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Janet Woodcock
Director CDER FDA

2006: “Improved utilization of adaptive 
and Bayesian methods” could help 
resolve the low success rate of and 
expense of phase III clinical trials

2013: FDA will need to "turn the 
clinical trial paradigm on its head” to 
allow personalized drug therapies to 
get on the market faster
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Bayesian Updating

 Paired observations, T vs C

 P(S) = P(T wins pair)

 H0: P(S) = 1/2

 Data: SSFSS FSSSF
SFSSS SS

Prob:
8/12

Prob:
4/12

Example: Troxacitabine in AML* 
(endpoint: CR by day 50)

Example: Troxacitabine in AML* 
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Example: Troxacitabine in AML* 
(endpoint: CR by day 50)

Example: Troxacitabine in AML* 
(endpoint: CR by day 50)
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randomization
to learn, while 

effectively
treating 

patients in trial 

randomization
to learn, while 

effectively
treating 

patients in trial 

* Giles JCO 2003

Adaptive Randomization

 Assign with higher probability to 
better performing therapies

 TI dropped after 24th patient

 Trial stopped after 34 patients

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 Randomization 
Compared with

Balanced Randomization

Adaptive Randomization 
Compared with

Balanced Randomization

1010

Adaptive RandomizationAdaptive Randomization

IA TA TI

1111

Adaptive Randomization:
CRs in bold yellow

Adaptive Randomization:
CRs in bold yellow

IA TA TI

1212
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Adaptive Randomization:
other 41 patients on IA

Adaptive Randomization:
other 41 patients on IA

IA TA TI Estim:
36/75

1313

CRs
(48%)

Balanced RandomizationBalanced Randomization

IA TA TI Estim:
21/75

1414

CRs
(28%)

Cure Magazine (2006) Cure Magazine (2006) 

“I see no rationale to further delay 
moving to these designs,” says 
Dr. Giles, who is currently 
involved in eight Bayesian based

“I see no rationale to further delay 
moving to these designs,” says 
Dr. Giles, who is currently 
involved in eight Bayesian based

1515

involved in eight Bayesian-based 
leukemia studies. “They are more 
ethical, more patient-friendly, 
more conserving of resources, 
more statistically desirable.”

involved in eight Bayesian-based 
leukemia studies. “They are more 
ethical, more patient-friendly, 
more conserving of resources, 
more statistically desirable.”
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However!!!!!

External impact of the trial?

However!!!!!

External impact of the trial?
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External impact of the trial?External impact of the trial?

The DSMB found that the study response rates were 
unlikely to provide evidence of a treatment benefit as 
a third-line treatment for patients with AML.

1717
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Can advocates influence 
the way we think about the 
purpose of clinical trials?

Can advocates influence 
the way we think about the 
purpose of clinical trials?

1919

purpose of clinical trials?purpose of clinical trials?

Joffe/Weeks, JNCI (2002)

“Many respondents viewed the main 
societal purpose of clinical trials as 
benefiting the participants rather than as 
creating generalizable knowledge to 
advance future therapy This view whichadvance future therapy. This view, which 
was more prevalent among specialists 
such as pediatric oncologists that 
enrolled greater proportions of patients 
in trials, conflicts with established 
principles [from Belmont Report] of 
research ethics.”

OUTLINE

 Introduction to Bayes adaptive

 BATTLE trial in lung cancer

 I-SPY 2 brief intro for Jane I-SPY 2, brief intro for Jane

 Goldilocks and I-SPY 3

 Basket trials

 Decision analysis & rare disease
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BATTLE Trial in NSCLC

Ki t l C Di 2011

2222

Kim et al. Cancer Discovery 2011

2323

BATTLE results, N (Disease Control Rate)BATTLE results, N (Disease Control Rate)BATTLE results, N (Disease Control Rate)BATTLE results, N (Disease Control Rate)

EGFR 
mut

KRAS/
BRAF 
mut

VEGF/
VEGF

R

RXR/Cy
cD1

None Total

Erlotinib
17

(35%)

7

(14%)

25

(40%)

1 

(0%)

8

(38%)

58

(34%)

Vandetanib
27

(41%)

3

(0%)

16

(38%)

0

(--)

6 

(0%)

52

(33%)

2424

(41%) (0%) (38%) ( ) (0%) (33%)

Erlotinib & 
Bexarotene

20

(55%)

3

(33%)

3

(0%)

1

(100%)

9

(56%)

36

(50%)

Sorafenib
23 

(39%)

14

(79%)

39

(64%)

4

(25%)

18

(61%)

98

(58%)

Total
87

(43%)

27

(48%)

83

(49%)

6

(33%)

41

(46%)

244

(46%)

Is EGFR wt a biomarker signature for sorafenib?
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The precise biomarker hypotheses, as well as the 
associated type I and type II statistical errors, are 
not clear. Thus, the study should be considered 

2525

as generating a hypothesis rather than as 
confirming a particular biomarker hypothesis.

