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• Overview of Bayesian Methods and opportunities in 
clinical trials

• Methods for constructing priors
• Utilization of priors for

• Design / Decision-making
• Formal inference

• Innovative designs / adaptations/ other design features
• External / Regulatory Perspective
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Outline 
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Overview of Bayesian Methods



• We all learn from previous experience
• Personally
• Scientific decisions
• Business decisions

• Pictorially, we can think of this as:
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Bayesian Statistics Emulates the Way We Think

Knew This Saw This Now Know This



The instinctual shortcut that we take when we have ‘too much information’ is to 
engage with it selectively, picking out the parts we like and ignoring the 
remainder...

It was hard to tell the signal from the noise.  The story the data tells us is often 
the one we’d like to hear, and we usually make sure that it has a happy ending.

Nate Silver
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Humans struggle with prediction and uncertainty



• Bayesian methods lend themselves well to iterative updating of the science 
• ‘Today’s posterior is tomorrow’s prior’ 

–Dennis Lindley, 1972
• “When the facts change, I change my mind. What do you do, sir?” 

–attributed to economist John Maynard Keynes
• Bayes facilitate rigorous integration of what we know already (i.e. via informative priors) 

within analyses of new data designed to shed light on what we don’t know
• Strives for transparent integration of data from diverse sources to inform decision-

making 
• Allows straightforward statements of probability and uncertainty 
• Bayesian design can reduce sample size/study duration 
• Flexible hierarchical modeling with computational conveniences 
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Why Bayes: A working philosophy

Rev. Thomas Bayes?
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Bayesian Approach



• Design / Decision Making
• Critical success factors (CSFs) at design and program level 
• Probability of study success (PrSS) 
• Enable trade-offs amongst design/program options 

• Formally leverage relevant historical data to improve inference and 
decision making without increasing enrollment/study duration

• Bayesian augmented control (BAC) designs
• Informative prior based on effect-size from Ph2 
• Extrapolation of adult data for pediatric

• Other innovative designs
• Master protocols of related diseases and/or treatments 
• Bayesian informed adaptive trials

• Improve operational elements of clinical trials
• …
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Numerous Opportunities in Clinical Trials
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Prior Distributions
Prior Elicitation

Formal Synthesis of Data



Overview of Potential Data Sources
• Expert / patient / caregiver opinion
• Natural history studies
• Summary level data (RCTs, observational)
• Individual-level patient data 

• Internal to Sponsor or at FDA (or other regulators)
• Patient registries
• Observational studies

• PK/PD modeling
• Pre-clinical data

Need to assess relevance of historical data to new data: similar 
indications, patient population, time since data collection, 
relevance of endpoints, timepoints, etc. (exchangeability)



Prior Elicitation



Expert elicitation is suitable when…
• Information/data is absent or available data might not be suitable as a statistical 

input;
• Empirical data are not reasonably obtainable, analysis are not practical to 

perform;
• Uncertainties  are  ‘large’ and/or  related  to  high  stakes;
• Complexity in multiple sources prohibits a coherent summary. 

Because it …
• Helps take stock of the uncertainty about quantities of interest without the cost 

of additional data collection;
• Provides transparency with regards to how we came up with the prior.
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Why Formal Prior Elicitation?



Role of Expert Opinion
• Elicit distributions of belief about key efficacy / safety 

endpoints
• There are formal, well-tested protocols

• Not required to fully borrow elicited distribution

• May be used as portion of prior or down-weighted

• Elicit distributions about belief in relationships between 
endpoints, doses, populations, etc.

• Can use to inform about relevance of historical 
information



• Develop a prior elicitation protocol ahead of the elicitation exercise
• Endpoints to elicit, populations to elicit, questions that will be asked, who are the experts 

(+ Individual vs group?)
• How will answers to questions be mapped to parameters/distributions?

