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Abstract. Barthel, Royston, and Parmar (2009, Stata Journal 9: 505-523) pre-
sented a menu-driven Stata program for calculating sample size and other design
characteristics for a class of multiarm, multistage trials with time-to-event out-
comes. In this article, we present several new features for the package. First,
we allow hazard ratios greater than 1 to be targeted under the alternative hy-
pothesis to make the design more widely applicable to other outcomes and disease
areas. Second, we introduce new subroutines that use simulation to more accu-
rately estimate the correlation between treatment effects at different stages and
that calculate the familywise error rate, and we apply them to an example using
the original design of the multiarm, multistage trial in prostate cancer. Finally,
we present a new design of the dialog menu for nstage that improves its usability
and incorporates options for calling the new subroutines.

Keywords: st0175_1, nstage, nstagemenu, multiarm, multistage, randomized con-
trolled trial, survival analysis, time-to-event, familywise error rate

1 Introduction

Royston, Parmar, and Qian (2003) introduced a class of novel designs for multiarm clin-
ical trials with time-to-event outcomes aimed at speeding up treatment evaluation. In
their design, experimental arms are compared with a common control arm at an interim
analysis, at which point recruitment is stopped in arms that fail to show a sufficient
amount of additional benefit. Recruitment continues with promising treatments in the
final stage of the trial, after which they are compared with the control on the primary
definitive outcome (D) of the trial. To increase the speed of treatment selection, one can

© 2015 StataCorp LP st0175_1
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perform the interim analysis on an intermediate outcome (I) that is on the causal path-
way to the primary outcome of the trial. For instance, failure-free survival—taken to
be time to progression or death, whichever occurs first—was chosen as the intermediate
outcome in several oncology trials using this design (Raja et al. 2011; Sydes et al. 2009),
with overall survival used as the definitive outcome. The requirements for choosing an
appropriate intermediate outcome measure are described by Royston et al. (2011).

To further increase efficiency, Royston et al. (2011) extended this design to more
than two stages so that treatment arms can be compared with a control on the interme-
diate outcome at multiple interim analyses. To facilitate the design of trials using this
multistage approach, Barthel, Royston, and Parmar (2009) introduced the menu-driven
Stata program nstage for calculating the required sample sizes, number of events, stage
durations, critical values, and pairwise operating characteristics.

Although this class of multiarm, multistage (MAMS) designs helps expedite the eval-
uation of new treatments (Parmar et al. 2008), the designs also introduce various statis-
tical and practical challenges. Issues that have been addressed include the application
of the design to large-scale multiarm trials (Sydes et al. 2009), the addition of new
research arms midtrial (Sydes et al. 2012), an assessment of bias in the estimated treat-
ment effects (Choodari-Oskooei et al. 2013), and extensions to binary intermediate and
definitive outcomes (Bratton, Phillips, and Parmar 2013).

A previously unresolved problem is the quantification and control of the probability
of finding a false positive result at the end of the trial, known as the familywise error
rate (FWER). This measure is essential in many multiarm trials, particularly if the trials
are confirmatory (Wason et al. 2013), so a means for accurately estimating the FWER
is crucial. Another outstanding issue concerns estimating the between-stage correlation
structure when the intermediate and definitive outcomes differ (Royston et al. 2011).
Because the accuracy of the current calculation is uncertain, a more reliable method is
required to better estimate the pairwise operating characteristics of the trial.

Finally, because nstage was originally written with the design of cancer trials in
mind, it can use only outcomes such as progression-free and overall survival, where
events need to be observed more slowly on an experimental arm than on the control to
demonstrate superiority. The program will therefore be extended to outcomes where a
shorter time represents a more favorable outcome, such as time to healing (for example,
Smith et al. [1992]) or time to cure.

