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SUMMARY

We considetthe constructiorof efficientgroupsequentiatiesignsvherethegoalis alow expectedsamplesizenot
only atthe null hypothesisandthe alternatve (takento be the minimal clinically meaningfuleffect size),but also
atmoreoptimisticanticipatedeffect sizes.Pre-specifiedypel errorrateandpower requirementsanbeachieved
both by standardyroup sequentiatestsandby morerecentlyproposedadaptve proceduresWe investigatefour

nestectlasse®f designs(A) Groupsequentialestswith equalgroupsizesandstoppingboundariesieterminedy

amonomialerrorspendingunction(the“ p-family”); (B) As A but theinitial groupsizeis allowedto bedifferent
from the others;(C) Groupsequentiatestswith arbitrarygroupsizesandarbitraryboundariesfixedin advance;
(D) Adaptive tests— asC but at eachanalysis future groupsizesand critical valuesare updateddependingon
the currentvalue of the teststatistic. By examiningthe performanceof optimal procedureswithin eachclass,
we concludethatclassB providessimpleandefficient designswith efficiengy closeto thatof the morecomplex

designsof classe<C andD. We provide tablesandfiguresillustrating the performancesf optimal designswithin

eachclassanddefiningthe optimalprocedure®f classe®A andB.

Key words: clinical trial; group sequentiatest; samplesize re-estimation;adaptive design; flexible
design;optimal design;error spendingunction.

1 Introduction

Along with practicalconsiderationsthe samplesizefor a clinical trial is determinedoy settingup null

andalternatéhypothesesoncerningaprimaryparameteof interestf, andthenspecifyinga Typel error
ratea andpower 1 — 3 to becontrolledatagiventreatmenteffectsized = A. Usually traditionalvalues
of o and 8 areused(e.g.,a = 0.025,0.05, 8 = 0.05,0.1,0.2); however, therecanbe muchdebate



over the choiceof A. Sometextbooksadwocatethat A shouldbe chosento representhe minimum
“clinically relevant” or “commerciallyviable” effect size— seefor exampleSenn(1997,p. 170) and
Piantados(1997,p. 149). OtherssuchasShunetal. (2001)saythatA canbetakento betheanticipated
effect size — a value basedon expectationsfrom prior experimental,obserational and theoretical
evidence. Pocock(1983) suggestghat either approachmight be taken: on pagesl125and132, A is

to be a “realistic value”, while in the exampleon pagel28,it is to bea“clinically relevant” difference
thatis “importantto detect”. In Section3.5 of the ICH GuidanceE9 (Food and Drug Administration,
1998),it is alsostatedthat A is to be basedon a judgementconcerningeitherthe minimal clinically

relevanteffect sizeor the “anticipated”effect.

The choiceof A is crucial becausefor example, a halving in the choseneffect size will leadto a
quadruplingin the samplesizefor a fixed sampletest(andin the maximumsamplesize for a group
sequentiatest). Using the lower samplesize appropriateo a high treatmenteffect will leave the trial
underpwveredto detecta smallerbut still importanteffect. Becauseof this, Shunet al. (2001) and
othershave proposedhat the trial be designedusing the higher effect size (and correspondindower
samplesize),but thatsamplesizebere-estimatedtaninterim analysisbasedn theemeping obsered
treatmentdifference. This hasbeentermedthe “start small thenaskfor more” stratgy (Andersonand
Liu, 2004).

Therehave beensereral accountdn the literatureof studiesin which samplesize hasbeenadaptedn
orderto increasepower at lower effect sizes. Cui et al. (1999, Sec.1) reporton a placebocontrolled
myocardialinfarctionpreventiontrial with a samplesizeof 600 subjectgertreatmentrm,this number
beingbasedn a plannedeffect sizeof a 50%reductionin incidenceand95% power. However midway
throughthetrial, only abouta 25%  reductionin incidencewasobsenred, a reductionwhich wasstill of
clinical andcommerciaimportance .Becausef the low conditionalpower at this stage the sponsorof
the trial submitteda proposalto expandthe samplesize. In recentyears,classef proceduresermed
“flexible”, “adaptve”, “self-designing”or “variancespending’have beendevelopedwhich enablesuch
samplesizere-estimatiorio bedonewhile preservinghe Typel errorratea. SeeBauer(1989),Proschan
andHunsbeger (1995),Fisher(1998),Cui et al. (1999),Wassmel(2000),Li etal. (2002)andPoschet
al. (2003)amongothers.

Remarksby someauthors,e.g.,ShenandFisher(1999)and Shunet al. (2001),suggest desireto set
a specificpowver, 1 — 3, at whatever is the true value of the effect size parameter This aim may lead
to adaptve designswith a power curwve rising sharplyfrom . at = 0, thenremainingalmostflat at
1 — 8. In consequencssignificantrisk of a negative outcomeremainsevenwhenthe effect sizeis high
andpower closeto onecouldeasilyhave beenattained.

All theabove discussiorsupportgheview thata clinical trial shouldguaranteg@ower at effect sizesd of
clinical or commercialinterest.Smallereffectsarenot pertinentsince,asShih (2001,p. 517) states'. . .
trials needto considersamplesizeto detecta differencethatis clinically meaningful,not merelyto find
a statisticalsignificancé. Limitations occurwhenthe samplesizeneededo detecta particularlysmall
effectis prohibitive: then,power mustbe specifiedat the smallestvalueof 8 thatresourcepermit.

Shunet al. (2001, p. 520) give an exampleof the dilemmainvestigatorscanface: It is agreedthatthe
minimum clinically meaningfuleffectis § = 5 but the anticipatedeffect sizeif § = 10. Shouldthetrial
beplannedwith thelarge samplesizenecessaryo deliver power underf = 5? Or, shouldonestartwith
the lower samplesizerequiredfor power underf = 10 thencarry out a review wheninterim dataare



availableto estimatef, increasinghe samplesizeif this interim estimates lower than107? Shunet al.

