
Chapter 17

Statistical Methods Used in Interim
Monitoring

In Chap. 16, the administrative structure was discussed for conducting interim

analysis of data quality and outcome data for benefit and potential harm to trial

participants. Although statistical approaches for interim analyses may have design

implications, we have delayed discussing any details until this chapter because they

really focus on monitoring accumulating data. Even if, during the design of the trial,

considerationwas not given to sequential methods, they could still be used to assist in

the data monitoring or the decision-making process. In this chapter, some statistical

methods for sequential analysis will be reviewed that are currently available and used

for monitoring accumulating data in a clinical trial. These methods help support the

evaluation of interim data and whether they are so convincing that the trial should be

terminated early for benefit, harm, or futility or whether it should be continued to its

planned termination. No single statistical test or monitoring procedure ought to be

used as a strict rule for decision-making, but rather as one piece of evidence to be

integratedwith the totality of evidence [1–6]. Therefore, it is difficult tomake a single

recommendation about which should be used. However, the following methods,

when applied appropriately, can be useful guides in the decision-making process.

Classical sequential methods, a modification generally referred to as group

sequential methods, and curtailed testing procedures are discussed below in some

detail; other approaches are also briefly considered. Classical sequential methods

are given more mathematical attention in several articles and texts which can be

referred to for further detail [7–20].

Fundamental Point

Although many statistical techniques are available to assist in monitoring, none of
them should be used as the sole basis in the decision to stop or continue the trial.
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Classical Sequential Methods

The aim of the classical sequential design is to minimize the number of participants

that must be entered into a study. The decision to continue to enroll participants

depends on results from those already entered. Most of these sequential

methods assume that the response variable outcome is known in a short time

relative to the duration of the trial. Therefore, for many trials involving acute

illness, these methods are applicable. For studies involving chronic diseases,

classical sequential methods have not been as useful. Detailed discussions of

classical sequential methods are given, for example, by Armitage [20], Whitehead

[18], and Wald [16].

The classical sequential analysis method as originally developed by Wald [16]

and applied to the clinical trial by others such as Armitage [8, 9, 20] involves

repeated testing of data in a single experiment. The method assumes that the only

decision to be made is whether the trial should continue or be terminated because

one of the groups is responding significantly better than the other. This classical

sequential decision rule is called an “open plan” by Armitage [20] because there is

no guarantee of when a decision to terminate will be reached. Strict adherence to the

“open plan” would mean that the study could not have a fixed sample size. Very few

clinical trials use the “open” or classical sequential design. The method also

requires data to be paired, one observation from each group. In many instances,

the pairing of participants is not appealing because the paired participants may be

very different and may not be “well matched” in important prognostic variables.

If stratification is attempted in order to obtain better matched pairs, each stratum

with an odd number of participants would have one unpaired participant. Further-

more, the requirement to monitor the data after every pair may not be possible for

many clinical trials. Silverman and colleagues [21] used an “open plan” in a trial of

the effects of humidity on survival in infants with low birth weight. At the end of

36 months, 181 pairs of infants had been enrolled; 52 of the pairs had a discrepant

outcome. Nine infants were excluded because they were un-matched and 16 pairs

were excluded because of a mismatch. The study had to be terminated without a

clear decision because it was no longer feasible to continue the trial. This study

illustrates the difficulties inherent in the applying the classical sequential design for

clinical trials.

Armitage [8] introduced the restricted or “closed” sequential design to assure

that a maximum limit is imposed on the number of participants (2N) to be enrolled.

As with the “open plan,” the data must be paired using one observation from each

study group. Criteria for early termination and rejection of no treatment effect are

determined so that the design has specified levels of significance and power (α and

1� β). This design was used in a comparison of two interventions in patients with

ulcerative colitis [22]. In that trial, the criterion for no treatment effect was

exceeded, demonstrating short-term clinical benefit of corticosteroids over

sulphasalazine therapy. This closed design was also used in an acute leukemia

trial, comparing 6-mercaptopurine with placebo (CALGB) [23]. This trial was
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terminated early, with the statistic comparing remission rates crossing the sequen-

tial boundary for benefit after 21 pairs of patients.

Another solution to the repeated testing problem, called “repeated significance

tests,” was proposed by McPherson and Armitage [24] and also described by

Armitage [20]. Although different theoretical assumptions are used, this approach

has features similar to the restricted sequential model. That is, the observed data

must be paired, and the maximum number of pairs to be considered can be fixed.

Other modifications to the Armitage restricted plan [25–27] have also been pro-

posed. This methodology plays an important role in a method to be described

below, referred to as group sequential design.

The methods described above can in some circumstances be applied to interim

analyses of censored survival data [25, 28–36]. If participants simultaneously enter

a clinical trial and there is no loss to follow-up, information from interim analyses is

said to be “progressively censored.” Sequential methods for this situation have been

developed using, for example, modified rank statistics. In fact, most participants are

not entered into a trial simultaneously, but in a staggered fashion. That is, partic-

ipants enter over a period of time after which events of interest occur, subject to an

independent censoring process. The log-rank statistic, described in Chap. 15, may

also be used to monitor in this situation.

The classical sequential approach has not been widely used, even in clinical

trials where the time to the event is known almost immediately. One major reason

is that for many clinical trials, if the data are monitored by a committee which has

regularly scheduled meeting, it is neither feasible nor necessary for ethical reasons

to perform an analysis after every pair of outcomes. In addition, classical sequential

boundaries require an alternative hypothesis to be specified, a feature not demanded

by conventional statistical tests for the rejection of the null hypothesis.

Group Sequential Methods

Because of limitations with classical sequential methods, other approaches to the

repeated testing problem have been proposed. Ad hoc rules have been suggested

that attempt to ensure a conservative interpretation of interim results. One such

method is to use a critical value of 2.6 at each interim look as well as in the final

analyses [1]. Another approach [37, 38] referred to as the Haybittle–Peto procedure,

favors using a large critical value, such as Zi¼ +3.0, for all interim tests (i<K ).

Then any adjustment needed for repeated testing at the final test (i¼K ) is negligi-

ble and the conventional critical value can be used. These methods are ad hoc in the

sense that no precise Type I error level is guaranteed. They might, however,

be viewed as precursors of the more formal procedures to be described below.

