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Baltimore, July 18, 2006 Baltimore, July 18, 2006 

Janet Woodcock, CDER Director :Janet Woodcock, CDER Director :

“Improved utilization of adaptive 
and Bayesian methods” could
“Improved utilization of adaptive 
and Bayesian methods” couldand Bayesian methods  could 
help resolve low success rate of 
and expense of phase III clinical

and Bayesian methods  could 
help resolve low success rate of 
and expense of phase III clinicaland expense of phase III clinical 
trials
and expense of phase III clinical 
trials
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The Coming Bayesian Tsunami of Clinical Development
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OUTLINEOUTLINE

Bayesian adaptive design?
P di ti b biliti i
Bayesian adaptive design?
P di ti b biliti iPredictive probabilities in 

design
Predictive probabilities in 

design
Adaptive dose-finding: 
A stroke trial
Adaptive dose-finding: 
A stroke trialA stroke trialA stroke trial
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Practical Advantages of BayesPractical Advantages of BayesPractical Advantages of BayesPractical Advantages of Bayes

1 On line learning1 On line learning1. On-line learning

2 Predictive probabilities

1. On-line learning

2 Predictive probabilities2. Predictive probabilities

3. Modeling

2. Predictive probabilities

3. Modeling3. Modeling
Hierarchical
Longitudinal

3. Modeling
Hierarchical
LongitudinalLongitudinal

4 Decision analysis

Longitudinal

4 Decision analysis
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4. Decision analysis4. Decision analysis



Current Use ofCurrent Use ofCurrent Use of 
Bayesian Adaptive Designs

Current Use of 
Bayesian Adaptive Designs

MDACC (> 300 trials)MDACC (> 300 trials)

Many device companies
( 20 PMA 510(k) )
Many device companies
( 20 PMA 510(k) )(> 20 PMAs, many 510(k)s)  

All top drug companies; many

(> 20 PMAs, many 510(k)s)  

All top drug companies; manyAll top drug companies; many 
biotechs
All top drug companies; many 
biotechs
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Some Bayesian Device ApplicationsSome Bayesian Device Applications
Orthopedics (esp. spinal implants)
Diagnostics & screening
Orthopedics (esp. spinal implants)
Diagnostics & screeningDiagnostics & screening 
Stents
Shunts

Diagnostics & screening 
Stents
ShuntsShunts
Defibrillators
B hi l th l t

Shunts
Defibrillators
B hi l th l tBronchial thermoplasty
Ablation catheters
Bronchial thermoplasty
Ablation catheters
PFO closure
Contraceptives
PFO closure
Contraceptives
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NeurostimulationNeurostimulation



Some areas of application of Some areas of application of pp
Bayesian adaptive drug trials

pp
Bayesian adaptive drug trials

Oncology
Migraine
Oncology
Migraine

Spinal Cord Inj
HIV
Spinal Cord Inj
HIVg

Rh Arthritis
Lupus

g
Rh Arthritis
Lupus

Hep C
Pre-term labor
Hep C
Pre-term laborLupus

Sepsis
Lupus
Sepsis

Pre-term labor
Constipation
Pre-term labor
Constipation

Diabetes
Obesity
Diabetes
Obesity

Micturition
Alzheimer’s
Micturition
Alzheimer’s
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Stroke
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Bayesian Adaptive TrialsBayesian Adaptive Trialsy py p
Stopping early (or late)Stopping early (or late)

Efficacy
Futility
Efficacy
Futilityy

Dose finding (& dose dropping)
S l h

y
Dose finding (& dose dropping)
S l hSeamless phases
Population finding
Seamless phases
Population findingp g
Adaptive randomization
R i l

p g
Adaptive randomization
R i l
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Ramping up accrualRamping up accrual



Bayesian UpdatingBayesian Updating

Paired observations, T vs CPaired observations, T vs C

P(S) = P(T wins pair)P(S) = P(T wins pair)

H0: P(S) = 1/2

D t SSFSS FSSSF

H0: P(S) = 1/2

D t SSFSS FSSSFData: SSFSS FSSSF
SFSSS SS

Data: SSFSS FSSSF
SFSSS SS
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Prob:
8/128/12

Prob:
4/12
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Predictive ProbabilitiesPredictive ProbabilitiesPredictive ProbabilitiesPredictive Probabilities

Essential for monitoring trialsEssential for monitoring trialsEssential for monitoring trials 
Critical component of 
Essential for monitoring trials 
Critical component of 
experimental designexperimental design

“We must ask where we are “We must ask where we are 
and whither we are tending.”

