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Abstract
Background: In clinical trials with a large sample size, time-trend in response rates can affect the
performance of Bayesian response adaptive randomization (BRAR).

Methods: To evaluate this impact, we utilize data from a previously completed randomized controlled trial
that used a �xed 1:1 allocation. Subject response data from this study demonstrate a clear time-trend in
the control group, but not in the treatment group. In this simulation study, we re-assign patients to
treatment groups based on a BRAR algorithm, to examine the performance of BRAR as measured by the
treatment effect estimation, the probability of early stopping, and the shift in adaptive allocation.

Results: Results from speci�c simulated study scenario show that in the presence of a time-trend, the
timing of the �rst interim analysis is critical for the e�cacy/futility decision making. Compared with �xed
equal allocation, BRAR results in a higher probability of premature early stopping when time-trend effect
exists. The magnitude of such impact varies among different BRAR algorithms.

Conclusions: In�uential factors such as time trend, should be considered when planning the
implementation of BRAR in large trials.

Trial Registration: URL: https://www.clinicaltrials.gov. Unique identi�er: NCT00235495. Registered on
October 10, 2005.

Background
Several large trials report using Bayesian response adaptive randomization (BRAR) to improve trial
e�ciency and patient ethics [1,2]. Changes in the study population pro�le and the response rate to the
treatment over time can affect the operating characteristics of BRAR trials [3,4]. The cause of time-trend
may involve standard of care improvements, subject protocol amendments, and recruitment site
expansion. Altman et al. studied the time-trend and suggested investigators to monitor the time-trend
graphically [4]. However, the response time-trend has rarely been examined in trial practice. The presence
of a time-trend may bring bias in treatment effect estimates, and in�ate type I error [5-12]. The impact of
time trend on the performance of BRAR has been investigated under different time-trend patterns
including no time trend, equal time trend and unequal time trend between two arms via simulation
studies. [13, 14] The simulation results suggested that under BRAR with early stopping for e�cacy, the
type I error rate is in�ated for all time-trend patterns, including unequal time-trends. Furthermore,
treatment effect estimation can be biased under all time-trend patterns. In order to better understand the
impact of time-trend in a real setting, we incorporated a BRAR design into a previously completed
randomized controlled phase 3 trial with a time-trend. The goal of this simulation study is to investigate
drawbacks of using BRAR in the presence of an unequal time-trend, and to explore the impact of the
problem.

Method
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The original ALIAS trial

ALIAS is a randomized, parallel-group, double-blind, phase 3 trial testing the treatment superiority of 25%
albumin over saline in improving the outcome of acute ischemic stroke subjects [15]. The primary
endpoint is favorable outcome, de�ned as either a modi�ed Rankin scale score of 0 or 1, or an NIHSS
score of 0 or 1, or both, at 90 days. With a �xed equal allocation, 422 and 419 subjects were randomized
to the albumin (treatment) group and the saline (control) group respectively. Scheduled interim analyses
were conducted at n=275 and n=550. The Data and Safety Monitoring Board requested an additional
analysis at n=732, and stopped the trial for futility after 841 participants were randomized. The primary
outcome did not differ by treatment assignment (albumin, 44.1%; saline, 44.2%. 95% con�dence interval:
0.84 - 1.10 adjusting for baseline covariates). O’Brien and Fleming-type stopping guidelines were adopted
for both e�cacy and futility assessments. Unexpectedly, the response rate in the control arm increased
over time while the response rate in the treatment arm remained stable across the trial. To visualize the
time-trend of response rates, subjects are divided into 28 stages according to the enrollment sequence
(i.e. every 30 subjects at each stage). The weighted least square (WLS) regression technique is applied to
these data while taking into account the variation of arm size within each stage (Figure 1). The graph
demonstrates a clear upward trend in the control arm’s response rate; with the slope parameter β=0.012,
p-value<0.0005. Meanwhile, the treatment arm’s response rate is quite stable; with the slope parameter
β=0.00043, p-value=0.90).