Pocock [39–41] modified the repeated testing methods of McPherson and

Armitage [24] and developed a group sequential method for clinical trials which

avoids many of the limitations of classical methods. He discusses two cases of

special interest; one for comparing two proportions and another for comparing
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mean levels of response. Pocock’s method divides the participants into a series of

K equal-sized groups with 2n participants in each, n assigned to intervention and

n to control. K is the number of times the data will be monitored during the course

of the trial. The total expected sample size is 2nK. The test statistic used to compare

control and intervention is computed as soon as data for the first group of 2n
participants are available, and then recomputed when data from each successive

group of 2n participants become known. Under the null hypothesis, the distribution

of the test statistic, Zi, is assumed to be approximately normal with zero mean and

unit variance, where i indicates the number of groups (i�K) which have complete

data. This statistic Zi is compared to the stopping boundaries,�ZNK where ZNK has

been determined so that for up to K repeated tests, the overall (two sided) signif-

icance level for the trial will be α. For example, if K¼ 5 and α¼ 0.05 (two-sided),

ZNK¼ 2.413. This critical value is larger than the critical value of 1.96 used in a

single test of hypothesis with α¼ 0.05. If the statistic Zi falls outside the boundaries
on the “i”-th repeated test, the trial should be terminated, rejecting the null

hypothesis. If the statistic never falls outside the boundaries, the trial should

be continued until i¼K (the maximum number of tests). When i¼K, the trial

would stop and the investigator would “accept” H0.

O’Brien and Fleming [42] also discuss a group sequential procedure. Using the

above notation, their stopping rule compares the statistic Zi with Z* √(K / i) where
Z* is determined so as to achieve the desired significance level. For example, if

K¼ 5 and a¼ 0.05, Z*¼ 2.04. If K� 5, Z* may be approximated by the usual

critical values for the normal distribution. One attractive feature is that the critical

value used at the last test (i¼K ) is approximately the same as that used if a single

test were done.

In Fig. 17.1, boundaries for the three methods described are given for K¼ 5 and

α¼ 0.05 (two-sided). If for i< 5 the test statistic falls outside the boundaries, the

trial is terminated and the null hypothesis rejected. Otherwise, the trial is continued

until i¼ 5, at which time the null hypothesis is either rejected or “accepted”. The

three boundaries have different early stopping properties. The O’Brien–Fleming

model is unlikely to lead to stopping in the early stages. Later on, however, this

procedure leads to a greater chance of stopping prior to the end of the study than the

other two. Both the Haybittle–Peto and the O’Brien–Fleming boundaries avoid the

awkward situation of accepting the null hypothesis when the observed statistic at

the end of the trial is much larger than the conventional critical value (i.e., 1.96 for a

two-sided 5% significance level). If the observed statistic in Fig. 17.1 is 2.3 when

i¼ 5, the result would not be significant using the Pocock boundary. The large

critical values used at the first few analyses for the O’Brien–Fleming boundary can

be adjusted to some less extreme values (e.g., 3.5) without noticeably changing the

critical values used later on, including the final one.

Many monitoring committees wish to be somewhat conservative in their inter-

pretation of early results because of the uncertainties discussed earlier and because

a few additional events can alter the results substantially. Yet, most investigators

would like to use conventional critical values in the final analyses, not requiring any

penalty for interim analyses. This means that the critical value used in a
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conventional fixed sample methods would be the same for that used in a sequential

plan, resulting in no increase in sample size. With that in mind, the O’Brien–
Fleming model has considerable appeal, perhaps with the adjusted or modified

boundary as described. That is, the final critical value at the scheduled end of the

trial is very close to the conventional critical value (e.g. 2.05 instead of 1.96) if the

number of interim analyses is not excessive (e.g. larger than 10). The group

sequential methods have an advantage over the classical methods in that the data

do not have to be continuously tested and individual participants do not have to be

“paired.” This concept suits the data review activity of most large clinical trials

where monitoring committees meet periodically. Furthermore, in many trials

constant consideration of early stopping is unnecessary. Pocock [39–41] discusses

the benefits of the group sequential approach in more detail and other authors

describe variations [43–47].

In many trials, participants are entered over a period of time and followed for a

relatively long period. Frequently, the primary outcome is time to some event.

Fig. 17.1 Three group

sequential stopping

boundaries for the

standardized normal

statistic (Zi) for up to five

sequential groups with

two-sided significance

level of 0.05 [64]
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Instead of adding participants between interim analyses, new events are added. As

discussed in Chap. 15, survival analysis methods could be used to compare the

experience of the intervention and the control arms. Given their general appeal, it

would be desirable to use the group sequential methods in combination with

survival analyses. It has been established for large studies that the log-rank or

Mantel–Haenszel statistic [48–53] can be used. Furthermore, even for small studies,

the log-rank procedure is still quite robust. The Gehan, or modified Wilcoxon test

[54, 55], as defined in Chap. 15 does not always produce interim values with

independent increments and so cannot be easily incorporated using the usual

group sequential procedures. A generalization of the Wilcoxon procedure for

survival data, though, is appropriate [56] and the survival methods of analyses

can in general terms be applied in group sequential monitoring. Instead of looking

at equal-sized participant groups, the group sequential methods described strictly

require that interim analyses should be done after an additional equal number of

events have been observed. Since monitoring committees usually meet at fixed

calendar times, the condition of equal number of events might not be met exactly.

However, the methods applied under these circumstances are approximately correct

[57] if the increments are not too disparate. Other authors have also described the

application of group sequential methods to survival data [58–61].

Interim log-rank tests in the Beta-Blocker Heart Attack Trial [62, 63] were

evaluated using the O’Brien–Fleming group sequential procedure [42]. Seven

meetings had been scheduled to review interim data. The trial was designed for a

two-sided 5% significance level. These specifications produce the group sequential

boundary shown in Fig. 17.2. In addition, the interim results of the log-rank statistic

are also shown for the first six meetings. From the second analysis on, the conven-

tional significance value of 1.96 was exceeded. Nevertheless, the trial was contin-

ued. At the sixth meeting, when the O’Brien–Fleming boundary was crossed, a

decision was made to terminate the trial with the final mortality curves as seen

earlier in Fig. 16.5. However, it should be emphasized that crossing the boundary

was not the only factor in this decision.

