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SUMMARY

It is not uncommonto setthesamplesizein a clinical trial to attainspecifiedpower at a valuefor the treatment

effect deemedlikely by theexperimenters,eventhougha smallertreatmenteffect would still beclinically important.

Thepapersby Fisher(1998)andCui, Hung& Wang(1999)concernthesituationwheresucha studyproducesonly

weakevidenceof apositivetreatmenteffectataninterimstageandtheorganizerswishto modify thedesignin orderto

increasethepowerto detectasmallertreatmenteffect thanoriginally expected.Raisingthepoweratasmalltreatment

effectusuallyleadsto considerablyhigherpowerthanwasfirst specifiedat theoriginalalternative.

In both the above papers,methodsareproposedwhich arenot basedon sufficient statisticsof the dataafter the

adaptive re-designof the trial. We discusstheseproposalsand show how the sameobjectivescan be met while

maintainingthe sufficiency principle,aslong asthe eventualitythat the treatmenteffect maybesmall is considered

at the designstage. The groupsequentialdesignswe suggestarequite standardin many waysbut unusualin that

they placeemphasison reducingtheexpectedsamplesizeat a parametervalueunderwhich extremelyhigh power is

to be achieved. Comparisonsof power andexpectedsamplesizeshow thatour proposedmethodscanout-perform

L. Fisher’s “variancespending”procedure.Althoughtheflexibility to re-designanexperimentin mid coursemaybe

appealing,thecostin termsof thenumberof observationsneededto correctaninitial designmaybesubstantial.

Key words: Clinical trials;Groupsequentialtests;Samplesizere-estimation;Two-stageprocedure;Flexible

design;Variancespending.�
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1 Intr oduction

Weconsiderasituationwhich is notunusualin PhaseIII clinical trials thatinvolve thecomparisonof anew

treatmentwith aplaceboor standardtherapy. A statisticaldesignis specifiedin theprotocolbasedin parton

specificationof a TypeI errorrate, � , andpower ����� atagiveneffect size, 	 . Thedesignmaybefixedor

theremaybeprovisionfor earlystoppingvia agroupsequentialmonitoringboundary. At someintermediate

pointduringthecourseof thetrial, theprincipalinvestigatorsexaminetheoutcomedatacollectedsofarand

decidethey wish to modify the original design. They may, for example,have beenover-optimistic in the

choiceof thedesigneffect size, 	 , whereasit is now apparentthatthebenefitof thenew treatmentis liable

to be somewhat lessthan 	 andit is unlikely that a significantresultwill be achieved at the plannedend

of thetrial. Evenso,theestimatedeffect maystill be largeenoughto bedeemedclinically significantand

worthwhile.

At thisstage,thequestionis oftenposedto thestudystatistician(andperhapsto aregulatorybody, such

astheFDA) whetherthe trial designcanbe modifiedandthesamplesizeenlarged,without violating the

trial’s credibility andstatisticalvalidity. In thepast,a strict answerto this questionwasusually“No”. The

alternativestrategy of abandoningatrial if earlyresultsappearunpromisingandstartinganew trial canalso

leadto grosslyinflatedTypeI errorrates— in extreme,this is akin to “samplingto a foregoneconclusion”

(Cornfield,1966).However, recentlyFisher(1998),andShen& Fisher(1999)have proposedtheso-called

“variancespending”methodwherebythesamplesizeandotherfeaturesof thecurrenttrial canbemodified

while maintainingthe � level, eventhoughthesemodificationswereunplannedatthestartof thetrial. Other

authorshave proposedsimilar andrelatedmethodsthatcanadapta designto interim outcomedata.These

includeBauer& Köhne(1994),Proschan& Hunsberger (1995),Lan & Trost (1997),Cui, Hung& Wang

(1999),Lehmacher& Wassmer(1999),Chi & Liu (1999),Denne(2000,2001),Müller & Schäfer(2000,

2001)and Wang,Hung, Tsong& Cui (2001). Wassmer(2000)summarizesand reviews many of these

articles.In someof thesepapers,theauthorsdescribemethodsin which thedesignis changedin response

to interim resultsaccordingto pre-specifiedrules;othermethodsoffer greaterfreedomto adaptto interim

datain anunplannedway. Fisher(1998)emphasizesthat thevariancespendingmethodallows mid-course

changesin trial design“undreamedof” beforethestudystartedandsuchconsiderationsleadhim to term

these“self-designing”trials.

In the next sectionwe describean exampleof a trial in which examinationof responsedataat an

unplannedinterim analysissuggestsa largerstudyshouldhave beenconducted.In Section3 we show how

Fisher’svariancespendingmethodcanovercomethisproblem,weexplain its equivalenceto othermethods
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andpresentnew methodologyfor deriving aconfidenceinterval ontermination;for themostpartweconfine

attentionto thetwo-stagemethodproposedbyFisher(1998),butwemakeoccasionalremarksonmulti-stage

versions.In orderto assesstheefficiency of thevariancespendingmethodit is necessaryto considerits use

with afully specifiedrulefor revisingsamplesize.In Section3.4wepresentatypicalversionof samplesize

rule andin Section3.5wediscusspossibleinefficienciesin thevariancespendingapproachdueto useof a

non-sufficient statisticandvariability in thefinal samplesize. In Section4 we calculatetheoverall power

functionandaveragesamplesizefunctionof thisprocedureandshow thatflexibility doesnotcomewithout

aprice. In comparison,wepresentstandardgroupsequentialprocedureswhich provide thesamepower for

fewer observationson average:theseprocedurescould have beenusedhadthe experimentersconsidered

thepossibilityof asmallereffect sizeandagreedona minimal clinically significanteffect sizeat theinitial

designstage.Ourconclusionis thatmorecarefulinitial planningcanleadto significantsavingsin resources.

Althoughflexible proceduresallow a mid-coursecorrectionto bemadein a statisticallyvalid manner, it is

betterstill to determineon thecorrectobjective at thestart.

Notethatthesamplesizere-estimationproceduresweconsiderhereshouldnotbeconfusedwith those

usedwhen there is an unknown nuisanceparametersuchas a responsevariance. There is alreadyan

extensive literatureon this topic; see,for example,the recentpaperby Whiteheadet al (2001)or, for a

survey, Jennison& Turnbull (2000,Chapter14). Theproceduresarealsonot to beconfusedwith adaptive

designswheretreatmentallocationproportionscanbevarieddependingon accumulatingresults.Theeven

morenumerouspaperson this topicaresurveyedin Jennison& Turnbull (2000,Chapter17).

