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Abstract

Multi-armed multi-stage designs evaluate experimental treatments using a control arm at interim analyses. Incorporating
response-adaptive randomisation in these designs allows early stopping, faster treatment selection and more patients to
be assigned to the more promising treatments. Existing frequentist multi-armed multi-stage designs demonstrate that the
family-wise error rate is strongly controlled, but they may be too conservative and lack power when the experimental
treatments are very different therapies rather than doses of the same drug. Moreover, the designs use a fixed allocation
ratio. In this article, Fisher’s least significant difference method extended to group-sequential response-adaptive designs
is investigated. It is shown mathematically that the information time continues after dropping inferior arms, and hence
the error-spending approach can be used to control the family-wise error rate. Two optimal allocations were considered.
One ensures efficient estimation of the treatment effects and the other maximises the power subject to a fixed total
sample size. Operating characteristics of the group-sequential response-adaptive design for normal and censored survival
outcomes based on simulation and redesigning the NeoSphere trial were compared with those of a fixed-sample design.
Results show that the adaptive design attains efficient and ethical advantages, and that the family-wise error rate is well
controlled.

Keywords
Censored survival outcome, doubly-adaptive biased coin design, efficient randomised-adaptive design, error-spending
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I Introduction

Group sequential analysis, where data are sequentially evaluated over time and which allows stopping the trial early for
success or futility and dropping of inferior treatments at interim analyses, has been well accepted from a regulatory review
perspective in terms of saving time and resources and being more ethical.! Incorporating response-adaptive randomisation
in a group sequential design can be more ethical by assigning more patients to the more promising treatments utilising
the cumulative patients’ responses observed during the course of the trial. Some response-adaptive randomisation methods
can target a pre-specified optimal allocation that is based on some optimality criterion. They are the so-called ‘optimal’
response-adaptive randomisation methods.
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Methods combining group sequential tests with response-adaptive randomisation have been proposed. Jennison and
Turnbull? derived theory to support that the combined approach still maintains the overall error rates for two-armed normal
trials with known variances. The authors proved that the joint distribution of the test statistics has a standard form similar
to that for a group-sequential non-adaptive design, but with the additional feature that the information level can depend on
previous test statistics. In addition, a reduction in the inferior treatment number can be achieved at a cost of a slight increase
in the expected total sample size. Morgan and Coad® compared several adaptive allocation rules in a group sequential setting
for two-armed binary trials, including two urn-model type designs, the doubly-adaptive biased coin design (DBCD) and
the sequential maximum likelihood estimation rule, which minimises the expected number of failures and is a special case
of the DBCD. Among the designs that they investigated, the drop-the-loser rule* is found to be the most efficient method
for achieving the competing objectives of reducing the expected number of failures and the expected total sample size. Zhu
and Hu’ studied the combined approach for two-armed clinical trials with normal and binary responses. By considering
monitoring the adaptive design at a continuous information time, the authors proved that the sequence of test statistics
converges to a Brownian motion in distribution and asymptotically satisfies the canonical joint distribution proposed by
Jennison and Turnbull® for standard group sequential designs. Extension of the methods to two-armed censored survival
trials was discussed in Liu and Coad.”

For multi-armed clinical trials, in addition to the inflation of the type I error rate caused by sequential testing, one needs
to ensure that the family-wise error rate induced by multiple treatment comparisons is preserved. One simple approach
is the Bonferroni adjustment to control the nominal type I error rate for each pairwise test. The Bonferroni approach can
be used in the group sequential setting and allows unequal allocation across treatment groups, and, if desired, different
shapes of critical boundaries for different pairwise comparisons. However, the approach strongly controls the overall type
I error rate, and it can be too conservative at the price of losing power. The multi-armed multi-stage (MAMS) design,®’
which in essence is a pairwise comparison approach that simultaneously compares multiple arms with the control at each
analysis, allows dropping of inferior treatments at interim analyses when considering efficacy and futility boundaries. It
also strongly controls the family-wise error rate.'%!! Alternatively, one may choose to control the per-hypothesis error rate
instead. Another approach to group sequential monitoring of multi-armed clinical trials is to use a global test. Jennison
and Turnbull®!? derived critical boundaries analogous to Pocock’s and the O’Brien and Fleming boundaries. These were
derived based on multi-armed normal trials with equal variances and equal treatment allocation. For the unequal variances
case, Proschan et al.!3 suggested obtaining the critical boundaries by simulation. Alternatively, by the significance level
approach, the critical boundaries derived under the assumption of equal variances can be used to give an approximate test.
Incorporating response-adaptive sampling in such a group sequential global test for multi-armed trials was investigated by
Liu and Coad.'* Their simulation results showed that, using the significance level approach, the same critical boundaries
can be used to give an approximate test and the use of the combined approach can preserve the advantages of both group
sequential analysis and optimal response-adaptive randomisation.

Previous work in Liu and Coad’-'* has shown that the same critical boundaries as for a group-sequential non-adaptive
design can be used approximately for both multi-armed and two-armed group-sequential response-adaptive clinical trials
and yields good operating characteristics. The idea of this study is that work can be incorporated in an extension of the
two-stage Fisher’s least significant difference (LSD) method, which consists of (i) a global test that sequentially monitors
the homogeneity of multi-armed treatment effects and (ii) unadjusted two-armed pairwise tests if the global null hypothesis
is rejected. Moreover, it allows dropping inferior arms at interim analyses and using response-adaptive randomisation to
assign more patients to the more promising treatments. Fisher’s LSD method is more powerful than Scheffé’s method and
is considered to be one of the most powerful multiple comparison methods.!’ It can serve as an alternative to monitoring
pairwise comparisons using MAMS designs.

Proschan et al.!3 considered the group sequential Fisher’s LSD method in the cases of equal allocation and fixed unequal
allocation determined prior to the commencement of the experiment. For unbalanced models, Hayter'® discussed how to
adjust testing to control the family-wise error rate for the LSD method for trials with more than four treatments. No
adjustment is needed for three-treatment comparisons. It is possible to increase the power for the remaining pairwise
comparisons at a later stage when any pairwise null hypothesis has been rejected and the inferior treatment has been
dropped. Follmann et al.!” proposed sequentially rejective procedures to alleviate the issue of power loss using critical
boundaries for the subsequent tests based on the remaining number of treatments. Nevertheless, the authors pointed out that
the sequentially rejective procedures do not necessarily strongly control the family-wise error rate. In practice, the choice
between pairwise tests and a global test depends on the aim of a trial. Here, we will focus on Fisher’s LSD method extended
to the group sequential design with optimal response-adaptive randomisation. We will describe how the overall type I error
rate is controlled in the group sequential Fisher’s LSD method. More specifically, information time will be shown to be
continuously increasing when the trial proceeds, even when inferior arms have been dropped at interim analyses. The
combined approach in the Bayesian paradigm has been explored. With the advantage of flexibility in Bayesian designs,
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one can also consider adding experimental arms to a platform clinical trial.'® However, unlike the frequentist approach, the
Bayesian one does not focus on controlling the type I error rate, which is a common requirement by regulatory authorities.
We focus on the frequentist approach here.

The form of the test for the analogue of Fisher’s LSD method generalised to group-sequential response-adaptive designs
is described in Section 2. It is also shown that the information time continues after dropping inferior arms for immediate and
censored survival outcomes. Two response-adaptive randomisation functions are presented in Section 3. They are both a
function of the current and the optimal allocation proportions. In particular, optimal allocation proportions for multi-armed
trials and their update after some inferior arms have been dropped are discussed. Operating characteristics of the extension
of Fisher’s LSD method investigated via simulation of three-armed normal and censored survival trials and redesigning a
four-armed binary trial are summarised in Section 4. Conclusions of the findings and some discussion of the trial design
in practice are in Section 5. The definitions of the two randomisation functions and simulation results for some further
scenarios are provided in the Appendix.