In this article, we describe an update of nstage to address these issues. We apply
a new simulation method for estimating the between-stage correlation to one of the
design scenarios for the systemic therapy in advancing or metastatic prostate cancer:
the evaluation of drug efficacy (STAMPEDE) trial in prostate cancer (Sydes et al. 2009).
We do this to demonstrate its improved accuracy over the existing calculation. We
improve the usability of the dialog menus and add options to accommodate the new
methods. Throughout, we use the acronym MAMS to refer to the multiarm, multistage
design described by Royston et al. (2011).
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2 The nstage command

2.1 Syntax

nstage, nstage(#) accrue(numlist) alpha(numlist) omega(numlist)

arms (numlist) hrO(# [#]) hri(# [#]) t(# [#]) [s(# [#]
aratio(#) tunit(#) tstop(#) probs nofwer simcorr (#) corr(#)]

Note: the number of values given in each numlist must be equal to the number of stages
specified in nstage (#).

2.2 Options

nstage (#) specifies the number of trial stages, J. nstage() is required.

accrue (numlist) specifies the rate per unit time (see tunit()) at which patients enter
the trial during each stage. The patients are assumed to be allocated in the ratio
(control arm:experimental arm: ...) of 1: A :---: A, where A is the allocation
ratio defined by aratio(). accrue() is required.

alpha(numlist) specifies the one-sided significance level, o;, for each comparison at
each stage, j. The arms are compared pairwise with control on the intermediate
outcome (I) for the first J — 1 stages, whereas the comparison is on the primary
outcome (D) at the Jth stage. Significance levels should decrease with each stage.
alpha() is required.

omega (numlist) specifies the power (one minus the type 2 error probability), w;, for
each pairwise comparison at each stage. omega() is required.

arms (numlist) specifies the number of arms assumed to be actively recruiting patients
at each stage. The number at each stage cannot exceed the number at the previous
stage, because arms can only be “dropped” (not added). For example, arms(4 3
2) would say that in a three-stage trial of four arms, only three “survived” to the
second stage, and only two survived to the final stage. arms () is required.

hr0 (# [#]) specifies the hazard ratios (HRs) under the null hypothesis for the I
outcome and D outcome, respectively. Typically, these values are both 1. hr0() is
required.

hri(# [ # ] ) specifies the target HRs under the alternative hypothesis for the I outcome
and D outcome, respectively. Typically, the size of the targeted effect is larger for
the I outcome than the D outcome. hri() is required.
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t (# [ # ]) defines the times corresponding to the survival probabilities in s() for an I
event and a D event, respectively. If the default values of 0.5 for s() are used, then
the required values of t() are the median survival times for each type of outcome.
The survival distribution for both types of events is assumed to be exponential. t ()
is required.

s(# [ #]) defines the survival probability for an I event and a D event, respectively.
For example, s(0.5 0.75) would say that the survival probability in the relevant
interval was 0.5 for I outcomes and 0.75 for D outcomes. The default is s(0.5 0.5).

aratio(#) specifies the allocation ratio, A (number of patients allocated to each ex-
perimental arm per control arm patient). For example, aratio(0.5) specifies that
one patient is allocated to each experimental arm for every two patients allocated
to control. The default is aratio(1) (equal allocation to all arms).

tunit (#) defines the code for units of trial time. The codes are 1 = one year, 2 =
6 months, 3 = one quarter (3 months), 4 = one month, 5 = one week, 6 = one day,
and 7 = unspecified. tunit() has no influence on the computations and is for
information only. The default is tunit (1) (one year).

tstop(#) defines the maximum time at which recruitment is to cease. To be valid and
to make sense in the context of the MAMS design, # must be a time that falls within
the final stage. If it does not, an error will be reported. The default is tstop(0),
meaning no ceasing of recruitment before the end of the final stage.

probs reports the probabilities of the numbers of arms passing each stage of the trial
under the global null hypothesis (see section 3.5).

nofwer suppresses the calculation of the maximum FWER of the trial (probability of
making at least one type I error at the end of the trial under any parameter config-
uration; see section 3.3).

simcorr (#) defines the number of replicates in the simulations to estimate the between-
stage correlation structure. The estimated correlation structure is used to compute
the overall type I error rate and power of the design (see section 3.2). At least 1,000
replicates are recommended. If simcorr() is not specified, the program uses the
default correlation structure described by Royston et al. (2011). This option does
not need to be specified if the I and D outcomes are identical.