Abraham
and whither we are tending.”

Abraham
1212

— Abraham 
Lincoln

— Abraham 
Lincoln



Current (posterior) for p = P(S)Current (posterior) for p = P(S)(p ) p ( )(p ) p ( )

p    (1–p)13         4p13(1-p)4

0 1 2 3 4 5 6 7 8 9 1

1313

0 .1 .2 .3 .4 .5 .6 .7 .8 .9 1
p



Posterior Probability that 
p > 0 5 is Area Under Curve
Posterior Probability that 

p > 0 5 is Area Under Curvep > 0.5 is Area Under Curvep > 0.5 is Area Under Curve

P(p > 0.5 | data) 
           = 0.985

P(p > 0.5 | data)
= 0.985

0 .1 .2 .3 .4 .5 .6 .7 .8 .9 1
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0 .1 .2 .3 .4 .5 .6 .7 .8 .9 1
p

p = 0.5p = 0.5



Probabilities for # successes 
in next 17 observations

Probabilities for # successes 
in next 17 observations

P di ti h d itP di ti h d it

in next 17 observationsin next 17 observations

88% probability
of statistical

Predictive, p has densityPredictive, p has density

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

of statistical
significance

Binomial, p = 13/17Binomial, p = 13/17

96% probability
of statistical
significance

1515
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significance



Why Bayes?Why Bayes?Why Bayes?Why Bayes?

Smaller trials (usually!)Smaller trials (usually!)

More accurate conclusions

Objective can include better

More accurate conclusions

Objective can include betterObjective can include better 
treatment of patients in trials
Objective can include better 
treatment of patients in trials
Complicated trials, but control 
Type I error via simulation
Complicated trials, but control 
Type I error via simulation

1616

Type I error via simulationType I error via simulation



Predicting Trial ResultsPredicting Trial ResultsPredicting Trial ResultsPredicting Trial Results
SimulateSimulateSimulate
Model uncertainty
Simulate
Model uncertainty
Incorporate info (Bayesian-
wise) on various outcomes
Incorporate info (Bayesian-
wise) on various outcomeswise) on various outcomes
Model relationships among 

l d l t d i t

wise) on various outcomes
Model relationships among 

l d l t d i tearly and late endpoints
Consider alternative designs
early and late endpoints
Consider alternative designs

1717
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Prediction in Adjuvant Prediction in Adjuvant ed ct o dju a t
Breast Cancer Trial
ed ct o dju a t

Breast Cancer Trial

Patients ≥ 65 yrs oldPatients ≥ 65 yrs old

Capecitabine (Xeloda®) vs 
standard therapy (CMF or AC)
Capecitabine (Xeloda®) vs 
standard therapy (CMF or AC)standard therapy (CMF or AC)

Hypothesis: Noninferiority

standard therapy (CMF or AC)

Hypothesis: NoninferiorityHypothesis: Noninferiority

N = 600 to 1800

Hypothesis: Noninferiority

N = 600 to 1800
1818



A Bayesian statistical design was used with ay g
range in sample size from 600 to 1800 patients.
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A purely statistical reasonA purely statistical reasonA purely statistical reason 
for sorry performance of 

A purely statistical reason 
for sorry performance of y p

drugs in phase III …
y p

drugs in phase III …
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Power considerationsPower considerations
True (predictive) powerTrue (predictive) power

Traditional power

Po
w

er

Prior 
Predictive power

density

H0 H1

2121
Underlying treatment difference
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Results of SAINT I:Results of SAINT I:Results of SAINT I:Results of SAINT I:

Design of SAINT II:Design of SAINT II:Design of SAINT II:

N = 3200 (up from 1700)

Design of SAINT II:

N = 3200 (up from 1700)N  3200 (up from 1700)

Power 80% for Odds Ratio 1.20

N  3200 (up from 1700)

Power 80% for Odds Ratio 1.20
2323



In SAINT I:In SAINT I:

1.00

?
0.75

Cumulative
M difi d

?