2 Form of test

An extension of Fisher’s LSD method'? to group-sequential response-adaptive designs is investigated in this paper. First, a
global test statistic is monitored sequentially to test for the homogeneity of treatment effects. If the global null hypothesis
is rejected, unadjusted pairwise comparisons are conducted at this and subsequent looks if the trial proceeds. Inferior
treatments can be dropped after pairwise comparisons. Note that each unadjusted pairwise comparison is essentially a two-
sample test. One can conduct all pairwise comparisons. In a clinical trial, the primary interest is usually the comparison of
each experimental treatment to the control. For simplicity, we illustrate the design for three-armed normal trials first, which
can be applied to other types of responses and extended to more than three treatment arms, as described in later sections.

2.1 Critical boundaries

Assume that the treatment responses for patients are normally distributed with mean y and standard deviation o. In what
follows, let E1 and E2 denote the experimental treatments, and C refers to the control group. First, we wish to test the global
null hypothesis Hg : pg = 0 versus the alternative hypothesis Hg @ pg # 0, where pg = (g — He, Hip— uc)T is a vector
of treatment contrasts of the means. Let K be the number of group sequential analyses. The global test statistics S, and
the corresponding critical boundaries d, at look k, k = 1, ..., K, can be found in Jennison and Turnbull.®!'? For a group-
sequential response-adaptive global test, the joint distribution of the sequence of test statistics S, ... , Sx does not have the
standard canonical joint distribution. However, the significance level approach® can be used to give an approximate test
as long as the imbalance in the sample sizes is not too severe. More specifically, the critical boundaries originally derived
based on equal variances and equal allocation can be applied to the observed responses to give an approximate test. If
S, <d,, k=1,...,K — 1, the trial proceeds with all of the treatments to the next interim analysis. If the trial reaches the
end of the study and Sy < dy, we accept H; and claim that there is no difference between the experimental treatments
and the control. If S} > d, k=1,..., K, we reject H; and start pairwise comparisons.

In the pairwise comparisons, we wish to test the pairwise null hypotheses H(()i) © Mp; = Hc Versus Hy ) Mg # M for
j = 1,2. These pairwise null hypotheses are tested repeatedly at each interim analysis. The two-sample test statistics Z;,
and the sequential critical boundaries ¢, based on the error-spending approach!® can be used to control the overall type I
error rate, which does not require the number of looks to be pre-specified. Two error probabilities are considered: (i) the
probability of rejecting at least one of the two null hypotheses and (i) the probability of rejecting both null hypotheses. Let
Zic k> J = 1,2, refer to the test statistic for comparing experimental treatment £j with the control C at look k. Suppose that
a higher value of the test statistic indicates that the corresponding experimental treatment has greater efficacy. Then there
are several outcomes of the pairwise tests.

IfZ,c 2 ¢, and Zy > ¢y, we stop the trial and claim that both experimental treatments are superior to the control.
IfZcx £ —¢p and Zy < —¢;, we stop the trial and claim that both experimental treatments are inferior to the control.
IfZc 2 ¢, and Zy ;. < —¢;, we stop the trial and claim that E1 is superior and E2 is inferior to the control.

IfZ,c £ —c and Z,¢ . > ¢y, we stop the trial and claim that £1 is inferior and E2 is superior to the control.

IfZc 2 ¢, and —¢; < Zycy < ¢4, we stop the trial and claim that £1 is superior to the control.

If —¢; < Zycx < ¢ and Zy, > ¢, we stop the trial and claim that £2 is superior to the control.

IfZycp £ —¢pand —¢;, < Zyoy < ¢, k=1,...,K — 1, we drop E1 and continue with £2 and C to the next look. When
k = K, we claim that E1 is inferior to the control, but that there is no difference between £2 and C.

® -0 &0 op
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h. If—¢;, < Zjcy <c¢pand Zyoy < —¢y, k=1,...,K -1, we drop E2 and continue with £1 and C to the next look. When
k = K, we claim that £2 is inferior to the control, but that there is no difference between E£1 and C.

L If—¢; < Zjcy < ¢pand —¢; < Zyoy < ¢, k=1,...,K — 1, we continue with all of the treatments and conduct the
pairwise tests again at the next look. When k& = K, we claim that there is no difference between the treatments.

When the global null hypothesis H; is rejected, the probability of encountering case i is small. However, it can occur,
since different test statistics and critical boundaries are used for the global and pairwise tests. When the number of arms is
J, there will be 3/~! possible outcomes for the comparisons with the control.

2.2 Information time

2.2.] Immediate responses

Information time for immediate responses is a ratio of the current sample size to the maximum sample size. For trials that
allow dropping of inferior treatments, Follmann, Proschan and Geller!” showed that the information time at look k remains
the same if some treatments are dropped at this look. More specifically, the information time continues and increases when
the trial proceeds, with 7, = 0 and ¢, = 1. After dropping arms, it becomes the current number of subjects on the arms
remaining in the trial divided by the total number of patients planned for these arms, that is,

J
n 2 mpy . m;
o=k ZEL Ko e 1], k=1,....K (1
NooX M e

where n is the cumulative sample size at look &, N is the planned maximum sample size, m; is the cumulative number
of patients on treatment j at look k, M, is the total sample size on treatment j and C represents the current set of treatments
remaining in the study, which is a subset of {1, ...,J}.

For optimal response-adaptive randomisation, the total sample size on treatment j, M;, is random. However, since
M;/N converges almost surely to the pre-specified target optimal allocation proportion for treatment j, pj,zo M; can be

approximated by p;N. The approximate information time becomes

Yo m
=L I c0,1), k=1,....K )
Zjec ij

where p; is the current estimate of p;, which depends on the unknown parameters, and p;N is an estimate of the planned

total sample size on treatment j, M;, with ZjeC p; < 1, since Z}]=1 p; = 1. Details of the optimal allocation proportions
(py5 .-, py) for two or more arms are described in Section 3.1. Equation (1) shows that the information time continues after
dropping arms. Applying (2) with the error-spending approach,'® the interim analysis can be planned at any continuous
information time ¢, € (0, 1].

2.2.2 Censored survival responses

For censored survival responses, the information time is proportional to the number of events. The information time can be
approximated by the ratio of the expected number of events on the remaining arms at look & to the expected total number
of events on the remaining arms, that is,

e E'ecm',ké',k
4 = 7") == T e, k=1,...,K
éK ZjeC €K

where &, is the estimated number of events at look £, é%‘) is the estimated number of events at the end of the trial based

on the cumulative responses and ¢;; is the estimated probability of an event on arm j at look k. There are two candidates
for the probability of an event. One is under the null hypothesis where the parameters are all equal and the other is under
a specified alternative. Both can be used with the error-spending function to control the overall type I error rate.”!
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For simplicity, we consider the information time scale under Hg; , and hence ¢;; and ¢ ¢ can be replaced by €, and
€, respectively. In addition, for optimal response-adaptive randomisation, M; can be approximated by p;N. Then the
approximate information time at interim analysis £ can be written as

2icc Mk
=TT c0,1], k=1,....K
Zjec‘ijeK

Since the probability of an event at look &, €, and the optimal allocation proportion for arm j, p;, depend on the unknown
parameters, the parameter estimates are used here. The accuracy of the parameter estimates increases in the later stages of
the trial with a larger cumulative sample size. The use of an error-spending approach which allocates little type I error rate
to the early group sequential tests seems to be more sensible.