corr (#) specifies either a) the correlation between HRs on the I and D outcomes at
a fixed time point, such as the end of the trial; or b) if simcorr() is specified,
the correlation between survival times on the I (excluding D) and D outcomes (see
section 3.2). If it is the former, the value of # can be estimated by a bootstrap
analysis of relevant previous trial data. In both cases, the default is corr(0.6)
based on I = time to progression or death and D = time to death in cancer. Such a
value is not necessarily appropriate in other settings. In the absence of knowledge,
we suggest a sensitivity analysis for # in the range [0.4,0.8]. Note that this option
affects only the overall type I error rate and power of the design. This option does
not need to be specified if the I and D outcomes are identical.
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3 Updates to nstage

3.1 Targeting HRs above one under the alternative hypothesis

The decision to continue a treatment arm to the next stage of a MAMS trial is currently
based on whether the observed HR for that arm is less favorable than some predetermined
“critical” value. These thresholds are calculated using the one-sided significance levels
and powers specified for each stage of the trial and the target HRs under the null and
alternative hypotheses for each outcome.

In nstage, HRs under the null (Hp) and alternative (H;) hypotheses are specified in
options hrO0() and hr1(), respectively, for an experimental arm relative to the control.
For outcomes such as overall survival and failure-free survival, which are commonly used
in cancer trials, an HR less than one signifies an improvement in the experimental arm.
Because the program was initially developed for such settings, only target HRs less than
one can currently be entered into hr1(). However, other outcomes exist for which an
HR greater than one indicates an improvement implying that, under the proportional
hazards assumption, events are observed more quickly in the experimental arm than in
the control. An example is in tuberculosis, where time-to-culture negativity (a marker
for cure) is often an outcome of interest in phase II trials (Phillips, Fielding, and Nunn
2013).

If an HR A' greater than 1 is to be targeted under H;, then simply inputting
its reciprocal into nstage is insufficient, despite the magnitude of the targeted treat-
ment effect remaining the same. This is because the variance of log A', which is used
in the sample-size calculation, is not equal to the variance of log1/A!. Under Hj,
Royston et al. (2011) state that

Vv (10g 31> R~ 1 + e (1)
€0 €1
where ey and e; are the number of events observed in the control and experimental
arms, respectively, for a given pairwise comparison. Because e; will be larger under
A'(> 1) than under 1/A'(< 1), the variances will be unequal for a fixed value of eg.

To allow a target HR A! greater than 1 to be selected, we must modify the method-
ology described in sections 2.3 and 2.4 of Royston et al. (2011). For a J-stage trial with
one experimental arm, F, and a control, C, denote the one-sided significance level and
power for the comparison at the jth interim analysis (j = 1,...,J) by «; and w;; and
let Ag-) and A; be the targeted treatment effects for the outcome in the jth stage under

Hy and Hy, respectively. Furthermore, let Ej denote the observed HR on the outcome
of interest at the jth interim analysis of the trial, with the HR threshold for continuation
being §;. By definition, for A} greater than 1,

aj=P (logﬁj > log d; | HO)

and R
wj =P (logAj > log d; | Hl)
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Following a similar calculation to that in section 2.3 of Royston et al. (2011) gives the
critical value for log A; as

log é; = log A? — Za; 0;-) = log A} — zchr1
where 0‘? and ajl» are the standard deviations for the log HR under Hy and H;, respec-
tively.

Assuming ajl. = O’?, an initial estimate of the required number of control events, e;q,

for the jth interim analysis is given by (see also (4) in Royston et al. [2011])

2
Roi — R
o=(1+AY [ 2 " 2
€50 (+ )<10gA?—logA}> ()

However, because there will be more events occurring in the trial under H; than under
Hy, (1) implies that o} < 0. Consequently, the estimate of e;o obtained from (2) that
assumes ojl- = 0? will result in the actual power overshooting the nominal value w;.
The algorithm described in section 2.4 of Royston et al. (2011) should then be used to
calculate the number of events required to achieve the desired level of power, with step

6 modified so that e;q is decreased by 1 at each iteration until w; is reached.