Simulation study design

The goal of this study design is to apply three different BRAR methods in redesigning of the ALIAS trial.
The BRAR methods examined are the probability-weighted allocation approach (BRAR (1/2)) [16], the
natural lead-in allocation (BRAR(n/2N)) [17], and the information-weighted allocation (BRAR(1/2, σ2))
[18,19]. Information on the enrollment sequence, treatment assignment, and response outcome of the 841
subjects in the original ALIAS trial are used for this simulation study with BRAR. Interim analyses are
conducted at n=275, n=550, and n=732, and the �nal analysis at n=841. Equal allocation is applied to the
�rst 275 subjects. Response adaptive randomization probabilities are updated concurrently with each
interim analysis. For each of the 4 enrollment segments (1-275, 276-550, 551-732, and 733-841), numbers
of subjects in each arm are calculated based on the corresponding allocation probabilities. The trial will
be stopped for e�cacy if the posterior success probability for either arm being superior to the other
exceeds the e�cacy boundary of 0.995. The trial will be terminated for futility when the chance that
posterior success probability for either arm being superior to the other is different from each other is less
than 5%. Table 1 lists implementation parameters of the simulation study.
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Simulation study dataset generation

Simulation study datasets, including enrollment sequence, treatment arm, and outcome, are generated by
sampling from the ALIAS trial. For the treatment arm (without time-trend), simulation subjects are
randomly selected from the entire ALIAS treatment arm with replacement. For the control arm (with time-
trend), the ith simulation subject is randomly selected from a group of 7 ALIAS control arm subjects with
enrollment sequence in the range of (i-3, i+3). For example, the 10th simulation subject in the control arm
will be randomly selected from the 7 ALIAS subjects with enrollment sequence from 7 to 13 in the control
arm.

BRAR algorithm

In this simulation study, we evaluated the operation characteristics of the trial under two burn-in period
lengths (275 and 350) and three BRAR algorithms [13,14]. Burn-in period uses a �xed equal allocation for
subject randomization. During the adaptive randomization phases, for each subject, the treatment
assignment is generated based on the current treatment allocation ratio, which is obtained from the
selected BRAR algorithm and responses of subjects enrolled prior to the current allocation ratio update.
The �xed equal randomization is incorporated as a comparator.

The simulation study is re-executed 1000 times. Detailed information can be found in Figure 2 below.
Since the goal of this study is to evaluate the impact of time trend on the performance of BRAR design,
there is no safety monitoring procedures involved. The R, version 3.2.5 software (R Foundation for
Statistical Computing) [20] was used for the analysis.

Results
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Table 2 presents the results of the simulation studies. Regardless of what randomization algorithm is
used, early trial termination occurs most frequently during the �rst interim analysis. Trials with �rst
interim analysis at the sample size of 275, are about two times more likely to stop early than trials with
�rst interim decision at sample size of 350 (39% vs 22%). The response rate difference between two arms
is close to 0 at the third interim stage when �xed equal allocation is used, while BRAR has a greater
treatment effect in favor of treatment arm at each interim analysis. Among three BRAR algorithms,
BRAR(n/2N) results in the least probability of early termination in the following interim analyses, followed
by the BRAR (1/2, σ2), and BRAR (1/2). It is worth noting that, with a shorter burn-in length, both BRAR
(1/2, σ2) (11%) and BRAR (1/2) (13%) result in a remarkably high probability of stopping early as
compared with either �xed (4.3%) or BRAR (n/2N) (3.2%). Overall, there is a signi�cant imbalance in
treatment assignment between two groups when BRAR is used (greater than 5:3 for treatment versus
control group), such imbalance increases with strength of adaptation of BRAR algorithms.
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Figure 3 displays the path of allocation probability (for treatment arm) change across interim stages. The
patterns differ by the algorithms. Among BRAR algorithms, BRAR (n/2N) has least shift from equal
allocation, the overall randomization probability is maintained at 60%-70%. With BRAR (1/2, σ2), the
adaptive allocation starts from a high probability based on treatment bene�t, and slides down quickly
near the equal point (0.5). BRAR (1/2) also has a dramatic shift from equal allocation, after a gradual
decline, it stablizes at 70%-80%. BRAR (1/2, σ2) shows the most change due to the time-trend and reduced
treatment effect size over time; while the allocation ratio from BRAR (n/2N) is more stable.

