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Abstract

In a massively univariateanalysisof brain imagedata,statisticalinferenceis typically basedon

intensityor spatialextentof signals.Voxel intensity-basedtestsprovide greatsensitivity for high

intensitysignals,whereasclusterextent-basedtestsaresensitive to spatiallyextendedsignals.To

bene�t from thestrengthof both,theintensityandextentinformationneedsto becombined.Var-

iouswaysof combiningvoxel intensityandclusterextentarepossible,anda few suchcombining

methodshavebeenproposed.Polineetal.'s (1997)minimump-valueapproachis sensitiveto sig-

nalswhoseeitherintensityorextentissigni�cant. Bullmoreetal.'s(1999)clustermassmethodcan

detectsignalswhoseintensityandextentaresuf�ciently large,evenwhenthey arenot signi�cant

by intensityor extentalone.In this work, we studysuchcombinedinferencemethodsusingcom-

bining functions(Pesarin,2001)andpermutationframework (Holmeset al., 1996),which allow

usto examinedifferentwaysof combiningvoxel intensityandclusterextent informationwithout

knowing their distribution. We alsoattemptto calibratecombinedinferenceby usingweighted

combiningfunctions,which adjustthetestaccordingto signalsof interest.Furthermore,we pro-

posemeta-combining,a combiningfunction of combiningfunctions,which integratesstrengths

of multiple combiningfunctionsinto a singlestatistic. We found that combinedtestsareableto

detectsignalswhich arenot detectedby voxel or clustersizetestalone. We alsofound that the

weightedcombiningfunctionscancalibratethecombinedtestaccordingto thesignalsof interest,

emphasizingeitherintensityor extentasappropriate.Thoughnot necessarilysensitive thanindi-

vidual combiningfunctions,themeta-combiningfunction is sensitive to all typesof signals,thus

canbeusesasa singletestsummarizingall thecombiningfunctions.
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1 Intr oduction

In amassively univariatemethodin brainimageanalysis,a linearregressionmodelis �tted ateach

voxel, thena statisticimagefor a contrastof interestis calculated,and�nally thesigni�canceof

theeffect of interestis assessedusingvariousinferencemethods.Widely usedarevoxel intensity

testsandclustersizetests(Peterssonet al., 1999). In a voxel test,statisticalsigni�canceis based

on intensityof asignalateachvoxel, whereasin aclustersizetest,thesigni�canceis basedonthe

spatialextentor sizeof signals.A voxel testcanbepowerful for localizedhigh intensitysignals,

while a clustersizetestcanbesensitive to spatiallyextendedsignals(Fristonet al., 1996;Poline

etal., 1997).Eithertestis sensitiveto aspeci�c typeof signals,but if thesetwo testsarecombined,

thentheresultingtestcanbesensitivetobothlocalizedhighintensitysignalsandspatiallyextended

signals.

Testshave beenproposedwhich combinevoxel intensityandclustersizeinformation. Poline

et al. (1997)developeda combinedtestbasedon Gaussianrandom�eld theory(RFT). In their

approach,the critical region is soughtusingthe minimum p-valueof an RFT peakintensitytest

(Adler, 1980;Worsley etal., 1992)andanRFTclustersizetest(Fristonetal., 1994),andthejoint

distributionof thepeakintensityandtheclustersizeaccordingto RFT. Their useof theminimum

p-valueresultsin a testthatis sensitive to signalswith eitherhigh intensityor largespatialextent.

However, stringentassumptionsin thisapproachmakesthis testlesspractical.In additionto usual

RFT assumptionsof smoothimagesand high threshold,this approachassumesthat the spatial

auto-correlationfunctionis Gaussianin orderto derive thejoint intensity-clustersizedistribution.

Furthermore,this methodis only applicableto Gaussianimages,thus for a
�

image,a
�

-to-�

transformationis required.A lessstringentapproachin combiningintensityandclustersizewas

developedby Bullmoreetal. (1999).In theirapproach,for eachcluster, clustermassis calculated

astheintegrationof voxel intensitiesabovetheclusterde�ning threshold,andthemaximumcluster

massis usedasa teststatisticin a permutationtestin placeof themaximumintensityor cluster

size. Becausethis methodusespermutationsratherthana theory-basedapproach,it requiresless
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assumptions.

In theabove methodsof combingvoxel intensityandclustersizeinformation,they bothhave

their own strengthsandweaknesses.Polineet al.'s minimum p-valueapproachis sensitive for

signalswith either high intensity or large extent, not necessarilyboth: The methodonly uses

informationfrom thetestproducingasmallerp-value.For example,if theclustersizetestproduces

asmallerp-value,sayp=0.002,thenthepeakintensityp-valuehasno in�uence whatsoeveron the

outcomeof the combinedtest,whetherit is 0.005or 0.5. Furthermore,this testneedsto correct

for two tests,an intensitytestanda clustersizetest,thusreducingits sensitivity. While Polineet

al.'s testworksonly whenthe intensityor theclustersizeis signi�cantly large,Bullmoreet al.'s

clustermassstatisticcanproducesigni�cant resultswhenbothintensityandextentaremarginally

signi�cant, but not necessarilysigni�cant on their own. However, this clustermassmethodis not

consistenttheoretically(Pesarin,2001). That is, even if eithervoxel or clustersizetestproduces

arbitrarily signi�cant results,the rejectionis not guaranteed,anddependson the signi�canceof

theothertest.This impliesthatthetestis sensitiveto signalswith high intensityAND largecluster

extentat thesametime,not justoneof them.

