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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
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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
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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 * = () and equal
to alpha at r* = 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 1s 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

E3
0 t: t’g 1

Information Fraction

Figure 1. Alpha spending function indicating additional type I error rate, Aa, allocated
between interim analyses 1] 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(f)

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), k= 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 Zc(k). The trial continues to accrue
patients or events if, at the kth interim analysis,

Z(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)| = Zq(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,

Z(k) = {VI, Z*()) + VL Z*Q2) + . .. % VI, Z*(k)}/
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, + ... + [,
and expect to have total information of / at the scheduled end of the study,
then the information fraction ¢ at calendar time ¢ is (I, + I, + ... + I})/I.
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

5



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 «(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
0<pu<b<...<tgsTand0<tf <t5...<tf =1, where K denotes
the last and final analysis. Then we can determine the boundary values
Z (k) at 1, for a(t) by solving successively, under the null hypothesis of no
treatment effect,

Po{|Z(1)| = Zc(1)
or |Z(2)| = |Zc(2)| or...or |Z(k)| = Zc(k)} = a(tf)

for a two-sided test of the hypothesis. Note that Z-(k) is determined by the
spending function and the information fractions ff, 3, ..., but does not
depend on future information fractions or on the value of K.

The increment a(rf) — 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,

Pof|Z(K = 1)| > Zc(K = 1)} = o(1) = a.

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

L{a(td) — o)} =a, k=1,2,..., K.
Evaluation of the probability P, 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 = 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) = Zopp/V(nIN) = Zoge/V(t*), where Zogg 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:

o, (t*) = 2 — 20(Z,»/ V(t¥)) O’Brien—Fleming type
a(*) = a-In(1 + (e — 1)) Pocock type
ay(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

0 2 4 .6 8 1

Information Fraction

Figure 2. Comparison of spending functions «,(*), a,(r*), and a,(t*) at information fractions
™ =10.2,0.4, 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,* =0.2,0.4,0.6,0.8, 1.0)

I a,(1%) OBF ax(1%) P

0.2 4.90 4.56 2.44 2.41
0.4 3.35 323 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
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Hy
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Figure 3. Upper boundary values corresponding to the «,(#*) spending function for a — 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)

=

(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
a,(r*). 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 (") —

O’Brien—Fleming a(¢*) — 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 r* = 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.

8 = 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, p (i.e., no
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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—pur=20
Hay: pe—pr=06#0

where p¢ and pp represent the true control and treatment group means, and
& 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
" oV1im + Um

assuming equal sample size m for each group for simplicity, where ¢ denotes
the population standard deviation. Since ¢ is unknown, we may estimate G
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 = (uc — pp)/(cV1im + 1 1/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

i

Zk k=1,2,...,K,

V26°%/nk

where X and Xy 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 — pr)/V206? = VndIV26

so that

2.3

_2C ok BIR
(Hc — K1)

In order to design our studies, we evaluate the previous equation for 7, 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-

n =

12



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 H, to achieve a prespecified overall alpha level, a, for a
specific spending function a(r*).

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 =
2nkK.

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

tx = 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,(t*) 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 6 = 0.5c. Thus, substituting for A, we find

_ 2A%?
 (30)°

1.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 Z(k) through the use function a,(t}), where the infor-
mation fraction 7z will be approximated by the observed sample size divided
by 130.

n = 8(1.28)% = 13.1;

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

Hpy: pc—pr=06+#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 — Pr
Vp(1 = p)(l/me + 1imr)
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 = Va(pc = pr)/V2p(l — p) = Vnd/V2p(1 - p)

and

_28°p(1 — p)
n —-—62'——".

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,(¢*) 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)
(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 tf 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 2(0; — Ey,
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 Z;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 (pc — pr)/c 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 t* 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 t* 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 7, = 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 77 = 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 «,(r*) with
D =400, T = 48

Maximum information Maximum duration

Calendar  Total Information Information

Planned time observed Logrank fraction Boundary fraction Boundary
analysis (f months) deaths (d) Z (d/D) value (t/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 2.37 (.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 r*. As
indicated previously, one simple way to estimate t* is by the fraction of
calendar time. Let us reset calendar time ¢t = 0 at June 1987, with the study
ending in June 1982 when ¢ = 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 r* = 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 y;, y2, .. .,
y; are measured at successive follow-up times x;, x,..., 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+Buxi+g j=12,...,J

for a specific patient, with B, 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 ¢ 2.The slope B, 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 o,
then

J
. = by~ Bl — 9
By = = 7

> (xj — x)
=1

is an unbiased estimator of B, with variance

Vi) = o{1+ ;:-(—x"f—x)}

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

i)
1+ —-'—_-,} .
2(x; + X)°
If we estimate a slope for each patient and take weighted averages across
patients in the control group, then the estimated slope is

a z"“”sﬁl.S
P = Zw,

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

5 = {Var(Bc)~! + 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 ¢ and Br,
computed across all patients and observations available at the point in time
of the kth interim analysis:

7, = —Pew = Brw
V(BC(I() - BT(k))

These test statistics are compared to the critical values obtained from the
alpha spending function determined by the information fraction ¢} for k =
..., 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
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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, a,;(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,
o, (r*) spending function)

Interim Information Information Test statistic Boundary
analysis observed fraction (£*) (Z) 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 6, a
nominal 95% confidence interval for a fixed sample design would have the
general form 6 £ 1.96 SE(6). where 0 is our estimate of 8 and SE(0) is the
standard error of the estimate 6. 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

Po{6 < [0, 6] 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 RClIs
are of the form

ék = ék - Zc(k)SE(ék)
0, = 0, + Zc(k)SE(6,)

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 6; + 2.63 SE(8;). The RCI and sequential test of Hy will yield the
same conclusions regarding the null hypothesis H,: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 & > 0, > 0; that is, the lower limit 8, > 63 > 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, I (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 RClIs 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

oint estimate) *+ z,(standard deviation of point estimate).
p o P
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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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