Flexible Group Sequential Procedures: Alpha
Spending Functions

While the group sequential methods described are an important advance in data

monitoring, the Beta-blocker Heart Attack Trial (BHAT) [62, 63] experience

suggested two limitations. One was the need to specify the number K of planned

interim analyses in advance. The second was the requirement for equal numbers of

either participants or events between each analysis. This also means that the exact

time of the interim analysis must be pre-specified. As indicated in the BHAT

example, the numbers of deaths between analyses were not equal and exactly

seven analyses of the data had been specified. If the monitoring committee had
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requested an additional analysis between the fifth and sixth scheduled meetings, the

O’Brien–Fleming group sequential procedure would not have directly accommo-

dated such a modification. Yet such a request could easily have happened. In order

to accommodate the unequal numbers of participants or events between analyses

and the possibility of larger or fewer numbers of interim analyses than

pre-specified, flexible procedures that eliminated those restrictions were developed

[64–71]. The authors proposed a so-called alpha spending function which allows

investigators to determine how they want to allocate or “spend” the Type I error or

alpha during the course of the trial. This function guarantees that at the end of the

trial, the overall Type I error will equal the prespecified value of α. As will be

described, this approach is a generalization of the previous group sequential

methods so that the Pocock [39] and O’Brien–Fleming [42] monitoring procedures

become special cases.

We must first distinguish between calendar time and information fraction

[70, 71]. The information expected from all participants at the planned end of the

trial is the total information. At any particular calendar time t during the study, a

certain fraction t* of the total information is observed. That may be approximated

by the fraction of participants randomized at that point, n, divided by the total

number expected, N, or in survival studies, by the number of events observed

Fig. 17.2 Six interim log rank statistics plotted for the time of data monitoring committee

meetings with a two-sided O’Brien-Fleming significance level boundary in the Beta-Blocker

Heart Attack Trial. Dashed line represents Z¼ 1.96 [63]
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already, d, divided by the total number expected D. Thus, the value for t* must be

between 0 and 1. The information fraction is more generally defined in terms of

ratio of the inverse of the variance of the test statistic at the particular interim

analysis and the final analysis. The alpha spending function, α(t*), determines how

the prespecified α is allocated at each interim analyses as a function of the

information fraction. At the beginning of a trial, t*¼ 0 and α(t*)¼ 0, while at the

end of the trial, t*¼ 1 and α(t*)¼ α. Alpha-spending functions that correspond to

the Pocock and O’Brien–Fleming boundaries shown in Fig. 17.1 are indicated in

Fig. 17.3 for a two-sided 0.05 α level and five interim analyses. These spending

functions correspond to interim analyses at information fractions at 0.2, 0.4, 0.6,

0.8, and 1.0. However, in practice the information fractions need not be equally

spaced. We chose those information fractions to indicate the connection between

the earlier discussion of group sequential boundaries and the α spending function.

The Pocock-type spending function allocates the alpha more rapidly than the

O’Brien–Fleming type spending function. For the O’Brien–Fleming-type spending

function at t*¼ 0.2, the α(0.2) is less than 0.0001 which corresponds approximately

to the very large critical value or boundary value of 4.56 in Fig. 17.1. At t*¼ 0.4,

the amount of α which can be spent is α(0.4)� α(0.2) which is approximately

0.0006, corresponding to the boundary value 3.23 in Fig. 17.1. That is, the differ-

ence in α(t*) at two consecutive information fractions, t* and t** where t* is less

than t**, α(t**)� α(t*), determines the boundary or critical value at t**. Obtaining
these critical values consecutively requires numerically integrating a distribution

function similar to that for the Pocock boundary and is described elsewhere in detail

[68]. Because these spending functions are only approximately equivalent to the

Fig. 17.3 Alpha-spending functions for K¼ 5, two-sided α¼ 0.05 at information fractions 0.2,

0.4, 0.6, 0.8, and 1.0. α1(t*) ~O’Brien-Fleming; α2(t*) ~ Pocock; α3(t*) ~ uniform [74]
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Pocock or O’Brien–Fleming boundaries, the actual boundary values will be similar

but not exactly the same. However, the practical operational differences are impor-

tant in allowing greater flexibility in the monitoring process. Programs are available

for these calculations [72, 73].

Many different spending functions can be specified. The O’Brien–Fleming

α1(t*) and Pocock α2 (t*) type spending functions are specified as follows:

α1 t*ð Þ ¼ 2� 2Φ Zα=2=
ffiffiffiffi
t*

p� �
�O’Brien-Fleming

α2 t*ð Þ ¼ α ln 1þ �
e� 1

� �
t*
� �Pocock

α3 t*ð Þ ¼ α t*θ for θ > 0

The spending function α3(t*) spends alpha uniformly during the trial for θ¼ 1, at a

rate somewhat between α1(t*) and α2(t*). Other spending functions have also been

defined [75, 76].

The advantage of the alpha-spending function is that neither the number nor the

time of the interim analyses needs to be specified in advance. Once the particular

spending function is selected, the information fractions t1*, t2*, . . .. determine the

critical or boundary values exactly. In addition, the frequency of the interim

analyses can be changed during the trial and still preserve the prespecified

α level. Even if the rationale for changing the frequency is dependent on the

emerging trends, the impact on the overall Type I error rate is almost negligible

[77, 78]. These advantages give the spending function approach to group sequential

monitoring the flexibility in analysis times that is often required in actual clinical

trial settings [79]. It must be emphasized that no change of the spending function

itself is permitted during the trial. Other authors have discussed additional aspects

of this approach [80–82].

Applications of Group Sequential Boundaries

As indicated in the BHAT example [62, 63], the standardized logrank test can be

compared to the standardized boundaries provided by the O’Brien–Fleming,

Pocock, or α spending function approach. However, these group sequential

methods are quite widely applicable for statistical tests. Under very general condi-

tions, any statistic testing a single parameter from a parametric or semiparametric

model has the normal or asymptotically normal distribution with independent

increments of information between interim analyses which is sufficient for this

approach [83, 84]. Many of the commonly used test statistics used in clinical trials

have this feature. Besides logrank and other survival tests, comparisons of means,

comparison of proportions [39, 85] and comparison of linear regression slopes

[86–91] can be monitored using this approach. For means and proportions, the

information fraction can be approximated by the ratio of the number of participants

observed to the total expected. For regression slopes, the information fraction is
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best determined from the ratio of the inverse of the variance of the regression slope

differences computed for the current and expected final estimate [86, 90, 91]. Con-

siderable work has extended the group sequential methodology to more general

linear and nonlinear random effects models for continuous data and to repeated

measure methods for categorical data [83, 84, 92]. Thus, for most of the statistical

tests that would be applied to common primary outcome measures in a clinical trial

setting, the flexible group sequential methods can be used directly.