Of course,dependingon signalsof interest,eitherof the combiningmethodsabove canbe

useful. Moreover, thereareotherpossiblewaysto combinevoxel intensityandclusterextent. In

this paperwe examinepermutationtests(Holmeset al., 1996; Nichols & Holmes,2002)based

on combiningfunctions(Pesarin,2001;Lazaret al., 2002)that incorporateboth voxel intensity

andclustersizeinformation.Thepermutationframework doesnot requireknowledgeof theexact

distribution of thesecombiningfunctions. We examinethreecombiningfunctions: theTippetor

minimump combiningfunction,which is analogousto Polineetal.'sminimump-valueapproach,

theclustermasscombiningfunctionof Bullmoreetal., andtheFishercombiningfunction(Pesarin,

2001;Lazaret al., 2002). Furthermorewe attemptto calibratecombinedinferenceaccordingto

signalsof interest,eitherlocalizedhighintensitysignalsor extendedlow intensitysignals,by using

a weight in the TippetandFishercombiningfunctions. As an extensionof combinedinference,

we also proposea meta-combiningfunction, a combiningfunction of combiningfunctions, in
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orderto bene�t from thestrengthsof differentcombiningfunctionsatonce,ratherthanperforming

multiple combinedtests. In this meta-combiningapproach,rather than selectinga combining

function which producesthe mostsigni�cant results,an investigatorcanobtaina singlep-value

summarizingoutcomesfrom all thecombiningfunctions.

In the following Methodssection,we explain the combiningfunctionsin detail, aswell asa

simulation-basedvalidationandan applicationof thesefunctionsto second-level fMRI analysis

datasets.In theResultssection,�ndings from thesimulationandthedataanalysesarepresented.

In theDiscussionsection,weexaminethe�ndings.

2 Methods

2.1 Statistic Image

Weassumethatvoxel intensitiesof a brainimagedatasethave theform

�������
	���
������������������������
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the J th scan.Sinceweusepermutationframework in thisstudy, weassumethaterrorimages
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whereQ is thedegreesof freedomfor errors.If weassume
�IHR�����

'sto beindependentandidentically

normallydistributedacrosssubjectsor scans,thenthestatisticimageS canbecalculatedas
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where T is a =X;Y? vectorexpressingthecontrastof interest.Basedon the S image,clustersare

formedasasetof contiguousvoxelswhoseS

�����

exceedinga�x edclusterde�ning thresholdZ�[ . In

thisclusterformingscheme,voxelssharingat leastonecommonedgeareconsideredasneighbors

(the18connectivity schemefor a3D image).For example,for a \P;]\P;]\ voxel cubein a3D space,

all thevoxelsexcept8 cornervoxelsareconsideredto beconnectedto thevoxel at thecenter.

2.2 Infer ence

Oncethestatisticimage S is calculated,thenext stepis to performa statisticalinferenceon S to

identify any signals.Weperformsuchinferenceusingpermutationtestframework (Holmesetal.,

1996;Nichols & Holmes,2002),with the Tippet,Fisher, andclustermasscombiningfunctions.

Combiningfunctionsaretools for implementingmultivariatetesting(Pesarin,2001),in our case

voxel andclustersizetests.In acombiningfunction,informationfrom thesetests,referredaspar-

tial tests,areusedasvariables,andinferenceis madebasedonthevalueof theresultingcombining

function.While theclustermasscombiningfunctioncanbecalculateddirectly from the S image,

theTippetandFishercombiningfunctionsrequirep-valuesfrom thepartialtests.

2.2.1 Partial Tests:Voxel Intensity and Cluster SizeInferences

P-valuesfor voxel intensityandclustersizecanbeobtainedusingseparatepermutationtests.Each

permutationtestis carriedout in asimilarmannerbasedontheideaof exchangeability(Nichols&

Holmes,2002). Underthenull hypothesis,datalabelscanbepermuted,or randomlyreassigned,

withoutalteringthedistributionof theteststatisticof interest.For eachsuchpermutation,astatistic

imageis createdbasedon the permutedlabeling, then the test statistic is recorded. This step

is repeatedfor a suf�cient numberof times (typically 1,000to 3,000)to generatean empirical

distributionof theteststatistic.P-valuescanbecalculatedby comparingpeakintensitiesor cluster
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sizesto thisempiricaldistribution. In particular, teststatisticsfrom all thepermutationsareordered

from the largestto the smallest,then the p-value is determinedby the locationwherethe peak

intensity or clustersize falls amongtheseorderedtest statistics. For example,if the size of a

particularclusterfalls betweenthe19th andthe20th largestamongthe1,000teststatisticsfrom

all thepermutations,thenthep-valueis obtainedas?

	

0R^

-�^R^R^

	M_�3`_#a

.

As a teststatisticin a partial test,thehighestpeakintensity(for voxel test) Scbedgf or thelargest

clustersize(for clustersizetest) h�bed�f is used. The useof the largestvaluefor the intensityor

theclustersizeis to correctfor multiple comparisonsamongclusters.Therationalebehindusing

S bOd�f (or hibOd�f ) is that theprobabilityof observingSjbOd�f (or hibedgf ) largerthan
�

(or k ) is thesame

astheprobabilityof at leastoneor morepeakintensity(or clustersize)exceeding
�

(or k ). Thus

useof the largestvalueas the test statisticcontrolsthe event of a family-wiseerror (FWE), or

falsepositivesoccurringin all the voxels or clusterscollectively. P-valueswith this correction

areknown ascorrected,or p-valuesadjustedfor multiple comparisons.In practice,correctedp-

valuesof partialtestsareobtainedby comparingpeakintensitiesandclustersizesto theempirical

distributionof Sjbed�f and hibOd�f . MoreonFWEcontrolcanbefoundin Nichols& Hayasaka(2003),

with additionalpermutationdetailsin Nichols& Holmes(2002).

