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This document presents an overview of adaptive enrichment designs intended for 
clinical investigators and statisticians who are considering using these designs. 
Case studies are used to compare these adaptive designs to standard designs in 
simulations that mimic key features from 4 clinical applications: 
Case Study 1: Superiority trial of surgical treatment for severe stroke.1 
Case Study 2: Superiority trial of cardiac resynchronization device.2  
Case Study 3: Non-inferiority trial of HIV treatments.3 
Case Study 4: Superiority trial of drug for Alzheimer’s disease prevention.1 
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1. Overview of Adaptive Enrichment Designs for Confirmatory Trials: 
a. What is a confirmatory trial? 
Our focus is on confirmatory randomized clinical trials, often referred to as 
adequate and well-controlled trials. These terms mean that the trial is designed 
to demonstrate efficacy and safety of an intervention (such as a drug, medical 
device, surgical procedure, etc.). 

 
b. What is an adaptive design? 
Adaptive designs involve preplanned rules for modifying the conduct of a trial 
based on accruing data. We use the definition of adaptive designs from the FDA 
Draft Guidance on Adaptive Designs for Drugs and Biologics4, “an adaptive 
design clinical study is defined as a study that includes a prospectively planned 
opportunity for modification of one or more specified aspects of the study design 
and hypotheses based on analysis of data (usually interim data) from subjects in 
the study.” 

 
Examples of modifications that could be made in an adaptive trial include the 
following, excerpted from4: 
• study eligibility criteria (either for subsequent study enrollment or for a subset 
selection of an analytic population)  
• randomization procedure  
• treatment regimens of the different study groups (e.g., dose level, schedule, 
duration)  
• total sample size of the study (including early termination)  
• concomitant treatments used  
• planned schedule of patient evaluations for data collection (e.g., number of 
intermediate timepoints, timing of last patient observation and duration of patient 
study participation)  
• primary endpoint (e.g., which of several types of outcome assessments, which 
timepoint of assessment, use of a unitary versus composite endpoint or the 
components included in a composite endpoint) 
• selection and/or order of secondary endpoints 
• analytic methods to evaluate the endpoints (e.g., covariates of final analysis, 
statistical methodology, Type I error control) 

 
c. What is an adaptive enrichment design? 
This document focuses on a single type of adaptation called “adaptive 
enrichment”, defined by5 to be a preplanned rule for modifying enrollment criteria 
based on accruing data in an ongoing trial. Adaptive enrichment may be 
considered when there is suggestive evidence (available in the planning phase of 
a trial) that a subpopulation may be more likely to benefit from treatment. The 
subpopulation could be defined by severity of disease, a risk score, or a 
biomarker measured at baseline (i.e., prior to randomization). Adaptive 
enrichment designs may be useful if the goals of the trial include not only 



determining whether a treatment benefits the overall target population, but also to 
learn which subpopulations benefit.  

 
Enrichment refers to selection of a subset of the overall population that is 
conjectured to be more likely to benefit (or may benefit more) from treatment. An 
enrichment design (FDA 2012) refers to a design that only enrolls such a 
subpopulation, from the very start. Adaptive enrichment refers to designs that 
start by enrolling from the overall target population, but may (based on a 
preplanned rule applied to accruing data) restrict enrollment and follow-up to a 
subpopulation.  
 
A motivation for considering adaptive enrichment designs is that a standard 
design (which enrolls the overall population) may have low power to detect a 
treatment effect if only a subpopulation benefits. Adaptive enrichment designs 
can provide more power to detect overall population and subpopulation benefits6. 
However, there is typically a tradeoff in that greater sample size is required to do 
this, compared to a standard design that is only powered to detect a benefit in 
the overall population. Our trial optimization software tool presents this tradeoff 
by comparing performance of different designs, allowing the trial designer to 
decide which design is the best match to her/his research goals and constraints. 

 
Figure 1 below presents a schematic of a 2 stage adaptive enrichment design 
that is similar to Figure 2 in the manuscript7. A decision is made after stage 1 to: 
(1) continue enrolling both subpopulations; (2) enroll only subpopulation 1; (3) 
enroll only subpopulation 2; (4) stop the trial. This type of design is considered in 
Case Studies 1-4, but involving multiple stages after which such enrollment 
decisions can be made. Once a subpopulation has accrual stopped, it cannot be 
restarted. 
 