(2001)favourthesecondadaptve approactiin orderto possiblysave resources”They donot, however,

considerthe optionof a sequentiatestdesignedo achiere power underf = 5 which would belikely to

stopearly afteronly afractionof the plannedmaximumsamplesize,if thetruevalueof § wereashigh
as10. Our objectie in this paperis to comparehe non-adaptie andadaptve approacheso the design
of suchastudy

Our premiseis thata commongoal underliesboth traditional, non-adaptie group sequentiatestsand
morerecentadaptve designsandthis goal canbe phrasedn termsof the overall powver cune, i.e., the
power investigatorsvish their studyto achiee asa function of the true valueof 6. For example,in the
situationdescribedby Shunetal. (2001)it is clearthathigh power is requiredif 4 is actuallyequalto 5,
sothe overall power curve of anacceptablalesignmusttake a suitablyhigh valueatf = 5. Notethat
this requirementoldsindependentlyf arny additionalevidencethatd is equalto 5: the pointis thatif
6 = 5, thentheoverall designpackageshouldprovide a high probability of declaringa positve finding.

Many proposaldor adaptve studydesignsbasemid-courserevisionsof the remainingsamplesize on
the conditional power underparticular@ values. It is importantnot to confusethis conditionalpower
with the overall power curve of the studydesign.Oncethe prescriptionfor anadaptve trial designis set
out as,for example,in the procedureslefinedby ProscharandHunsbeger (1995)or Li etal. (2002),
the planthetrial will follow asit progressess completelydefinedandonecancomputethe procedures
overall power cune.

An attractionof certainadaptve schemess that they allow freedomto make changesn responsdo
interim datathatwerenot consideredeforethe studystarted.Eventhenonecan,at leastconceptually
definea specificprocedureéby askingwhatchangesvould have beenmadeunderall possiblesequences
of obsenrations. Then,the performanceof this realisationof a “flexible monitoringscheme’is that of
the pre-specifiecadaptve designdefinedby theserules. Thus,in evaluatingthe classof pre-specified
adaptve designswe shallalsolearnwhatflexible designswhich arenotfully pre-specified¢anoffer.

Theflexibility of adaptve designscanalsobe usedto reactto externalinformationthataffectsa studys

objectives. While this is animportantproperty it is quite distinctfrom theissuewe shalladdressn our

comparison®f sequentiadesigns. In what follows, we confineour attentionto the relatvely simple
situationwherethe external ervironmentremainsconstantduring the courseof a study We comment
furtheron adaptatiorto externalfactorsin Section5.

In comparingdesignswe shallstudytestswith aspecificTypel errorrate,a, andpower1 — g atagiven

effectsizef = A, notingit is theoverall power of thecompleteprocedureéhatwe consideihere however

thisis achieved. We shallcomparedesignswith respecto their expectedsamplesize(or averagesample
number “ASN”) over the rangeof 6 valuesof interest. Since A representshe minimum clinically or

commerciallymeaningfuleffect, ASN shouldalsobeconsideredtthelargereffectsizethatinvestigators
arehopingfor, § = LA, say whereL > 1. CombiningASN atthesetwo pointswith the ASN underthe

null hypothesi®) = 0 givesour optimality criterion

1
g{ASN(H =0)+ ASN(0 =A)+ ASN(6 = LA)}. 1)
This criterion reflectsequipoiseand a balancebetweenoptimism and pessimism.We have alsomade

investigationsusing other criteria, generalisedo include additional§ valuesor varying the assigned
weights,andobtainedqualitatively similar conclusions.
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We shallassesthreeclassesA, B andC, of corventionalgroupsequentiatests,moving from simpleto
morecomplex designsThereareagreatmary proposalsrom which to chooseypesof adaptve design
andin our studiesof thesemethodswe have oftenfound adaptve designgo have inferior performance
to well chosemon-adaptie groupsequentiatests;seeJennisorand Turnkull (2003)for onesuchcase
study However, the classof adaptve testscontainsnon-adaptie testsasspecialcasessoit is clearthat
efficient adaptve designamustexist! As our fourth class,D, we considerall possibleadaptve designs,
i.e., group sequentiakestsin which, at ary stage,future group sizesand decisionboundariescan be
adaptedo obseredresponses apre-plannedvay. Theideaof seekingoptimaltestswithin this class
was proposedby Schmitz(1993) who referredto theseas “sequentiallyplannedsequentiadesigns”.
Sincethis classcontainsall possibleadaptve designsthe optimal designswe find for a given criterion
will performatleastaswell, by this criterion,asary adaptve or flexible testthatonemight propose.

Therecentpaperof SchafeandMiller (2004)hasalsoaddressetheissueof uncertaintyabouttheeffect

sizeto be detectedtakinga somevhatdifferentapproach For a K -grouptrial with Typel errorratec,

theseauthorsconsidera sequencef K valuesof 6, L1A < ... < LgA, andshav how to construct
boundariesuchthat, for eachk = 1,..., K, the probability of stoppingto reject H, at or beforethe
kth analysisis equalto 1 — g whenf = L;A. In contrastour emphasiss onthe ASN underdifferent
# values,subjectto the goal of protectingpower at the most pessimisticeffect sized = A. Schéafer
andMdiller’s (2004) procedure$elongto our classC and,hence resultsfor the optimaltestin classC

provide anupperboundon how well thesedesigngperformby our criteria.

2 Group sequential procedures

Considera balancedwo-samplecomparisonin which obserations X 4; on treatmentA and X g; on
treatmentB, i = 1,2, ..., areindependentnormally distributedwith common known variances? and
unknavn meansu 4 andu g, respectrely. The parameteof interestis the differencen treatmenmeans,
0 = ua — pp, andit is desiredto testthe null hypothesisHy: § = 0 againstthe one-sidedhalternatve
# > 0 with Typel error probability «. Althoughthis problemmay seemunrealisticallysimple,it does
in factsere asa prototypefor awide variety of designsandresponseypes:methodslevelopedfor this
situationhave wide applicability— see for example, Jennisorand Turntull (2000,Chap.3).

