later time point. None of these methods is considered to be universally
better than the others [79,82]. However, while the ordering suggested by
Siegmund [73] and adopted by Tsiatis et al. [74] can break down, these cases
are quite unusual [82]. Thus, we suggest using the method outlined in Tsiatis
et al. [74].

Hughes and Pocock [83] pay particular attention to the fact that clinical
trials that stop early are prone to exaggerate the magnitude of the treatment
difference. They propose a Bayesian ‘shrinkage’ method, which uses a prior
distribution to adjust the point and interval estimates. This approach requires
a general agreement on the choice of prior distribution, however.

For sequentially designed trials, where there is a possibility of early
termination, the amount of information obtained in the study may be less
than that specified in the protocol. As a result, the power of a fixed design is
greater than the power of a sequential design with the same maximum
amount of information. Roughly speaking, there are two different types of
strategy in sequential data monitoring. The aggressive one (the Pocock
boundary is an example) puts more emphasis on early termination, and the
conservative one (the O’Brien—-Fleming boundary is an example) puts more
emphasis on preserving power. The O’Brien—Fleming-type boundary is
more commonly used for sequential data monitoring in many clinical trials.
Such a conservative sequential plan is similar to a fixed-sample plan, and
naive point and interval estimates are often adequate in practice. For
aggressive sequential plans, one of the above-mentioned methods can be
employed to reduce estimation bias. Sequential estimation is an important
issue, and further research is still necessary.

Final remarks

In our experience over a variety of clinical trials, the alpha spending function
implementation of group sequential interim monitoring has proven to be
very helpful. It can be applied to most of the typical designs and analyses
required in clinical trials and still has the necessary flexibility to meet the
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scientific and ethical needs of a data monitoring committee. Not all issues
are totally resolved, however. One example is point estimation, described
earlier. Another issue is what to do if the boundary values are crossed for
the primary outcome, but the DSMB finds overwhelming reasons to continue
[9,33,34,84]. From a statistical point of view, we can reject the null hypo-
thesis no matter what Z-value is observed in the future. However, we find
that most people feel uncomfortable with this approach and prefer to reject
the null hypothesis only when the future Z-value exceeds a certain boundary.
One suggestion [33,34] is to recapture all the previous alpha that has been
spent and to redistribute it over the remainder of the trial.

In general, the alpha spending function approach is a generalization of
previous versions of the group sequential approach, which provides not only
control of the type error but also the flexibility required by the data moni-
toring process. If the alpha spending function with the total information or
total duration is prespecified, the approach, while flexible for changes in the
frequency and timing of analyses, is not subject to abuse. The alpha spending
function approach has been used successfully in a wide variety of clinical
trials that have often taken advantage of its inherent flexibility. While the
decision to terminate or to continue a trial is a complex decision process, we
recommend the alpha spending function as one factor in that process.
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2. Issues in the design and analysis of
AIDS clinical trials

Dennis O. Dixon and Jeffrey M. Albert

Introduction

The AIDS epidemic has provoked a massive response from the worldwide
scientific community. To address the need for rapid evaluation of
new treatments for the primary viral infection and related opportunistic
infections, malignancies, and other illnesses, the Federal Government
established the largest publicly-sponsored program of clinical trials ever
undertaken. As intended, these resources made it possible to enlist
many gifted academic and government scientists in the effort, including
biostatisticians and other clinical trialists. There have been advances in
connection with several aspects of clinical trial design and analysis, and the
body of this chapter highlights a few of these. Before beginning, however,
we consider the question of why it is necessary, or at least useful, to focus
on advances in methodology for AIDS clinical trials.

The short answer is that it is not necessary at all; trials methodology
applies regardless of disease. On the other hand, issues inevitably rise to
prominence earlier in one disease area than another, according to sometimes
surprising external considerations.

An indication of the way in which innovations in methodology developed
in HIV-related clinical research affects research on other diseases is the
following comment by Dr. Anthony S. Fauci, then Director of the National
Institutes of Health Office of AIDS Research:

... new approaches for conducting clinical trials have been developed,
including community-based trials, which capture the expertise of com-
munity physicians. Similarly, AIDS clinical trials have demonstrated the
importance of providing ancillary services to recruit and ensure the
continued participation of underserved populations such as women,
children, minorities, and injecting drug users (IDUs) in clinical trials for
other diseases. . . . Community advisory boards assist clinical trials sites in
ensuring close cooperation with community constituency groups.

Peter F. Thall (ed.), RECENT ADVANCES IN CLINICAL TRIAL DESIGN AND ANALYSIS.
Copyright € 1995 Kluwer Academic Publivhers, B Alll viphts reserved. ISBN 978-1-4613-5830-5.




Other innovations brought about by AIDS-related research include the
identification of surrogate markers that reliably provide valid information
for determining the outcome of clinical studies. . . .

In all of these efforts an integral role is played by AIDS activists and
advocates for HIV-infected individuals. AIDS-community representatives
serve on all AIDS-related advisory committees and on protocol design
teams of clinical trials in an unprecedented collaboration between
researchers and those affected and infected by HIV ([1], pp. 5-6).

In this chapter we review work in several areas. We discuss in some detail
research on the identification and use of surrogate markers, methods related
to the study of quality of life, and methods for dealing with noncompliance,
since these areas are so important in HIV/AIDS trials. Next, we issue an
appeal for fresh thinking and new approaches with regard to the effort to
improve the efficiency of clinical trials, not from the point of view of
experimental design, but by improving the process of obtaining accurate and
complete data to analyze. Finally, we comment more briefly on several
other topics that have received significant attention.

Other recent reviews and commentaries include those by Byar et al. [2],
Green et al. [3], Ellenberg et al. [4], Ellenberg, Finkelstein, and Schoenfeld
[5], Dixon et al. [6], and Ellenberg and Dixon [7].

Surrogate endpoints

The efficacy of a potential HIV/AIDS therapy would ideally be assessed
through clinical endpoints such as survival or the occurrence of an op-
portunistic infection (OI). However, the use of clinical endpoints, except for
populations in an advanced disease stage, requires a very lengthy follow-up
period and/or large sample sizes. Furthermore, dropouts and treatment
changes or withdrawals often occur before death or progression to AIDS,
obscuring the assessment of treatment efficacy. In light of the urgent need to
rapidly identify and evaluate potential HIV disease therapies, as well as to
utilize limited resources optimally, more quickly attainable ‘surrogate
endpoints’ have been sought.

In a broad sense, a surrogate endpoint may be any variable chosen to
replace a desired endpoint, usually for expediency or cost reduction. Thus,
for example, quality of life or occurrence of opportunistic infection may be
considered as surrogates for death due to AIDS. Of course, such measures
of well-being can be justified as primary endpoints in their own right. On the
other hand, nonclinical (usually laboratory) measurements are not of direct
concern to the patient and thus provide the more contentious (and hence
prototypical) class of surrogate endpoints.

Laboratory variables used in the study of AIDS include virological
markers, such as PCR assay for HIV DNA, plasma viremia, and level
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of HIV p24 core antigen; and immunological markers, such as CD4+
lymphocyte counts, serum f,-microglobulin and serum neopterin levels.
CD4 counts (sometimes relative to CD8+ or total lymphocyte numbers)
have received the most attention as a potential surrogate endpoint. Already
in the AIDS Clinical Trials Group (ACTG), CD4 counts have been used in
the definition of primary endpoints in phase III clinical trials. Indeed, the
recently updated definition of AIDS by the Centers for Disease Control and
Prevention (CDC) allows for determination to be based in part on the
CD4 count.

Much discussion in the AIDS literature regarding surrogate endpoints
has been given to defining criteria for determining the desirability and/or
acceptability of their use. A broad perspective is given by Amato and
Lagakos [8], who provide a list of considerations in choosing an endpoint for
a clinical trial. Briefly, these include ‘relevance’ (how well the endpoint
indicates actual treatment benefit), time needed to evaluate the endpoint,
verifiability or objectivity, variability, and implementability. Laboratory
measurements such as CD4 counts, in addition to being relatively quickly
responsive to drug therapy, have the advantage of being objectively
obtainable, as opposed to ‘softer’ endpoints such as quality of life or even
the presumptive diagnosis of AIDS. Among the disadvantages of laboratory
markers are their requirement of expensive, ‘high tech’, equipment (this is
particularly the case for virological markers and especially problematic
for community-centered clinical trials); high variability; and questionable
relevance to the patient’s well-being.

The question of relevance is perhaps the most critical when considering a
laboratory marker as a surrogate endpoint (or ‘surrogate marker’) and has
been the central focus of marker ‘validation.” Another way of expressing this
requirement is that a surrogate marker should be a ‘measure central to the
pathogenesis of disease’ and should furthermore have a causal connection to
clinical outcome [9]. Meeting this criterion would imply, as desired, that the
marker would predict the clinical benefit of a wide range of drugs. Merigan
(see [10]) proposed three quantitative criteria that would support such a
causal connection: (1) the marker should be monotonically affected by drug
dose; (2) it should correlate with disease progression in untreated patients;
and (3) changes due to treatment should correlate with clinical effect. In
practice, as suggested by Merigan’s criteria, the validation of a surrogate
marker is tied to a given drug, or at best, a class of drugs. Evidence of a
marker’s causal connection to outcome does not preclude the possibility that
other drugs might affect the clinical endpoint via a mechanism that does not
involve the marker.

For some purposes, an endpoint that fulfills some but not all of Merigan’s
criteria may be of interest. A variable satisfying condition (2) would be
considered a prognostic factor or ‘type 0’ marker [11] and may be useful in
monitoring the course of disease. Conditions (1) and (2) may be sufficient to
define an ‘activity’ or ‘type I’ marker [11] that may be deemed an adequate
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endpoint for a phase I or phase II clinical trial. The presence of all
three conditions establishes a surrogate endpoint in the present sense
(also referred to as an ‘efficacy’ or ‘type II’ marker [11]). In particular, as
demonstrated in a simulation study by Machado et al. [12], a variable that is
highly prognostic for a clinical endpoint, but does not satisfy condition 3,
may in fact be misleading with regard to treatment effect on the clinical
endpoint.

A criterion intended to validate a surrogate endpoint was delineated and
operationalized by Prentice [13]. Prentice’s criterion (roughly indicated
by condition 3 above) essentially requires that the clinical endpoint be
independent of treatment given the surrogate outcome. This condition (if, in
addition, the marker is prognostic for the clinical outcome) implies that the
surrogate produces a valid test of the null hypothesis of no association
between treatment and clinical outcome.

Several investigators have examined CD4 level as a surrogate marker in
AIDS clinical trials employing this criterion. In an analysis of data from
ACTG Protocol 019, Choi et al. [14] found, using a Cox regression model,
that only a small proportion of the effect of ZDV on the progression to
AIDS of asymptomatic HI'V-infected patients was explained by its effect on
CD4 counts. An estimated ‘explained’ proportion was obtained as the
proportional reduction in the regression coefficient for the treatment
assignment after controlling for CD4 levels. These proportions were 0% for
current CD4 counts and 37% using net CD4 counts (percentage of CD4+
lymphocytes among all leukocytes). Choi et al. concluded that CD4 levels
provide an ‘incomplete’ surrogate marker for disease progression in the
context of ZDV treatment of asymptomatic HIV-infected patients.

Lin et al. [15] also utilized a Cox regression model with CD4 counts as a
time-varying covariate, but ‘censored’ the CD4 count if it was not taken
within a sufficiently recent time window (specified according to the pattern
of available data). They found that CD4 counts fail (by Prentice’s criterion)
as a surrogate endpoint for progression to OI or AIDS in advanced disease
populations. They also note that the same result is obtained using change in
CD4 count relative to baseline rather than current CD4 count. Similar
conclusions, using a model accounting for CD4 measurement error, were
obtained by DeGruttola et al. [16].

While the Prentice criterion may be regarded as too stringent and
unrealistic, it leads, as we have seen, to a useful measure of the adequacy of
a marker as a surrogate endpoint, namely, the percentage of treatment
effect on clinical outcome explained by the treatment effect on the marker.
One limitation of this perspective based on hypothesis testing is that it does
not address the use of a marker to provide information about the magnitude
of the effect of treatment on the clinical endpoint.