If the trial continues to the scheduled termination point, a p value is often

computed to indicate the extremeness of the result. If the standardized statistical

test exceeds the critical value, the p value would be less than the corresponding

significance level. If a trial is terminated early or continues to the end with the

standardized test exceeding or crossing the boundary value, a p value can also be

computed [93]. These p values cannot be the nominal p value corresponding to the

standardized test statistic. They must be adjusted to account for the repeated

statistical testing of the outcome measure and for the particular monitoring bound-

ary employed. Calculation of the p value is relatively straight forward with existing
software packages [72, 73].

Statistical tests of hypotheses are but one of the methods used to evaluate the

results of a clinical trial. Once trials are terminated, either on schedule or earlier,

confidence intervals (CIs) are often used to give some sense of the uncertainty in the

estimated treatment or intervention effect. For a fixed sample study, CIs are

typically constructed as

effect estimateð Þ � Z αð Þ SE estimateð Þ

where SE is the standard error of the estimate.

In the group sequential monitoring setting, this CI will be referred to as the naı̈ve

estimate since it does not take into account the sequential testing aspects. In general,

construction of CIs following the termination of a clinical trial is not as straight-

forward [94–107], but software exists to aid in the computations [72]. The major

problem with naive CIs is that they may not give proper coverage of the unknown

but estimated treatment effect. That is, the CIs constructed in this way may not

include the true effect with the specified frequency (e.g., 95%). For example, the

width of the CI may be too narrow. Several methods have been proposed for

constructing a more proper CI [94–107] by typically ordering the possible outcomes

in different ways. That is, a method is needed to determine if a treatment effect at

one time is either more or less extreme than a difference at another time. None of

the methods proposed appear to be universally superior but the ordering originally

suggested by Siegmund [104] and adopted by Tsiatis et al. [105] appears to be quite

adequate in most circumstances. In this ordering, any treatment comparison statistic

which exceeds the group sequential boundary at one time is considered to be more

extreme than any result which exceeds the sequential boundary at a later time.

While construction of CIs using this ordering of possible outcomes can break down,

the cases or circumstances are almost always quite unusual and not likely to occur

in practice [107]. It is also interesting that for conservative monitoring boundaries
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such as the O’Brien– Fleming method, the naive CI does not perform that poorly,

due primarily to the extreme early conservatism of the boundary [103]. While more

exact CIs can be computed for this case, the naive estimate may still prove useful as

a quick estimate to be recalculated later using the method described [105]. Pocock

and Hughes [102] have suggested that the point estimate of the effect of the

intervention should also be adjusted, since trials that are terminated early tend to

exaggerate the size of the true treatment difference. Others have also pointed out the

bias in the point estimate [96, 101]. Kim [101] suggested that an estimate of the

median is less biased.

CIs can also be used in another manner in the sequential monitoring of interim

data. At each interim analysis, a CI could be constructed for the parameter sum-

marizing the intervention effect, such as differences in means, proportions, or

hazard ratios. This is referred to as repeated confidence intervals (RCIs) [95, 98,

99]. If the RCI excludes a null difference, or no intervention effect, then the trial

might be stopped claiming a significant effect, either beneficial or harmful. It is also

possible to continue the trial unless the CI excluded not only no difference but also

minimal or clinically unimportant differences. On the other hand, if all values of

clinically meaningful treatment differences are ruled out or fall outside the CI, then

that trial might be stopped claiming that no useful clinical effect is likely. This

method is useful for non-inferiority designs as described earlier in Chap. 5. Here, as

for CIs following termination, the naive CI is not appropriate. Jennison and

Turnbull [98, 99] have suggested one method for RCIs that basically inverts the

group sequential test. That is, the CI has the same form as the naive estimate, but the

coefficient is the standardized boundary value as determined by the spending

function, for example. The RCI then has the following form:

treatment differenceð Þ � Z kð ÞSE differenceð Þ

where Z(k) is the sequential boundary value at the kth interim analysis. For

example, using the O’Brien–Fleming boundaries shown in Fig. 17.1, we would

have a coefficient of 4.56 at k¼ 1, t*1 ¼ 0:2 and 3.23 at k¼ 2, t*2 ¼ 0:4. Used in this

manner, the RCI and the sequential test of the null hypothesis will yield the same

conclusions.

One particular application of the RCI is for trials whose goal is to demonstrate

that two interventions or treatments are essentially equivalent, that is, have an effect

that is considered to be within a specified acceptable range and might be used

interchangeably. As indicated in Chap. 5, clinicians might select the cheaper, less

toxic or less invasive intervention if the effects were close enough. One suggestion

for “close enough” or “equivalence” would be treatments whose effects are within

20% [108, 109]. Thus, RCIs that are contained within a 20% range would suggest

that the results are consistent with this working definition of equivalence. For

example, if the relative risks were estimated along with a RCI, the working range

of equivalence would be from 0.8 to 1.2, where large values indicate inferiority of

the intervention being tested. The trial would continue as long as the upper limit of

the RCI exceeded 1.2 since we would not have ruled out a treatment worsening by
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20% or more. Depending on the trial and the interventions, the trial might also

continue until the lower limit of the RCI was larger than 0.8, indicating no

improvement by 20% or greater.

As described in Chap. 5, there is a fundamental difference between an “equiv-

alence” design and a noninferiority design. The former is a two-sided test, with the

aim of establishing a narrow range of possible differences between the new

intervention and the standard, or that any difference is within a narrow range.

The noninferiority design aims to establish that the new intervention is no worse

than the standard by some prespecified margin. It may be that the margins in the two

designs are set to the same value. From a data monitoring point of view, both of

these designs are best handled by sequential CIs [99]. As data emerge, the RCI takes

into consideration the event rate or variability, the repeated testing aspects, and the

level of the CI. The upper and lower boundaries can address either the “equiva-

lence” point of view or the noninferiority margin of indifference.