  



Figure 1: 

 
d. Goals of adaptive enrichment designs.  
Adaptive enrichment designs typically involve power requirements for detecting 
treatment benefits in each subpopulation (and possibly in the overall population) 
and Type I error requirements. Under these requirements, the goal is to minimize 
the trial cost in terms of sample size and duration. Just as for standard group 
sequential designs (i.e., designs for a single population but with multiple stages 
where the trial can be stopped early for efficacy or futility), there is a tradeoff 
between the average sample size and the maximum possible sample size.  
 
e. Three recently conducted or ongoing adaptive enrichment designs 
These are presented only to illustrate that such designs are implemented in 
practice; we do not discuss details of these particular designs and they are not 
related to our case studies. 
i. The DAWN trial8 compares mechanical thrombectomy versus standard medical 
care for treating acute stroke. It uses a Bayesian adaptive enrichment design 
involving interim analyses where the inclusion criteria could be modified to 
restrict enrollment to subpopulations with smaller infarct sizes at baseline.   
ii. The DEFUSE 3 trial9 involves, “A novel adaptive design will identify, at interim 
analyses, the group with the best prospect for showing benefit from endovascular 
treatment, based on baseline core lesion volumes and the times since stroke 
onset. Interim analyses will be conducted at 200 and 340 patients, at which time 
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the study may stop for efficacy/futility, or the inclusion criteria may be adjusted in 
the case of futility.“ 
iii. Tappas:10 “An adaptive enrichment phase 3 trial of TRC105 and pazopanib 
versus pazopanib alone in patients with advanced angiosarcoma.” The trial 
involves an interim analysis where the population may be enriched (restricted) 
and sample size increased.  

 
2. Case Studies Overview 
a. Summary of Each Clinical Application 
The four case studies involve simulations comparing adaptive versus standard 
designs that use key features from clinical applications in four disease areas. 
Table 1 gives key features of each clinical application and the data sources we 
drew from to create our simulation studies. 
 
Table 1: Summary of Clinical Applications Used in Case Studies 
Disease Treatments Data 

Sources 
Subpopulations 
of Interest  

Primary 
Outcome  

Stroke Surgery 
versus 
standard of 
care; rtPA. 

MISTIE11 
and 
CLEAR12 
trials 

Intraventricular 
hemorrhage (IVH) 
volume  
<10ml vs. ≥10ml 
(33%, 67%)* 

180-day 
functional 
disability score 
(modified 
Rankin Scale) 

Heart 
disease 

Atrioventric-
ular delay 
used in CRT 
device 

SMART-
AV trial13 

QRS duration  
<150ms vs. 
≥150ms 
(49%, 51%)* 

Left ventricular 
end systolic 
volume at 180 
days. 

HIV Antiretroviral 
combination 
therapies 

PEARLS 
trial14  

Women, Men 
(47%,53%)*  

Time to virologic 
failure, AIDS 
defining illness, 
or death 

Alzheimer’s 
Disease 

Drug for mild 
cognitive 
impairment 

ADNI15 
cohort 
study 

ApoE4 genotype 
carrier versus non-
carrier  
(47%,53%)* 

2 year Clinical 
Dementia 
Rating Scale 
(CDR) 

*Percentages indicate proportions of study population in each subpopulation. 
 

For each clinical application, it was conjectured by clinical investigators that a 
subpopulation (see column 4) may be more likely to benefit from treatment than 
the overall target population. This motivated the consideration of adaptive 
enrichment designs to help learn about treatment effects in subpopulations. 

 
b. Trial Design Requirements for Each Case Study 
The trial design requirements for each of the four clinical applications differed, 
but had some common features. All of the designs are required to control the 
study-wide Type I error rate (probability of at least one false positive result) at the 
desired level (e.g., 0.05), asymptotically. Each application involved two 



subpopulations that partition the overall target population (column 4 of Table 1). 
Interest was in testing null hypotheses for these subpopulations (and sometimes 
for the combined population). We next describe the null hypotheses tested, the 
scenarios of interest, and the power requirements in each case study.  
 
