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A)-Where there is the opportunity to choose a study result from 
among the results on many endpoints, study groups, or data time 
points, it is well recognized that bias is introduced because of the 
opportunity to choose the successful result from among the 
multiplicity of options. 
In this circumstance an approach to controlling the Type I error rate 
should always be used. 
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Clinical trial simulations often play a critical role in planning and 
designing clinical trials in general, and are particularly important for 
adaptive trials. Simulations can be used, for example, to select the 
number and timing of interim analyses, or to determine the 
appropriate critical value of a test statistic for declaring efficacy or 
futility. Simulations can also be useful for comparing the performance 
of alternative designs. Finally, a major use of simulations in adaptive 
trial design is to estimate trial operating characteristics18 and to 
demonstrate that these operating characteristics meet desired levels.

18. Trial operating characteristics are properties of the trial with a 
given design. For example, properties of interest might include Type I 
error probability; power; expected, minimum, and maximum sample 
size; bias of treatment effect estimates; and coverage of confidence 
intervals (the probability the confidence interval would include the 
true  treatment effect if the clinical trial were repeated many times).
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https://www.berryconsultants.com/adaptive-designs/
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“Inferentially seamless”,
vs. “operationally seamless”
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O’Brien-Fleming: a1 =0.0054, a0 = 0.1 The Bonferroni adjusted p-value 
for the global null hypothesis 
H{1,2,3} at the first stage is  
p1,{1,2,3}=3 min(p1,1, p1,2, 
p1,3) = 3×0.0049 = 0.0147.
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we compute:
(i) the probability to reject correctly at least one of 

the hypotheses under investigation at the final 
analysis (disjunctive power) and 

(ii) the probability to reject correctly a specific 
elementary null hypothesis (individual power)

We consider the following decision rules to be adopted in the interim analysis:
(I) Continue with all treatments in the second stage.
(II) Select the best treatment based on the observed first stage mean values.
(III) Select the best treatment only if the mean difference to control is above a 

threshold.
(IV) Select all treatments where the mean difference to control is above .
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we compute:
(i) the probability to reject correctly at least one of 

the hypotheses under investigation at the final 
analysis (disjunctive power) and 

(ii) the probability to reject correctly a specific 
elementary null hypothesis (individual power)

We consider the following decision rules to be adopted in the interim analysis:
(I) Continue with all treatments in the second stage.
(II) Select the best treatment based on the observed first stage mean values.
(III) Select the best treatment only if the mean difference to control is above a 

threshold.
(IV) Select all treatments where the mean difference to control is above .
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Statist. Med.2016,35 325–347
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JAMA April 28, 2015 Volume 313, Number 16 1619

The platform design differs from the basket or umbrella designs in that it is not 
testing a specified hypothesis about matching of drug to genomic alteration. 
The platform approach involves an adaptive randomization among multiple drugs for 
each of several biomarker strata.


