
Forecasting with Confidence: 
Harnessing Predictive Probabilities in Practice



Predicting Future Data from Current Data

Given 50 observed patients, what is the probability of success at 100?

Interim Analysis
50 

observations 

Final Analysis
100 

observations

Example Trial



posterior 
probability

conditional 
power

predictive 
probability

Assumptions incorporates prior 
information

frequentist calculation, no 
priors incorporates prior information

Information currently observed data currently observed data currently observed data

Goal summarizes current 
information + prior

predicts trial success 
assuming a precise future 
treatment effect

predicts trial success based on 
a distribution of possible 
future treatment effects 

What do current data show?

Saville, Detry, & Viele 2023



posterior 
probability

conditional 
power

predictive 
probability

Assumptions incorporates prior 
information

typically frequentist,
no priors incorporates prior information

Information currently observed data currently observed data currently observed data

Goal summarizes current 
information + prior

predicts trial success 
assuming a single future 
treatment effect

predicts trial success based on 
a distribution of possible 
future treatment effects 

Given the observed interim data, how 
likely is the trial to win if all future data 

show an assumed treatment effect?

Saville, Detry, & Viele 2023



posterior 
probability

conditional 
power

predictive 
probability

Assumptions incorporates prior 
information

typically frequentist,
no priors incorporates prior information

Information currently observed data currently observed data currently observed data

Goal summarizes current 
information + prior

predicts trial success 
assuming a precise future 
treatment effect

predicts trial success based on 
a distribution of possible 
future treatment effects 

Given the observed data and distribution of 
treatment effects, how likely is the trial to win?

Saville, Detry, & Viele 2023



Computing Predictive Probabilities – Closed Form
centered at prior estimate 𝜃 ∽ Beta(𝛼, 𝛽)

Bayesian Adaptive Methods for Clinical Trials. Berry et al. 2011



Computing Predictive Probabilities – Closed Form
centered at prior estimate

𝑥! ∽ Binomial(𝑛!, 𝜃)

𝜃 ∽ Beta(𝛼, 𝛽)

observed data at N = 50
25 wins, 25 failures

Bayesian Adaptive Methods for Clinical Trials. Berry et al. 2011



Computing Predictive Probabilities – Closed Form
centered at prior estimate

posterior distribution

𝑥! ∽ Binomial(𝑛!, 𝜃)

𝜃 ∽ Beta(𝛼, 𝛽)

𝜃|𝑥!, 𝑛! ∽ Beta(𝛼 + 𝑥!, 𝛽 + 𝑛! − 𝑥!)

observed data at N = 50
25 wins, 25 failures

Bayesian Adaptive Methods for Clinical Trials. Berry et al. 2011



Computing Predictive Probabilities – Closed Form
centered at prior estimate

posterior distribution

𝑥! ∽ Binomial(𝑛!, 𝜃)

𝜃 ∽ Beta(𝛼, 𝛽)

𝜃|𝑥!, 𝑛! ∽ Beta(𝛼 + 𝑥!, 𝛽 + 𝑛! − 𝑥!)

observed data at N = 50
25 wins, 25 failures

predictive distribution for 
next 𝒏𝟐 observations

Bayesian Adaptive Methods for Clinical Trials. Berry et al. 2011

x#	|	𝑛!, 𝛼 + x, 𝛽 + 𝑛! − 𝑥! ∽ Beta-Binomial(𝑛#, 𝛼 + 𝑥!, 𝛽 + 𝑛! − 𝑥!)

PP = 2.6%



prior information
• clinical expertise
• previous studies
• purposefully diffuse

Calculating a Predictive Probability of Success:
Monte Carlo Integration



prior information
• clinical expertise
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Calculating a Predictive Probability of Success

interim observed 
data+



prior information
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• purposefully diffuse

Calculating a Predictive Probability of Success

interim observed 
data+ =

posterior distribution 
of the mean



prior information
• clinical expertise
• previous studies
• purposefully diffuse

Calculating a Predictive Probability of Success

interim observed 
data+ =

posterior distribution 
of the mean

impute future data
sample from this posterior 
distribution to impute future data