3 Optimal response-adaptive randomisation

3.1 Optimal allocation proportions for multi-armed trials

We consider two target optimal allocation proportions for multi-armed clinical trials. D ,-optimal allocation was derived
based on heteroscedastic models where the variances for the responses across treatments are unequal and an unbalanced
allocation can be more efficient. Wong and Zhu?? first derived D ,-optimal allocation for multi-armed normal trials using
a fixed sample and Sverdlov et al.?? further generalised the D ,-optimal allocation to censored survival responses. If brief,
the D ,-optimal allocation is obtained by minimising the determinant of the covariance matrix of the vector of treatment
contrasts estimator. That is, the smallest confidence ellipsoid for the vector of treatment contrasts is found so that the D ;-
optimal allocation ensures the most efficient estimates of the treatment effects. The other optimal allocation for multi-armed
trials that we consider is based on non-linear programming (NP), which maximises the power subject to the constraint that
the total sample size does not exceed a fixed value. NP allocation involves a user-specified lower bound for the allocation
proportions, B. This allocation is an analogue of Neyman allocation and has a closed form for the solution.?>?* NP can be
extended to find solutions that maximise the power subject to a fixed weighted sample size or minimise the total expected
hazard subject to a constraint on the power, which is an analogue of the optimal allocation derived by Rosenberger et al.?>
generalised to J > 3 treatments. There is no general solution to such extensions and numerical methods are required to
obtain the solution. Here, we consider NP that maximises the power subject to a fixed total sample size.

Note that both of the above optimal allocation proportions (p,, ..., p,) for multi-armed clinical trials were originally
derived based on a fixed-sample design. They can be applied in group sequential designs, since the target optimal allocation
would not be affected by the number of interim tests. In this paper, we extend the optimal response-adaptive randomisation to
the case where inferior treatments are dropped at interim analyses. In this case, the allocation proportions for the remaining
arms increase.'!” The new optimal allocation proportion for treatment j, pj’., after some arms have been dropped becomes

’ M pAN ﬁ ’
pj = J = / ~ = ! L) Z pj =1 (3)
Elec Ml ZIEC plN Elec i jec

where C is the current set of arms, M; is the total sample size for treatment j, which can be approximated by ;N for optimal
response-adaptive designs, and p; is the estimated optimal allocation proportion for treatment j without dropping of inferior
treatments based on the responses available.

3.2 Response-adaptive randomisation procedures

Two optimal response-adaptive randomisation procedures, the doubly-adaptive biased coin design (DBCD)?® and the effi-
cient randomised-adaptive design (ERADE),?” aimed at targeting the pre-specified optimal allocation for multi-armed trials
are considered. Both the DBCD and the ERADE are functions of the current and target treatment allocation proportions,
and the treatment allocation for the two response-adaptive randomisation procedures depends on the cumulative data. The
target optimal allocation is also a function of the unknown parameters of the treatment effect sizes. In practice, parameter
estimates based on the current responses are used. A learning phase using methods such as permuted-block randomisa-
tion is usually required to obtain initial parameter estimates. Then the DBCD and the ERADE for multi-armed trials can
be implemented. The applications of the two optimal response-adaptive randomisation procedures with group sequential
analysis in two-armed and multi-armed trials have been elaborated upon in Zhu and Hu® and Liu and Coad.”'* We briefly
describe the two procedures in the Appendix.
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Table 1. Simulated type | error rates for three-armed normal trials using complete randomisation and response-adaptive

randomisation with dropping of inferior treatment, ug; = pgpy = uc =1, ogy =4, opp =2, oc =1, N=300.

Procedure al all ENP (s.d) el (s.d.) Pe2 (s.d) Pe (s.d)
CR 0.046 0.002 299.2 87) 0.334 (0.026) 0.333 (0.026) 0.333 (0.026)
DBCDp, 0.046 0.004 2994 (6.8) 0.453 (0.016) 0.355 0.019) 0.192 0.019)
ERADEp, 0.044 0.003 299.3 (7.9 0451 (0.012) 0.355 (0.016) 0.194 0.017)

4 Simulation studies

4.1 Three-armed normal trials

Consider comparing J = 3 treatments, including the control, at K = 3 group sequential analyses using the analogue of
Fisher’s LSD method. First, for the test of homogeneity, the global null hypothesis Hg : pg = 0 versus the alternative
hypothesis H; @ pg # 0, where pg = (ug — pe, Mgy — uc)?, is considered. The nominal type I error rate @ = 0.05
was set. The O’Brien and Fleming boundaries (18.36, 9.18, 6.12) for the sequential global chi-squared test statistics at
information times (#; = 0.33,#, = 0.67,#; = 1) were used to give an approximate test. If H;; is rejected, then the pairwise

null hypotheses H(()/) : Mgy = M versus the alternative hypotheses Hg) : Mg #F Me, J = 1,2, are tested subsequently. The
O’Brien and Fleming boundaries (3.731, 2.504, 1.994) were used to give an approximate test for each pairwise Z test.
These critical boundaries were derived based on normal responses with equal variances.®?® Previous studies have shown
that these critical boundaries can be applied to unequal variances or unequal treatment allocation as long as the imbalance
in the sample sizes is not too severe.®”-!* By using the error-spending approach, critical boundaries for group sequential
tests taking place at unequally-spaced information times can also be obtained.

The two group-sequential response-adaptive designs DBCD and ERADE are compared with the group-sequential non-
adaptive complete randomisation (CR) design in terms of the error probabilities, the expected number of patients (ENP),
the expected number of failures (ENF) and the average allocation proportions with standard deviations. The following
two error probabilities are considered: the probability of rejecting at least one of the two pairwise null hypotheses, that
is, @ under the null hypotheses and power’ under the alternative hypotheses; and the probability of rejecting both pair-
wise null hypotheses, that is, @’ under the null hypotheses and power” under the alternative hypotheses. For the optimal
response-adaptive designs, permuted-block randomisation was used for the first 10% of the N patients to obtain initial
parameter estimates. Then the DBCD and ERADE functions with tuning parameters y = y' = 2 were used to compute
the adaptive allocation probability. For normal responses, the D ,-optimal allocation was used as the optimal allocation
p = (pg1> Pms Pc)- Treatments inferior to the control were allowed to be dropped after the pairwise tests. After dropping
treatments, (3) is used to obtain the optimal allocation proportions for the remaining arms. The results are based on 10,000
replicates. The Monte Carlo simulation error is around 0.002 for &'; ranges from 0.0004 to 0.0006 for &@'; ranges from
0.002 to 0.005 for power’; and ranges from 0.003 to 0.005 for power’.

The true underlying effect of each treatment influences the decisions of treatment dropping and trial termination. Here,
we consider three potential scenarios: (i) the control is inferior to the two experimental treatments, (ii) one experimental
treatment is superior and one is inferior to the control and (iii) both experimental therapies are inferior to the control. The
order of £1 and £2 does not affect the results.

As shown in Table 1, the simulated type I error rate & is close to 0.05 for all of the designs. Generally, & is within
one standard error of 0.05. Under Hy; , the chance of rejecting both pairwise null hypotheses, @', is very small. Most trials
continued to the end of the study without early termination and dropping of inferior arms. The ENP is about the same as the
maximum number of patients, N. In addition, for the DBCD and the ERADE, the D ,-optimal allocation without dropping
of arms is (0.454, 0.356, 0.191), which assigns more patients to the treatment with a larger variance in the responses. The
desired D -optimal allocation proportions are well targeted. Also, in this case, the standard deviations of the allocation
proportions are lower for the response-adaptive designs than for CR.