• Review protocol with experts ahead of time and conduct careful training on elicitation
• Agreement on the objectives
• Clear endpoints with common, agreed-upon definitions/timepoints
• Clarity on compounds that will be elicited (e.g., will placebo also be elicited)

• Allow expert to interactively adjust prior inputs during elicitation
• Only while working on the elicited distribution(s)
• NOT after calculating how the belief translates into probability of success

• If individual, have group follow-up on aggregate findings so that the value of the 
exercise may be better understood 

• Note there’s actually a robust literature on the topic of prior elicitation
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Some Best Practices
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Example Elicitation Results

Many unexpected 
benefits!

Provides transparency 
and open discussion of 
beliefs / use of available 

data



Synthesis of Data



Why use Bayesian statistics for meta-analysis?

• Natural approach for accumulating data / meta-analysis
• Unified modeling and the ability to explore a wide range of modeling

structure 
• Synthesis of evidence from multiple sources / multiple treatments

• Formal incorporation of other sources of evidence by utilizing prior 
distributions for modeling unknowns. e.g.
• Ability to incorporate prior information regarding background event rates
• Ability to model between-study variability properly in random effects models

• Probability statements about true effects of treatment answer 
questions of interest
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Planning of systematic review and meta-analysis
Frame a clinically relevant and biologically sensible question

Define a literature search strategy

Exploring heterogeneity

Planning statistical analysis

Assessing study quality and extracting data

Specify the study population, intervention and outcome of interests

Selecting studies: inclusion and exclusion criteria

Combining data from eligible studies, presenting results and interpretation
Identifying knowledge gap and future research direction



• Combines direct and indirect information from multiple studies on 
multiple treatments

• Maintains study-level randomization
• Important for variety of decision makers, including patients, 

physicians, industry and payers
• Estimate relative treatment effects between multiple treatments
• Bayesian approach provides probabilities relative treatment effect 

achieves clinically meaningful margins
• Allows ranking and probability each treatment is “best” 
• Used to predict probability of success in future studies
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Network Meta-Analysis (NMA)



11/2/21 20Company Confidential  © 2017 Eli Lilly and Company 

Need for NMA
• Active Comparator (AC) trials typically 

require larger sample sizes
• In Phase 2, large sample sizes may be prohibitive
• For Phase 3 and 4, information on ACs is needed to guide the plan

• Only indirect evidence of AC performance 
may be available

Compound A Placebo Compound B

?
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Pictorial Representation of NMA

Study 1 Study 2
Future New 
Drug study

New 
Drug PL AC: A New 

Drug AC: BPL AC: B

PL vs New
PL vs AC: B

Estimate New vs AC: B

Additional 
Studies



Many utilities of NMA

• Simulation of future studies 
• Define clinical relevance
• Evaluate comparators
• Health technology assessments
• Influence drug development
• etc…

22



Key assumptions
• Homogeneity:  similarity between trials 
• Consistency: the similarity between direct and 

indirect evidence
• Assessment of the assumptions is vital to ensure 

results are valid and interpreted appropriately
• Methods to assess key assumptions exist

23



Bayesian Network Analysis

Example: Rheumatoid Arthritis (RA)

Situation Action Result

Dula

Study k

Dula

Study 2

Trt 1

Study 1

Lira

Study l

Lira

Study 2

Trt 2

Study 1

Other

Study m

Other

Study 2

Other 
Compounds

Study 1

Placebo 
data

Internal 
data

Literature 
data
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RA case example: 
Forest plot (relative to placebo)



RA case example: 
Forest plot (relative to treatment 1)



RA case example: 
Posterior distributions of effect



RA case example: 
Examples of Key Summaries

Parameter Posterior Mean Posterior SD
Odds ratio (Pbo,1) 5.43 1.30
Odds ratio (Pbo,2) 5.33 3.20
Odds ratio (Pbo,3) 6.02 2.74
Odds ratio (Pbo,4) 7.02 3.38
Odds ratio (Pbo,5) 4.34 2.14
Odds ratio (Pbo,6) 14.58 2.72
Odds ratio (Pbo,7) 5.89 2.14
Odds ratio (Pbo,8) 3.54 2.18