Example imputed 
completed trial 

data



prior information
• clinical expertise
• previous studies
• purposefully diffuse

Calculating a Predictive Probability of Success

interim observed 
data+ =

posterior distribution 
of the mean

impute future data
sample from this posterior 
distribution to impute future data

Did this imputed data 
set meet the success 

criterion?



prior information
• clinical expertise
• previous studies
• purposefully diffuse

Calculating a Predictive Probability of Success

interim observed 
data+ =

posterior distribution 
of the mean

Did the imputed data 
set meet the success 

criterion?
For each complete 
data set, run final 

analysis



prior information
• clinical expertise
• previous studies
• purposefully diffuse

Calculating a Predictive Probability of Success

interim observed 
data+ =

posterior distribution 
of the mean

Did the imputed data 
set meet the success 

criterion?
For each complete 
data set, run final 

analysis

Predictive Probability of Success 

727 wins
1000 imputed trials   =  72.7%



When would we need predictive probabilities?
• To choose a sample size at a prespecified interim analysis



When would we need predictive probabilities?
• To identify subgroups benefiting most from a treatment



When would we need predictive probabilities?
• To identify subgroups benefiting most from a treatment

Results led to an FDA expansion

https://www.fda.gov/news-events/press-announcements/fda-expands-treatment-window-use-clot-retrieval-devices-
certain-stroke-patients



When would we want to use a predictive probability?
• To determine if additional data are likely to provide convincing evidence of 

a treatment effect. In other words, should the trial stop for futility?



When would we want to use a predictive probability?



When would we want to use a predictive probability?



When would we want to use a predictive probability?
• To support breakthrough device pathway discussions, as part of a larger 

submission package

https://www.medtechdive.com/news/edwards-Q4-tricuspid-valve-early-fda-approval/706837/

Data available:
• ≥ 6-month follow-up in 150 patients
• Some follow-up on the last 250 patients
• Quality of life measures
• Tricuspid re-interventions
• Preliminary HF hospitalization and mortality data

Could we predict success at full follow-up?



When would we want to use a predictive probability?
• To support breakthrough device pathway discussions, as part of a larger 

submission package

https://www.medtechdive.com/news/edwards-Q4-tricuspid-valve-early-fda-approval/706837/
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Statistical Paradigms in Clinical Trials

Frequentist

• Common, traditional, and “well-
understood”
• Hypothesis testing framework, 

z-scores, p-values

Bayesian

• More frequently used in early 
phase
• Integrates data sources together
• Probability statements 
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ADAPT-IT
• Adaptive Designs Accelerating Promising Trials into Treatments
• FDA and NIH grant 

• Objectives
• Design Bayesian adaptive confirmatory trials for neurologic emergencies 
• Use mixed methods to gain insights into the process
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Stroke Hyperglycemia Insulin Network Effect (SHINE) 

• First trial in ADAPT-IT
• Already had a design and protocol 
• Opportunity to create an alternative Bayesian adaptive design
• Compare the two approaches on their ability to address primary efficacy

• Trial outline 
• Intensive glucose control vs standard of care for stroke patients with 

hyperglycemia
• Primary endpoint: Favorable (yes/no) neurologic outcome at 90 days 
• 1400 patients 
• Power for an improvement from 25% (control) to 32% (treatment)
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The Designs



Side by Side
SHINE
• 1400 patients + sample size re-

estimation 
• Frequentist approach 
• Early success and futility 
• Interim Analyses:

• Group sequential
• Number of patients w/ the opportunity to 

complete 
• 4 interims at 500, 700, 900, and 1100 

patients

SHADOW
• 1400 patient maximum
• Bayesian ”Goldilocks” algorithm
• Accrual stopping and futility 
• Interim Analyses:

• Predictive probabilities
• Accrual milestones 
• 9 interims starting with 500 patients 

and every subsequent 100 patients
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Goldilocks Sample Size Selection

PPn: Predictive probability of 
success at the current 

sample size

• Used for a kind of early 
success stopping

• If this number is high (> 99): 
Stop accrual -> complete 
FU -> conduct final analysis 

PPmax: Predictive probability 
with the maximum sample 

size

• Used for early futility 
stopping 

• If this number is low (<5%): 
Stop the trial early
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Different Stopping Behavior
• Futility is similar:

GSD middle two looks are 
conservative
• Success:

GSD is more conservative
• Final critical values:

4 GSD looks:    0.0215
Goldilocks:   ~0.0210
9 GSD looks:    0.0203
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A note on alpha: 9 looks for almost the price of 4?

