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ABSTRACT

The aim of this study is to evaluate the use of Simple Bayesian Adaptive
Randomization Design (SBARD) and predictive probability in clinical trial. The
trial was planned to randomi ze 418 women with abnormal uterine bleeding to have
pathologic evaluation by 2 devices. Total of 5,000 simulations were generated to
evaluate the performance of SBARD and predictive probability under three
different scenarios. The results from the SBARD were compared with the actual
results. We found that the results of SBARD under the first scenario required
92 subjectsin control arm and 61 subjects in treatment arm with total sample size
of 253 (60% of actual total number) were similar to the actual results (135 subjects
in control arm and 140 in treatment arm with total sample size of 275) . However,
subjectsareequally assignedinthereal study, while SBARD assign higher subjects
in control arm (92 subjects), indicating treatment might inferior than control.
Moreover, if thetrial is continued until the end of study, we can not conclude that
treatment isbetter than control under all scenariosdueto the predictive probabilities
and frequentist p-value (p<0.001, p = 0.162) do not reach pre specific cutoff points
too.
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INTRODUCTION Monitoring Board (DSMB) isthegroup of expertsresponsible

for the review and evaluation of data for safety, progress,

Among several types of studies, randomized clinical trial
is a major point in the top of a pyramid of evidence based
medicine (Burns et al., 2011). It minimizes the potential for
bias by randomization and blinding the subjectsinto control or
study group when different interventions are given. Data are
collected and the analysis is performed when the total number
of subjectsisrecruited. The conduct requires budget, time and
a certain number of women. These result in a high cost, time
consuming and potentially being futileif an interventionisnot
beneficial or more harmful compared to the control group.
Thus, interim analysis while the study is on-going is ethically
important to assess toxicity and difference of treatment
benefit to make a consideration of an early termination of the
study. The DataMonitoring Committee (DM C) or Data Safely
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efficacy and provide arecommendation to the investigators
or sponsor to proceed or stop the trial (Sydes and
David, 2010).

Two common approaches are used in data monitoring:
group seguential and stochastic curtailment. Both methodscan
modify the trial plan. Group sequential procedure examines
the accumulated data at specific time points and interim
analysis is performed by fixing the overall type | error
(Jennison and Turnbull, 2000; Emerson et al., 2007). In
contrast, stochastic curtailment al so assessesaccumul ated data
at acertain time point to predict the probability of successful
outcomes when there are events which may impact the final
outcome. If the probability falls below a pre-specified
threshold, the DMC may consider stopping thetrial.
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The stochastic curtailment methods commonly used in
practice are based on conditional power and predictive
approaches (Dmitrienko and Wang, 2006; Snapinn et al.,
2006; Spiegelhalter et al., 1986; Lee and Liu, 2008).
Conditional power isafrequentist probability of astatistically
significant outcome at the end of the trial when data are
completely collected. Conditional power isoften criticized for
relying on the expected probability of success and ignoring
new current information identified during the trial. The
predictive approach may involve with the power (predictive
power) or probability (predictive probability). The predictive
power which iswidely used is hybrid or mixed Bayesian and
frequentist probability. Thismethod allowstheinvestigatorsto
adjust the conditional power function by estimating the
outcomes differences during the interim analysis. However,
the use of hybrid or mixed Bayesian has been criticized dueto
various possibilities of interpretation. Furthermore, it is
inconsistent with principle of the Bayesian theory that focuses
only to the posterior probability (Jennison and Turnbull, 1990;
Geisser and Johnson, 1994; Greenhouse and Wasserman,
1995; Bolstad, 2007). The other approach, Predictive
Probability (PP), is a pure or fully Bayesian approach which
was introduced by Geisser in 1998. The PP is a continuous
Bayesian monitoring, obtained by calculating probability of
reject null hypothesis should thetrial be conducted to the plan
maximum sample size, given the current information, the
decision making to continue or stop thetrial is made based on
the PP. Moreover, the PP approach is observed more closely
by projecting into the future observed data when comparing
with posterior probability (Leeand Liu, 2008). Dmitrienko and
Wang (2006) who performed multiple simulation models to
evaluate several types of prior probability recommended that
predictive approach for futility stopping rules based on
“Weak priors may belessreliable because the priorsweretoo
sensitive leading to negative results. It may be more
appropriatein atrial expected that the study arm would yield
superior outcome or in alarge confirmatory phase Il clinical
trial. ‘ Stronger priors’ were preferred for futility monitoringin
the proof of concept studies. However, the choice of prior
distributions should be determined mainly by the objective of
the trial (Dmitrienko and Wang, 2006; Snapinn €t al., 2006;
Spiegelhalter et al., 1986).

