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A general inefficacy interim monitoring
rule for randomized clinical trials

Boris Freidlin a, Edward L Korn a and Robert Grayb

Background The ultimate goal of a phase III randomized clinical trial designed to
demonstrate superiority of a new versus standard therapy is to provide sufficiently
compelling evidence to affect clinical practice. To balance patient interests against
the need for acquiring evidence it is desirable to stop a study for inefficacy as soon
as convincing evidence that the new therapy is not beneficial becomes available.
Purpose To discuss potential deficiencies in some commonly used inefficacy
monitoring rules and to propose a comprehensive inefficacy monitoring procedure.
Methods The proposed approach is developed using clinical, logistical, and
statistical considerations. The new approach is compared to the commonly used
inefficacy rules in a simulation study.
Results Some of the commonly used inefficacy rules are suboptimal with respect to
the strength of evidence required for stopping throughout the trial: too conser-
vative in the middle and/or too aggressive at the end. Our approach allows timely
stopping (a) if the new therapy is harmful, and (b) if the interim data provides
convincing evidence that the new therapy has no tangible benefit. Relative to
common inefficacy rules, our procedure is shown to result in potentially fewer
treated patients and shorter study duration under the null hypothesis with only a
minor loss of power under the alternative hypothesis.
Limitations The proposed procedure is applicable to superiority designs with
well-defined clinical objectives.
Conclusions The proposed inefficacy approach is attractive from statistical, clinical,
and logistical standpoints. By decreasing average stopping times relative to the
commonly used boundaries, our rule lessens patient exposure to inactive
treatments, improves resource utilization, and accelerates dissemination of impor-
tant clinical information. At the same time, the proposed rule provides a clear
benchmark for providing compelling evidence that the new therapy is not
beneficial. Clinical Trials 2010; 0: 1–12. http://ctj.sagepub.com

Introduction

Randomized clinical trials (RCTs) designed to dem-
onstrate that a new therapy is superior to the
current standard need to provide sufficiently com-
pelling evidence to convince the medical commu-
nity either that the new therapy is beneficial or that
the benefit-to-risk ratio of the new therapy does not
support its use. To balance the need for sufficient

evidence and the need to provide the best available
treatment for current and future patients, RCT
designs should incorporate interim monitoring of
outcome data for early evidence of efficacy or
inefficacy [1]. The efficacy interim monitoring
allows the study to stop early if sufficiently con-
vincing evidence of the new therapy’s superiority is
obtained. The inefficacy monitoring covers two
contingencies. First, one would need to be able to
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stop as soon as possible if the new therapy is
harmful or is inferior to the control with respect to
a relevant clinical outcome (the ethical motivation
for this contingency is self-evident). Second, it is
desirable for the monitoring to be able to stop the
study early once sufficiently convincing evidence
that the new therapy does not offer therapeutically
tangible benefit is obtained. Motivations for this
aspect of inefficacy include minimizing patient
exposure to an ineffective and potentially toxic
therapy, conserving recourses, informing the clin-
ical community of the results as soon as possible,
and making it easier for other therapies to be tested
in the same patient population.

Monitoring for inefficacy is frequently called
futility monitoring, but we prefer to restrict the use
of the word ‘futility’ to its lay language and original
statistical usage [2]: it is futile to continue a trial
when, based on the outcome data observed to date,
there is a high probability that the trial would not
reject the null hypothesis if it continued to its end.
If the interim data are convincing that the new
therapy does not offer benefits over the standard
therapy, then it would be futile to continue the
trial. However, unless considered from a purely
regulatory perspective, the converse may not be
true: the interim data may suggest that it is futile to
continue but yet not be convincing that the new
therapy is ineffective. This is a result of the
asymmetry in the way clinical trials are designed
and interpreted. Phase III clinical trial designs
contain an explicit definition for the minimal
level of evidence required to show that the new
therapy is beneficial. At the same time, very few
trials are explicitly designed to ensure that failing
to reach that minimal level of evidence at the
final analysis is sufficiently compelling to prove
that the new therapy has no tangible benefit.
We argue that an inefficacy boundary should be
based on providing sufficiently compelling evi-
dence of lack of benefit and not on the likelihood
of rejecting the null hypothesis if the study is
continued to its end. We return to this point in
the Discussion.

