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Abstract

In a massvely univariateanalysisof brainimagedata,statisticalinferenceis typically basedon
intensityor spatialextentof signals.Voxel intensity-basedestsprovide greatsensitvity for high
intensitysignals,whereaslusterextent-basedestsare sensitie to spatiallyextendedsignals.To
bene t from the strengthof both, the intensityandextentinformationneedg€o be combined.Var-
iouswaysof combiningvoxel intensityandclusterextentarepossible anda few suchcombining
methodshave beenproposedPolineetal.'s (1997)minimump-valueapproachs sensitve to sig-
nalswhoseeitherintensityor extentis signi cant. Bullmoreetal.'s(1999)clustermasanethodcan
detectsignalswhoseintensityandextentaresufciently large,evenwhenthey arenot signi cant
by intensityor extentalone.In this work, we studysuchcombinednferencemethodsusingcom-
bining functions(Pesarin2001) and permutationframeavork (Holmeset al., 1996),which allow
usto examinedifferentwaysof combiningvoxel intensityandclusterextentinformationwithout
knowing their distribution. We also attemptto calibratecombinedinferenceby usingweighted
combiningfunctions,which adjustthe testaccordingto signalsof interest. Furthermorewe pro-
posemeta-combininga combiningfunction of combiningfunctions,which integratesstrengths
of multiple combiningfunctionsinto a single statistic. We found that combinedtestsareableto
detectsignalswhich are not detectedoy voxel or clustersizetestalone. We alsofound thatthe
weightedcombiningfunctionscancalibratethe combinedtestaccordingo the signalsof interest,
emphasizingeitherintensityor extentasappropriate.Thoughnot necessarily\sensitve thanindi-
vidual combiningfunctions,the meta-combiningunctionis sensitve to all typesof signals,thus

canbeusesasasingletestsummarizingall the combiningfunctions.



1 Intr oduction

In amassvely univariatemethodin brainimageanalysisalinearregressiomrmodelis tted ateach
voxel, thena statisticimagefor a contrastof interestis calculatedand nally the signi cance of
the effect of interestis assessedsingvariousinferencemethods.Widely usedarevoxel intensity
testsandclustersizetests(Peterssomt al., 1999). In avoxel test,statisticalsigni canceis based
onintensityof asignalateachvoxel, whereasn a clustersizetest,thesigni canceis basednthe
spatialextentor sizeof signals.A voxel testcanbe powerful for localizedhigh intensitysignals,
while a clustersizetestcanbe sensitve to spatiallyextendedsignals(Fristonetal., 1996;Poline
etal., 1997).Eithertestis sensitveto aspeci c typeof signals but if thesewo testsarecombined,
thentheresultingtestcanbesensitveto bothlocalizedhighintensitysignalsandspatiallyextended
signals.

Testshave beenproposedvhich combinevoxel intensityandclustersizeinformation. Poline
et al. (1997)developeda combinedtestbasedon Gaussiarrandom eld theory (RFT). In their
approachthe critical region is soughtusingthe minimum p-value of an RFT peakintensitytest
(Adler, 1980;Worsley etal., 1992)andanRFT clustersizetest(Fristonetal., 1994),andthejoint
distribution of the peakintensityandthe clustersizeaccordingto RFT. Their useof the minimum
p-valueresultsin atestthatis sensitve to signalswith eitherhigh intensityor large spatialextent.
However, stringentassumptioné this approachmakesthistestlesspractical.ln additionto usual
RFT assumption®f smoothimagesand high threshold,this approachassumeghat the spatial
auto-correlatioriunctionis Gaussiann orderto derive thejoint intensity-clustesizedistribution.
Furthermore this methodis only applicableto Gaussianmages,thusfor a image,a -to-
transformations required. A lessstringentapproachin combiningintensityandclustersizewas
developedby Bullmoreetal. (1999).In theirapproachfor eachcluster clustermasss calculated
astheintegrationof voxel intensitiesabovetheclusterde ning thresholdandthemaximumcluster
massis usedasa teststatisticin a permutationtestin placeof the maximumintensityor cluster

size. Becausehis methodusespermutationsatherthanatheory-base@pproachit requiresless



assumptions.

In the abore methodsof combingvoxel intensityandclustersizeinformation,they both have
their own strengthsand weaknessesPoline et al.'s minimum p-value approachs sensitve 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 thenthe peakintensityp-valuehasno in uence whatsogeronthe
outcomeof the combinedtest,whetherit is 0.0050r 0.5. Furthermorethis testneedso correct
for two tests,anintensitytestanda clustersizetest,thusreducingits sensitvity. While Polineet
al.'s testworks only whentheintensityor the clustersizeis signi cantly large, Bullmoreetal.'s
clustermassstatisticcanproducesigni cant resultswhenbothintensityandextentaremamginally
signi cant, but not necessarilysigni cant on their own. However, this clustermassmethodis not
consistentheoretically(Pesarin2001). Thatis, evenif eithervoxel or clustersizetestproduces
arbitrarily signi cant results,the rejectionis not guaranteedand dependwn the signi cance of
theothertest. Thisimpliesthatthetestis sensitve to signalswith high intensityAND largecluster
extentatthe sametime, not just oneof them.