The inadequacy of the most promising surrogate marker in the AIDS
arena (and the likely failure of future markers) in meeting the ideal of the
Prentice criterion reinforces doubts about this usage of laboratory variables.
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Of course, this concern is greatest in phase III trials that are intended
to yield definitive conclusions about treatment benefit, though it is also
relevant to earlier phase trials. What is more, past experience in AIDS and
other disease areas has induced a wariness about the use of surrogate
endpoints. As continued study of ZDV and other anti-HIV treatments has
dampened the initial enthusiasm for these drugs, there is question as to how
much we may have been misled due to the widespread and early reliance on
surrogate endpoints, and on the CD4 levels in particular (see, e.g., [17]).

With this increasingly cautious attitude about surrogate endpoints has
come an increased interest in methods that use prognostic laboratory
observations other than as outright substitutes for clinical endpoints. In one
approach, associated with efforts to evaluate quality of life, marker informa-
tion is combined with information on clinical endpoints. As a simple
example, a treatment failure may be considered to occur if either the
primary clinical endpoint occurs or the marker variable meets a specified
threshold. This combined endpoint gives equal weight to the clinical and
laboratory variables. More generally, weights may be assigned to reflect the
relative importance of the respective outcomes.

An alternative is to use laboratory markers as auxiliary information to
strengthen an analysis based on the desired clinical endpoint. Kosorok and
Fleming [18] consider a situation in which patients are randomized both to
treatment and to either limited or extended follow-up. Patients in the former
group are either followed for a shorter period of time or are followed for a
secondary failure endpoint (a generally earlier-occurring surrogate to the
primary endpoint). In such a design, a cost reduction is achieved by the
shorter follow-up of a subgroup of patients, but this advantage must be
weighed against the loss of information about the primary endpoint. Kosorok
and Fleming present a nonparametric test statistic (representing a linear
combination of statistics based on the two endpoints) that utilizes infor-
mation on the auxiliary variable without introducing bias. From their
simulation study, they find that correlations greater than 0.7 are needed to
gain substantially improved power from the use of the auxiliary variable.

Fleming et al. [19] (see also [20,21]) developed other approaches that
allow more flexibility in the definition of the auxiliary variable; for example,
CD4 counts over time may be utilized rather than time to a defined failure
endpoint, as in the Kosorok and Fleming method.

An approach by Finkelstein and Schoenfeld [22] incorporates information
on an auxiliary failure-time endpoint in a modified Kaplan—Meier estimator
and use this estimator to obtain a modified logrank statistic to test for
treatment effect. This approach does not rely upon randomization to dif-
ferent lengths of follow-up. Simulation results indicate at best modest gains,
and in some situations losses, in efficiency relative to standard methods.

Thus, while gains in power may be realized, they are largely confined to
special cases in which the auxiliary endpoint occurs much earlier than and is
highly predictive of the primary endpoint. Kosorok and Fleming suggest that
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the use of multiple secondary endpoints (readily accommodated by their
methodology) might further improve statistical power, though one must be
attentive to possible multicollinearity.

As a final consideration, the use of surrogate markers should reflect the
regulatory and administrative processes through which treatment assessment
takes place. For example, surrogate endpoints may be used to provide
tentative decisions regarding drug approval or treatment recommendation,
under the condition that follow-up be continued to allow validation based on
long-term clinical outcomes. Implications of the use of surrogate markers in
interim monitoring also require further study.

Quality of life methodology

Increase in the length of life, the health-related quality of life, or both is the
universal aim of therapeutic intervention. Sometimes, however, a treatment
may prolong survival but diminish quality of life through toxicity, or may
even lack survival benefit but postpone symptoms of advanced disease at a
cost of short-term toxicity. HIV infection is invariably fatal with presently
available treatments, but lifespans are measured in years. It is thus especially
important to address impact of treatments upon quality of life, and there is a
great deal of interest at present in methodology for evaluating treatments
for HIV infections from this perspective.

Quality of life improvement, suitably defined, might serve as a surrogate
marker for subsequent clinical outcome in the sense of the last section, or as
a therapeutic objective in its own right. In the latter case, it may then be
necessary to synthesize results of several types of comparisons of treatments
in some formal way, including multivariate analysis.

‘Quality of life’ has been a difficult concept to measure, or even to define.
For some purposes, a simple overall indicator of performance status, or the
extent to which a person can carry out normal activities of daily living, may
be sufficient. In other cases, it may be of interest to develop multidimen-
sional, context-specific, self-assessment scales in order to adequately express
quality of life numerically. Guyatt et al. [23] propose a taxonomy of
measures and discuss the advantages and disadvantages of generic in-
struments, including both health profiles and utility measurements, and
situation-specific choices.

Among those advocating the use of multidimensional questionnaires,
Fitzpatrick et al. [24] assert, ‘In clinical trials many scientific questions
cannot be answered properly without adequate measurement of quality
of life,” and list several requirements of such measurements. These are
reliability, validity, sensitivity to change, appropriateness, and practicality.
Elsewhere [25], the same group recommended use of a validated standard
measuring instrument supplemented with customized additions relevant to a
particular situation.
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Williams and Rabkin [26] evaluated a Quality of Life Index (QLI) that
Spitzer et al. [27] had devised for cancer patients, in a cohort of 50 gay men,
29 of whom were HIV positive. QLI summarizes self-assessments of levels
of activity, daily living, health, support, and outlook. By comparing it with
other standard measures of functioning, Williams and Rabkin concluded
that QLI succeeds in capturing relevant information important to this
population, thus establishing validity and appropriateness. They had not
yet examined sensitivity to changes attributable to treatment for the
HIV infection.

Wau et al. [28] proposed a 30-item questionnaire addressing 10 aspects of
health developed by adding items to the Medical Outcomes Study short-
form General Health Survey. They recognized that many health status
instruments are too lengthy for use in clinical trials in HIV disease, but that
no single observation could reliably capture health status.

In order to evaluate the proposed questionnaire, Wu et al. [28] studied 73
volunteers with asymptomatic HIV infection and 44 volunteers with early
AIDS-related complex (ARC), all of whom had enrolled in controlled
clinical trials carried out by the AIDS Clinical Trials Group (ACTG). To
assess validity they compared responses between groups on the 10 scales
using rank-sum tests. Asymptomatic patients had significantly better overall
health, better physical and role function, less pain, better cognitive func-
tioning, and better quality of life than patients with early ARC; marginally
significantly better energy/less fatigue; and similar social functioning, mental
health, health distress, and health transition.

Each of the various health status scales, as well as many other indicators
of physical condition, provide a basis for comparing groups receiving dif-
ferent treatments. While it is possible to make such comparisons one at a
time, the ultimate decision made by the individual, together with his or her
physician, requires a balancing of advantages and disadvantages of the
treatment alternatives.

Glasziou, Simes, and Gelber [29] discuss methods for synthesizing results
of comparing groups on the basis of several outcome measures. They
consider situations in which quantitative differences can be expressed on a
single scale and assume that one can specify weights corresponding to the
relative utilities of advantages of the different outcomes. An important
special case occurs when health-related quality of life data can be reduced to
a small number of clearly ordered health states, and individuals are observed
to spend varying amounts of time in the different states.

Gelber, Gelman, and Goldhirsch [30] discuss the statistical properties of
quality-adjusted time without disease symptoms or treatment toxicity (g-
TWiST), i.e., overall survival discounted for periods of time spent with
reduced quality of life. Two large clinical trials of antiretroviral treatments
for HIV have recently been reanalyzed using g-TWiST.

ACTG 016 provided evidence that persons with mildly symptomatic HIV
infections remained progression-free longer if they received zidovudine
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(1200mg/d) than if they received placebo [31]. On the other hand, they
spent longer times with severe symptomatic adverse events. Gelber et al.
[32] found that over the 18-month observation period of the trial, ‘treatment
provided more q-TWiST than placebo if the quality of life after HIV disease
progression was assumed to be 10% to 20% worse than the quality of life
after a severe symptomatic adverse event.’

A trial in persons with asymptomatic HIV infections and less than 500
CD4-positive cells per mm?® had also demonstrated a delay in clinical pro-
gression associated with zidovudine (500 mg/d) [33]. In this case, however,
Lenderking et al. [34] have concluded, on the basis of q-TWiST analysis,
that ‘a reduction in the quality of life due to severe side effects of therapy
approximately equals the increase in the quality of life associated with a
delay in the progression of HIV disease.’

Noncompliance

Patient noncompliance is a heterogeneous and multidimensional phenome-
non. It may involve any of the multitude of components of a typical
treatment regimen: taking too little (or too much) of the prescribed
medication, failure to adhere to the assigned schedule, taking prohibited
medications, or missing scheduled clinic visits. The problem of patient
noncompliance with study regimen has been recognized in many disease
areas (see, e.g., [35]). It is of particular concern in HIV/AIDS, where an
atmosphere of rapidly alternating hopes and disappointments adds to the
difficulty of keeping patients on a fixed, long-term treatment schedule.
Inspired in part by AIDS activists, potential study participants in AIDS and
other disease areas are increasingly active and assertive in opposing study
designs or violating protocol rules not deemed to be in their best interest.

Although the label noncompliant is generally perceived as pejorative,
the broader concern is with any departure from intended treatment,
whether capricious or justified and intelligent. For example, for the current
antiretroviral drugs, high levels of toxicity often require early treatment
withdrawal. Furthermore, a treatment arm may be stopped early or modified
due to interim analysis results or other information about treatments in the
study. This occurred in the Concorde Trial [17] in which patients originally
assigned to delayed zidovudine were offered the drug early as a result of
positive findings in a separate trial.

Noncompliance, in the general sense of departure from intended treat-
ment, has serious implications for the analysis and interpretation of clinical
trials results. One consequence is that the standard biologic interpretation of
treatment effect may no longer be appropriate. The presence of treatment
noncompliance implies that the test comparing treatment groups as
randomized may not adequately reflect the effect of a therapy taken as
intended (‘efficacy’).
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The intent-to-treat or as randomized analysis provides an assessment of
treatment effectiveness. Treatment effectiveness, so defined, is determined
by compliance on treatment, as well as its biologic effect. The issue of
noncompliance with regard to the intent-to-treat analysis is one of statistical
power. Often, power is determined for the detection of specified treatment
efficacy. Noncompliance generally erodes this power; thus, larger sample
sizes are required to detect the same level of efficacy. Equivalently, desired
power is obtained by calculating the sample size to detect a given effective-
ness rather than efficacy. Methods for adjusting sample sizes in the presence
of noncompliance are provided, for example, by Schork and Remington [36]
and Lachin and Foulkes [37].

The estimation of efficacy is not so straightforward and is generally
approached by some sort of as-treated analysis, which uses information on
the amount or pattern of treatment actually received. Statisticians, in
particular, have warned of the likely bias in an analysis that compares
treatments on the basis of a postrandomization variable such as compliance
[38—40]. As in one classic example [41], it is often the case that compliers on
placebo have better outcomes on average than placebo noncompliers. It is
generally advisable to present an intent-to-treat analysis, even if treatment
efficacy is of primary interest. An as-treated approach may be considered in
addition as a secondary, exploratory analysis.

Apart from simple descriptive statistics, few as-treated analyses of AIDS
clinical trials data have been published. However, we review here some
recently proposed methods that provide the most promising directions for
AIDS and perhaps other clinical trials.

To begin, we reflect on the problems of a naive analysis (such as a simple
comparison of compliers on active treatment and placebo) that a more
sophisticated as-treated analysis would seek to overcome. First, there may
be heterogeneity of treatment effects so that the benefit of active treatment
for people who tend to comply may be different from the benefit that would
have been obtained by the noncompliers had they taken the full treatment.
Secondly, proportions of compliers (more generally, the compliance dis-
tribution) may be different for different treatments (or placebo). Often this
will undermine the comparability of compliers on different treatments. For
example, due to drug toxicity, there may be a reduced proportion of com-
pliers on an active drug relative to placebo. Since compliers on the drug are
those less vulnerable to or more tolerant of side effects, they are apt to be
healthier as a group than compliers on placebo. Finally, there may be
different relationships between compliance and a confounding variable
(health at baseline, say) for the different treatments. As an example, com-
pliers on a given active treatment may be healthier than compliers on
placebo (even if there are the same number in both groups), possibly
because compliers on active treatment are better able to tolerate side effects,
while compliers on placebo may be the sicker patients who are more
motivated to adhere to a treatment regimen.

37



The method of Efron and Feldman [42] deals with the first two of these
problems. They address the situation involving quantitative response and
compliance variables that are obtained for patients randomized both to
treatment and placebo. The second problem (‘marginal noncomparability’)
is handled by transforming compliance on placebo so that it takes the value
corresponding to the same percentile of compliance on treatment. Thus, an
individual at, say, the 75th percentile for compliance on placebo is given the
score at the 75th percentile of treatment compliance. This device produces
the same distribution of compliance for both treatment groups. The Efron
and Feldman approach then essentially compares average treatment
responses based on individuals at the same percentile of compliance for the
different randomization groups.