For eachcluster, the resultingcorrectedp-valuesfrom the peakintensityandthe clustersize

areusedin theTippetandFishercombingfunctionsdiscussedbelow. Thereis a practicalreason

for this useof correctedp-valuesfrom thepartial tests.It is moreef�cient to recordthousandsof

S bOd�f or hibedgf in orderto calculatecorrectedp-values,ratherthanto recordhundredsof thousands

of peakintensitiesor clustersizesto calculateuncorrectedp-values.Useof uncorrectedp-values

is exploredin Discussionsection.

2.2.2 Combining Functions

Let lnm

H

bethecorrectedp-valuefor thepeakintensityof cluster J , and lpo

H

bethecorrectedp-value

for the clustersizeof the samecluster. Thenthe Tippet combiningfunction qCr

H

andthe Fisher
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combiningfunction qCs

H

arede�ned as
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The Tippet combiningfunction q•r

H

is analogousto Polineet al. (1997)'s minimum p-value

approach. In both cases,the critical region can be de�ned by a singlep-value for both partial

tests1. If thesmallestp-valueof thetwo partialtestsfallsbelow thisp threshold,thenull hypothesis

is rejected. In Polineet al.'s approach,the joint distribution of the intensityandclustersize is

approximatedby RFT, andthe p thresholdis found by this approximatedjoint distribution. For

ourcombinedtestwith q

r

H

, oncethecritical valueof q

r

H

is found,thenap-valuewhichproduces

thatcritical valueis sought.Suchp-valuebecomesthecritical p-valuethresholdfor both lpm

H

and

l
o

H

.

Theclustermasscombiningfunction qƒ‚

H

is de�ned as

q

‚

H

	…„

†"‡9ˆI‰

�

S

�����eN

Z6[

�

(4)

where Š

H

is a setof voxel indicesfor cluster J . In otherwords, q~‚

H

is themassof cluster J above

theclusterde�ning thresholdZi[ . It is calculatedby summingvoxel intensityabove Zj[ for all the

voxelsin thatcluster.

Basedon thevaluesof theabove combiningfunctions,anotherpermutationtestis performed.

Fromthedistributionsof thelargestpeakintensityandclustersize,correctedp-valuesfrom partial

testsareassessedateachclusterin eachpermutation.Thena combiningfunction q

H

is calculated

at eachclusterin eachpermutation. The largestvalueof q

H

is recordedfor eachpermutation.

Finally, togetherfrom all the permutations,the null distribution of the largest q

H

is obtained.

Basedon this distribution,correctedp-valuesarecalculated,andthenull hypothesisis rejectedat

clustersif their correctedp-valuesaresmallerthanthedesiredlevel of signi�cance.Moredetailed

outlineof thecombinedtestis foundin 2.2.5.
1Alternatively, it is possibleto use ‹•Œ"Ž function insteadof ‹••’‘ function usedin (2). In suchcase,the critical

region is alsode�ned by asinglep-value,but bothpartialtests'p-valueshaveto bebelow thiscritical p-valuein order
to berejected.Unlike “�”

• , this testis not consistent.
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Figure1: An exampleof critical regionsfor thethreecombiningtests,aswell asthatof thevoxel
andclustersizetests,basedon a multi-subjectfMRI dataon working memory(Marshuetzet al.,
2000). The left panelshows the critical regions in termsof partial p-values,whereasthe right
panelshows in termsof intensityandclustersize.For clustermass,clustersareassumedto havea
sphericalshapewith its intensityhaving aconcaveparabolicshape.

Eachcombiningfunctionis specializedfor acertaintypeof signals.An exampleof critical re-

gionsfor theabovecombiningfunctionsareshown in Figure1, to demonstratewherethestrengths

of thesecombiningfunctionslie. The critical regionsfor the threecombiningfunctionsconsid-

eredin this studyrepresentthreepossiblescenariosin combinedinference.TheTippetcombining

function q
r

H

, analogousto thatof Polineet al.'s (1997)method,is sensitive to clusterswhenei-

therpeakintensityor clustersizeis signi�cant, but doesnothaveextrasensitivity for clusterswhen

both intensityandextentaremarginally signi�cant. On theotherhand,theclustermassfunction

q–‚

H

, Bullmoreet al.'s (1999)approach,hasgreatsensitivity for a combinationof marginally sig-

ni�cant intensityandextent,but maynot beableto detectsignalswheneitherintensityor extent

is highly signi�cant andthe other is not. Therefore,strictly speaking,this test is not consistent

(Pesarin,2001),asmentionedin Introduction. In practice,however, the testcould behave con-
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sistently, meaningthat the testis ableto rejectthenull hypothesiseven if only oneof thepartial

testsproducesanunusuallysmallp-value.This is becauseall theclustershave massevenif their

intensityor sizeis verysmall.For example,if thepeakintensityof aclusteris arbitrarily large,say

S

�����P	

\

_I_I_

, thentheclustermassis largeevenif theclusterconsistsof a singlevoxel, resulting

in rejectionof thenull hypothesisatthatcluster. TheFishercombiningfunction q—s

H

is somewhere

in betweenthe Tippet andclustermasscombiningfunctions. It candetectclustersif oneof the

partialtestsis signi�cant, andalsohassomeextrasensitivity to marginally signi�cant intensityand

extentcombination.

2.2.3 Calibration

In practice,aninvestigatormighthaveaprior beliefontheshapeof signals;heor shemightexpect

localizedhigh intensitysignals,or wide spreadlow intensitysignals.Whenthereis sucha prior

belief, it maybe bene�cial to calibratethecombiningfunction to thesignalsof interest.For ex-

ample,whenlocalizedsignalsareexpected,thecombiningfunctionshouldemphasizeinformation

from thevoxel test,sincethevoxel testis moresensitive to localizedsignals.On theotherhand,

if signalsarebelieved to be wide-spread,thenthe emphasisshouldbe on the clustersizetest in

the combiningfunction, sinceit is sensitive to spatiallyextendedsignals. The strengthof such

calibratedcombiningtest is that, thoughit emphasizeseither intensityor extent, it still utilizes

informationfrom theother.

