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OUTLINE
m Background; Bayesian design.

m Examples:
e 1. Early stopping.
e 2. Allocate treatments to maximize
benefit to patientsin & out of trial.

e 3&4. Two variations on a theme:
seamless phases || and |11, sequential
sampling, surrogate endpoints.

» Drug for NSCLC.
 Drug for stroke.




m Bayesian approach
e Fully Bayesan

e Partially Bayesan
m Bayes and modeling
m Bayes and smoothing
m Hierarchical modeling
m Using historical data

m Predictive probabilities
m Decision making

m|Adaptive (efficient) designs




Example 1
MDACC trial in stage |l breast
cancer; HDCT vs SDCT

m Based on continual (or regular)
monitoring of results.

m Maximal sample size: 94 (=47+47)
ela =0.05

ePower 80% for pCR of 10% T 30%




Goals

mTreat patients better.
mL earn efficiently, but
m Save patient resour ces.

mContinueto exploreonly
If likely to show benefit.




Early stopping

mMonitoring based on Jay&ﬂ jan
predictive probabilities.

elf HDCT isdoing sufficiently
poorly then stop.

elf HDCT isdaing sufficiently
well then stop.

mMonitor as often aspossible.




Stop beforen = 94 for

mSuperiority:

P(HDCT stat sig|data) > 95%
m Futility:

P(No stat sig|data) > 99%



Prior density for SDCT: beta(3,27)
Prior density for HDCT: beta(1,9)

HDCT

o 1 2 3 4 5 & 7 8 9 1
PCR rraie



Updated densities:
1 of 10 on SDCT, 5 of 10 on HDCT

SDCT

HDCT

o 1 2 3 4 5 & 7 8 9 1
PCR rraie



Updated den
2 of 20 on SDCT,) 10 Jf 2©©rn DCT

o 1 2 3 4 5 & 7 8 9 1
PCR ratte



Operating characteristics

m Probability n < 94.
m Expected sample size.
m Praobability show superiority.

= [Above depend on pCR rates
for two arms.]




Operating characteristics,
assuming SDCT rateis 10%
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Example 2
Adaptive allocation of therapies

m Design for phasell trial:
Many drugs, & placebo

m Goals:
e Treat effectively
e Learn quickly



Adaptive allocation
—Application to cancer

= Endpoint: Tumor response
(success= CR or PR).
[Or, survival—gradually.]

= Weigh randomization toward better
perfarming drugs.

m Start w/drug 1 & placebo;
add other drugs as become available.
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Adaptive allocation (cont’d)
Typical paint in future:

Placebo: 10 succ, 22 falil
Drug 1. 3 suce, 23 fail
Drug 2: 8 succ, 18 fail
Drug 3: 20 succ, 11 fail
Drug 4. 4 succ, 7 fall
Drug 5: 7 suce, 2fall
[Plus some data in bank]




Example Bayesian measures.

m Probability drug k is better
than placebo, given current
evidence (MDACC leuk study).

m Probability drug k 1s best of all
intrial.

= Number of responsesin patient
horizon.




Typical point in future:

Possible assignment:

Placebo:
1:

—

Dru
Dru
Dru
Dru

Dru

g

Q &

«Q

«Q

10%
— dump
15%

Placeho: 10 suec, 22 fail
Drug 1: 3 suee, 23 fail
Drug 2: 8 suee, 18 fail
Drug3: 20 suce, 11 fail
Drug 4: 4 3uce, 7 fail
Drug 5: 7 3uee, 2 fail

— phaselll

15%
60%
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Typical point in future:

What happened?

m Drug
m Drug 3

1 dropped.

quickly.

mDrugbis

Placeho: 103suec, 22 fail
Drug 1: 3 suee, 23 fail
Drug 2: 8 suee, 18 fail
Drug3: 20 suce, 11 fail
Drug 4: 4 3uce, 7 fail
Drug 5: 7 3uee, 2 fail

moved through

maving through quickly
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Consequences

ecall goals:
(1) Treat effectively
(2) Learn quickly

mAttractiveto patients, in and
out of thetrial.
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Example 3
\NSCL C and local control

m Rates of local control in NSCLC
(surrogate endpoint for survival?)

m Local control — prolong survival?
(depending on treatment)

m Drug — prolong survival?