Generally, this transformation will not assure comparability. In particular,
the resulting estimators (of conditional expected treatment effect for a given
drug dose or compliance level) are prone to bias in the presence of unknown
confounding factors (the third problem above). The possible bias was
illustrated in a hypothetical example by Mark and Robins [43] and was
related to the degree of departure from assumptions in a simulation study by
Albert and DeMets [44].

Efron and Feldman attempt to deal with possible heterogeneity by
utilizing a model that describes the causal treatment effect for an individual
as a linear function of placebo response and possibly baseline covariates.
Consequently, estimates of conditional expected treatment effect for patients
at a given compliance percentile are used to draw inference on the expected
treatment effect for the whole population (of primary interest but not
directly estimable). The difficulty arises from the fact that drug and placebo
responses are not both observed for a given individual, as would be required
to directly measure a causal effect. Thus, the available data cannot entirely
distinguish between heterogeneity (differences in patients who comply at
different levels) and the effect of varying drug dose, so the (realistic) causal
model will be nonidentifiable.

An alternative approach was proposed by Mark and Robins [43] (see
also [45]) for the context of a failure-time endpoint. This method also
involves a causal model — in this case, one describing the failure time
for an individual as a function of his or her (possibly unobserved) com-
pliance level. However, this approach avoids comparisons based on po-
tentially noncomparable subgroups. Instead, it relies on the compar-
ability induced by randomization to assess the causal impact of treatment
(according to its measured level) on failure time. Mark and Robins provide
a logrank-type test for efficacy that maintains the nominal false-positive
rate under the null hypothesis of no treatment effect (however, this is in
the strong sense of no effect on any individual). Thus, a valid statistical
test of efficacy is available; however, the estimate of efficacy must be viewed
with caution, given the speculative nature of the model on which it is
based.
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Other approaches to the assessment of efficacy for a failure-time endpoint
are discussed by Peduzzi et al. [38]. These methods also construct logrank
statistics, but unlike the Mark and Robins approach essentially alter
individual treatment categorizations over time depending on the actual
(observed) treatment received. The most important of these methods are
the censoring method, which censors an individual at the time of treatment
change or withdrawal, and the transition method, in which the comparison
at a given point in time is based on the treatments individuals are observed
to be on at that time point. As with the Efron and Feldman method, these
approaches are prone to bias in the presence of confounding variables.
Whereas the Efron and Feldman method summarizes information to obtain
a single compliance score, the censoring and transition methods make use of
the pattern of compliance over time. Consequently, the sort of transforma-
tion used by Efron and Feldman to improve comparability is not directly
applicable to the latter methods.

In an approach that attempts to avoid the biases of most estimators of
efficacy, Lagakos et al. [46] proposed a method for improving the power of
an intent-to-treat type analysis that takes into account the expected pattern
of noncompliance (i.e., the probability of withdrawing from treatment as a
function of time). They developed a weighted logrank statistic that is
weighted (in a manner to optimize power) according to this expected
non-compliance. This test retains the nominal false-positive rate, and
simulation results demonstrated its potential under certain circumstances for
decreasing required sample sizes by up to 30%. The statistic does not use
contemporaneous compliance data, but relies on relevant compliance
information obtained a priori. The use of such a method thus motivates the
routine collection of compliance information. While the method preserves
the unbiasedness of the intent-to-treat analysis, it is not really directed at
treatment effectiveness. Rather, it attempts to weight more heavily those
periods of time when effectiveness is less dampened by noncompliance and
thus to be more reflective of treatment efficacy. The method does have
its potential for abuse and should accordingly be accompanied by the
hypothesized patterns of noncompliance and efficacy.

An obvious remaining issue is the problem of accurately capturing com-
pliance or treatment actually received. A number of methods have been
proposed, and most have already been used in AIDS clinical trials. These
methods include pill counts; electronic medication event monitoring (e.g.,
MEMS caps); pharmacological testing for drug, drug metabolites, or
markers; records of missed appointments; and patient or physician reports.
Such measurement tools have been extensively studied and reviewed (see,
e.g., [47]). ,

Several novel approaches to constructing compliance variables and
estimating compliance have been proposed for AIDS clinical trials. Lim [48]
developed an estimate of the overall compliance rate using serum drug
levels that corrects for false positivity and false negativity in drug determina-
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tions. This estimate makes use of information about error rates of the assay
and the pharmacokinetics of the drug.

Richardson et al. [49], proposed a method using uric acid as a marker for
ddI serum levels. Uric acid levels are elevated by ddI and would potentially
provide a less expensive measurement of ddI compliance than ddI serum
levels. In discriminant analyses intended to validate this use of uric acid
(against ddI serum levels), these investigators showed that a linear function
utilizing uric acid levels correctly identified as compliers or noncompliers
84% and 75%, respectively, of the patients in two test groups.

The assessment of compliance may be greatly enhanced though the use of
multiple measuring tools. In a substudy of ACTG 175, a multicenter clinical
trial involving asymptomatic HIV-infected patients, compliance on ZDV
and ddlI is being investigated using both MEMS caps and serum concentra-
tion determinations. Serum concentrations are measured at one randomly
chosen site each week. MEMS caps are used at two specially selected sites.
Using prior knowledge of the pharmacokinetics of ZDV and ddI as well as
methods of population pharmacokinetics, overall estimates of compliance
can be obtained. In addition, the investigators proposed to use Bayesian
techniques to estimate a compliance profile for each patient. Subsequently,
as-treated analyses may be performed to relate estimated drug exposure
to outcome.

As we have suggested, efforts to monitor compliance may be worthwhile
whether the primary question is one of efficacy or effectiveness. While
compliance data are used directly in inference regarding efficacy, they
provide information for the design of future trials intended to assess
effectiveness. Furthermore, compliance is an interesting endpoint in its own
right and may provide important information about the willingness of
patients to carry out a prescribed therapeutic regimen.

Thoughts on data quality in clinical trials

Especially in multicenter clinical trials systems, large amounts of resources
are devoted to editing and correcting data in preparation for analysis. These
efforts are, in our view, somewhat misguided; many of the most critical
errors found at this stage cannot be corrected. In what follows, we argue for
redirection of most resources to improve data quality early — that is, to
clarify protocols, simplify forms, and, most importantly, improve training.
Clinic staff need procedures to help them find errors while there is still time
for correction and to permit them to reduce error rates generally. We must
devise methods to document the high quality of data leaving the research
units in a way that is convincing, so that inspection on a large scale
is unnecessary.

Responsibility for data quality is shared by those designing studies, those
conducting studies, coordinating centers, sponsors, and arbiters (such as
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journal editors and the U.S. Food and Drug Administration). Each takes
certain steps to control, assure, or enhance quality. It must be clear that the
sharing of responsibility risks the abdication of responsibility.

There is very little attention paid to study of the effectiveness of pro-
cedures for quality control. What evidence is available that protocols and
forms are well constructed, that research centers are following protocols,
that coordinating centers are detecting problems early with good effect, that
data entry errors are avoided, or that FDA approval to market a new drug
for a particular indication is based on data of high quality?

Most multicenter trials, including almost all sponsored by NIH, involve a
coordinating center, which conducts centralized as well as on-site reviews of
data at some time after submission. Reviews may consist of any combination
of computerized edit checks, review of cases by data managers, and item-by-
item scrutiny of research records in comparison with source documents. The
checking is inevitably delayed from the actual clinic visit, laboratory testing,
and completion and submission of forms.

The pharmaceutical industry sponsors many trials and takes primary
responsibility for data quality for most of them. The usual arrangement
is for regionally based company employees (often with the title Clinical
Research Associate) to visit each research unit every 1 to 4 weeks to check
all data generated since the last visit. To the extent possible, corrections are
made before data ever enter the research data base. The CRAs in effect
supplement the research unit staff. The company may also conduct separate
quality assurance reviews by staff from an administratively independent part
of the company.

The industry model can be thought of as an attempt to make inspections
more complete and, especially, more timely.

If results of a study form a critical part of an application for FDA
approval to promote a treatment for a specified condition, FDA staff will
ordinarily review records at one or more participating research units in
order to verify the quality of data.

In order to evaluate the usefulness and the limitations of the systems
described above, it is first necessary to understand the kinds of problems
that occur with clinical trial data, how they can be detected, and what can be
done about them if detected.

In many ways a clinical trial is meant to be a scientific experiment with as
many features as possible in common with a laboratory experiment. The
protocol is the experimental plan, complete with detailed specification of the
types of volunteers who will participate, the treatment(s) to be given, and
the types of evaluations to be performed. Interpretation of results is more
or less straightforward according to the degree to which investigators and
volunteers follow the protocol.

Potential departures from the protocol include enrollment of volunteers
not meeting eligibility criteria, failure to administer treatments according to
instructions (including those for managing adverse experiences), failure to
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carry out specified follow-up visits, failure to conduct specified clinical or
laboratory tests, failure to abide by specified decision algorithms (e.g., for
assessing response to or failure of treatment), and failure to report observa-
tions completely, accurately, and promptly. Ultimately, the investigators
need to be able to assert that they conducted a true evaluation of the
specified experimental treatment(s).

When departures do occur, as they inevitably will, it is helpful to know
why. Occasionally, departures occur because the protocol fails to make
provision for some aspect of disease presentation or some reaction
to the interventions under study. In such cases, best clinical judgment
takes precedence.

More often, however, the problem is that clinic staff simply do not clearly
understand what the protocol intends. For example, a laboratory test result
might be missed because the individual responsible for scheduling clinic
visits overlooked the requirement to order a particular test at the time of a
particular visit. Or the protocol might specify that, after an initial period of
time, follow-up visits change from every two weeks to every three weeks. If
the volunteer is asked to return in two weeks, by mistake, it might be too
great an imposition to ask him or her to come back one week later in order
to be tested ‘on time.’

Of course, it might also happen that the test was done but that the result
was not recorded on a study form.

Data checking is the effort to discover errors. of all kinds in the research
data. Other than filling out report cards, however, there is effectively no
opportunity to correct most errors, even if they are found. Returning to the
earlier example, a test not done when specified cannot be made up.

The retrospective and remote checking of data does not necessarily
eliminate all or even most errors, as illustrated in a fascinating study
reported by Pritzker [5S0] (and recounted in [51]). Government checkers
reviewing numerical codes assigned to categories of commodities by business
importers introduced nearly as many errors as they detected, reducing the
overall error rate only from 8% to 7%.

More generally, Naus [51] pointed out that there are three ways to
proceed if one suspects that an observation may be erroneous: resolution,
deletion, and imputation. (If only extreme values provoke suspicion, some
would argue that a fourth possibility — merely reporting the frequency of
such observations without altering them — is preferable on the grounds that
any corrective action introduces bias.) The first of these may involve a great
deal of effort and expense, but maximizes the final data quality. The
second costs nothing, but minimizes the amount of usable data. It would
be worthwhile to have more information about the circumstances in
which the third, imputation of corrected observations, is the most
reasonable alternative.

Some level of data auditing by a party independent of investigators and
sponsors clearly is needed for several reasons. As a recent, highly publicized
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example reminds us [52], there is the possibility of outright fraud. Certainly
it is only by checking that one can discover where further clarification or
training is needed. The question is how to meet these objectives with a
focused program involving inspection of a small fraction of the data.

In the clinical trials setting, error detection early enough that correction is
still possible inevitably means redundant processing wherever the potential
for mistakes is significant. It will be necessary to analyze and monitor
the entire data management environment in enough detail that one can
determine where improved planning and training can reduce error rates
effectively to zero even without double processing, and where they cannot.
(The concept here, that inspection cannot produce data of high quality, is
derived from the quality management and quality improvement ideas of
Deming ([53]; see especially chapters 2, 3, 4, and 15).

An example of the latter case may be the decision to modify dose of study
medication in light of an adverse experience on the part of the volunteer.
While the protocol will contain guidelines for such occurrences, these
guidelines do not cover all possibilities. If the success of the trial depends on
consistency of decision making, the way to achieve it is to provide for
independent assessment by two clinicians with comparable qualifications,
followed if necessary by discussion to resolve disagreements.

To begin, double processing might be employed extensively, being
reduced as evidence accumulates that particular steps are error free. To
make the best use of the information available, formal tracking and analysis
of error rates are desirable.