3.2 Estimating the between-stage correlation

To determine the pairwise operating characteristics for a MAMS trial, that is, the overall
type I error rate and power for a particular research arm, we must obtain an estimate
of the correlation between treatment effects at different stages. Royston et al. (2011)
derived a formula for the correlation between HRs estimated for a particular outcome at
different stages of the trial: if ejo control events have been observed on the outcome of
interest by the end of stage j = 1,...,J, then the correlation between the HRs estimated
in stages j and k(> j) is Rjx = +v/ejo/eko. This formula is not applicable when the
outcomes in stages j and k differ, as is the case in the intermediate and final stages in a
trial where I # D. In such a trial, Royston et al. (2011) proposed that the correlation
between the observed HRs at each interim stage (j = 1,...,J — 1) on I and the final
stage (k= J) on D can be approximated by

RjJ ~cC egﬁO (3)
€70
where ¢ is a constant approximately equal to the correlation between the log HRs for
I and D at a fixed time point, for example, the end of a trial. We can obtain an
estimate for ¢ from existing trial data or, if suitable data are unavailable, through
expert opinion. In either case, we should perform a sensitivity analysis using various
values of ¢ to determine plausible ranges for the pairwise type I error rate and power.

Because (3) is only an approximation likely to be based on guesswork, the subroutine
hrcorrnstage, which simulates individual patient data, has been created for nstage to
provide a more reliable estimate of the between-stage correlation when I is a composite
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of D and some other outcome I* that is on the causal pathway to D. For example,
in the STAMPEDE trial, the D outcome measure is death from any cause, whereas the
I outcome measure is failure-free survival, defined as disease progression (I*) or death
from any cause (Sydes et al. 2009).

Given an estimate of the correlation, p, between the survival times on I* and D as
specified in the corr() option, hrcorrnstage simulates individual patient data under
the proposed trial design for one experimental arm and a control. After the number
of trials specified in simcorr() have been simulated, the correlations between the HRs
observed at each intermediate stage and the final stage are estimated. Our empirical
investigations showed that using 1,000 replicates provides reliable estimates in practice.
The correlation is calculated under Hy and H; for more accurate estimation of the type I
error rate and power, respectively. Because p is defined as the correlation between I'* and
D that is likely to be unobtainable from existing data because of censoring, a sensitivity
analysis should be used to determine a plausible range for the true pairwise type I error
rate and power, as is the case when specifying estimates of ¢ in (3). Exploring values
of p between 0.4 and 0.8 is recommended.

3.3 FWER

nstage currently outputs the probability of a single experimental arm passing all J
stages of the trial under Hy, known as the pairwise type I error rate. However, in a
multiarm trial, an estimate of the probability of one or more ineffective arms passing
all J stages, known as the FWER, is also useful, particularly if it is to be controlled at
some prespecified level. For example, in confirmatory trials, the European Medicines
Agency states that it is a “minimal prerequisite” to control the FWER by limiting the
maximum probability of making at least one type I error (Committee for Proprietary
Medicinal Products 2002).

Calculation of FWER

Wason and Jaki (2012) describe a relatively quick calculation of the FWER for a MAMS
design with normally distributed outcomes by simulating the joint distribution of the
z test statistics for each arm at each stage, ignoring stopping guidelines. In the group
of MAMS designs they consider, the same outcome is used throughout the trial, and
the same number of patients is allocated to the control arm in each stage. In the
class of MAMS designs considered here, neither of these constraints is likely to be met,
particularly the latter. Below we generalize their simulation of the joint distribution to
designs where unequal numbers can be allocated to the control arm in each stage and
where interim analyses can be conducted on an intermediate outcome that differs from
the definitive outcome of the trial.
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Consider a (K+1)-arm J-stage trial, and denote by Z,j, the z test statistic for the kth
experimental arm (k = 1,..., K) on the outcome of interest at stage j (j = 1,...,J).
For time-to-event outcomes, Z;; may be the z test statistic for the log HR. Ignoring
stopping guidelines, we see that the distribution of Zj; is

Ajp — A°
Zi ~ N (ﬂ“]71>
Ojk

where A is the underlying effect (for example, true log HR) on the outcome of choice
in stage j for arm k; A]Q is the corresponding effect under Hy; and o, is the standard
deviation of the observed treatment effects under Ay.

Denote the correlation between the test statistics in stages 7 and j’ for experimental
arm k by R;; = corr(Z;i, Zj1,), as calculated using the methods discussed in section 3.2.
The correlation between the treatment effects for any two arms k and &’ (k # k') in the
same stage is corr(Z, Zji) = A/(A+ 1) (Dunnett 1955), where A is the allocation
ratio specified in aratio().