2 Problemsposedby unplanned interim analyses

Considera balancedtwo-samplecomparisonin which observations 
���
 on treatment � and 
���
 on

treatment� , ����������������� , are independent,normally distributedwith commonvariance �! and means" � and " � , respectively. We assumethevarianceis known and,without lossof generality, take �  to be# �%$ . Theparameterof interestis theunknown differencein treatmentmeans,&'� " � � " � , andit is desired

to testthenull hypothesis(*) : &+� # againsttheone-sidedalternative &-, # with TypeI errorprobability� . Althoughthis problemmayseemunrealisticallysimple,it doesin fact serve asa prototypefor a wide

variety of responses,andmethodsdevelopedfor this situationhave wide applicability; see,for example,

Jennison& Turnbull (2000,Chapter3).

We supposetheexperimentersinitially plana fixedsampletestattainingpower �.�/� at thealternative
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&0�1	 . This requiresasamplesize 2 � 35476'894�:<;  	  (1)

per treatmentarm(recall �=�> ?�@� ) where
4BA �DC�E!F 3 �.�HG ; denotestheupperG tail point of thestandard

normaldistribution.

Now supposethedataareexaminedatanintermediatestageof thetrial whenafraction I of theplanned

observationshavebeencollected.Denotetheestimateof & computedfrom the I 2 observationspertreatment

accumulatedsofar by J& F � �I 2 KMLN
PO F 3 
���
Q�R
��Q
 ; �
Considerthe not uncommonscenariowhere

J& F is positive but somewhat smallerthanthe effect size 	 at

which power ����� wasspecified.If thetruevalueof & is closeto

J& F , it is unlikely that ( ) will berejected

— theconditionalpowerat &0� J& F is low. However, theexperimentersnow realizethatthemagnitudeof

J& F
is clinically meaningfulandtheoriginal targeteffect size, 	 , wasover-optimistic. In retrospect,they regret

not designingthe testto have power �S�9� at &-� J& F ratherthanat &H�@	 . This would have requiredthe

largersamplesize T� 2 , whereT'�U	=V J& F .
A naiveapproachto “rescue”thistrial wouldbesimplyto increasethenumberof remainingobservations

oneacharmfrom
3 �W�/I ; 2 to X 3 ���/I ; 2 , whereX is chosensothat I 2 8 X 3 ���RI ; 2 �YT� 2 , i.e.,X�� T  �RI�Z�RI �

andproceedto usethenaive final teststatistic[ � �\ 3 T  2 ; ]_^ LN
PO F 3 
���
>�R
���
 ; �
However, sincetherandomvariableT is a functionof thefirst stagedata,this

[
statisticdoesnot follow a` 3 # �a� ; distribution under (*) andthetestthatrejects(*) when

[ , 4b6 doesnot have TypeI errorrate � .

Cui et al (1999)show that, typically, theType I error rateof sucha testis inflatedby c #�d to e #�d ; using

otherrulesto determinethesecondstagesamplesize,it canmorethandouble— seeProschan,Follmann&

Waclawiw (1992,Table4) andProschan& Hunsberger(1995).

Theexperimentersmayconsiderthealternative optionof ignoringthedatacollectedsofar andstarting

acompletelynew trial with a largersamplesize.Not only is thiswastefulof databut, asnotedin Section1,

persistentuseof this strategy is liable to produceanexcessof falsepositive resultsin a mannerakin to the

processof samplingto a foregoneconclusiondiscussedby Cornfield(1966).
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L. Fisher’s variancespendingapproach

3.1 Definition

Fisher(1998)hasproposeda methodwhich allows changesto the samplesize at an unplannedinterim

analysiswhile still preservingthe Type I error rate. At an intermediatestagewhen I 2 3 #hg I g � ;
observationshavebeenobservedoneachtreatmentarm,definei F � KMLN
PO F 3 
���
Q�R
��Q
 ; �
then i F+j ` 3 I 2 &k�lI 2 ; and m F � i F\ 2 j ` 3 I \ 2 &k�lI ; � (2)

In thevariancespendingframework, m F is saidto have spenta fraction I of thetotal variance� in thefinal4
-statistic.

Supposethesecondstagesamplesizeis now changedfrom
3 ���nI ; 2 to X 3 �.�RI ; 2 , whereXo, # . One

might, for example,chooseX to give a total samplesizethat would attaina certainpower at &9� J& F or

to meeta conditionalpower requirementat &�� J& F . We shall considera specificrule for choosingX later

but it shouldalsobe rememberedthat Fisher’s methodallows a freechoiceof X without referenceto any

pre-specifiedrule.

Let 2qp �1I 2 8 X 3 �.�RI ; 2 denotethetotal samplesizepertreatmentarm,afterrevision, anddefinethe

secondstagevariables i  � L �N
PO KML�r F 3 
���
Q�R
��Q
 ;
and m  � X E!Ftst i  \ 2 �
Then,conditionalon thefirst stage data,i  j ` 3 X 3 �Z�/I ; 2 &k��X 3 �.�/I ; 2 ;
and m  /j ` 3 \ X 3 �Z��I ; \ 2 &k�Q���/I ; � (3)

Thekey point to noteis that under (*) : &u� #
, we have m  �j ` 3 # �v�.�9I ; whatever thedata-dependent

choiceof X , so m  is independentof thefirst stagedataandof m F .
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Thevarianceof m  , �.�oI , is theremainingpartof the total variance� not alreadyusedby m F . The

variancespendingteststatisticis [ �1m F 8 m  � i F 8 X!E!Ftst i  \ 2 (4)

and this hasa
` 3 # �v� ; distribution under ( ) . Rejecting ( ) when

[ , 4 6
maintainsthe Type I error

probability � , eventhoughX dependson thefirst stagedata.

To seethatthis testhaspower greaterthan � for &w, # , write m F �1I \ 2 & 89x F where
x F�j ` 3 # �yI ;

and m  � \ X 3 �z�HI ; \ 2 & 8Rx  where
x  �j ` 3 # �{�z�/I ; . Here, X is apositive randomvariabledependent

on
x F , but

x  is independentof
x F . Thus,for &*, # ,[ �|m F 8 m  , x F 8ox  }j ` 3 # �{� ;

andsotheprobabilitythat
[

exceeds
4b6

and (*) is rejectedis greaterthan � .

Thevariancespendingapproachcanbeextendedto allow morethanonere-designpoint. Fisher(1998)

and Shen& Fisher(1999) describea multi-stageprocedurein which a final
4
-statistic is createdfrom

a sequenceof statisticsm F ���������Bm�~ (where � is not necessarilyfixed in advance)basedon adaptively

weightedsamplesums.Under (*) , theconditionaldistributionof eachm�� givenits predecessorsis normal

with zeromeanandtheirconditionalvariancessumto one.It followsby, for example,embeddingthepartial

sumsm F 8 ����� 8 m/� in astandardBrownianmotion,that
[ �1m F 8 ����� 8 m ~ j ` 3 # �v� ; .