1. Low marginal cost of additional looks
• Adding an additional interim close to an existing one has a small spend
• Little additional data/highly correlated interims 

2. The “flip-flop”
• Accrual is stopped, but final analysis conducted with complete follow-up 
• Small chance the final analysis misses statistical success
• Reduces the overall Type I error spend
• 99% boundary chosen to minimize this risk
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SHADOW 
maintained Power 
and Type I error w/ 
a lower mean 
sample size
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The Results



Because we can’t run both designs

Trial was conducted 
according to SHINE 

Lock the required 
datasets for SHADOW 

during trial conduct

Plan to virtually 
conduct the 

SHADOW design
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Interim Analysis Results 
SHADOW SHINE

N Enrolled N Complete Observed 
Treatment 

Effect

PPn PPmax
(<5% 

boundary)

Adjusted 
Treatment 

Effect

Observed 
P-value

Futility 
Boundary 

P-value

498 432 2.0% <1% 21.1%

579 515 3.4% <1% 39.7%

700 621 1.7% <1% 15.6%

800 715 0.3% <1% 2.0%

936 869 -- -- -- 0.1% 0.957 0.652

1137 1061 -- -- -- -0.1% 0.915 0.293
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Conclusions
• SHINE cross the futility boundary with 936 patients enrolled while the 

SHADOW design crossed the futility boundary at 800 patients enrolled
  Same answer | More efficient

• Goldilocks with PPs allowed for 
• More frequent interims
• Preserved power
• Unknown how the DMC would have reacted 
• Seeing predictive probabilities during SHINE to aid interpretation 
• An even earlier stop under SHADOW 
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Approximating Predictive 
Probabilities: A fast and accurate 
method for clinical trial decision 

making

Liz Lorenzi, PhD
May 21, 2024
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Computing Bayesian predictive probabilities

• Mathematical formula to 
directly calculate 
predictive probability 

• Feasible when integral has 
closed form

• Very efficient

• In cases when integral 
does not have closed form 
(e.g. time to event),  
requires monte carlo 
integration

• Can become 
computationally 
restrictive

Analytical Calculation Monte carlo integration
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Monte Carlo Integration for Bayesian 
Predictive Probabilities

1. Fit Bayesian model – estimate 
posterior distributions of parameters 
for control and treated groups

2. Impute future data (remaining 
follow-up and/or additional patients) 
from each sample of the posteriors 
(e.g. 1000 imputed dataset)

3. On each imputed dataset, fit final 
analysis model

4. Summarize proportion of times you 
meet trial success
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Monte Carlo Integration for Bayesian 
Predictive Probabilities

1. Fit Bayesian model – estimate 
posterior distributions of parameters 
for control and treated groups

2. Impute future data (remaining 
follow-up and/or additional patients) 
from each sample of the posteriors 
(e.g. 1000 imputed dataset)

3. On each imputed dataset, fit final 
analysis model

4. Summarize proportion of times you 
meet trial success

What if? 

• Complicated final 
analyses – Bayesian 
model, ranking test (e.g. 
win ratio)



5

Monte Carlo Integration for Bayesian 
Predictive Probabilities

1. Fit Bayesian model – estimate 
posterior distributions of parameters 
for control and treated groups

2. Impute future data (remaining 
follow-up and/or additional patients) 
from each sample of the posteriors 
(e.g. 1000 imputed dataset)

3. On each imputed dataset, fit final 
analysis model

4. Summarize proportion of times you 
meet trial success

What if? 

