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SUMMARY

Weconsidertheconstructionof efficientgroupsequentialdesignswherethegoalis a low expectedsamplesizenot
only at thenull hypothesisandthealternative (takento betheminimal clinically meaningfuleffect size),but also
atmoreoptimisticanticipatedeffectsizes.Pre-specifiedTypeI errorrateandpower requirementscanbeachieved
bothby standardgroupsequentialtestsandby morerecentlyproposedadaptive procedures.We investigatefour
nestedclassesof designs:(A) Groupsequentialtestswith equalgroupsizesandstoppingboundariesdeterminedby
a monomialerrorspendingfunction(the“ � -family”); (B) As A but theinitial groupsizeis allowedto bedifferent
from theothers;(C) Groupsequentialtestswith arbitrarygroupsizesandarbitraryboundaries,fixed in advance;
(D) Adaptive tests— asC but at eachanalysis,future groupsizesandcritical valuesareupdateddependingon
the currentvalueof the test statistic. By examining the performanceof optimal procedureswithin eachclass,
we concludethatclassB providessimpleandefficient designswith efficiency closeto thatof themorecomplex
designsof classesC andD. We provide tablesandfiguresillustratingtheperformancesof optimaldesignswithin
eachclassanddefiningtheoptimalproceduresof classesA andB.

Key words: clinical trial; group sequentialtest; samplesize re-estimation;adaptive design; flexible
design;optimaldesign;errorspendingfunction.

1 Introduction

Along with practicalconsiderations,thesamplesizefor a clinical trial is determinedby settingup null
andalternatehypothesesconcerningaprimaryparameterof interest,� , andthenspecifyingaTypeI error
rate � andpower ����� to becontrolledatagiventreatmenteffectsize �	��
 . Usually, traditionalvalues
of � and � areused(e.g., ����
���
�������
���
�� , ����
���
�����
�������
���� ); however, therecanbe muchdebate
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over the choiceof 
 . Sometextbooksadvocatethat 
 shouldbe chosento representthe minimum
“clinically relevant” or “commerciallyviable” effect size— seefor exampleSenn(1997,p. 170) and
Piantadosi(1997,p. 149).OtherssuchasShunetal. (2001)saythat 
 canbetakento betheanticipated
effect size — a value basedon expectationsfrom prior experimental,observational and theoretical
evidence. Pocock(1983)suggeststhat eitherapproachmight be taken: on pages125 and132, 
 is
to bea “realistic value”, while in theexampleon page128, it is to bea “clinically relevant” difference
that is “important to detect”. In Section3.5 of the ICH GuidanceE9 (FoodandDrug Administration,
1998), it is alsostatedthat 
 is to be basedon a judgementconcerningeither the minimal clinically
relevanteffect sizeor the“anticipated”effect.

The choiceof 
 is crucial because,for example, a halving in the choseneffect size will lead to a
quadruplingin the samplesize for a fixed sampletest (and in the maximumsamplesize for a group
sequentialtest). Using the lower samplesizeappropriateto a high treatmenteffect will leave the trial
underpowered to detecta smallerbut still importanteffect. Becauseof this, Shunet al. (2001) and
othershave proposedthat the trial be designedusing the highereffect size (andcorrespondinglower
samplesize),but thatsamplesizebere-estimatedataninterimanalysisbasedon theemerging observed
treatmentdifference.This hasbeentermedthe “start small thenaskfor more” strategy (Andersonand
Liu, 2004).

Therehave beenseveral accountsin the literatureof studiesin which samplesizehasbeenadaptedin
order to increasepower at lower effect sizes. Cui et al. (1999,Sec.1) reporton a placebocontrolled
myocardialinfarctionpreventiontrial with asamplesizeof 600subjectspertreatmentarm,thisnumber
beingbasedon aplannedeffect sizeof a 50%reductionin incidenceand95%power. Howevermidway
throughthetrial, only abouta 25%reductionin incidencewasobserved,a reductionwhich wasstill of
clinical andcommercialimportance.Becauseof thelow conditionalpower at this stage,thesponsorof
the trial submitteda proposalto expandthesamplesize. In recentyears,classesof procedurestermed
“flexible”, “adaptive”, “self-designing”or “variancespending”have beendevelopedwhich enablesuch
samplesizere-estimationto bedonewhile preservingtheTypeI errorrate � . SeeBauer(1989),Proschan
andHunsberger (1995),Fisher(1998),Cui et al. (1999),Wassmer(2000),Li et al. (2002)andPoschet
al. (2003)amongothers.

Remarksby someauthors,e.g.,ShenandFisher(1999)andShunet al. (2001),suggesta desireto set
a specificpower, ����� , at whatever is the true valueof the effect sizeparameter. This aim may lead
to adaptive designswith a power curve rising sharplyfrom � at � �!
 , thenremainingalmostflat at
�"�#� . In consequence,significantrisk of a negative outcomeremainsevenwhentheeffect sizeis high
andpower closeto onecouldeasilyhave beenattained.

All theabovediscussionsupportstheview thataclinical trial shouldguaranteepowerateffectsizes� of
clinical or commercialinterest.Smallereffectsarenotpertinentsince,asShih(2001,p. 517)states“ �$�$�
trials needto considersamplesizeto detecta differencethatis clinically meaningful,not merelyto find
a statisticalsignificance.” Limitationsoccurwhenthesamplesizeneededto detecta particularlysmall
effect is prohibitive: then,powermustbespecifiedat thesmallestvalueof � thatresourcespermit.

Shunet al. (2001,p. 520) give an exampleof the dilemmainvestigatorscanface: It is agreedthat the
minimumclinically meaningfuleffect is �%�&� but theanticipatedeffect sizeif �'�(�$
 . Shouldthetrial
beplannedwith thelargesamplesizenecessaryto deliver powerunder �)�*� ? Or, shouldonestartwith
the lower samplesizerequiredfor power under �+�,�$
 thencarry out a review wheninterim dataare
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availableto estimate� , increasingthesamplesizeif this interim estimateis lower than10? Shunet al.
(2001)favour thesecond,adaptiveapproach“in orderto possiblysaveresources”.They donot,however,
considertheoptionof asequentialtestdesignedto achieve power under �-�&� which wouldbelikely to
stopearly, afteronly a fractionof theplannedmaximumsamplesize,if thetruevalueof � wereashigh
as10. Our objective in this paperis to comparethenon-adaptive andadaptive approachesto thedesign
of suchastudy.