West and Winkler [54] proposed a method for estimating the number of
errors remaining in a data set that consists of a set of independent observa-
tions made on the same binary variable. Discrepant pairs of observations are
identifiable instances of error and provide a basis for estimating the error
rates for the observers (or recorders). If both observers make the same
error, it will not be discovered. In a Bayesian formulation, West and
Winkler develop a technique for predicting the number of such errors
remaining in the data set.

This is a promising approach, but it needs generalization in several
directions to be really useful in multicenter clinical trials. First, most
observations are not binary; for this and other reasons, one must consider a
more elaborate model for the error probabilities. It is also desirable to
account for the possibility of error rates that differ according to type and
source of observation. From the viewpoint of managing resources, it would
be important to construct methods that are useful in promptly detecting
changes in error rates.

Discussion

Identification and use of surrogate markers, assessment of health-related
quality of life, and treatment noncompliance will continue to require
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development of new clinical trial methodology in the context of AIDS
clinical trials. New statistical methods for monitoring and assuring the quality
of clinical trials data could perhaps have an even greater impact on clinical
research, making it substantially more efficient — and not only in HIV/
AIDS research, of course.

Although there has not been space to discuss it at length, methodology
has been developed to deal with other issues and types of data in AIDS
clinical trials. Given the long time course of HIV disease, the evaluation of
patient response generally involves repeated measurements over time.
While a well-established methodology exists for failure-time endpoints,
there is less consensus about how to analyze response profiles such as might
be obtained from CD4 counts. The naive approach of conducting repeated
tests over time introduces the problem of multiple comparisons and
(especially given the lack of independence of such tests) tends to yield
results that are difficult to interpret. A simple alternative discussed by
Matthews et al. [55] uses a summary measure of the multiple responses for
each individual. Useful functions for HIV laboratory markers have included
the slope, area under the curve (AUC), and the mean. The measure can be
chosen to capture aspect(s) of the response pattern of primary interest. This
topic was further studied by Frison and Pocock [56].

Many AIDS clinical trials involve multiple agents: patients in an advanced
disease state may be at risk for any of a number of opportunistic pathogens
that may require different prophylaxes; the use of multiple anti-HIV
drugs has been emphasized as a possible way to overcome the problems of
resistance and toxicity that have hampered current monotherapies. Often a
full factorial design must be ruled out. For example, ethical considerations
may preclude a placebo group, or placebos may be allowed for some but not
all active drugs in the study. Such constraints suggest the use of a restricted
factorial design. Some implications of such a design for analysis of treatment
effects were discussed by Byar [2].

The circumstances of the current state of AIDS treatments has motivated
a rethinking of the desired goals and emphases of clinical trials. The long-
term treatment of HIV-infected patients often entails many therapy changes
and adjustments involving an assortment of therapeutic and prophylactic
agents. Treatment thus represents a complex and reactive strategy that is
difficult to capture or handle in a conventional ‘explanatory’ clinical trial.
Many questions remain regarding optimal treatment strategies using available
drugs; such effects will generally not be expected to be of great magnitude
but may still be clinically important. Such considerations have led to the
development of the concept of the large, simple trial (see [57,58]). Large,
simple trials focus on the effectiveness of a treatment strategy and are
characterized by broad entrance criteria and minimal, ‘low-tech’ data
collection; these features allow larger samples and thus greater power to
detect modest effects.

The rapidly changing understanding of AIDS continues to generate new
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challenges for the development of suitable methodology. Statisticians
involved in AIDS clinical trials have drawn on experiences in other disease
areas, notably cancer. Some of the circumstances of AIDS appear to be
unique, but may reveal analogous problems in other research areas. We
hope, therefore, that the insights and developments from AIDS are in-
structive and inspiring to statisticians working in other areas, and urge
that the methodological challenges of AIDS continue to be met by the
statistical community.
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3. Recent developments in the design of phase 11
clinical trials

Peter F. Thall and Richard M. Simon

Introduction

Clinical trials of new medical treatments may be classified into three succes-
sive phases. Phase I trials typically are small pilot studies to determine the
therapeutic dose of a drug, biological agent, radiation schedule, or a com-
bination of these regimens (cf. [1]). In cancer therapeutics, the underlying
idea is that a higher dose of the therapeutic agent kills more cancer cells but
also is more likely to harm and possibly kill the patient. Consequently,
toxicity is the usual criterion for determining a maximum tolerable dose
(MTD), and most phase I cancer trials involve very small groups of patients,
usually three to six patients per dose, with each successive group receiving a
higher dose until it is likely that the MTD has been reached. A more refined
approach that continually updates an estimate of the probability of toxicity
has also been proposed by O’Quigley, Pepe and Fisher [2].

Once a dose and schedule of a new experimental regimen E have been
determined, its therapeutic efficacy is evaluated in a phase I trial. Phase 11
trials are usually single-arm studies involving roughly n = 14 to 90 patients
treated with E, with n usually well under 60. These studies typically are
carried out within a single institution and are most prominent in clinical
environments where there are many new treatments to be tested. The
primary goal is to determine whether E has a level of antidisease activity
sufficiently promising to warrant its evaluation in a subsequent phase III
trial (described below). Phase II results also frequently serve as the basis for
additional single-arm studies involving E in other combination regimens or
dosage schedules. The main statistical objective of a phase II trial thus is to
provide an estimator of the response rate associated with E (cf. [3]). Treat-
ment success generally is characterized by a binary patient response, such as
50% or more shrinkage of a solid tumor or complete remission of leukemia,
and the scientific focus is p, the probability of response with E. Patient
response usually is defined over a relatively short time period in phase II,
based on the underlying idea that short-term response is a necessary pre-
cursor to improved long-term survival and reduction in morbidity. Phase
IT trials are important because they are the primary means of selecting
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treatments for phase III evaluation, and moreover, many patients receive
treatment within the context of a phase II trial.

The ultimate standard for evaluation of medical treatments is the ran-
domized comparative phase Il clinical trial. Phase III trials generally are
large, multi-institutional studies with treatments evaluated in terms of long-
term patient response, such as survival or time to disease progression. Phase
IIT trials are designed and conducted to evaluate the effectiveness of a
treatment relative to an appropriate control and with regard to endpoints
that represent patient benefit, such as survival. To achieve such objectives,
the trial design is based on statistical tests of one or more hypotheses and
may require approximate balance and minimal sample size within important
patient subgroups. Because they are larger and of longer duration than
phase II trials, and typically involve multiple institutions, phase III trials are
usually much more costly and logistically complicated. The results of phase
III trials are broadly disseminated within the medical community and form
the basis for changes and advances in general medical practice.

The simplest phase II design is a single-arm, single-stage trial in which #
patients are treated with E. The data consist of the random variable Y,
namely, the number of successes after » patients are evaluated, which is
binomial in # and p. The sample size is determined so that, given a fixed
standard rate pq that is of no clinical interest, a test of ‘Hy: p < py versus
Hy: p = p; has type I error probability (significance level) < a and type:II
error probability < B for a given target response probability p; = po + 9.
The test is determined by a cutoff r, with H rejected if Y,, = r and Hj
rejected if ¥,, < r. A type-I error occurs if it is concluded that E is promising
compared to standard therapy, i.e., if H; is accepted, when in fact p < py.
The consequences of this are that an uninteresting or even inferior treat-
ment is likely to become the basis for a phase III trial, and that if future
phase II trials using a combination therapy based on E:are-conducted, the
patients in those trials will be treated with an inferior agent while phase 11
trials of other potentially promising new treatments are delayed. A type II
error occurs if it is concluded that E is not promising compared to-standard
therapy, i.e., if Hy is accepted when in fact p = py + 8. The power of the
test is 1 — P, the probability of correctly accepting H; when E really has
success rate py + 0. The consequence of a type Il error is that & promising
treatment has been lost or its detection delayed. The required sample size n
and test cutoff r are determined by specifying a, B, pg, and 6. Since there is a
trade-off between type.l and type II error, in practice-typically- (a,p) =
(0.10,0.10), (0.05,0.20), or (0.05,0.10). We shall refer to a and §, and more
generally any parameters that descrlbe a design’s behavior, as its operatmg
characteristics. .

Smaller treatment advances 8 are harder to detect, i.e.; they Trequire a
larger sample size for given py, a, and B. A very large & requires a-trivially
small sample size, i.e., it is easy to detect a large treatment advance.
Reasonable values are thus 6 =, 0.15.to 0.20, since 8 < 0.15 usually leads to
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unrealistically large #n while 6 > 0.20 leads to a trial yielding very little
information about E and in many cases is intellectually dishonest. Parameters
of some typical single-stage designs are given in table 1.

An alternative to designing a single-stage trial in terms of hypothesis
testing, which is a formal method for deciding whether E is promising
compared to the fixed-standard success probability poy, is to choose n to
obtain a confidence interval of given width and level (coverage probability)
to estimate p. A good approximate confidence interval, due to Ghosh [4], is

P+ AR * 2{p(1 = p)in + Al(4n)}'?
1+ A ’

where p = Y,/n, z = 1.645, 1.96, or 2.576 for a 90%, 95%, or 99% coverage
probability, respectively, and A = z?/n. The exact binomial confidence
interval of Clopper and Pearson [5] also may be used, although the above
approximation is quite adequate for planning purposes. An important caveat
is that the commonly used approximate interval p = z{p(1 — p)/n}'"? is
rather inaccurate for many values of n and p encountered in phase II trials
[4] and is not recommended. Table 2 gives the sample sizes needed to obtain
90% or 95% confidence intervals for p of given width, based on values of p
from 0.20 to 0.50. The sample sizes for p = 0.50 + A and 0.50 — A are
identical. For example, if it is anticipated that the empirical rate Y, /n will be
approximately 0.30 or 0.70, then a sample of 34 patients is required to
obtain a 90% confidence interval for p having width at most 0.25. Given an
observed rate of 10/34, one could be 90% certain that the true success
probability of E is somewhere between 0.185 and 0.434.

Although the single-stage design is easy to understand and implement, it
has several severe practical limitations. Each of the designs described in the
following sections was created to address one or more of the following
problems.

Table 1. Single-stage designs Conclude p = p, at level a and
power 1 — Bif Y,/n = rin.

(a,B)

8 po pi (0.10,0.10) (0.05,0.20)  (0.05,0.10)

020 010 030  5/25 6/25 7133
020 040 11736 12/35 15/47
030 0.50 16/39 17/39 22/53
0.40 0.60 21/41 23/42 29/56

015 0.0 025  7/40 8/40 10/55
020 035 17/61 17/56 2/77
030 045 2771 27167 36/93
040 055 36/75 36/71 46/94
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Table 2. Single-stage n to obtain confidence interval of given
level and width <W

Anticipated p = Y,/n

Level w 0.20 0.30 0.40 0.50

90% 0.20 44 55 63 66
0.25 26 34 40 42
0.30 19 24 26 28

95% 0.20 64 78 89 94
0.25 39 48 56 58
0.30 26 33 38 40

1. The most serious limitation of the single-stage design is that it ignores
all data prior to observation of Y,, and in particular has no provision for
early termination if the interim observed response rate is unacceptably low.
For example, if po = 0.30 is the established response rate with standard
treatment and E also has rate p = 0.30, then an initial run of 12 failures
should occur with probability 0.014, and if p > 0.30 then such a run has
probability close to 0. Most clinicians would be strongly inclined to dis-
continue use of E at or before this point, especially in trials of treatments for
rapidly fatal diseases or other circumstances where early failure increases
morbidity or reduces survival. Designs with early stopping rules address this
problem (cf. [6--14]).

2. Reporting results of a phase Il trial entails augmenting or replacing
significance test results with a confidence interval for p, since the real goal of
a phase II trial is estimation [3]. If rules for early stopping are included in
the design, however, then computation of the confidence interval for p
based on the final data must account for the fact that the trial continued
through its intermediate stages, since the usual unadjusted confidence
intervals are biased in this case. Methods for computing a confidence interval
for p after a multistage trial have been given by numerous authors, including
Jennison and Turnbull [15], Tsiatis, Rosner, and Mehta [16], Atkinson and
Brown [17], and Duffy and Santner [18].

3. Another problem, addressed by Thall and Simon [19], is that py often
is estimated from historical data and hence is a statistic py, not a fixed value.
Since this estimator has an associated variance, the usual test statistic Y, /n
— Po has variance p(1 — p)/n + var(py). The sample size computation that
ignores var(py) is incorrect, and the actual type I and type II error rates are
larger than their nominal values.