Odds ratio (4,5) 0.70 0.40
Pbo = placebo

Treatment Prob(best)
Placebo 0.000

1 0.000
2 0.018
3 0.016
4 0.027
5 0.004
6 0.929
7 0.005
8 0.001
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Utilization of Priors for Design/Decision 
Making



CSF Probability Statements
• CSFs use a posterior distribution to calculate the probability that a treatment effect exceeds some minimal 

effect of interest (EOI) conditional on the data/prior. 
• The CSF is "met" if we achieve high confidence (specified by PrTH, between 0 and 1) that the treatment 

effect is greater than the EOI
• Usual (frequentist): focus on statistical significance: 

• ‘Drug X was associated with statistically significantly higher response rate compared to Drug Y (2-
sided p-value < .10)’ 

• Bayesian CSF: a direct statement of confidence:
• ‘Given the observed data, we are 75% sure that the true response rate for Drug X is at least 10% 

higher than that for Drug Y’  

Pr Δ!→# > 𝐸𝑂𝐼 | 𝐷𝑎𝑡𝑎!→# > 𝑃𝑟𝑇𝐻

True treatment effect

Effect of interest Probability threshold 



CSF Specification
• EOI: often a highly cross-functional discussion

• What’s the minimally clinically meaningful effect-size? 
• What’s the precedence historically? 

• Bayesian meta-analysis or NMA could inform an uncertainty 
distribution for EOI (not just a fixed value)

• What kind of effect for the POC endpoint could translate to Ph3 
success based on a different endpoint?

• PrTH: carefully calibrated via simulation 
• Control of error rates of interest 
• Linked directly to PrSS (CSF ‘met’ à high chance of Ph3 study 

success)
Pr Δ!→# > 𝐸𝑂𝐼 | 𝐷𝑎𝑡𝑎!→# > 𝑃𝑟𝑇𝐻



Some Considerations
• Prior distributions used to calculate success/failure 

probabilities require careful consideration
• Key elements of prior data and study(ies) of interest need to 

best reflect study being designed
• A priori documentation of prior construction is important
• Relationship between endpoints needs to be modeled
• Consider discounting and/or inflating variability to 

accommodate shifts across phases (see, e.g., Kirby et al 
2012)



• Hypothesis test 𝜙! 𝑋 = $1 𝑖𝑓 𝑋 ∈ 𝑅!0 𝑖𝑓 𝑋 ∉ 𝑅!
with rejection region 𝑅! indexed by 𝛼

(prespecified Type I Error probability) 
• Power is 𝛽! 𝜃 = 𝐸" 𝜙! 𝑋 where 𝑋 ~ 𝑓 𝜃 (some presumed density/mass function)
• In designing a clinical trial, we select sample size/events such that 𝛽! 𝜃# = 𝛽∗

(=85%, say)  
• 𝛽! and 𝜃# are simply calibration tools which help to qualify the precision to be 

delivered by a given design/sample size 
• 𝜃# may have no basis in reality and 𝛽! 𝜃# cannot be interpreted as Pr(Study 

Success) 
• Pr(Study Success) = Pr(𝜙! 𝑋 = 1) is a critical input for portfolio management (and 

even trial design)…how do we get this? 

11/2/21 33Company Confidential  © 2017 Eli Lilly and Company 

Probability of Study Success (PrSS)



• Strive to characterize ‘all’ direct/indirect evidence regarding 𝜃
• Uncertainty distribution 𝜋 𝜃
• 𝜋 𝜃 may be a posterior distribution from Ph2, say: 𝜋 𝜃 | 𝑋%&'

• Perhaps mapped from a surrogate endpoint (or distinct but related 
population)

• 𝜋 𝜃 may be an expert elicited ‘prior’ 
• PrSS = ∫ 𝜙! 𝑥 𝑓 𝑥 𝜃 𝜋 𝜃 𝑑𝑥 𝑑𝜃 = ∫ 𝛽! 𝜃 𝜋 𝜃 𝑑𝜃
• Easy to evaluate via simulation: 

1. Draw a sample of the underlying parameter 𝜃∗ ~ 𝜋 𝜃
2. Draw a sample of the data 𝑋∗ ~ 𝑓 𝑥 𝜃∗)
3. Store 𝜙! 𝑋∗

4. Repeat and count how many 𝜙 = 1
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Probability of Study Success (PrSS)
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• Effect-size of interest: hazard ratio (HR) comparing some treatment vs. control
• Available data from Phase 2 trial:

• Observed Phase 2 HR = 0.70 based on 100 events
• We now need to plan for Phase 3 which will be designed to target 250 events, say.