Our premiseis that a commongoal underliesboth traditional,non-adaptive groupsequentialtestsand
morerecentadaptive designsandthis goalcanbephrasedin termsof theoverall power curve, i.e., the
power investigatorswish their studyto achieve asa functionof thetruevalueof � . For example,in the
situationdescribedby Shunetal. (2001)it is clearthathigh power is requiredif � is actuallyequalto 5,
so theoverall power curve of anacceptabledesignmusttake a suitablyhigh valueat �.�/� . Note that
this requirementholdsindependentlyof any additionalevidencethat � is equalto 5: thepoint is that if
�	��� , thentheoverall designpackageshouldprovide ahighprobabilityof declaringapositive finding.

Many proposalsfor adaptive studydesignsbasemid-courserevisionsof the remainingsamplesizeon
the conditionalpower underparticular � values. It is importantnot to confusethis conditionalpower
with theoverall powercurve of thestudydesign.Oncetheprescriptionfor anadaptive trial designis set
out as,for example,in theproceduresdefinedby ProschanandHunsberger (1995)or Li et al. (2002),
theplanthetrial will follow asit progressesis completelydefinedandonecancomputetheprocedure’s
overall power curve.

An attractionof certainadaptive schemesis that they allow freedomto make changesin responseto
interim datathatwerenot consideredbeforethestudystarted.Eventhenonecan,at leastconceptually,
defineaspecificprocedureby askingwhatchangeswouldhave beenmadeunderall possiblesequences
of observations. Then,theperformanceof this realisationof a “flexible monitoringscheme”is thatof
the pre-specifiedadaptive designdefinedby theserules. Thus, in evaluatingthe classof pre-specified
adaptive designs,we shallalsolearnwhatflexible designs,whicharenot fully pre-specified,canoffer.

Theflexibility of adaptive designscanalsobeusedto reactto externalinformationthataffectsastudy’s
objectives.While this is animportantproperty, it is quitedistinct from theissuewe shalladdressin our
comparisonsof sequentialdesigns. In what follows, we confineour attentionto the relatively simple
situationwherethe externalenvironmentremainsconstantduring the courseof a study. We comment
furtheron adaptationto externalfactorsin Section5.

In comparingdesigns,weshallstudytestswith aspecificTypeI errorrate, � , andpower �0�1� atagiven
effectsize �-��
 , notingit is theoverallpowerof thecompleteprocedurethatweconsiderhere,however
this is achieved.Weshallcomparedesignswith respectto theirexpectedsamplesize(or averagesample
number, “ASN”) over the rangeof � valuesof interest. Since 
 representsthe minimum clinically or
commerciallymeaningfuleffect,ASN shouldalsobeconsideredatthelargereffectsizethatinvestigators
arehopingfor, �	�*23
 , say, where254&� . CombiningASN at thesetwo pointswith theASN underthe
null hypothesis�-�*
 givesouroptimalitycriterion

�687:9<;>=#? �'�*
�@�A 9<;>=B? �-��
.@�A 9�;>=B? �-�C23
.@ED�� (1)

This criterion reflectsequipoiseanda balancebetweenoptimismandpessimism.We have alsomade
investigationsusing other criteria, generalisedto include additional � valuesor varying the assigned
weights,andobtainedqualitatively similar conclusions.
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Weshallassessthreeclasses,A, B andC, of conventionalgroupsequentialtests,moving from simpleto
morecomplex designs.Thereareagreatmany proposalsfrom which to choosetypesof adaptive design
andin our studiesof thesemethodswe have oftenfoundadaptive designsto have inferior performance
to well chosennon-adaptive groupsequentialtests;seeJennisonandTurnbull (2003)for onesuchcase
study. However, theclassof adaptive testscontainsnon-adaptive testsasspecialcasessoit is clearthat
efficient adaptive designsmustexist! As our fourth class,D, we considerall possibleadaptive designs,
i.e., groupsequentialtestsin which, at any stage,future groupsizesanddecisionboundariescanbe
adaptedto observed responsesin a pre-plannedway. Theideaof seekingoptimaltestswithin this class
wasproposedby Schmitz(1993)who referredto theseas “sequentiallyplannedsequentialdesigns”.
Sincethis classcontainsall possibleadaptive designs,theoptimaldesignswe find for a givencriterion
will performat leastaswell, by thiscriterion,asany adaptive or flexible testthatonemight propose.

Therecentpaperof SchäferandMüller (2004)hasalsoaddressedtheissueof uncertaintyabouttheeffect
sizeto bedetected,takinga somewhatdifferentapproach.For a F -grouptrial with TypeI errorrate � ,
theseauthorsconsidera sequenceof F valuesof � , 2"GH
JIK�$�$�LIM23NO
 , andshow how to construct
boundariessuchthat, for each PQ�����$�$�$�R��F , the probabilityof stoppingto reject SUT at or beforethe
P th analysisis equalto �"�B� when �U�V23W:
 . In contrast,our emphasisis on theASN underdifferent
� values,subjectto the goal of protectingpower at the mostpessimisticeffect size �X�Y
 . Schäfer
andMüller’s (2004)proceduresbelongto our classC and,hence,resultsfor theoptimal testin classC
provide anupperboundon how well thesedesignsperformby ourcriteria.

2 Group sequential procedures

Considera balancedtwo-samplecomparisonin which observations Z\[^] on treatment9 and ZU_`] on
treatmenta , bc�(���d���$�$�$� , areindependent,normallydistributedwith common,known variancee�f and
unknown meansg [ and g _ , respectively. Theparameterof interestis thedifferencein treatmentmeans,
�1�(gh[i�#g0_ , andit is desiredto testthenull hypothesisSUT : �1�M
 againsttheone-sidedalternative
�14V
 with TypeI errorprobability � . Althoughthis problemmayseemunrealisticallysimple,it does
in factserve asaprototypefor a widevarietyof designsandresponsetypes:methodsdevelopedfor this
situationhave wide applicability— see,for example,JennisonandTurnbull (2000,Chap.3).

