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How simulation can help in
the planning and implementation
of adaptive clinical trials.

n recent years there has been increased
industry interest and utilization of adaptive
clinical trials. Although the term “adaptive”
covers a large range of study features and
designs, much of the current excitement is
around designs that enable treatment groups to
be dropped during the trial to enable more doses
to be investigated and/or to reduce time between
development phases using seamless designs.

Perhaps the most interesting of these applies
to dose finding, where critical decisions
regarding the dose to take forward into
Phase III is sometimes made on limited
information due to practical limitations
regarding number of doses that can be
investigated in Phase II studies. Taking
a suboptimal dose into Phase III can
result in having to repeat studies with
different doses or can lead to incorrectly termi-
nating development.

Of those drugs that finally reach the market,
it is estimated that one in five is launched with
a flawed dosage,! which can be expensive when
discovered after pricing and reimbursement de-
tails have been agreed upon.

Implementation challenges
Despite the promise of adaptive designs, some
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sponsors consider their complexity a barrier to
implementation. Challenges such as real-time
collection of accumulated subject response and
safety data and rapid implementation of random-
ization adaptations can be overcome by careful
selection of integrated technologies.?

Another potential barrier relates to the plan-
ning of these designs. Specifically, determining
the optimal characteristics of the study design
can be a complex yet critical decision. Typical
questions might include:

e How many interim analyses should be used?

e What sample size would be optimal at each
interim analysis?

¢ Is a conventional design a suitable alternative?

e Should a Bayesian response-adaptive algorithm
be used instead of preplanned interim analyses?

In addition to answering these questions,
planning for an adaptive design creates
new challenges, not least of which is the
estimation of the quantity of drug sup-
ply required by the study. This is often
a complex question for conventional
designs, how much more so for designs
that have the possibility of adjusting the
proportion of subjects allocated to each
treatment as the study progresses?

This article explores how simulation has be-
come a vital tool in answering these important
questions, enabling researchers to confidently
plan and implement adaptive clinical trials.

Simulation

Simulation is a valuable tool used by many indus-
tries to understand and investigate the properties
of complex systems. In clinical trials, simulation



is commonly used to explore and optimize study design,
for example, in selecting between different randomization
methodologies to achieve the desired treatment balance.
Monte Carlo simulation uses computer-generated random
numbers to model real-life variability. This variability en-
ables a true picture of the likely range of outcomes that
might result, rather than a single average estimate.

In this article, we demonstrate via a case study how
simulation can be used to explore the optimal statistical de-
sign for an adaptive trial and to estimate the supply require-
ments for this design. To achieve this we have combined
two proprietary simulation tools. The first is a design simu-
lator that enables the study and statistical analysis to be
simulated, including planned interim analyses and decision
rules, CytelSim.? The second is a supply chain simulation
tool that models the supply and use of medication packs in
studies where the supply chain is controlled using Interac-
tive Voice Response (IVR) systems, MedSim.+

Our novel approach has been to link the two simulation
engines in such a way that the simulated profile of treat-
ment allocations (including the dropping of treatment
arms) generated by the adaptive design simulation can be
used by the supply chain simulation in determining the
study medication requirements.

As illustrated in the case study that follows, this combina-
tion of simulation tools enables researchers to confidently
plan and implement these complex study designs, and fur-
ther to allow the impact of supplies to be taken into account
when determining the optimal study design.

Case study
We illustrate how simulation is a valuable tool in determin-
ing the appropriate study design and
in supplies estimation by considering a
simple case example.

Study design. The example is a dose 80 -

ratio. The decision rule for dropping a dose level is based
on the conditional power calculated from the observed re-
sponses of subjects up to the interim analysis. Conditional

Simulation can be used to explore
the optimal statistical design for
an adaptive trial and to estimate
the supply requirements.

power estimates how likely it is that at the end of the study
the dose level will be shown to be significantly different
from placebo.

A further aspect of the decision rule is that if a dose is
not dropped at the interim analysis, then no higher dose
will be dropped. In this case, that dose level and any
higher doses are continued into the remaining phase of
the study. Where all dose levels are rejected, the study will
be terminated at the interim analysis for futility.

At the final analysis the tests of significance for dif-
ference from placebo are carried out after adjusting for
the interim analysis and for multiple testing by using
methods developed by Posch and Bauer.5¢ These methods
guarantee that the type 1 error is controlled—at the one-
sided 0.025 level in our case.