Of course,dependingon signalsof interest,either of the combiningmethodsabove canbe
useful. Moreover, thereareotherpossiblewaysto combinevoxel intensityandclusterextent. In
this paperwe examinepermutationtests(Holmeset al., 1996; Nichols & Holmes,2002) based
on combiningfunctions(Pesarin2001; Lazaret al., 2002) thatincorporateboth voxel intensity
andclustersizeinformation. The permutatiorframeavork doesnot requireknowledgeof the exact
distribution of thesecombiningfunctions. We examinethreecombiningfunctions: the Tippetor
minimump combiningfunction,whichis analogougo Polineetal.'s minimump-valueapproach,
theclustermasscombiningfunctionof Bullmoreetal., andtheFishercombiningfunction(Pesarin,
2001;Lazaret al., 2002). Furthermorewe attemptto calibratecombinedinferenceaccordingto
signalsof interesteitherlocalizedhighintensitysignalsor extendedow intensitysignals by using
aweightin the TippetandFishercombiningfunctions. As an extensionof combinedinference,

we also proposea meta-combiningunction, a combiningfunction of combiningfunctions,in



orderto bene t from thestrengthf differentcombiningfunctionsatonce ratherthanperforming
multiple combinedtests. In this meta-combiningapproach ratherthan selectinga combining
function which produceghe mostsigni cant results,an investigatorcan obtaina single p-value
summarizingoutcomedrom all the combiningfunctions.

In the following Methodssection,we explain the combiningfunctionsin detail, aswell asa
simulation-basedalidationand an applicationof thesefunctionsto second-lgel fMRI analysis
datasets.In the Resultssection, ndings from the simulationandthe dataanalysesrepresented.

In the Discussiorsection,we examinethe ndings.

2 Methods

2.1 Statistic Image

We assumehatvoxel intensitiesof a brainimagedatasethave theform

(1)
where is anindex for voxels, is an
vectorof obseredvoxel intensitiesat from scans, isaknown designmatrix, is
a vectorof unknovn parameters, is a scalarof unknovn standarddeviation at , and

isan vectorof unknovn randomerrorswith unit variance.

Imagesaredenotedby omitting theindex , sothat,for example, denotegheerrorimagefrom
the th scan.Sincewe usepermutatiorframeawvork in this study we assumehaterrorimages are
uncorrelatecicrosssubjector scansasin PET andmulti-subjectfMRI data.

Let beanunbiasedstimateof , thentheresidualscanbe obtainedas

andanestimateof theresidualvarianceas



where isthedegreesof freedonfor errors.If weassume  'sto beindependenandidentically

normally distributedacrosssubjectsor scansthenthe statisticimage canbe calculatedas

where isa vectorexpressingthe contrastof interest. Basedon the image,clustersare
formedasasetof contiguoussoxelswhose exceedinga x edclusterde ning threshold . In

this clusterforming schemeyoxelssharingat leastonecommonedgeareconsideredsneighbors
(the18connectvity schemdor a3D image).For example for a voxel cubein a3D space,

all thevoxelsexcept8 cornervoxelsareconsideredo be connectedo the voxel atthecenter

2.2 Inference

Oncethe statisticimage is calculatedthe next stepis to performa statisticalinferenceon  to
identify any signals.We performsuchinferenceusingpermutatiortestframevork (Holmesetal.,
1996; Nichols & Holmes,2002),with the Tippet, Fisher and clustermasscombiningfunctions.
Combiningfunctionsaretools for implementingmultivariatetesting(Pesarin2001),in our case
voxel andclustersizetests.ln acombiningfunction,informationfrom thesetests referredaspar
tial testsareusedasvariablesandinferencas madebasednthevalueof theresultingcombining
function. While the clustermasscombiningfunctioncanbe calculateddirectly from the  image,

the TippetandFishercombiningfunctionsrequirep-valuesfrom the partialtests.
2.2.1 Partial Tests:VoxellIntensity and Cluster Sizelnferences