Over thelast 20 years, Bayesian Adaptive Designs(BAD)
were proposed to enable investigators to modify trials in
midcourse. The Bayesian Adaptively Randomization Design
(BARD) can assign the patients to a better therapy, early
stopping the trial, adding or dropping treatment arms and
extending the accrual beyond from the original number when
the resultswas still unsatisfactorily (Berry, 2006; Berry et al .,
2010; Chow and Chang, 2008). The BARD can be simple or
complex with single or multiple outcomes respectively.
Although, predictive probability was widely used in both
clinica trias phase 1l and phase 11l (Lee and Liu, 2008;
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Sambucini, 2010), the combined use of predictive probability
with Bayesi an adaptiverandomization hasbeenrarely reported
(Yinetal., 2012).

This study was conducted by using Bayesian stochastic
curtailment by a simple Bayesian Adaptive Randomization
Design (SBARD) to obtain the predictive probability of a
clinical outcome. Theclinical outcomewasthe efficacy of two
devices (conventional device and new device) to obtain
endometrial tissue in women with abnormal uterine bleeding.
The efficacy was a binary endpoint of tissue adequacy.
Bayesian predictive probability was compared to the
frequentist conditional power approach.

MATERIALSAND METHODS

Background of experimental study in women with
abnormal uterine bleeding: A monitoring design was
determined for its feasibility in a genuine randomized
controlled study. The study was approved by the institutional
ethics committee and was registered to the Thai clinical trials
registry (study 1D TCTR201401080001). Women aged age
over 35 years with Abnormal Uterine Bleeding (AUB) in a
single institution between January-September 2014 were
randomized to have endometrial pathologic evaluation by 2
devicesin an out-women setting. Control arm (arm 1) applied
conventional device while study arm (arm 2) used a new
device. Name of specific devices were withheld for
confidentiality reasons. The primary endpoints were binary
data of endometrial tissue adequacy (adequate vsinadequate)
and pain (pain vs no pain). The conventional sample size
calculation was based on the difference of tissue adequacy
between the 2 devices. Criterion for significance (alpha) was
set at 0.05. For a statistical power at 80%, 194 women were
required. Adding with a 20% drop out rate, total sample size
in each arm was 214. All authors declared no conflict of
interest.

Simple Bayesian Adaptive Randomization Design
(SBARD): In this study, tissue adequacy was selected to test
the SBARD under PP method.

Assuming p;, were success rates (percentages of tissue
adequacy), x; was number of successand n; wasthe number of
subjectsin each arm. Define arm;i = 1 was control arm using
conventional device, i = 2 was treatment arm using a new
device. Based on standard binomial distribution, we had
X, - binomial (n, p;) with beta prior distribution for p,.

To illustrate how Bayesian adaptive randomization may
work, we first studied a SBARD to test binary response of
tissue adequacy by two devices. Women were assigned to
receiveeither treatment (conventional or new device), usingan
adaptive procedure that based on assignment probabilities.
Three scenarios of simulation was conducted to evaluate the
posterior probabilities according to the study of Thall and
Wathen (2006) and (Yin et al., 2012) asin Eq. 1.
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_ P(p,p, [X)*
P(p,)p,IX)A + P(—p )p,IX)*

1)

where, T was posterior probability, | was tuning parameter

The next women was assigned to arm 2 (new device) with
probability of = and to arm 1 (conventional device) with
probability of 1-t. When | was «, the posterior probability by
the* Play thewinner rule” would allow the next women whom
to be assigned to arm 2 would be alternatively assigned to the
‘“Winner-treatment arm’ based on the available current data
without randomization. The larger | was the more imbalance
of randomization it would be.

A decision rule can be set to compare tissue adequacy
between control and treatment arms with various
randomization ratios. At an interim phase, predicting the
probability of successful outcome of either arm would be
considered. If thep, >p, probability was>0.999, thetrial could
be stopped early with a conclusion that a conventional device
wasbetter or the new devicewas better when p,>p, probability
was >0.999. The detail of predictive probability would be
described in the following section.