Case Studies 1 (stroke) and 4 (Alzheimer’s disease) have the same structure.1 A 
single treatment was compared to control in two subpopulations. The 3 null 
hypotheses are no average treatment benefit for subpopulation 1, for 
subpopulation 2, and for the combined population, respectively. There were 4 
scenarios of interest: (i) only subpopulation 1 benefits, (ii) only subpopulation 2 
benefits, (iii) both subpopulations benefit, and (iv) neither subpopulation benefits; 
benefiting means that the average treatment effect equals the minimum, clinically 
meaningful level, and not benefiting means the average treatment effect is zero. 
The power requirements were the following: 80% power to reject the null 
hypothesis for subpopulation 1 in scenario (i); 80% power to reject the null 
hypothesis for subpopulation 2 in scenario (ii); and, 80% power to reject the null 
hypothesis for the combined population in scenario (iii).  
 
Case study 2 (heart disease) involves testing 2 treatments (A and B) versus 
control in two subpopulations. There are four null hypotheses, one for each 
treatment by subpopulation combination, each of the type: no average treatment 
benefit (compared to control) in the given subpopulation. There were six 
scenarios of interest, defined by the treatment effects in each treatment by 
subpopulation combination, which could be either 0 (no effect) or 15ml (the 
minimum, clinically meaningful treatment effect). The six scenarios are defined 
as follows: (i) neither subpopulation benefits from either treatment; (ii) treatment 
A benefits only subpopulation 1 and treatment B benefits no one; (iii) both 
treatments benefit subpopulation 1 but not subpopulation 2; (iv) treatment A 
benefits both subpopulations and treatment B benefits no one; (v) treatment A 
benefits both subpopulations and treatment B benefits only subpopulation 1; (vi) 
treatment A and treatment B benefit both subpopulations. The power requirement 
in each scenario is 80% power to reject each null hypothesis corresponding to a 
treatment benefit. For example, in scenario (iii), the requirement is 80% power to 
reject the null hypothesis for treatment A and subpopulation 1, and also for 
treatment B and subpopulation 1; in scenario (vi), the power requirement is 80% 
for each treatment by subpopulation combination. 
 
Case study 3 (HIV treatment) involves testing whether treatment A is non-inferior 
to treatment B in two subpopulations (women and men), where the outcome is 
time to the first of virologic failure, AIDS defining illness, or death. The non-
inferiority margin is a hazard ratio of 1.35 comparing treatment A to B. There are 
two null hypotheses (one per subpopulation) of the form: treatment A is inferior to 
treatment B (hazard ratio at least 1.35) in the given subpopulation. Four 
scenarios were considered: (i) A is equivalent to B (hazard ratio 1) for each 
subpopulation; A is equivalent to B for subpopulation 1 but inferior to B (hazard 
ratio 1.35) for subpopulation 2; (iii) A is equivalent to B (hazard ratio 1) for 



subpopulation 1 but highly inferior to B (hazard ratio 2.14) for subpopulation 2; A 
is inferior to B (hazard ratio 1.35) for each subpopulation. In each scenario, it was 
required to have 80% power to reject each inferiority null hypothesis when the 
corresponding hazard ratio was 1 (equivalence of A and B) or smaller (A superior 
to B). 
 
3. Key Requirements for Adaptive Enrichment Designs to be Useful: 
a. Need predefined subpopulations where effect of new treatment hypothesized 

to differ by subpopulation 
For confirmatory trials (which is the focus of this document), the subpopulations 
of interest must be defined in the study protocol before the trial starts. In each of 
our case studies, we consider two subpopulations that partition the overall 
population. However, more subpopulations could be considered, e.g., a nested 
sequence of populations as in5 and some of the real trials in Section 1.e above. 
Throughout, we assume that the subpopulation definitions are specified in the 
study protocol. 
 
Selection of the subpopulations should be based on biological knowledge. It was 
conjectured that subpopulations defined by smaller hemorrhage volume, shorter 
QRS duration, sex=female, and APOE4 carrier would be more likely to benefit 
from treatment in the trial corresponding to each of Case Studies 1-4, 
respectively. Ideally, the subpopulation definition would also be corroborated with 
data from previous studies (e.g., phase 2 trials or observational studies) if such 
studies have been conducted. It must be clinically important to learn which 
subpopulations benefit from treatment in order to justify use of an adaptive 
enrichment design. 
 
b. Subpopulation size can’t be too small as fraction of overall population 

 
If a subpopulation makes up only a small fraction of the overall target population, 
then an adaptive enrichment design involving such a subpopulation may be 
infeasible. This is because of the potentially large time required to enroll a 
sufficient number from such a subpopulation in the case that enrollment rate is 
proportional to subpopulation fraction. This would be the case for subpopulations 
defined, e.g., by a biomarker, where biomarker status is first determined at the 
time of screening a patient into the trial. However, for subpopulations defined by 
characteristics that are known to would-be participants before screening such as 
sex, age (and possibly disease severity), it may be possible to include such 
subpopulations if the projected enrollment rate would be fast enough. Another 
argument against considering subpopulations that make up a small fraction of the 
overall population is that even if a treatment benefit were demonstrated in the 
subpopulation, the public health impact would be limited to this small population 
(and inappropriate off-label use may end up wasting healthcare resources and/or 
causing side-effects).  
 