P-valuesfor voxel intensityandclustersizecanbeobtainedusingseparat@ermutatiortests.Each
permutatiortestis carriedoutin asimilarmannembasedntheideaof exchangeabilityNichols &
Holmes,2002). Underthe null hypothesisdatalabelscanbe permuted pr randomlyreassigned,
withoutalteringthedistribution of theteststatisticof interest.For eachsuchpermutationgstatistic
imageis createdbasedon the permutedlabeling, then the test statisticis recorded. This step
is repeatedor a sufcient numberof times (typically 1,000to 3,000)to generatean empirical

distribution of theteststatistic.P-valuescanbe calculatedoy comparingpeakintensitiesor cluster
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sizesto thisempiricaldistribution. In particular teststatistic§rom all the permutationgreordered
from the largestto the smallest,thenthe p-valueis determinedby the location wherethe peak
intensity or clustersize falls amongtheseorderedtest statistics. For example,if the size of a
particularclusterfalls betweenthe 19th andthe 20th largestamongthe 1,000teststatisticsfrom

all the permutationsthenthe p-valueis obtainedas —

As ateststatisticin a partialtest,the highestpeakintensity(for voxel test) or thelargest
clustersize (for clustersizetest) is used. The useof the largestvaluefor the intensity or
the clustersizeis to correctfor multiple comparisoneamongclusters.The rationalebehindusing

(or ) is thatthe probability of observing (or ) largerthan (or ) isthesame
asthe probability of at leastoneor morepeakintensity (or clustersize)exceeding (or ). Thus
useof the largestvalue asthe test statisticcontrolsthe event of a family-wise error (FWE), or
falsepositivesoccurringin all the voxels or clusterscollectively. P-valueswith this correction
areknown ascorrectedor p-valuesadjustedfor multiple comparisonslin practice,correctedp-
valuesof partialtestsareobtainedoy comparingpeakintensitiesandclustersizesto the empirical
distribution of and . More on FWE controlcanbefoundin Nichols& Hayasakd2003),
with additionalpermutatiordetailsin Nichols& Holmes(2002).

For eachcluster the resultingcorrectedp-valuesfrom the peakintensityandthe clustersize
areusedin the Tippetand Fishercombingfunctionsdiscussedbelon. Thereis a practicalreason
for this useof correctedo-valuesfrom the partialtests.It is moreef cient to recordthousand®f

or in orderto calculatecorrectedo-values ratherthanto recordhundredsof thousands
of peakintensitiesor clustersizesto calculateuncorrecteg-values.Useof uncorrecteg-values

is exploredin Discussiorsection.
2.2.2 Combining Functions

Let bethecorrectedp-valuefor the peakintensityof cluster ,and  bethecorrectedp-value

for the clustersize of the samecluster Thenthe Tippet combiningfunction andthe Fisher



combiningfunction arede ned as
(2)
3)

The Tippet combiningfunction is analogougo Polineet al. (1997)'s minimum p-value
approach. In both casesthe critical region can be de ned by a single p-value for both partial
tests. If thesmallesp-valueof thetwo partialtestsfalls below this p thresholdthenull hypothesis
is rejected. In Polineet al.'s approachthe joint distribution of the intensity and clustersizeis
approximatedby RFT, andthe p thresholdis found by this approximatedoint distribution. For
our combinedestwith , oncethecritical valueof is found,thenap-valuewhich produces

thatcritical valueis sought. Suchp-valuebecomeghe critical p-valuethresholdfor both  and

Theclustermasscombiningfunction isde nedas
(4)

where s asetof voxel indicesfor cluster . In otherwords, is themassof cluster above
the clusterde ning threshold . It is calculatedoy summingvoxel intensityabove  for all the
voxelsin thatcluster

Basedon the valuesof the above combiningfunctions,anothempermutatiortestis performed.
Fromthedistributionsof thelargestpeakintensityandclustersize,correctedo-valuesfrom partial
testsareassessedt eachclusterin eachpermutation.Thena combiningfunction is calculated
at eachclusterin eachpermutation. The largestvalue of is recordedfor eachpermutation.
Finally, togetherfrom all the permutationsthe null distribution of the largest  is obtained.
Basedon this distribution, correctedp-valuesarecalculatedandthe null hypothesiss rejectedat
clusterdf their correctedp-valuesaresmallerthanthe desiredevel of signi cance. More detailed

outline of thecombinedestis foundin 2.2.5.

LAlternatively, it is possibleto use function insteadof functionusedin (2). In suchcase,the critical
regionis alsode ned by a singlep-value,but both partialtests'p-valueshave to be below this critical p-valuein order
to berejected.Unlike , thistestis not consistent.
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Figurel: An exampleof critical regionsfor thethreecombiningtests,aswell asthatof the voxel
andclustersizetests,basedon a multi-subjectfMRI dataon working memory(Marshuetzet al.,
2000). The left panelshaws the critical regionsin termsof partial p-values,whereashe right
panelshavsin termsof intensityandclustersize. For clustermassclustersareassumedo have a
sphericakhapewith its intensityhaving a concae parabolicshape.