3.2 Equivalent methods

Cui et al (1999)proposea methodfor modifying groupsizesin the later stagesof a groupsequentialtest

while maintainingthe original Type I error rate. The following descriptiongeneralizestheir procedureto

allow morethanonere-designpoint— althoughin practiceatmostonechangeto atrial’sprotocolmaywell

bedesirable.In theoriginal design,the � groupsizesare I F 2 ����������I�~ 2 , where2 is themaximumsample

sizechosenfor thegroupsequentialtestand I F 8 ����� 8 I=~��h� . In eachgroup ����������������� , observations

aresummarizedby thestatistic m/�S� i �\ 2 j ` 3 I7� \ 2 &k�kI7� ;
where

i � is thedifferencebetweensumsof responseson treatments� and � . Whenthegroup � sample

sizeis increasedby a factor X�� in responseto datain groups� to ���9� , thenew statisticm��.� X E>Fts� � i �\ 2 (5)
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is formedwhichhasa
` 3 X E!Ftst � I7� \ 2 &k�kI7� ; conditionaldistribution.Thus,under(*) : &'� # , thedistribution

of eachm�� is unaffectedby thechangein groupsizeandtheoriginal groupsequentialboundarycanstill

be usedto give a testwith Type I error rate � . The factor X E>F�st � in (5) appliesthe sameweightingas in

Fisher’s variancespendingapproach.With a singlere-designpoint, the factors Xy� areequalto onefor a

certainnumberof groups,� say, andthenchangeto anew, commonvaluefor groups� 8 � to � . UsingCui

et al’s methodin a groupsequentialtestwith two stagesandno early stoppingat thefirst stageproduces

exactlyFisher’s two-stagevariancespendingtest.

If aformalinterimanalysisis includedin atrial protocol,onewouldexpecttheexperimenterstoconsider

theoption of stoppingto rejector to accept(*) at the interim analysis.Whena variancespendingtest is

adoptedbecauseof anunplannedinterimanalysis,suchearlystoppingis not strictly allowable.However, if

interim resultsarevery negative, onemaydecidefor ethicalor economicreasonsto stopfor “futility” with

acceptanceof (*) ; indeed,Shen& Fisher(1999)advocatetheuseof suchafutility boundary. Thiscanonly

reducetheTypeI error, producingaconservative test.

Anothermethodfor adaptingagroupsequentialtestto dealwith data-dependentmodificationsto group

sizeshasbeenproposedby Denne(2001)andMüller & Schäfer(2000,2001). Thekey to this methodis

preservingtheconditionalTypeI errorprobability, givencurrentdataandtheoriginalexperimentaldesign,

whenthefuturecourseof thetrial is changed.Thefollowing calculationshows thatapplyingthis principle

at stageoneof a two-stagegroupsequentialtestwith re-calculationof the remainingsamplesizebut no

stoppingat thefirst stageyieldsFisher’svariancespendingtest.With thenotationof Section3.1,if
i F �1� F

is observedafter I 2 pairsof observations,theconditionalTypeI errorprobabilityin theoriginaldesignis��� O�)�� i F 8 i  \ 2 , 4b6H� i F �U� F�� �
where

i  �j ` 3 # � 3 �Z�RI ; 2 ; under&'� # , andthisprobabilityis equalto� 3 � F ; �����nC�� 4b6\ 3 ���RI ; � � F\�� 3 ���RI ; 2���� � (6)

With a new secondstagesamplesizeof X 3 ���RI ; 2 pertreatmentarm,
i  .j ` 3 # �yX 3 �.��I ; 2 ; under &�� #

andprobability � 3 � F ; is maintainedby rejecting( ) fori  \*� X 3 ���RI ; 2�� ,�C E>F � ���n� 3 � F ; � �
aconditionwhichsimplifiesto � F 8 X!E!Ftst i  \ 2 , 476 �
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just
�

asin Fisher’s test.

Thereis goodreasonwhy all thesemethodsshouldbeequivalent. Integratingover thedistribution ofi F , wecanwrite theTypeI errorprobabilityof theoriginal testas�H�E � � 3 � F ;_��3 � F ;l� � F ���
where� 3 � F ; is theconditionalTypeI errorprobabilitygiven

i F �h� F definedin (6) and
�

is the
` 3 # �yI 2 ;

densityof
i F . In anadaptiveapproach,thesecondstagesamplesizemayberevisedafterlearningthevalue

of
i F , then,after observing

i  , (*) is acceptedor rejectedaccordingto a rule statedin termsof
i F andi  . Our concernis the natureof this rule. Supposethat undera certainrule the conditionalType I error

probabilitygiven
i F � � F and X 3 �S��I ; 2 pairsof observationsin stagetwo is � 3 � F �tX ; . In orderto retain

TypeI errorprobability � whatever systemis usedto choosethesecondstagesamplesize,we require� �E � � 3 � F �=¡X 3 � F ;_;_�¢3 � F ;k� � F ��� (7)

for any positive function ¡X . If no changeis madeto the initial design,theoriginal testwill beusedsowe

know � 3 � F �a� ; ��� 3 � F ; . Supposethereis a set of values � F of positive Lebesguemeasurefor which� 3 � F ��X p 3 � F ;_; ,£� 3 � F ; for somepositive function X p , then defining ¡X 3 � F ; �£X p 3 � F ; on this set and¡X 3 � F ; �¤� otherwisewould make the left handsideof (7) greaterthan � , so we candeducethat sucha

setof � F valuesdoesnot exist. Likewise, therecanbeno similar seton which � 3 � F �tX p 3 � F ;_; g � 3 � F ; . It

follows thatfor each� F (with thepossibleexceptionof asetof measurezero), � 3 � F �tX ; is independentof X
andequalto � 3 � F ; — andtheprecedingdiscussionshowsthefinal decisionrule is thereforethatof Fisher’s

variancespendingtest.

Severalauthors,includingChi & Liu (1999)andWassmer(1998),havedescribedthetwo-stagetestsof

Bauer& Köhne(1994)andProschan& Hunsberger (1995)in a commonframework. In theseprocedures,

the secondstagedesignis chosenin the light of first stageoutcomesand datafrom the two stagesare

combinedaccordingto a pre-specifiedrule. Responsesfrom eachstagecanbesummarizedby a
�

-value

or
4
-statisticfor testingthenull hypothesis.Working in termsof the

4
-statistics

[ F and
[  calculatedfrom

stageone andstagetwo datarespectively, a conditionalType I error function ¥ 354 F ; is definedwith the

property �H�E � ¥ 354 F ;B¦q3§4 F ;l��4 F ��� (8)

where
¦�35¨Q;

denotesthestandardnormaldensityat
¨
. Having observed

[ F � 4 F , (*) is rejectedin favor of&©, # afterstagetwo if [  ,YC E!F � �.�R¥ 354 F ; �
8



or, equivalently, if thestagetwo
�

-valueis lessthan ¥ 354 F ; . Thecondition(8) ensurestheoverall Type I

errorrateis equalto � . It mayseemsurprisingthatFisher’s variancespendingtestcanbedescribedin the

samemannersinceit is applicablein theabsenceof any initial intent to usea two-stageprocedure.In this

case,thefixed sampleanalysisoriginally planneddeterminesthe conditionalType I error function � 3 � F ;
definedin (6) andthisplaysthesameroleas ¥ 354 F ; above.