In this model study, 100 subjects were Equaly
Randomized (ER) into each arm. The next cohort was
Adaptively Randomized (AR) by the SBARD (Fig. 1).

Predictive Probability (PP) approach: Assuming p, was
success rates (percentages of tissue adequacy), x; was number
of successand n, wasthetotal number of subjectsin each arm.
Defining treatment arm (arm;, i of 1 was control arm or
conventional device and i of 2 was treatment arm or new
device. Based on a standard binomial distribution, we had X;

~ binomial (n,,p;) with beta prior distribution for p, Posterior
distribution of p, was: p, | X; ~beta (a+x;,p+n- X, If the
maximum sample size in arm i was N;, number of tissue
adequacy in the future would be N;- n,, Y,~ beta-binomial
(Ni- 0y, a+X;,B+ ni- ;).

The posterior distribution of tissue adequacy given the
current data and future datawas in Eq. 2:

p [X;,Y; ~beta (a+x+y;,p+ N; - X-y; ), when Y, =y, (2)

The decision rules based on the PP were set according to
the report of Lee and Liu (2008):

» |f PP<P, thetria could be stopped with the conclusion
that the new device was not better than conventional
device

» If PP>P, thetrial could be stopped with the conclusion
that the new device was superior than the conventional
device

A simulation study: Thetotal sample size was set as N= 428
(214 in each arm). The first 50 women were equally
randomized to each arm (total 100 subjects). Subsequent
women (164 in each arm) were adaptively randomized based
on posterior probabilities of success rates which were
currently observed (total of 328 subjects). Total of 5,000
simulations were generated to evaluate the performance of
SBARD under 3 scenarios. Probability of lower limit (P,) and
upper limit (P,) were set: P = 0.025, P, =0.975, so that the
trial would not be terminated early.

From the pilot study among 69 women, the success
rates of conventional device and the new device were 78.4%
(p, = 0.784) and 88.9% (p, = 0.889), respectively. This

Eligible subjects

(N =428)

Control (n = 214)

v

Treatment (n = 214)

A 4

Control (n = 50)

ER phase (n = 100)

v

Treatment (n = 50)

Eligible subjects
(next cohort)

AR phase (n = 328)

A4

Control (n = 164)

Fig. 1: A schematic of SBARD procedure
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information was included into the model as prior data. 5,000
simulations are done to evaluate the performance of SBARD
and PP under 3 different probability of responserates(p,). We
set p, = 0.7 and p, = 0.85 under scenario 1, p, = 0.8and
p, = 0.85 under scenario 2 and p, = 0.8 and p, = 0.9 under
scenario 3. The performances of the SBARD were evaluated
by comparing the average number of subjectsusedineach arm
with their confidenceintervalsin the SBARD and actual total
sample size which including ER phase. In addition, the
probability of treatment selection and predictive probabilities
were a so assessed.

RESULTS

Theoperating characteristicsof the SBARD, probabilities
of treatment selection and predictive probabilities are shown
in Table 1. Although the treatment arm had higher chance to
be selected under three scenarios (p = 0.55, 0.74, 0.58), all
scenarios did not yield statistical power of 90%. Scenario 1
was selected due to similar rate of outcome with the actual
study. The SBARD required 92 subjectsin control armand 61
subjects in treatment arm with total sample size of 253 from
both ER (100) and AR (153) phase (60% of actual total
number (253/428)). Unfortunately, the actual study stopped
prior to recruitment compl etion due higher percentagesof pain
in the study arm (33 women (27.0%) vs. 17 women (14.4%),
p =0.016) without a benefit over a control arm in terms
of tissue adequacy (p = 0.162). The actua number of
women enrolled was 275 in total (65% of the intention): 135
in control and 140 in study arms. This figure of 275 women
was close to the figure in scenario 1 of the SBARD (253 or
60%). Onedifferencewasthat the women were approxi mately
assigned into each arm in the actual study while SBARD
assigned more number of women to the control arm
(92 subjects). This indicated that the study arm was inferior
than the control in all scenarios (probabilities to select
treatment arm = 0.55, 0.74, 0.58) even when the tria was
continued until the end of study due to the predictive
probabilitiesdid not reach pre-defined cutoff points (p<0.001).

