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A response-adaptive randomization (RAR) design refers to themethod inwhich the probability of
treatment assignment changes according to how well the treatments are performing in the trial.
Holding the promise of treating more patients with the better treatments, RARs have been
successfully implemented in clinical trials. We compared equal randomization (ER) with three
RARs: Bayesian adaptive randomization, sequential maximum likelihood, and sequential
posterior mean. We fixed the total number of patients, considered as patient horizon, but varied
the number of patients in the trial. Among the designs, we compared the proportion of patients
assigned to the superior arm, overall response rate, statistical power, and total patients enrolled in
the trial with and without adding an efficacy early stopping rule. Without early stopping, ER is
preferred when the number of patients beyond the trial is much larger than the number of
patients in the trial. RAR is favored for large treatment difference or when the number of patients
beyond the trial is small. With early stopping, the difference between these two types of designs
was reduced. By carefully choosing the design parameters, both RAR and ERmethods can achieve
the desirable statistical properties. Within three RAR methods, we recommend SPM considering
the larger proportion in the better arm and higher overall response rate than BAR and similar
power and trial size with ER. The ultimate choice of RAR or ER methods depends on the
investigator's preference, the trade-off between group ethics and individual ethics, and logistic
considerations in the trial conduct, etc.
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1. Introduction

When multiple treatment arms are involved in clinical trials,
randomization is commonly applied to avoid allocation bias and
to yield a valid statistical inference. It also has ethical implications
regarding treatment efficacy. In the beginning of a trial, the
equipoise principle implies that treatment effects are equal
among the treatment arms. Hence, equal randomization (ER)

which randomizes patients equally among treatment arms can
be justified. However, as the information accrues in the trial, the
treatment effects may no longer be equal among treatments.
Response-adaptive randomization (RAR) dynamically assigns
patients to treatments based on the accumulating clinical
responses, where ‘response’ generically refers to treatment
outcomes. One of the RAR's appealing features is that it can
assignmorepatients to better treatments basedon available data.

In two-arm trials, RAR assigns more patients to the superior
treatment and exposes fewer patients to the inferior treatment.
The challenge is that we know very little about the relative
treatment effect initially. As a trial proceeds, data in the trial
give RAR higher probability of assigning more patients to the
superior treatment. The relative effectiveness of treatments
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can be estimated by some sequential estimation rule on a
meaningful outcome measure. An important issue is that many
of the RAR procedures may not be optimal based on the specific
measures [1]. Since they are derived heuristically, we need to
define criteria for comparing and evaluating them. A properly
chosen RAR method can strike a balance in maximizing the
statistical power for testing the treatment efficacy (group ethics)
and giving each patient the best treatment (individual ethics).
Key desirable features of the RAR designs include retaining
randomizations advantage (eliminate bias), maintaining the
required statistical power, and treating more patients with
superior treatments. The play-the-winner design [2] was a
deterministic precursor of RAR. Other approaches use urn
models [3,4], and consider multi-arm trials and covariates [5,6],
extend RAR to trials with delayed response [7,8], and compare
RAR for frequentist group sequential binary response trials [9].

We use the setting of a binary outcome, but RAR can be
generalized to other settings. We evaluate only treatment
efficacy and assume comparability in safety, cost, and feasibil-
ity. We compare ER to three RAR methods: Bayesian adaptive
randomization (BAR), derived from [10]; sequential maximum
likelihood (SML), with randomization probability calculated
based on frequentist sequential maximum likelihood estima-
tors (Section 10.4.1 in [4]); and sequential posterior mean
(SPM), which replaces the role of the sequential maximum
likelihood in the allocation probability.