Table 2 considers the case where the control is inferior to the two experimental therapies. In this case, the ENP is about
264 for the group sequential CR design and 260 for the group-sequential response-adaptive designs, since the trials are
allowed to stop early for superiority at interim analyses. Compared to CR, the response-adaptive designs can increase the
power while using fewer patients. For example, the ERADE increases the power by nearly 4% while using five fewer patients
on average compared to CR. Again, the target D ,-optimal allocation without dropping of inferior treatments is (0.454,
0.356, 0.191). Both adaptive designs target the D ,-optimal allocation proportions well, with the ERADE consistently
having lower standard deviations.
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Table 2. Simulated powers for three-armed normal trials using complete randomisation and response-adaptive randomisation with

dropping of inferior treatment, ug, =2, ugp = 1.5, pc =1, ogy =4, 6gp =2, oc =1, N=300.

Procedure power' power ENP (s.d) PEI (s.d) PE2 (s.d) Pe (s.d)
CR 0.782 0.230 264.5 (48.9) 0.333 (0.027) 0.333 (0.028) 0.333 (0.028)
DBCDp, 0.808 0.289 260.6 (50.9) 0.452 (0.016) 0.356 (0.020) 0.192 (0.020)
ERADEp, 0.809 0.285 260.1 (50.9) 0.451 (0.013) 0.355 (0.017) 0.194 (0.019)

Table 3. Simulated powers for three-armed normal trials using complete randomisation and response-adaptive randomisation with

dropping of inferior treatment, ug, = |, ugp =2, uyc = 1.5, 0gy =4, ogp =2, oc =1, N=300.

Procedure power' power ENP (s.d) PEI (s.d) P2 (s.d) Pe (s.d)
CR 0.617 0.083 280.0 (39.5) 0.331 (0.028) 0.334 (0.027) 0.335 (0.027)
DBCDp, 0.642 0.089 280.3 (38.4) 0.446 (0.028) 0.358 (0.024) 0.197 (0.020)
ERADEp, 0.650 0.083 280.4 (38.4) 0.445 (0.026) 0.357 (0.022) 0.198 (0.019)

Table 4. Simulated powers for three-armed normal trials using complete randomisation and response-adaptive randomisation with

dropping of inferior treatment, ug; = 1.5, pgpy = I, pc =2, og) =4, opp =2, oc =1, N=300.

Procedure power’ power ENP (s.d.) el (s.d) Pe2 (s.d.) e (s.d.)
CR 0.984 0.222 265.1 (26.7) 0.363 (0.035) 0.274 (0.049) 0.363 (0.035)
DBCDp, 0.971 0.255 270.5 (26.0) 0.489 (0.039) 0.292 (0.053) 0.218 (0.025)
ERADEp, 0.970 0.249 270.4 (26.1) 0.488 (0.039) 0.293 (0.053) 0.219 (0.024)

Table 3 considers the case where one experimental treatment is superior and one is inferior to the control. In this case,
trials may stop early with the claim that a treatment is superior or drop the inferior treatment at an interim analysis. Here,
the ENP is about 280 for the group sequential designs. Compared to the previous table, power’ reduces to about 61% for
CR and 65% for the response-adaptive designs, since the contrasts of the means between the experimental treatments and
the control are smaller in this case. For the DBCD and the ERADE, the target D ,-optimal allocation is (0.454, 0.356, 0.191)
if no treatment is dropped. If E'1 is dropped, the target allocation becomes (0, p;m, /’/c)’ where p%z = P /(P + pe) =
0.356/(0.356 + 0.191) = 0.651 and p’c =1- /’;52 = 0.349. Hence, the average allocation proportion for £1, g, is a little
lower than 0.454. However, since the contrast between E'1 and the control is small, the chance of dropping £1 may not be
very high. Therefore, the difference between p; and pj, is small.

Table 4 considers the case where both experimental therapies are inferior to the control. The target D ,-optimal allocation
is (0.454, 0.356, 0.191) if no inferior treatment is dropped. If £1 is dropped, the target D ,-optimal allocation becomes (0,
0.651, 0.349). If E2 is dropped, it becomes (0.704, 0, 0.296). Compared to the previous tables, the standard deviations for
the allocation proportions increase for all of the designs, especially the adaptive ones, since the chance of dropping arms
is increased in this case. With smaller standard deviations o, and o, the difference between E£2 and the control can be
statistically significant. However, the response-adaptive designs achieve a slightly lower power than CR. This may be due to
the slightly greater variability in the allocation proportions for the DBCD and the ERADE compared to CR. Nevertheless,
power! is still quite high for all of the designs.

4.2 Three-armed censored survival trials

Consider testing the contrasts of the mean survival times between two experimental treatments and the control, where
independent exponentially distributed survival times and uniformly distributed arrival and censoring times are assumed.
This testing problem was investigated by Sverdlov, Tymofyeyev and Wong?? using a fixed-sample design with the DBCD,
and their simulation settings were based on the head and neck cancer experiment.?” We wish to test the global null hypothesis
Hg, @ 65 = 0 versus the alternative hypothesis H; : 65 # 0, where 0 = (65 — 0¢, 05, — 0T If Hg, is rejected, then

the pairwise null hypotheses Hg) : O = 0 versus the alternative hypotheses Hg) 10 # 0c, j = 1,2, are tested. For NP
allocation, the lower bound for the allocation proportions is set to be 0.2. The nominal type I error rate, the approximate
critical boundaries and the other simulation settings are the same as in Section 4.1. The Monte Carlo simulation error is
around 0.002 for &’; ranges from 0.0006 to 0.0010 for &@”; ranges from 0.004 to 0.005 for power’; ranges from 0.001 to
0.005 for power”.
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Table 5. Simulated type | error rates for three-armed censored survival trials using complete randomisation and response-adaptive
randomisation with dropping of inferior treatment, 6| = 0, = 0 =24, N =312.

Procedure @ all ENP (s.d)  ENF (sd) g (s.d) Per (s.d.) dc (s.d)

CR 0033 0006 3118 (34) 2037 (80) 0334 (0.025 0333 (0.025) 0333  (0.025)
DBCDp, 0053 0010 3114 (68) 2036 (82) 0334 (0034) 0333 (0035 0333  (0.034)
ERADE, ~ 0049 0008 3113 (69) 2032 (95) 0334 (0031) 0333 (0031) 0333 (0.031)
DBCDy,  0.040 0004 3114 (66) 2032 (93) 0333  (0.091) 0334 (0.091) 0333  (0.089)
ERADE\, 0042 0004 3114 (65 2033 (92) 0334 (0.088) 0333 (0.087) 0333  (0.087)

Table 6. Simulated powers for three-armed censored survival trials using complete randomisation and response-adaptive
randomisation with dropping of inferior treatment, 8¢, = 34, g, = 24, 6. =20, N =312

Procedure  power’  power!  ENP (s.d.) ENF (s.d) PE (s.d) PEr (s.d.) Ac (s.d)

CR 0721 0090 2955 (324) 1863 (256) 0334 (0.026) 0333 (0.026) 0333  (0.026)
DBCDp, 0770  0.106 2859 (37.7) 1763 (30.0) 0408 (0.029) 0324 (0.037) 0267  (0.040)
ERADE, 0769  0.105 2863 (37.5) 1766 (296) 0406 (0.026) 0324 (0.034) 0269 (0.037)
DBCDy, 0800  0.047 2804 (39.7) 1686 (31.7) 0532 (0.091) 0229 (0.062) 0239  (0.050)
ERADEy, 0791 0048 2809 (39.6) 1692 (31.6) 0526 (0.089) 0233 (0.062) 0241  (0.048)

Table 7. Simulated powers for three-armed censored survival trials using complete randomisation and response-adaptive
randomisation with dropping of inferior treatment, 8¢, = 20, g, = 34, 6 =24, N =312

Procedure  power’  power!  ENP (s.d.) ENF (s.d.) PE| (s.d.) PE2 (s.d.) Ac (s.d.)

