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Introdu
tion
• Re
ent debates about adaptive designs in� statisti
al literature: Stat Med (Temple, 2006), Biom J (spe
ial issue august2006), J Biopharm Stat (white paper from a working group of pharma
euti
alindustry, 2006)� medi
al literature: JAMA editorial, o
tober 25, 2006

• Involving statisti
ians, trialists and spe
ialists from� pharma
euti
al 
ompanies� a
ademi
 world� regulatory agen
ies: FDA (Criti
al paths initiatives, 2004 & 2006), EMEA2



What are we talking about?∗
• Adaptive designs: use a

umulated data to (possibly) modify someaspe
ts of an ongoing study
• Without 
ompromising the validity and integrity of the trial

• Exemples of adaptive designs� Randomized Play-the-Winner→ allo
ation rule� Sample size reassessment → sampling rule� Group sequential trial → stopping rule
• In
ludes Bayesian designs, dose �nding trials with dose es
alation(CRM, Bayesian, . . . ), and �exible designs

∗Draglin V. Adaptive designs: 
lassi�
ation and taxonomy. Adaptive Designs Workshop,2006. 3



Pro and Cons
• Pro� Allow to better target patients subsets using new te
hnologies (e.g. use ofproteomi
 or geneti
 markers)� Provide a theoreti
al framework to some 
ommon pra
ti
e proto
ol amendments� Redu
e time to de
ision (in parti
ular, set up next trials)� Save resour
es for the entire drug development pro
ess

• Cons� Vulnerable to unblinding and bias (Also true for "usual" sequential trials)� Over-emphasize statisti
al over 
lini
al signi�
an
e� Expand the role of DSMB (Are they OK? Are the 
ompanies OK?)� Compli
ate the trial's logisti
� Useful at all? (Shouldn't we simply plan early phase trials more 
arefully?)4



Flexible designs∗
• Adaptive group sequential designs

• Where the sequel of a trial 
an be re-designed after an interim analysis

• "Re-design":� sample size reassessment and timing of next IAs (adaptive sampling rule)� 
ombination of p-values or test statisti
s, 
onditional error, . . . (adaptive stop-ping rule)� 
hanging the target treatment di�eren
e, the primary endpoint, the test statisti
,. . . (adaptive de
ison rule)� . . .

∗Bauer 1989; Bauer & Köhne 1994; S
häfer & Müller 2004 5



Prin
iples (1)
• Modi�
ation of the trial design while preserving the type I error

• Con
ept of 
onditional error� invarian
e prin
iple: any modi�
ation preserving the 
onditional type I errorpreserves the overall type I error� repla
e the remainder of a trial by a design preserving the initial type I error,
onditional on what has been observed until the IA
• One may adapt the trial design� using data 
olle
ted during the trial (up to the IA)� or information from outside the trial (e.g. other trials)� no need to prespe
ify the modi�
ations 6



Prin
iples (2)
• Many methods available
• Sequential analysis: integrate information from di�erent stages

• Approa
hes: varian
e-spending, 
onditional error, 
ombination tests

• Notion of 
ombination tests� 
ombine normal deviates from independent samples� 
ombine independent p-values� 
ombination rule has to be spe
i�ed in advan
e
• Sequel: fo
us on re
ursive 
ombination tests 7



General s
heme

Stage 1 Null hypothesis H01
n1 subje
ts, p-value p1

0 α1 α0 1p1

Reje
t H01 A

ept H01Adaptation (→ H02)

Stage 2 : n2 subje
ts, p2
0 cα 1C(p1, p2)

Reje
t H01 ∩H02 A

ept H01 ∩H02 8



Stage 1
• Plan a 
onventional group sequential design

• Determine H01 (null hypothesis to be tested), T1 (test statisti
), n1

• Fix the type I (α) and II (β) error rates
• Choose the 
ombination rule C(p1, p2) (has to be �xed, but α1 and

α0 may be adapted)