To simulate the joint distribution of Z;;, with the above correlation structure, we
first generate standard normally distributed random variables z;, (j = 1,...,J, k =
0,..., K) such that the correlation between z;; and x;/ is R;; for each k. This can
be achieved using the drawnorm command in Stata. The formula

[ A 1 Ajy, — A
jk A+1x30+ A+1x1k+ ok ()

Z

then gives JK simulated random variables with the required distribution and between-
stage and between-arm correlation structures (proof in the Appendix).

Using this technique, we can calculate the FWER under a range of parameter config-
urations (Ajz:j =1,...,J, k=1,...K). Clearly, the configuration under which the
FWER is maximized is of greatest interest, particularly if strong control of the FWER is
required. A result by Magirr, Jaki, and Whitehead (2012) states that for MAMS trials
with one outcome (I = D), the FWER is maximized under the global null hypothesis,
Hg, that is, when Aj, = A? for all j and k.

The FWER under Hg is estimated as the proportion of all replicates in which at least
one experimental arm passes all J stages of the trial (that is, if, for some k, Zj; < 2q;
forall j =1,...,J). Using 250,000 replicates provides a good estimate of the FWER in
practice because it ensures the Monte Carlo standard error is no greater than 0.001.

This method for calculating the FWER differs from that used by Wason and Jaki
(2012). In their article, the authors first generate the x5, with the appropriate between-
arm correlation (rather than between-stage) and then proceed to use an expression
similar to (4) to generate the test statistics Z;x, which also have the required between-
stage correlation. This seems tractable only if the intermediate and definitive outcomes
are identical; otherwise, the between-stage correlation structure becomes too complex
for it to be induced using a formula such as (4).
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When I # D, the FWER will be maximized when Hj is true for all arms on D.
However, this maximum value will be achieved only when each arm is infinitely effective
on the intermediate outcome—that is, when A, = —oo for all j < J and all k (assum-
ing, without loss of generality, that a negative effect is beneficial) and Ay, = AY for
all k. Under such a configuration, each experimental arm will always pass all interim
analyses, thus making them redundant. Therefore, the pairwise type I error rate for
each arm will be equal to the final-stage significance level (because Hy is true on D for
all arms). As the magnitude of the effect on I decreases, the pairwise type I error rate
will also decrease because some arms will inevitably be dropped at interim analyses.
Consequently, fewer arms will reach the final stage; hence, fewer type I errors will be
made. This makes the choice of I particularly important because it should have high
specificity for the primary outcome of the trial to limit the inflation of the FWER.

Note that when I # D, the maximum FWER is equivalent to the FWER for a one-
stage design with pairwise type I error rate equal to the final-stage significance level,
ay. In this case, the maximum FWER can be calculated using the Dunnett probability

Pk (Zayy---s2a,;C)

which is computationally simpler and faster than the simulation described above. Here
® g is the K-dimensional multivariate standard normal distribution function, and C is
the K x K between-arm correlation matrix with off-diagonal entries equal to A/(A+1)
(Dunnett 1955). When strong control of the FWER is required, this probability should
be limited by choosing an appropriate value of «;.

Subroutine for calculating FWER

To calculate the FWER in nstage, we added a subroutine that implements the methods
described above. FWER is now calculated by default in nstage for all designs. However,
we also added an option nofwer to circumvent this. The subroutine is applicable to any
normally distributed test statistics and can be incorporated into future nstage-type
programs for other types of outcome (for example, binary or continuous).

3.4 nstage output

Below is an example output given by nstage using one of the design scenarios for the
original comparisons in the STAMPEDE trial, described in detail by Sydes et al. (2009).
The example shows an estimate of the FWER assuming Hj is true for both I and D for
all research arms, with the standard error of the estimate induced by the simulation.
The maximum pairwise and FWERs are also provided along with sample sizes, event
estimates, and durations for each stage.
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For STAMPEDE, the accrual pattern has differed from this scenario and that the
number of arms at each stage for the original comparisons has been arms(6 6 4 4).