Further assume:
ü Same endpoint as Ph. 2
ü Same population as Ph. 2 
ü Same treatments as Ph. 2 

• We want to test for the following hypothesis: 𝐻(: HR = 1 vs. 𝐻): HR ≠ 1
• Pre-specified one-sided significance level of 𝛼 = 0.025
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PrSS Easy Example



• The rejection region for the 
hypothesis test is determined 
by the pre-specified 
significance level 𝛼 = 0.025

• 𝐻( is rejected for any value of 
HR that lies below the critical 
value of 0.78
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PrSS Easy Example

𝜶 = 0.025

Ph3 Critical Value  = 0.78

Sampling 
distribution 

under 𝑯𝟎



• Recall definition of power: 
𝛽! 𝜃 = 𝐸" 𝜙! 𝑋 , 
where 𝑋 ~ 𝑓 𝜃

• Compute power at the 
observed Ph2 HR = 0.70

• 𝛽!*(.(', 𝜃 = 0.70 = 0.81
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PrSS Easy Example

Power = 0.81

Distribution 
under 𝑯𝒂:
𝜽 = 0.70
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PrSS Easy Example

• Recall definition of PrSS:
PrSS = ∫ 𝛽! 𝜃 𝜋 𝜃 𝑑𝜃

• This can be expressed as: 
PrSS = ∫ P study success 𝜃 𝜋 𝜃 𝑑𝜃, 
where 

• 𝜃 is the treatment effect or HR
• P study success 𝜃 is the power 

function at a fixed 𝜃
• 𝜋 𝜃 is the posterior distribution 

using data from Ph. 2 = 𝜋 𝜃 | 𝑋#$.& , 
which serves as a prior in this setup

Posterior from Ph. 2 
= Prior for Ph. 3
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PrSS Easy Example
• Recall definition of PrSS:

PrSS = ∫ 𝛽! 𝜃 𝜋 𝜃 𝑑𝜃

• This can be expressed as: 
PrSS = ∫ P study success 𝜃 𝜋 𝜃 𝑑𝜃, 
where 

• 𝜃 is the treatment effect or HR
• P study success 𝜃 is the power 

function at a fixed 𝜃
• 𝜋 𝜃 is the posterior distribution 

using data from Ph. 2 = 𝜋 𝜃 | 𝑋#$.& , 
which serves as a prior in this setup

• 𝑃𝑟𝑆𝑆 = 0.68

PrSS = 0.68

Ph. 3 Predictive 
Distribution
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PrSS Easy Example
• Note the difference:

Power is the probability of study success, 
i.e., achieving statistical significance, at 
an assumed fixed effect size (𝜃 = 0.70).

𝛽'().)&* 𝜃 = 0.81

PrSS uses available data (observed Ph. 2 
data) to derive the distribution of the 
unknown true treatment effect, and then 
average the power function of the new 
study over the distribution.

𝑃𝑟𝑆𝑆 = 0.68

PrSS = 0.68

Power = 0.81



• Even in ‘easy’ example, consider: what other information should be captured in prior 
(besides Ph2)? 