The assumptionof known varianceis significanthereasit meanswe arenot concernedwith adapting
samplesizein responseto new estimatesof e f . Thereis a considerableliteratureon adaptive methods
for “re-estimating”the samplesizeneededto meeta fixed power requirementasmoreis learntabout
a nuisanceparameter;see,for example,Wittes andBrittain (1990)andGould andShih (1992)or, for
updatingsamplesizein agroupsequentialtest,DenneandJennison(2000)andMehtaandTsiatis(2001).
However, wedonotconsiderthisquestionin thepresentpaper. Wereferreadersto SchwartzandDenne
(2003)for acarefulexplanationof how multi-stagedesignscanincorporateoneor moreof theobjectives
of: updatingsamplesizein responseto new varianceestimates;adjustingsamplesizeastheeffect size
to bedetectedis modified;stoppingearlyaccordingto a groupsequentialrule assoonastheobserved
datapermitthis.

For our statedproblem,a fixed sampletestattainingpower ���j� at the alternative �i�K
 requiresa
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samplesize
khl � ��e�f ?nmpo A m$q @rf
 f (2)

per treatmentarm where m�s � tOu G ? �v�5wh@ denotesthe upper w tail point of the standardnormal
distribution. Theteststatisticis givenby

x � �y ? ��e f khl @
z�{|
]�}8G ? Z\[^]��QZU_�]~@ (3)

and SUT is rejectedif andonly if
x 4 m o .

In a groupsequentialdesign,the accumulatingdataareanalysedrepeatedly. Supposethe maximum
numberof analysesis set at F and, for P������$�$�$�R��F , the cumulative numberof observationsper
treatmentarmat analysisP is k W , whereof coursek G I��$�$��I k N . At analysisP , thestatistic

x WO�
z��|
]�}8G ? Z\[^]��QZU_�]~@~� ? e

y � k W�@

is computed.A generalone-sidedgroupsequentialtest is definedby pairsof constants?n� W��d��W�@ with
� W	I���W for P������$�$�$����F!�j� and � N�����N . It takestheform:

After group P������$�$�$�:��F!�j�
if
x W-����W stop,reject SUT

if
x W-� � W stop,acceptS�T

otherwise continueto group P	A*� ,
aftergroup F

if
x N&����N stop,reject SUT

if
x N I � N stop,acceptS T .

(4)

Here, � N�����N ensuresthatthetestterminatesatanalysisF .

In orderfor thegroupsequentialtestto achieve TypeI errorprobability � andpower �3��� at �	��
 , its
maximumsample,k N , mustbeatleastalittle largerthanthefixedsamplesizekhl . Theratio �&� k N�� khl
is termedthe inflation factor of agroupsequentialtest.

Thereare many choicesof boundary 7�?n� W��d��W�@��^PM�����$�$�$�:��FXD , that will satisfy the � and � error
probability requirements.Oneconvenientdefinition is throughthe specificationof a parametricerror
spendingfunction. Following JennisonandTurnbull (2000,Chap.7.3.2),we definetwo errorspending
functions � ?�� @ and � ?�� @ , for TypeI andTypeII errorsrespectively, which arenon-decreasingandsatisfy
� ? 
�@>�*� ? 
�@c��
 , � ? ��@���� and � ? ��@c��� . Thecritical values ?n� W��d��W�@ , P��V���$�$�$�R��F , arecalculatedby
solvingsuccessively

�	�p� }�T 7R� G�I x G�I.�pG$�h�$�$�:� � W u G I
x W u G Iv��W u G �

x W0�v��W�D���� ? k W�� k N-@h�X� ? k W u G � k N-@ (5)

and
�	�:� }�� 7R� G I x G I.� G �`�$�$�R� � W u G I

x W u G Iv��W u G �
x W0� � W�D���� ? k W�� k N @h��� ? k W u G � k N @�� (6)
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startingwith � G and �:G at the first analysis,wherewe take k TX��
 , and proceedingup to P���F .
For given functions � ?�� @ and � ?�� @ , the requirement� N � ��N at the final analysisdeterminesthe
necessarymaximum samplesize k N and, hence,the test’s inflation factor � � k N�� khl . Various
softwareprogramsareavailableto aid this computation;for example,thecommercialpackagesEast3
(Cytel, 2003)andS+SeqTrial 2.0 (Insightful Corp,2002),or thosefreely availableat thewebsite
http://www.medsch.wisc.edu/landemets/.

Weshallconsiderthesimpleerrorspendingfunctions:

� ?�� @ ��� �~¡ and � ?�� @>�*� �~¡ � (7)

parametrizedby thesingleparameter¢�4&
 . This choicedefinestheso-called“ ¢ -family” of tests.The
valueof ¢ determinesthe inflation factor �£� k N�� khl ; this relationshipis illustratedin Table7.6 of
JennisonandTurnbull (2000)for thecaseof equallysizedgroupsandselectedvaluesof F , � and � .

A refereehascommentedon our assumptionthat thestudywill definitelystopwith acceptanceof SUT if
ever

x Wv� � W andnotedthat if samplingwereto continuein suchcircumstances,this would inflate the
TypeI errorrateabove � . If thereis concernthattheDataandSafetyMonitoringBoardmaynotadhere
rigidly to thestoppingboundariesspecifiedin thestudyprotocol,theTypeI error ratecanbeprotected
by replacing(5) with

�	�p� }�T 7 x G Iv� G �h�$�$�p� x W u G I.�¤W u G �
x W`�v��W�D��*� ? k WR� k N @h�X� ? k W u G � k N @��

Then, if the stoppingrule is followed precisely, the Type I error ratewill be achieved conservatively.
Sincethis conservatismwould complicateour comparisonof differenttypesof test,we shall continue
with ouroriginal definitionfor theremainderof thispaper.

We shall studyfour familiesof groupsequentialtests(GSTs)comprisingtwo forms of error spending
test,generalnon-adaptive GSTs,andadaptive GSTs. To ensurea fair comparison,testsin all families
mustmeetthesamedesignspecificationsgivenby � , � , 
 and F . It is well known thatgroupsequential
testscanyield greaterreductionsin ASN astheinflation factor � increases;see,for example,Ealesand
Jennison(1992).Practicalconstraintswill oftenlimit themaximumpossiblesamplesizeand,hence,the
valuesallowablefor � . We have derived optimal testsfor fixedvaluesof � but we alsoreportresults
without this constraint,obtainedby optimisingfreely over � .

A. Equal group sizes. Thesetestsare ¢ -family error spendingtestswith equallyspacedanalyses:k W'� ? P���FX@r� khl , P¥�/���$�$�$�:��F . Sincethevalueof ¢ is determinedby � , thereis only onetest
for a givendesignspecification.Planningwith equalgroupsizesis theusualstartingpoint when
designingaGST.