The assumptiorof known varianceis significanthereasit meanswe are not concernedvith adapting
samplesizein responseao nev estimatef o2. Thereis a considerablditeratureon adaptve methods
for “re-estimating”the samplesize neededo meeta fixed power requirementas moreis learntabout
a nuisanceparametersee,for example, Wittes and Brittain (1990) and Gould and Shih (1992) or, for
updatingsamplesizein agroupsequentiatest,DenneandJennisor(2000)andMehtaandTsiatis(2001).
However, we do not considetthis questionin the presenpaper We referreaderso SchwartzandDenne
(2003)for a carefulexplanationof how multi-stagedesignsanincorporateoneor moreof theobjectves
of: updatingsamplesizein responseo new varianceestimatesadjustingsamplesizeasthe effect size
to be detecteds modified; stoppingearly accordingto a groupsequentiatule assoonasthe obsered
datapermitthis.

For our statedproblem,a fixed sampletestattainingpower 1 — 3 at the alternatve § = A requiresa



samplesize
202 Za+ 2 2
ny = —( 5 8) (2)

per treatmentarm wherez, = ®1(1 — p) denotesthe upperp tail point of the standardnormal
distribution. Theteststatisticis givenby
1 <
= (XAi_XBi) (3)
V/(202ny) g

andH, is rejectedf andonlyif Z > z,.

In a group sequentiadesign,the accumulatingdataare analysedrepeatedly Supposethe maximum
numberof analysess setat K and,for k& = 1,..., K, the cumulatve numberof obserations per
treatmentarmat analysisk is ng, whereof coursen; < ... < ng. At analysisk, the statistic

T

7, ZZ(XAi—XBi)/(U 2ny)

is computed. A generalone-sidedgroup sequentiatestis definedby pairs of constant ay, bx) with
ap <byfork=1,...,K —1andag = bg. It takestheform:
Aftergroupk =1,..., K —1
if Z, > b, stop,rejectHy
if Z, <a, stop,acceptH
otherwise  continueto groupk + 1, (4)
aftergroup K
if Zx > by stop,rejectHy
if Zx < ax stop,acceptHy.

Here,ax = by ensureshatthetestterminatesatanalysisk.

In orderfor thegroupsequentiatestto achieve Typel errorprobability« andpower1 — g atd = A, its
maximumsamplen i, mustbeatleastalittle largerthanthefixedsamplesizen . TheratioR = ng /ny
is termedtheinflation factor of agroupsequentiatest.

Thereare mary choicesof boundary{(ax,bt); & = 1,..., K}, thatwill satisfythe a and 3 error
probability requirements.One corvenientdefinition is throughthe specificationof a parametricerror
spendingiunction. Following Jennisorand Turnkull (2000,Chap.7.3.2),we definetwo error spending
functionsf(t) andg(t), for Typel andTypell errorsrespectiely, which arenon-decreasingndsatisfy
f(0) =g¢(0) =0, f(1) = « andg(1) = S. Thecritical values(ax, by, ), k = 1,..., K, arecalculatedby
solvingsuccessely

PT‘gzo{al <Z1 <b1, cee, Qp—1 <Zk_1 <bk_1, Zk:Zbk} = f(nk/nK) — f(nk_l/ng) (5)
and

Pro_s{a1<Z1<bi, ..., ap-1<Zp_1<br_1, Zr<ar} = g(nk/nK) — g(nk_1/nK), (6)
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startingwith a; andb; at the first analysis,wherewe take ny, = 0, and proceedingupto k¥ = K.
For given functions f(¢) and g(¢), the requirementaxy = b at the final analysisdeterminesthe
necessarynaximumsamplesize nx and, hence,the tests inflation factor R = ng/ny. Various
softwareprogramsareavailableto aid this computationfor example,the commercialpackagegast 3
(Cytel, 2003)andS+SeqTri al 2. 0 (Insightful Corp, 2002),0r thosefreely available at the website
http://ww. medsch. wi sc. edu/ | andenet s/ .

We shallconsiderthe simpleerrorspendingunctions:
f(t) =at” and g(t) = Bt”, )

parametrizedy the singleparametep > 0. This choicedefinesthe so-called’ p-family” of tests.The
value of p determineghe inflation factor R = ny /ny; this relationshipis illustratedin Table 7.6 of
Jennisorand Turnkull (2000)for the caseof equallysizedgroupsandselectedraluesof K, o andf.

A refereehascommentedn our assumptiorthatthe studywill definitely stopwith acceptancef Hy if
ever Z;, < a; andnotedthatif samplingwereto continuein suchcircumstanceghis would inflate the
Typel errorrateaborve «. If thereis concernthatthe DataandSafetyMonitoring Boardmaynotadhere
rigidly to the stoppingboundariespecifiedin the studyprotocol,the Typel errorratecanbe protected
by replacing(5) with

Pro_o{Z1<b1, ..., Zp_1<bg_1, Zr>bi} = f(nk/nK) — f(nk—1/nk).

Then, if the stoppingrule is followed precisely the Type | errorratewill be achiered conseratively.
Sincethis conseratismwould complicateour comparisorof differenttypesof test, we shall continue
with our original definitionfor the remaindeof this paper

We shall studyfour families of group sequentiatests(GSTs)comprisingtwo forms of error spending
test,generalnon-adaptie GSTs,andadaptve GSTs. To ensurea fair comparisonfestsin all families
mustmeetthe samedesignspecificationgiivenby «, 5, A and K. It is well known thatgroupsequential
testscanyield greatereductionsn ASN astheinflation factor R increasessee for example,Ealesand
Jennisor(1992).Practicalconstraintwill oftenlimit themaximumpossiblesamplesizeand,hencethe
valuesallowablefor R. We have derived optimal testsfor fixed valuesof R but we alsoreportresults
without this constraintpbtainedby optimisingfreely over R.

