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Force majeure trial disruption
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How much power do I lose?
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Kunz et al. (2020), Akacha et al. (2020)

 Level 𝛼𝛼 test with power 1− 𝛽𝛽

 Normally distributed test statistic
 Fraction 𝑝𝑝 of targeted information available

 Power = 𝑃𝑃 𝑍𝑍 > 1 − 𝑝𝑝 𝑧𝑧𝛼𝛼 − 𝑝𝑝 𝑧𝑧𝛽𝛽
 Example with 𝛼𝛼 = 0.025 and 1 − 𝛽𝛽 = 90% 

Fraction of sample size available

Power



How could I compensate for it?

 Leveraging short-term endpoint data  Previous talk
 Leveraging external information  This & next talk
 More  ...?
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What external data sources are there?

Historical
 Completed studies from the same 

development program (Phase II...)
 From other programs / sponsors
 Typically on control / placebo
 Often more data
 Sometimes older

 Real-world data
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Concurrent
 Parallel studies from the same 

development program
 Replicate Phase III
 Head-to-head

 Real-world data



 Differences in
 Population
 Endpoints
 Treatment regimens
 Regions
 Co-medications
 Other protocol aspects

Which points should I consider?

 Time trends

Vandemeulebroecke – NISS Ingram Olkin 20219

ARR

Year of publication

Nicholas et al. (2011)

Annualized Relapse Rate (ARR) on Placebo in 
Relapsing-Remitting Multiple Sclerosis



How can I bring the data together?

 Pooling
 Regression / adjustment for covariates
 Meta-analysis & accommodating unidentified /-able variation 
 In particular, Meta-Analytic Predictive (MAP) approaches; Schmidli et al. (2020)

 Propensity score methods
 E.g., next talk; Schmidli et al. (2020)

 Modeling & Simulation, incl. PBPK, QSP...
 E.g., Geerts and Van der Graaf (2020)
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This talk



MAP approach

 Typically used for leveraging historical (not concurrent) information to 
complement the current trial

 Accounts for between-trial variability by discounting information, rarely by 
modeling covariates

 Has been accepted by Health Authorities in certain situations
 Method
 Historical trials with true mean effects 𝜃𝜃1, … ,𝜃𝜃𝐾𝐾
 Effect in new study: 𝜃𝜃∗

 Model: 𝜃𝜃1, … ,𝜃𝜃𝐾𝐾 ,𝜃𝜃∗~𝑁𝑁 𝜇𝜇, 𝜏𝜏2
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MAP approach – examples 

 Proof of Concept in Crohn’s disease

12
Hueber et al. (2012), Schmidli et al. (2020)

 Pediatric study in Multiple Sclerosis
 In FDA’s Complex Innovative Designs program𝜃𝜃1

𝜃𝜃2
𝜃𝜃3
𝜃𝜃4

𝜃𝜃∗



Pooling

 Pooling approaches have been discussed even without trial disruptions
 Two pivotal trials, each at α = 0.025
 One large trial at α = 0.000625 provides the same false positive protection
 Both trials powered at 90%  Program power* = 0.92 = 81%
 But a pooled analysis at α = 0.000625  has 91% power!
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*Probability that both trials succeed under the design alternative                                                           Maca et al. (2002)

P(A,B,C)   =H0 P(B,D) 
Pooled Two trials

P(A,B,C)   >H1 P(B,D) 



Pooling

 Pooling approaches have been discussed even without trial disruptions
 Two pivotal trials, each at α = 0.025
 One large trial at α = 0.000625 provides the same false positive protection
 Both trials powered at 90%  Program power* = 0.92 = 81%
 But a pooled analysis at α = 0.000625  has 91% power!

 Can we leverage this in case of trial disruption?
 Say, the trials are curtailed at 85% of the planned overall sample size
 Pooled analysis at α = 0.000625 has power 84%
 Additionally, α = 0.000625 could be relaxed, e.g. for secondary objectives

 Prerequisite: «Poolability», i.e. same or very similar protocol (population, 
endpoints, treatment regimens etc.; see above)
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*Probability that both trials succeed under the design alternative                                                           Maca et al. (2002)



Case study

 Two identical pivotal RCTs

 Multiple hypotheses tested in each, e.g. «H1hp»
 Sufficiently powered for primary                                                             

endpoint, high & low dose vs.                                                                        
active control
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High dose

Low dose

Active control

Placebo

1: primary, 2-5: secondary
h: high dose arm, l: low dose arm
p: vs. placebo, c: vs. active control

Hua et al. (2021)



Case study

 Original statistical testing strategy (same in each study)
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Low dose                                        High dose



Case study

 Pandemic  recruitment stopped at ~85% sample size

 Placebo comparisons remain sufficiently powered
 But not the comparisons vs. active control!
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High dose

Low dose

Active control

Placebo



Case study

 (Initially) proposed mitigation: Perform tests vs. active control in pool
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Case study

 (Initially) proposed mitigation: Perform tests vs. active control in pool

 Additional requirement: Any endpoint can only be tested vs. active control in 
the pool if it shows superiority in each of the separate studies vs. placebo

 Initial type I error for tests vs. active control: 𝛼𝛼
2
− 𝛼𝛼2 = 0.025

2
− 0.0252 per dose

 Type I error controlled at <0.025 at study level for all placebo comparisons, at 
<0.025 at submission level for all hypotheses
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Case study

 Program power*: Great gains for secondary endpoints vs. active control
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*Power at the submission level with ~85% of the planned sample size



Case study – Discussion 

 It’s not just a numbers game
 Replication is important – and can still be provided by additional analyses per study
 A-priori specification is a must
 Transparency (also towards Health Authorities) is crucial

 There’s more to the story
 Logistics, estimands / intercurrent events, sensitivity analyses, etc...

 And it continues
 Recruitment restarted during the pandemic and could be completed
 Yet, pre- vs. during-pandemic heterogeneity cannot be excluded
 Final proposal is different from the one presented here
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Conclusions

 Leveraging external data may help mitigate the impact of «force majeure» 
trial disruptions

 Consider various types of data sources (historical / concurrent, clinical trials 
/ real-world, etc...) 

 Different quantitative approaches (pooling, regression, MAP, propensity 
scores, M&S) are available depending on the situation

 Be aware (and beware) of time trends and differences in population, 
endpoints, treatment regimens, etc...

 Extraordinary circumstances may require extraordinary measures
 While still providing «substantial evidence of effectiveness» (FDA, 1998) – and 

sufficient safety information as well!
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