The present work is motivated by our observa-
tion that many RCTs reported in the literature
employ inefficacy monitoring rules that we con-
sider suboptimal: (a) Some popular rules become
too aggressive in the second half of the study and
recommend stopping the study for inefficacy at a
time when the observed data is consistent with
moderate-to-large treatment effects in favor of the
new therapy [3,4]. (b) As will be shown in the
section ‘Comparisons of the inefficacy monitoring
rules,’ a number of frequently used inefficacy rules
are too conservative in the middle of the study and
thus may allow the study to continue past the point
where sufficient evidence to abandon the new

therapy is available. (c) Many RCT monitoring
plans do not commence monitoring early enough
to maximize the possibility of early stopping in case
the new therapy is harmful [4]. These considera-
tions suggest that the commonly used interim
monitoring methodologies may not be optimal
for designing effective inefficacy monitoring rules.
Furthermore, the continuing use of these meth-
odologies suggests that their deficiencies may often
not be fully appreciated by the investigators
designing trials.

After discussing some general issues with ineffi-
cacy monitoring and defining some commonly
used rules we propose a general inefficacy moni-
toring procedure that has a number of desirable
properties: (a) it will stop the trial very early if
the therapy is harmful, (b) it will stop the trial if the
interim data provide convincing evidence that the
new therapy is inefficacious, (c) the proposed
stopping boundary will be easily understood,
including by nonstatisticians, and (d) the use of
the procedure will potentially result in fewer
treated patients and earlier release of results under
the null hypothesis with only a very minor loss of
power under the alternative hypothesis. In the
section ‘Comparisons of the inefficacy monitoring
rules,’ we present the results of some limited
simulations comparing the proposed procedure
with existing procedures. We end with a discussion
of the major considerations for constructing inef-
ficacy monitoring guidelines.

Incorporating an inefficacy boundary
into RCT design

A typical superiority RCT is designed to have
adequate power (80–90%) using an appropriate
type I error level (e.g., 0.025 one-sided) to detect
the minimal clinically relevant benefit. To account
for the multiple testing, efficacy monitoring
boundaries adjust nominal significance levels for
test statistics at interim and the final analyses to
maintain the overall type I error level specified in
the trial design. Under the null hypothesis, the
addition of the possibility of inefficacy stopping
reduces the overall type I error of the design. From a
theoretical standpoint, it is therefore possible to
‘reclaim’ unspent type I error by adjusting the
upper (efficacy) boundary downwards to bring the
overall type I error up to the level specified in
the design [5–7]. However, this formal approach is
inconsistent with clinical trial practice because
interim-monitoring boundaries are generally recog-
nized to be guidelines rather than strict rules.
This is especially relevant to inefficacy stopping
decisions that are often based on a synthesis of
benefit, safety and feasibility considerations both
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internal and external to the trial (by contrast,
efficacy stopping is usually driven by internal
evidence). As a result, adjusting of efficacy bound-
ary to reclaim the type I error reduced by inefficacy
monitoring is not recommended [8–10]. In what
follows, we will assume that the trial is designed so
that the type I error is controlled in the absence of
inefficacy monitoring.

Under the alternative hypothesis, the addition of
the possibility of inefficacy stopping reduces the
power of the trial design. In theory, one could
increase the sample size to account for this.
However, as the inefficacy boundaries we consider
generally result in less than 1% loss of power, we
will not increase the sample size to account for the
inefficacy monitoring.

In practice, many RCTs use one of the following
three general methods to define an inefficacy
monitoring rule:

(1) Group sequential testing of the alternative hypoth-
esis: The study is stopped if the alternative
hypothesis is rejected [7,11]. To avoid substan-
tial loss of power (inflation of type II error) due
to multiple testing, the nominal significance
levels at given interim-monitoring timepoints
are determined according to a pre-specified
spending function (e.g., O’Brien-Fleming type
boundary [12]). Alternatively, a small constant
nominal significance level is used. In what
follows, we shall use a nominal significance
level of 0.0025 as was used by Petrylak et al.
[13], Williamson et al. [14], and Lara et al. [15].