Subpopulation sizes in Case Studies 1-4 are, respectively, 33% with small 
hemorrhage volume, 49% with short QRS duration, 47% female, and 47% ApoE4 
carriers. 

 
c. Long delay times between patient enrollment and measurement of her/his 

primary outcome can limit the value added by adaptive enrichment. 
 

Another key factor that determines the added value of adaptive enrichment 
designs is whether sufficient information will have accrued in time to make a 
useful decision about changing enrollment criteria. The information accrual rate 
depends on the enrollment rate and the delay time between enrollment and 
measurement of the primary outcome. As an extreme example, if all enrollment is 
completed before any primary outcomes have been measured, then there is no 
opportunity to change enrollment criteria based on accrued primary outcome 
data. In such a case, a decision could still be made to terminate patient follow-up 
early (for the overall population or a subpopulation among those in the pipeline) 
after sufficiently many primary outcomes have been observed. But this will not 
impact sample size (i.e., number enrolled), only study duration.  
 
It is an open question as to what constitutes sufficient information to make a 
useful decision about changing enrollment or terminating follow-up. The answer 
depends on the relative importance assigned to the trial’s multiple goals, which 
include power, precision (of estimators), cost, and minimizing exposure to 
ineffective/harmful treatments. The situation is more complex in adaptive 
enrichment designs than in standard designs, since power and precision apply to 
multiple populations instead of a single population. We recommend running 
simulations involving different analysis times to determine how much information 
is sufficient for making a useful decision about enrollment or follow-up 
modification. Our software tool optimizes the interim analysis times, so may be 
useful for this purpose. The impact of the enrollment rate and the time to observe 
participant outcomes is further discussed in Section 4.b. 
 
Some research has been done where interim decisions are based on outcomes 
measured earlier than the primary endpoint. We recommend caution in using 
such an approach, since earlier outcomes may fail to be surrogates for the 
primary outcome; in such cases, a decision rule that depends on the assumption 
of surrogacy may lead to poor trial performance. 
 
4. Key Tradeoffs: Adaptive Enrichment Designs Versus Standard Group 

Sequential Designs 
a. What is likely to be learned at end of trial 
Standard designs have high power to detect an effect in the overall population, 
but may have low power to detect any effects if the treatment only benefits a 
subpopulation. It was shown in1 that an advantage of adaptive enrichment 
designs compared to standard designs is that the former have high power (e.g., 
80%) to detect an effect in a subpopulation if only that subpopulation benefits, 



and also have high power to detect and overall effect if the treatment benefits 
both subpopulations. However, this added power typically comes at the cost of 
higher sample size (both maximum sample size and average sample size).  
 
b. Sample size and duration required (both expected and maximum) 
The previous paragraph compared standard designs that only have high power 
to detect a treatment benefit in the overall population versus adaptive designs 
that have high power for both the overall population and for the case where only 
a subpopulation benefits. A major tradeoff between optimized standard designs 
and optimized adaptive enrichment designs is average sample size versus 
maximum possible sample size (and similarly expected duration versus 
maximum possible duration). The adaptive designs typically have lower average 
sample size but higher maximum sample size. This is the same type of tradeoff 
encountered when comparing (non-adaptive) group sequential designs versus 
single stage designs.  
 
We conducted four simulation studies that mimic key features of data from 
completed randomized trials (Case Studies 1-4).  In each simulation study, we 
optimized adaptive and standard designs under the power and Type I error 
constraints from Section 2.b, and compared their performance.  The results are 
summarized in Table 2.  
 