3.3 ª -valuesand confidenceintervals

It is usefulto augmentthe resultof a hypothesistestby statinga
�

-value for testingthe null hypothesis

anda confidenceinterval for theparameterof interest.In a two-stagevariancespendingtestwith no early

stoppingat thefirst stage,defininga
�

-valueof theobserveddatafor testing (*) : &�� # is straightforward.

Sincethestandardizedstatistic
[

definedby (4) hasastandardnormaldistributionunder(*) , theone-sided�
-valuefor testing( ) against&©, # is simplyGu�«���nC 3 [ ; �

Shen& Fisher(1999,p. 197)notethattheirmethoddoesnotprovideanestimateof & . In thefollowing,

we overcomethecomplicationthat X , andhencethemeanof
i  , dependson

i F to producea confidence

interval for & . This derivation generalizesto Shen& Fisher’s multi-stagesetting. In a two-stagevariance

spendingtest,asdefinedin Section3.1, i F ��I 2 & j ` 3 # �lI 2 ;
and X E!Ftst i  � \ X 3 ���/I ; 2 & j ` 3 # � 3 ���RI ; 2 ;
independentlyof

i F . Thus, i F 8 X E!Ftst i  � � I 8 \ X 3 ���RI ; ��2 & j ` 3 # � 2 ;
so ���¢¬ � 476 \ 2®­ i F 8 X E!Ftst i  � � I 8 \ X 3 �Z�/I ; ��2 & ­ 4b6 \ 2�¯ �«���n�
and,by theusualpivotingargument,i F 8 X!E!Ftst i  � I 8 \ X 3 ���RI ; ��2¤° 476� I 8 \ X 3 �Z�RI ; � \ 2
is a �Z�n� confidenceinterval for & .
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This confidenceinterval canalsobe derived by inverting a family of testsof hypotheses( : &±� ¡&
wherethecritical region of eachtestis definedusingtheconditionalerrorprobabilityargumentappliedin

testing (*) in Section3.2. This methodhastheadvantageof extendingto theadaptively re-designedgroup

sequentialtestsof Cui etal (1999).

A more troublesomeproblemarisesif unplannedearly stoppingis introducedat an interim stage,

suchasstoppingfor futility with acceptanceof ( ) whena positive result looks very unlikely. It is then

unclearwhat thespaceof outcomesthatcouldhave arisenreally is (to specifythis, oneneedsto saywhat

the experimenterswould have decidedto do in every possibleeventuality) and this appearsto preclude

constructionof aconfidenceinterval with therequiredfrequentistcoverageprobability.

3.4 A rule for choosing²
Theprimemotivationfor variancespendingtestsandrelatedmethodsis thedesirefor flexible modification

of a trial design in responseto intermediateresultswhen no such adaptationwas originally planned.

Nevertheless,it is helpful to considerformal rulesfor how suchadaptationmightbecarriedout. Examining

the overall propertiesof responseadaptive designsconductedaccordingto specific rules will aid in

understandingthesemethodsandhelpassessthecost,in termsof efficiency, of thisflexibility.

As before,wedenoteby

J& F � i F V 3 I 2 ; theestimateof & computedfrom I 2 observationspertreatment

armobservedatanunplanned,intermediateanalysisanddefineT0�1	�V J& F . Fisher(1998)discussesastrategy

for choosingX to obtainconditionalpower �³�´� , giventhedataobservedsofar, if in fact &0�1	=VbT?� J& F . In

theoriginal fixedsampletest,theconditionalpower given
i F �1� F under &µ� J& F isC9¶ � I 8 \ X 3 ���/I ; � \ 2 J& F � 476\ 3 ���RI ; ·

andequatingthisprobabilityto �Z��� givesX�� 3 \ ���/I 4�:'8±4b6 �/I \ 2 J& F ;  3 �W�/I ;  2 J&  F � (9)

Sometruncationmaybenecessaryto ensurethat X is positivebut doesnotexceedareasonableupperbound.

We shall pursuethe alternative proposalby Cui et al (1999)of equatingthe total samplesizeto that

which would achieve unconditionalpower �.��� for a truevalueof & equalto

J& F , but we adaptthis rule to

allow for thespecialweightingof thesecondstagedata.SupposeX werefixedandindependentof thefirst

stagedata.Then m F and m  wouldbeindependentand,by (2) and(3),[ �¸m F 8 m  j ` 3 � I 8 \ X 3 ���/I ; � \ 2 &k�Q� ; �
10



A
¹

fixedsampletestdesignedfrom theoutsetto achievepower �Q�S� at &0�1	=VbT wouldhave T  2 observations

pertreatmentarmanduseastandardizedteststatistic
[zº

with distribution[ º j ` 3 T \ 2 &k�Q� ; �
Equatingthemeansof

[
and

[ º
gives T?�YI 8 \ X 3 �Z�RI ;

or, equivalently, X´� � TS�/I���RI �  � (10)

If

J& F is small andpositive, T and X will be very large. Thus,it is advisableto boundthe valueof T used

in (10). Sincea smallpositive valueof & maygive rise to negative valuesof

J& F , themaximalvalueof X is

alsoappropriatefor negative

J& F . (However, if

J& F is sufficiently low, onemay chooseto abandonthe trial

for futility andstopat this point with acceptanceof (*) .) If

J& F ,1	 , then T g � andtheabove rule leadstoX g � , i..e.,adecreasein thesecondstagesamplesize.This is quiteacceptablebut at leastsometruncation

is necessaryto keepX positive. With thesemodifications,weobtainthegeneralrule

X 3 J& F ; �¸» ¡T 3 J& F ; �RI���/I ¼  (11)

where ¡T 3 J& F ; �¾½¿¿¿¿À ¿¿¿¿Á
Â

for

J& F V�	 ­ Â E!F	=V J& F for
Â E!F g J& F V�	 ­ÄÃ E>FÃ for

J& F V�	0, Ã E!F�� (12)

Thevaluesof X generatedby thisrule lie in therange
3 Ã �©I ;  V 3 ���©I ;  to

3 Â �©I ;  V 3 ���©I ;  . When Ã ��� ,
nodecreaseis allowedfrom theoriginally plannedsamplesize, 2 .