• Clinical trial simulations for 
operating characteristics

1. Fit Bayesian model – estimate posterior 
distributions of parameters for control and treated 
groups

2. Impute future data (remaining follow-up and/or 
additional patients) from each sample of the 
posteriors (e.g. 1000 imputed dataset)

3. On each imputed dataset, fit final analysis model

4. Summarize proportion of times you meet trial 
success

Repeat predictive 
probability calculation 
1000s of times per 
scenario

…
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Computing Bayesian predictive probabilities

• Will introduce an 
alternative method that is 
simple and fast to 
calculate

• Approximates the 
predictive probability 

Approximate 

• Mathematical formula to 
directly calculate 
predictive probability 

• Feasible when integral has 
closed form

• Very efficient

• In cases when integral 
does not have closed form 
(e.g. time to event),  
requires monte carlo 
integration

• Can become 
computationally 
restrictive

Analytical Calculation Monte carlo integration
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Approximation of predictive probability

𝑍!

• 𝑛	patients 
enrolled

• Information level 
is 𝐼!

• Associated p-
value 𝑝! 

Interim analysis

𝑍"

• N	patients 
enrolled

• Information level 
is 𝐼"

• Associated p-
value 𝑝" 

Final analysisPredictive probability 𝑃𝑃"	is probability null hypothesis is 
rejected if analysis performed at 𝑁 patients

Rewrite final test statistic as weighted sum of 𝑍! and 𝑍"#!	
𝑍" 𝐼" = 𝑍! 𝐼! + 𝑍"#! 𝐼" − 𝐼!

Assume uninformative prior distribution 𝜃 ∝ 1	which yields 
posterior: 

𝜃| 𝑍! = 𝑧! ~	𝑁 𝑧!/ 𝐼!, 1/𝐼!
Results in predictive distribution for 𝑍"#!	

𝑍"#!	| 𝑍! = 𝑧! ~	 𝑁 𝑧!
𝐼" − 𝐼!
𝐼!

,
𝐼"
𝐼!

𝑃𝑃 𝑝!, 𝑟, 𝛼 = Φ
Φ#% 1 − 𝑝! −	Φ#% 1 − 𝛼 𝑟

1 − 𝑟
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Approximation of predictive probability

• Take your interim analysis run 
• Use p-value (𝑝6) or posterior probability of treatment effect
• Summarize current information 𝐼6 and total information 𝐼7

• Information fraction 𝑟 = 	𝐼!/𝐼"	
• Compute following equation

𝑃𝑃 𝑝!, 𝑟, 𝛼 = Φ
Φ$% 1 − 𝑝! −	Φ$% 1 − 𝛼 𝑟

1 − 𝑟
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Applying the approximate PP

• Key assumption is that the test statistic is approximately Gaussian 
and the information fraction 𝑟 = 	𝐼./𝐼/	 is known

Endpoint Example analyses 𝐼! 𝐼"	

Continuous T-tests 
ANOVA/ANCOVA

Interim sample size Final sample size

Discrete/categorical z-tests
Chi-squared tests

Interim sample size Final sample size

Time-to-event Log-rank test
Proportional hazards 
models

Events at interim Events at final

Ordinal/Non-
parametric

Ordinal regression
Wilcoxon rank-sum

Interim sample size Final sample size

Count data Generalized linear 
regressions (e.g. Poisson 
regression)

Interim exposure Final exposure
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Applying the approximate PP

• Key assumption is that the test statistic is approximately Gaussian 
and the information fraction 𝑟 = 	𝐼./𝐼/	 is known

Endpoint Example analyses 𝐼! 𝐼"	

Continuous T-tests 
ANOVA/ANCOVA

Interim sample size Final sample size

Discrete/categorical z-tests
Chi-squared tests

Interim sample size Final sample size

Time-to-event Log-rank test
Proportional hazards 
models

Events at interim Events at final

Ordinal/Non-
parametric

Ordinal regression
Wilcoxon rank-sum

Interim sample size Final sample size

Count data Generalized linear 
regressions (e.g. Poisson 
regression)

Interim exposure Final exposure

Simulations 

• Assume Interims occur at 
60% information and 80% 
information

• Calculate Bayesian 
imputed predictive 
probabilities (iPP) and 
approximate predictive 
probabilities (aPP)

• Compare similarity and 
whether they lead to 
similar trial decisions
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Simulations – comparing iPP and aPP across 
endpoint types
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Simulations – comparing iPP and aPP across 
endpoint types
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Example – stroke trial using historical cohort 