A. Equal group sizes. Thesetestsare p-family error spendingtestswith equally spacedanalyses:
ng = (k/K)Rny, k =1,..., K. Sincethevalueof p is determinedy R, thereis only onetest
for a givendesignspecification.Planningwith equalgroupsizesis the usualstartingpoint when
designinga GST.

B. Proposed class of GSTs. Theseare p-family error spendingestswith one degreeof freedomin
settinggroupsizes.Thefirst groupsizeis n; andremaininganalysesreequallyspacedhereatfter:
ng =n1+ (Rny—n1)(k—1)/(K —1),k = 2,..., K. If thetreatmentifferenceis ashigh
asLA, whereL > 1, theremay be opportunityfor early stoppingwell beforethe first analysis
in procedureA: schedulingan earlylook helpslower the ASN in this case reducingthe overall
criterion(1). Optimizationis over the choiceof n1, afterwhich p is determinedy R.

C. Optimal non-adaptive GSTs. Completefreedomis allowedin choosingcritical values(ay, by,)
andcumulatve samplesizesny, . .., nk to optimizethecriterion(1), subjectong < Rny. Note
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Figurel: OptimizedaverageASN plottedagainstR for testsin classesA to D. Testshave Typel
errorratea = 0.025, powerl — 3 = 0.8 atd = A, amaximumof K = 2 analysesandminimize
theaverageASN criterion{ASN (6 = 0) + ASN(@ = A) + ASN(@ = LA)}/3 for L = 2 and4.
The symbols on the curvesfor classe<C andD indicatethe valuesof R at which thesecurves
becomélat.

thatthe choiceof ny and (ag,bx), k = 1,..., K, is setat the startof the study and cannotbe
updatedasobserationsaccrue.

D. Optimal adaptive GSTs. Thesearefully adaptve designs.At eachanalysisk = 1,..., K — 1,
the next cumulative groupsizeny.1 andcritical values(ax1, bx+1) arechoserbasedon current
data.Thewhole procedurds choserto optimizecriterion(1) subjectto ng < Rny.

Optimal non-adaptie testsfor a fixed sequencef group sizesare derived using methodsdescribed
in EalesandJennison(1992)for the symmetriccase,a = 3, andby Barberand Jennison(2002)for
theasymmetriccase.A Bayesdecisiontheoryproblemis setup andthe solutionfound by a backward
induction(dynamicprogramming}echnique A searchoverdecisionandsamplingcostdeadsto aBayes
problemwith solutionequalto the optimal GST being sought. Furtheroptimizationover group sizes
ni,-..,nk describedoy Ealesand Jennison1992, Sec.5) providesthe optimal testswithin classC.
Constructionof the optimal adaptve or “Schmitz” testsin classD proceedsy use of the dynamic
programmingiechniquein a generalizatiorof the Bayesdecisionproblemwheregroupsizeis allowed
to dependonthe currentvalueof the statisticZy.

3 Optimal testsand their properties

We presentesultsfor testswith Typel errorratea = 0.025, power1—3 = 0.8 atd = A andamaximum
of K analyseswhere K = 2, 3,4, 5 or 6. Testsareoptimizedfor the averageASN criterion (1) with
L = 2 and4. All calculationsaareby numericalintegrationandresultsareaccurateo atleastthe number
of decimalplacesshawvn in thetables.
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Figure2: OptimizedaverageASN plottedagainstR for testsin classesA to D. Testshave Typel
errorratea = 0.025, powerl — 3 = 0.8 atd = A, amaximumof K = 5 analysesandminimize
theaverageASN criterion{ASN (6 = 0) + ASN(@ = A) + ASN(@ = LA)}/3 for L = 2 and4.
The symbols on the curvesfor classe<C andD indicatethe valuesof R at which thesecurves
becomélat.

Figuresl and 2 shav how the optimizedaverageASN varieswith R for testswith 2 and5 analyses,
respectrely. For bothclasseA andB of p-family tests,averageASN decreasesitially asR increases
but eventually startsto increaseagain. The group sizesof classC testsare optimizedsubjectto the
constraintnK/nf < R: initially the optimaltestshave nK/nf = RbutasRis increasedavalue,Rc
say is reachedsuchthatthe optimal testcontinueso take nx /ny = R, eventhoughhighervaluesare
allowed. Similarly, for given L and K, thereis a maximalinflation factor R, say for optimaltestsin
classD: evenwhenlargervaluesof nx arepermitted all samplepathsterminatewith ny < Ran. The
pointsatwhichthecurvesfor classe< andD reachtheir plateausaremarkedin thefiguresbutit is clear
thatvaluescloseto the optimal averageASN arereachedwvell beforethesepoints. Giventhe practical
disadwantage®f ahighvalueof R, it is reasonabléo chooseaninflation factorconsiderablyower than
theseotherwise‘optimal” values.

Tablesl and2 give furtherdetailsof the proceduresvith optimalperformancever R in Figuresl and2,

respectiely, taking R = R, for classC andR = R, for classD. In addition,thesetablesgive results
for testswith 3, 4 and6 analyses.n view of the practicalbenefitsof a low maximumsamplesize,we
would recommendhoosingvaluesfor theinflation factor R belowv the global optimum. Tables3 and4

give detailsof testsoptimisingcriterion(1), with L = 2 and4 respeciiely, with R fixedat1.2; however,

wherethe minimum averageASN occursat a value of R belov 1.2, this valueis usedinstead.Further
tablesof results similarto Tables3 and4 with R = 1.05, 1.1,1.2,1.3and1.4andpower0.8and0.9are
availableatourwebsiteht t p: / / ww. bat h. ac. uk/ ~mascj /.