3.5 Propertiesof variancespendingtests

By design,a variancespendingtesthasType I error probability � . Furtherpropertiesdependon how the

samplesizeinflation factor X is chosenin thelight of first stagedata.Thefact thatthefinal teststatistic
[

definedby (4) is not a functionof a sufficient statisticfor & givessomecausefor concern.Of course,the

unequalweightingof first andsecondstageobservationsis necessaryto ensureindependenceof m F andm  and,indeed,theargumentof Section3.2 shows thefinal testmusthave this form if Type I error rate� is to be maintainedwhenunplanneddesignchangestake place. Nevertheless,it is instructive to make
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Table1: Inefficiency of a variancespendingtestwith Iw� # �Å$ , asgivenby equation(13), andrelative cost

of re-startingthetrial afreshwith increasedpower.T 0.5 0.6 0.8 1 2 3 4 10 Æ
Inefficiency of

[
2 1.44 1.06 1 1.25 1.44 1.56 1.81 2

Relativecostto re-start 3 2.39 1.78 1.50 1.12 1.06 1.03 1.01 1

comparisonswith trial designstheexperimenterscouldhavechosenhadthey anticipatedthepossibilityof a

smallereffectsizebeforecommencingthestudy.

An initial measureof possibleinefficiency canbeobtainedfrom thederivationof therule for choosingX in Section3.4. There,we notedthat thesamplesizeneededfor a fixedsampletestdesignedto achieve

power ����� at &?��	=VbT is T  2 pertreatmentarm,where2 is givenby (1). In contrast,a variancespending

testadaptingan initial designwith power ���Ç� at &o�È	 whenan estimate

J& F �È	=VbT is observed at an

interim analysisrequires2 p � � I 8 X 3 �S��I ; ��2 observationsperarmwhereX�� 3 T0��I ;  �V 3 �.��I ;  . The

inefficiency of thevariancespendingtestis thus� I 8 X 3 �W��I ; ��2T  2 � ¶ÉI 8 3 TS�/I ;  �W��I · �T  � (13)

Table1 shows numericalvaluesof this measureof inefficiency for thecaseI�� # �%$ , i.e., whenthe trial is

re-designedafter half the originally plannedsamplesize. In the limit as ToÊ Æ , the secondstagetermm  contributesessentiallyall theinformationabout& andthis is dilutedby adding m F which hasthesame

variancebut, by comparison,negligible informationabout & ; the situationis reversedas T decreasestoI0� # �%$ where,in thelimit, all theinformationabout& comesfrom m F .
Particularly when T is much greaterthan � , experimentersmay be temptedto abandonthe original

experiment,discardtheobservations,andstarta new fixedsampletrial with power �.�/� at &*��	=VbT . This

new trial would require T  2 observationsper treatmentarm in additionto the I 2 in theabandonedstudy.

The“relative cost” in thebottomline of Table1 is theratio of thetotal samplesize, I 2 8 T  2 , involvedin

this strategy to thesamplesizeof T� 2 neededby a fixedsampletestdesignedfrom theoutsetwith power�.��� at &��Ë	=VbT . When
3 TS�}� ;  ©,«�S�nI , i.e., when T-,«���%Ì�� for thecaseIw� # �Å$ , startinga freshtrial

wouldbemoreefficient thanusingthevariancespendingtest.However, asmentionedpreviously, this is not

reallyavalid optionsinceit inflatestheoverall TypeI errorrate.

The“inefficiencies”in Table1 aresuggestiveof thecostof usinganon-sufficientstatisticin thevariance

spendingmethod.They do not, however, take accountof thevariability in

J& F asan estimateof & andthe
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resultingrandomdistributionof thefactor X . A properassessmentof theoverall performanceof a variance

spendingtest requiresintegrationover the distribution of

J& F , which is normalwith mean & andvariance�=V 3 I 2 ; .
If anything, thevariationin secondstagesamplesizecouldhave a detrimentaleffect. Considera study

with a randomsamplesizeof
`

observationsper treatmentarm, where
`

is not itself influencedby the

observationsvalues.A hypothesistestof ( ) : &�� # conductedwith TypeI errorrate � conditionalon the

valueof
`

haspower Í � C 3 \ ` &µ� 4b6�; � �
SinceC 35¨Q; is anincreasing,concavefunctionof

¨
for
¨ , # and

\ ` &!� 4b6 is concavein
`

, theconditional

power C 3 \ ` &³� 476�; is concave in
`

when
\ ` &³� 4b6 , # , i.e.,for valuesof

`
whichgivepowerat least# �%$ . It follows by Jensen’s inequalitythat,when

`
variesin this range,overall power is maximizedif

`
is

equalto its expectationwith probabilityone,i.e.,whensamplesizedoesnot in factvary. Undertheinitial

design,thereis a goodchanceof distinguishingbetweenthecases&H� #
and &H�@	 usinga sampleof 2

observationsper treatmentarm. At an intermediatestagewith only a fraction of theseobservations,

J& F is

liable to vary over therangezeroto 	 , leadingto considerablevariationin thesamplesizeimplied by (11)

and(12). We shouldnot, therefore,be surprisedif a variancespendingtesthasratherlow power for its

expectedsamplesize.

Thepower of thevariancespendingtestcanbecalculatedas��� �
Reject( ) � � ��� � [ , 4 6 � � � ��� � [ , 4 6 � J& F � � � 3 J& F ;l� J& F � (14)

It follows from thedefinitionof
[

andthedistributionof m  statedin (3) that��� � [ , 476H� J& F � �1C9¶ I \ 2\ 3 ���RI ; J& F 8 \*� X 3 J& F ;�3 ���/I ; 2�� &S� 476\ 3 �W�/I ;{· �
Thedensityof

J& F is � � 3 J& F ; � Î I 2�=ÏÑÐaÒyÓ � � I 2� 3 J& F �n& ;  �
and hence(14) can be evaluatednumerically. The expectedsamplesize per treatmentarm or Average

SampleNumber(ASN) is

ASN � Í 3 2 p ; �ÄI 2 813 ���RI ; 2 � X 3 J& F ;_� � 3 J& F ;l� J& F
which,again,is readilyevaluatedby numericalintegration.
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In the next sectionwe shall apply the above formulaeto evaluatethe power function andASN curve

of a representative exampleof a variancespendingtest. We thenusetheseresultsto assessthepriceone

may have to pay for the flexibility of the variancespendingapproachascomparedto other lessflexible

procedures.

4 An example

4.1 Samplingand stoppingrules

We shallusethe following exampleto evaluatea typical variancespendingtestby thestandardcriteriaof

power andexpectedsamplesize functions. The original plan is for a fixed sampletestandsamplesize

is modifiedat an intermediateanalysisusingthe adaptationof Cui et al’s (1999)samplingrule described

in Section3.4; early stoppingintroducedat the interim analysisallows ( ) to be acceptedfor sufficiently

poorresponses.Althoughtheresultspresentedherearefor thissingleexample,wehave foundvery similar

resultsin a variety of otherexamplesusingdifferent valuesof I , Â and Ã , or calculatingsecondstage

samplesizeby theconditionalpower formula(9) proposedby Fisher(1998).

