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Perceived barriers to using Bayesian methods

Barrier ranked  as #1 or #2

• Lack of familiarity among 
researchers

• Absence of clear regulatory 
guidance

Figure adapted from Clark et al, 2023



Bayesian methods increasingly used for:

• Sponsor internal decision making

• Monitoring of safety data

• Informative priors in early-phase

• Medical device trials

• Long established use of Bayesian 
methods in pharmacometrics

Increased complexity of drug development:

• Rare diseases and unmet needs

• Treatment effect heterogeneity  

Increased availability of high quality RWD

→ Need to move beyond traditional trial 
designs and analysis methods

Increased role for model-based methods and 
simulations to evaluate trial designs and 
facilitate regulatory decision-making



• Probability of clinically relevant 
treatment benefit  e.g.

Pr(treatment effect > 10) > 90%

Interpretability of Bayesian 
decision criteria
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• Including control of type 1 
error

→ No disadvantages of Bayes?

Bayesian Central Limit 
Theorem guarantees good 

frequentist properties in 
large sample settings



Example
• Ph2 RCT in chronic pain comparing active v placebo

• Primary endpoint: CFB at wk 12 in weekly av. NRS (Numeric Rating Scale) pain score
➢Change of -1 in NRS is considered clinically meaningful

Conventional design Bayesian design
Primary 
analysis 
model

Frequentist MMRM Bayesian MMRM with vague priors on all 
model parameters

Success 
rule

Statistical significance (p < 0.5) 

AND 
observed treatment effect is 

clinically meaningful (< -1) 

>97.5% certain the true treatment effect 
is better than placebo 

AND
>75% certain the true treatment effect is 

clinically meaningful (< -1)
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• Bayesian model also naturally handles imputation of missing data aligned with 
estimand strategy, and predicted PoS for interim decision-making



• Subjective judgments have to be made when building Bayesian models

➢Requires multidisciplinary discussion between sponsors and regulators

• Assumptions also needed for frequentist designs/analyses 

➢ICH E9 Addendum: “The statistical assumptions that underpin the main estimator should be 
documented” and “Sensitivity analysis should be planned for the main estimators of all estimands 
that will be important for regulatory decision making and labelling in the product information” 
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• Strength of Bayesian Framework is that it encourages thoughtful cross-disciplinary 
discussion and transparency up front

• Could ICH-M15 and MIDD credibility assessment framework be applicable here?



Example

• Sponsor proposed use of Bayesian Dynamic Borrowing (BDB) in rare disease
➢ Integration of clinical efficacy data from non-EU trial with planned multi-regional trial including EU

• Assessment of Ethnic Differences
➢Characterized comparability and evaluated potential impact on efficacy and safety of treatment

➢ Included plans for real-world natural history and treatment patterns study

• Outlined planned in silico trial simulations to calibrate design and limit potential 
biases

• Regulatory Scientific Advice
➢“Bayesian approach may not guarantee extrapolatability to EU population”

• Need for Regulatory Guidance
➢What information is needed to enable up-front alignment on assumptions and parameter choices 

that would or would not support extrapolatability?



• Type I error of Bayesian borrowing designs → area of active research 

• If type 1 error is strictly controlled 
➢No power gains possible (Kopp-Schneider et al  (2019)  and others)

• Kopp-Schneider et al (2023): framework for calibrating (frequentist) test 
without borrowing to maximum type 1 error of a borrowing design 
➢No power gains are possible

➢Assumes all possible values of the parameter space are equally important

➢Power gains from borrowing are possible if we are willing to consider some regions of the 
parameter space as more important than others and restrict (or weight) operating 
characteristics to that region



Type I error and Bayesian dynamic borrowing (BDB)
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Power (BDB)

Type I error (freq)

Type I error (BDB)

Illustrative example using BDB for hybrid control arm in 2-arm trial



Type I error 
calibrated to 

borrowing

Power (freq)

Power (BDB)

Type I error (freq)

Type I error (BDB)

Power 
calibrated to 

borrowing

Maximum 
Type I error 

(BDB)

Type I error and Bayesian dynamic borrowing (BDB)



Our best 

information on 

the control 

response 

based on 

historical data

Type I error and Bayesian dynamic borrowing (BDB)
Plausible range for true 

control response



Plausible range for true 
control response

Type I error 
calibrated to 

borrowing 
on plausible 

range

Power 
calibrated to 

borrowing 
on plausible 

range

Power of BDB design > 
power of calibrated 

frequentist test over 
most of plausible 

range

Type I error of BDB 
design ≤ type I error of 
calibrated frequentist 

test over entire 
plausible range

Type I error and Bayesian dynamic borrowing (BDB)



Other potential metrics 
include:

➢Maximum Type I error with
corresponding probability 
of occurance

➢ “Averaged” Type I error

➢Maximum or “Averaged” 
Type I error over range of 
interest

➢ Similar metrics for power

Best et al (2024) Statistics in 
Biopharmaceutical Research

Type I error and Bayesian dynamic borrowing (BDB)





Bayesian methods are mathematically and scientifically rigorous and have 
a track record of practical application in all areas of science and society 

Bayes is not a magic bullet
➢ but it is an essential tool for drug developers and regulators/decision 

makers  

Requires investment in education & understanding of Bayes for both 
statisticians and clinicians

Requires commitment to rigorous upfront multi-disciplinary discussions to 
align on key assumptions, choice of design elements, applicability of prior 
data etc. 

Concluding remarks
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