• Primary endpoint: 90 day mRS 
• Primary analysis: Bayesian proportional odds model with 

borrowing on treatment effect 
• Max sample size 1500
• Interims at 500, 750, 1000 and 1250 for 
• stop trial enrollment for expected success if 𝑃𝑃6> 90%
• stop trial enrollment for futility if 𝑃𝑃7 < 10%

• Borrowing from historical cohort of 500 total subjects (250 
control, 250 treated)
• Dynamic borrowing through hierarchical prior  (Viele, et al 2014) 



14

Computational challenge of computing pred 
probability in example 
• Example requires Monte Carlo integration
• At final step when running final analysis on every imputed dataset, would 

need to run Bayesian model
• Extremely computationally expensive
• Combining calculation with clinical trial simulations could be unrealistic

• Perfect case for our aPP
• EXCEPT…. How do we compute information?
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Approximating information

• Dynamic borrowing from external cohort means we don’t know 
how much current information we have
• Dynamic borrowing uses a variance parameter that is estimated to 

determine the degree of borrowing 
• When external and current data more similar, borrows more from 

external. When more different, borrows less

• Solution – approximating information using effective sample size

$𝐼 =
Var( *𝜃)
Var( -𝜃)

.𝐼
8𝜃:	estimate of treatment effect without borrowing
:𝜃: estimate of treatment effect with borrowing
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How do aPP and iPP compare?

ePP – predictive 
probability using 
estimate of 
information

nPP – predictive 
probability using 
nominal 
information 
(ignoring 
information from 
external cohort)

Predictive probability of 
success at current 
sample size

Predictive probability of 
success at maximum 
sample size
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How do aPP and iPP compare?

ePP – predictive 
probability using 
estimate of 
information

nPP – predictive 
probability using 
nominal 
information 
(ignoring 
information from 
external cohort)

Predictive probability of 
success at current 
sample size

Predictive probability of 
success at maximum 
sample size

Note on computation time

For a single calculation of predictive 
probability at an interim analysis: 
• 15 minutes using iPP (2.2GHz Intel 

Core i7 processor with 1000 MCMC 
samples)

• Instantaneous using aPP
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Final notes

• aPP can make predictive probabilities more accessible to more 
researchers
• Impressed with similarity between iPP and aPP
• Though there are cases where they disagree

• Impactful in design phase – reduces computational burden of 
pred prob with clinical trial simulations 
• If used in design stage, should also use in implementation stage
• Want the thresholds used/operating characteristics of design to reflect 

the design you are running 
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A Case Study for Predictive Probabilities:
Biosense Webster inspIRE Study

Giorgio Paulon, PhD
May 21, 2024
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Disclosures

• Dr. Paulon is an employee of Berry Consultants, LLC, a statistical 
consulting firm that specializes in the design, conduct, oversight, and 
analysis of adaptive and platform clinical trials. 

• Berry Consultants designed a Goldilocks study combined with early 
success for Biosense Webster. Slight variations of this initial design have 
been used for several J&J trials.

• The inspIRE trials was one of these design iterations, and a Statistical 
Analysis Committee (SAC) at Berry Consultants implemented this trial.
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Endpoints

§ Safety: primary AE rate and device- and procedure-related serious AEs for patients completing the study period
§ Primary effectiveness endpoint (PEE): acute PVI plus freedom from all atrial arrhythmia (AF/AT/AFL) at days 91–365
§ Sub-analyses: predictors of PEE success, PV reconnection at repeat procedures

Remote rhythm monitoring: Months 3-6 (weekly), Months 6-12 (monthly), and after any symptomatic episodes

24-hour Holter monitoring: Months 3, 6, and 12

ECG: preprocedure, predischarge, and Months 1, 3, 6, and 12

§ Adult patients (aged ≤75 years)
§ Drug-refractory symptomatic PAF
§ First-time PVI

Key Eligibility Criteria Institutions and Timing

§ 13 institutions across Canada & Europe
§ March 2021 to May 2023

Ablation Procedure

§ PVI performed and confirmed via 
entrance block (no waiting period)