The use of RAR versus ER is yet debated in statistical and
clinical trial communities [11,12]. Traditionally, the primary
goal of clinical trials is to determine better treatment options to
benefit future patients. Providing the best possible treatment to
the patients enrolled in the trial is rarely the main purpose of
the trial. This view, however, has major shortcomings. For
patients enrolled in clinical trials, will there be a single patient
who does not want to receive the best possible treatment?
Although equal randomization can be well justified based on
the equipoise principle in the beginning of the trial, as the
information accrues, RAR can be applied to assign more
patients to better treatments based on available data. Two
recent advances in medicine compel us to critically examine
the traditional paradigm. (1) New treatment modalities are
changing rapidly. Even if a trial is positive and the standard
practice is changed, its impact may not be long lasting because
new treatment modalities could change again. (2) In the
genomic era, considering all possible markers such as muta-
tions from deep sequencing (next generation sequencing),
copy number variation, mRNA expression, microRNA expres-
sion, and protein expression, no two patients are alike. This
N-of-1 trial concept challenges the traditional paradigm that
patients are homogeneous and the results are generalizable to
all alike patients in the future. Therefore, we take one step
further to evaluate designs which can strike a balance between
the individual ethics and the group ethics. The concept of the
patient horizon [13] is used to evaluate such balance. The
patient horizon is the total number of patients with the
particular disease that is relevant to the treatments being
investigated. It includes patients enrolled in the trial and the
future patient population beyond the trial who will benefit
from what is learned in the trial. For some diseases the future
patient population can be quite large compared to the size of
the trial. In that setting, making the right decision about the
treatments studied (which depends on the power of the test) is

more important. On the other hand, in the case of some rare
cancers,most of the patients with the disease of interest will be
enrolled in the trial and there will be few future patients
beyond the trial. Under that scenario, giving the best treatment
possible to each patient in the trial is ethically the right thing to
do. We fix the patient horizon size but varying the trial size,
then, compare the proportion of patients assigned to the
superior treatment, overall response rate, and statistical power
between RAR and ER designs. We evaluate the operating
characteristics for trials without and with early stopping rules
for futility and efficacy.

2. Methods

2.1. Bayesian adaptive randomization method

Bayesian adaptive randomization (BAR) is an allocation
scheme based on the posterior probability of one treatment
being more effective than the other(s). This posterior proba-
bility can be obtained from a binomial likelihood and a beta
prior for a binary outcome:

xi j ∼ Bin 1; θið Þ; θi ∼ Beta αi;βið Þ ð1Þ

where xij is the outcome of patient j on treatment i and θi is the
probability of a response for treatment i. We consider the
setting of two treatments i ∈ {1, 2}. The probability that
treatment 2 is better than treatment 1 is given by Pr(θ2 N θ1|x).
Because of the consistency of the posterior, this probability
approaches either 0 or 1 as more data are collected for both
treatments unless the two treatments are exactly the same. The
basic idea of BAR can be traced to [10], although a good part of
his paper was devoted to the computation of Pr(θ1 N θ2|x),
which was then a big hurdle. A detailed review on BAR is
provided by Thall and Wathen [14], and an application of BAR
in the development of targeted agent can be found in [15]. The
main goal of BAR is to assign more patients to the better
treatment arms with higher probability. A patient is adaptively
randomized to treatment iwith a probability of Pr(θi N θj|data).
However, the probability Pr(θi N θj|data) can be highly variable
in the beginning of the trial when the number of patients is
small. By adding a tuning parameter, the randomization
probability can be stabilized

ρ λð Þ ¼ Pr θ2 N θ1jxð Þλ
Pr θ1 N θ2jxð Þλ þ Pr θ2 N θ1jxð Þλ ð2Þ

where λ is a tuning parameter and λ≥ 0. An introduction about
the tuning parameter could be found in [16]. Furthermore, [14]
recommended using the tuning parameter n/2N instead of a
fixed value. Note that ρ(1) = Pr(θ2 N θ1|x), ρ 0ð Þ ¼ 1

2 and ρ(∞)
behave like the play-the-winner rule. Therefore, λ controls the
level of imbalance in the allocation probability.

As is evident, BAR may lead to an extreme preference for a
certain treatment arm. One way to avoid such extreme
allocation probability is to set bounds on the allocation
probability; thus, it does not converge to 0 or 1. For example,
wemay constrain the randomization probability to be bounded
within 0.05 to 0.95, or 0.1 to 0.9 [17] to allow for continued
randomization to both arms to gather information for further
assessment of the treatment effects.
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