• Data from other molecules in same/similar class 
• Other Ph2 endpoints (joint model)
• Some basis for ‘adjustment’ (Ph2 à Ph3)

• Other (more) common situations:
• Single arm study (especially in oncology…think Ph1b expansion cohort)

• Couple with prior based on historical control outcomes (perhaps via meta-analysis)
• Ph2 endpoint ≠ Ph3 endpoint 

• Correlative analysis to produce mapping 
• Joint modeling (e.g. PFS + immature OS + historical correlation) 

• No direct POC data? à Prior elicitation 
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PrSS Challenges and Additional Considerations 



Timing of 
surrogate EP

Posterior Mean 
Treatment 

Effect

Pr(PBO –LY > 
0)

Pr(PBO –LY > 0.2) Pr(PBO –LY > 
0.3)

24-week -0.14 0.82 0.35 0.15
12-week -0.22 0.95 0.54 0.27

Summary of critical success factors for high dose using non-informative prior

Mean difference from placebo

Posterior Densities by dose arms
• Surrogate, 

highly variable 
endpoint

• Lower is better
• Showing 12-

week endpoint 
results

• Significant 
variability

Likely to be better than 0 but not likely to be competitive

Evaluate Results from Phase 2 Surrogate Endpoint



• The posterior of phase 2 and the relationship to phase 3 endpoint is used 
to obtain phase 3 prior

• Estimated phase 3 endpoint and calculated probability of success, 
accounting for multiple sources of uncertainty with phase 2 data

• Demonstrated probability of success low
• Convinced decision makers not to proceed to phase 3

Phase 3 Probability of Success



EXAMPLE: 
Synthesis of Information 

Following Phase 2 Trial in SLE



Synthesis of Information Following Phase 2 Trial in SLE
• Systemic Lupus Erythematosus (SLE)

• Inflammatory disease damaging various body systems (including joints, skin, kidneys)
• Characterized by sudden worsening of symptoms or flares

• Primary endpoint: SRI-4 response
• SRI – composite index that assesses disease activity in SLE
• SRI-4 response defined as ≥ 4 improvement from baseline disease activity score and no 

worsening in physician’s global assessment

• Example: real modeling and simulation to support Ph3 decisions using Ph2 data
1. Creation of prior distribution
2. Phase 3 simulation

• Two types of priors used in example:
• Analysis priors: used in data analysis models
• Design priors: represent expectation and uncertainty of treatment response, used for trial 

simulation



SRI-4 Elicited Priors

Combined Expert Prior 
Distributions:

SRI-4 Response Rate 

• Priors for study treatments and 
PBO elicited from experts familiar 
with treatment MOA and SLE

• Represents expert knowledge prior 
to running Ph2 study

• Initially used for decision-making 
and design of Ph2

• Employed in this example as 
informative analysis prior in Ph2 
model



SLE Bayesian Network Meta Analysis (BNMA)



Creating Ph3 Design Priors Using Available Evidence

Historical PBO Distributions: SRI-4 PBO: Priors and Ph2 Posteriors

Left: Historical PBO 
distribution, peaked 
distribution is from 
BNMA

Right: Posterior 
distributions created 
using various analysis 
priors

Design prior (purple) 
from mixture prior using 
BNMA and diffuse 
distributions 

Analysis Prior
Posteriors varying 
prior assumptions

Analysis priors



Creating Ph3 Design Priors Using Available Evidence

TRT: Priors & Ph2 Posteriors Design Prior Distributions: SRI-4

Posteriors varying 
prior assumptions

Analysis priors

Left: Posterior distributions 
created using various 
analysis priors

Design prior (blue) from 
mixture prior using elicited, 
pessimistic and diffuse 
priors.  

Additional adjustments 
included for endpoint time 
and study population 
included 

Right: Final design priors 
for PBO and TRT

Design Priors
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SLE Analytics Flowchart:  Incorporation of Available 
Data/Information & Quantification of Key Uncertainties
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…

…

…



Phase 3 Simulation
• Candidate phase 3 trial designs simulated using design priors to 

generate patient response data
• Simulation process (repeat many times): 

• Example simulation results: 

Draw from 
design 
priors

Generate 
virtual 
patient 
data

Assess 
trial 

criteria for 
success

Design prSS – Primary prSS – Secondary 1 prSS – Secondary 
2

1 75% 60% 50%
2 65% 50% 45%

Design tradeoffs on cost, 
time, etc. can be assessed 

using prSS results
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Formal Borrowing of Prior Data



Borrowing Approaches
• Borrowing can be on control arm and/or treatment arm(s)