Suchcalibrationcanbe easily implementedby modifying the Tippet andFishercombining

functionssincethe contributionsfrom the partial testsarestandardizedin termsof p-valuesbe-

tween0 and1. Usingaweight ˜

$��™_��
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, (2) and(3) canbemodi�ed as
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In qMr

H

�

˜

�

and q
s

H

�

˜

�

, ˜

	ž_�3’Ÿ

correspondsto the unweightedstatistics,as in (2) and(3). For

˜p 

_�3’Ÿ

, the l
m

H

termdominatesandacombiningfunctionbecomesmoresensitiveto highintensity
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peaks,whereasfor ˜>¡

_�3’Ÿ

, the l¢o

H

term dominatesandthe function becomesmoresensitive to

large clusters.For ˜

	£_

, the testbecomesa clustersizetest,andfor ˜

	

= , the testbecomesa

peakintensitytest.

2.2.4 Meta-Combining

Oncep-valuesarecalculatedfrom thecombiningfunctions(2), (3), and(4), denotedby l¢r

H

, l s

H

,

and l%‚

H

respectively, thenthemeta-combiningfunctionis de�ned as

q•¤

H

	

=

N<twvyx���zy{•}

l

r

H

��z|{I}

l

s

H

��z|{I}

l

‚

H

�

(7)

Basedon the valueof q

¤

H

, anotherpermutationtest is performed.In this meta-combiningstep,

thelargestvalueof q

¤

H

for eachpermutationis usedastheteststatistic,controllingtheFWErate.

Note that (7) hasthe form of theTippetcombiningfunction. It is alsopossibleto usetheFisher

combiningfunctionasameta-combiningfunction.

2.2.5 Implementation

An actualcombinedtest is carriedout in four steps:partial tests,calculationof the combining

function,estimationof combiningfunctiondistribution, andcalculationof p-valuesfor thecom-

binedtest. First, a permutationvoxel intensitytestanda permutationclustersizetestarecarried

out, usingthesamepermutationsfor both tests.During this permutationtest,peakintensityand

clustersizeinformationfrom all theclustersin all thepermutationsarerecorded.Thesameper-

mutationsareusedin orderto reducecomputationtime. At this step,correctedp-valuesfor the

peakintensityandclustersize, l
m

H

and l%¥

H

respectively, arerecordedfor all theclustersin all the

permutations.In theclustermasscombiningfunction,clustermassis calculatedfor all theclusters

from all thepermutationsat this step.Oncecorrectedpartialp-valuesareobtained,thenfor each

clusterin eachpermutation,thecombiningfunction q

H

is calculatedandrecorded.After q

H

is ob-

tainedfrom all theclusters,thenfor eachpermutation,thelargestvalueof q

H

is sought.Together

from all the permutations,an empiricaldistribution of the largest q

H

is obtained.Notice that in

orderto calculatethe empiricaldistribution of q

H

, the samepermutationsasthe partial testsare
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usedso that no further permutationsarenecessary. Finally, basedon this empiricaldistribution,

FWE-correctedp-valuescanbefoundfor theclustersfrom theoriginal labeling.

More stepsarenecessaryto performa meta-combinedtest,which arevery similar to that of

a combinedtest. First, p-valuesfrom all threecombinedtestsneedto be calculatedfor all the

clustersin all thepermutations.Thiscanbedoneby comparingeachq r

H

, q–s

H

, or q ‚

H

to theem-

pirical distribution of its largestvaluesobtainedabove. By doingso,correctedp-valuesl¢r

H

, l s

H

,

and l¦‚

H

arecalculated.Fromthesep-values,themeta-combiningfunction q

¤

H

is calculatedfor all

theclustersin all thepermutationsasin (7). Theempiricaldistributionof themeta-combiningtest

statistic q

¤

H

is obtainedby recordingthe largest q

¤

H

from eachpermutation.Basedon this em-

pirical distributionof q

¤

H

, FWE-correctedp-valuesarefoundfor all theclustersfrom theoriginal

labeling.

2.3 Simulation

To validateand to examinethe performanceof our combinedandmeta-combinedtests,a sim-

ulation wascarriedout. For eachrealizationin the simulation,a setof 15 §•¨Y;'§©¨ª;�¨

_

-voxel

Gaussianrandomnoiseimageswasgeneratedby convolving aGaussianwhitenoiseimagewith a

3D Gaussiankernelof FWHM (full-width athalf-maximum)4.5voxels.Theouter16voxelswere

truncatedin orderto avoid non-stationarityat theedge,resultingin theimagesizeof «#¬%;­«#¬¦;­\

a

voxels.A sphere-shapedsignalhaving auniformintensitywasthenaddedto thecenterof thesim-

ulatednoiseimages.Figure2 shows thesignalsusedin thesimulation.To thegeneratedimages,

partialpermutationtests(peakintensityandclustersize),combinedtests(Tippet,Fisher, andclus-

ter mass),andthemeta-combinedtest,all with 500permutations,werethenapplied.Thecluster

de�ning thresholdZi[ wassetto theuncorrected?

	—_�3’_

= thresholdof
�

-�®

( Z [

	¯a�3

¨

a

«

Ÿ

), andthe

signi�cancelevel of thetestswassetto 0.05. This wasrepeatedfor 2,000realizations,andrejec-

tion rateswererecordedfor all thetestsin all thesettings.TheMonteCarlostandarddeviationof

rejectionrateswas0.0049.
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Figure2: Thediameterandtheintensityof signalsusedin thesimulation.