(2) Repeated confidence intervals (RCI) approach
[16, p. 199]: The study is stopped if a
pre-specified level RCI excludes the alternative
hypothesis at any of the designated interim-
monitoring timepoints. In what follows, we
shall consider repeated confidence intervals
using an O’Brien-Fleming spending function
with overall one-sided 0.025 level (one-sided
97.5% RCI) as was used by Stadtmauer et al.
[17], Sandler et al. [18], Giantonio et al. [19],
and Miller et al. [20].

(3) Conditional power (stochastic curtailment)
approach [2,21]: The study is stopped if, given
the observed data, the conditional power (that
the trial would reject the null hypothesis if
completed) under a specific assumption about
the treatment effect in the future data is less
than a pre-specified threshold (generally in the
10–30% range [2,22]). The conditional power
calculation requires making an assumption
about the distribution of the future data [23];
this can be considered as a desirable property
[24], or not [25]. This approach is, by our
nomenclature, futility monitoring. In what

follows, we will consider a conditional power
rule that is often used to prospectively define
the inefficacy boundary: stop for inefficacy if
the conditional power under the alternative
hypothesis is less than 10%, as was used by
Teerlink et al. [26], The TRIUMPH investigators
[27], Spriggs et al. [28], and Rerks-Ngarm et al.
[29]. Although somewhat uncommon as a pro-
spectively defined rule, a conditional power
approach with a 30% threshold is also included.

Another approach to inefficacy monitoring is
with the use of predictive power [30,16]. It is
sometimes used to aid DMC deliberations, for
example, Dignam et al. [31]. This approach requires
specifying a prior distribution for the treatment
effect and is seldom used for a prospective defini-
tion of the inefficacy boundary. Therefore, we do
not include predictive power in our comparisons.

A new approach to inefficacy
monitoring

Our proposal will be presented for a time-to-event
endpoint (survival setting), which is typical for
RCTs in cancer or cardiovascular diseases (the
method is naturally generalizable to other out-
comes types). In this setting the observed treatment
effect is usually summarized by the observed hazard
ratio �̂ (experimental arm over control arm). With
this parameterization, observing �̂ greater than one
corresponds to the new therapy being worse than
the control arm.

An intuitively attractive and simple inefficacy
rule can be based on whether after one-half of the
total study information is available the estimate of
the treatment effect indicates that the new therapy
is worse than the control treatment, that is, �̂>1
[32,33]. Rather than performing this monitoring
arbitrarily at one-half the information, we suggest
beginning the monitoring at the earliest time-
point at which �̂>1 would imply that the two-sided
95% confidence interval for log �would not contain
the log alternative hypothesis used to design the
trial (log �A). Stopping the trial at this time would
provide conventionally convincing evidence that
the treatment is inefficacious (in the sense that the
data are inconsistent with the design alternative)
while at the same time being intuitively attractive
(the results are going in the wrong direction). When
expressed as a fraction of the total study informa-
tion, this earliest point t0 does not depend on the
design alternative and is given by:

t0 ¼
C0:975

C1��=2 þ C1��

� �2

ð1Þ
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for an RCT designed with two-sided significance
level a and power 1��, where C� is g quantile of the
standard normal distribution; see Appendix A. For a
one-sided 0.025 level designs, these information
fractions are 37%, 43%, and 49% for 90%, 85%, and
80% power designs, respectively.

A comprehensive inefficacy monitoring rule
should allow repeated examination of the accumu-
lating data. With increasing information, the evi-
dence contained in observed treatment effect and
the corresponding 95% confidence interval may
allow one to demonstrate inefficacy even when the
experimental therapy appears to be doing (slightly)
better than the control therapy. This suggests a
simple rule where one stops the trial for inefficacy if
at any point the 95% confidence interval for the log
hazard ratio does not contain the design-alternative
log hazard ratio. (This should not be confused
with the repeated confidence interval approach
described in the previous section – here we are
using 95% confidence intervals at each look
unadjusted for multiple comparisons.) A problem
with this simple approach is that a trial can be
stopped for inefficacy even though the experimen-
tal therapy is doing moderately better than the
control treatment near the end of the trial. For
example, with a trial designed with 90% power to
detect a hazard ratio of 0.75, the 95% confidence
interval for the hazard ratio would not cover the
alternative even when the observed hazard ratio
was 0.90 near the end of the trial. That is, the trial
would stop early for inefficacy even though the
observed hazard ratio was 0.90 favoring the exper-
imental therapy. In many settings this may not be
sufficient to convince the clinical community that
the therapy has no tangible benefit. Similarly, this
simple approach can be too aggressive very early in
the trial: for example, at 25% of information the
rule would correspond to stopping with an
observed hazard ratio of 1.06 (one-sided p-value
0.67 against the null hypothesis) for a 90% power
trial targeting a hazard ratio of 0.75.