• Arm-level information only or effect-size 
• Static vs Dynamic

• Static
• Pooling
• Single arm trials
• Power priors

• Dynamic
• ‘Hierarchical’ prior1: 𝜃+, 𝜃&, … , 𝜃, ~ 𝑁 𝜇, 𝜏&

• Really just an random-effects meta-analytic construction 
• Hyperprior on 𝜏 affects ‘propensity’ to borrow 

• Mixture priors2,3: 𝜃 ~ 𝑤 ⋅ 𝜋+ 𝜃 + 1 − w ⋅ 𝜋& 𝜃
• Often 𝜋+ is informative and 𝜋& is vague (e.g. ‘robust’ meta-analytic prior approach) 
• Many other mixture based approaches  

• Static vs dynamic can differ for control/treatment

1Viele, et al. (2014); 2Schmidli et al. (2014); 3Neuenschwander et al. (2016)

Appeal of dynamic borrowing:
• Borrows more when current data are similar to 

historical data
• Protects against over-borrowing in circumstances 

of prior/data conflict



General Comments about Borrowing
• How much to borrow?

ü What data is eligible to be included in the prior
ü Currently need to simulate operating characteristics
ü Consider “prior effective sample size” and “prior probability of success”
ü Should assess prior to posterior sensitivity

• May borrow different amounts for different treatments, based on 
medical need, etc.

• Note, borrowing may ‘dampen’ the effect in current trial (so 
borrowing does not always favor Sponsor) 

Suggestions available in CDRH/CBER Bayesian Guidance document



Examples of Borrowing Approaches



Example 1: Borrowing historical control

• Previous data is available on the control group.
• Specifically, a trial with 120 subjects and 72 

responses.  
• Thus the historical rate is 60%. 

• This historical information is kept constant 
throughout the simulation.  

• The sample sizes for the current study are 70 for 
the controls and 140 for the new treatment. 



Example 1:
Power Prior vs Mixture Priors

Power prior with various a0 values Mixture priors with beta(72, 48) and beta(1,1) 
at various mixing proportions



Example 1: “Power” Plots

Plots of power for power priors (left) with various a0 values 
and mixture priors (right) with various mixing proportions.



Example 1: Impact of Borrowing on Results

Plots of example posterior distributions for control arm, based on 
different trial outcomes, using power prior (a0 = .75)



Example 1: Impact of Borrowing on Results

Plots of example posterior distributions for control arm, 
based on different trial outcomes, using mixture prior (p = .5)



Example 2: Dynamic Borrowing of Adult Data 
to Pediatrics
• We are considering a pediatric rare disease trial in 50 patients: 40 active, 10 

placebo (pbo)
• Primary Endpoint is binary response variable
• We want to use all relevant information to focus on bringing valuable 

scientific information to patients, prescribers and regulators
ü Network Meta-Analysis of studies was performed 
ü Drug of Interest was featured in one study in adults 

• We consider the new trial successful if 
P(diff > 0.4) >  80%

where diff is the difference in log odds for drug and pbo

Could be based on medical 
impact of disease, 
patient/prescriber input



• 10 relevant studies (all 
controlled). 

• 13 different dose / 
treatments. 

• Average Control Rate = 
0.4 (n=1853)

Example 2: Historical Adult Placebo Data

Logit(control rate)



Example 2: Historical Adult Active Drug Data

♦ 10 relevant studies (all 
controlled)

♦ 13 different dose / 
treatments

♦ Drug of interest rate = 
0.5 (n=300)

Log(odds ratio)

Drug of 

Interest



Example 2: An example outcome

mean median sd 0.025 0.975

prior 0.3 0.58 2.07 -0.01 4.5

posterior -1.62 -1.63 0.65 -2.02 -0.07



Example 2: An example outcome

mean median sd 0.025 0.975

prior 0.3 0.58 2.07 -0.01 4.5

posterior 0.47 0.49 0.24 0.38 0.82



Example 2: An example outcome

mean median sd 0.025 0.975

prior 0.3 0.58 2.07 -0.01 4.5

posterior 0.78 0.73 0.3 0.62 1.73
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Innovative Designs