B. Proposed class of GSTs. Theseare ¢ -family errorspendingtestswith onedegreeof freedomin
settinggroupsizes.Thefirst groupsizeis k G andremaininganalysesareequallyspacedthereafter:k W.� k GLA ? � khl � k G�@ ? P.����@~� ? F£����@ , P �¦���$�$�$�R��F . If the treatmentdifferenceis ashigh
as 23
 , where 2(4,� , theremay be opportunityfor early stoppingwell beforethe first analysis
in procedureA: schedulingan early look helpslower the ASN in this case,reducingtheoverall
criterion(1). Optimizationis over thechoiceof k G , afterwhich ¢ is determinedby � .

C. Optimal non-adaptive GSTs. Completefreedomis allowed in choosingcritical values ?n� W��d�¤W�@
andcumulativesamplesizesk G �$�$�$�p� k N to optimizethecriterion(1), subjectto k N ��� khl . Note
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A: ρ−family test, equal group sizes

B: ρ−family test, optimal 1st group

C: Optimal non−adaptive test
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Figure1: OptimizedaverageASN plottedagainst§ for testsin classesA to D. Testshave TypeI
errorrate ¨ª©#«�¬ «R­R® , power ¯c°²±²©³«�¬ ´ at µ<©B¶ , a maximumof ·/©³­ analyses,andminimize
theaverageASN criterion ¸¤¹»ºh¼¥½�µ¾©Q«�¿�Àª¹»º`¼ª½�µO©X¶�¿�À¥¹3º`¼¥½�µO©QÁ8¶<¿ÃÂ$Ä$Å for Áª©X­ and4.
The symbols ÆÇ on the curvesfor classesC andD indicatethe valuesof § at which thesecurves
becomeflat.

that the choiceof ÈhÉ and ÊnË�É�ÌdÍ�É�Î , Ï�ÐÒÑ�Ì$Ó$Ó$Ó:Ì�Ô , is setat the startof the studyandcannotbe
updatedasobservationsaccrue.

D. Optimal adaptive GSTs. Thesearefully adaptive designs.At eachanalysisÏ�Ð¦Ñ�Ì$Ó$Ó$Ó:Ì�Ô�ÕCÑ ,
thenext cumulative groupsize ÈhÉ�Ö8× andcritical values ÊnË�É�Ö8×$ÌdÍ�É¤Ö8×�Î arechosenbasedon current
data.Thewholeprocedureis chosento optimizecriterion(1) subjectto ÈhØ&ÙjÚ�ÈhÛ .

Optimal non-adaptive testsfor a fixed sequenceof group sizesare derived using methodsdescribed
in EalesandJennison(1992)for the symmetriccase,Ü�ÐKÝ , andby BarberandJennison(2002) for
theasymmetriccase.A Bayesdecisiontheoryproblemis setup andthesolutionfoundby a backward
induction(dynamicprogramming)technique.A searchoverdecisionandsamplingcostsleadsto aBayes
problemwith solutionequalto the optimal GST beingsought. Furtheroptimizationover groupsizes
È × Ì$Ó$Ó$Ó:Ì�ÈhØ describedby EalesandJennison(1992,Sec.5) provides the optimal testswithin classC.
Constructionof the optimal adaptive or “Schmitz” testsin classD proceedsby useof the dynamic
programmingtechniquein a generalizationof theBayesdecisionproblemwheregroupsizeis allowed
to dependon thecurrentvalueof thestatistic ÞLÉ .

3 Optimal tests and their properties

Wepresentresultsfor testswith TypeI errorrate Ü�Ð*ß�Ó�ß�à�á , power Ñ�Õ<Ý�Ð*ß�Ó�â at ã	Ð�ä andamaximum
of Ô analyseswhere Ô�Ðåà , 3, 4, 5 or 6. Testsareoptimizedfor theaverageASN criterion (1) withæ Ð�à and4. All calculationsareby numericalintegrationandresultsareaccurateto at leastthenumber
of decimalplacesshown in thetables.
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C: Optimal non−adaptive test
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A: ρ−family test, equal group sizes
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L = 4

Figure2: OptimizedaverageASN plottedagainst§ for testsin classesA to D. Testshave TypeI
errorrate ¨ª©#«�¬ «R­R® , power ¯c°²±²©³«�¬ ´ at µ<©B¶ , a maximumof ·/©³® analyses,andminimize
theaverageASN criterion ¸¤¹»ºh¼¥½�µ¾©Q«�¿�Àª¹»º`¼ª½�µO©X¶�¿�À¥¹3º`¼¥½�µO©QÁ8¶<¿ÃÂ$Ä$Å for Áª©X­ and4.
The symbols ÆÇ on the curvesfor classesC andD indicatethe valuesof § at which thesecurves
becomeflat.

Figures1 and2 show how the optimizedaverageASN varieswith Ú for testswith 2 and5 analyses,
respectively. For bothclassesA andB of ç -family tests,averageASN decreasesinitially as Ú increases
but eventually startsto increaseagain. The groupsizesof classC testsareoptimizedsubjectto the
constraintÈhØ�è�ÈhÛ1ÙVÚ : initially theoptimal testshave ÈhØ�è�ÈhÛ.Ð�Ú but as Ú is increaseda value, éÚ<ê
say, is reachedsuchthat theoptimal testcontinuesto take ÈhØOè�ÈhÛUÐ éÚ<ê eventhoughhighervaluesare
allowed. Similarly, for given

æ
and Ô , thereis a maximalinflation factor, éÚ<ë say, for optimal testsin

classD: evenwhenlargervaluesof ÈhØ arepermitted,all samplepathsterminatewith ÈhØ&ÙJéÚ ë ÈhÛ . The
pointsatwhichthecurvesfor classesC andD reachtheirplateausaremarkedin thefiguresbut it is clear
that valuescloseto theoptimalaverageASN arereachedwell beforethesepoints. Given thepractical
disadvantagesof ahigh valueof Ú , it is reasonableto chooseaninflation factorconsiderablylower than
theseotherwise“optimal” values.