To avoid the potential problem of stopping the
trial for inefficacy when the experimental arm is
doing moderately better, we propose the following.
The inefficacy monitoring boundary starts with the
cut-off �̂>1 at information time t0 (given by
Equation (1)) and gradually allows for the cut-off
to increase to f % of the targeted benefit subject to
the requirement that a two-sided 95% confidence
interval for the treatment effect observed at a
cut-off excludes the alternative hypothesis. A
boundary (on a log hazard ratio scale) satisfying
the above conditions can be constructed by taking
f to be 20% and connecting the points (t0, 0) and
(1, 0:20 � log �A) by a straight line. Then for a given
information fraction t in the interval [t0,1], the

corresponding cut-off value is (see Appendix A for
details):

0:20 � log �A
C1��=2 þ C1��

� �2
t � C2

0:975

C1��=2 þ C1��

� �2
�C2

0:975

ð2Þ

For example, with a trial designed with 90%
power to detect a hazard ratio of 0.75, the boundary
goes from 0 to �0.058 on the log hazard ratio scale,
or from 1.00 to 0.94 on the hazard ratio scale. In
practice the approach is implemented as follows:
inefficacy monitoring is scheduled to start approx-
imately after information fraction t0 becomes
available with repeated analyses allowed as fre-
quently as at 10% information increment with the
cut-off values given by Equation (2). We refer to this
proposed boundary as the Linear 20% Inefficacy
Boundary (LIB20). Choices other than 20%, for
example, LIB40, etc., are discussed in the Discussion.

Although the proposed inefficacy rule works well
in terms of stopping under the null hypothesis of no
difference between the study arms (�¼1), additional
stopping criteria are needed to protect against the
situation in which the new treatment is nontrivially
less efficacious than the control therapy. For exam-
ple, a 461-patient RCT evaluating the experimental
drug Canfosfamide in ovarian cancer reported 8.5-
versus 13.6-month median overall survival on the
experimental and the control treatment arms,
respectively (p¼0.0001) [34]. To allow adequate
protection for the study participants under such a
scenario, inefficacy monitoring should also allow
the possibility of stopping the trial as soon as
possible if the experimental therapy appears clearly
to be harmful. This can be accomplished by adding
an early ‘harm’ look before the data are mature
enough for inefficacy evaluation. We suggest per-
forming the harm look at 25% information using
the rule that stops for harm if the lower 95%
(unadjusted) confidence bound for the hazard
ratio is above 1. This is the same as one-sided 0.05
level test of the null hypothesis in the direction of
harm. Therefore, our proposed approach is LIB20
with a harm look at 25% information. In addition,
for the simulation study in the next section we
modify the unadjusted 95% confidence interval
approach to use the unadjusted 95% CI rule in the
interval [t0,1] and a harm look at 25% information.

Comparisons of the inefficacy
monitoring rules

We considered two scenarios for evaluation of the
inefficacy rules. The first is based on three interim
looks: for a 90% power trial, looks at 25%, 40%, and
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70% of information, and for an 80% power trial,
looks at 25%, 50%, and 75% of information. The
second scenario employs a more frequent monitor-
ing schedule: for a 90% power trial, a look at 25%
information followed by six looks performed at 10%
information increments starting at 40% of informa-
tion, and for an 80% power trial, a look at 25%
information followed by five looks performed at
10% information increments starting at 50% of
information. We consider the monitoring bound-
aries implied by the different monitoring rules on
two different scales: the normalized test statistic for
testing the null hypothesis (Z-value scale) and the
observed hazard ratio. These boundaries are pre-
sented in Tables 1 and 2, along with the value for the
lower one-sided 97.5% confidence bound that
would be observed if the data just crossed the
corresponding inefficacy boundary for a trial target-
ing an alternative hazard ratio of 0.75; see Appendix
A for details of the boundary construction. We also
present in these tables the corresponding values at
that final analysis (100% information) that would be
used to decide if the null hypothesis was rejected (if
the trial did not stop early).