A Bayesian Design for Rare Pediatric Cancers

LY + Chemotherapy

Chemotherapy Alone

Tumor 1
N = 30

Tumor 2
N = 30

Randomize
2:1

Randomize
2:1

Dynamic 
Borrowing

Primary Success Criteria:
(at 80% Total Events) 

Bayesian Analysis of PFS Hazard Ratios:
• ‘Dynamic’ meta-analytic borrowing on HR between tumors
• Augment control arms with historical data via informative priors

LY + Chemotherapy

Chemotherapy Alone 
Prospectively randomized participants 

Matched historical control patients (RWD)

Pr 𝐻𝑅!"#$%& < 1 | 𝐷𝑎𝑡𝑎 > 99%

Pr 𝐻𝑅!"#$%& < 1 | 𝐷𝑎𝑡𝑎 > 99%



Two elements of Bayesian hierarchical model for PFS: 
(1) Between-tumor ‘borrowing’ on PFS log HR 

log 𝐻𝑅$%&'() , log 𝐻𝑅$%&'(* ~ 𝑁 𝜇, 𝜎

(2) Informative priors for control PFS based on matched RWE
• Propensity score matching (1:1 LY patient à historical control 

patient) 
• Integration into power prior (Weibull likelihood with power 

parameter 𝑎 = 0.50)
• Prior effective number events approximately equal to that from prospective trial

Common mean
Between-tumor SD

A Bayesian Design for Rare Pediatric Cancer
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Pain Master Protocol



Pain Master Protocol
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PT1 ISA A

PT2 ISA A

PT3 ISA A

Asset 2

PT1 ISA B

PT3 ISA B

Asset 3

PT2 ISA B

DSA = Disease State Addendum
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MASTER PROTOCOL



Trial Selected for FDA Complex Innovative 
Design Pilot Program
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Both face to face meetings 
have occurred with FDA

Positive interactions between 
Lilly and FDA have led to an 
improved master protocol



Key Features of the Master Protocol
Common scales/endpoints:
• Pain: Numerical Rating Scale (primary)
• Physical functioning
• Emotional functioning
• Patient global assessment
Commonalities:
• Standardized data collection across the ISAs, including similar visit schedules, induces higher 

confidence in portfolio level decisions
• A master protocol level team will be established to analyze efficacy analysis data and to 

establish key decision rules for more accurate, consistent, and efficient portfolio-level decisions
Desired Flexibility:
• Allow for potentially differing sample sizes/treatment durations (and associated analysis 

approaches) across the ISAs
• ISA –specific eligibility (requires careful consideration!) 73
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• Allows for direct comparisons of assets within and between pain types
• Advisory Board comment from a participant (paraphrasing): “How often do 

we wish a drug was in the same protocol and we didn’t have to rely on a 
meta-analysis.”

• FDA expressed enthusiasm in the opportunity to assess the relevance of 
one type of chronic pain state to another

• Standardized data collection
• In pain research, the question of ‘how much pain do you have’ is often asked 

in many different ways (e.g. NRS, VAS, different recall periods, etc.)
• Consistent collection of safety and/or biomarker data across the master 

protocol
• Reductions in sample size of both active and placebo arms 

• Accomplished by borrowing of placebo information within a pain type, and 
treatment effect information between pain types

Statistical Benefits of Master Protocol

76



1. Historical Controls
• Not unique to the master protocol

2. Borrowing of placebo information from other ISAs within 
a pain type

3. Borrowing of treatment effect information for a given 
asset between pain types

Information can be borrowed from ongoing or completed 
ISAs from patients who have had the opportunity to 
complete the placebo-controlled portion of the trial