4. In some settings several new treatments may be ready simultaneously
for phase II evaluation. The question then arises of whether to carry out a
sequence of single-arm trials or one randomized trial, and in either case
strategies are needed for prioritizing treatments and for selecting one or
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more promising treatments from those tested. Several approaches to this
general problem have been proposed. Simon, Wittes, and Ellenberg [20]
propose a randomized phase II trial; Whitehead [21] proposes a combined
phase II-TII strategy; Thall, Simon, and Ellenberg [22,23] propose ‘select
then test’ designs for comparing the best of several experimental treatments
to a standard; and Strauss and Simon [24] examine properties of a sequence
of ‘play the winner’ randomized phase II trials.

5. The assumption that patient response can be characterized effectively
by a single variable is rather strong, even for short-term response, and it
may be necessary to monitor more than one patient outcome. For example,
in most cancer chemotherapy trials, toxicity is an important issue, and it is
highly desirable to have an early stopping rule to protect future patients
from unacceptably high rates of toxicity. Many phase 11 trials include such a
rule either formally or informally in their protocols, but they ignore the
interdependence between toxicity and response in the design. Designs
accounting for multiple outcomes have been proposed by Etzioni and Pepe
[25] and Thall, Simon, and Estey [26].

6. Patient-to-patient variability is often high, even in clinical trials
with very specific entry criteria. Since phase 1I trials are relatively small,
a study with an unusually high proportion of either poor-prognosis or
good-prognosis patients may give a misleadingly pessimistic or optimistic
indication of how E would behave in the general patient population.

7. Although most phase II designs regard treatment response rate p
as a fixed unknown quantity, many clinicians regard p as random. For
example, when asked to specify pg, the clinician may respond by giving a
range rather than a single value, and may even describe the probability
distribution of py within that range. In such circumstances, a Bayesian
design, based on random values of py and p, may be more appropriate.
Bayesian phase II designs have been proposed by Sylvester and Staquet
[27,28] Sylvester [29], Etzioni and Pepe [25], and Thall and Simon
[12-14], and Thall, Simon and Estey [30].

Refinements of the phase I-II-III paradigm

When the best available therapy has little or no effect against the disease,
the phase II trial’s objective is to determine whether E has any antidisease
activity at all. This is a phase IIA trial. Since py = 0 or possibly 0.05 in this
case, type II error is the main consideration. Gehan [6] proposed the first
phase IIA design, a two-stage design in which n; patients are treated at stage
1, the trial is stopped if Y,, = 0, and an additional n, patients are treated in
stage 2 if Y, > 0. The stage 1 sample size is chosen to control type II error,
specifically n; = log(B)/log(1 — p;) for targeted success rate p;. The stage 2
sample size is chosen to obtain p having standard error no larger than a
given magnitude, and n, also depends on Y, . For example, if B = 0.05 and
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p1 = 0.20, then n; = 14 patients are required at stage 1. If Y4, > 0, then to
obtain an estimate of p having standard error 0.10 requires n, = 1, 6, 9, or
11 if Y4 is 1, 2, 3, or =4, respectively.

When there exists a standard treatment, say §, having some level of
activity (i.e., when pg > 0), then the goal is to identify new treatments that
are promising compared to po. This is a phase IIB trial. In this case, there
are compelling data, arising from clinical trials or in vitro testing, indicating
that E is likely to be active at a level exceeding py. An important considera-
tion in IIB trials is that it is clinically undesirable to continue a trial of an
experimental treatment that proves to be not promising compared to §. For
example, when p, = 0.40 and p; = 0.55, if interim trial results strongly
indicate that p < 0.40, then it is unethical to continue; if it is likely that 0.40
< p < (.55, then it may be desirable to terminate the trial to make way for
other, potentially more promising new treatments. It is also important to
recognize the comparative aspect of phase IIB trials, which may lead to
formal use of historical data on S in the evaluation of E, and p0551b1y to a
randomized trial [19]. This issue will be discussed below.

If several new treatments are simultaneously available for phase II test-
ing, then the problem of choosing among them arises. Since the number of
patients in any clinic is limited, this situation frequently occurs in institutions
with high levels of research activity in growth factors or pharmacologic
agents. Thall and Estey [30] propose a pre-phase II Bayesian strategy in
which patients having a- prognosis more favorable than that of phase I
patients but less favorable than that of the target group of the subsequent
phase II trial are randomized among several experimental treatments. The
response rate. distribution in each treatment arm is updated. continually
during the trial and is compared to early termination cutoffs, and the best
final treatment must satisfy a minimal posterior efficacy criterion before it is
evaluated in a subsequent phase II trial. This type of study, the phase 1.5
trial, bridges the gap between phase I and phase IIB. It provides an ethical
means of giving poor-prognosis patients experimental treatments while
replacing the usual informal pre-phase 1l treatment selection process with a
fair comparison formally based on a combination of prior opinion and
clinical data. .

As an example, a phase 1.5 trial might be carried out in patients who have
acute myelogenous leukemia (AML) with =1 prior relapse and poor-
prognosis cytogenetic characteristics, in order to select a treatment for phase
II testing in untreated AML. patients who have good-prognosis cytogenetics.
If the accrual rate is 40 per year in the poor-prognosis group, then a phase
L.5 trial of three treatments with up to 10 patients per treatment arm could
be carried out in nine months. Assuming a prior mean response rate of 0.40
for all three arms, Thall and Estey [30] recommend a design in which a
treatment arm is terminated if there are 0 responses in the first 4 patients;
otherwise, 10 patients are accrued in that arm. The best treatment, among
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those not terminated, must have =4 responses to be selected for the phase
II trial.

The response rates obtained in- different phase II trials of the same
treatment often vary widely. Simon, Wittes, and Ellenberg [20] cite a
number of factors as the sources of this variability, including patient selec-
tion, definition of response, interobserver variability in response evaluation,
drug dosage and schedule, reporting procedures, and sample size. To deal
with these problems, these authors propose randomizing patients among
several experimental treatments in phase II, with ranking and selection
methods rather than hypothesis testing used to evaluate treatments. They
recommend the use of conventional phase II sample sizes and early stopping
criteria in each treatment arm, and that a standard treatment arm not be
included. Specifically, they propose that sample size be computed to ensure
that, if one group of treatments has response rate py + 6 and the rest have
rate pg, then a ‘select the best’ strategy will choose one of the superior
treatments with a desired probability. For example, if py = 0.20 and & =
0.15, then 44 patients in each of three arms will ensure a 90% chance of
choosing a treatment with response rate 0.35.

Strategies for phase II evaluation of new treatments that become available
sequentially over time have been considered by Whitehead [31] and by
Strauss and Simon [24]. Whitehead is motivated in part by the desire to
examine the properties of small sample sizes for phase 1II studies. He as-
sumes that the success rates of the experimental treatments are random and
may be considered as independent draws from a beta prior distribution.
Given N equal to the total number of patients for all the trials, he derives
the number of trials k£ and number of patients per trial » that maximize the
expected success probability E(n) of the selected treatment, subject to nk =
N. For example, if N = 60 and the mean experimental success rate is 0.20,
then depending upon prior variability, the optimal integer values of (n, k)
and E(rn) vary from (4,15) with E(n) = 0.426, to (6,10) with E(n) = 0.292.

Strauss and Simon [24] study properties of a sequence of comparative
phase II trials. At each of k stages, 2n patients are randomized between a
new experimental treatment and the better of the two treatments from the
previous stage, starting with a known standard S at stage 1. The better of
the two treatments at each stage (the ‘winner’) thus becomes the new
standard, and is then compared to the next experimental treatment. The
goal is to select a single treatment for phase III evaluation. Similar to
Whitehead [31], Strauss and Simon assume that the success probabilities
of the experimental treatments are independent draws from a beta prior
distribution, either with fixed mean equal to that of S or with distribution
adapted to the data in that its mean equals that of the latest winner. This
approach, however, is more robust against time trends in the selection of
patients. Given a total of N = nk patients, they examine the manner in
which the expected success probability E(p) of the final selected treatment
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varies with n, k, and N. They identify conditions under which such a
sequence of phase II trials is more likely than a single phase II trial to
identify a promising experimental treatment.

Whitehead [21] also proposes an integrated approach to the problem of
evaluating several new treatments. A sequence of single-arm phase II trials
is conducted; the most promising experimental treatment among them is
selected, and it is then compared to the standard in a phase III trial.
Assuming that the success rates of the experimental treatments are random
and may be considered as independent draws from a beta prior distribution,
Whitehead derives strategies for dividing patients between the two phases
(given the number of phase II trials and the total number of patients) that
maximize the probability n of obtaining a significant result in the phase III
trial. For example, if N = 300 patients are available and there are five new
agents to be tested, then allocating 18 patients to each of the five phase 11
trials and 210 to phase III ensures that n = 0.52. If instead N = 500, then
the optimal allocation is 31 with 345 in phase III, which ensures that n =
0.63. Whitehead notes that, when using this strategy, the main trade-off is
between the total numbers of patients allocated to the two phases.

Some practical considerations

Because phase II trials are developmental, their design and conduct must
include several ethical and logistical considerations. These include the
appropriateness of treating patients with E, the relevance of the trial within
the larger context of treatment development, the patient accrual rate, defini-
tion of patient response, and the monetary cost of the trial. In any phase II
setting, a priori there must be a reasonable basis for the belief that £ may
provide an improvement over the standard, whether po = 0 or pg > 0. If in
the course of the trial it becomes clear that this is unlikely, then it may be
desirable to terminate early, and here the unavoidable conflict between type
I and type II error comes into play. The trade-off is between protecting
patients from an ineffective or dangerous experimental regimen and risking
the loss of a treatment advance. If an adverse outcome, such as toxicity,
is monitored along with the usual efficacy outcome, then an alternative
goal may be to decrease the adverse event rate while maintaining a given
response rate. Designs which monitor multiple events, such as response and
toxicity, are discussed in a later section. A
Ethical considerations are most pressing for rapidly fatal diseases, and the
standards of clinical conduct for such diseases may provide a basis for
analogous decisions in less extreme circumstances. The desirability of a
particular treatment E in a phase II trial must be assessed from the view-
points of the individual patient, all patients in the trial taken as a group, and
future patients after the trial is completed. A general consideration is that
patients are more likely to choose a physician rather than a treatment and to
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rely on their physician’s advice regarding treatment choice. The centuries-
old process of entrusting one’s life and well-being to one’s physician is a
fundamental part of medicine, informed consent notwithstanding. Thus, the
trial must be designed so that trial objectives and individual patient benefit
are not in conflict. The situation is most desperate in phase IIA trials of
treatments for rapidly fatal diseases for which no effective treatment exists.
The trade-off for both the individual patient and for the trial is between the
risk of adverse treatment effects and the likelihood of any therapeutic
benefit. For nonfatal diseases, the potential severity of adverse effects first
must be weighed against the effects of the disease itself, and it is inappro-
priate to conduct a trial of E if its effects are likely to be worse than those of
the disease. Phase IIB trials often evaluate combination therapies whose
components are already known to have antidisease activity. Consequently, a
new combination regimen with an activity level below that of the standard is
usually not promising for future development. Two exceptions are a trial in
which a reduced likelihood of early response may be an acceptable trade-off
for improved overall survival, and a trial in which the real goal is to reduce
toxicity and a small reduction in response rate is considered an acceptable
trade-off. Examples of such trials are given in a later section.

Patient accrual and monetary cost are absolute limits on the size of any
clinical trial. If either the number of patients or the available resources are
insufficient to achieve initial goals, then a smaller trial may be appropriate.
However, the magnitudes of o and p and the reliability of the final estimate
of p should be kept in mind when reducing sample size due to low accrual
rate or limited resources. The results of very small trials often are of limited
value and, due to their high variability, are potentially misleading. If re-
sources are inadequate to conduct a trial that will produce useful results,
then it is inappropriate to conduct the trial.

A simple but critical issue in trial design and conduct is definition of
patient outcome. For example, in AML, treatment response is typically
complete remission (CR), which is defined in terms of several parameters
(e.g., blast count, platelet recovery, white cell count, etc.), as measured
within a given timeframe. It is essential that CR be defined formally in the
protocol and that, however CR is defined, all clinicians involved in the trial
adhere to that definition. Otherwise, one clinician’s CR may be another’s
failure, which renders the recorded trial results virtually meaningless. The
same considerations apply to definition of adverse outcomes, since there are
various grades of toxicity, etc. This problem is potentially more severe in
multi-institutional phase II trials; hence, an even stronger effort must be
made to define and score patient outcomes consistently.