. nstage, nstage(4) alpha(0.5 0.25 0.1 0.025) omega(0.95 0.95 0.95 0.9) hrO(1 1)

> hr1(0.75 0.75) accrue(500 500 500 500) arms(6 5 3 2) t(2 4) aratio(0.5)

n-stage trial design

version 3.0.1, 10 Sept 2014

Sample size for a 6-arm 4-stage trial with time-to-event outcome
based on Royston et al.

(2011) Trials 12:81

Median survival time (I-outcome):
Median survival time (D-outcome):

Operating characteristics

2 time units
4 time units

Alpha(1s) Power HR |HO HR|H1 Crit.HR Length* Time*
Stage 1 0.5000 0.950 1.000 0.750 1.000 2.436 2.436
Stage 2 0.2500 0.951 1.000 0.750 0.924 1.078 3.514
Stage 3 0.1000 0.950 1.000 0.750 0.886 0.919 4.433
Stage 4 0.0250 0.900 1.000 0.750 0.845 1.594 6.027
Pairwisex* 0.0118 0.833 6.027
Familywise(SE)** 0.0517 (0.0004)
Maximum Pairwise Alpha 0.0250 Maximum Familywise Alpha 0.1030

* Length (duration of each stage) is expressed in one year periods and
assumes survival times are exponentially distributed
** Calculated under global null hypothesis for I and D outcomes

Sample size and number of events

Stage 1 Stage 2
Overall Control Exper. Overall Control Exper.
Arms 6 1 5 5 1 4
Acc. rate 500 143 357 500 167 333
Patientsx* 1218 348 870 1757 528 1229
Events*x 343 113 230 572 216 356
Stage 3 Stage 4
Overall Control  Exper. Overall Control  Exper.
Arms 3 1 2 2 1 1
Acc. rate 500 250 250 500 333 167
Patients* 2216 757 1459 3014 1289 1725
Events*x* 612 334 278 568 405 163

0.5 patients allocated to each E arm for every 1 to control arm.
* Patients are cumulative across stages
** Events are cumulative across stages, but are only displayed

for those arms to which patients are still being recruited
*x Events are for I-outcome at stages 1 to 3, D-outcome at stage 4
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3.5 Correction to the probs option

The probs option in nstage reports the probabilities of k out of K experimental arms
reaching each stage of the trial under the global null and global alternative hypotheses
(Barthel, Royston, and Parmar 2009). The following is an example of the output given
by the previous version of nstage when specifying the probs option for the STAMPEDE-
based example described in the previous section:

Approx. prob. of k experimental arms reaching stage 2:

k (#arms) 0 1 2 3 4 5
Under HO 0.031 0.156 0.313 0.313 0.156 0.031
Under H1 0.000 0.000 0.001 0.021 0.204 0.774

Approx. prob. of k experimental arms reaching stage 3:

k (#arms) 0 1 2 3 4 5
Under HO 0.513 0.366 0.105 0.015 0.001 0.000
Under H1 0.000 0.000 0.007 0.069 0.322 0.601

Approx. prob. of k experimental arms reaching stage 4:

k (#arms) 0 1 2 3 4 5
Under HO 0.939 0.059 0.002 0.000 0.000 0.000
Under H1 0.000 0.002 0.021 0.127 0.384 0.466

The output informs users to adjust their design if the probabilities are not as desired,
for instance, if too many ineffective arms are likely to reach the final stage of recruitment.
These probabilities were previously calculated using binomial distributions as described
by Barthel (2006), which do not account for the correlation between treatment arms
and therefore lead to incorrect estimates.

By simulating the joint distribution of Z; as described in section 3.3, we can ob-
tain more accurate estimates of these probabilities by calculating the proportion of all
replicates in which k out of K experimental arms pass each stage. The probs option
has been amended to use this method. Additionally, the proportion of k experimental
arms passing the final stage of the trial is now calculated to give the distribution of
type I errors at the end of the trial under Hg. The new output, displayed below for the
STAMPEDE-based example, shows the probability of the number of arms passing each
stage (rather than reaching each stage). The discrepancy between the estimates from
the two calculations is quite large. For example, the binomial method estimates the
probability of no ineffective arms reaching the final stage (or equivalently, passing stage
3) to be 0.94, whereas the newly estimated but more accurate value is closer to 0.72.
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Probability of k experimental arms passing each stage under global null hypothesis

k (#arms) 0 1 2 3 4 5
Stage 1 0.114 0.178 0.208 0.208 0.178 0.114
Stage 2 0.411 0.279 0.167 0.089 0.041 0.013
Stage 3 0.719 0.194 0.061 0.020 0.005 0.001
Stage 4 0.948 0.046 0.005 0.001 0.000 0.000

