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I am a co-owner and part-time consultant 
with Berry Consultants, LLC, a company 
that designs adaptive clinical trials for 
pharmaceutical companies, medical 
device companies, NIH cooperative 
groups, international consortia.
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Bayes Rule

Rule of inverse probabilities:

P(H|data)  ∞ P(data|H)*P(H)

Familiar application: positive 
predictive value of diagnostic test:

P(dis|+) ∞ P(+|dis)*P(dis)
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Bayes Rule

Rule of inverse probabilities:

P(H|data)  ∞ P(data|H)*P(H)

Familiar application: positive 
predictive value of diagnostic test:

P(dis|+) ∞ P(+|dis)*P(dis)

Likelihood
Prior Prob

Posterior Prob
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Bayesian Approach
 Formalism for learning under 

uncertainty
 Conditions on everything known
 Probabilities for all unknowns: 

hypotheses, future data
 Inherently synthetic
 Hypothesis test: Probability of treatment 

effect
 Interval estimation: Interval that contains 

parameter with 95% probability
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Advantages of Bayes

Naturally adaptive — on-line 
learning (e.g., predictive probability)

Uses early by-patient information 
(via longitudinal modeling)

Can use historical information 
(e.g., via hierarchical modeling)
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Bayesian Updating

 Paired observations, T vs C

 r = success rate
= P(T wins pair)

 H0: r = 1/2

 Data: SSFSS FSSSF



Prob:
8/12

Prob:
4/12



13

Example (cont’d)
 Full Data:

SSFSS FSSSF
SFSSS SS

 13 S's and 4 F's

 Updated density 

∞ r13 (1–r)4
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Current (posterior) for success rate r

r

r (1 – r)13 4
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Given 13 S’s of 17, and 
assuming uniform prior on r.

Suppose double the sample 
size—next 17 observations:
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Predictive probabilitiesPredictive probabilities

Predictive, p ~ beta(14,5)

Binomial, p = 14/19

Predictive probabilities
vs. best fitting binomial

88% probability
of statistical
significance

96% probability
of statistical
significance
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Bayesian Clinical Trial 
with Smaller Sample Size

Predictive probabilities

Longitudinal modeling
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A Bayesian statistical design was used with a
range in sample size from 600 to 1800 patients.
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From “Methods”

“These interim analyses were not 
the standard type in which the trial 
results are announced when a 
boundary is crossed. Rather, the 
decision to discontinue enrollment 
was based on a prediction that 
future follow-up was likely to give a 
meaningful answer.”
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Predicting trial results
Simulate
Model/parameter uncertainty
 Incorporate info (Bayesian-

wise) on various outcomes
Model relationships among 

early and late endpoints
Consider alternative designs
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Power considerations
Po

w
er

Underlying treatment difference

Traditional power

H0 H1
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True (predictive) power
Po

w
er

Underlying treatment difference

Traditional power

H0 H1

Prior 
density

Predictive power
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Cumulative
Modified
Rankin
Scale

?
NXY

PBO
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P-value is NOT probability 
of null hypothesis
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SAINT II:

N = 3200 (up from 1700)

Power 80% for Odds Ratio 1.20
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Naïve predictive power 
of SAINT II = 60%

My probability 
that SAINT II would 

be positive: 10%

My probability 
that SAINT II would 

be positive: 10%
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Press release, Oct 26, 2006
“Results from the SAINT II (Stroke Acute 
Ischemic NXY-059 Treatment) trial: … 
NXY-059 did not meet its primary 
outcome of a statistically significant 
reduction in stroke-related disability, as 
assessed by the modified Rankin Scale 
(mRS) (p=0.33, odds ratio 0.94) 
compared to placebo.
“The company plans no further 
development of NXY-059 in acute 
ischemic stroke.”
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Most of the effect is 
regression to the mean
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Irreproducible Research 
and Multiplicities

Two PCAST panels on Jan 31, 2014: 
http://www.tvworldwide.com/events/pcast/1401
31/
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Bayesian adaptive trials
Stopping early (or late)

Efficacy
Futility

Dose finding (& dose dropping)
Seamless phases
Population finding
Adaptive randomization
Modifying accrual rate
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Why?