Design simulation. In simulating the statistical outcomes
of the trial, we need to make some assumptions about the
possible dose-response relationship and the distribution
of the study endpoint. In this case, we assume the end-
point is normally distributed with a fixed standard devia-
tion. The mean response at each dose level we assume to
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Figure 1. Simulations were performed under three different scenarios
to ensure the full range of possibly study outcomes was investigated.
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Predicting the Study Arms Dropped

placebo 10 mg 20 mg 30 mg 40 mg 60 mg 80 mg

Scenario 1

Mean response 40 40 40 40 40 40 40
Percentage dropped - 79% 69% 61% 59% 57% 51%
Scenario 2

Mean response 40 42 44 46 48 70 75
Percentage dropped - 80% 66% 55% 42% 4% 1%
Scenario 3

Mean response 40 42 44 52 56 70 75
Percentage dropped - 80% 66% 46% 23% 3% 1%

Source: Patel.

Table 1. Simulated study outcomes show the percentage of times a study arm is dropped at the interim analysis.

follow one of a number of possible scenarios. In practice,
these assumptions may be strengthened by previous data
or data from similar trials with other compounds, or may
simply cover a broad range of possible outcomes where
little prior information is available.

The scenarios we consider range from “no effect” (sce-
nario 1), to an effect predominantly at the two highest
doses (scenario 2), to a steady dose response across the
complete dose range (scenario 3). We assume that the mini-
mum clinically relevant improvement relative to placebo
is a difference of 25 units in the mean response. Thus, the
60 mg dose is the lowest dose producing a clinically relevant
difference in both scenarios 2 and 3 (see Figure 1).

Findings and conclusions. We performed 100 simulations
of the study under each dose response scenario using a
proprietary Monte Carlo simulation tool, CytelSim.? The
simulations show that a sample size of 140 with a thresh-
old level of 0.2 for conditional power for dropping dose
levels has good operating characteristics.

In scenario 1 (no effect), it was observed that in 51% of
simulations we would stop the study for futility—that is,
reject all doses including the 80 mg dose. For scenarios 2
and 3, where we assume a true effect to occur, the study
would only be (erroneously) stopped for futility with a
probability of 1% (see Table 1).

The majority of simulations showed that in scenario 2,
the 60 mg and 80 mg doses were continued following the
interim analysis, which is the desired outcome should this
scenario represent the true dose-response relationship.
The same was observed for scenario 3, with the addition
that in over 50% of simulations the top four doses would
be continued, and in over 75% of simulations the top three
would proceed following the interim analysis.

Again, this is a good outcome for this scenario, indicat-
ing that the number of patients recruited at the time of

interim analysis and the choice of decision rule is likely to
be appropriate and perform well for this study.

Supply chain details

Expanding the simulation to include supplies estimation and
investigation of optimal packaging, the output of the statisti-
cal design simulation was linked to a Monte Carlo simulation
model of clinical supply chain management, MedSim.+

In this study an IVR system was used to manage the
supply inventories and treatment allocations. During the
eight week treatment period, each subject received two
dispensations of study medication, one at randomization
(week zero) and a second at their week four clinic visit.
Medication packs were numbered with unique pack num-
bers so that any pack could be allocated to any patient in
the appropriate treatment group.

Two possible packaging configurations were consid-
ered. In the first, packaging scenario A, medication was
packaged uniquely for each possible dose group, with a
single pack allocated at each dispensation. In the second,
more flexibility was introduced in that four packs were al-
located at each visit, with each dose level being composed
of a combination of placebo, 10 mg, and 20 mg packs—the
rationale being that pack types for dropped arms at the
interim analysis could still be dispensed for subjects ran-
domized to the remaining arms postinterim.

In this study, this was an acceptable scenario as the dose
is administered at site. In studies where subjects will be
required to take their medication unsupervised, it might be
determined that no more than two packs of medication be
used concurrently to avoid adversely affecting compliance.

We assume there are 12 sites involved in the study, each
recruiting on average 0.5 subjects per week over an approxi-
mate six month enrollment period. A single supply depot
provides medication packs to each study site with a delivery



time of between three and seven days. The IVR medica-
tion management process is assumed to follow a standard
trigger-and-resupply algorithm incorporating a predictive
algorithm for subject resupply visits. This is a standard IVR
methodology that is described in more detail elsewhere.”

Simulation findings

Using the simulated profile of treatment allocations from the
adaptive design simulations, we performed 100 simulations
of the supply chain for each of the dose-response scenarios
considered. In doing so, we ensured that the IVR supply

Simulated Requirements Under Packaging Scenario A
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Figure 2. The maximum number of packs of each pack type required by the
study under each of the three dose-response scenarios.

quirement under any scenario occurs when only that dose
level and those above it are continued after the interim
analysis. Hence, we estimate a declining profile in pack
requirements as we descend dose levels, as postinterim re-
quirements are diluted across more dose levels. The maxi-
mum requirements are similar under each dose-response
scenario, as every outcome in terms of the doses that could
go forward after the interim decision is possible.