Thefirst columnof eachtable shavs the maximumnumberof analysedy, the fixed sampletestwith
K =1 servingasa benchmarlor the others.For eachK > 2, propertiesof the optimaltestsin classes
A to D arepresentedThevalueof p is givenfor the p-family testsin classe®A andB, then,for all four
testswe shav theinflationfactor R, thesizeof thefirst groupof obserations,the ASNsunderd = 0, A
and LA, andthe averageof thesethreeASNswhich formsthe optimality criterion (1). All groupsizes
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Tablel1: Propertiesof testswith Typel errorratea = 0.025 andpower1 — 8 = 0.8 atd = A which
minimizecriterion(1) with L = 2. Thevalueof R is alsochoseroptimally to minimizethis criterion.

K Design p R First ASN at Average
group =0 O=A 60H=2A ASN
1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0
2 A:. p-family, equalgroups 1.36 1.09 54.5 68.1 83.3 56.4 69.3
B: p-family, opt.1stgroup 0.67 1.21 43.0 64.5 86.3 48.9 66.6
C. Optimalnon-adaptie — 1.21 43.0 63.2 86.8 49.3 66.4
D: Optimaladaptve — 1.31 41.9 63.9 85.7 48.1 65.9
3 A: p-family, equalgroups 0.96 1.21 40.3 58.5 77.1 45.2 60.3
B: p-family, opt.1stgroup 0.61 1.34 33.1 56.4 78.7 42.1 59.1
C. Optimalnon-adaptie — 1.38 30.5 53.5 79.9 40.0 57.8
D: Optimaladaptve — 1.57 28.3 53.7 78.6 38.2 56.8
4 A: p-family, equalgroups 0.77 1.31 32.8 53.5 74.3 39.9 55.9
B: p-family, opt.1stgroup 0.59 1.41 27.6 52.3 75.4 38.4 55.4
C: Optimalnon-adaptie — 1.53 24.4 48.9 76.2 36.0 53.7
D: Optimaladaptve — 1.80 21.6 48.8 74.8 33.9 52.5
5 A: p-family, equalgroups 0.67 1.39 27.8 50.6 72.8 36.8 53.4
B: p-family, opt.1stgroup 0.56 1.46 23.9 49.8 73.6 35.9 53.1
C. Optimalnon-adaptie — 1.64 20.9 46.4 73.9 33.7 51.3
D: Optimaladaptve — 2.02 20.2 45.9 72.0 32.1 50.0
6 A: p-family, equalgroups 0.60 1.45 24.2 48.6 71.9 34.7 51.7
B: p-family, opt.1stgroup 0.55 1.49 21.8 48.2 72.4 34.3 51.6
C: Optimalnon-adaptie — 1.77 18.5 44.7 72.3 32.2 49.8
D: Optimaladaptve — 2.21 17.7 44.1 70.4 30.7 48.4

andASNsareexpressedhsa percentagef n s, the samplesizerequiredby afixedsampletest.

Our key conclusionfrom thesefiguresandtablesis that p-family error spendingestsoffer simpleand
efficient designsfor the objectves underconsideration.The robust efficiengy of p-family testswhen
comparedo generalnon-adaptie GSTswith equalgroupsizeshasbeennotedby BarberandJennison
(2002). It is evidentfrom our resultsthatrestrictingto equalgroupsizeshindersthe reductionof ASN
atthe high effect sizesof # = 2A andf = 4A. However, allowing choiceof just thefirst groupsizein
classB testsovercomeshis difficulty, leadingto noticeablemprovementsover the classA designsfor
K = 2whenL = 2 andfor K upto 4 or 5whenL = 4. Thefirst groupsizesin the optimal classB
testaremuchlowerfor L = 4 thanfor L = 2, shaving how optimismaboutthe sizeof treatmeneffect
leadsto a moreaggressie stratgy in thehopeof a“homerun” findingunderf = LA. But, despitethe
focuswhenL = 4 onaverylow ASN underf = 4A, ASNsatf = 0 and A arestill quite similar to



Table2: Propertiesof testswith Typel errorratea = 0.025 andpower1 — 8 = 0.8 atd = A which
minimizecriterion(1) with L = 4. Thevalueof R is alsochoseroptimally to minimizethis criterion.

K Design p R First ASN at Average
group =0 O=A 6H=4A ASN
1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0
2 A:. p-family, equalgroups 1.46 1.08 54.0 68.3 83.5 54.0 68.6
B: p-family, opt.1stgroup 0.64 1.20 32.6 67.1 91.1 32.6 63.6
C. Optimalnon-adaptie — 1.18 30.0 64.1 94.3 30.0 62.8
D: Optimaladaptve — 1.26 30.2 64.4 92.6 30.2 62.4
3 A: p-family, equalgroups 1.19 1.16 38.7 59.3 77.5 38.7 58.5
B: p-family, opt.1stgroup 0.68 1.29 17.8 60.4 82.1 18.5 53.7
C. Optimalnon-adaptie — 1.35 17.6 54.3 82.6 18.8 51.9
D: Optimaladaptve — 1.50 18.0 53.6 81.3 18.7 51.2
4 A: p-family, equalgroups 1.05 1.22 30.5 54.7 74.5 30.5 53.2
B: p-family, opt.1stgroup 0.63 1.38 14.8 54.3 77.3 16.2 49.3
C: Optimalnon-adaptie — 1.51 14.9 49.1 77.3 16.6 47.7
D: Optimaladaptve — 1.72 13.8 48.5 75.9 15.2 46.5
5 A: p-family, equalgroups 0.95 1.27 25.4 51.8 72.7 25.4 50.0
B: p-family, opt.1stgroup 0.61 1.43 13.3 51.0 74.8 15.2 47.0
C. Optimalnon-adaptie — 1.60 12.6 46.4 74.8 14.8 45.3
D: Optimaladaptve — 1.93 11.6 45.6 72.9 13.5 44.0
6 A: p-family, equalgroups 0.88 1.31 21.8 49.9 71.6 21.9 47.8
B: p-family, opt.1stgroup 0.60 1.46 12.2 49.1 73.3 14.4 45.6
C: Optimalnon-adaptie — 1.69 10.5 44.8 73.1 13.2 43.7
D: Optimaladaptve — 211 8.4 441 71.4 11.8 42.4

thosefor the caseL = 2. Comparisonsvith optimumnon-adaptie testsin classC shav thatvery little
efficiencgy is lost by settlingon the p-family testsof classB: addinga free choiceof all groupsizesand
stoppingboundary{(ax, bx); k = 1,..., K} reducessverageASN by atmost2% of n .