OUTLINE

 Introduction to Bayes adaptive

 BATTLE trial in lung cancer

 I-SPY 2 brief intro for Jane I-SPY 2, brief intro for Jane

 Goldilocks and I-SPY 3

 Basket trials

 Decision analysis & rare disease

I-SPY2

http://www.ispy2.org

Berry DA. Adaptive Clinical Trials. 
Nature Reviews Clinical Oncology (2011)
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3131
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I‐SPY2 TRIAL

Outcome:
Complete Population
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I‐SPY2 TRIAL

Outcome:
Complete Population
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Arm 2 graduates 
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I‐SPY2 TRIAL

Outcome:
Complete Population
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response 
at surgery

Arm 5 graduates 
to small focused 
Phase 3 trial

of patients
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I
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I‐SPY2 TRIAL

Outcome:
Complete Population

R
A
N
D
O
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T p

response 
at surgery

Arm 6 is
added to
the mix

of patients
O
M
I
Z
E

I
V
E
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I‐SPY‐like TRIAL for Combinations

Outcome:
pathCRPopulation
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Substudy: Adaptively 
randomized factorial
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I‐SPY‐like TRIAL for Combinations

Outcome:
pathCRPopulation

A
D
A
P
T

R
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D
O

Goal: Greater than 
85% s ccess rate in

p
or PFS
or OS

of patients I
V
E
L
Y

O
M
I
Z
E

Substudy: Adaptively 
randomized factorial

85% success rate in 
Phase III, with focus on
patients who benefit

Primary endpoint: pCR (role of MRI?)

Match drugs with up to 10 biomarker 
signatures

n between 60 and 120 for “graduates”

I-SPY2 Adaptive Process

Currently:
19 centers, US & Canada
~500 pts randomized
First 7 exp drugs: 
neratinib, ABT888, AMG386, AMG479, 
MK2206, pertuzumab, pertuzumab+T‐DM1

I-SPY2 Effects & Clones
Match drugs with biomarker signatures
Savings from common control
Better therapies move thru faster
Successful drug/biomarker pairs 

d t t ll f dgraduate to small, focused, more 
successful Phase 3 based on Bayesian 
predictive probabilities

Offspring of I-SPY 2: lymphoma, HIV, 
melanoma, Alzheimer’s, acute heart 
failure, scleroderma, SARI/H1N1, …
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OUTLINE

 Introduction to Bayes adaptive

 BATTLE trial in lung cancer

 I-SPY 2 brief intro for Jane I-SPY 2, brief intro for Jane

 Goldilocks and I-SPY 3

 Basket trials

 Decision analysis & rare disease

Designs for I‐SPY 3 to 
address both pCR and 

i i l i lEFS in a single trial 

45
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Assumptions

Focus on triple‐negative neoadjuvant 
breast cancer as an example

Hypothetical phase II results
 Control pCR rate 35% Control pCR rate 35%

 Experimental: pCR rates 35%, 40%, …, 70%

Benefit in EFS due to pCR increase

Relationship between pCR and EFS from 
CTNeoBC (Cortazar et al. SABCS 2012)

46

HR = 0.24

(CI: 0.18 to 0.33)

(Courtesy of
Patricia Cortazar)

47

(Bayesian) Distributions of Hazards (CTNeoBC), 
Assuming Exponential Event Rate

If not pCR

If pCR

48
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Smoothed Version of Cortazar

49

HR ~ 0.62

Exp

Control

EFS for pCR Rates 70% vs 35%

50

HR ~ 0.75
Control

EFS for pCR Rates 55% vs 35%

Exp

51
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For All Designs Considered

• Accelerated approval if superiority on pCR

• pCR analysis when all patients have surgery

• Single final pCR comparison with control

• Full approval if superiority on EFS

• 3 years minimum follow‐up for EFS

• Single final EFS comparison

• Type I error rate controlled ≤ 2.5%

52

Power Via Simulations: Fixed Design
Same for Group‐Sequential 

53

One‐Look (at pCR) Design

Maximum sample size N (= 1200)

When 300th patient has surgery, find 
predictive probabilities that both pCR and EFS 
stat sig based on pCR results (only!) from I‐SPY 
3 (assume CTNeoBC)

 If PP < 5% when get to N stop now for futility

 If PP > 90% with current n then stop accrual (final 
n = 300 + ~120 due to delayed surgery)

 Otherwise choose smallest sample size (multiple 
of 100) having PP > 90% (or go to N if none)

54
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Goldilocks Design
• Maximum sample size N (= 1200)