Smaller trials (usually!)
More accurate conclusions
Kill duds early, and soundly
Can focus on better 

treatment of patients in trials
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Example: Troxacitabine in AML* 
(endpoint: CR by day 50)

R
A
N
D
O
M
I
Z
E

R
A
N
D
O
M
I
Z
E

Idarubicin
Ara-C

Idarubicin
Ara-C

Trox 
Idarubicin

Trox 
Idarubicin

Trox
Ara-C    
Trox

Ara-C    

n = 25

n = 25

n = 25

Standard designStandard design

* Giles JCO 2003
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Example: Troxacitabine in AML* 
(endpoint: CR by day 50)
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Idarubicin
Ara-C

Idarubicin
Ara-C

Trox 
Idarubicin

Trox 
Idarubicin

Trox
Ara-C    
Trox

Ara-C    

Adaptive
randomization
to learn, while 

effectively
treating 

patients in trial 

Adaptive
randomization
to learn, while 

effectively
treating 

patients in trial 

Our designOur design

* Giles JCO 2003
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Adaptive Randomization

Assign with higher probability to 
better performing therapies

TI dropped after 24th patient
Trial stopped after 34 patients



39

Summary of 
AML trial results

CR by 50 days:
IA 10/18 = 56%
TA 3/11 = 27%
TI 0/5  =   0%
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Adaptive Trial with 
Longitudinal Modeling

Type II diabetes
Seamless Phase II/III: Dose 

finding via adaptive 
randomization then confirmation

Active comparator & placebo
Primary endpoint: 

Clinical Utility Index (12 months)
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Some Details
 Phase II: 7 doses experimental drug, 

adaptively randomized
 Seamless switch to Phase III

 1 or 2 doses experimental drug
 Sample size via predictive power 

considering available Phase II data
 Adaptive transition: Bayesian pred probs

 Longitudinal modeling critical
 Both phases driven by CUI
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Clinical Utility Index

Dose-response modeling
Longitudinal modeling is critical

Exp – AC
12 mos

Exp – AC
12 mos

Exp – P
12 mos

Exp – P
12 mos

0 0 0 0

HbA1c Wt loss SBP HR
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Bayesian adaptive trials
Stopping early (or late)

Efficacy
Futility

Dose finding (& dose dropping)
Seamless phases
Population finding
Adaptive randomization
Modifying accrual rate
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Company Shares Top‐line Results on 3 Completed AWARD Trials
INDIANAPOLIS, Oct. 22, 2012 /PRNewswire/ ‐‐ Eli Lilly and Company 
(NYSE: LLY) today announced positive top‐line results of three completed 
Phase III AWARD trials for dulaglutide, an investigational, long‐acting 
glucagon‐like peptide 1 (GLP‐1) analog being studied as a once‐weekly 
treatment for type 2 diabetes. Primary efficacy endpoints, as measured 
by reduction in hemoglobin A1c (HbA1c) at the 1.5 mg dose, were met in 
three studies (AWARD‐1, AWARD‐3 and AWARD‐5). Having met the 
primary endpoints, superiority for HbA1c lowering was examined, and 
both doses of dulaglutide (0.75mg and 1.5mg) demonstrated statistically 
superior reduction in HbA1c from baseline compared to: exenatide
twice‐daily injection at 26 weeks (AWARD‐1); metformin at 26 weeks 
(AWARD‐3); and sitagliptin at 52 weeks (AWARD‐5).

October 22, 2012 
Lilly Diabetes Announces 

Positive Results of Phase III Trials of 
Dulaglutide in Type 2 Diabetes

Chosen before
any patients
at 12 mos!
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Adaptive Platform Trials …



48



49

When the I-SPY 2 trial launched in 2010, 
oncologists heralded it as the future of cancer 
research. Five pharmaceutical companies put aside 
their differences to participate in the landmark 
phase 2 breast cancer trial, which adaptively and 
efficiently randomized patients to one of seven 
experimental therapies. Now, even as I-SPY 2 
propels its first two drugs into phase 3 trials, 
researchers in other areas of medicine are catching 
on to the benefits of this collaborative approach. 
On 11 December, Europe's Innovative Medicines 
Initiative (IMI) announced a €53 million call for 
proposals for a similarly designed trial in 
Alzheimer's disease. Already, at least 12 drug 
companies are keen to participate.