2.4 Applications

Combinedvoxel-clustersize testsusing the above combining functions, as well as the meta-

combiningtest were appliedto two multi-subjectfMRI datasets,the emotionalresponsedata

andtheworking memorydata.Theperformanceof thecombinedtestsis comparedto thatof the

voxel testandthe clustersizetest. Furthermore,calibrationof the Tippet andFishercombining

functionsis examinedfor differentvaluesof calibrationweight ˜ .

2.4.1 Emotional ResponseData

Taylor et al. (2003)studiedemotionalresponseamongschizophreniapatients.ThefMRI images

wereacquiredfrom eightcontrols(Ct) andsix schizophreniapatients(Pt)participatedin thisstudy,

while they werepresentedwith aversive(AV) andnon-aversive(NA) IAPS(InternationalAffective

PictureSystem)images,and� ve blank(BL) grayimageswith a centered�xation cross.For each

subject,a contrastimageof AV-NA wascalculated.Then the resultingcontrastimagesof size

44,552voxelsin a
Ÿ

\O;°¨I\e;•«

Ÿ

spacewith \e;±\e;°\ mmvoxelswerecomparedin atwo-sample
�

-test

(Ct-Pt) to assessthedifferencein emotionalresponsesbetweencontrolsandschizophrenics.The

permutationtestwith 1,000permutationswasemployedin theanalysis,andfor eachpermutation,

thestatisticimagewasthresholdedat Zi[

	

\

3`_

to de�ne clusters.

13



2.4.2 Working Memory Data

This dataset is from Marshuetzet al. (2000)usedasan examplein Nichols & Holmes(2002).

Ordereffectsin workingmemorywereexaminedusingfMRI.

Eachof 12 subjectsparticipatedin eight fMRI acquisitions. Imageswereacquiredfrom 12

subjectsunderthreedifferentconditionspresentedasblocksin oneof two randomizedorders.For

eachof threeconditionsused,528imageswereacquiredatTR
	²a

k . Two of thethreeconditions,

item recognitionandcontrolwereconsideredin this example.For theitem recognitioncondition,

eachsubjectwasshown � ve letters,thena probeletter after a two-secondinterval. The subject

wasaskedto respond“yes” or “no” if theprobeletterwasamongthe� veletterspresented.For the

controlcondition,thesubjectwasshown � ve X' s, thentwo secondslatereither“y” or “n”. They

wereaskedto respond“yes” for “y” and“no” for “n”.

Thedatasetwasanalyzedusinga randomeffect model(Holmes& Friston,1999). For each

subject,a contrastimageof differencebetweenitem recognitionandcontrolwascalculated.The

resultingcontrastimagesof size 122,659voxels in a §©³�;´³

Ÿ

;´¨I¬ spacewith
a

;

a

;

a

mm

voxelswereanalyzedin a one-sample
�

-testto assesseffectsassociatedwith the item recognition

taskamongthe subjects.The permutationtestwith 1,000permutationswasused,andfor each

permutation,thestatisticimagewasthresholdedat the0.001critical valueof a
�

-R-

randomvariable

( Z6[

	

«

3’_#a

) to de�ne clusters.Furthermore,critical regionsfor theweightedcombiningfunctions

q
r

H

�

˜

�

and q–s

H

�

˜

�

wereexaminedat ˜

	�_�3

« ,
_�3’Ÿ

, and
_�3

¨ .

2.4.3 Computing Envir onment

For bothanalyses,a DELL PCwith dual2.4GHzXeonprocessorsand2GB of RAM with MAT-

LAB 6.5 (MathWorksInc., Natick, MA) runningon a Linux platformwasused.Thecalculation

timewas14minutesfor theemotionalresponsedataand21minutesfor theworkingmemorydata,

with oneof thetwo processors.
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3 Results

3.1 Simulation

The rejectionratesof the partial, combined,and meta-combinedtestsfrom the simulationare

shown in Table1. For thehigh intensitysignal(diameter/intensity= 6/1.5),theclustermasscom-

bining function qC‚

H

is found to be morepowerful thanthe voxel test. Furthermore,becauseof

q–‚

H

, themeta-combinedtest q

¤

H

is foundto beaspowerful as qƒ‚

H

. For signalswith largeextent

(12/0.5and24/0.25),noneof thecombinedtestsis quiteaspowerful astheclustersizetest,but all

combinedtestsaremuchmorepowerful thanthe voxel test. In any settings,the meta-combined

test is just slightly lesspowerful thanthe bestcombinedtest. Thus,whenthe form of signalsis

unknown, themeta-combinedtestis anidealchoice.

Signal(diameter/intensity)
Tests (0/0) (6/1.5) (12/0.5) (24/0.25)

Partial
Cluster 0.039 0.069 0.543 0.585
Voxel 0.048 0.881 0.148 0.117

Combined
Tippet q²r

H

0.036 0.800 0.478 0.502
Fisher q

s

H

0.045 0.825 0.479 0.477
Mass q

‚

H

0.040 0.992 0.495 0.489
Meta-combined

q

¤

H

0.041 0.986 0.480 0.486

Table1: Resultsfrom thesimulation.Rejectionratesof thepartial,combined,andmeta-combined
testsfor differentsignals.