Discussion
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The time-trend phenomenon found in the ALIAS trial illustrates an average response rate difference
between two arms that decreases over time due to patients’ improved response outcome in the control
arm. Given this existing time-trend pattern, the BRAR can induce higher early trial termination for e�cacy
as compared with �xed equal allocation. The BRAR tends to force the imbalance in treatment assignment
between treatment and control arms based on the treatment effect in the early phase of the trial. This
lends to the trial stopping before the response rate in control arm catches up with the treatment arm.
Timing of the �rst interim analysis after the burn-in period is critical when implementing BRAR,
particularly in the presence of a time-trend. The issue of time-trend with RAR design and the associated
negative impacts have attracted great attention in recent years. Challenges still exist that limit our
understanding of this problem. Current studies primarily examine time-trend effect based on a “linearity”
assumption. [5,11] Nevertheless, in real application, the actual pattern of “time-trend” is often hard to
predict. It can vary over time or differ by treatment arms, and is often concomitant with a certain degree
of randomness. The ALIAS trial described in this paper provides a real example of a treatment-dependent
trend effect, where the bene�t in the control arm increases over time and the subjects’ responses remain
consistent in the treatment arm. In this research, we attempt to incorporate the BRAR into the original trial
dataset and evaluate the performance under the in�uence of time-trend.

Simulation studies suggest that the adaptive randomization probability can be affected by treatment
effect over time. As compared to �xed equal randomization, the BRAR is more likely to terminate trials
early and has been shown to lead to in�ated type I error and biased treatment estimates.[5-11] Having
more subjects assigned to the better-performing arm may improve the e�ciency to identify the superior
treatment arm, depending on the model used for the e�cacy analysis and success rate of the two
treatments. However, in the presence of a time-trend, the trials that end prematurely are at risk of losing
important information from the future subjects who are involved in the time-trend.

The re-design strategy proposed in this article is relatively novel. Luce BR, Connor JT, Broglio KR, et al.
reported a re-analysis of the ALLHAT study using Bayesian adaptive design with pre-speci�ed burn-in
period length, timing and frequency of interim analyses, and the BRAR algorithm [21]. In order to present
the time-trend in the control arm, subjects are randomly sampled from a series of moving blocks, which
are arranged in a chronological enrollment order. For subjects in the arm without speci�c trend pattern, a
random sampling is conducted among all treatment arm subjects. The purpose of doing this is to avoid
any chance of trial early termination due to the reason that the number of subjects in the treatment runs
out faster than those in the control arm. One challenge of the study redesign is that subjects need to be
resampled, which increases the risk of having less heterogeneous subject population. On the other hand,
the randomness of the study can be improved by increasing the number of times of trial executions
(simulations).

Some argue that the impact of time-trend is quite minimal to the adaptive designs if only mild trend
effect exists. [11] However the de�nition or threshold for what constitutes a ‘mild’ trend is di�cult to
determine. Our study shows that BRAR design can lead to erroneous conclusions about trial e�cacy if
the subjects’ response changes over time. The trial which we studied here is a special case where the
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trend is only present in the control arm. The allocation probability is continuously biased toward the
treatment arm even though the observed treatment effect reduces over time.

An important goal of this research is to provide knowledge about the time-trend impact based on a real
trial application, and further to propose useful recommendations on how to handle time-trend when using
a BRAR design. Based on our �ndings, the strength of BRAR adaptation is associated with both
magnitude of sample size imbalance and probability of incorrect premature early stopping. We observe a
signi�cantly elevated probability of early stopping in trials with BRAR (1/2, σ2) and BRAR (1/2). This can
be tempered by a larger burn-in period. Overall, among all BRAR algorithms, BRAR (n/2N) appears to
maintain a good balance in treatment assignment and avoids premature early stopping in the presence
of a time-trend. Thus, appropriate timing of interim analyses and a randomization approach that can lead
to smaller variability in treatment allocation are recommended in trials that are more prone to a time-
trend.

Conclusions
In�uential factors such as time trend, should be considered when planning the implementation of BRAR
in large trials.

Abbreviations
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Figure 1

Response rates by enrollment stage (per 30 subjects) and arm
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Figure 2

Procedures of simulation BRAR studies with ALIAS trial data

Figure 3

Randomization probability over time at each randomization update.