CR 0.540 0.023 3064 (186) 197.0 (lé.l) 0332 (0.027) 0.334 (0.026) 0.334 (0.026)
DBCDp, 0.624 0.041 3006 (26.2) 1897 (21.5) 0267 (0.043) 0408 (0.029) 0.324 (0.038)
ERADEp, 0.621 0.041 3009 (25.6) 1900 (21.4) 0269 (0.041) 0406 (0.027) 0.324 (0.036)

DBCDy, 0602 0012 2964 (30.0) 1827 (254) 0241 (0.050) 0529 (0.090) 0229  (0.06l)
ERADEy, 0598 0014 2962 (29.9) 1828 (253) 0242 (0.049) 0526 (0.089) 0232  (0.062)

Under the null hypothesis, from Table 5, the simulated type I error rate & is close to the nominal value for the response-
adaptive designs, with less than one standard error deviation from 0.05 for the DBCD and the ERADE targeting the D ,-
optimal allocation, and within three standard errors for the designs targeting the NP allocation. However, a conservative &’
is obtained for CR. Under H; , the ENP and the ENF are similar for all of the designs. In addition, the average allocation
proportions for all of the designs are close to equal allocation, with the response-adaptive ones targeting the NP allocation
having larger standard deviations for the allocation proportions compared to the other designs.

Under the alternative hypothesis, in Table 6, the target D ,-optimal allocation without dropping of treatments is (0.400,
0.323,0.271) and the optimal allocation based on nonlinear programming is (0.544, 0.2, 0.256). In this case, the NP alloca-
tion assigns more patients to the best treatment and fewer to the worst treatment compared to the D ,-optimal allocation. The
DBCD and the ERADE targeting the NP allocation yield about eight fewer failures compared with the response-adaptive
designs targeting the D ,-optimal allocation. In addition, the NP designs increase the power by around 3% and require about
six fewer patients on average than the response-adaptive designs with D ,-optimal allocation.

For Table 7, where one experimental treatment is superior and one is inferior to the control, the target D ,-optimal
allocation is (0.271, 0.406, 0.323) and the NP allocation is (0.256, 0.544, 0.2) without dropping of treatments. If E£1 is
dropped, the new target allocation becomes (0, 0.557, 0.443) for the D ,-optimal allocation and (0, 0.731, 0.269) for the
NP allocation. The DBCD and the ERADE targeting the NP allocation consistently have higher standard deviations for the
average allocation proportions compared to the other designs. However, the designs using the NP sampling rule achieve
around seven fewer failures compared to those using the D ,-optimal allocation and about fifteen fewer failures compared
to CR, since more patients are assigned to the best treatment, E2 in this case. In addition, the designs targeting the NP
allocation reduce the ENP by about four compared to the ones using the D ,-optimal allocation. Although the power of
the tests is also reduced, this may be due to the simulated type I error rates being smaller for the designs targeting the NP
allocation than those targeting the D ,-optimal allocation.

For Table 8, where the experimental treatments are inferior to the control, the target D -optimal allocation is (0.271,
0.323, 0.406) and the NP optimal allocation is (0.256, 0.2, 0.544). If E1 is dropped, the new target allocation becomes (0,
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Table 8. Simulated powers for three-armed censored survival trials using complete randomisation and response-adaptive
randomisation with dropping of inferior treatment, 6, = 20, g, = 24, 6. = 34, N =312.

Procedure  power’ power! ENP  (sd) ENF  (sd)  j (s.d) P2 (s.d) pc (s.d)

CR 0716 038 3039 (1900 1938 (I54) 0324 (0.034) 0337 (0.028) 0338 (0.028)
DBCD,, 0772 0471 2990 (252) 1870 (20.6) 0259 (0.053) 0327 (0.043) 04I3  (0.034)
ERADE, ~ 0789 0475 2994 (250) 1873 (205) 0261 (0.051) 0327 (0.040) 0411 (0.032)
DBCDyp 0811 0476 2930 (29.1) 1794 (242) 0229 (0.053) 0229 (0.058) 0542  (0.090)
ERADEy, 0812 048l 2927  (295) 1793 (246) 0232 (0.054) 0233 (0.059) 0536 (0.092)

0.443, 0.557) for the D ,-optimal allocation and (0, 0.269, 0.731) for the NP allocation. If E2 is dropped, the new target
allocation becomes (0.400, 0, 0.600) for the D ,-optimal allocation and (0.320, 0, 0.680) for the NP allocation. Compared
to CR, the average allocation proportions for the DBCD and the ERADE assign more patients to the best treatment (C)
and fewer to the least efficacious treatment (£1), and hence the ENF is reduced. More specifically, about fifteen fewer
failures are achieved for the response-adaptive designs targeting the NP allocation and about seven fewer failures for the
designs using the D ,-optimal allocation. Among the response-adaptive designs, the DBCD and the ERADE targeting the
NP allocation attain a higher power while using about six fewer patients on average than those based on the D ,-optimal
allocation.

4.3 Redesigning a four-armed binary trial

The NeoSphere trial*? is redesigned using the adaptive designs with dropping of inferior treatments at interim analyses. The
probabilities of success for the treatments are p- = 0.29, pp; = 0.458, pp, = 0.168 and p;; = 0.24. First, a chi-squared test
statistic is monitored for tests of homogeneity. The global null hypothesis is H; : pg = 0 versus the alternative hypothesis
Hg :pg # 0 withps = (g — Pe» Pra — Pe» Py — Pe)! - Three group sequential analyses are planned at equally-spaced
information times. The nominal type I error rate 0.05 was set. The O’Brien and Fleming critical boundaries derived based
on normal responses with equal variances are used as an approximation. For the four-treatment comparison chi-squared
statistics, the sequence of critical boundaries at the three equally-spaced information times is (23.76, 11.88, 7.92). If the
global null hypothesis is rejected, then pairwise Z tests comparing each experimental treatment to the control are carried
out at the current and subsequent looks. The pairwise null hypotheses H(()i) : pg; = pc versus the alternative hypotheses

Hg) ' Prj # pe> j = 1,2,3, are tested. Let ch,k refer to the pairwise test statistic for comparing treatment £j with the
control C at look k. The sequence of critical boundaries for each pairwise test is (3.731, 2.504, 1.994).

Suppose that a higher value of the test statistic indicates that the corresponding experimental treatment has greater
efficacy. For the adaptive designs, early termination is allowed for treatment efficacy or futility. The possible cases when
trials continue to the next look are shown below.