Short-term response in a phase II trial is used as the measure of treatment
effect. For solid tumors, however, partial response often is not a validated
measure of patient benefit. In general, the comparison of survival between
responders and nonresponders is not valid for demonstrating that treatment
has extended survival for responders [32]. Because response is often viewed
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as a necessary but not sufficient condition for extending survival, response
may be used in phase II trials for screening promising treatments. To
evaluate the effectiveness of a regimen in prolonging survival, however, a
phase III trial of survival is required.

Historical data and Bayesian designs

Most phase II trials evaluate one or more new treatments relative to a
standard therapy §; hence, they are inherently comparative, even though a
standard treatment arm usually is not included. In designing the single-
stage, single-arm trial described in the introduction to this chapter, a common
practice is to assume that p, is a known constant (and hence that the statistic
p — po = (Y,/n) — pg has variance var(p) = p(1 — p)/n) and to determine n
to obtain a test of p = p, versus p = p, + 8 having given type I and type 11
error rates a and P. For phase IIB trials, where py represents the activity
level of available regimens, the numerical value of p, used in this computa-
tion is often a statistical estimate py based on historical data, rather than a
known constant. The empirical difference p; — po, which is the basis for the
test, is thus the difference between two statistics and has variance larger
than the assumed p(1 — p)/n. Consequently, the sample size computed
under a model ignoring the fact that p, is a statistic is incorrect. This
common practice may be due to the belief that the variability of pg is of no
practical consequence or to the absence of a theoretical basis and associated
statistical software for computing sample sizes correctly.

Thall and Simon [19] derive optimal single-stage phase II designs that
incorporate historical data from one or more trials of S and account for the
variability inherent in py. They consider both binary and normally distributed
responses. Because the variability between historical pilot studies sometimes
exceeds what is predicted by a binomial model for binary responses, they
use a beta-binomial model to account for possible extrabinomial variation.
Their results indicate that it is sometimes best to randomize a proportion of
patients to S, and they derive the total sample size and optimal proportions
for allocation to E and § that minimize var(p,; — p,). Their results indicate
that an unbalanced randomization may be superior to a single-arm trial of
E alone, and that ignoring var(p,) may lead to trials with actual values of
a and B much higher than their nominal values. For example, consider a
trial in which p, = 0.20 is based on three historical trials of 20 patients
each. To obtain a test that detects an improvement of § = 0.20, i.e., for
alternative p; = 0.40, with @ = 0.05 and B = 0.20, the optimal design
requires 85 patients with 27 allocated to S and 58 to E. If the variability
in py is ignored and a single-arm trial of E is conducted, the standard
computation yields n = 35, and the resulting test will have actual o = 0.14
and B = 0.27. Since the numerical computations to incorporate the his-
torical data and obtain the optimal design are somewhat complicated,
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a menudriven computer program written in Splus has been made
available.

The above method for dealing with the variability of an estimate of p,
may be regarded as a particular approach to a more general problem. Given
that in a phase II trial the success rate of E ultimately must be compared
to that of S, and that uncertainty regarding the response rate of S will always
exist, the general problem is to account for this uncertainty when planning
the trial and interpreting its results. A different statistical approach is based
on the Bayesian framework, in which the success probabilities of E and §
are regarded as random rather than fixed parameters. To underscore this
distinction, we denote the random response probabilities by 85 and 0.
Although the theoretical basis for Bayesian methods is well established,
practical methods for clinical trials have been proposed only recently, notably
by Freedman and Spiegelhalter [33,34], Spiegelhalter and Freedman [35,36],
Racine et al. [37], and Berry [38,39].

Sylvester and Staquet [28] and Sylvester [29] propose decision-theoretic
Bayesian methods for phase II clinical trials. They optimize the sample size
and decision cutoff of a single-stage design where n is fixed, to determine
whether a new drug is active, by minimizing the Bayes risk. Their approach
assumes that P, [0 = py] = 1 — P, [0 = p,], with p, > p;, where p, and
p1 are response rates at which E would and would not be considered
promising, respectively — i.e., they assume that 6z may take on two pos-
sible values.

Herson [7] proposes the use of predictive probability (PP) as a criterion
for early termination of phase II trials to minimize the number of patients
exposed to an ineffective therapy. The PP of an event, such as concluding
that E is or is not promising according to some decision rule, is the condi-
tional probability of that event given the current data, computed by first
averaging over the prior distributions of the parameters, which are 65 and
O in the present context. Mehta and Cain [9] provide charts of early
stopping rules based on the posterior probability of [6 > py], where pq is a
fixed level at which E would be considered active.

Palmer [40] proposes a Bayesian procedure for identifying the best
of three treatments E;,E,,E;. He assumes that their respective success
probabilities are n; = (a,b,b), n, = (b,a,b), or n3 = (b,b,a) with prior pro-
bability 1/3 each, where b < a are known fixed standards, analogous to pg
and py + 6 in the hypothesis-testing context. Given a maximum sample size
N, patients are first randomized among the treatments in triplets, and based
on the posterior probabilities of {m;,m,,m3} the worst treatment may be
dropped. Patients are then randomized between the two remaining treat-
ments in pairs, and the worse of the two is subsequently dropped based
on the posterior distribution. The optimality criterion is to maximize the
expected number of future treatment successes. Palmer gives an idealized
example in which the respective true response rates of E;,E,,E; are 0.40,
0.35,:0.31, and N = 300. At the first stage, 42 patients are randomized in
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triplets before E; is rejected, and then 58 more patients are randomized in
pairs between E; and E, before E; is chosen. As with any selection pro-
cedure, this method is subject to the error of choosing an inferior treatment,
and Palmer provides numerical tables of operating characteristics.

Thall and Simon [12-14] present a Bayesian approach to phase II clinical
trials in which patient response is binary and the accumulating data are
monitored continuously. Their designs require an informative beta prior for
Os, a flat or weakly informative beta prior for Og, a targeted improvement
for O over Og, and lower and upper bounds m and M on the allowable
sample size. The maximum sample size M is chosen to obtain a given level
of reliability in the posterior distribution of 8z. Depending upon the specific
objectives, the posterior distribution of 0f is updated when each patient
response is observed. The trial may be terminated if £ is shown with high
posterior probability to be either promising or not promising compared to S,
or if the predictive probability of either conclusion is small. Otherwise, the
trial continues. Although the framework for determining early termination
bounds and M is Bayesian, the operating characteristics of the design are
evaluated using frequentist criteria, and the design parameters are deter-
mined on that basis. Since the trial may be terminated early on the basis of
interim results, the sample size is random and on average is smaller than
M. This is the case for all designs with interim stopping rules, including
multistage designs.

For example, suppose that the prior on 85 has mean pg = 0.30 and Wy o9
= (.20, i.e., the width of the 90% central prior interval for 85 is 0.20
(formally, P,[0.20 < 685 < 0.40] = 0.90). This corresponds to a beta distribu-
tion with parameters 16.62 and 38.78, which might arise from a previous
study of S with roughly 55 patients and a 30% response rate. To obtain a
posterior distribution such that P,[0.40 < 8z < 0.60 | Y,,] = 0.90 requires M
= 65 patients. This would ensure that once the trial is completed, one may
be 90% certain that the success rate with E is within 0.10 of its mean value.
Monitoring begins at /n = 10 patients. For a targeted improvement of 0.20,
the decision criteria after the nth patient outcome is observed are to stop the
trial and declare E promising compared to S if P[0 < 0% | Y,,] > 0.95, or to
stop the trial and declare E not promising compared to § if P,[85 + 0.20 <
0z | Y,] < 0.05, and otherwise to continue to accrue patients up to the
maximum of 65. These criteria yield upper and lower stopping boundaries
U,and L, for n = m, ..., M such that E is declared promising if Y,, = U,
E is declared not promising if Y,, < L,, and the trial continues if L,, < Y, <
U,. In the example, at the tenth outcome (Lio,U;0) = (2,6), so the trial is
stopped and E is declared not promising if Yo < 2, E is declared promising
if Yi0 = 6, and the trail continues if 2 < Y;q < 6. Likewise, (L{,Uy) =
(2,7), (L15,U1p) = (3,7), etc.; so in practice, once the stopping rules are
established, conduct of the trial is straightforward.

The operating characteristics of the design may be evaluated by comput-
ing the probabilities of declaring E promising, declaring E not promising, or

60



accruing all 65 patients without either conclusion under fixed values pg of
the response rate of E. Important values are pg = pg and pg = pg + 9, the
mean standard and targeted success rates, respectively. In the example, if
the true success probability of E is the standard mean rate 0.30, then under
this design the trial is terminated early and E is declared not promising with
probability p_ = 0.88; if the true success probability of E is 0.50, then E is
declared promising with probability p, = 0.84. In either case, the median
sample size is 12.

An alternative design stops early only if E is not promising compared to
S, and does not stop early if E is promising. This design would be preferred
when it is desirable to continue the trial if the new treatment is promising
rather than to terminate it early. With this design, if E has true success rate
0.30, then p_ = 0.94; if E has true success rate 0.50, then the design accrues
all 65 patients with probability 0.85. In practice, p. and p_ are computed
when planning the trial, and the values of p; , py, 6, m, or M are modified as
appropriate in order to obtain a design with desirable operating charac-
teristics. Since the numerical computations necessary to implement this
design are quite complicated, a menu-driven computer program written in
Splus has been made available.

Multistage designs

Designs that provide criteria for early termination based on each outcome
Y, may be regarded as extreme versions of multistage designs, which pro-
vide early stopping rules at one or more interim points in the trialy Schultz et
al. [41] and Fleming [8] provide a general multiple-testing framework for
phase II trials in which n; patients are accrued at the jth stage, j=1,..., K,
and a decision is made to stop the trial or continue based on a test of Hy:
p < pgversus Hi: p = p;. Let (ay, ..., ax) and (71, . . ., rg) be sequences
of lower and upper test cutoffs. At stage j, H; is rejected and the trial is
terminated if §; = Yn,+...+n, < a;, Hy is rejected and the trial is terminated if
S; = r;, and the trial continues to the next stage if a; < S; < r;. If the trial
continues to the Kth (final) stage, then one of the two hypotheses must be
rejected; hence, ax = rx — 1. The maximum sample size M = n; + ...+
ng and test cutoffs must be chosen to provide overall test error rates o and
B. The actual sample size N is thus random, taking on possible values 1,1,
+ n,, ..., M, depending upon the interim test results.

Fleming [8] provides an explicit method for determining the test cutoffs,
although the number of stages and division of patients among the stages are
somewhat arbitrary, aside from the error rate constraints. For example, a
Fleming design to test p < 0.30 versus p = 0.50 with @ = 0.05 and B = 0.11
may be conducted with three stages of sizes n; = 20 and n, = n; = 15, and
test cutoffs (L20,U20) = (5,12), (L35,U35) = (12,17) and (L50,U50) = (20,21)
If p = 0.30, the expected number of patients under this design is Eq(N) =
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35.5. A two-stage Fleming design with the same size and power has ny = n,
= 25 with test cutoffs (7,14) and (20,21), and null expected sample size

Eo(N) = 40.8. :
Therneau, Wieand, and Chang [42] provide an enumeration algorithm
that derives Fleming designs for given K, ny, ..., ng, o, B, po, and p; that

are optimal in that they have minimal expected sample size. In practice, this
algorithm may easily be extended to determine optimal interim sample sizes
ny, ..., g, as well, and a computer program to derive the optimal designs
is available. Since much of the advantage of multistage designs over a single-
stage trial is achieved for K = 2, Simon [11] derives two-stage designs
that either (1) minimize Eo(N) (the optimal design) or (2) minimize the
maximum sample size M (the minimax design) for given a, B, pg, and p;. An
important distinction between the two-stage version of the Fleming design
and Simon’s designs is that the latter allow only rejection of H; or con-
tinuation but not rejection of H, at the interim test. For the hypotheses
considered above, the optimal Simon two-stage design requires n; = 24
patients initially, stops after stage 1 and rejects H; if Y, < 8§, and otherwise
accrues an additional n, = 39 patients with final test cutoffs (24,25). The
corresponding minimax design has n; = 24 with stage 1 cutoff 7 and n, = 29
with final test cutoffs (21,22). For these designs, Eqo(N) = 34.7 and 36.6,
respectively. Simon (1989) tabulates design parameters and operating
characteristics for a broad range of parameter values, and a computer
program to obtain these values is also available.