We examine the operating characteristics of the
monitoring rules below, but the monitoring bound-
aries themselves suggest some problems for some of
the rules. As noted in the previous section the
unadjusted 95% confidence interval rule can stop
near the end of the trial even though the observed
hazard ratio is 0.90 (Table 1). A similar problem is
seen with the 10% conditional power rule and the
repeated one-sided 97.5% confidence interval rule,
where the observed hazard ratio can be 0.89 and
0.92, respectively. (One could argue that at the final
analysis the rejection region is being determined by
a cut-off of 0.84, so there is no problem here; we
return to this point in the Discussion.) For the 30%
conditional power rule the degree of aggressiveness
in the second part of the trial makes it unsuitable in
many clinical settings. For example, for an
80%-power design (Table 2) the rule suggests
inefficacy stopping with the observed hazard ratio
of 0.84 (for a design where 10% of information later
observing a hazard ratio of 0.82 would be consid-
ered a positive result). At 25% of information, the
proposed rule stops when the null hypothesis can
be rejected in favor of superior efficacy of the
control arm at the one-sided 0.05 level
(Z<�1.645). We believe the 10% conditional
power rule and the repeated confidence interval
rule are too conservative here, requiring with seven
looks, Z<�3.18 and Z<�2.53, respectively
(Table 1). Finally, note that the lower one-sided
97.5% confidence interval can be below 0.75 at
stopping for the conditional power rules (Tables 1
and 2). This is problematic because the trial could

be stopped for inefficacy even though the data are
not inconsistent with the alternative hypothesis.

We performed a limited simulation to investi-
gate the operating characteristics of the inefficacy
monitoring rules (see Appendix B for details). In
particular, we compared the rules in terms of their
loss of power, their probability of stopping under
the null hypothesis, and their average stopping
time under the null hypothesis. The average stop-
ping time was calculated using three scales: infor-
mation time (proportion of the maximum
information), calendar time (proportion of the
maximum trial duration), and sample size (propor-
tion of the maximum sample size). The informa-
tion at a stopping time was translated to a calendar
time scale and an accrual scale assuming uniform
accrual over 4 years, a follow-up period of 2 years, a
hazard ratio of 0.75, and an exponential survival
assumption with median survival of 2 years in the
control treatment arm.

The simulation results are presented in Tables 3
and 4. All three commonly used approaches (with
the exception of the 30% conditional power rule)
have later average stopping times than the proposed
approach. Of particular concern are nontrivially
higher stopping times on both calendar time and
patient accrual scales. For example, when the new
therapy is ineffective, a 90%-power design using the
repeated CI approach with three looks would on
average continue to 80% of the total study duration
and enroll 97% of the total required number of
patients. In comparison, our approach would on
average be stopped at 70% of the total study
duration and enroll 88% of the total number of
patients. The unadjusted 95% confidence interval
rule has slightly better stopping characteristics than
the proposed rule, but, in addition to the problems
with the boundary mentioned above, it has consid-
erable loss of power due to the inefficacy monitor-
ing: 1.3% and 1.8% absolute loss for 90% power
trials with three and seven interim looks, respec-
tively. The 30% conditional power rule is inferior to
the proposed approach for a 90%-power design.
While the 30% conditional power rule has better
average stopping times for an 80%-power design, it
results in an unacceptable 3.3% loss of power.

The overall probability of stopping under H0

(third column in Tables 3 and 4) should be inter-
preted with caution: it does not account for when
the trial is stopped, and thus may not reflect the
true patient/resource impact of stopping. For exam-
ple, in Table 3 for 7-look rules the 10% conditional
power approach has a higher overall probability of
stopping than the proposed approach (91% vs.
79%, respectively). However, the 10% conditional
power boundary tends to stop later into the trial
and thus is considerably less efficient in terms of
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the average stopping times, for example, average
accrual is 97% versus 86%, respectively.