Asymmetric Boundaries

In most trials, the main purpose is to test whether the intervention is superior to the

control. It is rarely ethical to continue a study in order to prove, at the usual levels of

significance, that the intervention is harmful relative to a placebo or standard

control. This point has been mentioned by authors [110, 111] who discuss methods

for group sequential designs in which the hypothesis to be tested is one-sided; that

is, to test whether the intervention is superior to the control. They proposed

retaining the group sequential upper boundaries of methods such as Pocock,

Haybittle–Peto, or O’Brien–Fleming for rejection of H0 while suggesting various

forms of a lower boundary which would imply “acceptance” of H0. One simple

approach is to set the lower boundary at an arbitrary value of Zi, such as �1.5 or

�2.0. If the test statistic goes below that value, the data may be sufficiently

suggestive of a harmful effect to justify terminating the trial. This asymmetric

boundary attempts to reflect the behavior or attitude of members of many monitor-

ing committees, who recommend stopping a study once the intervention shows a

strong, but non-significant, trend in an adverse direction for major events. Emerson

and Fleming [112] recommend a lower boundary for acceptance of the null

hypothesis which allows the upper boundary to be changed in order to preserve

the Type I error exactly. Work by Gould and Pecore [113] suggests ways for early

acceptance of the null hypothesis while incorporating costs as well. For new

interventions, trials might well be terminated when the chances of a positive or

beneficial result seem remote (discussed in the next section). However, if the

intervention arm is being compared to a standard but the intervention is already

in widespread use, it may be important to distinguish between lack of benefit and

harm [114]. For example, if the intervention is not useful for the primary outcome,

and also not harmful, it may still have benefits such as on other secondary clinical

outcomes, quality of life, or fewer adverse events that would still make it a
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therapeutic option. In such cases, a symmetric boundary for the primary outcome

might be appropriate.

An example of asymmetric group sequential boundaries is provided by the

Cardiac Arrhythmia Suppression Trial (CAST). Two arms of the trial (encainide

and flecainide, each vs. placebo) were terminated early using a symmetric

two-sided boundary, although the lower boundary for harm was described as

advisory by the authors [115–117]. The third comparison (moricizine vs. placebo)

continued. However, due to the experience with the encainide and flecainide arms,

the lower boundary for harm was revised to be less stringent than originally, i.e., an

asymmetric boundary was used [115].

MERIT-HF used a modified version of the Haybittle–Peto boundary for benefit,

requiring a critical value near +3.0 and a similar but asymmetric boundary, close to

a critical Z value of�2.5 for harm as shown in Fig. 17.4. In addition, at least 50% of

the designed person years of exposure were to be observed before early termination

could be recommended. The planned interim analyses to consider benefit were at

25, 50, and 75% of the expected target number of events. Because there was a

concern that treating heart failure with a beta blocker might be harmful, the

monitoring committee was required to evaluate safety on a monthly basis using

the lower sequential boundary as a guide. At the 25% interim analyses, the statistic

for the logrank test was +2.8, just short of the boundary for benefit. At the 50%
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interim analyses, the observed logrank statistic was +3.8, clearly exceeding the

sequential boundary for benefit. It also met the desired person years of exposure as

plotted in Fig. 17.4. Details of this experience are described elsewhere [118]. A

more detailed presentation of group sequential methods for interim analysis of

clinical trials may be found in books by Jennison and Turnbull [119] and Proschan,

Lan, and Wittes [120].

Curtailed Sampling and Conditional Power Procedures

During the course of monitoring accumulating data, one question often posed is

whether the current trend in the data is so impressive that “acceptance” or rejection

of H0 is already determined, or at least close to being determined. If the results of

the trial are such that the conclusions are known for certain, no matter what the

future outcomes might be, then consideration of early termination is in order. A

helpful sports analogy is a baseball team “clinching the pennant” after winning a

specific game. At that time, it is known for certain who has won and who has not

won the pennant or league championship, regardless of the outcome of the

remaining games. Playing the remaining games is done for reasons (e.g., fiscal)

other than deciding the winner. This idea has been developed for clinical trials and

is often referred to as deterministic curtailed sampling. It should be noted that group

sequential methods focus on existing data while curtailed sampling in addition

considers the data which have not yet been observed.

Alling [121, 122] developed a closely related approach when he considered the

early stopping question and compared the survival experience in two groups. He

used the Wilcoxon test for two samples, a frequently used non-parametric test

which ranks survival times and which is the basis for one of the primary survival

analysis techniques. Alling’s method allows stopping decisions to be based on data

available during the trial. The trial would be terminated if future data could not

change the final conclusion about the null hypothesis. The method is applicable

whether all participants are entered at the same time or recruitment occurs over a

longer period of time. However, when the average time to the event is short relative

to the time needed to enroll participants, the method is of limited value. The

repeated testing problem is irrelevant, because any decision to reject the null

hypothesis is based on what the significance test will be at the end of the study.

Therefore, frequent use of this procedure during the trial causes no problem with

regard to significance level and power.

Many clinical trials with survival time as a response variable have observations

that are censored; that is, participants are followed for some length of time and then

at some point, no further information about the participant is known or collected.

Halperin and Ware [123] extended the method of Alling to the case of censored

data, using the Wilcoxon rank statistic. With this method, early termination is

particularly likely when the null hypothesis is true or when the expected difference

between groups is large. The method is shown to be more effective for small sample
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sizes than for large studies. The Alling approach to early stopping has also been

applied to another commonly used test, the Mantel–Haenszel statistic. However,

the Wilcoxon statistic appears to have better early stopping properties than the

Mantel–Haenszel statistic.

A deterministic curtailed procedure has been developed [124] for comparing the

means of two bounded random variables using the two sample t-test. It assumes that

the response must be between two values, A and B (A<B). An approximate

solution is an extreme case approach. First, all the estimated remaining responses

in one group are given the maximum favorable outcome and all the remaining

responses in the other take on the worst response. The statistic is then computed.

Next, the responses are assigned in the opposite way and a second statistic is

computed. If neither of these two extreme results alters the conclusion, no addi-

tional data are necessary for testing the hypothesis. While this deterministic

curtailed approach provides an answer to an interesting question, the requirement

for absolute certainty results in a very conservative test and allows little opportunity

for early termination.