Tables1 and2 givefurtherdetailsof theprocedureswith optimalperformanceover Ú in Figures1 and2,
respectively, taking ÚMÐ éÚ<ê for classC and ÚMÐ éÚ ë for classD. In addition,thesetablesgive results
for testswith 3, 4 and6 analyses.In view of thepracticalbenefitsof a low maximumsamplesize,we
would recommendchoosingvaluesfor theinflation factor Ú below theglobaloptimum.Tables3 and4
givedetailsof testsoptimisingcriterion(1), with

æ Ð�à and4 respectively, with Ú fixedat1.2;however,
wheretheminimumaverageASN occursat a valueof Ú below 1.2, this valueis usedinstead.Further
tablesof results,similar to Tables3 and4 with Ú&ÐVÑ�Ó�ß�á , 1.1,1.2,1.3and1.4andpower0.8and0.9are
availableatourwebsitehttp://www.bath.ac.uk/ ì mascj/.

The first columnof eachtableshows the maximumnumberof analysesÔ , the fixed sampletestwith
Ô�ÐVÑ servingasabenchmarkfor theothers.For eachÔÒíCà , propertiesof theoptimaltestsin classes
A to D arepresented.Thevalueof ç is givenfor the ç -family testsin classesA andB, then,for all four
tests,weshow theinflationfactor Ú , thesizeof thefirst groupof observations,theASNsunderã	Ð*ß , ä
and
æ ä , andtheaverageof thesethreeASNswhich formstheoptimality criterion(1). All groupsizes
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Table1: Propertiesof testswith Type I error rate �j�M
���
���� andpower �O�5�5�(
���î at �.�/
 which
minimizecriterion(1) with 2#��� . Thevalueof � is alsochosenoptimally to minimizethiscriterion.

F Design ¢ � First ASN at Average
group �8�²
 �8�1
 �0�1��
 ASN

1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0

2 A: ¢ -family, equalgroups 1.36 1.09 54.5 68.1 83.3 56.4 69.3
B: ¢ -family, opt.1stgroup 0.67 1.21 43.0 64.5 86.3 48.9 66.6
C: Optimalnon-adaptive � 1.21 43.0 63.2 86.8 49.3 66.4
D: Optimaladaptive � 1.31 41.9 63.9 85.7 48.1 65.9

3 A: ¢ -family, equalgroups 0.96 1.21 40.3 58.5 77.1 45.2 60.3
B: ¢ -family, opt.1stgroup 0.61 1.34 33.1 56.4 78.7 42.1 59.1
C: Optimalnon-adaptive � 1.38 30.5 53.5 79.9 40.0 57.8
D: Optimaladaptive � 1.57 28.3 53.7 78.6 38.2 56.8

4 A: ¢ -family, equalgroups 0.77 1.31 32.8 53.5 74.3 39.9 55.9
B: ¢ -family, opt.1stgroup 0.59 1.41 27.6 52.3 75.4 38.4 55.4
C: Optimalnon-adaptive � 1.53 24.4 48.9 76.2 36.0 53.7
D: Optimaladaptive � 1.80 21.6 48.8 74.8 33.9 52.5

5 A: ¢ -family, equalgroups 0.67 1.39 27.8 50.6 72.8 36.8 53.4
B: ¢ -family, opt.1stgroup 0.56 1.46 23.9 49.8 73.6 35.9 53.1
C: Optimalnon-adaptive � 1.64 20.9 46.4 73.9 33.7 51.3
D: Optimaladaptive � 2.02 20.2 45.9 72.0 32.1 50.0

6 A: ¢ -family, equalgroups 0.60 1.45 24.2 48.6 71.9 34.7 51.7
B: ¢ -family, opt.1stgroup 0.55 1.49 21.8 48.2 72.4 34.3 51.6
C: Optimalnon-adaptive � 1.77 18.5 44.7 72.3 32.2 49.8
D: Optimaladaptive � 2.21 17.7 44.1 70.4 30.7 48.4

andASNsareexpressedasapercentageof khl , thesamplesizerequiredby afixedsampletest.

Our key conclusionfrom thesefiguresandtablesis that ¢ -family errorspendingtestsoffer simpleand
efficient designsfor the objectives underconsideration.The robust efficiency of ¢ -family testswhen
comparedto generalnon-adaptive GSTswith equalgroupsizeshasbeennotedby BarberandJennison
(2002). It is evident from our resultsthat restrictingto equalgroupsizeshindersthereductionof ASN
at thehigh effect sizesof �U����
 and �U��ï�
 . However, allowing choiceof just thefirst groupsizein
classB testsovercomesthis difficulty, leadingto noticeableimprovementsover theclassA designsfor
Fð�ñ� when 2&�ñ� andfor F up to 4 or 5 when 2��(ï . Thefirst groupsizesin theoptimalclassB
testaremuchlower for 2B��ï thanfor 25�&� , showing how optimismaboutthesizeof treatmenteffect
leadsto a moreaggressive strategy in thehopeof a “homerun” finding under �)�&2»
 . But, despitethe
focuswhen 2��Mï on a very low ASN under �²�Mï�
 , ASNsat �²�/
 and 
 arestill quitesimilar to
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Table2: Propertiesof testswith Type I error rate �j�M
���
���� andpower �O�5�5�(
���î at �.�/
 which
minimizecriterion(1) with 2#�*ï . Thevalueof � is alsochosenoptimally to minimizethiscriterion.

F Design ¢ � First ASN at Average
group �8�²
 �8�1
 �0�.ï�
 ASN

1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0

2 A: ¢ -family, equalgroups 1.46 1.08 54.0 68.3 83.5 54.0 68.6
B: ¢ -family, opt.1stgroup 0.64 1.20 32.6 67.1 91.1 32.6 63.6
C: Optimalnon-adaptive � 1.18 30.0 64.1 94.3 30.0 62.8
D: Optimaladaptive � 1.26 30.2 64.4 92.6 30.2 62.4

3 A: ¢ -family, equalgroups 1.19 1.16 38.7 59.3 77.5 38.7 58.5
B: ¢ -family, opt.1stgroup 0.68 1.29 17.8 60.4 82.1 18.5 53.7
C: Optimalnon-adaptive � 1.35 17.6 54.3 82.6 18.8 51.9
D: Optimaladaptive � 1.50 18.0 53.6 81.3 18.7 51.2