• When 300th pt has surgery, find PP of both 
pCR and EFS stat sig based on pCR data 
(only!) from I‐SPY 3 (assume CTNeoBC)
- If PP < 5% when N pts then stop for futility
- If PP > 90% with current n then stop accrual 

(final n greater by ~120)

• Else continue to next 100 surgeries; repeat 
above until n = N

• In all cases, pCR analysis after 6 mos, EFS 
analysis after 3 yrs

55

Goldilocks Vs Fixed Vs One IA

w
er

56

Po
w

Both pCR EFS
Fixed 0.884 1.000 0.884
Gold 0.883 0.999 0.883

Both pCR EFS
Fixed 0.0036 0.025 0.025
Gold 0.0028 0.013 0.024

Mean Sample Size

Fixed1200

57
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Mean Duration

EFS Fixed1200

pCR Fixed1200

Accelerated

Full
approval

58

Accelerated
approval

MRD a surrogate marker
in leukemia?

Example: MRD/Relapse in ALL

Holowiecki BJH 2008
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OUTLINE

 Introduction to Bayes adaptive

 BATTLE trial in lung cancer

 I-SPY 2 brief intro for Jane I-SPY 2, brief intro for Jane

 Goldilocks and I-SPY 3

 Basket trials

 Decision analysis & rare disease

Basket Trials

Targeted drug, develop simultaneously 
across organ-specific cancers

Restrict to tumors expressing target

Population sizes small means trial 
sample sizes must be small

Ever finer grid of biomarker 
categories: Within 10 years 
every cancer patient will have

The Approaching Wall

every cancer patient will have 
an orphan disease.

How to develop drugs in this 
setting?
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Hierarchical modeling/
Bayes borrowing assumptions

Population of response rates within 10 tumor types:

p2p3
p1

p5 p4

p6

p8

p10
p9

65

p5 p4

R3

N3

R2

N2

R4

N4

R1

N1

p7

Response rates pi have a distribution, one that is
imperfectly known, even after observing the Ri/Ni

Observations

Hierarchical modeling/
Bayes borrowing assumptions

Population of response rates within 10 tumor types:

p2p3
p1

p5 p4

p6

p8

p10
p9

66

p5 p4

R3

N3

R2

N2

R4

N4

R1

N1

p7

R1/N1 gives info about p1 which gives info about
population of p’s which gives info about p2, say.
Hence “borrowing.”

Observations
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Hierarchical modeling 
assumptions/prior

 Distribution of response rates pi is 
unknown—itself has a probability 
distribution

 Expectations regarding p’s can differ 
by tumor type

 Prior distribution (“hyperprior”) of 
heterogeneity σ in population of p’s is 
important in determining borrowing

67

Learn about heterogeneity 
parameter σ from trial results

σ large:

p2p3
p1

p5 p4

p6

p8

p10
p9

68

p7

p2
p3p1
p5 p4

p6p7

p8p10p9

σ small:

Many Possibilities …

p2

p3

p1p5 p4

p6

p7

p8p10p9

σ moderate:

69

p3 p7

p2
p3p1
p5 p4

p6p7

p8p10p9

σ moderate:
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Compare Bayes with S2S 
(same type I and II error rates)

 Intermediate design: Bayes with 
no borrowing across tumor typesno borrowing across tumor types

 Criteria:
Total sample size
Probability correct decision

70

Bayes Borrow Bayes No Borrow S2S

Type p
Mean
N

Prob 
Success

Prob
Futility

Mean 
N

Prob 
Success

Prob
Futility

Mean 
N

Prob 
Success

Prob
Futility

1 0.25 20.0 0.972 0.028 24.5 0.808 0.192 31.4 0.795 0.205

One case: 4 tumor types, all positive

2 0.30 17.4 0.988 0.012 21.7 0.914 0.086 33.0 0.902 0.098

3 0.35 15.1 0.996 0.004 18.4 0.964 0.036 34.0 0.955 0.045

4 0.40 13.5 0.998 0.002 15.6 0.984 0.016 34.6 0.980 0.020

Total 66.0 80.2 133.0
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OUTLINE

 Introduction to Bayes adaptive

 BATTLE trial in lung cancer

 I-SPY 2 brief intro for Jane I-SPY 2, brief intro for Jane

 Goldilocks and I-SPY 3

 Basket trials

 Decision analysis & rare disease

Designing a clinical trial Designing a clinical trial 
is making a decisionis making a decision

Designing a clinical trial Designing a clinical trial 
is making a decisionis making a decision

7474

gggg

Standard Approach to Standard Approach to 
Choosing Sample SizeChoosing Sample Size
Standard Approach to Standard Approach to 
Choosing Sample SizeChoosing Sample Size

