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OutlineOutline

• Inherited pros and cons from Fisherian
statistics for clinical trials 

• Extension of backend dynamic for subject 
departure: survival analysis

• Deficiency of some adaptive designs
• BMPP framework for clinical trials
• Applications to adaptive designs
• Statistical view of operational bias  
• Conclusions
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Fisher’s Prototype ExampleFisher’s Prototype Example

• Outcome: plant 
yield in pounds

• Treatments:
– Basal only
– Sulphate
– Chloride

• Questions
– Manuring effect
– Variety effect
– Plot effect

• Statistical 
Method
– ANOVA
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The First RCTThe First RCT
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Statistical Science for Clinical Trials Statistical Science for Clinical Trials 

• Estimation of treatment effect to decide risk and benefit 
ratio of any new treatment
– Ranking of treatment effects is not sufficient
– Fisher (1922) on complete theoretical treatment of data: 

parameter for specifying population; its estimation from sample;
exact form of distribution of the statistics 

• Test of significance 
– Fisher (1925) Statistical Methods for Research Workers

• Randomization
– Validate distribution theory
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Difference in the Conduct of 
Experiments
Difference in the Conduct of 
Experiments

Clinical Trial Potato Yield

Subject arrival Sequential Batch 

Subject departure Variable with possible missing 
outcome measure

Constant with definite 
outcome measure

Ethical concern • Patients in general
• Patients as experimental units

None 

Length of 
experiment

Potentially long and unpredictable Relatively short and 
predictable

Change of 
intervention

Often unavoidable Unlikely

Mid course action Highly desirable for ethical concerns May not be an issue
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Clash between Clinical Trials and 
Fisher’s Data Modeling
Clash between Clinical Trials and 
Fisher’s Data Modeling

• Outcome distribution may not be solely 
determined by treatment due to 
– Dynamic accrual carrying information other than 

treatment alone
– Dynamic departure leading to partially observable 

data
– Ethical concerns altering experiment course 

• Estimation and significance test may not be 
justified due to tainted intervention and 
missing outcome data  



8

Survival Analysis: Backend DynamicSurvival Analysis: Backend Dynamic

• Kaplan and Meier (1958)

• Cox (1972)

• Aalen (1978)
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Dynamic Subject AccrualDynamic Subject Accrual

• Armitage (1960) Sequential medical Trials
• Box and Jenkins (1962) Some Statistical Aspects 

of Adaptive Optimization
– Empirical feedback vs.technical feedback

• Zelen (1969) Play the Winner Rule and the 
Controlled Clinical Trial

• Pocock and Simon (1975) Sequential Treatment 
Assignment with Balancing Prognostic Factors in 
the Controlled Clinical Trials
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Recent Development of Adaptive 
Design
Recent Development of Adaptive 
Design

• L. Fisher (1998) Self-designing clinical trials
• Cui, Hung, Wang (1999) Modification of sample size 

in group sequential clinical trials
• Liu and Chi (2001) On sample size and inference for 

two-stage adaptive design
• Muller and Schafer (2001)  Adaptive group sequential 

designs for clinical trials
• EMEA 2006: Reflection paper on methodological 

issues in confirmatory clinical trials with flexible 
design and analysis plan

• FDA 2010: Adaptive design clinical trials for drugs 
and biologics 

• …
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Methodological Deficiency of Some 
Adaptive Designs
Methodological Deficiency of Some 
Adaptive Designs

1. Lack of proper estimation for treatment effect
• Testing alone may fall into Fisher’s concerns on Neyman-Pearson 

theory 
• Treatment selection based on relative efficacy ranking is not sufficient 

2. May require instantaneous observations
• Most clinical trial outcome measures take time to assess

3. Statistics may not adjust for complicated adaptive rules (e.g., PWR 
and dynamic randomization) to provide a convincing test of the null 
hypothesis

4. May assume normal distribution or known variance for the 
outcome variable

“It is clear that statistical literature on adaptive treatment assignment has
had little impact on the conduct of clinical trials.”

Simon (1977) Biometrics 33, 743-749
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How can we solve those problems ?How can we solve those problems ?

Sharpening the tool 
before doing the work !!!