The operating characteristics in Tables 3 and 4 do
not account for any interim monitoring for efficacy
that might be used. Monitoring for efficacy would
have very little effect on the operating characteristics
under H0, but can reduce the loss of power due to the
inefficacy monitoring under HA. For example, using

the O’Brien-Fleming boundary for efficacy, the loss
of power due to inefficacy monitoring using the
proposed rule in a 90% power trial would be 0.8%
and 0.4% with three and seven looks, respectively.
Using a Haybittle-Peto [35] efficacy monitoring rule
(i.e., stop for efficacy if the one-sided p<0.001),
the corresponding figures are 0.8% and 0.9%.
These figures can be compared to the losses of

Table 3 Trials designed with 90% power (0.025 one-sided significance level, accrued over 4 years with 2 years of follow-up)

Boundary Loss of powera

due to inefficacy

monitoring under

HA (%)

Probability

of inefficacy

stopping under

H0 (%)

Average stopping time under H0

Information

scale (%)

Calendar time

scale (%)

Sample size

scale (%)

Monitoring plan with 3 interim looks (25%, 40%, and 70% of information)

Proposed (LIB20 with harm look) 0.8 68 64 70 88

Unadjusted 95% CI (with harm look) 1.3 80 59 66 87

Repeated CI rule (97.5% one-sided) <0.1 63 77 80 97

Testing Ha rule (0.0025 one-sided) 0.1 50 76 80 92
Conditional power rule (<10%) <0.1 63 79 81 99

Conditional power rule (<30%) 0.5 80 68 72 93

Monitoring plan with 7 interim looks (25%, 40%, 50%, 60%, 70%, 80%, 90% of information)

Proposed (LIB20 with harm look) 1.0 79 59 66 86

Unadjusted 95% CI (with harm look) 1.8 91 54 62 85

Repeated CI rule (97.5% one-sided) 0.1 83 70 74 95
Testing Ha rule (.0025 one-sided) 0.1 67 70 75 91

Conditional power rule (<10%) 0.2 91 70 73 97

Conditional power rule (<30%) 1.4 95 59 65 91

aAbsolute loss of power.

Table 4 Trials designed with 80% power (.025 one-sided significance level, accrued over 4 years with 2 years of follow-up)

Boundary Loss of powera

due to futility

monitoring under
HA (%)

Probability of

inefficacy stopping

under H0 (%)

Average stopping time under H0

Information
scale (%)

Calendar time
scale (%)

Sample size
scale (%)

Monitoring plan with 3 interim looks (25%, 40%, and 75% of information)

Proposed (LIB20 with harm look) 0.3 66 70 75 93

Unadjusted 95%CI (with harm look) 0.4 72 68 73 93
Repeated CI rule (97.5% one-sided) <0.1 55 81 83 98

Testing Ha rule (0.0025 one-sided) 0.1 40 82 85 95

Conditional power rule (<10%) 0.2 76 73 76 96

Conditional power rule (<30%) 1.9 88 60 67 90

Monitoring plan with 6 interim looks (25%, 50%, 60%, 70%, 80%, 90% of information)

Proposed (LIB20 with harm look) 0.4 75 67 72 93

Unadjusted 95% CI (with harm look) 0.5 82 65 70 92
Repeated CI rule (97.5% one-sided) <0.1 71 77 80 98

Testing Ha rule (0.0025 one-sided) 0.1 52 79 82 95

Conditional power rule (<10%) 0.5 91 67 72 96
Conditional power rule (<30%) 3.3 95 56 64 90

aAbsolute loss of power.
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power due to inefficacy monitoring when there is
no efficacy monitoring of 0.8% and 1.0% (column
2, Table 3). Intuitively, the addition of efficacy
monitoring to a clinical trial design raises the bar
for rejecting the null hypothesis at the final
analysis, omitting many of the borderline positive
trials that would have resulted in lost power due to
the inefficacy monitoring. (The additional trials
that would be stopped early for efficacy and
contribute to the power would unlikely have
been stopped for inefficacy.)

Discussion

Not rejecting the null hypothesis at the final
analysis is qualitatively different from stopping a
trial early for inefficacy. In the latter situation, the
data should clearly imply that the experimental
treatment is not useful as a replacement for the
control treatment. In the former situation,
although the experimental treatment is disappoint-
ing, it still may have clinical utility in some
settings. For example, consider a relatively non-
toxic experimental treatment that just fails to reject
the null hypothesis. The two-sided confidence
interval for the treatment effect will cover the
design alternative, and the observed treatment
effect may appear clinically interesting. For exam-
ple, the lower 97.5% confidence bound for the
treatment effect would be 0.707 and 0.670 for trials
designed with 90% and 80% power for the alterna-
tive hazard ratio 0.75 (Tables 1 and 2).