Sources of Borrowing in the Master Protocol

Page 77



Borrowing Source: Historical Controls
Bayesian Network Meta-Analysis

Page 78

Uses of Bayesian Network Meta-Analysis:
• Identify historical controls that can be used in 

the analysis
• Understand the relationship of the treatment 

effect between pain types
• Can be used to define the prior distributions 

on key modeling parameters
• Understand the variability of the treatment 

effect for simulations, and the between-study 
variability

• Critical success factors: 
Probability(Treatment difference < effect of 
interest) > probability threshold
• Used to identify what is considered a 

meaningful effect of interest



Borrowing Source: Treatment Effect Information 
Between Pain Types

79
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Simulation Details:
Multiple ISAs simulated with a true mean of -2 placebo response
The placebo estimates from the final ISA are represented in the graphic

Key points:
Lower points in the graphic represent a reduction in the standard error of the treatment

Dynamic Borrowing of Placebo Information
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Simulation Details:
• Multiple ISAs simulated 

with a true mean of -2 
placebo response

• The placebo estimates 
from the final ISA are 
represented in the 
graphic

Key points:
• Lower points in the 

graphic represent a 
reduction in the 
standard error of the 
treatment difference 
(good)

• The closer the 
observed mean to -2, 
the dynamic borrowing 
emulates pooling

• As the observed mean 
gets further from -2, 
less borrowing occurs 
and emulates a 
separate analysis



Dynamic Borrowing of Treatment Effect Information
Examples of Simulated Trial Outcomes

Page 81

Two models considered for 
each data set:
• Separate analysis (ISA 

only)
• Borrowing analysis 

(borrow treatment effect 
information between pain 
types)

Each simulated trial includes 
80 LY and 40 placebo patients

Treatment effect borrowing 
reduces the length of the 
credible interval in all cases

The estimated means are 
adjusted based on the 
performance in other pain 
typesNo effect in Pain Types 1 and 2, but a good 

effect in Pain Type 3. The Pain Type 3 
estimate is pulled down based on the Pain 
Type 1 and 2 estimates.

Good effect in all 3 pain types. The 
estimates are very similar between 
modeling approaches, but the credible 
intervals are shorter in all cases.

Pain 
Type 
1

Pain 
Type 
2

Pain 
Type 
3

Pain 
Type 
1

Pain 
Type 
2

Pain 
Type 
3



Dynamic Borrowing of Treatment Effect Information
Assumption: All 3 treatment effects have a different mean

Page 82

Scenario of truth of treatment 
effects for Pain Type 1, 2, and 3:
• Scenario 1: 0.5, 0.5, 0.5
• Scenario 2: 0.4, 0.5, 0.6
• Scenario 3: 0.3, 0.5, 0.7
• Scenario 4: 0.0, 0.5, 1.0 

Sample size of 150:75 (active: 
placebo) per pain type

Two models fit for each simulated 
data set:
• Separate analysis (ISA only)
• Borrowing analysis (borrow 

treatment effect information 
between pain types)

Key Conclusions of treatment 
effect borrowing:
• The bias of pain type 1 and 3 

increases as the underlying 
treatment effects become 
more disparate

• The MSE of the treatment 
effect is lower using dynamic 
borrowing, other than 
scenario 4
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External/Regulatory Perspective



• 21st Century Cures Act
• PDUFA VI includes pilot program

• FDA announcement of the CID Pilot Meeting Program “As displayed in 
the Federal Register notice on August 29, 2018, FDA is conducting a 
Complex Innovative Trial Design (CID) Pilot Meeting Program to support the 
goal of facilitating and advancing the use of complex adaptive, Bayesian, 
and other novel clinical trial designs.” 

• PDUFA VII includes continued pilot program, public 
workshop and commitment for Draft Bayesian 
guidance by end of FY 2025
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Key regulatory initiatives



• More knowledge needed
• Lack of comfort discussing Bayes 

approaches, especially medical
• Need for interactive simulations
• Need consistency in reporting 

simulation results
• Need to align on data for prior and 

borrowing approach, including 
“type 1 error control”
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Some Challenges

If interested in getting more 
involved, connect with DIA 
BSWG and/or DIA IDSWG



• Bayesian methods are broadly used to improve 
the drug development process

• Bayesian methods provide a natural framework 
for synthesizing data and formal use of various 
data sources

• Bayesian methods enable natural interpretation 
and increased transparency to design and 
decision making
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Conclusion / Wrap-up
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