Garnsey-Ensign et al. [43] provide an optimal three-stage design that is
essentially a combination of the Gehan [6] and optimal Simon [11] designs.
At stage 1, the design stops with rejection of H; if there is an initial run of
n; failures; otherwise, it continues to stage 2 and (possibly) stage 3, which
have decision rules analogous to those in stages 1 and 2 of Simon’s designs.
Rejection of H| is thus possible at any stage, but H; may be accepted only at
the final test. The design is optimal in that E¢(N) is minimized for given a,
B, po, and p1, subject to the constraint n; = 5. To test the hypotheses in the
above examples at o = 0.05 and B = 0.10, the optimal three-stage design
requires n; = 8 and rejects H, if the first eight outcomes are all failures. If
Ys > 0, then n, = 16 additional patients are treated, and H; is rejected if
Y,, < 8, whereas an additional n3; = 39 patients are treated if Y,, > 8. The
final test has cutoffs (24,25). This design has Eo(N) = 33.7, and this slight
gain over the analogous Simon optimal two-stage design is typical for small
to moderate values of py.

Bellisant, Benichou, and Chastang [44] present a simulation study eval-
uating several multistage phase II designs, including those of Fleming [8]
and Herson [7], and designs based on the sequential probability ratio test
(SPRT) and the triangular test (TT), and they compare these to the single-
stage design. They document the reduction in average sample size obtained
by interim monitoring compared to the single-stage approach, as well as the
increase in average sample size as the number of patients per stage is
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increased. Their investigation includes designs based on the SPRT and
TT with continuous monitoring, which might be considered hypothesis-
test-based alternatives to the Bayesian strategy proposed by Thall and
Simon [13,14].

It may be argued that the real purpose of a phase II trial is to obtain a
reasonably reliable estimate of the response rate of E, and that interim
stopping rules should be imposed mainly to protect patients from inferior
treatments. Even for a trial based on tests of hypotheses, a confidence
interval for p is of interest at its conclusion. The confidence interval pro-
cedure, say at 95%, regards the success probability p as a fixed unknown
parameter and the computed interval as a single realization of a random
phenomenon that, if it were repeated many times, would contain p between
its upper and lower limits 95% of the time. If the success probability is
considered to be random rather than fixed, a Bayesian posterior probability
interval for the random probability 0 is appropriate. Alternatively, a
frequentist might summarize a Bayesian trial by a confidence interval for the
unknown fixed parameter p, with the Bayesian decision rules simply viewed
from a frequentist point of view.

When computing a confidence interval, one must account for interim
decision rules, since the probability distribution of the confidence interval
bounds depends upon the sequences of patient responses and failures pos-
sible in the trial. Methods for adjusting confidence intervals computed after
trials with interim stopping rules have been discussed by a number of
authors, including Jennison and Turnbull [15], Tsiatis, Rosner, and Mehta
[16], Atkinson and Brown [17], and Duffy and Santner [18]. For example, if
the three-stage Fleming design described above were to run to conclu-
sion with 20 total successes out of M = 50 patients, then the correct 95%
confidence interval for p that accounts for the interim stopping rules
is [0.268-0.556]. If the interim rules are incorrectly ignored, then the
corresponding exact Clopper—Pearson [S] confidence interval would be
[0.282-0.548]. Continuous monitoring may produce even larger descre-
pancies. Consider a Bayesian phase II design with only a lower stopping
bound, specifically a trial with M = 42 that stops if Y,/n < 0/10, 1/15, 2/21,
3/27, 4/33, or 5/38. If the trial runs to completion with Y, = 7 responses,
then the correct 95% confidence interval for p is [0.076—-0.360], while the
interval that ignores the lower stopping bound is [0.086~0.314].

In contrast, a Bayesian probability interval is based solely on the final
data and ignores any interim stopping rules. Based on a noninformative beta
(0.4,1.6) prior, i.e., having mean 0.20 and a + b = 2, the 95% probability
interval running from the 2.5th to 97.5th percentiles of the posterior dis-
tribution of O in the above example would be [0.074-0.341]. That is,
Pr[0.074 < 6z < 0.341 | Y4, = 7] = 0.95, and this would be the posterior
probability interval regardless of the design that produced the final 7/42.
The fundamental difference is that the (frequentist) confidence interval for p
must be adjusted for interim stopping rules, whereas the Bayesian posterior
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probability interval for Oz requires no such adjustment. Also, the unad-
justed confidence interval, appropriate following a single-stage design, is
nearly identical to the Bayesian probability interval based on a flat prior
witha + b = 2.

Although multistage and continuous-monitoring designs require a con-
iderably greater effort in the conduct of the trial, this approach makes use of
information ignored by single-stage designs. In particular, continuous
monitoring is most protective in the case of a treatment having poor efficacy
or an unacceptably high rate of an adverse event. The decision to use a
design with continuous monitoring, a multistage design with several interim
decisions, a two-stage design with one interim decision, or a single-stage
design with a test only at the end should be based in part upon practical
considerations and the feasibility of conducting the trial as designed.

An overriding consideration in designing any clinical trial is the logistical
aspects of its conduct; hence, the design must provide a balance between
scientific goals and what realistically may be implemented in the clinic. A
design that either is overly complex or ignores important clinical phenomena
is likely to be violated in practice, often out of clinical necessity. The data
resulting from such a trial may be unreliable or misleading. A simple
example is a cancer chemotherapy trial design that provides rules for moni-
toring tumor shrinkage but no formal rules for monitoring toxicity. This
example is discussed in the next section.

Multiple outcomes

The designs discussed in the preceding sections are based on a single binary
outcome. Patient response in clinical trials is an inherently multidimensional
phenomenon, however, with the possibility of both adverse events and
efficacy outcomes. In addition to evaluating treatment efficacy, a phase II
trial must determine whether an experimental treatment is sufficiently safe
to allow its evaluation in a large randomized trial. Moreover, responses may
occur at two or more stages of the trial, often reflecting the interaction
between patient response and subsequent treatment selection in certain
clinical settings, as in the case of bone marrow transplantation.

The simplest example is that of a typical cancer chemotherapy trial in
which efficacy is evaluated in terms of the usual binary response variable,
and acute toxicity is also monitored. If both variables are recorded and
toxicity, like response, is scored as a binary variable, then four outcomes are
possible. This example illustrates the more general setting in which one
efficacy event and one adverse event must be monitored. An important issue
in constructing interim stopping rules corresponding to both response and
toxicity is the degree of interdependence between these two events, since
they are seldom independent. From the viewpoint of safety monitoring,
since a high toxicity rate often is associated with a high response rate, a
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stopping rule that terminates the trial early if the observed toxicity rate is
unacceptably high is also likely to terminate a trial of an agent with a high
response rate. A common practice in the conduct of phase II trials is to
construct the design solely in terms of response, but also to include an
informal and often vaguely defined stopping rule for toxicity. This practice
results in trials having operating characteristics that are very different from
the nominal values obtained from decision rules based on response but
ignoring toxicity.

Table 3 presents two hypothetical examples, each having the same
marginal probabilities Pr[Response] = 0.40 and Pr[Toxicity] = 0.25, but
very different joint probabilities. In case 1, the toxicity rates among re-
sponders and nonresponders are very different: 50% of responders suffer
toxicity, compared to only 8.3% of nonresponders. This illustrates a double-
bind typical of chemotherapy and radiotherapy trials, where decreasing
dosage or intensity to reduce toxicity is also likely to reduce the response
rate as well, and increasing dosage is likely to increase both the response
and toxicity rates. Case 2 illustrates an unlikely scenario in which the
toxicity rates of the responders and nonresponders both are identical to
the overall rate of 25%, so that the two events are independent. In this
unrealistic case, monitoring the two outcomes would not be problematic in
that the two monitoring rules could be treated independently. In practice,
the nature and degree of interdependency between patient outcomes can be
assessed only from historical data, and it is appropriate to use this informa-
tion in constructing monitoring procedures for multiple events.

Thall, Simon, and Estey [26] present a general Bayesian strategy for
monitoring multiple outcomes in single-arm clinical trials. Each patient’s
response is characterized as a multinomial variable that records the specific
combination of events occurring for that patient in the course of the trial,
as illustrated by table 3. This includes both adverse events and efficacy
outcomes, possibly occurring at different study times. The authors use a
Dirichlet-multinomial model to accommodate general discrete multivariate
responses, and they provide Bayesian decision criteria for early termination
of studies with unacceptably high rates of adverse outcomes or with low

Table 3. Possible outcomes in a trial monitoring both response
and toxicity

Hypothetical

probabilities
Patient response Case 1 Case 2
A, = [Response and No Toxicity] 0.20 0.30
A, = [Response and Toxicity] 0.20 0.10
As = [No Response and No Toxicity] 0.55 0.45
A4 = [No Response and Toxicity] 0.05 0.15
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rates of desirable outcomes. Each stopping rule is constructed either to
control the rate of an adverse event or to achieve a specified level of
improvement of an efficacy event rate for the experimental treatment,
compared with that of standard therapy. They avoid explicit specification of
costs and a loss function, and evaluate the joint behavior of the multiple
decision rules using frequentist criteria. Their approach accommodates a
broad range of clinical situations, including settings in which observation of
certain endpoints is conditional on the occurrence of earlier events. They
illustrate the approach with a variety of single-arm cancer trials, including
acute leukemia biochemotherapy trials, bone marrow transplantation trials,
and an anti-infection trial.

For a simple application of this method, consider the example given in
table 3. Denote the vector of random probabilities of the elementary out-
comes by 8 = (0,0,,05), with 6, = 1 — 6; — 6, ~ 03, and let X,, =
(X1.1,Xn2:X, 3, X.4), the numbers of patients with each combination of
outcomes out of n scored. Thus, X,,; + X,,, equals the number of patients
who respond, and X,, » + X, 4 equals the number of patients who experience
toxicity; likewise, 8, + 8, = Pr[Response] and 6, + 8, = Pr[Toxicity]. The
total X, ; + X,2 + Xn3 + X4 = n, and X,, | 0 is multinomially distributed
in n and 0.

Suppose that the event rates in case 1 are obtained from a previous study
of 60 patients given ‘standard’ therapy in which the numbers of patients in
the four respective outcome categories were (12,12,33,3). Using these data
as the parameters of a Dirichlet prior for the standard-treatment success
probability vector 05, and using a noninformative prior distribution for the
experimental probability vector Og, the Thall, Simon and Estey approach
might proceed as follows: a 90% posterior probability interval of width 0.20
for Pr{Response], i.e., such that at the end of the trial Pr[L < 05 ; + 05, <
U] = 0.90 with U — L = 0.20, requires a maximum of 63 patients. Suppose
that a 0.15 increase in the mean response rate is desired, and an increase of
at most 0.05 in the toxicity rate is considered an acceptable trade-off for
achieving the desired improvement in response rate. The trial is terminated
early if

Pr[@s,l + 65’2 +0.15< 95,1 + 95,2 ' Xn] < 0.05
or
Pr[es’z + 95’4 + 0.05 < 95,2 + 95,4 ’ Xn] = 0.90.

These determine stopping rules based on the comparison of X, ; + X, , and
X,» + X, 4 to explicit numerical boundaries. The criterion probabilities p,,
= 0.05 and py = 0.90 were determined by examining various values of p,
and py and selecting those giving desirable operating characteristics. For this
design, if true probabilities of response and toxicity are the standard mean
values 0.40 and 0.25, then the probability of early termination (PET) is 0.80
and the median sample size is 18. If the toxicity rate is =0.30, i.e., an
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increase of 0.05 or more, then PET = 0.85, with a median sample size of at
most 18 patients; the PET is larger and the sample size is smaller if the
toxicity rate is >0.30. If the response rate is 0.55, the targeted 0.15 im-
provement, and the toxicity probability is maintained at the null rate of
0.25, then PET = 0.19 and the median sample size is the trial maximum
of 63.

The general approach of Thall, Simon, and Estey [26] can accommodate
considerably more complicated settings; their examples include trials in
which the number of elementary patient outcomes varies from three to
seven, with as many as four monitoring boundaries running simultaneously.
Since the computations necessary to obtain the stopping bounds and operat-
ing characteristics are quite complicated, a menu-driven computer program
in Splus is available. Simulation of each design takes 5 to 10 seconds on a
Solbourne 5/600 computer, so stopping bounds for rather complicated set-
tings may be derived and their properties evaluated rather quickly.