As before,observationson treatments� and � are distributed as 
���
 j ` 3 " �Ô� # �Å$ ; and 
��Q
 j` 3 " �Õ� # �%$ ; , interestis in theparameter&u� " ��� " � , andthenull hypothesis(*) : &u� # is to be tested

againsttheone-sidedalternative &©, # with TypeI errorrate ��� # � # ��$ . In thenon-sequentialtestoriginally

planned,power �����R� # �×Ö is setat &0�1	 , requiringasamplesize2 � 3§4 6 894a:{;  	  � � # �Å$��	  
per treatmentarm. Intermediatedataareexaminedhalfway throughthe trial, i.e., Iw� # �%$ , andthesecond

stagesamplesizeis inflatedby thefactor X 3 J& F ; definedby (11) and(12)using
Â ��e and Ã � # �Å$ .

Specifically,

J& F is calculatedfrom thefirst 2 V�� observationspertreatment,wedefine

T0�¾½¿¿¿¿À ¿¿¿¿Á
e for

J& F V�	 ­ # �Å��$	�V J& F for
# �Å��$ g J& F V�	 ­ �# �%$ for

J& F V�	0,Y���
anda further X 2 V�� observationsaretakenoneacharmwhereXu��e 3 TS� # �%$ ;  �
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The
Ø

secondstagesampleincreasesif

J& F g 	 , remainsunchangedif

J& F �D	 , anddecreasesif

J& F ,«	 . The

inflation factor X lies in the interval
3 # ��e�Ö ; andthe total samplesize, 2 p � 3 � 8 X ; 2 V�� , is boundedby3 # �%$ 8 e�Ö�Ù # �%$ ; 2 �1��$ 2 .

Thenull hypothesisis rejectedin favor of &©, # if[ � i F 8 X E>Fts� i  \ 2 , 4 )aÚ )  _Û
where i F � L st N
PO F 3 
���
>��
��Q
 ; and

i  � L �N
PO L s� r F 3 
���
É�/
���
 ; �
As it stands,whenever

J& F gÈ# �%��$¢	 this rule gives T}�¤e and XË�Üe�Ö , the valueassociatedwith a

test achieving power
# �ÝÖ at &}� # �Å��$¢	 . In order to save samplesizewhen thereis little prospectof a

positive outcome,we adda futility boundaryat thefirst stagewhich stipulatesstoppingto accept(*) if the

conditionalprobabilityof rejecting(*) under&0� # �%��$¢	 andwith X-��e�Ö is lessthan
# �ÝÞ , aconditionwhich

is metwhen

J& F V�	 g � # �ß�=Ì=c�$ .
At the otherextreme,substituting

J& F ���¢	 into the formula TY��	=V J& F gives T}� # �Å$ and XË� #
.

The
` 3 \ X 2 V���� 2 V�� ; distributionof X!E>F�st i  tendsto a

` 3 # � 2 V�� ; distributionas X approacheszerosowe

simply take X E!Ftst i  j ` 3 # � 2 V�� ; for thecaseT�� # �%$ arisingwhen

J& F ,Y�¢	 . In practiceonemightprefer

to take a singleobservationon eachtreatment— but as X will besmall,theexpectationof X E!Ftst i  will be

closeto zeroandthemainroleof this termis still to contributetherequiredamountto thevarianceof
[

.

4.2 Power and ASN functions

Figure1 shows thepower functionof thevariancespendingtestalongwith thatof theoriginalfixedsample

sizetest.It is evidentthatthevariancespendingtesthasbeensuccessfulin increasingpower over therange

of & values.After asharpinitial rise,its power functionincreasesslowly as & movesfrom around
# �Ýc�	 to 	

andtheoverall shapeof thepower curve is quitedifferentfrom thatof any fixedsampletest.

The argumentof Section3.1 that power is greaterthan � for all positive & doesnot readily extendto

prove that thepower function increasesmonotonelywith & . Indeed,a generalresult is not possiblesince

examplesexist wherepower is not monotone.Thepower functionin Figure2 is for a samplingrule similar

to ourexamplebut with T replacedby themaximumof T� and
# �%$ : afterrising to

# �×Ö��be at &�� # �×Þ�	 , power

falls backto
# �ÝÞ�Þ�e at &0�����×e�	 beforestartingto increaseagain.

It is possiblethat i F 8 X E!Ftst i  , 4 6 \ 2 (15)
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Figure1: Power of thevariancespending(VS) testandtheoriginally plannedfixedsamplesizetestwith

power
# �×Ö at &'�1	 .
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andthevariancespendingtestrejects(*) , whilei F 8 i  g 476 \ 2 p (16)

anda standard
4
-testcalculatedfrom all 2 p observationspertreatmentwould not reject (*) . Denne(2001)

notesananalogousproblemin adaptive groupsequentialtestsandwe maychooseto follow his suggestion

for sucha situation,rejecting ( ) only if bothconditions(15) and(16) aresatisfied.Althoughthis lowers

bothTypeI errorrateandpower, theeffect is surprisinglysmallandthemaximumreductionin thevariance

spendingtest’spower atany point is lessthan
# � # � .

Figure3 comparespropertiesof thevariancespendingtestwith thefixedsampletestthathaspower
# �×Ö

at &o� # �×à�	 . The left handpanelshows the differencein the shapesof the two power curves, the fixed

sampletesthaving thegreaterpower for &©, # �×à�	 but thelowerpower, by somemargin,atsmaller& values.

The ASN per treatmentarm of the variancespendingtest is plotted in the right handpanelof Figure3,

expressedin unitsof 2 �Ë� # �%$��=V�	  , thenumberof observationsperarmoriginally planned.Thesteeprise

in ASNas & decreasesfrom 	 towardszerois in keepingwith thegoalof asamplesizeinverselyproportional
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Figure2: Non-monotonepower functionof anadaptively definedtest.
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to &  for & between
# �%��$¢	 and �¢	 that motivatedthis samplingrule. The variationin ASN is substantial

with valuesaround�=� 2 for & nearzerocomparedto c 2 or lessfor &w,1	 . In contrast,thefixedsampletest

hasconstantsamplesizeof 2 V # �Ýà� ��á���%Ì=Þ 2 . If it hadbeenrealizedat theoutsetthat greaterpower was

desirable,this fixedsampletestwould have beenanattractive candidate,offering broadlysimilar gainsin

power to thevariancespendingtestfor agenerallylower samplesize.