In some clinical trials, the final outcome may not be absolutely certain, but

almost so. To use the baseball analogy again, a first place team may not have

clinched the pennant but is so many games in front of the second place team that it

is highly unlikely that it will not, in fact, end up the winner. Another team may be so

far behind that it cannot “realistically” catch up. In clinical trials, this idea is often

referred to as stochastic curtailed sampling or conditional power. It is identical to

the concept of conditional power discussed in the section on extending a trial.

One of the earliest applications of the concept of conditional power was in the

CDP [1, 125]. In this trial, several treatment arms for evaluating cholesterol

lowering drugs produced negative trends in the interim results. Through simulation,

the probability of achieving a positive or beneficial result was calculated given the

observed data at the time of the interim analysis. Unconditional power is the

probability at the beginning of the trial of achieving a statistically significant result

at a prespecified alpha level and with a prespecified alternative treatment effect.

Ideally, trials should be designed with a power of 0.80–0.90 or higher. However,

once data begin to accumulate, the probability of attaining a significant result

increases or decreases with emerging positive or negative trends. Calculating the

probability of rejecting the null hypothesis of no effect once some data are available

is conditional power.

Lan et al. [126] considered the effect of stochastic curtailed or conditional power

procedures on Type I and Type II error rates. If the null hypothesis, H0, is tested at

time t using a statistic, S(t), then at the scheduled end of a trial at time T, the statistic
would be S(T ). Two cases are considered. First, suppose a trend in favor of rejecting
H0 is observed at time t< T, with intervention doing better than control. One then

computes the conditional probability, γ0 of rejecting H0 at time T; that is, S(T)> Zα,
assuming H0 to be true and given the current data, S(t). If this probability is

sufficiently large, one might argue that the favorable trend is not going to disappear.

Second, suppose a negative trend or data consistent with the null hypothesis of no

difference, at some point t. Then, one computes the conditional probability, γ1, of
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rejecting H0 at the end of the trial, time T, given that some alternative H1 is true, for

a sample of reasonable alternatives. This essentially asks how large the true effect

must be before the current “negative” trend is likely to be reversed. If the proba-

bility of a trend reversal is highly unlikely for a realistic range of alternative

hypotheses, trial termination might be considered.

Because there is a small probability that the results will change, a slightly greater

risk of a Type I or Type II error rate will exist than would be if the trial continued to

the scheduled end [127]. However, it has been shown that the Type I error is

bounded very conservatively by α/γ0 and the Type II error by β/γ1. For example,

if the probability of rejecting the null hypothesis, given the existing data were 0.85,

then the actual Type I error would be no more than 0.05/0.85 or 0.059, instead of

0.05. The actual upper limit is considerably closer to 0.05, but that calculation

requires computer simulation. Calculation of these probabilities is relatively

straightforward and the details have been described by Lan and Wittes [128]. A

summary of these methods, using the approach of DeMets [74], follows.

Let Z(t) represent the standardized statistic at information fraction t. The infor-
mation fraction may be defined, for example, as the proportion of expected partic-

ipants or events observed so far. The conditional power, CP, for some alternative

intervention effect θ, using a critical value of Zα for a Type I error of alpha, can be

calculated as

P Z 1ð Þ � Zα

��Z tð Þ, θ� 	 ¼ 1� Φ
��Zα � Z tð Þ ffiffi

t
p � θ 1� tð Þ��= ffiffiffiffiffiffiffiffiffiffi

1� t
pn o

where θ¼E(Z(t¼ 1)), the expected value of the test statistic at the full completion

of the trial.

The alternative θ is defined for various outcomes as follows for:

1. Survival outcome (D¼ total events)

θ ¼
ffiffiffiffiffiffiffiffiffi
D=4

p
Log λC=λTð Þ

λC and λT are the hazard rates in the control and intervention arms, respectively.

2. Binomial outcome (2n¼N, n/arm or N¼ total sample size)

θ ¼ PC � PTffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2p 1� pð Þ= n =2ð Þp ¼ PC � PTð Þ ffiffiffiffiffiffiffiffiffi

N=4
p

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p 1� pð Þp

¼ 1=2
PC � PTð Þ ffiffiffiffi

N
p

ffiffiffiffiffiffi
pq

p

where PC and PT are the event rates in the control arm and intervention arm

respectively and p is the common event rate.

3. Continuous outcome (means) (N¼ total sample size)
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θ ¼ μC � μT
σ

� � ffiffiffiffiffiffiffiffiffi
N=4

p

¼ 1=2
μC � μT

σ

� � ffiffiffiffi
N

p

where μC and μT are the mean response levels for the control and the intervention

arms, respectively, and σ is the common standard deviation.

If we specify a particular value of the conditional power as γ, then a boundary

can also be produced which would indicate that if the test statistic fell below that,

the chance of finding a significant result at the end of the trial is less than γ
[127]. For example, in Fig. 17.5 the lower futility boundary is based on a specified

conditional power γ, ranging from 10 to 30% that might be used to claim futility of

finding a positive beneficial claim at the end of the trial. For example, if the

standardized statistic crosses that 20% lower boundary, the conditional power for

a beneficial result at the end of the trial is less than 0.20 for the specified alternative.

Conditional power calculations are done for a specific alternative but in practice,

a monitoring committee would likely consider a range of possibilities. These

specified alternatives may range between the null hypothesis of no effect and the

prespecified design based alternative treatment effect. In some cases, a monitoring

committee may consider even more extreme beneficial effects to determine just

how much more effective the treatment would have to be to raise the conditional
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Fig. 17.5 Conditional power boundaries: outer boundaries represent symmetric O’Brien-Fleming

type sequential boundaries (α¼ 0.05). Three lower boundaries represent boundaries for 10%, 20%

and 30% conditional power to achieve a significant (P< 0.05) result of the trial conclusion [74]
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power to desired levels. These conditional power results can be summarized in a

table or a graph, and then monitoring committee members can assess whether they

believe recovery from a substantial negative trend is likely.

Conditional power calculations were utilized in the Vesnarinone in Heart Failure

Trial (VEST) [129]. In Table 17.1, the test statistics for the logrank test are provided

for the information fractions at a series of monitoring committee meetings.