3.2 Emotional ResponseData

Theresultsfrom theemotionalresponsedataanalysisareshown in Figure3 andTable2. Thecor-

respondingempiricalnull distributionsof theteststatisticsareshown in Figure4. Onesigni�cant

clusteris foundby q
s

H

and q–‚

H

in themedialpre-frontalcortex (MPFC),theareaassociatedwith

processingof emotions(Phanetal., 2002).This indicatesthatthecontrolshavegreatermagnitude

BOLD responsewhile viewing aversive images,thantheschizophrenics.Thecombinedtestswith
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q•s

H

and q ‚

H

areableto detectthis cluster, while both partial testsareonly marginally signi�-

cant for this cluster(peakp=0.060andclustersizep=0.050). On the otherhand,the combined

testwith q r

H

producesa larger p-valuethaneachof the partial tests. This may be becausethe

Tippet combiningfunction correctsfor multiple testingfor peakintensityandclustersize. The

meta-combiningfunction q

¤

H

producesa p-valueslightly largerthanthatof qCs

H

and q ‚

H

, but is

still ableto detectthiscluster.

3.3 Working Memory Data

The resultsfrom the working memorydataanalysisare shown in Figure 5 and Table 3. The

correspondingempirical null distributions of the test statisticsare shown in Figure 6. All the

combiningfunctionsareableto detect� veclusters,whichareverysimilar to theresultsin Nichols

& Holmes(2002)on the samedataset. Activationsarefound in the bilateralposteriorparietal

(clusters2 and4), left thalamus(cluster1), andanteriorcingulate(cluster3) regions,which are

typicalof workingmemorystudies(Marshuetzetal., 2000),aswell asin theleft pre-motorregion

(cluster5).

Thoughclusters4 and5 aresigni�cant by their sizebut notby peakintensity, all thecombined

testsare able to detecttheseclusters. For suchclusterswhereonly one of the partial testsis

signi�cant, q²r

H

producesthe smallestp-valuesof the three,asexpectedby the strengthof the

Tippetcombiningfunction.However, comparedto p-valuesfrom individualpartialtests,p-values

from q²r

H

canbelargerthantheminimump-valueof thetwo partialtests,asseenin clusters2 and

3 aswell asthe emotionalresponseresultsabove. The meta-combiningfunction q

¤

H

is ableto

cover this weaknessvery well. Thoughit producesa slightly largep-valuethan q
r

H

in cluster5,

q

¤

H

producesp-valuesascomparablysmallas q
s

H

and qC‚

H

in clusters2 and3.

Figure7 showscritical regionsfor theweightedcombiningfunctions qCr

H

�

˜

�

and q
s

H

�

˜

�

with

variousweights( ˜

	µ_�3

«

Ÿ

,
_�3¶Ÿ

, and
_�3’ŸIŸ

), alongwith the correspondingcritical regionsof the

partialtests.For ˜

	M_�3

«

Ÿ

, critical regionsfrom bothcombiningfunctionsincludemoreareasfrom

theclustersizetest'scritical region thanthatof thevoxel test.Ontheotherhand,for ˜

	²_�3¶ŸIŸ

, the
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Figure3: Resultsfrom the emotionalresponsedataanalysis.A clusterwasfound in the medial
pre-frontalcortex MPFCby thecombinedtestswith q

s

H

and q–‚

H

Cluster Size p-values Location
J (voxels) Cluster q²r

H

q
s

H

q–‚

H

q

¤

H

Peak t-score (
����� �"!

mm)
1 342 0.050 0.082 0.036 0.028 0.039 0.060 7.11 ( \

�

\I¨

�

=

Ÿ

)

Table2: P-valuesfrom thevarioustestsin theemotionalresponsedataanalysis
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Figure4: The empiricalnull distribution of the teststatisticsfrom the emotionalresponsedata
analysis.

18



5

4

3
2

1

5

3
4

2

1

5

4 3
2

1

Figure5: Resultsfrom theworking memorydataanalysis.Activationsarefound in thebilateral
posteriorparietal(2,4), left thalamus(1), andanteriorcingulate(3) regions,which aretypical of
workingmemorystudies(Marshuetzetal., 2000),aswell asin theleft pre-motorregion (5).

Cluster Size p-values Location
J (voxels) Cluster q²r

H

q
s

H

q–‚

H

q

¤

H

Peak t-score (
����� �"!

mm)
1 345 0.010 0.001 0.001 0.003 0.001 0.001 13.15 (

N

¬

�1N

=9¬

�/a

)
2 529 0.005 0.009 0.002 0.001 0.001 0.007 10.19 ( \I¨

�1N)Ÿ

¬

�

«#¬ )
3 520 0.005 0.009 0.002 0.002 0.003 0.012 9.37 (

N

=

_��

=9¨

�

«I« )
4 1138 0.001 0.001 0.004 0.001 0.001 0.083 7.36 (

N

\

_��1N

«#¨

�

«I¬ )
5 436 0.006 0.011 0.021 0.012 0.016 0.208 6.31 (

N

«#¬

�

¬

�

«

_

)

Table3: P-valuesfrom thevarioustestsin theworkingmemorydataanalysis
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Figure6: Theempiricalnull distributionof theteststatisticsfrom theworking memorydataanal-
ysis.
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Figure7: Critical regionsat0.05signi�cancelevel for thetestswith theweightedTippet(top,solid
lines)andweightedFisher(bottom,solid lines) combiningfunctionswith ˜

	·_�3

« ,
_�3’Ÿ

, and
_��

¨

(from left to right) from theworkingmemorydataexample.Also notedin theplotsarethecritical
regionsof thevoxel intensitytest(dash-dotlines)andtheclustersizetest(dashedlines). Clusters
areindicatedaccordingto theirpartialtestp-values.

combiningfunctions'critical regionsincludemoreareasfrom thevoxel test'scritical region. This

indicatesthatbothweightedcombiningfunctionsareableto calibratethecritical regionswith the

valueof ˜ . A valueof ˜š¡

_�3’Ÿ

emphasizesp-valuesfrom theclustersizetest,makinga combined

testmoresensitive to spatiallyextendedsignals. Conversely, if ˜¸ 

_�3’Ÿ

, the testbecomesmore

sensitive to high intensitysignals.For example,thoughclusters5 is in thecritical regionsof both

combinedtestsat ˜

	M_�3

«

Ÿ

and
_�3’Ÿ

dueto its size,it is not in thecritical regionat ˜

	M_�3¶Ÿ•Ÿ

because

its peakintensityp-valueis notsmallenough.