§ Subjects followed up for 12 months

Rhythm
Monitoring

PAF: paroxymal atrial fibrillation; PVI: pulmonary vein isolation; AF: atrial fibrillation; AFL: atrial flutter; AT: atrial tachycardia

VARIPULSE Global Standard Presentation V1 2024-02
© Biosense Webster, Inc. 2024

Study Design
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The VARIPULSE™ Platform
• VARIPULSE™ Module
• CARTO™ 3 system integration enabling anatomical mapping, ultrasound catheter mapping, and 

real-time electrogram feedback

TRUPULSE™ Generator
• Creates pulsed electrical fields by delivering bipolar 

and biphasic energy through electrode pairs

VARIPULSE™ Catheter
• Circular tip section of the catheter can be expanded and 

contracted to accommodate the anatomy of the LA
• Facilitates cardiac electrophysiological mapping 

(stimulating and recording) and ablation

VARIPULSE Global Standard Presentation V1 2024-02
© Biosense Webster, Inc. 2024
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• Prospective, multicenter, single-arm clinical trial (comparison to PG)

• PG for effectiveness: 50%

• PG for safety: 14%

• Registration trial (pre-market evaluation)

• Treatment: PVI was performed with the VARIPULSE™ Platform to obtain
Irreversible Electroporation (IRE) 

Trial Characteristics

Goals

Demonstrate safety and effectiveness of the irreversible electroporation (IRE) system when used in treatment of 
participants’ drug refractory, symptomatic paroxysmal atrial fibrillation (PAF) for isolation of the atrial pulmonary 
veins

Final	Analysis:
𝐻!: 𝑝" ≤ 0.5	 𝐻#: 𝑝" > 0.5

𝑃 𝑝" > 0.5 > 0.9775
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• Most clinical trials have substantial uncertainty in design stage 
• How best to treat subjects? What is the best measure of benefit?
• Event rates, optimal dose, best duration, target population 

• Learning the ‘optimal’ design
• Can increase the probability of getting the right answer at the end of the trial
• Can treat patients more effectively within the trial 

Uncertainty in Trial Designs

Traditional approach
• We make our best guesses and run the trial, 

all key trial parameters are defined upfront 
and held constant throughout the trial

• If assumptions are wrong, greater risk of a 
failed trial

• Does not take advantage of accruing data 

Adaptive design
• After enrollment begins and some outcomes 

are known, there is less uncertainty about 
many of these key parameters 

• Adaptive trials allow modification to key trial 
parameters in response to accumulating data 
and according to prespecified rules 
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Trial Schema

Maximum sample size: 330 main study subjects

Sample Size 
SelectionStart Enrollment

Evaluation of 
Decision Rule

If PPn > 0.9 or 
PPmax < 0.025, 
stop enrollment

Early 
Success?

180, 225 mITT 
subjects

PPn: predictive probability of trial success (effectiveness) at the current sample size
PPmax: predictive probability of trial success (effectiveness) at the maximum sample size
PE: rate for the effectiveness endpoint
PS: rate for the safety endpoint

3 
M

on
th

s

12
 M

on
th

s

Final 
Analysis

Pr(PE > 0.5) > 0.9975
Pr(PS < 0.14) > 0.975

Pr(PE > 0.5) > 0.9775
Pr(PS < 0.14) > 0.975
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Saying “Predictive Probability” is not enough. Details include:
• Dropout assumption:

• Currently observed
• Assumed in design

• Future accrual:
• Based on observed across trial
• Based on observed in last X weeks
• Assumed in design

• Algorithm:
• Simulation
• Exact formula
• Approximation

Key Features of Predictive Probabilities

Consistency between 
design and implementation 

of the trial is key
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mITT population
n = 181 

catheter
inserted

Per-protocol population
n = 181 

12-month follow-up
data available

n = 23 

received PFA
ablation

Interim 1: Patient Population
PG for effectiveness: 50%
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Steps (repeated ~10,000 times): 

1. One sample, denoted 𝜆$
(&), 𝜆(

(&), 𝜆)
(&) is drawn from the posterior distribution. 