Because of the distinction between stopping early
and rejecting the null hypothesis at the final
analysis, we have suggested that a requirement for
early stopping for inefficacy is that the two-sided
95% confidence interval for the treatment effect
should not cover the alternative hypothesis. This
requirement still leaves many possibilities for an
interim monitoring boundary. In addition to a harm
look at 25% of information, we have suggested
starting the inefficacy monitoring at 40%, 45%, and
50% of information for 90%, 85%, and 80% power
trial designs, respectively. At these time points, the
boundary implied by the 95% confidence interval
not containing the alternative hypothesis is approx-
imately equal to the observed hazard ratio being
greater than 1, an appealing intuitive rule.

The proposed inefficacy approach can be easily
adjusted to accommodate specific challenges of a
given clinical setting. In some settings, the harm
look at 25% of information may be considered
premature, especially when there is concern about
crossing hazards [36]. In such cases, it may be
appropriate to perform this look later or omit it
completely. Even without crossing hazards, the

hazards may not be proportional when the effect of
the experimental treatment is delayed. This situa-
tion might be more prevalent with treatments for
progressive diseases such as diabetes and coronary
artery disease, as opposed to diseases such as cancer
or heart failure. In the settings with delayed
treatment effects, a more conservative approach
to inefficacy monitoring than being proposed here
may be appropriate, for example, by beginning
inefficacy monitoring at a later time. However,
note that a major delayed treatment effect leading
to serious nonproportional hazards calls into
question a definitive analysis based on propor-
tional hazards. With a definitive analysis not based
on proportional hazards (e.g., a nonproportional
hazards cure model), the inefficacy monitoring will
need to be tailored to the definitive analysis plan.

A different clinical setting is when the new
therapy is relatively toxic (or when the control arm
contains no active therapy). In this setting, the
proposed approach may be adjusted to provide a
more aggressive inefficacy monitoring in the later
parts of the study by using LIB40 instead of LIB20.
Another possibility is to use the rule implied by the
unadjusted 95% confidence intervals not contain-
ing the target alternative (with a harm look at 25%
of information). On the other hand, if LIB20
boundary was felt to be too aggressive, then one
might use the more conservative boundary LIB0,
which corresponds to repeatedly examining the
data to see if the hazard ratio is greater than 1.

Our inefficacy interim monitoring approach is
attractive from statistical, clinical, and logistical
standpoints. By decreasing average stopping times
relative to the commonly used boundaries, our rule
lessens patient exposure to inactive treatments,
improves resource utilization, and accelerates dis-
semination of important clinical information. At
the same time, the proposed rule provides a clear
benchmark for providing compelling evidence that
the new therapy is not beneficial that can be easily
understood by members of multidisciplinary data
monitoring committees and appreciated by both
clinicians and patients. The proposed inefficacy
boundary does not depend on the study design
parameters (targeted effect or sample size), and is
based on applying a simple decision rule allowing a
flexible analysis schedule with trivial power loss
(<1%). Therefore, when appropriate, it can be
easily added to an existing RCT design without
requiring any sample size adjustment.
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Appendix A: Linear inefficacy boundary

Background

Consider a survival setting under a proportional
hazards model where the ratio of the experimental
over the control arm hazard is denoted by �. It can
be shown (see, Jennison and Turnbull [16], for
example) that for an interim analysis done at the
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information fraction t and the final analysis done at
the full information I the joint distribution of the
corresponding standardized log-rank statistics Zt

and Z is approximately bivariate normal with mean
log �

ffiffiffiffiffi
tI
p

, log �
ffiffi
I
p� �

, and covariance
ffiffi
t
p

.
For a trial designed to detect the hazard ratio �A

with a given power (1��) at a two-sided signifi-
cance level a the full (total) information is obtained
from the equation: ffiffi

I
p

log �A ¼ C ðA:1Þ

where, for a fixed sample size trial, the constant
C¼�ðC1��=2 þ C1��Þ with Cg denoting the g quan-
tile of a standard normal distribution.