Table 17.2 provides conditional power for VEST at three of the interim analyses.

A range of intervention effects was used including the beneficial effect (hazard rate

less than 1) seen in a previous vesnarinone trial to the observed negative trend

(hazard rates of 1.3 and 1.5). It is clear that the conditional power for a beneficial

effect was very low by the midpoint of this trial for a null effect or worse. In fact,

the conditional power was not encouraging even for the original assumed effect. As

described by DeMets et al. [114] the trial continued beyond this point due to the

existence of a previous trial that indicated a large reduction in mortality, rather than

the harmful effect observed in VEST.

The Beta-Blocker Heart Attack Trial [62, 63] made considerable use of this

approach. As discussed, the interim results were impressive with 1 year of follow-

up still remaining. One question posed was whether the strong favorable trend

(Z¼ 2.82) could be lost during that year. The probability of rejecting H0 at the

scheduled end of the trial, given the existing trend (γ0), was approximately 0.90.

This meant that the false positive or Type I error was no more than α/γ0¼ 0.05/0.90

or 0.056.

Table 17.1 Accumulating

results for the Vesnarinone in

Heart Failure Trial (VEST)

[129]

Information fraction Log-rank Z-value (high dose)

0.43 +0.99

0.19 �0.25

0.34 �0.23

0.50 �2.04

0.60 �2.32

0.67 �2.50

0.84 �2.22

0.20 �2.43

0.95 �2.71

1.0 �2.41

Table 17.2 Conditional

power for the Vesnarinone in

Heart Failure Trial (VEST)

[129]

RR

Information fraction

0.50 0.67 0.84

0.50 0.46 <0.01 <0.01

0.70 0.03 <0.01 <0.01

1.0 <0.01 <0.01 <0.01

1.3 <0.01 <0.01 <0.01

1.5 <0.01 <0.01 <0.01

RR¼ relative risk
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Other Approaches

Other techniques for interim analysis of accumulating data have also received

attention. These include binomial sampling strategies [15], decision theoretic

models [130], and likelihood or Bayesian methods [131–140]. Bayesian methods

require specifying a prior probability on the possible values of the unknown

parameter. The experiment is performed and based on the data obtained, the prior

probability is adjusted. If the adjustment is large enough, the investigator may

change his opinion (i.e., his prior belief). Spiegelhalter et al. [139] and Freedman

et al. [135] have implemented Bayesian methods that have frequentist properties

very similar to boundaries of either the Pocock or O’Brien–Fleming type. It is

somewhat reassuring that two methodologies, even from a different theoretical

framework, can provide similar monitoring procedures. While the Bayesian view

is critical of the hypothesis testing methods because of the arbitrariness involved,

the Bayesian approach is perhaps hampered mostly by the requirement that the

investigator formally specify a prior probability. However, if a person during the

decision-making process uses all of the factors and methods discussed in this

chapter, a Bayesian approach is involved, although in a very informal way.

One Bayesian method to assess futility that has been used extensively is referred

to as predictive power and is related to the concept of conditional power. In this

case, the series of possible alternative intervention effects, θ, are represented by a

prior distribution for θ, distributing the probability across the alternatives. The prior
probability distribution can be modified by the current trend to give an updated

posterior for θ. The conditional power is calculated as before for a specific value of
θ. Then a predictive or “average” power is calculated by integrating the conditional
power over the posterior distribution for θ:

p X f 2 R
� ��x0� ¼

ð
p X f 2 R

��θ� �
p θ

��x0� �
dθ

This can then be utilized by the monitoring committee to assess whether the trial is

still viable, as was computed for the interim analyses conducted in VEST [129] as

shown in Table 17.3. In this case, the prior was taken from an earlier trial of

vesnarinone where the observed reduction in mortality was over 60% (relative

risk¼ 0.40). For these calculations, the prior was first set at the point estimate of

the hazard ratio equal to 0.40. Using this approach, it is clear that VEST would not

likely have shown a benefit at the end of the trial.

We have stated that the monitoring committee should be aware of all the relevant

information in the use of the intervention which existed before the trial started and

which emerges during the course of a trial. Some have argued that all of this

information should be pooled or incorporated and updated sequentially in a formal

statistical manner [141]. This is referred to as cumulative meta-analysis (see

Chap. 18). We do not generally support cumulative or sequential meta-analysis as

a primary approach for monitoring a trial. We believe that the results of the ongoing
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trial should be first presented alone, in detail, including baseline comparisons,

primary and secondary outcomes, adverse events and relevant laboratory data

(see Chap. 16). As supportive evidence for continuation or termination, results or

other analysis from external completed trials may be used, including a pooled

analysis of all available external data.

Trend Adaptive Designs and Sample Size Adjustments

Sample size adjustments based on overall event rates or outcome variability,

without knowledge of interim trends, have long been performed to regain trial

power with no issues regarding impact on Type I error or other design concerns.

However, while sample size adjustments based on comparing emerging trends in

the intervention and control groups were initially discouraged, statistical method-

ology now allows trialists to adjust the sample size and maintain the Type I error

while regaining power [142–164]. It is possible to have a statistically efficient or

nearly efficient design if the adaptations are prespecified [154]. While multiple

adjustments over the course of follow-up are possible, the biggest gain comes from

a single adaptive adjustment.

These methods must be implemented by some individual or party that is aware of

the emerging trend. In general, we do not recommend that the monitoring commit-

tee perform this function because it may be aware of other factors that would

mitigate any sample size increase but cannot share those issues with the trial

investigators or sponsors. This can present an awkward if not an ethical dilemma

for the monitoring committee. Rather, someone who only knows the emerging

trend should make the sample size adjustment recommendation to the investigators.

Whatever trend adaptive method is used must also take into account the final

analyses as discussed briefly in Chap. 18, because it can affect the final critical

value. We will briefly describe a few of these methods [145, 147, 159].

As proposed by Cui et al. [146, 147] for adaptive adjustments in a group

sequential setting, suppose we measure an outcome variable denoted as X where

X has a N(0,1) distribution and n is current sample size, N0 is initial total sample

size, N is new target sample size, θ is hypothesized intervention effect, and t is n/N0.