2. Future subjects’ enrollment times are simulated (which rate?).
3. A “complete” dataset is created: Unknown event times are imputed for all 

future subjects and all currently enrolled subjects still in follow-up (without 
an event and not dropped out) from a piecewise exponential distribution 
conditional on the current censoring time using the sample 𝜆$

(&), 𝜆(
(&), 𝜆)

(&). A 
censoring time is also drawn for each subject from an exponential distribution 
(which rate?). 

4. The final analysis is performed on the “complete” dataset. 
Predictive probability of success: proportion of “complete” datasets leading to 
statistical significance.

Predictive Probability Algorithm
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Steps (repeated ~10,000 times): 

1. One sample, denoted 𝜆$
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Steps (repeated ~10,000 times): 
2. Future subjects’ enrollment times 

are simulated (which rate?).

Steps (repeated ~10,000 times): 
3. Unknown event times are imputed 

for all future subjects and all 
currently enrolled subjects still in 
follow-up (without an event and 
not dropped out) from a piecewise 
exponential distribution conditional 
on the current censoring time. A 
censoring time is also drawn for 
each subject from an exponential 
distribution (which rate?). 

Steps (repeated ~10,000 times): 
4. The final analysis is performed on 

the “complete” dataset. 
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𝑝" =	120 / 180 (67%)
P(Sup) > 0.999

Predictive probability of success: proportion of “complete” datasets leading to 
statistical significance.
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Predictive Probabilities
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Predictive Probabilities - Sensitivity

64% assumed dropout rate 
(tipping point)0.5% observed dropout rate15% design assumed dropout rate
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Interim Analysis 2 (Early Success)



16

Trial History

Observed effectiveness:
• Sample Size Interim: 56.5% (13 / 23)

• Early Success: 71.4% (60 / 84)

• Final Data: 75.7% (140 / 185)
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• Predictive Probabilities can make interim results more interpretable, 
especially when not all subjects have the same follow-up

• Predictive Probabilities can be calculated in different ways

• It is important that there is consistency between design and 
implementation of the trial

• It is also crucial that events are collected at the same rate across sites

Conclusions
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Predictive Probabilities
- A clinical PI perspective

Will Meurer
University of Michigan, Ann Arbor
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● Consulting fees for medicolegal cases / Berry Consultants 
(various commercial clients – I am not on any projects related 
to cooling)

● Funding from NINDS 

○ -PI of clinical trials methodology course

○ Funded co-investigator on NETT/SIREN-CCC and BOOST 
trial

● NIH-NIDCD (cluster RCT studying dizziness intervention)

● NIH-NIMHD - PI of trial of hypertension 

○ Co-investigator to improve stroke care in Flint

● NIH-NHLBI (ICECAP PI and P-ICECAP PI/ also 
co-investigator in cardiac arrest expedited transport/ECMO 
trial)

 

Twitter:@goalsofhair @willmeurer
insta:@goals.of.hair • AHRQ (prehospital stroke care / dizziness 

self management)

• Massey Foundation (studying 
pupillary response in TBI) - past

• FDA and NIH (reviewer)

• Meth Stats Reviewer

– Annals Of Emergency Medicine

– Academic Emergency Medicine

• Senior Editor (paid)

– BMC Journal - Trials

• PCORI (co-I Kidney Stone Trial)

2
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Disclosure
Imagery created using 
prompts to ChatGPT4o

Imagery designed to 
maximize alertness after 
4:30 pm on 2nd day of 
conference…
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I wear a lot of 
hatsPI

Co-Investigator

DSMB / DMC member

Trial Designer / consultant

Teacher of trials
4
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SIREN Clinical Trials 
Network

4 Ongoing Trials (Multicenter) 

Max N: 1800, 900, 200

1(and a half) designed with ADAPT-IT
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Needs as a clinical 
PI

-Confidence

-Is the question answered?

-Is the question answerable? 

-Should it go the distance?
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Needs on a DMC

-Quantitative guidelines

-Think about patients

(Inside, outside, future)

-Predict limitations 
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Needs as teacher

-Accessible method

-Can convince academics 
to use it

-Previous publications
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Discussion:

Audience!!!!
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Discussion:

If audience is quiet
-How to get more uptake?
-Barriers?
-What new methods could 
help?
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