The earliest point at which log ĥ > 0 implies
that CI does not contain log hA

At the time point when the fraction t of the total
information is available the width of a (1�g)%CI
for the log hazard ratio is 2 � C1��=2=

ffiffiffiffi
tI
p

. From (A.1),
the earliest information fraction t0 at which a
(1�g)%CI for log hazard ratio centered at 0
does not contain the design alternative is
C1��=2=ðC1��=2 þ C1��Þ
� �2

.

Construction of the linear inefficacy boundary

Consider a two-dimensional space with informa-
tion fraction and inefficacy cut-off (on the log
hazard ratio scale) as coordinates. This boundary is
based on a straight line connecting:

(1) point
�

C1��=2=ðC1��=2 þ C1��Þ
� �2

, 0
�

correspond-
ing to the cut-off of log(hazard-ratio)¼0 at the
lowest information fraction where (1�g)%CI
excludes the alternative, and

(2) point 1, f � log �A

� �
corresponding to the f %

fraction of the alternative at 100% information.

Then, for a RCT designed with two-sided
significance level a and power 1�� at information
fraction t in the interval

	
C1��=2=ðC1��=2þC1��Þ
� �2

,1



the boundary cut-off (on the log hazard-ratio
scale) is:

f � log �A

C1��=2 þ C1��

� �2
t � C2

1��=2

� �

C1��=2 þ C1��

� �2
�C2

1��=2

ðA:2Þ

For f�0 the proposed boundary has a number of
desirable properties: it is monotone nondecreasing
on both log-hazard ratio and Z scales.

Loss of power from the inefficacy monitoring
does not depend on hA

We now show that for a RCT with a given power
and significance level the loss of power from
applying the proposed rule does not depend on
the alternative hypothesis used in the design.

Without inefficacy analysis the power of a
fixed sample size trial is P�A

Z<� C1��=2

� �
¼ 1� �.

Suppose an inefficacy look at information fraction
t in [t0,1] using the cut-off given in formula (A.2) is
added to the design. To simplify the presentation,
formula (A.2) can be rewritten as gðt, �, �, �Þ�

log �Awhere gðt, �, �, �Þ is a function that does not
depend on �A for a given a, �, and �. Then with the
hazard ratio estimated by �̂t ¼ expðZt=

ffiffiffiffiffiffi
tIÞ

p
the

reduction in power is:

P�A
Z<�C1��=2

� �
�P�A

log �̂t<gðt,�,�,�Þlog�A,Z<�C1��=2

� �

¼P�A Z<�C1��=2

� �
�P�A

Zt=
ffiffiffiffi
tI
p

<gðt,�,�,�Þlog�A,Z<�C1��=2

� �

¼� �C1��=2 �
ffiffi
I
p

log�A

� �

��2,
ffiffi
t
p

� ffiffiffiffi
tI
p

log�A gðt,�,�,�Þ�1ð Þ,

�C1��=2�
ffiffi
I
p

log�A

�

¼� C�

� �
��2,

ffiffi
t
p C1��=2þC�

� � ffiffi
t
p

gðt,�,�,�Þ�1ð Þ,C�

� �
ðA:3Þ

where the last equality is due to (A.1), U denotes
the cumulative distribution function of the stan-
dard normal distribution and �2,� denotes the
cumulative distribution function of the standard
bivariate normal distribution with correlation q.
From the last line in (A.3) for a given a, �, �, and t,
the loss of power does not depend on �A.

For a trial with an efficacy boundary, in addition
to C1��=2 and C1��, the constant C in Equation (A.1)
will also depend on the spending function that
defines the boundary. However, C does not depend
of �A. Therefore, similar calculations can be used to
show that the above result applies to studies with
efficacy boundaries. With multiple inefficacy looks
the result is obtained in a similar manner.

Appendix B: Description of the
simulation study

The simulations (500,000 replications) were con-
ducted as follows. In each trial replication the
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observed hazard ratios at each analysis time were
generated using a normal approximation to the
distribution of the log hazard ratio. The analyses
times were defined on the information scale and
the corresponding cut-offs for the stopping bound-
aries were approximated using a normal

approximation to the log hazard ratio. It should
be noted that in the survival setting, analyses times
are usually based on the fraction of the total
number of events. Therefore, our results that are
based on the information fraction provide an
approximation to the boundaries used in practice.
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