4 Discussion

We have developedcombinedvoxel-clustersizetestsusingthreecombiningfunctions.Our sim-

ulationdemonstratedthatour combinedtestsandmeta-combinedtestperformwell for any types

of signalsexamined.In particular, themeta-combinedtestis consistentlypowerful, thusideal for
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situationswheretheshapeof expectedsignalsis unknown. Fromtheresultsof themulti-subject

fMRI analyses,the Tippet combiningfunction q–r

H

is found to be lesssensitive thanthe partial

tests.A p-valuefrom this testis usuallygreaterthanthesmalleroneof thetwo partialtests.How-

ever, this test is sensitive to clusterswhoseonly oneof the partial testsis signi�cant (localized

high intensitysignalsor spatiallyextendedlow intensitysignals).Theothercombiningfunctions,

Fisher q s

H

andclustermassqC‚

H

, canbemoresigni�cant thanindividual partial testswhenboth

partialtestsaresigni�cant. Evenwhenbothpartialtestsaremarginally signi�cant, thesetestscan

detectclusters,becausetheircritical regionscoversomeoutsideportionof thepartialtests'critical

regions(seeFigure1). Betweenq s

H

and q

‚

H

, q s

H

shouldbestill sensitive to clustersof which

only oneof thepartialtestis highly signi�cant while theotheris non-signi�cant.

The meta-combiningfunction q

¤

H

is able to combinethe strengthof the above combining

functionsinto one. Therearein�nitely many combiningfunctionsfor peakintensityandcluster

sizeinformation,but our meta-combiningfunction cancover threetypical scenariosrepresented

in the threecombiningfunctions. The Tippet test is sensitive to a rejectionin eitheroneof the

partialtests.Theclustermasstestis sensitiveto moderatelyhigh intensitypeaksandlargeclusters

occurringsimultaneously. TheFishertestis a compromiseof thetwo. Henceby combiningthese

three,the meta-combinedtest is sensitive to signalssigni�cant in oneof the partial tests,AND

signalsmarginally signi�cant in bothpartialtests.

Whenusedwith thepermutationframework, ourcombiningfunctionstrategy providesaneasy

way to implementvoxel-clustercombinedinference.Oneof thestrengthsof combinedapproach

is its ability to makeaninference“without regardto theunderlyingdependencerelations”(Pesarin

(2001),p134). Calculatinga combiningfunction from partial p-valuesat eachclusterimplicitly

incorporatesthedependencestructureamongthesep-values.

Themainreasonfor ouruseof correctedp-valuesfrom thepartialtests,ratherthanuncorrected

p-values,is to reducecomputationalburden.It is easyto �nd theuncorrectedclustersizedistribu-

tion usingpermutationssinceatmosta few hundredsof clusterscouldoccurfor eachpermutation,

but �nding uncorrectedvoxel intensitydistributionrequiresa largememoryto recordall thevoxel

22



intensitiesabove theclusterde�ning thresholdZj[ for all thepermutations.

In somecases,uncorrectedp-valuesfrom thepartial testsaremoredesirablethancorrectedp-

values.Whenuncorrectedp-valuesfromthepartialtestsareused,thenthedistributionof theFisher

combiningfunction q s

H

canbeapproximatedby a ¹

0

randomvariablewith df
	

« , andthis test

canbe implementedparametrically. In suchcase,uncorrectedclustersizep-valuescanbe found

from the permutationtest and uncorrectedvoxel p-valuescan be found basedon
�

distribution

with appropriatedf. Sincetheclustersizedistribution basedon RFT maybebiased(Hayasaka&

Nichols,2003),it is preferableto useof permutationsto �nd anempiricalclustersizedistribution,

which is known to be almostexact (Holmeset al., 1996). For the intensity distribution, it is

reasonableto assumethedistributionof eachvoxel intensityof S asa
�

randomvariabledueto the

centrallimit theorem.

In any case,when p-valuesare to be usedin the combiningfunctions,partial test p-values

have to bebothcorrectedor bothuncorrected.Otherwise,if p-valuesfrom onetestwerecorrected

andp-valuesfrom the othertestwereuncorrected,thenthe uncorrectedp-valuecould dominate

in the combiningfunction, sincethey are not correctedfor multiple comparisonsandcould be

considerablysmallerthanthecorrectedcounterpart.

We suspectthat thereis very little effect on thesensitivity andthespeci�city of the testwith

ouruseof partialp-values,comparedto usingtheactualpeakintensityandclustersizeinformation

directly in a combinedfunction. With a suf�cient numberof permutations,thereis an almost

one-to-onecorrespondencebetweenthepeakintensity(or clustersize)andits p-valuesbasedon

permutations.Thusour useof marginal p-valuessimply mapsthe peakintensity(or the cluster

size)to aninterval
�™_��

=

�

.

Our attemptto calibratethecombinedtestbecomespossiblewith useof weight ˜ andpermu-

tation framework. In theworking memorydataexample,we areableto tunedown low intensity

clusters(seeFigure7). Exceptthe weight, sincethe contributionsfrom both partial testsin the

weightedcombiningfunctionsarethe same.Hence,in theory, thesetestsalsoshouldbe ableto

�lter out high intensitylocalizedsignalswith small ˜š¡

_�3’Ÿ

. Furthermore,it is possibleto modify
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theclustermasscombiningfunction q ‚

H

sothatit canalsobecalibratedusingaweight ˜ . Details

arefoundin AppendixA.