NXY

0 25

0.50Modified
Rankin
Scale

NXY
PBO

0.00

0.25

0 2 4 6531
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0 2 4 6
mRS score
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Not probability of
null hypothesisnull hypothesis
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Advertised power ofAdvertised power ofAdvertised power of 
SAINT II = 80%

Advertised power of 
SAINT II = 80%

Naïve predictive power 
of SAINT II = 60%

Naïve predictive power 
of SAINT II = 60%of SAINT II = 60%of SAINT II = 60%

Other info from SAINT I:Other info from SAINT I:Other info from SAINT I:
My pre-probability 

Other info from SAINT I:
My pre-probability 

that SAINT II was going 
to be positive: 10%

that SAINT II was going 
to be positive: 10%

2626

to be positive: 10%to be positive: 10%



Press release, Oct 26, 2006Press release, Oct 26, 2006

“Results from the SAINT II (Stroke Acute 
Ischemic NXY 059 Treatment) trial:
“Results from the SAINT II (Stroke Acute 
Ischemic NXY 059 Treatment) trial:Ischemic NXY-059 Treatment) trial: … 
NXY-059 did not meet its primary 
outcome of a statistically significant

Ischemic NXY-059 Treatment) trial: … 
NXY-059 did not meet its primary 
outcome of a statistically significantoutcome of a statistically significant 
reduction in stroke-related disability, as 
assessed by the modified Rankin Scale 

outcome of a statistically significant 
reduction in stroke-related disability, as 
assessed by the modified Rankin Scale y
(mRS) (p=0.33, odds ratio 0.94) 
compared to placebo.

y
(mRS) (p=0.33, odds ratio 0.94) 
compared to placebo.
“The company plans no further 
development of NXY-059 in acute 
“The company plans no further 
development of NXY-059 in acute 

2727
ischemic stroke.”ischemic stroke.”



MoralsMoralsMoralsMorals

P l i t b bilit f HP l i t b bilit f HP-value is not probability of H0

Predictive power < “power”
P-value is not probability of H0

Predictive power < “power”Predictive power  power
Use adaptive design
Predictive power  power
Use adaptive design

Start trial cautiously
Look at the data!!
Start trial cautiously
Look at the data!!
Ask “whither we are tending”
Adapt
Ask “whither we are tending”
Adapt

2828

AdaptAdapt



Types of adaptive trialsTypes of adaptive trialsTypes of adaptive trialsTypes of adaptive trials
Stopping early (or late)Stopping early (or late)Stopping early (or late)

Efficacy
Futility

Stopping early (or late)
Efficacy
FutilityFutility

Dose finding (& dose dropping)
Seamless phases

Futility
Dose finding (& dose dropping)
Seamless phasesSeamless phases
Adaptive randomization
Identifying responding biomarker

Seamless phases
Adaptive randomization
Identifying responding biomarkerIdentifying responding biomarker 
profile
Ramping up accrual

Identifying responding biomarker 
profile
Ramping up accrual

2929

Ramping up accrualRamping up accrual



Why adaptive design?Why adaptive design?

Smaller trials (usually!)Smaller trials (usually!)
More accurate conclusions
B tt t t t f ti t
More accurate conclusions
B tt t t t f ti tBetter treatment of patients 
in trials, depending on trial 
Better treatment of patients 
in trials, depending on trial , p g
goal

, p g
goal

3030
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W b it fW b it fWebsites for 
JHU/FDA Workshop

Websites for 
JHU/FDA WorkshopJHU/FDA WorkshopJHU/FDA Workshop

/b i 2004/b i 2004www.prous.com/bayesian2004www.prous.com/bayesian2004

http://www.cfsan.fda.gov/~frf/ 
bayesdl html

http://www.cfsan.fda.gov/~frf/ 
bayesdl htmlbayesdl.htmlbayesdl.html
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CDRH Bayesian GuidanceCDRH Bayesian Guidanceyy

http://www.fda.gov/cdrh/o
sb/guidance/1601 html

http://www.fda.gov/cdrh/o
sb/guidance/1601 htmlsb/guidance/1601.htmlsb/guidance/1601.html
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*Berry, et al. Case Studies in Bayesian Statistics 2001