If we compareoptimal classC andclassD tests,eitheroptimizedover R or at a fixed valueof R, the
improvementin passingfrom optimal non-adaptie teststo optimal adaptve testsis a drop in average
ASN of atmost1.4%o0f n;. As we explainedearlier classD containsall varietiesof adaptve test,thus
our resultsprovide anupperboundon how well specificproposalsfor example,thoseof Proscharand
Hunsbeger(1995)or ShenandFisher(1999),canperformwhenassesseith termsof theiroverall powver
and ASN functions. Comparingour resultsfor testsin classeB andD, we deducethat for the cases
consideredysingcriterion(1) with L = 2 or L = 4, p-family errorspendingestswith anoptimizedfirst
groupsizehave averageASN within 3.2%o0f n; of theaverageASN for ary adaptve designmeetingthe



Table3: Propertiesof testswith Typel errorratea = 0.025 andpower1 — 8 = 0.8 atd = A which
minimizecriterion(1) with L = 2. Thevalueof R is fixedat 1.2 unlessalower valueminimizes(1).

K Design p R First ASN at Average
group =0 OH=A 0H=2A ASN
1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0
A: p-family, equalgroups  1.36 1.09 54.5 68.1 83.3 56.4 69.3
B: p-family, opt.1stgroup 0.69 1.20 43.0 64.6 86.2 48.9 66.6
C: Optimalnon-adaptie — 1.20 43.0 63.3 86.7 49.3 66.4
D: Optimaladaptve — 1.20 43.2 64.0 85.3 49.0 66.1
3 A: p-family, equalgroups 1.00 1.20 40.0 58.6 77.2 45.1 60.3
B: p-family, opt.1stgroup 0.99 1.20 33.8 58.1 78.0 43.0 59.7
C: Optimalnon-adaptie — 1.20 311 55.1 79.5 40.9 58.5
D: Optimaladaptve — 1.20 28.8 54.9 78.9 39.5 57.8
4 A: p-family, equalgroups 1.13 1.20 30.0 55.1 74.7 40.0 56.6
B: p-family, opt.1stgroup 1.13 1.20 28.7 55.1 74.8 39.8 56.5
C: Optimalnon-adaptie — 1.20 25.6 51.7 76.2 37.5 55.1
D: Optimaladaptve — 1.20 24.0 50.9 75.2 36.0 54.0
5 A: p-family, equalgroups 1.22 1.20 24.0 53.4 73.2 37.7 54.8
B: p-family, opt.1stgroup 1.22 1.20 25.2 53.4 73.1 37.8 54.7
C: Optimalnon-adaptie — 1.20 22.6 49.8 74.3 35.7 53.2
D: Optimaladaptve — 1.20 21.6 48.8 73.0 34.2 52.0
6 A:. p-family, equalgroups 1.28 1.20 20.0 52.3 72.2 36.4 53.6
B: p-family, opt.1stgroup 1.28 1.20 22.9 52.3 72.0 36.4 53.6
C. Optimalnon-adaptie — 1.20 20.4 48.6 73.1 34.5 52.1
D: Optimaladaptve — 1.20 19.2 47.5 71.8 33.0 50.8

sameconditionson Typel errorandpower.

Proponentf adaptve testsmay turn this commentaroundand point out the opportunityto define
adaptve designsattainingthis extra efficiengy. We believe it will be quite a challengeto find simply

definedadaptve proceduresvith suchrobustly efficient performance!We have obsered the sampling
rules of optimal adaptve teststo be qualitatvely different from rules basedon conditional powver

commonlyusedin adaptve designgseealsoPoschetal, 2003,p. 961). Someconstruction®f adaptve

testsinvolve the use of non-suficient statistics,againdistinguishingthem from the optimal adaptve

designgseeTsiatisandMehta,2003). Thus,somequite new typesof adaptve procedurewill beneeded
if this challengéis to be met.

We concludethis sectionby notingthatwe have mademary furthercomputationsisingotherweighted
combinationsof ASNsin placeof the criterion (1) andin all casesve have found qualitatvely similar
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Table4: Propertiesof testswith Typel errorratea = 0.025 andpower1 — 3 = 0.8 atd = A which
minimizecriterion(1) with L = 4. Thevalueof R is fixedat 1.2 unlessalower valueminimizes(1).