Etzioni and Pepe [25] propose a Bayesian criterion for monitoring two
adverse outcomes in a pilot toxicity study, in the case where the occurrence
of one event precludes occurrence of the other. The probabilities of the
adverse events, 0; and 0,, are considered to be random quantities, and
Etzioni and Pepe assume that, given 0; and 6,, the numbers of patients X,
and X, who suffer them are binomially distributed. Etzioni and Pepe define
excessive toxicity as the event A = [0; > a; or 0, > a,], where a; and a, are
fixed critical thresholds. For a prior distribution on (8;,8,), Etzioni and Pepe
use the piecewise uniform distribution on the unit square [0,1] X [0,1],
which takes on the values {2(1 — aja,)} ' if (6,,0,) is in A and {2a;a,} ! if
(81,8;) is not in A so that, in particular, a priori Pr[A] = 1/2. Their
monitoring strategy is to stop the trial if the posterior probability of exces-
sive toxicity exceeds a specified cutoff. For example, if a; = 0.30, a, = 0.50,
and the cutoff is 0.90, then the trial would be terminated at n = 4 patients if
either all four patients suffer the first event or three suffer the first event and
one suffers the second. Etzioni and Pepe also discuss methods for carrying
out frequentist inferences at the end of the trial, including computation of a
confidence region for (8;,0,) and a p-value corresponding to a test of
hypothesis.

Discussion

In oncology, nearly any clinical trial that is not a dose-finding study and that
does not contain a randomized control group is called a phase II trial.
Consequently, the phase II category is quite heterogeneous with regard to
objectives and characteristics. Unfortunately, these differences are not
always recognized, and statistical designs developed for one type of phase II
trial are sometimes inappropriately applied to another type.

Many phase II trials are conducted to evaluate the activity of a new drug
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against a particular kind of cancer. We have called these phase IIA clinical
trials. The main objectives of such trials are to determine whether the drug
is active and to obtain a rough estimate of the degree of activity. Often,
other drugs have previously been shown to be active. The objective of the
trial is not to determine whether the new drug is more active than the other
drugs. If the new drug is sufficiently active, the next step may be to combine
the new drug with one or more existing drugs to try to identify a regimen
that is effective in reducing mortality. The decision of which drugs to include
in the combination regimen and whether or not to pursue such an approach
depends on several factors. These factors include the level of activity of the
new drug, the toxicity profile of the new drug in relation to those of other
active drugs, and the levels of activity of available active drugs.

Until recently, most statistical designs developed for phase II clinical
trials were applicable primarily to the objectives of phase ITA trials. These
include the designs of Gehan [6], Schultz et al. [41], Fleming [8], Simon
[11], and Therneau et al. [42]. It is particularly important in this setting that
the trial be terminated early if the drug is inactive against the disease,
so that patients are not subjected unnecessarily to a toxic agent with no
evidence of antitumor activity. Whether or not the trial should continue to a
target maximum sample size if the drug has been shown to be active will
depend on the clinical setting. Often this is useful for gaining additional
experience with the drug in a variety of patients to help plan its incorpora-
tion into a combination regimen and to plan subsequent trials. When the
drug is in short supply, however, proceeding directly to phase III may be
preferable. Also, there is a ‘window of opportunity’ when it is feasible to
conduct a phase III trial of a promising new drug, and prolonging the phase
II portion of development may be problematic.

Phase IIB trials have the objective of determining whether a new regimen
has a level of antidisease activity that is promising relative to the best
available regimens. In dealing with combination regimens, sometimes in-
volving a complex sequential treatment program for the patient, it is not
relevant to show that the regimen is ‘active’. Moreover, it is generally not
feasible to incorporate such complex combinations into other treatment
programs. Rather, the focus often is on determining whether the combina-
tion regimen under test is sufficiently active, compared to the activity level
of best available standard therapy, to warrant a phase III trial. Hence, phase
IIB trials are inherently comparative. Usually, however, these comparative
aspects are suppressed, or at least not addressed directly. This can have
two undesirable effects. The first is that the results with the experimental
regimen may appear so promising that a phase III trial is difficult to con-
duct, since randomization to a control arm appears unethical. The second is
that the results are misleadingly promising and a phase III trial is conducted
when it is not warranted. There are, of course, other possibilities. In general,
we believe that the comparative aspects of phase IIB trials should be ad-
dressed directly, that specific control groups should be identified, and that
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uncertainties arising from the use of nonrandomized control groups of finite
size should be quantified. The designs of Thall and Simon [12-14,19], and
Thall, Simon, and Estey [26] address this. These designs are, however, quite
different from those developed for the simple phase ITA trials.

An alternative to conducting a phase IIB trial is to use a phase III
randomized design, allowing one or several experimental regimens, with
early termination of a treatment arm if early results with that regimen
are sufficiently discouraging. The designs described by Ellenberg, and
Eisenberger [45], Thall, Simon, Ellenberg, and Shrager [46], Thall, Simon,
and Ellenberg [22,23], Wieand and Therneau [47], Schaid, Wieand, and
Therneau [48], and Storer [49] are of this type. It is often difficult to
organize a phase III trial of an experimental regimen, however, without
some earlier phase II experience with that regimen.

The designs discussed here accommodate a broad range of clinical set-
tings and goals for phase II trials. Some issues remain, however. A major
problem in phase II trials is that between-patient variability is typically very
large, even given specific entry criteria, while phase II trials are relatively
small compared to phase III. Consequently, a phase II trial is not unlikely to
have a disproportionate number of patients having relatively poor prognosis
within the larger patient group being considered. This in turn is likely to
lead to the conclusion that the experimental regimen is not promising as a
consequence of the patients’ characteristics, rather than due to the effects of
the regimen itself. Likewise, a large proportion of good-prognosis patients
in the trial, which also is not unlikely, might lead to an overly optimistic
conclusion regarding the experimental regimen. A design with interim
monitoring rules adjusted for observed patient prognostic variables thus
would be highly desirable. Our future research will address this issue.
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4. Multivariate failure time data

D.Y. Lin

Introduction

The term multivariate usually refers to multiple explanatory variables in
clinical literature and to multiple response variables in statistics. In this
chapter, the latter interpretation is taken. By multivariate failure time data,
we thus mean that each patient may experience several events of clinical
interest, or that there exists some natural or artificial clustering of obser-
vational units that induces dependence among failure times of the same
cluster; we shall refer to the former as multiple events data and the latter as
clustered data. Examples of multivariate failure time data include the
sequence of tumor recurrences or infection episodes, the developments of
physical symptoms or diseases in several organ systems, the experiences of
visual loss in the left and right eyes, the onsets of a genetic disease among
family members, and the appearances of tumors in littermates exposed to a
carcinogen. We describe below three clinical trials and one epidemiologic
study that involve multivariate failure times.

Example 1: The Colon Cancer Study. A national intergroup trial was
conducted in the 1980s to study the drugs levamisole and fluorouracil for
adjuvant therapy of resected colon carcinoma [1,2]. Nine hundred and
twenty-nine patients with stage C disease were randomly assigned to obser-
vation, levamisole alone, or levamisole combined with fluorouracil. The
time to cancer recurrence and the survival time were both considered
important outcome measure.

Example 2: The CGD Study. Chronic granulomatous disease (CGD) is a
group of inherited rare disorders of the immune function characterized by
recurrent pyogenic infections that may lead to death. In order to study the
ability of gamma interferon to reduce the rate of infections, a placebo-
controlled randomized trial was conducted by the International CGD
Cooperative Study Group in the late 1980s. Each patient had the potential
to experience multiple infections. By the end of the trial, 30 of 65 placebo
patients and 14 of 63 patients on gamma interferon had experienced at least
one infection. Of the 30 placebo patients who experienced at least one
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infection, 5 experienced two, 4 others experienced three, and 3 had four or
more. Of the 14 gamma interferon patients with at least one infection, 4
experienced two and another had a third event. This study was described at
greater length by Fleming and Harrington ([3], pp. 162-163). The data are
listed in their appendix D.2.

Example 3: The Diabetic Retinopathy Study. The Diabetic Retinopathy
Study was conducted by the National Eye Institute to assess the effectiveness
of laser photocoagulation in delaying the onset of blindness in patients with
diabetic retinopathy [4]. Seventeen hundred and forty-two patients entered
the study between 1972 and 1975. One eye of each patient was randomly
selected for photocoagulation, and the other eye was observed without
treatment. The patients were followed over several years for the occurrence
of blindness in the left and right eyes. One anticipates some dependence
between a patient’s two eyes.

Example 4: The Schizophrenia Study. Dr. Ann E. Pulver of Johns Hopkins
University has been conducting a genetic epidemiologic study of schizo-
phrenia [5]. Four hundred and eighty-seven first-degree relatives (273 males,
214 females) of 93 female schizophrenic probands enrolled in the study. (In
human genetics, proband means the member of the family that brings a
family under study.) The number of relatives of a single proband ranges
from 1 to 12. An important question is whether the risk of affective illness
(depression or mania or both) in the relatives is associated with the age at
onset of schizophrenia of the proband. Here, the times to affective illness
are expected to be correlated among relatives of the same proband.

In the above examples, the scientific interests center on the effects of
covariates (e.g., treatment) on the risk of failure. For univariate failure time
data, i.e., a single failure time variable with independent observations,
such effects are studied almost exclusively by the Cox [6] proportional
hazards model, which includes the commonly used log-rank test as a special
case. The analysis of multivariate failure time data is complicated by the
dependence of related failure times. With censoring, this dependence poses
a greater statistical challenge than (uncensored) longitudinal data. One
useful solution that has gained increasing popularity is the marginal hazard
approach originated by Wei, Lin, and Weissfeld [7] and Lee, Wei and
Amato [8] (hereafter referred to as WLW and LWA), which formulates
the marginal distributions of multivariate failure times with the familiar Cox
proportional hazards models while leaving the nature of dependence among
related failure times completely unspecified. As in the case of longitudinal
data [9], simple estimating equations can be constructed to yield con-
sistent and asymptotically normal estimators for the regression parameters,
provided only that the marginal models correctly specified, and robust
variance-covariance estimators can be obtained that properly account for
the dependence.

The purpose of this chapter is to present an overview of the marginal
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approach with an emphasis on the designs and analysis of clinical trials. This
general methodology is described in the next section. In the Examples
section, we provide detailed illustrations with the four real examples cited
above. A number of related issues are considered in the Discussion section.

Methods
Univariate failure time data

We first review the basic results for the univariate case. Under the pro-
portional hazards model [6], the hazard function for the failure time T
associated with a p X 1 vector of possibly time-varying covariates Z =
(Zl, e, Zp)’ is

MBZ) = ha(De? 20,

where B is a p X 1 vector of unknown regression parameters, and A(?)
is an unspecified baseline hazard function. When 7T is subject to right-
censorship, we observe X = min(7,C) and A = I(T < C), where C is the
censoring time and /(%) indicates, by the values 1 versus 0, whether or not
the event./ occurs. Assume that T and C are independent conditional on Z.
Let (X;, A, Z;) (i = 1,..., n) be n independent replicates of (X,A,Z).
Then the partial likelihood function [10] for B is

P ZiX) }Ai

L) = 11;[1{2}1=11/j(1\fi)eﬁ'2f(Xi)

where Yj(f) = I(X; = t). The corresponding score function dlogL(p)/dp
equals

n

_ < S(l)(B’Xi)}

Up) = Z,lAi{Zi(Xi) ~ SO.x,))”
where SO(B,1) = Zi,Yj(1)e?“ and SUB,0) = T, Y(0)eP ZOZ(r). The
maximum partial likelihood estimator J is the solution to {U(B) = 0}. Given
B, we estimate the cumulative baseline hazard function Ag(f) = [§ho(u)du
by Ao(t) = L1 I(X; < £)A/SO(B,X;) [11]. The corresponding estimator for

the baseline survival function Sy(z) is So(z) = e~ @,

For large n, the score statistic U(B) is approximately p-variate normal
with mean 0 and with (estimated) covariance matrix A(f), and P is approxi-

mately p-variate normal with mean B and with (estimated) covariance matrix
A7Y(B), where

2 n(SOB.X)  SOBXNSDBX,)
A(B) = _0"log L(B) _ {S (B.X) _ ST(B.X)ST(B,X) }

gt A LSO®B.x) SOB,X;)?
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and S@(B,f) = T, Yf(t)eﬁ'zf(’)Zj(t)Z,-(t)’ [12]. In addition, the survival func-
tion estimator Sy(f) is approximately normal with mean Sy(f) and with a
variance that can be easily estimated [13]. If the assumed Cox model is
incorrect, then the estimator [ is approximately normal with a well-defined
mean vector and with covariance matrix ATYPB)B(P)AY(P)<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>