9



Interim analysis
• T1 → p1
• p1 ≤ α1(< α) or p1 > α0(> α) → stop

• α1 < p1 ≤ α0 → pro
ede to stage 2
• Possibility to adapt the design� using information from inside and outside the trial� one may de�ne a new hypothesis H02
• Adaptations to be written down in a proto
ol 10



Stage 2
• In
lude n2 subje
ts as planned at the IA

• T2 → p2

• p-value p = C(p1, p2)
• Use p to reje
t H01 ∩H02 or not, at the level α

• Or plan a third stage . . . 11



Proposed adaptations

1. Sample size reassessment

2. Conditional power

3. Sele
ting treatment arms / doses

4. sele
ting / adding endpoints

5. Inserting / skipping interim analyses

6. Others 12



Sample size reassessment

• Most published works 
on
erned sample size reassessment

• Few debates on using blinded or unblinded nuisan
e parameter esti-mation (e.g. varian
e)
• To preserve the trial power in 
ase of misspe
i�
ation of these param-eters

• Flexible designs allow the use of information from the �rst stage toreevaluate the sample size

• More debates on using observed treatment e�e
ts (see next) 13



Conditional power
• Sample size 
omputed for a power level against a given alternative

• Conditional power at IA: power 
onditional to what has been observed

• Power under whi
h alternative?� observed e�e
t size (predi
tive power): random variable, large apparent e�e
tmay have dramati
 
onsequen
es� planned e�e
t size (
onditional power), but haow do we a

ount for an unsus-pe
ted large e�e
t?

• Flexible trials allow to 
onsider unsuspe
ted e�e
ts, in terms of e�-
a
y or safety

• Be 
areful with parameters estimated at an interim analysis 14



Sele
ting treatment arms / doses

• One of the �rst true appli
ations of �exible designs

• The �rst stage is used to sele
t a subset of doses and to determinesample size for stage 2
• Possibility to rede�ne the allo
ation ratio between doses, or to addnew doses

• No need to prespe
ify the adaptations
• But be 
areful not to 
ompromise the 
redibility of the trial 15



Sele
ting / adding endpoints

• Sele
t endpoints 
ombined into a single test statisti
 (e.g. drop thosewith too mu
h measurement variability)

• Modify the hierar
hy of a multiple testing pro
edure

• Add some new endpoint

• But modifying the main endpoint will 
ast a reasonable doubt on thetrial 
on
lusions (and obviously indi
ate a poor planning . . . )
16



Inserting / skipping interim analyses

• Flexible desings = group sequential designs + �exibility

• adapting the up
oming IAs seems natural (number, timing)

• Some authors have tried to in
orporate an optimal 
hoi
e of samplesize between two IAs in the sequential de
ision pro
ess, but methodsare rather 
omplex
• Add an IA if unblinded data indi
ate a high 
han
e of obtaining ade
ision, or drop the next one in the 
onverse 
ase
• Modi�
ation of the preplanned sequential boundaries (e.g. Po
o
kinstead of O'Brien & Fleming) 17



Others
• Choi
e of a tests statisti
 better suited to the data (e.g. non-proportionalhazards, or adjusting on a variable that was not part of the originalproto
ol)
• Sele
t one or more patients subsets
• Main 
ontroversy: Risk to modify a "good" proto
ol on the basis ofa limited number of patients
• But 
ommon pra
ti
e shows that proto
ol amendments are very fre-quent anyway

• Flexible designs provide a framework to modify a proto
ol, with atleast 
ontrol of the type I error 18



Statisti
al methods
• Suppose we test H0 vs H1Stage 1

n1 observations, p1� Reje
t H0 if p1 ≤ α1� Stop for futility if p1 > α0
Stage 2Possibly having adapted H0

n2 observations, p2Reje
t H0 if C(p1, p2) ≤ cα2

• Parti
ular 
hoi
es dis
ussed in the literature� α0 < 1 and α2 = α (�nal test at the nominal level)� α0 = 1 (no early stopping for futility)
• Conditions on C(., .), cα2 ? 19



Re
ursive 
ombination test∗: 
ombining p-values

• C(p1, p2) is in
reasing in both arguments, stri
tly in
reasing in at leastone, and left-
ontinuous in p2, ∀p1 ∈℄α1, α0℄ et p2 ∈ [0,1℄