The optimal valueof ˜ could dependon variousfactors,suchas imagesmoothness,signal

intensityandwidths.Sincetraditionalrandom�eld theoryonly modelsthenoiseandnot theform

of thesignal,wehave left noise& signalmodelingandestimationof ˜ for futurework.

If thereis apriorbeliefaboutthedata,then ˜ canbeadjustedaccordinglyapriori . Forexample,

if stronglocalizedactivationsareexpected,then ˜ canbeslightly augmentedfrom 0.5. Onecould

analyzea datasetmultiple timeswith different ˜ 's, but this addsan additionaldimensionto the

searchvolume(i.e., spatialdimensions
���D�i�"!

and the parameter̃ ). Suchadditionof an extra

dimensionto the searchspacecould lead to reducedsensitivity, as seenin scalespacesearch

(Worsley et al., 1996). In any case,oneshouldnot choosevalueof ˜ basedon p-valuesof partial

testsa posterioriafterexaminingpartialp-valuesof eachcluster.

In summary, we developed& implimentedcombinedvoxel-clustersizetestsusingcombining

functionsandpermutationframework. Weextendedthiscombinedinferenceinto meta-combining,

by combiningstrengthsof differentcombiningfunctions.We alsodevelopedweightedcombining

functionswhichadjustthecombinedtestaccordingto signalsof interest.As seenin oursimulation

anddataanalyses,thesemethodsprovideawayof detectingawidervarietyof signalsthanexisting

intensity-basedor extent-basedinferencemethods.
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Appendices

A WeightedCluster Mass

For ClusterJ consistingof setof voxels Š

H

, theclustermassq ‚

H

is de�ned as

q

‚

H

	 „

†"‡9ˆI‰

�

S

�����eN

Z6[

�

(8)

SinceS

�����

 ´Z6[ for any
�

in ClusterJ , (8) canberewrittenas

q

‚

H

	º„

†/‡1ˆI‰�»

S

�����eN

Z6[

»

(9)

whichis asumof ¼

-

distancebetweenZi[ andS

�����

ateachvoxel. From(9), let usconsidersquared

massusing ¼

0

distance,suchthat

q

‚¾½

H

	…„

†"‡1ˆI‰�»

S

�����eN

Z [

»

0

SincethedistancebetweenZi[ and S

�����

is squared,this squaredmassfavorspeakedclusters.Also

from (9), let usconsidersquare-rootmassusing ¼X¿

À distance

q

‚

½ ½

H

	

„

†"‡9ˆI‰
»

S

�����eN

Z6[

»

¿

À

which favors a large clustersize. Thus,if the clustermassis calculatedwith ¼

b distance,Á

$

�™_��/ÂÃ�

, thesensitivity of theclustermasstestcanbeadjustedaccordingto signalsof interestby

q

‚

H

�

Á

��	
„

†"‡1ˆI‰�»

S

�����ON

Z6[

»

b

If peaked clustersare sought,then Á Ä = shouldbe used,and for clusterswith large extent,

ÁÆÅ = shouldbeused.To beconsistentwith thetwo otherweightedcombiningfunctionsqƒr

H

�

˜

�

and q•s

H

�

˜

�

, let Á

	

˜IÇ

�

=

N

˜

�

with ˜

$´�™_��

=

�

, sothattheweightedclustermassfunctioncanbe

writtenas

q

‚

H

�

˜

��	
„

†/‡1ˆI‰�»

S

�����ON

Z6[

»

È

¿VÉ

È
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For ˜

	·_�3¶Ÿ

, q ‚

H

�

˜

�

becomesthe clustermasscombiningfunction. As ˜GÊ

_

, the clusterarea

dominatesandthetestbecomesa clustersizetest.On theotherhand,as ˜XÊ = , thelargestvoxel

intensityin theclusterdominatesandthetestbecomesapeakintensitytest.

Interestinglyclustermassqƒ‚

H

is relatedto theFishercombiningfunction q s

H

. Let S

H

bethe

meanof S

�����

in clusterJ . Then(8) canberewrittenas

q

‚

H

	~�

S

HiN

Z [

�

h

H

(10)

where h

H

is thesizeof clusterJ . Thenaftertakingthelogarithm,(10)becomes

zy{I}Ë�

q

‚

H

��	�z|{I}6�

S

H N

Z6[

���€z|{I}6�

h

HV�

(11)

This is similar to theFishercombiningfunction

q

s

H

	ƒN¾aF��z|{I}

l

m

H

��zy{I}

l

o

H

�

sincethereis a closerelationshipbetween
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, though

this is notaone-to-onetransformation.Notice,however, while bothpartialp-valuesarein a range
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in practice,thecontribution from the

clustersizeis likely to dominatein (11).

B Alter nativeFunctional Forms for Partial P-values

Insteadof
zy{I}

l

H

, differentfunctionalforms of partial p-valuescanbe usedin calculationof the

TippetandFishercombiningfunctions.Onepossibility is to use Í

�gÎ¶�

, thecumulativedistribution

functionof astandardnormalrandomvariable.Thefunction Í
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canbeusedto transform

a p-valueinto a numberin
��N)Â²�/ÂÃ�

(Stouffer et al. (1949)citedin Lazaret al. (2002)).Another

possibility is to usethe log odds
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, which transformsa partialp-valueinto a number

in
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(Mudholkar& George(1979)citedin Lazaretal. (2002)).
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