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Introduction 

• Idea to design a clinical trial 
• 2 treatments 

• Control (t=0) 

• Experimental (t=1) 

 

• 2  biomarker strata  
• Biomarker negative (s=0) 

• Biomarker positive (s=1) 

 

• Binary clinical outcome (response 𝑦) 

 

 

 

Measured by perfect assay (𝑆𝑒𝐴 = 𝑆𝑝𝐴 = 1) 
𝑃 𝑆 = 0 𝐵 = 0 = 𝑃(𝑆 = 1|𝐵 = 1) 
𝑃 𝑆 = 1 = 𝑃(𝐵 = 1) 

Goal is to identify stratum-treatment combinations which have 
an acceptable outcome probability. 
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• Model 

• Adaptive trial characteristics 

• Decision rule(s) 

Bayesian biomarker-based outcome-
adaptive phase-II study design 

(Zhou et al. 2008 [BATTLE]; Kim et al. 2011 [BATTLE]; Barry et al. 2015; Gu et al. 2016 [BATTLE-2]) 



Methods (Model) 

• Consider the following hierarchical probit model 
 

𝜋𝑖𝑠𝑡 ≡ 𝑃 𝑦𝑖𝑠𝑡 = 1 = 𝑃 𝑧𝑖𝑠𝑡 > 0 = Φ 𝜇𝑠𝑡  

𝜇𝑠𝑡 ∼ 𝑁(𝜙𝑡, 𝜎
2) 

𝜙𝑡 ∼ 𝑁(𝛼, 𝜏
2) 

 

• With 
• 𝑧𝑖𝑠𝑡 ∼ 𝑁 𝜇𝑠𝑡 , 1 = latent, normally distributed random variable  
• 𝑦𝑖𝑠𝑡 = response of patient 𝑖 in stratum 𝑠 treated with treatment 𝑡     (𝑦𝑖𝑠𝑡= 1 if 𝑧𝑖𝑠𝑡 > 0)  

• 𝜋𝑖𝑠𝑡 = probability of positive response 
 

• Hyperparameters 𝛼, 𝜎2, and 𝜏2 



Methods (Adaptive trial characteristics) 

• Biomarker-status established by perfect assay 

 

• Adaptive randomization starts after 𝑛0 1:1 randomized patients 

 

• Randomization ratios adapted according to ‘max-mapping’ strategy 

 

 

 

𝑟𝑠𝑡,𝑛 = 𝑃  𝜇𝑠𝑡,𝑛 > 𝜇𝑠𝑡′,𝑛|𝑦𝑛𝑡′≠𝑡
𝑡′∈Ω𝑠;𝑛

 

Ratio 𝑟𝑠𝑡,𝑛 is equal to the posterior probability that after 𝑛 patients, treatment 𝑡 is 
superior to all other treatments still under consideration in stratum 𝑠 



Methods (Decision rule(s)) 

 

 

 

 

 

 

 

 

Goal is to identify stratum-treatment combinations which have 
an acceptable outcome probability. 



 

 

• Define 
• 𝜋1 = target response probability 

• 𝜋0 = undesirable response probability 

 

 

• Allow stopping for futility during the trial after each patient 

• Test efficacy only at the end of the trial 

 

 

 

 

Goal is to identify stratum-treatment combinations which have 
an acceptable outcome probability. 

Methods (Decision rule(s)) 



Methods (Decision rule(s)) 

• Bayesian hypothesis test of futility 

 

 

 

 

• Bayesian hypothesis test of efficacy 

 

 

 

 

 

 

 

𝐹𝑠𝑡,𝑛 =  
 1 𝑖𝑓 𝑃 𝜇𝑠𝑡 ≥ Φ

−1 𝜋1 𝑦𝑛 ≤ 𝛿𝑙
 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,                                

 

Stop treating patients in biomarker stratum 𝑠 with treatment 𝑡 when the posterior probabilty of a positive 
response exceeding target 𝜋1 is smaller than small probability 𝛿𝑙 

𝑆𝑠𝑡,𝑛 =  
 1 𝑖𝑓 𝑃 𝜇𝑠𝑡 ≥ Φ

−1 𝜋0 𝑦𝑛 > 𝛿𝑢
 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,                                

 

Consider treatment 𝑡 in biomarker stratum 𝑠 efficacious when the posterior probabilty of a positive 
response exceeding undesirable rate 𝜋0 is larger than large probability 𝛿𝑢 