Taking the worst case of all the scenarios we estimate
a maximum medication pack requirement of 520 active
packs and 123 placebo packs. Accounting for the dose level
of each, this equates to a total
of 23.7 g of active ingredient to
make up the medication packs

Total Packs for this scenario. Additionally,

Scenario 1 the IVR system requested be-
499 active, 123 placebo tween 125 and 136 shipments of
Scenario 2 ot : : :

medication to maintain site sup-
516 active, 123 placebo Ivi tor p
Scenario 3 ply inventories.

Packaging scenario B: Combina-
tion of four packs per treatment
group dispensation. With this sce-
nario we anticipate lower total
medication requirements as we
have introduced flexibility in the

520 active, 123 placebo

Recommendation
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L way packs can be utilized, and

hence less wastage. For exam-
ple, 20 mg packs can be used to
make up any dose from 20 mg
upwards. This expectation bears
true in the simulation findings
that indicate that in the worst

management algorithms were optimized so that minimum
stock levels of each pack type were maintained at sites while
ensuring there were no occasions where the correct medica-
tion was not available for a new or returning subject.

We summarized output by considering the total num-
ber of packs and quantity of bulk ingredient required by
the study, including packs left unused at each study site,
and the number of deliveries of medication required over
the course of the study.

Packaging scenario A: Single unique pack per treatment
group dispensation. The maximum requirement of placebo
packs will occur when only the 80 mg and placebo doses
remain following the interim analysis, representing 10
placebo patients prior to the analysis and 35 recruited
afterwards. With two packs dispensed per subject and ad-
ditional packs required to maintain adequate site buffer
stocks, simulations estimated a maximum requirement of
123 x 80 mg and placebo packs for the study (see Figure
2).

For each of the active dose groups, the maximum re-

case a maximum of 805 active
packs and 781 placebo packs would be required to complete
the study (see Figure 3).

Expressing this as a quantity of active ingredient, this
represents 14.9 g active ingredient, a savings of over 37%
compared to scenario A. In addition, the increased flexibil-
ity in pack usage led to a reduced requirement to resupply
the sites. In this case, the IVR system required between 75
and 77 shipments to maintain site inventories.

Conclusions
The case study has illustrated the value of simulation in as-
sessing design adequacy when planning an adaptive trial,
and in estimating the supplies required by these complex
studies. Together, this provides study teams with the abil-
ity to assess both the statistical properties and the impact
on the supply requirements when evaluating and deciding
between possible study design options.

Although it is generally recognized that there will be
increased supply requirements associated with many adap-
tive trial designs, there may be options available to reduce
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the required overage, such as different packaging configu-
rations (as in the case study) and producing supplies using
multiple packaging campaigns throughout the study.
Flexible use of supplies across dose levels can return
large savings in the quantity of medication required to op-

The case study illustrates the
value of simulation in assessing
design adequacy when planning
an adaptive clinical trial.

erate an adaptive clinical trial. This can enable researchers
to investigate more dose levels during dose-finding studies
without increasing the supply requirements beyond practi-
cal or affordable limits.
The example we presented is deliberately simplistic, and
there are many other areas we may want to explore through
simulation before agreeing on the exact design properties
and associated supply requirements. These include:
¢ Comparing the power of different study designs and the
sample sizes required
¢ Exploring the effect of more than one interim analysis
¢ Considering different decision making criteria at each
interim analysis

e Applying a Bayesian response-adaptive algorithm for
continuous reassessment of the treatment allocation ra-
tios as opposed to utilizing Frequentist methodology at
fixed interim analysis

¢ Considering enrichment designs to optimize responders

¢ Evaluating the impact of expiry on drug requirements

¢ Determining the optimal timing of midstudy production
runs and the quantity of medication required to com-
mence the study

¢ Understanding the effect of enhanced flexibility in pack
usage by letting the IVR system decide which combina-
tion of packs to allocate (e.g., 20 mg = 10 mg + 10 mg, or
placebo + 20 mg).

Overall, however, we hope that this case study example
has been able to demonstrate how simulation can be used
by statisticians and supply chain experts to help ensure
that adaptive designs are planned and implemented ef-
fectively. By doing this, study sponsors should have con-
fidence in using these innovative designs and benefitting
from their promise of more informative dose finding and
accelerated drug development.
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