Six
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Prototype Platform Trial:
I-SPY 2

http://www.ispy2.org

http://clinicaltrials.gov/ct2/show/
NCT01042379?term=I-SPY2&rank=1



I-SPY2 Adaptive Process
 Neoadjuvant breast cancer
 Primary endpoint: pCR (Role of MRI?)
 10 biomarker signatures
 Never-ending screening process
 First sponsor: FNIH (NCI, FDA, industry)
 Coordinated with FDA (CDER, CBER,

& CDRH)—Regulatory pathway
 Status: 20 centers, 680 pts randomized, 

first 8 exp drugs: neratinib, veliparib, 
AMG386, AMG479, MK2206, pertuzumab, 
pertuzumab+T-DM1, ganetespib, plus …

Graduates



Graduation or 
Futility Met?

Stop Accrual 
in that Arm

Revise Randomization
Probabilities within
Each Disease Subtype

Continue 
Trial

Begin Trial with Equal
Randomization Probabilities

I‐SPY 2 Adaptive Process

Accrual Rate 
Permitting, Add 

Experimental Arms

Calculate Success Prob
for Each Signature

No Yes



Results of Veliparib/Carboplatin Arm 
Compared with Control Therapy

The I-SPY 2 Bayesian model 
provides the probability distributions 

of pCR rates in each signature

San Antonio Breast Cancer Symposium – Cancer Therapy and Research Center at UT Health Science Center – December 10‐14, 2013

San Antonio Breast Cancer 
Symposium, Dec 2013



Veliparib/Carbo
Control

Veliparib/carboplatin graduated with
Triple‐negative signature

San Antonio Breast Cancer Symposium – Cancer Therapy and Research Center at UT Health Science Center – December 10‐14, 2013

Estimated pCR rate: 26%
95% interval: 11% to 40%

Estimated pCR rate: 52%
95% interval: 35% to 69%

Prob Success in
Phase III: 0.90



Estimated pCR rate: 19%
95% probability interval:

6% to 35%

Estimated pCR rate: 14%
95% probability interval:

4% to 27%

Estimated pCR Rate:
HER2‐negative/HR‐positive signature

Veliparib/Carbo

Control

San Antonio Breast Cancer Symposium – Cancer Therapy and Research Center at UT Health Science Center – December 10‐14, 2013



Neratinib plus standard neoadjuvant therapy 
for high‐risk breast cancer: 

Efficacy results from the I‐SPY 2 TRIAL

John W. Park, Minetta C. Liu, Douglas Yee, Angela DeMichele, Laura van 't Veer, Nola 
Hylton, Fraser Symmans, Meredith B. Buxton, A. Jo Chien, Amy Wallace, Michelle 
Melisko, Richard Schwab, Judy Boughey, Debashish Tripathy, Hank Kaplan, Rita 

Nanda, Stephen Chui, Kathy S. Albain, Stacy Moulder, Anthony Elias, Julie E. Lang, 
Kirsten Edminston, Donald Northfelt, David Euhus, Qamar Khan, Julia Lyandres, Sarah 

E. Davis, Christina Yau, Ashish Sanil, Laura J. Esserman, and Donald A. Berry
on behalf of the I‐SPY 2 TRIAL Investigators

AACR 2014
a Puma drug

^



Neratinib graduated in HR-/HER2+

33% 56%

Pred. prob. 
79%



Adaptive Platform Effects
Match drugs with biomarker 

signatures
Savings from common control
Better therapies move thru faster
Successful drug/biomarker pairs 

graduate to small, focused, more 
successful Phase III based on 
Bayesian predictive probabilities
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An advantage of 
I-SPY 2 platform design

 Indirect comparisons
Pertuzumab + trastuzumab

becomes control in HER2+
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*Sub-studies assigned based on biomarker results, patients with multiple biomarkers randomly 
assigned to sub-study. 
Exp = Targeted therapy (TT) or  TT combinations (TTC), Exp1-4 are different TT/TTC regimens
NMT = non-match study experimental therapy or combinations
SoC = docetaxel or erlotinib, SoC1-5 depends on  biomarker and TT/TTC/NMT regimen