Calculation of these probabilities under the global alternative hypothesis is not in-
cluded because here we want each treatment arm to pass all stages of the trial. Hence,
the only probability of real interest is the pairwise power. Therefore, the additional time
required to estimate the probabilities under the global alternative is not warranted.

3.6 Update to the dialog menu

Users can access the menu for nstage through the User menu after entering nstagemenu
on in the command line. The original dialog box for nstage (described in detail by
Barthel, Royston, and Parmar [2009]) has been redesigned to improve its usability and
to incorporate options for the extensions described in this article. In the first tab,
Design parameters (see figure 1), users enter general design parameters that are
applicable to the trial as a whole, such as number of stages, allocation ratio, units of time,
time for stopping accrual, and options for calculating the FWER and the probabilities
for the number of ineffective arms passing each stage. In the second tab, Operating
characteristics (see figure 2), users select the significance levels, powers, accrual rates
(per unit of trial time), and number of recruiting arms for each stage of the trial.
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Multi-Arm Multi-Stage Trial Designs = e |

Design parameters |0pe|at|ng characteristics I Intermediate outcome | Primany outcome|

Total number of stages 4
E:C Allocation ratio

Time unit (= 1 period)

g |&
<
-

Time of stopping accrual periods

]

[ Show probabilities for number of ams in each stage

[#] Calculate famitywise emor rate (FWER)

[0k ][ Cocd || Sbm

Figure 1. Screenshot of the first tab of the nstage dialog box: general trial design
parameters

Multi-Arm Multi-Stage Trial Designs = El |

Design parameters | Operating characteristics | Intermediate outcome | Primary outcome|

Choose stage:

Total accrual rate (per period)
Mumber of recrutting ams 12
Significance level (one-sided)

Power

il

[k | Caod || Sém |

Figure 2. Screenshot of second tab of the nstage dialog box: stagewise operating
characteristics
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If interim assessments are to be performed on an intermediate outcome that is dif-
ferent from the primary outcome, then users enter design parameters for this outcome
in the third tab, Intermediate outcome (see figure 3). These include the survival
time (in the chosen units of time) for the corresponding survival probability at that
time (usually 0.5 to represent the median survival time) and the target HRs under Hy
and Hi—the latter can now be either less than or greater than 1. The corresponding
parameters for the primary outcome are entered in the final tab, Primary outcome
(see figure 4).

= Multi-Arm Multi-Stage Trial Designs > B

| Design parameters I Operating charactenstics | Intermediate outcome | Primary outcome|

Design Parameters for Intermediate Outcome (if applicable)
Intermediate and primary outcomes differ

Survival probability Survival time (periods)
Hazard ratio under HO Hazard ratio under H1

Between-stage Comelation
(@) Use Royston et al (2011) approximation to comelation structure

Cormelation between hazard ratios on | and D outcomes
1000

() Use simulation to estimate the comelation structure  Humber of replicates 000

Comrelation between survival imes on | and D outcomes |06

[ ok || Cancel || Submt |

Figure 3. Screenshot of third tab of the nstage dialog box: parameters for the interme-
diate outcome, if applicable, and method for calculating the between-stage correlation
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= Multi-Arm Multi-Stage Trial Designs > B

Design parameters | Operating characteristics | Intermediate outcome | Primary outcome:

Design Parameters for Primary Outcome

Survival probability 05 Survival time (periods) |4

Hazard ratio under HO Hazard ratio under H1 - |0.75

@0 Cancel | [ Subme

Figure 4. Screenshot of fourth tab of the nstage dialog box: parameters for the primary
outcome

The method for calculating the between-stage correlation when the intermediate and
definitive outcomes differ is also entered on the Intermediate outcome tab. Either the
algebraic approximation described by Royston et al. (2011) can be chosen, in which case
an estimate of ¢ must be specified, or the more accurate yet computationally intensive
method of using simulations can be chosen, which requires an estimate of p to be entered
(see section 3.2).