4 A: ¢ -family, equalgroups 1.05 1.22 30.5 54.7 74.5 30.5 53.2
B: ¢ -family, opt.1stgroup 0.63 1.38 14.8 54.3 77.3 16.2 49.3
C: Optimalnon-adaptive � 1.51 14.9 49.1 77.3 16.6 47.7
D: Optimaladaptive � 1.72 13.8 48.5 75.9 15.2 46.5

5 A: ¢ -family, equalgroups 0.95 1.27 25.4 51.8 72.7 25.4 50.0
B: ¢ -family, opt.1stgroup 0.61 1.43 13.3 51.0 74.8 15.2 47.0
C: Optimalnon-adaptive � 1.60 12.6 46.4 74.8 14.8 45.3
D: Optimaladaptive � 1.93 11.6 45.6 72.9 13.5 44.0

6 A: ¢ -family, equalgroups 0.88 1.31 21.8 49.9 71.6 21.9 47.8
B: ¢ -family, opt.1stgroup 0.60 1.46 12.2 49.1 73.3 14.4 45.6
C: Optimalnon-adaptive � 1.69 10.5 44.8 73.1 13.2 43.7
D: Optimaladaptive � 2.11 8.4 44.1 71.4 11.8 42.4

thosefor thecase2j��� . Comparisonswith optimumnon-adaptive testsin classC show thatvery little
efficiency is lost by settlingon the ¢ -family testsof classB: addinga freechoiceof all groupsizesand
stoppingboundary7�?n� W��d��W�@��^PU�����$�$�$�:��FXD reducesaverageASN by atmost2%of khl .
If we compareoptimal classC andclassD tests,eitheroptimizedover � or at a fixed valueof � , the
improvementin passingfrom optimal non-adaptive teststo optimal adaptive testsis a drop in average
ASN of at most1.4%of khl . As we explainedearlier, classD containsall varietiesof adaptive test,thus
our resultsprovide anupperboundon how well specificproposals,for example,thoseof Proschanand
Hunsberger(1995)or ShenandFisher(1999),canperformwhenassessedin termsof theiroverallpower
andASN functions. Comparingour resultsfor testsin classesB andD, we deducethat for the cases
considered,usingcriterion(1) with 2#��� or 2#�*ï , ¢ -family errorspendingtestswith anoptimizedfirst
groupsizehaveaverageASN within 3.2%of khl of theaverageASN for any adaptivedesignmeetingthe
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Table3: Propertiesof testswith Type I error rate �j�M
���
���� andpower �O�5�5�(
���î at �.�/
 which
minimizecriterion(1) with 2#��� . Thevalueof � is fixedat 1.2unlessa lower valueminimizes(1).

F Design ¢ � First ASN at Average
group �8�²
 �8�1
 �0�1��
 ASN

1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0

2 A: ¢ -family, equalgroups 1.36 1.09 54.5 68.1 83.3 56.4 69.3
B: ¢ -family, opt.1stgroup 0.69 1.20 43.0 64.6 86.2 48.9 66.6
C: Optimalnon-adaptive � 1.20 43.0 63.3 86.7 49.3 66.4
D: Optimaladaptive � 1.20 43.2 64.0 85.3 49.0 66.1

3 A: ¢ -family, equalgroups 1.00 1.20 40.0 58.6 77.2 45.1 60.3
B: ¢ -family, opt.1stgroup 0.99 1.20 33.8 58.1 78.0 43.0 59.7
C: Optimalnon-adaptive � 1.20 31.1 55.1 79.5 40.9 58.5
D: Optimaladaptive � 1.20 28.8 54.9 78.9 39.5 57.8

4 A: ¢ -family, equalgroups 1.13 1.20 30.0 55.1 74.7 40.0 56.6
B: ¢ -family, opt.1stgroup 1.13 1.20 28.7 55.1 74.8 39.8 56.5
C: Optimalnon-adaptive � 1.20 25.6 51.7 76.2 37.5 55.1
D: Optimaladaptive � 1.20 24.0 50.9 75.2 36.0 54.0

5 A: ¢ -family, equalgroups 1.22 1.20 24.0 53.4 73.2 37.7 54.8
B: ¢ -family, opt.1stgroup 1.22 1.20 25.2 53.4 73.1 37.8 54.7
C: Optimalnon-adaptive � 1.20 22.6 49.8 74.3 35.7 53.2
D: Optimaladaptive � 1.20 21.6 48.8 73.0 34.2 52.0

6 A: ¢ -family, equalgroups 1.28 1.20 20.0 52.3 72.2 36.4 53.6
B: ¢ -family, opt.1stgroup 1.28 1.20 22.9 52.3 72.0 36.4 53.6
C: Optimalnon-adaptive � 1.20 20.4 48.6 73.1 34.5 52.1
D: Optimaladaptive � 1.20 19.2 47.5 71.8 33.0 50.8

sameconditionson TypeI errorandpower.

Proponentsof adaptive testsmay turn this commentaroundand point out the opportunity to define
adaptive designsattainingthis extra efficiency. We believe it will be quite a challengeto find simply
definedadaptive procedureswith suchrobustly efficient performance!We have observed thesampling
rules of optimal adaptive tests to be qualitatively different from rules basedon conditional power
commonlyusedin adaptive designs(seealsoPoschet al, 2003,p. 961).Someconstructionsof adaptive
testsinvolve the useof non-sufficient statistics,againdistinguishingthem from the optimal adaptive
designs(seeTsiatisandMehta,2003).Thus,somequitenew typesof adaptive procedurewill beneeded
if this challengeis to bemet.

We concludethis sectionby notingthatwe have mademany furthercomputationsusingotherweighted
combinationsof ASNs in placeof thecriterion (1) andin all caseswe have foundqualitatively similar
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Table4: Propertiesof testswith Type I error rate �j�M
���
���� andpower �O�5�5�(
���î at �.�/
 which
minimizecriterion(1) with 2#�*ï . Thevalueof � is fixedat 1.2unlessa lower valueminimizes(1).