DISCUSSION

To monitor clinical trials by a conventional monitoring
design to evaluate the benefit of treatment (Pocock and
O'Brien Flemming), there is an increased need which is
concerning on cost and time simultaneously. Many
investigators and sponsorsin clinical trial are aware of these
limitations and frequently attempt to modify their trials while
maintaining the quality of conduct . Many authors proposed
the advantage of BARD and predictive probability in an effort
to reduce these problems and encouraged the use of BARD
and predictiveprobabilitiesin clinical studies(Dmitrienkoand
Wang, 2006; Snapinn et al., 2006; Spiegelhalter et al., 1986;
Yin et al., 2012). The first BARD trial which illustrated the
strength of adaptive randomization to avoid ineffective
treatment was a report from the university of Texas M.D.
Anderson Cancer Center (Yuanetal., 2011). The patientswith
Acute Myeloid Leukemia (AML) underwent adaptive
randomization based on dynamic success probabilities
measured as complete response from either one of the three
chemotherapy regimens. Although, the BAR wasprovento be
effective to reduce number of subjectsto inferior treatment or
early stopping of the unsuccessful trial, thistrial provoked a
considerablecontroversy over thedecisionto drop arm onefor
failing to achieve success after enrolling five patients. The
second report of adaptive randomization was published in
2007 by the researchers from Memoria Sloan-Kettering
Cancer Center (Maki et al., 2007). The objective of the trial
was to determine whether the addition of docetaxel to
gemcitabine improved the clinical outcome of patients with
metastatic soft tissue of sarcoma. The protocol was specified
for a dynamic adaptive randomization that was based on the
accrual response rate. The adaptive randomization assigned
73 patients (60%) to gemcitabine plus docetaxel and 49
patients to gemcitabine alone, median Progression Free
Survival (PFS) was 6.2 monthsfor gemcitabine plus docetaxel
and 3 monthsfor gemcitabine alone, indicating gemcitabine

Tablel: Operating characteristicsof responserate, predictive probabilitiesbetween control and treatment using Simple Bayesian Adaptive Randomi zation Design

(SBARD)
SBARD
Actual sample size used
Sample size in both ER and AR
Category Sample size Mean No. of Chanceto Predictive required phase (% of actual
Scenarios/arms  responserates ratio (SBARD) women (95% ClI) be selected probabilities by SBARD number of women)
Scenariol
Control 0.70 151 92 (0, 287) 0.21 <0.0001 153 253 (60%)
Treatment 0.85 61 (1, 113) 0.55 <0.0001
Scenario2
Control 0.80 1:1.6 46 (0, 238) 0 <0.0001 120 220 (51%)
Treatment 0.85 74 (1, 348) 0.74 <0.0001
Scenario3
Control 0.80 11 82 (1, 296) 0.2 <0.0001 165 265 (62%)
Treatment 0.90 83 (1, 243) 0.58 <0.0001
ER: Equal randomization, AR: Adaptive randomization
WWW.ansinet.com 1254 | Volume 15 | Issue 10 | 2015 |
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plus docetaxel was superior. The author concluded that
adaptive randomization was an effective method to reduce the
number of subjects receiving inferior therapy. The proposed
design proof that uses of SBARD is not only efficient in a
simulation study (Supawattanabodee and I ngsrisawang, 2015;
Chen et al., 2012) but it is feasible in the redl tria too. The
result of this study also revea that SBARD requires smaller
number of subjects than equally randomization design and
correspondence with the previous studies (Yuan et al., 2011;
Maki et al., 2007). Moreover, the PP is efficient in continuous
monitoring the trial outcomes has a higher early stopping
probability under null hypothesis but the rejection region has
a smoother transition when compare with the posterior
probability and in common with the previous studies too
(Leeand Liu, 2008; Yin et al., 2012).

CONCLUSION

SBARD and predictive probability are moreefficient than
conventional design in reducing number of women being
assigned to inferior treatment. The SBARD mainly focuseson
the short term response while predictive probability would
predict the future outcome. Future study may apply the
SBARD with predictive probability to determine long term
outcomes, such as, survival in trials of cancer patients.
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