4.3 Lack of efficiencyof the variance spendingtest

In Section3.5we presenteda measureof possibleinefficiency in thevariancespendingtestdueto its use

of a non-sufficient statisticfor & . The high ASN seenin Figure3 relative to that of a fixed sampletest

with broadlysimilar power curve is furtherevidenceof suchinefficiency. Figure4 comparesthevariance

spendingtest’sASN functionwith thefixedsamplesizeneededto obtainthesamepower ateachindividual

valueof & . Sincethis fixed samplesizevarieswith & , the valuesplottedon the line labeledFSSdo not

representthe ASN curve of any particulartest,but this is still a reasonablepoint of comparison:many

sequentialandgroupsequentialtestswouldhavea lower ASN ateachvalueof & in suchacomparison.
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Figure3: Power andASN of thevariancespending(VS) testandafixedsamplesizetestwith power
# �×Ö at&0� # �Ýà�	 .
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ASN scaleis in multiplesof â , thesamplesizeoriginally chosento give power ãlä×å at æ'ç1è .
For generalé , if thevalueof ê wereindependentof ëÉì , theexpectationofí ç ëqì�înê!ï ìtðtñ ë�ñò â

would be ó�éSî ò ê¢ô�õWöoé�÷�ø ò âSæ , which is thesameastheexpectationof a standardizedstatisticbasedonó�é?î ò ê¢ôtõSö}é�÷vø ñ â equallyweightedobservationsper treatmentarm. We thereforedefinethe effective

samplesizein thevariancespendingtestasù
eff ç�ó�éWî ò ê�ô�õZö�é�÷vø ñ â¢ä

A little algebrashowsthat
ù

eff is alwayslessthanor equalto theactualsamplesize âqúzç�ó�é³î/ê�ô�õÕö-é�÷�ø�â
with equalityonly when ê�ç®õ . The averageeffective samplesizefor our exampletest(with é�çûãlä%ü ),
labeledESSin Figure4, lies below theASN but, for themostpart,above theequivalentfixedsamplesize,

FSS.Thus,at most æ values,power is still lessthanonemight expectgiven theaverageeffective sample

size.

Theremaininglackof powercanbeattributedto thevariability in
ù

eff , alongthelinesof thediscussion

of variablesamplesizein Section3.5. As anexample,considerthecaseæ�ç1ãläýü¢è . Thedensityof þæ ì when
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Figure4: ASN andaverageeffective samplesize(ESS)of thevariancespendingtestcomparedto thefixed

samplesize(FSS)neededto obtainthesamepower ateachindividual valueof & .
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Samplesizescaleis in multiplesof theoriginal fixedsamplesize, 2 .

&�� # �%$¢	 is shown in theleft handpanelof Figure5 andtheresultingdistributionof
`

eff in theright hand

panel.This distribution comprisesa densityplustwo point probabilitymassesarisingfrom T�� # �Å$ and e ,
for which Xo� # and e�Ö and

`
eff � 2 V=e and �bà 2 respectively. Theaverageeffective samplesize, àk�ý�=Ì 2 ,

is noticeablylessthantheASN of Ök� #�# 2 . A size �±� # � # ��$ fixedsampletestwith àk�ß�=Ì 2 observationsper

treatmentarmhaspower
# �×Ö�Þ�� at &-� # �%$¢	 . If, however, a testis carriedout with a randomsamplesize

takenfrom thedistribution of
`

eff usinga conditionalsignificancelevel � giventheobservedsamplesize,

its overall power is only
# �ÅÌ # c . Thevariancespendingtest’s power of

# �×Þ�e�Þ lies betweenthesetwo values,

indicatingthatit suffers from theeffectsof thevariablesamplesizebut thesearepartly amelioratedby the

way in which X dependson
i F : low valuesof X arechosenwhen

i F is highandgoodconditionalpowercan

beachievedwith a smallnumberof additionalobservations,while high valuesof X occurwhen
i F is low

anda higherstagetwo samplesizeprovidesa substantialrisein conditionalpower. We note,however, that

this beneficialeffect is of limited valuesince,astheline FSSin Figure4 shows, a fixedsamplesizeof just
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Figure5: Densityof

J& F when &'� # �%$�	 (left panel)andconsequentdistributionof
`

eff (right panel).
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ck�×e # 2 perarmis all thatis neededto achieve thevariancespendingtest’spower of
# �ÝÞ�e�Þ in a simple,fixed

sampletest.

Onecanaskwhetherbetterresultsmighthave beenobtainedif thefirst andsecondstagedatahadbeen

combinedthroughsomeotherteststatistic.As explainedin Section3.2,useof sucha testis only allowable

if designatedin the initial protocol, thus, this is not a legitimateoption in the scenarioof an unplanned

interim analysisin what wasintendedto be a simplefixed samplesizetrial. Bauer& Köhne(1994)use

R.A. Fisher’smethodfor combining
�

-valuesfor aone-sidedtestof ( ) : &0� # against&©, # . Thefirst and

secondstage
�

-valuesareG F ���Z�oC 3 i F V \ � I 2�� ; and G  �����9C 3 i  V \ � X 3 �.�/I ; 2�� ; �
respectively. Under ( ) , �uÿ���� 3 G F G  ; hasa �  distribution on e degreesof freedom,so a hypothesistest

with TypeI errorrate � canbeobtainedby rejecting( ) ifG F G  g�� ¨ G � ���  �
	 6 � �
where�q � 	 A denotestheupperG tail point of a �q � distribution. For �Ç� # � # ��$ , thecritical valuefor G F G  is# � #�# c�Þ . Combiningthis rule with thesamplingrule of our example,producesa fairly similar power curve

to thatof thevariancespendingtest: thecurvescrosstwice between&w� # and &w� 	 andarewithin
# � # c
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of eachothereverywhere.However, thepowerof Fisher’scombinationtestdoesapproachonemorerapidly

andthedifferencebetween,for example,power
# �ÝÖ�à�� for Fisher’s testand

# �×Ö�Þ�Ö for thevariancespending

testat &w�D	 mayberegardedassignificant.More might have beenexpectedof Fisher’s combinationtest

in view of thevery goodpower propertiesof this testin a simplerapplicationreportedby Bauer& Köhne

(1994,Table3); however, it shouldbenotedthatthedesignin ourexample,in particulartherulefor stopping

for futility at thefirst analysis,is not tailoredto Fisher’s test.