4 Sensitivity of operating characteristics to c and p

Below we investigate the sensitivity of the pairwise and FWERs, under H, for I and
D, and the pairwise power of the STAMPEDE-based example to the calculation of the
between-stage correlation structure described in section 3.2. Pairwise and familywise
operating characteristics were calculated using the between-stage correlation structure
estimated in hrcorrnstage for values of p ranging from 0.4 to 0.8 in increments of 0.1.
In the simulations, 5,000 replicates were used. For comparison, similar calculations were
made by estimating the correlation structure using (3) with ¢ also ranging from 0.4 to
0.8 in increments of 0.1.

The results in table 1 show that «, w, and the FWER are more sensitive to ¢ than p.
Using hrcorrnstage to estimate the between-stage correlation structure suggests that
the FWER under Hy for I and D is likely to range between 0.043 and 0.056, whereas
it is estimated to range between 0.034 and 0.076 when using (3). We recommend
using hrcorrnstage where possible because it not only more accurately estimates the
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between-stage correlation under a particular assumption but also gives more precise
estimates of the pairwise and familywise operating characteristics.

Table 1. Estimated pairwise type I error rate («), power (w), and FWER for the
STAMPEDE-based example shown in section 3.4 using two methods for calculating the
between-stage correlation. Values for ¢ and p between 0.4 and 0.8 are investigated.
Note: The pairwise and familywise type I error rates are calculated assuming H is true
for I and D for all experimental arms. Their corresponding maximum values are 0.025
and 0.103, respectively.

Estimating correlation Estimating correlation
using (3) using hrcorrnstage
c a w FWER P « w FWER
0.4 0.007 0.823 0.034 0.4 0.010 0.828 0.043
0.5 0.009 0.828 0.043 0.5 0.010 0.828 0.044
0.6 0.012 0.833 0.053 0.6 0.011 0.831 0.048
0.7 0.015 0.839 0.063 0.7 0.012 0.833 0.051
0.8 0.018 0.846 0.076 0.8 0.013 0.835 0.056

5 Conclusion

In this article, we have addressed the need for a quick and accurate calculation of the
FWER for the class of MAMS designs described by Royston et al. (2011). Users of nstage
can now find MAMS designs that control the FWER in the weak or strong sense at any
desired level. However, further work is needed to determine how the stagewise design
parameters should be specified to maximize the efficiency of such trials.

We have extended the methodology to allow HRs greater than one to be targeted
under Hi, thus broadening the areas in which the MAMS design could be used. Fur-
thermore, we have provided a simulation procedure to more accurately calculate the
between-stage correlation when the intermediate and definitive outcomes differ. As
shown in table 1, this is important if more accurate estimates of the overall operating
characteristics of the trial are to be obtained.
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Appendix
Below is a proof that the test statistics, Z;i, generated using (4) have the required
distribution
A — A
Zj ~N M7 1
Ok

between-stage correlation
corr(Zjk, Zjrk) = Rjjr

and between-arm correlation

COH“(ij, Z]‘k/) = if k 75 k/

A+1
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Jk - AO
Zjk) Zj0) E(zjx) +
Ojk
0
Jk B A

O'jk

1. Expectation

because E(zi) =0forall j=1,...,Jand k=0,..., K

2. Variance

V(Zjk) = V(zjk)

A 1
A+1V@N%%A+1
A 1

A+l A+l
-1

because V(zj,) =1forall j=1,...,J and k =0,..., K, and cov(zjk, zx) =0
for k # k.

3. Between-stage correlation

corr(Zk, Zjie) = cov(Zji, Zji)

1
— ypn 1COV(£CJ‘07$]"0) + THCOV(J}J‘;C, l‘j/k)

A 1
= R
A+1JJ+A+1R
= Rjj

because cov(z i, zjr) = 0 for k # k" and cov(xji, xj,) = R;j forallk =0,... K.

4. Between-arm correlation

cort(Zji, Zii) =

cov(zjo, zj0)

A+1

N
e
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