F Design ¢ � First ASN at Average
group �8�²
 �8�1
 �0�.ï�
 ASN

1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0

2 A: ¢ -family, equalgroups 1.46 1.08 54.0 68.3 83.5 54.0 68.6
B: ¢ -family, opt.1stgroup 0.64 1.20 32.6 67.1 91.1 32.6 63.6
C: Optimalnon-adaptive � 1.18 30.0 64.1 94.3 30.0 62.8
D: Optimaladaptive � 1.20 28.8 65.1 93.5 28.8 62.5

3 A: ¢ -family, equalgroups 1.19 1.16 38.7 59.3 77.5 38.7 58.5
B: ¢ -family, opt.1stgroup 0.92 1.20 17.6 61.9 81.4 18.6 53.9
C: Optimalnon-adaptive � 1.20 18.0 55.7 82.3 19.2 52.4
D: Optimaladaptive � 1.20 16.8 55.2 82.1 18.0 51.8

4 A: ¢ -family, equalgroups 1.13 1.20 30.0 55.1 74.7 30.0 53.3
B: ¢ -family, opt.1stgroup 1.09 1.20 15.3 56.7 76.5 17.2 50.1
C: Optimalnon-adaptive � 1.20 15.1 51.6 77.8 17.1 48.8
D: Optimaladaptive � 1.20 12.0 51.0 77.5 14.5 47.7

5 A: ¢ -family, equalgroups 1.22 1.20 24.0 53.4 73.2 24.1 50.2
B: ¢ -family, opt.1stgroup 1.20 1.20 14.2 54.2 74.1 16.6 48.3
C: Optimalnon-adaptive � 1.20 12.5 49.4 76.1 15.0 46.8
D: Optimaladaptive � 1.20 9.6 48.6 75.0 12.9 45.5

6 A: ¢ -family, equalgroups 1.28 1.20 20.0 52.3 72.2 20.3 48.3
B: ¢ -family, opt.1stgroup 1.26 1.20 13.3 52.8 72.7 16.1 47.2
C: Optimalnon-adaptive � 1.20 11.0 48.2 74.5 13.9 45.5
D: Optimaladaptive � 1.20 9.6 46.8 73.1 12.6 44.2

resultsto thosereportedhere.

4 Examples

(a) Normaldata. In a randomizedtrial of cholesterolloweringdrugs,patientsareassignedto receive a
new compoundor anactive control.Theendpointis thereductionin cholesterollevel from weekzeroto
weeksix. Theparameterof interest�'�&gh[+�Qg0_ is thedifferencein meanreductions.Fromhistorical
data,thepatient-to-patientstandarddeviation of cholesterolreductionsis takento be e+��ò�
 mg/dl. We
test SUT : �³�£
 versus S²G : �C4�
 with Type I error rate �/�£
���
���� . We wish to ensureadequate
power �\������
���î at a minimum clinically relevant effect size of ���ó
 � �p� mg/dl, but the
improvementis expectedto be about ò�
 mg/dl. Hence 2/�Kï . From (2), a fixed sampleplan would
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requirekhl ����e�f ?nm o A m$q @rf:��
\f¾������� subjectspertreatmentarm,a total samplesizeof 504.

Supposewe choose�&������� , allowing anincreaseof 20%in themaximumsamplesizeto 606subjects,
in orderto run a groupsequentialtestwith FY� 6 analysesandthesameTypeI andTypeII errorrates.
With equallysizedgroups,thetarget is 101subjectspergroupon eachtreatmentarmandwe seefrom
Table4 that the error spendingfunction parameteris ¢#�Y�����pô andaverageASN over ���K
 , 
 and
ï�
 is ��
�ï²õ���î�����ö!����ô�� subjects.If however we choosea first groupsizeof ��
�ï1õ+
����:÷�ò²��î�ô and
¢¥�V
���ô�� , theaverageASN is reducedto ��
�ï²õi� 6 ��ô�öK����÷�� . Theoptimalnon-adaptive andadaptive
testswould leadto averageASNsof 264and261,respectively, quitea meagerreturnon theadditional
complexity of thesetwo procedures.

It may be helpful to relatethis exampleto the problemdescribedby Shunet al. (2001) to which we
referredin Section1, bearingin mind that the two effect sizesin the currentexampleare �+���p� and
60, ratherthan the previous �5�J� and 10. The recommendationof Shunet al. (2001) was to start
with a small samplesizesufficient to detectthehighereffect size, �1�/ò�
 in our example,andthento
decideon a secondstagesamplesizehaving seenthis first setof observations. (In view of the higher
ratio betweenthe optimistic effect sizeof 60 andminimal clinically significanteffect of 15, it may be
advisableto take a somewhathigherinitial samplesizein this case.)Supposesucha samplingrule and
terminaldecisionrulearedefinedandtheseproduceatestwith overallTypeI errorrate0.025andpower
0.8 under �X�Ò�p� , thenwe have a 2-groupadaptive designin our classD andFigure1 andTables2
and4 tell ussomethingaboutits properties.FromTable2, we seetheoptimal2-groupadaptive design
for criterion(1) with 2j�&ï hasanoverall maximumsamplesize ���M������ò timesthefixedsamplesize
neededto achieve power 0.8 at �²�K�p� , i.e., ������ò²õ���
�ïª�Mò 6 � subjects,andthis resultsin anaverage
ASN of ��
�ïªõ ò����øï�öJ� 6 ��ï . The testconstructedfollowing Shunet al’s (2001)approachcando no
betterthanthis optimal designandso musthave an averageASN of at least314 subjects.Also from
Table2, we seethata 2-group¢ -family testwith ����������
 andfirst groupsize164doesalmostaswell,
achieving averageASN of 321. It is noteworthy that theadditionalanalysisin a 3-group, ¢ -family test
reducesaverageASN to 272giving a significantadvantageover theoptimal2-stageadaptive test.

(b) Survivaldata. Supposea one-sidedlogranktest is to beusedto comparethesurvival distributions
of subjectson treatmentand control arms. The parameterof interestis ���úùüû�ýÿþ where þ is the
relative risk (hazardratio), which is assumedto be constant.We wish to test SUT : � � 
 versusS²G :
�C4�
 with Type I error rate �/�£
���
���� . We specify power �)���(�Ò
���î at a minimum clinically
relevant effect sizeof þB� ���øï , i.e., at �ª�å
£�¦
�� 6�6 ò , but the relative risk is expectedto be þ³�å� .
Hence 2£� ùüû�ý ��� ùüû�ý����øï � � . A fixed sampleplan requires,approximately, a combinedtotal of
ï ?nmpo A m$q @rf:��
\fQ�J��÷�î deaths(or more generally“events”) to be observed in the two arms— see
SchoenfeldandRichter(1982)or JennisonandTurnbull (2000,p. 79).