By Confucius

子曰: 工欲善其事,必先利其器
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A BMPP Framework for Clinical Trial A BMPP Framework for Clinical Trial 

Arrival

Departure

treatment
outcome

Delay of observation
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Random Field and Bivariate Marked 
Point Process
Random Field and Bivariate Marked 
Point Process

• A random sequence (Tn, Xn)n≥1 is a (univariate) 
marked point process (Last and Brandt 1995)

• Cox and Lewis (1975) introduced bivariate point 
process recording two types of events such as 
subject’s arrival and departure 

• Jacod and Shiryaev (1987, 2002) showed existence of 
compensator for integer valued random measure, 
yielding martingale measure

• Kallianpur and Xiong (1995) described stochastic 
integral with respect to martingale measure
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Bivariate Marked Point ProcessBivariate Marked Point Process
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BMPP and Adaptive DesignBMPP and Adaptive Design

• Adapt the enrollment 
process Rt for treatment 
and/or population 
selection

• Use the predictable 
stopping time to adapt 
sample size 
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Statistical Inference with BMPPStatistical Inference with BMPP
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• The distribution is good for any predictable enrollment 
process and treatment assignment, validating the significance 
test

• Can be used as an estimating equation for parameter 
estimation
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How Does BMPP Correct Those Methodological 
Deficiency from Some Adaptive Designs? 
How Does BMPP Correct Those Methodological 
Deficiency from Some Adaptive Designs? 

1. Provide estimating equation for treatment effect
2. Naturally accommodate delayed observations
3. Validate probability distribution of statistics 

adjusted for any adaptive rules
4. No need for parametric modeling under 

regularity conditions
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ECMO Trial ECMO Trial 

Arrival

Departure

ECMO

Failure

(s2;0 ,0)
(s3;1 ,1)

(s4;1 ,1)

Control Success
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Marked Point Process for ECMO TrialMarked Point Process for ECMO Trial
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Asymptotic PivotAsymptotic Pivot
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Test of SignificanceTest of Significance
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P = 0.0086
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Estimation of Treatment EffectEstimation of Treatment Effect
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Simulations Under NullSimulations Under Null

Histogram of Fisher Tes

• n = 50, N = 20,000
• P0 = P1 = 0.1
• Proportion with p < 

0.025
– 0.009 for the Fisher 

naïve
– 0.015 for Chi square 

naïve 
– 0.026 for the new

t

p.value

D
en

si
ty

0.0 0.4 0.8

0.
0

0.
5

1.
0

1.
5

Histogram of Chi-square T

p.value

D
en

si
ty

0.0 0.4 0.8

0.
0

1.
0

2.
0

Histogram of New Test

p.value

D
en

si
ty

0.0 0.4 0.8

0.
0

0.
4

0.
8



26

Simulations Under AlternativesSimulations Under Alternatives
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Some Potential Bias from Trial 
Operations
Some Potential Bias from Trial 
Operations

• We assume that the outcome distribution depends on only the 
given treatment 
– Can investigators systematically change the distribution without

changing the treatment?
– What may lead investigators to manage patients differently in a 

systematic manner?  
• We assume that the treatment assignment depends on only the 

randomization system at the given time
– What may prompt investigators to select subjects for 

randomization?
• We assume the distribution of subjects available for the trial 

accrual does not change over time 
– Can investigators encourage or discourage some type of subjects 

differently over time?
• We assume that the trial cutoff is a predictable stopping time

– Can it be decided without satisfying the predictability?  
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Bias Minimization PlanBias Minimization Plan

• Keep the distribution of the interim study results on a 
need-to-know basis 

• Be cautious on investigators being influenced 
outside the protocol; including even external 
information that may alter the basic assumptions

• Predictable adaptation does not have to bias the 
study as long as the operations are as planned, e.g., 
using IVRS to blind the process

• Build firewall between unblinded DMC and project 
team by executive committee

• Ensure adequate sample size for normal 
approximation  
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ConclusionsConclusions

• Fisher’s static modeling framework may not be appropriate for 
applications in clinical trials with dynamic data flow, however the 
concepts of estimation and test of significance are still critically 
important 

• Survival analysis is one important extension to allow dynamic subject 
departure in the traditional static model

• The proposed BMPP framework removes the static modeling limitation 
but still answers the same statistical questions for clinical trials

– Naturally addressing problems associated with adaptive design
• Implementation for Play the Winner Rule (PWR) design is illustrated via 

ECMO trial
– The BMPP procedure is more robust in moderate sample size and 

comparable with naïve procedures in large sample sizes
• Further application to adaptive treatment selection, population 

enrichment, sample size re-estimation, dynamic randomization and 
other adaptive designs can be done similarly and will be presented 
separately 
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