= Modeling

e Exponential
e Weibull

mJoint with P. Thall and L. Inoue =




Conventional design
(with placebo comparison)

Survival
advantage

L ocal
control

No survival
advantage

NoO Iocal
control

Phasel |

Phaselll
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m Phasell: Oneor two centers; 10-20
pts'mo. |t predictive probabilities |ook
good then expand to

m Phaselll: Many centers; 30+ ptsmo.
(Takestimeto gear up, but initial
centers keep rolling.)

m Singletrial: survival data from both
phases combined in final analyss.
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Early stopping

m Use predictive probs of stat. signif.

m Frequent analyses (total of 18) using
predictive probabilities:
e To switch to Phase |11
e To stop accrual

e For futility

o To submit to FDA (during follow-up)
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= Maximal sample size: 900
(_pha&g |11 of a conventional design)

= 0.05, power = 80%
(aff 25% Improvement)

m Comparison designs:
Conv4 & Conv18, max N = 900.

Q(Samp @s”zei followin gjd@@ﬂ”t@@um
phase |l ptsin conventional designs.)

24



Expected N under H,
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Other characteristics

= Duration of drug development is
greatly shortened under Bayesian
design:
e Sample size.
e No hiatus for developing phaselll.

e Use all patients to assess both
endpoints and relationship between
endpoints.
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Possibility of large N

m Seldom get to N near 900
= When you do, it’s necessary!

m Thispossbility gives Bayesian
design its edge.

m [Other reason for edgeis
maodeling local contral.]
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Example 4
Adaptive dose-response

!Adapﬂve dosesin Phasell setting:

lear n efficiently and ﬁap d ly about
d@%lﬁ%p@ﬁ% relationship.

m Joint with P. Muéller, A. Grieve,

M. Smith, T. Parke, R. Blazek,
N. Pritchard, M. Krams.
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Dose-response trial
m Learn efficiently and rapidly abcaut
dose-responsg; if + goto Ph

m Assign dose to maximize info ab@u
d@%—ﬁ@p@rﬂi&@ paramefrers given
current info. (Allow for data bank.)

m Use plrecd ictive probabilities, based on
early or surrogate endpoints.

m Doses in continuum, or preset grid.



Dose-response trial (cont'd)

m Learn about variance on-line.

m Halt dose-ranging when know the
dose sufficiently well.

m Seamless switch from dJ@%—IfaIﬂgl ing to
confirmatory trial—2 trialsin

m Confirm afr@ry trial dose & sampﬂes?ze
chosen using decision analysis.
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Standard Parallel Group Design

Dose



Observe responses (with error)
at chosen doses

Response
_y
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Dose at which 95% max effect

Response

! EDgs
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Response

Uncertainty about ED95




Response

Logically problematic:

.-
-‘-‘
o

EDg:
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Solution:
Increase number of doses

! EDgs
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But, enormous sample size, and
. . . wasted doses—always!

Response
—y
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Response

|deal




Our adaptive approach

o Select next dose to maximize
infor mation about ED95 &
response at ED95, given
avallable evidence.

@Sj‘r@p dose-ranging trial based on
Decision analysis| +

{Statistical si
A Predictive power



Qur approach (cont’d)

Longitudinal model based on
Copenhagen Stroke Database

Info accrues e
gradually shout .,

each patient:;
prediction using
longitudinal
maodel.
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Our approach (cont'd)

o Requires modeling dose-
%p@m%(W@b@M@W@F gﬂn
from neighboring doses using
normal dynamic linear model)

«» Many doses (logistical issues).



Possible decisions each daly:
% Stop trial and drop drug's
developmen.
% Stop and st up confirmatory trial.
% Continue dose-finding trial.
Choice by degision analysis. (Humain
sgffeguard: DSMB.)

Size of confirmatory trial bhased on info
fironn dose-rrainging phase.
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Seainilless switch?

& 1 wo trialsin one, with seamless
switch fironn dose-finding to
confir maltory connpailr ison
(estimaited EDY5 vs. placeho)—
same centers.

wAlternative: Two trials.
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Advantages over standaird design

« Fewer patients (generally); more
efffective and faster learrning.

« Better at finding EDY5.

« L earn about variance an-line.

% 1 endsto treat patientsin trial
morr e effectively.

«Dropsadud early.
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Design Flow Chart

Continue ~
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Simulation

m Assumes particular dose-response

curve

m Assumes SD = 12

m Sh@ws 25 patients at a time (green
circles)
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proportion
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Estimated functions
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Proportion
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Null case Estimated functions
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Estimated functions
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Consequences
«Fundamental change in the
way we do medical research.

aMorerapid progress; more
drugs considered.

«Better treatment of patients.
%. .. at |ess cost.



m Background.

m Early stopping (HDCT vs SDCT).
m Adaptive allocation to treatment.

m Seamless design; drug for NSCLC.

m Adaptive dose-finding; drug for
stroke.
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