Let us choosean inflation factor ��������� and F �,� analyses.Thus,with equalnumbersof events
betweensuccessiveanalyses,wewouldneedamaximumof 334eventsandthetargetfor thestudydesign
would be67 new eventsat eachanalysis.FromTable3, we seetheerrorspendingfunctionparameter
is ¢+�!������� andthis leadsto anaverage,over thecases�1�M
 , 
 and ��
 , of 152observed events. In
this case,optimizing thenumberof eventsat the first analysishasa negligible effect andthereis very
little differencebetweentheoptimal classA andclassB tests.Theoptimal non-adaptive andadaptive
testsoffer small improvementswith averagenumbersof eventsequalto 148 and145, respectively but
onceagainit appearsthatthesavingsarehardlyworthwhileto justify thecomplexity of theclassC or D
procedures.
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5 Discussion

We have posedtheproblemof how to choosetheeffect size �v�M
 at which to specifythepower of a
clinical trial whenthereis disagreementor uncertaintyaboutthelikely treatmenteffect. Our conclusion
whenthereis a choicebetweena minimal clinically significanteffect sizeandlarger effect sizesthat
investigatorshopeto seeis thatthepowerrequirementshouldbesetat theminimalclinically significant
effect. This decisionmay needto be moderatedif the resultingsamplesize is prohibitive, bearingin
mind thata goodsequentialdesignwill reducetheobservedsamplesizeif theeffect sizeis muchlarger
thantheminimal effect size.

In choosingbetweenthe available typesof experimentaldesignit is the overall power at � �,
 that
matters. ProschanandHunsberger (1995)propose“designedextension”procedureswhich startwith
an initial samplesizeappropriateto a detectinga highereffect sizeandcontinuewith a secondstage
of samplingif first stageresultsarenot decisive, increasingpower to detectlower effect sizesin the
process.However, they recognisethe importanceof overall power asthey presentpower calculatedat
a seriesof possibleeffect sizesin their Table2. Our simpleobservation is that,sincetheoverall power
curve determinesthe effectivenessof a procedurein detectingtreatmenteffectsof differentsizes,one
mayjustaswell startby formulatingtherequirementsof astatisticaldesignin termsof its overallpower.

Our findingsin Section3 show that,oncethepower requirementandtheeffect sizesunderwhich low
ASNsaremostimportanthave beenspecified,the ¢ -family of errorspendingtestsoffersa classof very
efficient groupsequentialdesigns.If the initial groupsizeis chosencarefully, designscanbeobtained
which are closeto optimal amongall non-adaptive groupsequentialtests. Sincethey aredefinedas
error spendingtests,theseproceduresare equippedto deal with departuresfrom the plannedgroup
sizes,while automaticallypreservingtheirTypeI errorrateandpower; seeJennisonandTurnbull (2000,
Ch. 7) for moredetails. Moreover, if the samplesizeneededto provide a given power dependson a
nuisanceparameter, suchasthe varianceof normalobservations,MehtaandTsiatis(2001)show how
the“information monitoring” approachto implementingerrorspendingtestsprovidesa framework for
combininggroupsequentialtestingwith samplesize re-estimationbasedon updatedestimatesof the
nuisanceparameter.

Addingtheelementof adaptivity to agroupsequentialdesign,sothatfuturegroupsizesarechosenin the
light of currentdata,canprovide a little extra efficiency, but our numericalresultsfor optimaladaptive
testsshow that at bestthis gain is slight. Moreover, we arenot awareof any simply definedadaptive
testswhichcomecloseto achieving suchefficiency. Indeed,ourstudiesof someof thespecificproposals
thathave beenmade(see,for instance,JennisonandTurnbull, 2003)indicatethatostensiblyreasonable
adaptationrulescanleadto very poorefficiency comparedwith well chosengroupsequentialdesigns.

A possiblebenefitof adaptive designsis their flexibility to adaptto informationexternalto a trial. For
example,newsof acompetingproduct’s adverseside-effectscouldleadto reassessmentof theminimum
commerciallyrelevanteffect sizefor a drugcurrentlyunderstudy. Theflexibility of thesetestscanalso
be usedto adapta trial to a changein treatmentdefinition (suchasa new dosageor selectionof one
dosefrom an initial rangeof doses),or to the substitutionof an alternateendpoint;see,for example,
BauerandKöhne(1994),BauerandRöhmel(1995),Fisher(1998)andLehmacherandWassmer(1999).
In anotherform of adaptation,Wang et al. (2001) useCui et al’s (1999) methodto createa group
sequentialtestwhich canswitchadaptively betweenhypothesistestsof superiorityandnon-inferiority.
Althoughconventionalgroupsequentialtestsdo not accommodatesuchunplannedadaptationquite as

14



naturally, Denne(2001)andMüller andSchäfer(2001,2004)have shown this canbeachievedthrough
considerationof theconditionalTypeI errorrateat aninterim analysis.

It is importantto distinguishsuchadaptationfrom the notion of “adaptingto” an internalestimateof
the effect size � from datain the currenttrial. This is exactly the interim datausedin defining the
groupsequentialtestsandadaptive testsconsideredin Section3 and,by definition,thereis no way this
informationcanbeusedto improve upontheoptimaltestsreportedthere.

The example of a clinical trial for treatment of Parkinson’s diseasedescribedby Müller and
Schäfer(2004,Sec.4) providesan interestingfinal casefor discussion.Responsewasa scorefrom a
patientquestionnaireandtherewasinitial uncertaintyabouttheresponsevarianceaswell asvariationof
opinionontheminimumclinically relevanteffect. Theauthorsproposeaninitial groupsequentialdesign
which is modifiedasnew estimatesof the responsevarianceareobtained.We arenot soconvincedby
theirproposalfor designmodificationsin thelight of interimestimatesof theeffectsize.Thesamplesize
adaptationsarebasedonattainingaspecificconditionalpower if thetrueeffect is equalto thelower limit
of aconfidenceinterval for theeffect size.Thisconstructionproducesyet anotherrule in ourclassD —
but we have seenthat addingan adaptive elementoffers little scopefor improving efficiency over that
of a well chosenGSTandwe have warnedthat someadaptive schemescanbe quite inefficient. More
significantly, this adaptationdoesnothingto resolve the original differenceof opinion concerningthe
minimumclinically relevanteffect: interim estimatesprovide informationaboutthetrueeffect size,not
abouttherangeof valuesto beregardedasclinically significant.
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