Issue! 
Both could hold for 
certain posteriors 



Methods (Decision rule(s)) 
• Alternatively consider (see Berry et al. 2010) 

• 𝜋0 = undesirable response probability 

• 𝛽 = clinically meaningful improvement over 𝜋0 

 

 

 

 

 

 

 

 

 

 

 

 

𝐹𝑠𝑡,𝑛 =  
 1 𝑖𝑓 𝑃 𝜇𝑠𝑡 ≥ Φ

−1 𝜋0 + 𝛽 𝑦𝑛 ≤ 𝛿𝑙
 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,                                

 

𝑆𝑠𝑡,𝑛 =  
 1 𝑖𝑓 𝑃 𝜇𝑠𝑡 ≥ Φ

−1 𝜋0 + 𝛽 𝑦𝑛 > 𝛿𝑢
 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,                                
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Simulation study (Example from Barry et al 2015) 

• 𝑃 𝐵 = 1 = 𝑃 𝑆 = 1 = 0.5 

• Underlying true response probabilities 𝑃𝑠𝑡  

 

 

 

 

• 𝜋0 = 0.25 

• 𝜋1 = 0.5 

• 𝛽 = 0.1 

• 𝛿𝑙 = 0.025 

• 𝛿𝑢 = 0.9 

Treatment 

t=0 t=1 

Biomarker 
status 

s=0 𝑷𝟎𝟎 = 𝟎. 𝟐𝟓 𝑷𝟎𝟏 = 𝟎. 𝟐𝟓 

s=1 𝑷𝟏𝟎 = 𝟎. 𝟐𝟓 𝑷𝟏𝟏 = 𝟎. 𝟓 



• Priors 
• Conservative prior for test for futility 𝜎2 = 0.1; 𝜏2 = 0.1;𝛼 = Φ 𝜋1  

• Non-liberal prior randomisation ratio update 
𝜎2 = 1; 𝜏2 = 0.01;𝛼 = Φ 𝜋0 +Φ 𝜋1 /2  

• Flat prior for test for efficacy 𝜎2 = 1; 𝜏2 = 0.01;𝛼 = Φ(0.5 ) 

 

• Interest in effect on ‘frequentist’ power and type-I error probability 
• 𝑁𝑚𝑎𝑥 ∈ (25,50,75,100,150) 

• 𝑁0 = 25 

• 1000 simulated trials for each 𝑁𝑚𝑎𝑥  

Simulation study (Example from Barry et al 2015) 
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Results (Two-criteria decisions) 

• At 𝑁𝑚𝑎𝑥 = 75  
• about 87% of trials end in declaring 

the underlying true efficacious 
combination as efficacious  

• About 10% of trials denote the 
inefficacious combinations as 
efficacious 
 

• Rather surprising drop in power 
(green curve) with increasing 𝑁𝑚𝑎𝑥! 



Results (Two-criteria decisions) 

• For about 10% of trials 
• After 𝑛 = 75 significant efficacy test 
• After 𝑛 = 150 both efficacy and futility 

test are significant 

 
• Random variability => Posterior 

centered around 𝜋2,2 < 0.5 
• Increased sample size => Reduced 

posterior variability 
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Results (One-criterion decisions) 

• Artificially matched the power at 
𝑁𝑚𝑎𝑥 = 75 with two-criteria 
decisions by considering 𝛿𝑢 = 0.62 

 

• Power increases with 𝑁𝑚𝑎𝑥  as 
theoretically expected! 
 



• Increased sample size => Reduced 
posterior variability 

Leads only to lower probability of 
concluding futility and  higher probability 

of concluding efficacy 
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Results (One-criterion decisions) 
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Conclusion 

• Assuming 2 different criteria for stopping and concluding efficacy 
leads to contradictory results 
• Reduced posterior variability when increasing sample size 

 

• Even in the (highly unlikely) setting where 𝑃1,1 = 𝑃1,2 = 𝑃2,1 ≡ 𝜋0 
and 𝑃2,2 ≡ 𝜋1 

 

• Overestimating the response probability (𝑃2,2 < 𝜋1) increases the 
probability of contradictory results 
• Posterior distributions will be centred somewhere between 𝜋0 and 𝜋1 
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Thank you for your attention! 