() IfZjcp £ =i 12yl < cpand |Zyoy| < ¢, k=1,...,K — 1, then E1 is dropped, and E2, E3 and the control are
continued to the next look.
(1) If|Zycxl < e Zycp < —¢p and [Zycy| < ¢, k=1,...,K — 1, then E2 is dropped, and E1, E3 and the control are
continued to the next look.
(i) If1Zc | < e 1Zycpl < ¢pand Zyoy < —¢4, k= 1,...,K — 1, then E3 is dropped, and E1, E2 and the control are
continued to the next look.
(iv) fZcy < =, Zycy £ —cpand |Zyo il < ¢, k=1,...,K — 1, then E'1 and E2 are dropped, and £3 and the control
are continued to the next look.
V) W Zcp £ =4 |Zpcyl < ¢pand Zyoy < —¢4, k=1,...,K — 1, then E1 and E3 are dropped, and £2 and the control
are continued to the next look.
Vi) If | Z x| < gy Zyop £ —cpand Zyop < —cy, k=1,...,K — 1, then E2 and E3 are dropped, and £1 and the control
are continued to the next look.
(vi)) If |Zyc | < gy 1 Zycpl < ¢ and |Zyoy| < ¢, k=1,...,K — 1, then all treatments are continued to the next look.

In addition, fixed-sample designs are provided alongside for comparison, where the critical boundaries are 7.81 and 1.96
for the global and pairwise tests, respectively. For optimal response-adaptive randomisation, the D 4-optimal allocation and
the optimal allocation based on nonlinear programming (NP) were used. For the NP allocation, the lower bound for the
allocation proportions B is set to be 0.2. The Monte Carlo simulation error is around 0.002 for &’; ranges from 0.0004 to
0.0005 for &@'; aroud 0.002 for power’; and ranges from 0.0005 to 0.0008 for power” .
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Table 9. Simulated type | error rates for redesigning NeoSphere trial using complete randomisation and response-adaptive
randomisation with dropping of inferior treatments, p- = 0.29, pg; = 0.29, pgy = 0.29, pg3 = 0.29, N =417.

(t,. ty, t3)=(0.33,0.67, 1)

Procedure & a ENP  (s.d) ENF  (sd) pc (s.d) PEI (s.d) 1) (s.d) PE3 (s.d)

CR 0.042 0002 4164 (80) 2957 (57) 0250 (0.020) 0250 (0.020) 0250 (0.020) 0.250 (0.020)
DBCDp,  0.044 0002 4161 (120) 2954 (85) 0250 (0.012) 0250 (0.013) 0250 (0.013) 0250 (0.012)
ERADE, 0047 0003 4160 (119 2954 (85) 0250 (0.010) 0250 (0.010) 0250 (0.010) 0250 (0.010)
DBCDy, 0042 0002 4162 (93) 2955 (66) 0261 (0.072) 0239 (0.083) 0260 (0.071) 0240 (0.06l)
ERADE\, 0045 0002 4160 (11.8) 2954 (84) 0259 (0.074) 0241 (0.084) 0260 (0.074) 0240 (0.065)

Fixed-sample design

(t), t, t3)=(0.33,0.67, 1)

CR 0041 0003 417 (0  29%.1 (0) 0250 (0.020) 0250 (0.020) 0250 (0.020) 0.250 (0.020)
DBCDp, 0044 0003 417  (0)  296.1 (0) 0250 (0.011) 0250 (0.011) 0250 (0.011) 0250 (0.011)
ERADE, ~ 0.045 0003 417  (0)  29%.1 (0) 0250 (0.009) 0250 (0.009) 0250 (0.009) 0250 (0.009)
DBCDy, 0041 0002 417  (0) 2961 (0) 0249 (0.071) 0250 (0.072) 0252 (0.073) 0250 (0.072)
ERADEy, 0040 0002 417  (0) 2961 (0) 0250 (0.073) 0250 (0.073) 0252 (0.074) 0249 (0.073)

As can be seen in Table 9, under the null hypothesis, the type I error rate & is within three standard errors of 0.05
for both the group sequential and the fixed-sample designs. The adaptive designs that combine group sequential analysis
with optimal response-adaptive randomisation procedures, which allow dropping of inferior treatments during the course
of the trial, can well preserve the overall type I error rate. Under the null hypothesis, the D  -optimal allocation becomes
equal allocation. For the NP allocation, patients are sequentially assigned according to the order of the current parameter
estimates. The variability in the allocation proportions is much higher in this case than for the other designs.

Under the alternative hypothesis, in Table 10, a similar power is obtained for all of the designs. However, use of the
group-sequential response-adaptive designs can reduce the ENP and the ENF compared to the group sequential CR design.
More specifically, about four fewer patients on average and five fewer failures are achieved for the adaptive designs with
the D 4-optimal allocation, and around eight fewer patients on average and 24 fewer failures can be achieved for those with
the NP allocation.

Both optimal response-adaptive designs, the DBCD and the ERADE, can target the optimal allocations well. The use of
the ERADE with the D ,-optimal allocation consistently yields the lowest standard deviations for the allocation proportions
compared to the other designs. Similar conclusions can be drawn for the fixed-sample designs. Compared to these, the group
sequential designs can require 52-61 fewer patients on average and prevent around 40 failures while attaining similar error
probabilities.

5 Discussion

The above simulation results show that the group-sequential response-adaptive designs with dropping of inferior treatments
can well control the overall type I error rate. More precisely, the probability of falsely rejecting one or more pairwise null
hypotheses when the parameters are all equal is less than or equal to 5%. In addition, the combined approach can achieve a
higher or similar power while using fewer patients compared to the group sequential CR design. Furthermore, fewer failures
are obtained for the adaptive designs. It is concluded that the combined approach can be more ethical in terms of reducing
the total sample size and the total number of failures in a trial, since early stopping for efficacy and futility and dropping
of inferior arms at interim looks are allowed. Both optimal response-adaptive designs can target the specified optimal
allocations well, with the ERADE consistently having a lower variability in the allocation proportions than the DBCD.
Comparing the two optimal allocations derived based on different optimality criteria, in general, the adaptive designs with
the D -optimal allocation have a lower variance for the allocation proportions, whereas the NP allocation can achieve a
good power while minimising the average number of patients. In addition to the two optimal allocations considered in this
paper, one can choose other treatment allocations based on different optimality criteria in response-adaptive randomisation.

Our previous study of the redesigning of the four-armed NeoSphere trial using the combined approach but without
dropping of treatments in Liu and Coad'# showed that the type I error rate was slightly inflated. This was because the
critical boundaries under the assumption of equal variances for all treatments were used as an approximation. However,
heterogeneity increases when the treatments have unequal variances, which could result in a higher probability of rejecting
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Table 10. Simulated powers for redesigning neoSphere trial using complete randomisation and response-adaptive randomisation
with dropping of inferior treatments, pc = 0.29, pg| = 0.458, pgy = 0.168, pgz = 0.24, N = 417.