• (p1, p2) have to be p-
lud, i.e.PrH0(p1 ≤ α) ≤ α et PrH0(p2 ≤ α|p1) ≤ α, ∀α ∈ [0,1℄

• Property: if p1 and p2 are independent and uniformly distributed,(p1, p2) are p-
lud

• cα2 depends on α, α0, α1, α2 and C(., .)
• Frequent (and simple) 
ombination fun
tion: Fisher's produ
t 
rite-rion

∗Brannath et al. 2002 20



Fisher's produ
t 
riterion
• C(p1, p2) = p1 × p2
• Final test at level α2 ⇔ reje
t H0 i�

p1p2 ≤ cα2 = exp(−0.5χ24,1−α2)

• Clearly, cα2 ≤ α1 as p1p2 ≤ p1
• cα2 = α − α1lnα0 − lnα1

21



Re
ursive 
ombination tests: level

• PrH0(p1 ≤ α1) + PrH0(C(p1, p2) ≤ cα2, α1 < p1 ≤ α0) = α

• If p1 and p2 are independent and ∼ U[0,1℄
α1+ ∫ α0

α1 ∫ 10 I[C(x,y)≤cα2℄dxdy = α

22



Re
ursive 
ombination tests: global p-value

• Let us de�ne
q(p1, p2) = 





p1 if p1 ≤ α1 or p1 > α0

α1 + ∫ α0
α1 ∫ 10 I[C(x,y)≤C(p1,p2)℄dxdy otherwise

• q(p1, p2) is the p-value of the 
ombination test∗� if p1 and p2 anre independent and ∼ U[0,1℄, q(p1, p2) ∼ U[0,1℄� Reje
t H0 i� q(p1, p2) ≤ α

∗Brannath et al. 2002; although 
hallenged by Liu & Pledger 2005 23



Re
ursive 
ombination test: weighted sum of normal deviates

• Other method, equivalent to 
ombine p-values

• Stage 1: n1, z1. Reje
t H0 if z1 ≥ zα1, a

ept if z1 < zα0

• Interim analysis: adapt pre-planned n2 → ~n2

• Stage 2: ~n2, ~z2. Reje
t if~z = w1z1+ w2~z2 ≥ zα2,where wi = √

n1

n1+n2

• Global level of test pro
edure α if weights wi are de�ned a priori24



Conditional error fun
tion∗
• Other approa
h to 
onstru
t adaptive designs, equivalent to 
ombi-nation tests
• We observe z1 at the �rst IA
• Control of the type I error
• CEF: probability of a type I error at the �nal analysis, given we haveobserved z1

• Any in
reasing fun
tion A(z) with range [0,1℄ satisfying ∫

A(z)φ(z)dz =

α

∗Pros
han & Hunsberger 1995 25



Generalization to more than two stages

• The stage 2 of previous design is also an IA, and so on . . .Stop?
p2

q1(p1, . )

C1(.,.)
α0,1,α1,1

Stop?
p3

q2(p2, . )

C2(.,.)
α0,2,α1,2

Stop?

p4

q3(p3, . )

C3(.,.)
α0,3,α1,3

et
 . . .

• Global p-value: p = q1(p1, q2(p2, q3(. . .)))
• Reje
t H0 i� p ≤ α 26



Estimation and 
on�den
e intervals

• Estimation following and adaptive design

• Possibility to 
onstru
t 
on�den
e intervals

• Several methods: repeated CI (Lehma
her & Wassmer 1999), alter-native approa
h (Brannath et al. 2002)
• One-sided 
on�den
e bounds 
an be used for 
on
lusion, as an equiv-alent to 
ombination test p-value

27



Some properties of adaptive designs (1)Loss of power of Fisher's 
ombination test

• Power of the test (�xed sample size, no adaptation at the IA)
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• Aditional loss of power if early stopping is in
orporated 28