Stroke and Stroke and 
adaptive dose-responseadaptive dose-response

Adaptive doses in Phase II setting:Adaptive doses in Phase II setting:Adaptive doses in Phase II setting: 
learn efficiently and rapidly about 
d l i hi

Adaptive doses in Phase II setting: 
learn efficiently and rapidly about 
d l i hidose-response relationship
Pfizer trial of a neutrofil inhibitory
dose-response relationship
Pfizer trial of a neutrofil inhibitoryPfizer trial of a neutrofil inhibitory 
factor
Endpoint: stroke scale at week 13

Pfizer trial of a neutrofil inhibitory 
factor
Endpoint: stroke scale at week 13Endpoint: stroke scale at week 13
Early endpoints: weekly stroke scale
Endpoint: stroke scale at week 13
Early endpoints: weekly stroke scale

3535
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Standard Parallel Group DesignStandard Parallel Group DesignStandard Parallel Group DesignStandard Parallel Group Design
Equal sample sizes at each of k 

dosesdoses.

3636
Doses



True doseTrue dose--response curve response curve True doseTrue dose--response curve response curve 
(unknown)(unknown)(unknown)(unknown)

se
es

po
ns

R
e

3737
Doses



Observe responses (with error) at Observe responses (with error) at 
h dh d

Observe responses (with error) at Observe responses (with error) at 
h dh dchosen doseschosen doseschosen doseschosen doses

se
es

po
ns

R
e

3838
Doses



Dose at which 95% max effectDose at which 95% max effectDose at which 95% max effectDose at which 95% max effect%%%%
se

es
po

ns

True EDTrue ED9595R
e True EDTrue ED9595

3939
Doses



Uncertainty about ED95Uncertainty about ED95

se
es

po
ns

True EDTrue ED9595R
e True EDTrue ED9595

Dose ?? 4040

Dose ??



Uncertainty about ED95Uncertainty about ED95

se
es

po
ns

R
e

Dose ?? 4141

Dose ??



Solution: Solution: Solution: Solution: 
Increase number of dosesIncrease number of dosesIncrease number of dosesIncrease number of doses

sp
on

se

EDED9595

R
es

4242

Doses



But, enormous sample size, and . . . But, enormous sample size, and . . . But, enormous sample size, and . . . But, enormous sample size, and . . . 
wasted dose assignmentswasted dose assignments——always!always!wasted dose assignmentswasted dose assignments——always!always!

sp
on

se

EDED9595

R
es

4343
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Our adaptive approachOur adaptive approachp ppp pp

Observe data continuouslyObserve data continuouslyy
Select next dose to maximize 
i f ti b t ED95 i

y
Select next dose to maximize 
i f ti b t ED95 iinformation about ED95, given 
available evidence
information about ED95, given 
available evidence
Stop dose-ranging trial when 
k ED95 & t
Stop dose-ranging trial when 
k ED95 & tknow ED95 & response at 
ED95 “sufficiently well”
know ED95 & response at 
ED95 “sufficiently well”

4444
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Our approach (cont’d)Our approach (cont’d)Our approach (cont d)Our approach (cont d)

Info accruesInfo accrues Longitudinal Model Longitudinal Model 
C h St k D t bC h St k D t b
Longitudinal Model Longitudinal Model 

C h St k D t bC h St k D t bInfo accrues 
gradually 
about each

Info accrues 
gradually 
about each

Copenhagen Stroke DatabaseCopenhagen Stroke DatabaseCopenhagen Stroke DatabaseCopenhagen Stroke Database