(). ty, t3)=(0.33,0.67, 1)

Procedure power’ power! ENP (s.d) ENF (sd) jc (sd)  pg  6d) Gy (sd)  pm (sd)

CR 0940 0007 3640 (63.7) 2579 (453) 0255 (0.025) 0255 (0.024) 0238 (0.034) 0.252 (0.026)
DBCDp, 0946 0007 3609 (662) 2538 (467) 0261 (0.020) 0272 (0.018) 0218 (0.037) 0249 (0.023)
ERADE, 0945 0006 3619 (658) 2546 (464) 0261 (0019 0272 (0.016) 0218 (0.036) 0250 (0.021)
DBCDyp, 0944 0003  359.8 (68.0) 2433 (46.0) 0207 (0.022) 0400 (0.023) 0.192 (0.023) 0201 (0.015)
ERADEy, 0949 0003 3599 (68.1) 2434 (46.1) 0208 (0.023) 0399 (0.022) 0.192 (0.022) 0201 (0.015)

Fixed-sample design

(t), t, t3)=(0.33,0.67, 1)

CR 0942 0 417 (0) 2965 (2.1) 0250 (0.020) 0250 (0.020) 0.250 (0.020) 0.250 (0.020)
DBCD,, 0948 0 417 (0) 2943 (12) 0256 (0.0l11) 0267 (0.011) 0230 (0.015) 0248 (0.012)
ERADE, 0948 0 417 (0) 2943 (1.0) 0256 (0.009) 0266 (0.008) 0230 (0.013) 0248 (0.010)
DBCDyp 0956 0 417 (0) 2827 (15) 0204 (0.018) 0.396 (0.018) 0200 (0.009) 0.200 (0.010)
ERADE,, 0955 0 417 (0) 2827 (12) 0205 (0.019) 0395 (0.017) 0200 (0.007) 0201 (0.010)

» The target D,-optimal allocation (p¢, pg|, pg2» Pg3) is (0.256, 0.266, 0.230, 0.248) and the NP optimal allocation is (0.2, 0.4, 0.2, 0.2) if no arm has been
dropped.

o If E2 is dropped, the optimal allocation becomes (0.332, 0.345, 0, 0.322) for the Dj-optimal allocation and (0.228, 0.545, 0, 0.228) for the NP
allocation.

o If E3 is dropped, the optimal allocation becomes (0.340, 0.354, 0.306, 0) for the D,-optimal allocation and (0.250, 0.599, 0.151, 0) for the NP
allocation.

« If both E2 and E3 are dropped, the optimal allocation becomes (0.490, 0.510, 0, 0) for the D4-optimal allocation and (0.295, 0.705, 0, 0) for the NP
allocation.

the global null hypothesis. Nevertheless, if the global null hypothesis is rejected, pairwise comparisons are conducted
subsequently in the Fisher’s LSD method presented in this paper. The critical boundaries for the pairwise Z tests can be
applied for different variances and unequal numbers of patients on the treatment arms, since the sequence of test statistics
still asymptotically has the canonical joint distribution.® Therefore, although a false rejection of the global null hypothesis
could be made in the first stage where the critical boundaries derived under the assumption of equal variances were used,
this would just lead to the commencement of pairwise comparisons, and the error probabilities for Fisher’s LSD method
are based on the subsequent pairwise tests.

Our simulation studies on normal, binary and censored survival responses show that the extension of Fisher’s LSD
method to group-sequential response-adaptive designs can be applied to different responses while preserving good oper-
ating characteristics. In practice, considerations on whether or not to incorporate response-adaptive randomisation (RAR)
in a group sequential clinical trial and to strongly or weakly control the family-wise error rate include, but are not limited
to, (a) the number of treatments being compared and the heterogeneity of the treatment effects, (b) the length of time to
obtain the intermediate/surrogate outcome measurements, and (c) the phase and aim of the clinical trial. RAR design is
worth applying when more than two treatments are compared with heterogeneous treatment effects, and rapidly accumu-
lating outcomes are available. Although adaptive designs can be applied across different phases of a clinical trial, from an
early-phase dose escalation study to a late-phase confirmatory trial, the latter usually requires strong control of the overall
type I error rate. Conversely, a relaxed type I error rate may be used for the former, since the main objective is usually
to quickly identify promising treatments with tolerable toxicities and some sign of efficacy. Whether or not to control the
family-wise error rate has been widely discussed.’! The main argument for not adjusting for multiplicity is that, if the same
comparisons were made in separate trials, control of the family-wise error rate would not be required. In the second stage
of our proposed group-sequential response-adaptive Fisher’s LSD method, unadjusted two-sample pairwise comparison is
considered for each hypothesis test comparing any experimental treatments remaining in the trial with the control.

Trial design is usually considered on a case-by-case basis and carefully planned before the start of the trial. The pro-
posed combined approach possesses the efficient and ethical advantages of adaptive designs. For instance, the interim
analyses can take place at any continuous information time. Inferior treatments can be dropped at an interim analysis while
the information time continues. Adding new arms to an ongoing clinical trial has practical advantages, but is even more
complicated and requires a rigorous plan. Such a development is beyond the scope of this paper. In brief, previous work
has described how the family-wise type I error rate, and any-pair and all-pairs powers can be calculated when adding new
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arms to a platform trial using an extension of Dunnett’s method.3? The authors suggested the following strategies. If the
new research arm is deemed to be very different to the arms already in the trial, then no strong control of the family-wise
type I error rate is required. One can just control the pairwise type I error rate and power each research arm separately.
On the other hand, if the research arms are similar, such as different dosages of a drug, then one needs to adjust the error
rate based on the total number of pairwise comparisons, the allocation ratio for the new or ongoing comparisons and the
overlapping shared control information time of the new research arm versus the other ones, that is, the correlation between
the test statistics for the pairwise comparisons.
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Appendix
Al. Response-adaptive randomisation methods

Doubly-adaptive biased coin design (DBCD)

Suppose that m? is the cumulative sample size on treatment j after i patients, i = 1,...,N. Let mj@ /i and ﬁ;i) be the
current and target allocation proportions for treatment j, j = 1,...,J, based on the treatment assignments and responses
obtained so far. Then the probability that the next patient will be assigned to treatment j is given by

g (i) 14
() P J
pj m(i) /i
J
=< (D) 4
& ZJ 50 P
=1 P N .
mgl) /i

OpF i@ e
1—m /i 1fmj /i=0,1

if 0<m?/i<1,

where y € [0, 00) is a tuning parameter that controls the degree of randomness.
Efficient randomised-adaptive design (ERADE)

Let
v =1+1/6 -1)vo

be a weight function. Here, avVb = max(a, b). The probability that the next patient will be assigned to treatment j is given by

( A(D)
A(1) P J

P ¥\ .

m; /i

P =1 ()
K I
=17 mgi) /i

(1 —m/i if m /i =0,1

where the tuning parameter y* which determines the randomness in the allocation can be any positive number.
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Table A.l. Simulated type | error rates for three-armed normal trials using complete randomisation and response-adaptive

randomisation with dropping of inferior treatment, ug; = ppy = uc =1, oy =4, 6pp =2, oc =1, N=90.

Procedure a all ENP (s.d.) el (s.d) Pe2 (s.d) Pe (s.d)
CR 0.045 0.003 89.9 (2.0 0.333 (0.048) 0.334 (0.048) 0.333 (0.048)
DBCDp, 0.052 0.003 89.8 (2.6) 0.450 (0.029) 0.355 (0.038) 0.194 (0.039)
ERADEp, 0.051 0.003 89.7 (3.0 0.447 (0.027) 0.354 (0.035) 0.199 (0.036)

Table A.2. Simulated power for three-armed normal trials using complete randomisation and response-adaptive randomisation

with dropping of inferior treatment, yg; =3, g =2, pc =1, 6g =4, ogp =2, oc =1, N=90.

Procedure power/ power!! ENP (s.d.) PEI (s.d) P2 (s.d) Pe (s.d)
CR 0.833 0.278 78.7 (14.8) 0.333 (0.051) 0.334 (0.051) 0.333 (0.051)
DBCDp, 0.865 0.329 76.0 (15.8) 0.451 (0.031) 0.360 (0.040) 0.190 (0.040)
ERADEp, 0.874 0.331 76.0 (15.8) 0.448 (0.026) 0.358 (0.036) 0.194 (0.038)

Table A.3. Simulated power for three-armed normal trials using complete randomisation and response-adaptive randomisation

with dropping of inferior treatment, yg; = |, pgp =3, pc =2, ogy =4, ogp =2, oc =1, N=90.