Table 2: Summary of Tradeoffs Comparing Standard (1-Stage) Versus Adaptive 
Enrichment Designs.  
Case Study Design 

Type 
Average 
Performance  
 

Worst-case 
Performance  

1. Stroke  
Standard: 
Adaptive: 

Average Sample Size 
1443 
  981 

Maximum Sample Size 
1443 
1762 

2. Heart 
disease 

 
Standard: 
Adaptive: 

Average Sample Size 
1779 
1341 

Maximum Sample Size 
1779 
1917 

3. HIV  
Standard: 
Adaptive: 

Average Sample Size 
1426  
No improvement 

Maximum Sample Size 
1426 
No improvement 

4. 
Alzheimer’s 
Disease 

 
Standard: 
Adaptive: 

Average Duration 
5.0 years 
4.6 years 

Maximum Duration 
5.0 years 
5.8 years 

 
In Case Study 1 (stroke treatment), the optimized adaptive design reduced 
average sample size by 32% compared to standard designs; the tradeoff is that 
the worst-case (maximum) sample size was 22% larger for the adaptive design. 
For Case Study 2 (cardiac resynchronization device for treating heart disease), 
the optimized adaptive design reduced average sample size by 25% compared 
to standard designs; the tradeoff is that the worst-case (maximum) sample size 



was 8% larger for the adaptive design. For Case Study 3 (HIV treatments), the 
adaptive designs provided no added benefits. For Case Study 4 (Alzheimer’s 
disease prevention), the adaptive designs provided no benefits in terms of 
reducing the average sample size, but did reduce the average trial duration at the 
cost of greater maximum duration. 
 
Case Studies 1 and 2 saw substantial reductions in average sample size while 
Case Studies 3 and 4 did not see any such reductions. This is likely due to 
differences in the relationships between participant enrollment rates and the time 
(called delay time) between enrollment and observation of each participant’s 
outcome. In Case Studies 1 and 2, the enrollment rates for the combined 
population were 420 and 240 per year, respectively, while the delay time was 0.5 
years in both studies. The standard design maximum durations were 3.9 years 
and 7.9 years, respectively, for Case Studies 1 and 2.  
 
As a rough benchmark for how much information has accrued in time to be useful 
for modifying future enrollment, for the standard design we computed the fraction 
of the total sample size has not yet been enrolled at the time point when half of 
the total outcomes are observed. We call this the remaining sample size fraction. 
When the outcome is a time-to-event, as in Case Study 3, we replace “time when 
half of the total outcomes are observed” by “expected time when half of the total 
events have occurred”, since the total number of events determines the 
information available for this outcome type.  
 
The remaining sample size fraction is 33% and 43% for case studies 1 and 2, 
respectively. This suggests that adaptive enrichment may be able to reduce the 
average sample size, since 33-43% of the sample size remains to be enrolled 
when half the statistical information has accrued. For example, such designs 
could have rules for stopping a subpopulation’s accrual early for futility at such a 
time point. For case studies 3 and 4, where the enrollment rates for the combined 
population were 724 and 500 per year, respectively, the remaining sample size 
fraction is 0% in both cases. That is, all enrollment has been completed before 
half the information has accrued. In such cases, one may expect that adaptive 
enrichment designs are unlikely to lead to reductions in average sample size, 
since too little information is available to make a useful decision before 
enrollment has been completed. However, in such cases it is still possible to use 
adaptive enrichment to reduce the average trial duration, since follow-up for a 
subpopulation can be stopped early for efficacy or futility. In case study 4, this led 
to a decrease of 0.4 years in average duration compared to a standard design, 
but at the cost of 0.8 years for maximum duration; unfortunately, this is not a 
particularly favorable tradeoff.  
 
c. Expected number of participants assigned to inferior/superior arm 

 
Another potential advantage adaptive enrichment designs is reducing the number 
of participants assigned to an ineffective or inferior treatment arm. This may be 



especially relevant in trials where the treatment has known toxicity or can cause 
severe adverse events. It may be ideal for cases where it is suspected that the 
treatment benefits one subpopulation but harms the complementary 
subpopulation. In16, simulation studies showed that substantial reductions in the 
number assigned to the inferior treatment are possible through the use of 
adaptive enrichment designs, when there is such a qualitative interaction. 