4040

5050

about each 
patient; 

di ti

about each 
patient; 

di ti
1010

2020

3030

prediction 
using 
prediction 
using -10-10

00

longitudinal 
model
longitudinal 
model

Diff f b li i SSS k 3Diff f b li i SSS k 3

-30-30

-20-20

-40-40 -30-30 -20-20 -10-10 00 1010 2020 3030 4040 5050

4545

Difference from baseline in SSS week 3Difference from baseline in SSS week 3



Our approach (cont’d)Our approach (cont’d)

Model dose-response 
(borro strength from
Model dose-response 
(borro strength from(borrow strength from 
neighboring doses)
(borrow strength from 
neighboring doses)g g )

Many doses (logistical issues)

g g )

Many doses (logistical issues)

4646



Possible decisions each day:Possible decisions each day:
Stop trial and drug’s developmentStop trial and drug’s development
Stop and set up confirmatory trial
Continue dose finding (what dose?)
Stop and set up confirmatory trial
Continue dose finding (what dose?)Continue dose-finding (what dose?)

Size of confirmatory trial based on

Continue dose-finding (what dose?)

Size of confirmatory trial based onSize of confirmatory trial based on 
info from dose-ranging phase 

Choices by decision analysis

Size of confirmatory trial based on 
info from dose-ranging phase 

Choices by decision analysisChoices by decision analysis 
(Human safeguard: DSMB)

Choices by decision analysis 
(Human safeguard: DSMB)

4747
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Dose-response trialDose-response trialpp
Learn efficiently and rapidly about 
dose response; if + go to Phase III
Learn efficiently and rapidly about 
dose response; if + go to Phase IIIdose-response; if + go to Phase III
Assign dose to maximize info 
dose-response; if + go to Phase III
Assign dose to maximize info 
about dose-response parameters 
given current info
about dose-response parameters 
given current infogiven current info
Use predictive probabilities, based 

l d i t

given current info
Use predictive probabilities, based 

l d i ton early endpoints
Doses in continuum, or preset grid
on early endpoints
Doses in continuum, or preset grid

4848
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Dose response trial (cont’d)Dose response trial (cont’d)Dose-response trial (cont d)Dose-response trial (cont d)

L b t SD liL b t SD liLearn about SD on-line
Halt dose-ranging when know
Learn about SD on-line
Halt dose-ranging when knowHalt dose ranging when know 
dose sufficiently well
Halt dose ranging when know 
dose sufficiently well
Seamless switch from dose-
ranging to confirmatory trial—
Seamless switch from dose-
ranging to confirmatory trial—g g y
2 trials in 1!

g g y
2 trials in 1!

4949



Advantages over Advantages over 
standard designstandard design

F ti t ( ll )F ti t ( ll )Fewer patients (generally); 
faster & more effective learning 
Fewer patients (generally); 
faster & more effective learning g
Better at finding ED95

g
Better at finding ED95
Tends to treat patients in trial 
more effectively
Tends to treat patients in trial 
more effectivelymore effectively
Drops duds early
more effectively
Drops duds early—actual trial!
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Dose-assignment Dose-assignment ose ass g e t
simulation

ose ass g e t
simulation

Assumes particular dose-
response curve
Assumes particular dose-
response curveresponse curve
Assumes SD = 12
response curve
Assumes SD = 12
Shows weekly results, several 

ti t t ti ( i l )
Shows weekly results, several 

ti t t ti ( i l )patients at a time (green circles)patients at a time (green circles)
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5
Assigned Doses by Week - one simulation
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14
Doses assigned across all simulations
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Estimated functions (no dose effect)
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Doses assigned across all simulations
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Deploying the design:Deploying the design:ep oy g t e des g
ASTIN   stroke   study 

ep oy g t e des g
ASTIN   stroke   study 
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ASTIN StudyASTIN Studyyy
Does UK-279,276 improve recovery in Does UK-279,276 improve recovery in 
ischemic stroke? Dose effect?
Placebo and 15 doses 
ischemic stroke? Dose effect?
Placebo and 15 doses 
Primary efficacy endpoint: 
Scandinavian Stroke Scale Mean
Primary efficacy endpoint: 
Scandinavian Stroke Scale MeanScandinavian Stroke Scale, Mean 
change from baseline to day 90
Patients with

Scandinavian Stroke Scale, Mean 
change from baseline to day 90
Patients withPatients with