Some properties of adaptive designs (2)In
onsisten
ies of reje
tion regions

• When the adaptive test reje
ts but not the 
lassi
al pooled sampletest
• Two examples (with n1 = n2, no adaptation)

29



Flexible designs: summary

• Extension of the 
on
ept of group sequential designs

• Framework in 
omplien
e with ICH requirements

• Flexibility = design adaptation using all available information sour
es

• At planned or unplanned IAs
• Allows to 
ompute a global p-value and 
on�den
e intervals, whilepreserving the type I error

• Not very 
ommon yet, but already used in pra
ti
e 30



Appli
ation of �exible designs∗Number of published appli
ations
N

o.
 a

rt
ic

le
s
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1996 1997 1998 1999 2000 2001 2002 2003 2004 2005

From: Bauer P, Einfalt J. Biom J 2006; 48:493−506

∗Bauer & Einfalt 2006 31



Exemple: hyperi
um extra
t WS 5570 trial∗
• Randomized, double-blind, multi
enter, non-inferiority trial

• Comparing hyperi
um to paroxetine in severe depression

• Primary out
ome: absolute de
rease of the Hamilton s
ore

• Primary analysis: intent to treat
• Option to test for superiority if non-inferiority is established

∗Szegedi et al. BMJ 2005;330(7490):503 32



Design
• Non-inferiority margin: δ = −2.5 pts

• Shifted t-test
• Global type I error α = 0.025 (one-sided)
• Adaptive interim analysis: α1 = 0.01, α0 = 0.5
• Fisher's produ
t test for �nal analysis cα = 0.0038
• Analysis: one-sided 97.5% 
on�den
e limit adjusted for IA (equivalentto the 
ombination test) 33



Sample size
• Stage 1: n1 = 50/gp� assuming equal 
hanges and 
ommon SD of 6 pts� power 90% for p1 ≤ 0.20 (referred as trend toward non-inferiority)

• Interim analysis: p1 = 0.084
• Stage 2: n2 = 75/gp� lo
al type I error level cα/p1 = 0.045� power 80%� no adaptation

34



Results∗
• Mean de
rease by 14.4 (8.8) withhyperi
um vs 11.4 (8.6) with parox-etine

• Lower one-sided 97.5% 
on�den
elimit of di�eren
e at 1.5 pt

• 1.5 > −2.5 → non-inferiority

• 1.5 > 0 → superiority at the 2.5%level
• Results 
on�red in a per proto
olanalysis

∗ 
©BMJ 35



Comments
• Flexible designs may be a

epted also in high rank journals

• One of the very good examples of how to present results of adaptivedesigns

• No dis
ussion of the methods in the paper, however

• In this 
ase, no 
lear gain of a �exible design: �xed sample size wouldhave been n = 91/gp instead of 125
• But pri
e to pay for allowing �exibility 36



Dis
ussion
• In general, ine�
ient as 
ompared to a group sequential trial

• Pri
e to pay for the possibility of replanning the trial

• The adaptive feature has to be 
ru
ial for the trial� internal pilot study� nuisan
e parameters di�
ult to anti
ipate (suvival, 
omplian
e, . . . )� phase II/III 
ombined trials
• Importan
e to preserve the trial 
redibility (whi
h null hypothesis istested at the end?)

• Not an alternative to poorly planned trials 37



Future resear
h
• Advantages of adaptive/�exible trials re
ognized in early phase trials

• More debated in phase III trials
• One of the most promising appli
ations are seamless phase II/III trials� 
onsidered as 
on�rmatory trials� 
ombine a phase II and a phase III trial into a single uninterrupted study� stage 1 (phase II): e.g. dose-�nding or early biologi
al response (
an
er trials)� stage 2 (phase III): sele
ted dose(s), terminal endpoint� analysis uses data from all subje
ts 38



Appli
ations needed
• Combined phase II/III trials bring a valuable answer to physi
ians and
ompanies expe
tations
• As do adaptive designs in general
• More pra
ti
al appli
ations (and worked examples) are 
ru
ial� to disseminate the methodology� to show that adaptive designs are useful� to set some pra
ti
al guidelines in their use

39