 
5. Regulator Perspectives on Adaptive Enrichment Designs 
a. What does the U.S. Food and Drug Administration recommend?  
 
The 2010 FDA draft guidance on adaptive designs for drugs and biologics4 
defines adaptive designs as having preplanned rules for modifying features of the 
trial, such as sample size, enrollment criteria, or dose of treatment. Their focus is 
on adequate and well-controlled trials (also called confirmatory trials). They 
classify different types of adaptations as either “well understood” or “less well 
understood”. Adaptive enrichment designs are in the latter category. Being in the 
“less well understood” category means that additional justification needs to be 
provided for why the adaptive design is being proposed. According to a 
manuscript written by statisticians at the FDA’s Center for Biologics Evaluation 
and Research17:  
“Providing a well-written and sufficiently detailed study protocol in the regulatory 
submission will greatly assist the review process. We particularly suggest the 
following points for sponsors to consider if they intend to conduct adaptive design 
clinical trials for confirmatory purposes: 
1. Why use an adaptive design instead of a conventional one? 
2. What features does the proposed design have and are details related to timing 
and execution clearly spelled out in the protocol? 
3. Is the study-wise type I error rate controlled? 
4. Are the included simulation studies adequate? 
5. Are steps being taken to avoid or minimize operational bias? 
6. Are study success criteria and stopping rules explicitly specified?” 
We encourage sponsors to propose adaptive design clinical trials when 
appropriate for their development. It is often productive, however, to discuss such 
proposals prior to formal submission, using regulatory meeting mechanisms such 
as pre-IND or Q-submissions to start the dialog.” 

 
Similar recommendations as above apply to adaptive designs for medical 
devices.18 

 
b. What does the European Medicines Agency recommend? 

 
According to the European Medicines Agency’s Reflection Paper on 
Methodological Issues in Confirmatory Clinical Trials Planned with an Adaptive 
Design 19 , in confirmatory trials the use of adaptive designs (compared to 
standard designs) requires “further justification: adaptive designs should not be 
seen as a means to alleviate the burden of rigorous planning of clinical trials.” For 



adaptive enrichment designs, which involve preplanned rules for modifying 
enrollment at the end of each stage, “the applicant will need to carefully argue 
why a combination of the results from different stages is capable of 
substantiating a final treatment recommendation and why the confirmatory nature 
of the trial is not damaged.”19 

 
6. Software Tool for Tailoring Adaptive Enrichment Design to One’s Scientific 

Goals and Logistical Constraints, and Compare to Standard Designs, with our 
Software Tool 

a. Overview: target audience 
The open-source software tool is available, free, here: http://rosenblum.jhu.edu 
It is intended for investigators planning a confirmatory trial where it’s suspected 
that a subpopulation may benefit more than the overall population. The 
subpopulation could be defined by a risk score or biomarker measured at 
baseline. The subpopulation must be defined in advance, e.g., based on prior 
data or medical knowledge. Adaptive enrichment designs have potential to 
provide stronger evidence than standard designs about treatment benefits for the 
subpopulation, its complement, and the combined population. 
 
Adaptive enrichment designs have a preplanned rule for changing enrollment 
criteria based on accrued data in an ongoing trial; for example, future enrollment 
may be restricted to a subpopulation if the complementary subpopulation is not 
benefiting. This software tool can help in planning such a trial, by tailoring an 
adaptive enrichment design to the scientific goals and logistical constraints of the 
investigator, and comparing performance of the adaptive design to more 
traditional designs. The software searches over hundreds of candidate adaptive 
designs with the aim of finding one that satisfies the user’s requirements for Type 
I and II error at the minimum cost. This requires substantial computation and is 
typically completed within 24 hours, at which time a summary report is emailed to 
the user. 
 
b. Inputs from the user specific to their trial design problem 

i.  Type of Primary Outcome (binary, continuous, or time-to-event)              
ii.  Subpopulation 1 proportion 
iii.  Familywise Type I error  
iv.  Maximum total sample size 
v.  Enrollment Rate per Year for Combined Population 
vi.  Length of Follow-up for Each Participant 
vii. Optimization Target: minimize average sample size or expected duration.  
viii. Option to Incorporate Precision Gain from Adjustment for Prognostic 
Baseline Variables 
ix.  If outcome is time-to-event, additional inputs include: selection of 
superiority versus non-inferiority trial, censoring probability. 
x.  Power requirements 
xi. Scenarios over which average sample size (or duration) is to be 
calculated, e.g., the scenarios described in (1.d) above. 



 
c. What information is output by the software tool (automatically generated report 
comparing performance of different designs) 
The software outputs a report comparing the performance of the best designs 
found in its search. Performance criteria reported include the following:  

i. Sample size 
ii. Duration  
iii. Power 
iv. Type I error 
v. Estimator bias, variance, and mean squared error 
vi. Confidence interval performance 
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