K Design p R First ASN at Average
group =0 O=A 0O=4A ASN
1 Fixed 1.00 100.0 100.0 100.0 100.0 100.0
A: p-family, equalgroups 1.46 1.08 54.0 68.3 83.5 54.0 68.6
B: p-family, opt.1stgroup 0.64 1.20 32.6 67.1 91.1 32.6 63.6
C: Optimalnon-adaptie — 1.18 30.0 64.1 94.3 30.0 62.8
D: Optimaladaptve — 1.20 28.8 65.1 93.5 28.8 62.5
3 A p-family, equalgroups 1.19 1.16 38.7 59.3 77.5 38.7 58.5
B: p-family, opt.1stgroup 0.92 1.20 17.6 61.9 814 18.6 53.9
C: Optimalnon-adaptie — 1.20 18.0 55.7 82.3 19.2 52.4
D: Optimaladaptve — 1.20 16.8 55.2 82.1 18.0 51.8
4 A: p-family, equalgroups 1.13 1.20 30.0 55.1 74.7 30.0 53.3
B: p-family, opt.1stgroup 1.09 1.20 15.3 56.7 76.5 17.2 50.1
C: Optimalnon-adaptie — 1.20 151 51.6 77.8 171 48.8
D: Optimaladaptve — 1.20 12.0 51.0 77.5 145 47.7
5 A: p-family, equalgroups 1.22 1.20 24.0 53.4 73.2 24.1 50.2
B: p-family, opt.1stgroup 1.20 1.20 14.2 54.2 74.1 16.6 48.3
C: Optimalnon-adaptie — 1.20 125 49.4 76.1 15.0 46.8
D: Optimaladaptve — 1.20 9.6 48.6 75.0 12.9 45.5
6 A:. p-family, equalgroups 1.28 1.20 20.0 52.3 72.2 20.3 48.3
B: p-family, opt.1stgroup 1.26 1.20 13.3 52.8 72.7 16.1 47.2
C. Optimalnon-adaptie — 1.20 11.0 48.2 74.5 13.9 45.5
D: Optimaladaptve — 1.20 9.6 46.8 73.1 12.6 44.2

resultsto thosereportedhere.

4 Examples

(a) Normaldata In arandomizedrial of cholesterolowering drugs,patientsareassignedo receve a
new compoundor anactive control. Theendpointis thereductionin cholesterolevel from weekzeroto
weeksix. Theparameteof interestd = u4 — pp is thedifferencein meanreductions.From historical
data,the patient-to-patienstandardieviation of cholesteroreductionds takento be o = 60 mg/dl. We
testHy: 6 = 0 versusH;: 6 > 0 with Typel errorrate« = 0.025. We wish to ensureadequate
pover 1 — 8 = 0.8 at a minimum clinically relevant effect sizeof # = A = 15 mg/dl, but the
improvementis expectedto be about60 mg/dl. HencelL = 4. From (2), a fixed sampleplan would
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requiren; = 202(24 + zﬁ)Q/A2 = 252 subjectpertreatmentarm,atotal samplesizeof 504.

Supposeve chooseR = 1.2, allowing anincreaseof 20%in the maximumsamplesizeto 606 subjects,
in orderto run agroupsequentiatestwith K = 3 analysesandthesameTypel andTypell errorrates.
With equallysizedgroups,thetagetis 101 subjectsper groupon eachtreatmentarm andwe seefrom

Table4 thatthe error spendingfunction parameteis p = 1.19 andaverageASN over§ = 0, A and
4A is 504 x 58.5% = 295 subjects.If however we choosea first groupsizeof 504 x 0.176 = 89 and
p = 0.92, theaverageASN is reducedo 504 x 53.9% = 272. The optimalnon-adaptie andadaptve

testswould leadto averageASNs of 264 and261, respectrely, quite a meagerreturnon the additional
compleity of thesetwo procedures.

It may be helpful to relatethis exampleto the problemdescribedoy Shunet al. (2001)to which we

referredin Sectionl, bearingin mind thatthe two effect sizesin the currentexamplearef = 15 and
60, ratherthanthe previous § = 5 and10. The recommendatiorf Shunet al. (2001) wasto start
with a small samplesize sufiicient to detectthe highereffect size,§ = 60 in our example,andthento

decideon a secondstagesamplesize having seenthis first setof obserations. (In view of the higher
ratio betweenthe optimistic effect size of 60 and minimal clinically significanteffect of 15, it may be
advisableto take a somavhathigherinitial samplesizein this case.)Supposesucha samplingrule and
terminaldecisionrule aredefinedandtheseproduceatestwith overall Typel errorrate0.025andpower
0.8 underf = 15, thenwe have a 2-groupadaptve designin our classD andFigure 1 and Tables2

and4 tell ussomethingaboutits properties.From Table2, we seethe optimal 2-groupadaptve design
for criterion (1) with L = 4 hasanoverall maximumsamplesize R = 1.26 timesthe fixed samplesize
neededo achiere powver0.8atfd = 15, i.e., 1.26 x 504 = 635 subjectsandthis resultsin an average
ASN of 504 x 62.4% = 314. Thetestconstructedollowing Shunet al's (2001)approachcando no

betterthanthis optimal designand so musthave an averageASN of at least314 subjects. Also from

Table2, we seethata 2-groupp-family testwith R = 1.20 andfirst groupsize164 doesalmostaswell,

achiezing averageASN of 321. It is notevorthy thatthe additionalanalysisin a 3-group, p-family test
reducesaverageASN to 272giving a significantadvantageover the optimal 2-stageadaptve test.

(b) Survivaldata Supposea one-sidedogranktestis to be usedto comparethe survival distributions
of subjectson treatmentand control arms. The parameterof interestis § = log A where X is the
relative risk (hazardratio), which is assumedo be constant. We wish to test Hy: # = 0 versusH;:
f > 0 with Typel errorratea = 0.025. We specifypowver 1 — § = 0.8 at a minimum clinically
relevanteffect sizeof A = 1.4, i.e.,atf = A = 0.336, but therelatve risk is expectedto be A = 2.
HenceL = log2/logl.4 ~ 2. A fixed sampleplan requires,approximately a combinedtotal of
4(za + 25)%/A? = 278 deaths(or more generally“events”) to be obsered in the two arms— see
SchoenfeldandRichter(1982)or Jennisorand Turnkull (2000,p. 79).