Age ≥ 50 years 
Patients with

Age ≥ 50 years 

6363
Acute ischemic stroke < 6 hoursAcute ischemic stroke < 6 hours



ASTIN  StudyASTIN  Study

Executive Steering Committee
Independent Data Monitoring
Executive Steering Committee
Independent Data MonitoringIndependent Data Monitoring 
Committee
Independent statistician

Independent Data Monitoring 
Committee
Independent statisticianIndependent statistician 
preparing reports for IDMC
Computer system run by

Independent statistician 
preparing reports for IDMC
Computer system run byComputer system run by 
Tessella Ltd (UK)
Computer system run by 
Tessella Ltd (UK)

6464



NEW SUBJECT DETAILS

S-centre# -9-Log# of randomized patients in your centre

Screening numberg

ScandinavianScandinavian 
Stroke Scale

Signature
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ASTIN ResultsASTIN ResultsASTIN ResultsASTIN Results

Trial stopped for futility; 500 withTrial stopped for futility; 500 withTrial stopped for futility; 500 with 
week 13 SSS
966 patients randomized/treated

Trial stopped for futility; 500 with 
week 13 SSS
966 patients randomized/treated966 patients randomized/treated
93% ischemic stroke 
966 patients randomized/treated
93% ischemic stroke 
- 21% cotreated with tPA 
- Mean baseline severity ~ 28 points 
- 21% cotreated with tPA 
- Mean baseline severity ~ 28 points y p

Scand Stroke Scale
- Demographics comparable across 

y p
Scand Stroke Scale

- Demographics comparable across 
6666

g p p
treatment arms

g p p
treatment arms



Accrual/dose over timeAccrual/dose over time
120 mg

76 mg
84 mg
96 mg

108 mg
120 mg

45
52 mg
59 mg
67 mg
76 mg

D
os

e

27 mg
33 mg
38 mg
45 mgD

0 mg
10 mg
16 mg
22 mg
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SSS Response Curve –SSS Response Curve –SSS Response Curve 
Primary Analysis

SSS Response Curve 
Primary Analysis
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Neutralizing antibodies to 
UK 279 276

Neutralizing antibodies to 
UK 279 276UK-279,276UK-279,276
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Comparison of Imputed and TrueComparison of Imputed and TrueComparison of Imputed and True 
Response—Initial longitudinal model

Comparison of Imputed and True 
Response—Initial longitudinal model
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Comparison of Predicted and TrueComparison of Predicted and TrueComparison of Predicted and True 
Response—Updated longitudinal model

Comparison of Predicted and True 
Response—Updated longitudinal model
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Mike Krams’s conclusionsMike Krams’s conclusionsMike Krams s conclusionsMike Krams s conclusions
Complex sequential design possibleComplex sequential design possible
Requires up-front effort

Simulation
V lid ti

Requires up-front effort
Simulation
V lid tiValidation
Regulators: US, EMEA, UK, Germany, Sweden, 
Canada

Validation
Regulators: US, EMEA, UK, Germany, Sweden, 
Canada

Saves time & resources
Algorithm perceived as success
Saves time & resources
Algorithm perceived as success

Hunted effectively
Stopped as soon as allowed, clear-cut decision
C ld h t d !

Hunted effectively
Stopped as soon as allowed, clear-cut decision
C ld h t d !
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Could have stopped sooner!Could have stopped sooner!



Consequences of Consequences of q
Adaptive Approach

q
Adaptive Approach

Fundamental change in way 
we do medical research
Fundamental change in way 
we do medical researchwe do medical research
We’ll get the dose right
we do medical research
We’ll get the dose right
Better treatment of patients
M id
Better treatment of patients
M idMore rapid progress

at less development cost
More rapid progress

at less development cost
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OUTLINEOUTLINE

Bayesian adaptive design?
P di ti b biliti i
Bayesian adaptive design?
P di ti b biliti iPredictive probabilities in 

design
Predictive probabilities in 

design
Adaptive dose-finding: 
A stroke trial
Adaptive dose-finding: 
A stroke trialA stroke trialA stroke trial
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