In this case, we can have an estimate of the intervention effect and a test statistic

Table 17.3 Predictive

probability for the

Vesnarinone in Heart Failure

Trial (VEST) [129]

Date Ta

Probability

Hazard rate¼ 0.40

2/7/96 0.50 0.28

3/7/96 0.60 0.18

4/10/96 0.67 <0.0001

5/19/96 0.84 <0.0001

6/26/96 0.90 <0.0001
aT¼ information fraction
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based on n observations.

θ̂ ¼
Xn
i

xi=n

z nð Þ ¼
Xn
i

xi=
ffiffiffi
n

p

We then compute a revised sample size N based on the current trend, assuming the

same initial Type I error and desired power. A new test statistic is defined that

combines the already observed data and the yet to be obtained data.

Z
Nð Þ
W ¼ ffiffi

t
p

Z nð Þ þ
ffiffiffiffiffiffiffiffiffiffi
1� t

p
N � nð Þ�1

2

XN
nþ1

xi

In this setting, we would reject the null hypothesis H0 of no treatment effect if

Z
Nð Þ
W > Zα. This revised test statistic controls the Type I error at the desired level α.

However, less weight is assigned to the new or additional observations, yielding

what is referred to as a weighted Z statistic. That is, the weight given to each trial

participant prior to any sample size adjustment is greater than weight given to

participants after the adjustment, violating a “one participant—one vote” principle.

This discounting may not be acceptable for scientific and ethical reasons [144, 164].

Other approaches have also been proposed. A modification proposed by Chen

et al. [145] requires that both the weighted and un-weighted test statistics exceed

the standard critical value.

Z Nð Þ and Z
Nð Þ
W > Zα

In this case, the Type I error< α and there is no loss of power. Another approach, an

adjusted p value method, proposed by Proschan and colleagues [159, 160] requires

a “promising” p value before allowing an increase in sample size. However, this

approach requires stopping if the first stage p value is not promising. It also requires

a larger critical value at the second stage to control the Type I error. As an example,

consider a one-sided significance level a¼ 0.05, which would ordinarily have a

critical value of 1.645 for the final test statistic. In this case the promising p value,

p0, and the final critical values, Z0, are as follows, regardless of the sample size in the

second stage:

p0: 0.10 0.15 0.20 0.25 0.50

Z0: 1.77 1.82 1.85 1.875 1.95

This simple method will control the Type I error but in fact may make Type I

error substantially less than 0.05. A method can be developed to obtain an exact
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Type I error as a function of Z(t) and the adjusted sample size N, using a conditional
power type calculation [127] as described below.

Conditional power, CP, is a useful calculation to assess the likelihood of

exceeding a critical value at the scheduled end of a trial, given the current data or

value of the interim test statistic and making assumptions about the future inter-

vention effect as described earlier in this chapter [67, 126, 128]. The computation of

conditional power in this case is relatively simple. Let θ be a function of the

intervention affect, as described earlier, and then

CP Z tð Þ, θð Þ ¼ P
�
Z Tð Þ � Zα

��Z tð Þ, θ�
¼ 1� Φ

��Zα � Z tð Þ ffiffi
t

p � θ 1� tð Þ��= ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� tð Þp
 �

Applying the idea of conditional power to the trend adaptive design, we can define an

algorithm to adjust the sample size and still control the Type I error [146]. For example,

Let Δ¼ observed effect and δ¼ assumed effect. If we observe that for θ(Δ) as a
function of the observed effect Δ, and θ (δ) as a function of the assumed δ, then if

CP Z tð Þ, θ Δð Þð Þ > 1:2CP
�
Z tð Þ, θ δð Þ, decrease N

CP Z tð Þ, θ Δð Þð Þ < 0:8CP
�
Z tð Þ, θ δð Þ, increase N

where N is the final targeted sample size. The properties of this procedure have not

been well investigated but the idea is related to other conditional power approaches

[153]. These conditional power procedures adjust the sample size if the computed

conditional power for the current trend is marginal, with only a trivial impact on

Type I error. For example, define a lower limit (c‘) and an upper limit (cu) such that
for the current trend θ(Δ):

if CP Z tð Þ, θ Δð Þð Þ < c‘, then terminate for futility and accept the null (required),

if CP Z tð Þ, θ Δð Þð Þ > cu, then continue with no change in sample size, or

if c‘ < CP Z tð Þ, θ Δð Þð Þ < cu, then increase sample size from N0, to N to get

conditional power to the desired level.

Chen et al. [145] suggested a modest alternative. If the conditional power is 50%

or larger, then increase the sample size to get the desired power. An upper cap is

typically placed on the size of the increase in sample size. Increase N0 if the interim

result is “promising,” defined as conditional power >50% for the current trend but

the increase in N0 cannot be greater than 1.75-fold. Under these conditions, Type I

error is not increased and there is no practical loss in power. This approach is one

that we favor since it is simple to implement, easy to understand and preserves the

design characteristics.

Adaptive designs have appeal because the assumptions made during protocol

development often fail to hold precisely for the implemented trial, making adjust-

ments useful or even necessary for the study to succeed. However, adaptive designs

also rely on assumptions which prove to be unmet in practice, so that theoretical
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gains are not necessarily realized. For example, it is often found that the observed

event rate is less than expected, or the intervention effect not as great as had been

assumed. Tsiatis and Mehta [163] have provided conditions under which a properly

designed group sequential trial is more efficient than these adaptive designs, though

Mehta has also argued that factors such as allocation of financial and participant

resources may be as important as statistical efficiency [157]. In any case, a clear

need exists for adaptive designs, including trend adaptive designs. We are fortunate

that technical advances have been made through several new methods. Research

continues on finding methods which can applied to different trial settings [143,

150–152, 154–158, 161, 164].

Perhaps the largest challenge is how to implement the trend adaptive design

without introducing bias or leaving the door open for bias. If one utilizes one of the

described trend adaptive designs, anyone who knows the details of the method can

“reverse engineer” the implementation and obtain a reasonable estimate of what the

current trend (Z(t)) must have been to generate the adjusted sample size (N ). Given

that these trend adaptive designs have as yet not been widely used, there is not

enough experience to recommend what can be done to best minimize bias. How-

ever, as suggested earlier, a third party who knows only the emerging trend and

none of the other secondary or safety data is probably best suited to make these

calculations and provide them to the investigators.
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