Sub-study 3

Exp3 SoC3

Sub-study 2

Exp2 SoC2

Sub-study 1

Exp1 SoC1

Biomarker Profiling*

Sub-study 4

Exp4 SoC4

Non-match Study 

NMT SoC5

Biomarker 1 Biomarker 2 Biomarker 3 Biomarker 4 Not Biomarker 
1-4

Tissue Submission 

1:1 1:1 1:1 1:1 1:1

5 independent 
studies

Triaging is 
important

With no off-target
assessment

But no
adaptations



Medimmune
Anti-PD-L1

Genentech
GDC-0032

Pfizer
Palbociclib

AstraZeneca
AZD4547 

Amgen
Rilotumumab

~5%~20%~50%~8%~35%

Berry’s
estimates



LUNG‐MAP design
 Substudies open and close independently (although …)
 Seamless Phases II and III
 Phase II endpoint is PFS
 Phase II target is 55 events (80 – 150 patients)
 Continue to Phase III if 53% improvement 

in median PFS: ~1.5 mos
 Agents replaced if miss Phase II goal
 Phase III endpoint is OS, powered for 50% improvement
 Phase III in each substudy ~400 patients
 Crossovers not allowed
 Total duration 2 – 7 years
 Agents studied in biomarker‐positives only (although 2012 

FDA guidance makes marker‐negatives a priority)

64

1.5 mos improvement in OS < 20%!
Power for 50% improvement 

in OS is < 20%

No longitudinal modeling!

Phase II patients count
in Phase III — I think.

And what about combinations?
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Efficient Phase III 
designs to address 

both pCR and EFS in a 
single trial 



Powered for both pCR and EFS

• Accelerated approval if superiority on pCR
pCR analysis when all patients thru surgery

• Full approval if superiority on EFS
3 years min follow‐up for EFS
Type I error rate controlled ≤ 2.5%

68



Cortazar et al.
Triple‐negative BC, pCR  EFS

69Months since Randomization
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HR=0.24, P < 0.001
(CI: 0.18 to 0.33)

pCR (n = 389)

no pCR (n = 768)



Updated information about pCR 
rates and relationships pCREFS
greatly improves I‐SPY 3 efficiency
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Power, Goldilocks vs 
Fixed 1200 Design

71
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er



Mean Sample Size, 
Goldilocks vs Fixed 1200

72

Fixed1200
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Basket Trial Methodology 
 Targeted drug, develop 

simultaneously across organ-
specific tumors, restricted to 
those expressing target

 Sample sizes tiny, borrow but 
don’t “pool” (formalizes 
“Gleevec phenomenon”)
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Hierarchical modeling/
Bayesian borrowing

Population of response rates within tumor types:

p2p3
p1

p5 p4

p6

R3
N3

R2
N2

R4
N4

R1
N1

p7

p8

p10
p9

Observations

Berry SM, et al. Bayesian hierarchical modeling of patient subpopulations: 
Efficient designs of phase II oncology clinical trials. Clinical Trials 2013.
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Learn about heterogeneity 
and clustering from trial results

Heterogeneous,
little borrowing:

p2p3
p1

p5 p4

p6

p7

p8

p10
p9

p2p3p1
p5 p4

p6p7

p8p10p9

Homogeneous, 
much borrowing:
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Learn about heterogeneity 
and clustering from trial results

Some heterogeneity,
some borrowing:

Outlier #7 stands apart; 
no borrowing from
or to main cluster:

p2

p3

p1p5 p4

p6

p7

p8p10p9

p7
p2p3p1

p5 p4

p6p7

p8p10p9
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 Open dashed circles: raw CBR estimates for 9 histologies
 Solid circles: estimates adjusted for borrowing
 Area of circle: “equivalent sample size” 
 Small sample size and further from cluster mean is regressed more
 Estimates further from the cluster mean borrow less
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Berry Consultants
“signature”

www.signature.com
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Eligibility for NCT01833169

 Heme malignancies and solid tumors 
except GBM, NSCLC, endometrial, 
prostate, and breast cancers

 Tumor has activation of PI3K pathway, 
by CLIA lab

 At least 1 prior treatment for metastatic 
or locally advanced disease

 Performance status ≤ 1
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