Example: time to event. Want 
 25% reduction in hazard 

 5% type I error, two-sided

Example: time to event. Want 
 25% reduction in hazard 

 5% type I error, two-sided

7575

% yp ,

 80% power

 2/month accrual

 8 mo median for control

 12 mos follow-up

Answer: n = 650

% yp ,

 80% power

 2/month accrual

 8 mo median for control

 12 mos follow-up

Answer: n = 650
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Standard ApproachStandard ApproachStandard ApproachStandard Approach
Would be an accident if this design 

is optimal (or even okay) when 
goal is delivering good medicine

Can’t be right for both

Would be an accident if this design 
is optimal (or even okay) when 
goal is delivering good medicine

Can’t be right for both

7676

Can t be right for both
Disease is CHF
Disease is a rare pediatric cancer

Can’t be right for both
Product is bone marrow transplant
Product is a chocolate bar

Can t be right for both
Disease is CHF
Disease is a rare pediatric cancer

Can’t be right for both
Product is bone marrow transplant
Product is a chocolate bar

Of course investigators Of course investigators 
and regulators adjustand regulators adjust

Of course investigators Of course investigators 
and regulators adjustand regulators adjust

 For rare diseases, accept smaller trials

 For highly invasive or toxic products, 
consider disease severity & require 

 For rare diseases, accept smaller trials

 For highly invasive or toxic products, 
consider disease severity & require 

7777

y q
stronger evidence of effectiveness

 Still: How small, how severe, how 
strong?

 To know whether deliver good medicine, 
evaluate impact on patient population 

y q
stronger evidence of effectiveness

 Still: How small, how severe, how 
strong?

 To know whether deliver good medicine, 
evaluate impact on patient population 

DecisionDecision--Analytic Analytic 
Clinical TrialClinical Trial

DecisionDecision--Analytic Analytic 
Clinical TrialClinical Trial

Deliver good medicine to patientsDeliver good medicine to patients

7878

Which patients?Which patients?
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Ethics: Individual vs CollectiveEthics: Individual vs CollectiveEthics: Individual vs CollectiveEthics: Individual vs Collective

 Fundamental conflictFundamental conflict

 Learning with time is inevitable Learning with time is inevitable 
in medicine: Better to delay in medicine: Better to delay 

tti di !tti di !

 Fundamental conflictFundamental conflict

 Learning with time is inevitable Learning with time is inevitable 
in medicine: Better to delay in medicine: Better to delay 

tti di !tti di !

7979

getting any disease!getting any disease!

But all patients should count But all patients should count 
equally equally a prioria priori, sacrificing , sacrificing 
neither learning nor effective neither learning nor effective 
treatment of patients in the trialtreatment of patients in the trial

getting any disease!getting any disease!

But all patients should count But all patients should count 
equally equally a prioria priori, sacrificing , sacrificing 
neither learning nor effective neither learning nor effective 
treatment of patients in the trialtreatment of patients in the trial

DecisionDecision--analytic Clinical Trialanalytic Clinical TrialDecisionDecision--analytic Clinical Trialanalytic Clinical Trial

 Goal: Effective overall treatment of 
patients, both

 Those in the trial and

 Goal: Effective overall treatment of 
patients, both

 Those in the trial and

8080

 Those who come after the trial

 Maximize overall benefit in “patient 
horizon” N: All patients with the 
disease who may benefit from 
therapies considered

 Those who come after the trial

 Maximize overall benefit in “patient 
horizon” N: All patients with the 
disease who may benefit from 
therapies considered

 Goal: maximize expected number of successes in N

 Either one- or two-armed trial

 Suppose n = 1000 is right for one trial & N = 1,000,000

 Then for other N’s use n =

 Goal: maximize expected number of successes in N

 Either one- or two-armed trial

 Suppose n = 1000 is right for one trial & N = 1,000,000

 Then for other N’s use n =

8181
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Optimal allocations Optimal allocations 
in a twoin a two--armed trial:armed trial:
Optimal allocations Optimal allocations 
in a twoin a two--armed trial:armed trial:

8282

8383

Of course, optimal sequential Of course, optimal sequential 
assignments are even better: assignments are even better: 
Of course, optimal sequential Of course, optimal sequential 
assignments are even better: assignments are even better: 

8484

Bandit strategiesBandit strategiesBandit strategiesBandit strategies
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““Bandit StrategiesBandit Strategies”” & Google& Google““Bandit StrategiesBandit Strategies”” & Google& Google

8585

Berry’s bandit stuffBerry’s bandit stuff
 Berry DA (1972). A Bernoulli two-armed bandit. The Annals of Mathematical Statistics 43:871-897.

 Berry DA (1978). Modified two-armed bandit strategies for certain clinical trials. Journal of the American Statistical Association
73:339-345.
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