4.4 Competinggroup sequentialtests

In Section4.2 we comparedthe variancespendingtestwith a fixed sampletestachieving similar overall

power. This fixedsampledesigncouldhave beenchosenif theexperimentershadanticipatedtheneedfor

greaterpower. In this case,thereareotheroptionstoo: groupsequentialtestscansatisfyerrorprobability

requirementswith lower averagesamplesizethanfixedsampletests.Error spendinggroupsequentialtests

areacurrentlypopularchoiceandhave theability to dealwith variationin observedgroupsizesabouttheir

intendedvalues.We shallpresentresultsfor one-sidederrorspendingtestsin the“ � -family” describedby

Jennison& Turnbull (2000,Section7.3); for simplicity, we presentresultswhengroupsizesareactually

equalto their plannedvalues.Thetestsdescribedbelow arechosento dominatethevariancespendingtest

in termsof bothpower andASN for & valuesin theregionof primaryinterestbetweenzeroand 	 .
Thetwo-stage,one-sidedgroupsequentialtestshown in Figure6 hasTypeI errorrate

# � # ��$ andpower# �×Ö at &w� # �×c�c�	 . Theform of stoppingboundaryis quitestandard,namelya � -family errorspendingtest

with �w� � . An unusualfeatureof thedesignis thetiming of thefirst analysisafter just ���%$ 2 observations

pertreatment,onefourthof themaximumsamplesize:thisallows sufficiently earlystoppingto make good

reductionsin ASN at parametervaluesnear &��Ë	 , wherepower is very closeto one.Settingpower
# �ÝÖ at&u� # �Ýc�c�	 ensuresthat thegroupsequentialtest’s power curve lies completelyabove thatof thevariance

spendingtest. The left handpanelof Figure7 shows that, in addition,the groupsequentialtestprovides

much greaterpower for valuesof & around
# �Ýc�	 andabove. At thesametime, theASN curvesin theright

handpaneldemonstratethatthis is achievedwith considerablyloweraveragesamplesize.Furthermore,the

groupsequentialtest’s maximumsamplesizeof � # � # 2 per treatmentarm is far below that of ��$ 2 for the

variancespendingtest.

A two-stagegroupsequentialtestis comparablewith thevariancespendingtestin thatbothhave atotal

of two analyses.However, thevariancespendingtesthasthe freedomto vary thesecondstagegroupsize

in thelight of first stagedatawhile thatof thegroupsequentialtestis pre-determined.Carefultiming of a
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Figure6: A two-stage,one-sidedgroupsequentialtestof (*) : &'� # with TypeI errorrate
# � # ��$ andpower# �×Ö at &µ� # �Ýc�c�	 .
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Samplesizescaleis in multiplesof theoriginal fixedsamplesize, 2 .

groupsequentialtest’searlyanalyseshelpsattainlow averagesamplesizesat thehighervaluesof & , where

power is closeto one. This is evident in theabove two groupdesignwherethefirst analysisis setat one

quarterof the total samplesize. The five andten-stage,one-sidedgroupsequentialboundariesshown in

Figures8 and9 arealsofor � -family errorspendingtestswith ����� . BothtestshaveTypeI errorrate
# � # ��$

andpower
# �ÝÖ at &�� # �Ýc�c�	 andtheir power curvesareindistinguishablefrom that of the two-stagetest

in Figure6. Thefive-stagetesthasits first analysisat onetenthof the total samplesize,with equalgroup

sizesthereafter, while the ten-stagetesthastenequallysizedgroups.TheASN curvesin Figure10 show

theusualimprovementsin ASN arisingfrom morefrequentanalysesandparticularimprovementat higher

valuesof & , helpedby theadditional,well placed,early analyses.Again, the maximumsamplesizesper

treatmentarmof �����×e 2 for thefive grouptestand �����ÝÖ 2 for thetengrouptestarewell below thevariance

spendingtest’s ��$ 2 .

Thesecomparisonswith standardgroupsequentialdesignsillustratethecostof flexibility in thevariance

spendingapproach. The increasedpower and reducedsamplesize of the group sequentialtestsargue

eloquentlyfor more careful considerationof the appropriatepower requirementwell beforea trial gets
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Figure7: PowerandASN curvesof thevariancespending(VS) testandtwo-stagegroupsequentialtest.
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underway.

5 Discussion

Thereis nodisputethatavariancespendingtestcanrescuea trial from apoorinitial design.Theflexibility

of thesetestscanalsobe usedto adapta trial to a changein treatmentdefinition (suchasa new dosage

or selectionof one dosefrom the rangeof dosesusedinitially), or to the substitutionof an alternate

endpoint;see,for example,Bauer& Köhne(1994),Bauer& Röhmel(1995),Fisher(1998)andLehmacher

& Wassmer(1999). In anotherform of adaptation,Wang,et al (2001)useCui et al’s (1999)methodto

createa groupsequentialtestwhich canswitchadaptively betweenhypothesistestsof superiorityandnon-

inferiority.

It maynotbesoobviousthatthis flexibility cancomeat a substantialprice. Our evaluationshave been

in the context of changinga trial’s samplesize in mid-coursein orderto attainpower at a smallereffect

sizethanoriginally anticipated.Themessagehereis clear:a variancespendingtestcanrequiremany more

observationsthana groupsequentialtestwith superiorpower. Thus,considerationshouldbegiven at the
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Figure8: A five-stage,one-sidedgroupsequentialtestof (*) : &'� # with TypeI errorrate
# � # ��$ andpower# �×Ö at &µ� # �Ýc�c�	 .
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planningstagetowhatis desirablefor thefull rangeof possibleeffectsizes,includingthosedeemedunlikely

at thatpoint.

The exampleof a variancespendingteststudiedin Section4 hasa singlere-designpoint andlimited

opportunityfor earlystoppingat this time. Fisher(1998)andShen& Fisher(1999)alsoproposedesigns

with morefrequentre-assessmentof the target samplesize. Cui et al (1999)follow a differentapproach,

incorporatingsamplesizechangeswithin aninitial groupsequentialtestwhichcanterminatewith rejection

or acceptanceof ( ) atany stage.Weareinvestigatingthesemethodstooandshallreportonthemelsewhere.

As longastheexperimenters’objectivescanbeproperlyestablishedattheoutset,therearegoodreasons

to expectstandardgroupsequentialdesignsto dominatevariancespendingtests.Knowing thecorrectgoal

helpsdesignthetrial efficiently, useof asufficientstatisticis in keepingwith fundamentalprinciples,andone

canchoosefrom testsoptimizedto aselectionof criteria(seeBarber& Jennison,2001).Variancespending

testshave thespecialfeaturethat futuregroupsizescanbeadaptedto previously observedresponses.The

extensionof groupsequentialteststo “sequentiallyplanned”designsproposedby Schmitz(1993)provides

this property, which may be of valuewhenonly a small numberof groupsarepermitted. However, we
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Figure9: A ten-stage,one-sidedgroupsequentialtestof (*) : &?� # with TypeI errorrate
# � # ��$ andpower# �×Ö at &µ� # �Ýc�c�	 .
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shouldnot let considerationof thesemorecomplex designsobscuretheexcellentperformance,seenin our

example,of standardgroupsequentialtestswith pre-specifiedgroupsizes.
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