Procedure power/ power!! ENP (s.d.) PE| (s.d) P2 (s.d) Pe (s.d)
CR 0.645 0.115 85.9 (10.3) 0.326 (0.055) 0.338 (0.050) 0.336 (0.050)
DBCDp, 0.675 0.117 85.5 (10.8) 0.430 (0.048) 0.356 (0.040) 0.214 (0.033)
ERADEp, 0.679 0.117 85.5 (10.8) 0.429 (0.046) 0.355 (0.038) 0.216 (0.032)

Table A.4. Simulated power for three-armed normal trials using complete randomisation and response-adaptive randomisation

with dropping of inferior treatment, pg) =2, pgp =1, pc =3, ogy =4, 0gp =2, oc =1, N=90.

Procedure power powerl! ENP (s.d) PEI (s.d) PEr (s.d) Pe (s.d)
CR 0.989 0.269 88.0 (7.6) 0.372 (0.055) 0.255 (0.068) 0.374 (0.057)
DBCDp, 0.976 0.288 88.1 (7.5) 0.482 (0.056) 0.251 (0.077) 0.268 (0.043)
ERADEp, 0.977 0.280 88.1 (7.5) 0.482 (0.054) 0.251 (0.075) 0.268 (0.041)

A2. More simulation scenarios

A2.l. Three-armed normal trials

Similar to Section 4.1, here some scenarios with a smaller maximum sample size N = 90 are considered. Under the null
hypothesis, up, = pg, = peo =1, 6g; =4, oy, =2 and 6 = 1. There are three scenarios for the alternative hypothesis:
(1) both experimental treatments are better than the control, (ii) one experimental treatment is better and the other is worse
than the control, and (iii) both experimental treatments are worse than the control. The target D ,-optimal allocations are
the same as before.

Under the null hypothesis, the overall type I error rate in Table Al is still well-controlled, even though the maximum
sample size is reduced. However, the variability of the treatment allocation has increased. Compared to the results in
Section 4.1, the powers under the alternative hypotheses in Tables A2 to A4 are slightly higher here, probably due to the
greater contrasts between the means for the experimental arms and the control, together with the increased variability in
the treatment allocation.

A2.2. Four-armed binary trials

An example of a scenario for four-armed binary trials that is prone to weak control of the type I error rate is now investigated.
Here, one of the experimental arms is substantially inferior to the control, but the remaining two arms are very similar to
the control. Assume that the probabilities of success for the control and experimental treatments are p- = 0.4, py; = 0.1,
Prp = 041 and py; = 0.42. Given the nominal type I error rate of 0.05, to achieve around 85% power’, that is, the
probability of rejecting at least one of the pairwise null hypotheses, a maximum sample size N = 144 is planned. Group
sequential analyses at information times (¢, t,, t3)=(0.33, 0.67, 1) that allow dropping inferior arms were considered. Type
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I error rates and powers obtained from the simulation results in such a scenario comparing the use of CR and the DBCD
and ERADE with the two optimal allocations based on 10,000 replicates are shown in Table AS.

Clearly, the response-adaptive randomisation methods with D ,-optimal allocation had a slightly inflated type I error rate
with around 6% higher power. On the other hand, the response-adaptive randomisation methods with NP allocation when
the lower bound for the allocation proportions B is set to be 0.2 had the lowest type I error rate. However, the standard
deviation of the allocation proportion g for each treatment is the largest for NP allocation. Note that the NP allocation rules
are different depending on the values of B and the parameters p, or their estimates p. The target NP allocation® shown
was calculated based on p. = 0.4, pp; = 0.1, py, = 0.41 and py; = 0.42. On the other hand, the actual allocation p for
each treatment in the simulation was calculated based on p, which might be using a different allocation rule depending
on whether or not B € (0,B), where B is a function of the parameter estimates: see the allocation rules described in
Tymofyeyev et al.>* The NP allocation has the greatest variation in the allocation proportions, since the actual allocation 5
for each treatment jumped around different values based on different allocation rules.

Table A.5. Simulated type | error rates when p- = 0.4, pg| = 0.4, pg, = 0.4, pg3 = 0.4 and powers when
pc =04, pg; =0.1, pgp = 0.41, pg3 = 0.42 for four-armed binary trials with N = 144 and dropping of inferior treatments.

pc =04, pgy =04, pry =04, pp3 =04

Procedure &' all ENP  (sd) ENF (sd) jc (s.d)  Fg (sd) g (s.d) P (s.d.)

CR 0.047 0003 1436 (43) 862 (2.6) 0250 (0.034) 0250 (0.034) 0250 (0.034) 0250 (0.034)
DBCDp, 0053 0005 1435 (47) 861 (28) 0250 (0.018) 0250 (0.018) 0250 (0.018) 0250 (0.018)
ERADE, ~ 0055 0005 1434 (57) 860 (34) 0250 (0.016) 0250 (0.017) 0250 (0.016) 0250 (0.017)
DBCDy, 0039 0002 1438 (3.3) 863 (20) 0251 (0.074) 0249 (0.071) 0251 (0.072) 0250 (0.072)
ERADEy, 0040 0002 1437 (3.7) 862 (22) 0249 (0.073) 0250 (0.073) 0251 (0.073) 0250 (0.073)

CR 0.854 0004 1380 (93) 910 (74) 0260 (0.038) 0221 (0.046) 0260 (0.037) 0259 (0.037)
DBCD,, 0868 0004 1394 (81) 899 (63) 0274 (0.024) 0.177 (0.048) 0274 (0.025) 0275 (0.024)
ERADE, 0860 0004 1395 (83) 90.1 (64) 0273 (0.023) 0.179 (0.047) 0273 (0.024) 0274 (0.023)
DBCDy, 0807 0002 1359 (I12.1) 927 (9.1) 0237 (0.056) 0296 (0.076) 0246 (0.061) 0221 (0.040)
ERADEy, 0.808 0003 1353 (I124) 923 (93) 0237 (0.056) 0295 (0.075) 0246 (0.060) 0222 (0.041)

« If no arm has been dropped, the target Dy-optimal allocation (p¢, pg|» Pg2s Pe3) is (0.266, 0.200, 0.267, 0.267) and the NP optimal allocation* is (0.4,
0.2,0.2,0.2).

« If El is dropped, the optimal allocation becomes (0.333, 0, 0.333, 0.334) for the D,-optimal allocation and (0.5, 0, 0.25, 0.25) for the NP allocation*.
« If E2 is dropped, the optimal allocation becomes (0.363, 0.272, 0, 0.364) for the D,-optimal allocation and (0.5, 0.25, 0, 0.25) for the NP allocation*.
« If E3 is dropped, the optimal allocation becomes (0.364, 0.272, 0.364, 0) for the D4-optimal allocation and (0.5, 0.25, 0.25, 0) for the NP allocation*.
« If both El and E2 are dropped, the optimal allocation becomes (0.499, 0, 0, 0.501) for the D,-optimal allocation and (0.67, 0, 0, 0.33) for the NP
allocation®.

« If both El and E3 are dropped, the optimal allocation becomes (0.5, 0, 0.5, 0) for the D4-optimal allocation and (0.67, 0, 0.33, 0) for the NP allocation™.
« If both E2 and E3 are dropped, the optimal allocation becomes (0.572, 0.428, 0, 0) for the D,-optimal allocation and (0.67, 0.33, 0, 0) for the NP
allocation™.
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