Let us choosean inflation factorR = 1.2 and K = 5 analyses.Thus,with equalnumbersof events
betweersuccessk analyseswe would needa maximumof 334eventsandthetamgetfor thestudydesign
would be 67 new eventsat eachanalysis.From Table 3, we seethe error spendingfunction parameter
is p = 1.22 andthis leadsto an average,over thecased) = 0, A and2A, of 152 obsered events. In
this case,optimizing the numberof eventsat the first analysishasa negligible effect andthereis very
little differencebetweenthe optimal classA andclassB tests. The optimal non-adaptie and adaptve
testsoffer smallimprovementswith averagenumbersof eventsequalto 148 and 145, respecirely but
onceagainit appearshatthe savingsarehardlyworthwhileto justify the compleity of theclassC or D
procedures.
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5 Discussion

We have posedthe problemof how to choosethe effect size = A atwhich to specifythe power of a
clinical trial whenthereis disagreemendr uncertaintyaboutthelik ely treatmenteffect. Our conclusion
whenthereis a choicebetweena minimal clinically significanteffect size andlarger effect sizesthat
investigatorhopeto seeis thatthe powerrequirrmentshouldbe setat the minimalclinically significant
effect This decisionmay needto be moderatedf the resultingsamplesizeis prohibitive, bearingin

mind thata goodsequentiatesignwill reducethe obsered samplesizeif the effect sizeis muchlarger
thantheminimal effect size.

In choosingbetweenthe available typesof experimentaldesignit is the overall power at§ = A that
matters. Proscharand Hunsbeger (1995) propose“designedextension” proceduresvhich start with

aninitial samplesize appropriateto a detectinga higher effect size and continuewith a secondstage
of samplingif first stageresultsare not decisve, increasingpower to detectlower effect sizesin the
process.However, they recognisethe importanceof overall pover asthey presentipower calculatedat
a seriesof possibleeffect sizesin their Table2. Our simpleobsenationis that, sincethe overall power
curve determineghe effectivenessof a proceduren detectingtreatmenteffects of differentsizes,one
mayjustaswell startby formulatingtherequirementsf a statisticaldesignin termsof its overall power.

Our findingsin Section3 shav that, oncethe power requirementandthe effect sizesunderwhich low
ASNsaremostimportanthave beenspecifiedthe p-family of errorspendingestsoffersa classof very
efficient groupsequentiablesigns.If theinitial groupsizeis chosencarefully designscanbe obtained
which are closeto optimal amongall non-adaptie group sequentiakests. Sincethey are definedas
error spendingtests, theseproceduresare equippedto deal with departuresrom the plannedgroup
sizeswhile automaticallypreservingheir Typel errorrateandpower; seeJennisorandTurntull (2000,
Ch. 7) for more details. Moreover, if the samplesize neededo provide a given powver dependn a
nuisanceparametersuchasthe varianceof normalobsenrations, Mehtaand Tsiatis (2001) shav howv
the “information monitoring” approacho implementingerror spendingtestsprovides a framewvork for
combininggroup sequentiatestingwith samplesize re-estimationbasedon updatedestimatesof the
nuisanceparameter

Addingtheelemenbf adaptvity to agroupsequentiatiesign sothatfuturegroupsizesarechoserin the
light of currentdata,canprovide alittle extra efficiengy, but our numericalresultsfor optimal adaptve
testsshawv that at bestthis gainis slight. Moreover, we are not aware of ary simply definedadaptve
testswhich comecloseto achievzing suchefficiencgy. Indeed our studiesof someof thespecificproposals
thathave beenmade(see for instance Jennisorand Turnkull, 2003)indicatethatostensiblyreasonable
adaptatiorrulescanleadto very poorefficiengy comparedvith well chosergroupsequentiatesigns.

A possiblebenefitof adaptve designss their flexibility to adaptto informationexternalto atrial. For
example,news of acompetingproducts adwerseside-efectscouldleadto reassessmenf the minimum
commerciallyrelevanteffect sizefor a drug currentlyunderstudy Theflexibility of thesetestscanalso
be usedto adapta trial to a changein treatmentdefinition (suchasa nenv dosageor selectionof one
dosefrom aninitial rangeof doses),or to the substitutionof an alternateendpoint;see,for example,
BauerandKéhne(1994),BauerandR6hmel(1995),Fisher(1998)andLehmacheandWassme(1999).
In anotherform of adaptation,Wang et al. (2001) use Cui et al's (1999) methodto createa group
sequentiatestwhich canswitch adaptvely betweerhypothesidestsof superiorityandnon-inferiority
Although cornventionalgroup sequentiatestsdo not accommodatsuchunplannedadaptatiorquite as
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naturally Denne(2001)andMduller and Schéafer(2001,2004) have shavn this canbe achieved through
consideratiorof the conditionalTypel errorrateataninterim analysis.

It is importantto distinguishsuchadaptatiorfrom the notion of “adaptingto” an internal estimateof
the effect size § from datain the currenttrial. This is exactly the interim datausedin defining the
groupsequentiatestsandadaptve testsconsideredn Section3 and, by definition, thereis no way this
informationcanbeusedto improve uponthe optimaltestsreportedthere.

The example of a clinical trial for treatmentof Parkinsons diseasedescribedby Miller and
Schafer(2004, Sec.4) provides an interestingfinal casefor discussion.Responseavasa scorefrom a
patientquestionnair@andtherewasinitial uncertaintyabouttheresponsearianceaswell asvariationof

opinionontheminimumclinically relevanteffect. Theauthorgproposeaninitial groupsequentiatlesign
which is modifiedasnew estimatef the responsevarianceare obtained.We arenot so corvinced by
theirproposafor designmodificationsn thelight of interim estimate®f theeffectsize. Thesamplesize
adaptationgarebasedn attaininga specificconditionalpower if thetrueeffectis equalto thelowerlimit

of aconfidencantenal for the effect size. This constructiorproduces/et anotherule in our classD —

but we have seenthataddingan adaptve elementofferslittle scopefor improving efficiengy over that
of awell chosenGST andwe have warnedthat someadaptve schemesanbe quite inefficient. More
significantly this adaptationrdoesnothingto resohe the original differenceof opinion concerningthe
minimum clinically relevanteffect: interim estimategprovide informationaboutthe true effect size,not
abouttherangeof valuesto beregardedasclinically significant.
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