Eachcombiningfunctionis specializedor a certaintype of signals.An exampleof critical re-
gionsfor theabove combiningfunctionsareshovnin Figurel, to demonstrate&vherethe strengths
of thesecombiningfunctionslie. The critical regionsfor the threecombiningfunctionsconsid-
eredin this studyrepresenthreepossiblescenariosn combinednference.The Tippetcombining
function , analogougo thatof Polineetal.'s (1997)method,is sensitve to clusterswhenei-
therpeakintensityor clustersizeis signi cant, but doesnothave extrasensitvity for clustersvhen
both intensityandextentare maiginally signi cant. On the otherhand,the clustermassfunction

, Bullmoreetal.'s (1999)approachhasgreatsensitvity for acombinationof maiginally sig-
ni cant intensityandextent, but may not be ableto detectsignalswheneitherintensityor extent

is highly signi cant andthe otheris not. Therefore,strictly speakingthis testis not consistent

(Pesarin,2001),as mentionedin Introduction. In practice,however, the testcould behae con-



sistently meaningthatthe testis ableto rejectthe null hypothesisvenif only oneof the partial
testsproducesan unusuallysmall p-value. This is becausalll the clustershave massevenif their
intensityor sizeis very small. For example,if thepeakintensityof aclusteris arbitrarily large,say

, thenthe clustermassis large evenif the clusterconsistsf a singlevoxel, resulting
in rejectionof thenull hypothesisatthatcluster The Fishercombiningfunction is someavhere
in betweenthe Tippet and clustermasscombiningfunctions. It candetectclustersif oneof the
partialtestsis signi cant, andalsohassomeextra sensitvity to mamginally signi cant intensityand

extentcombination.
2.2.3 Calibration

In practice aninvestigatormight have a prior beliefon theshapeof signals;heor shemightexpect
localizedhigh intensity signals,or wide spreadow intensitysignals. Whenthereis sucha prior
belief, it may be bene cial to calibratethe combiningfunctionto the signalsof interest. For ex-
ample whenlocalizedsignalsareexpectedthe combiningfunctionshouldemphasizénformation
from the voxel test,sincethe voxel testis moresensitve to localizedsignals.On the otherhand,
if signalsare believedto be wide-spreadthenthe emphasishouldbe on the clustersizetestin
the combiningfunction, sinceit is sensitve to spatially extendedsignals. The strengthof such
calibratedcombiningtestis that, thoughit emphasize®itherintensity or extent, it still utilizes
informationfrom the other

Suchcalibrationcan be easily implementedoy modifying the Tippet and Fishercombining

functionssincethe contributionsfrom the partial testsare standardizedn termsof p-valuesbe-

tween0 andl. Usingaweight , (2) and(3) canbemodi ed as
(5)
(6)
In and : correspondgo the unweightedstatistics,asin (2) and(3). For

,the  termdominatesanda combiningfunctionbecomesnoresensitveto highintensity
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peaks,whereador , the  termdominatesandthe function becomesnore sensitve to
large clusters. For , the testbecomesa clustersizetest,andfor , the testbecomesa

peakintensitytest.
2.2.4 Meta-Combining

Oncep-valuesarecalculatedrom the combiningfunctions(2), (3), and(4), denotecby , ,

and respectrely, thenthe meta-combinindunctionis de ned as

(7)

Basedon the value of , anotherpermutationtestis performed.In this meta-combiningstep,
thelargestvalueof for eachpermutations usedastheteststatistic,controllingthe FWE rate.
Notethat(7) hasthe form of the Tippetcombiningfunction. It is alsopossibleto usethe Fisher

combiningfunctionasa meta-combinindunction.
2.2.5 Implementation

An actualcombinedtestis carriedout in four steps: partial tests,calculationof the combining
function, estimationof combiningfunction distribution, and calculationof p-valuesfor the com-
binedtest. First, a permutatiorvoxel intensitytestanda permutationclustersizetestarecarried
out, usingthe samepermutationgor both tests. During this permutatiortest, peakintensityand
clustersizeinformationfrom all the clustersin all the permutationsarerecorded.The sameper
mutationsare usedin orderto reducecomputatiorntime. At this step,correctedp-valuesfor the
peakintensityandclustersize, and respectrely, arerecordedor all the clustersin all the
permutationsin theclustermasscombiningfunction,clustermassds calculatedor all theclusters
from all the permutationsat this step. Oncecorrectedpartial p-valuesare obtained thenfor each
clusterin eachpermutationthecombiningfunction is calculatecandrecorded After  is ob-
tainedfrom all the clustersthenfor eachpermutationthelargestvalueof  is sought.Together
from all the permutationsan empiricaldistribution of thelargest  is obtained. Notice thatin

orderto calculatethe empiricaldistribution of  , the samepermutationsasthe partial testsare
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usedso that no further permutationsare necessaryFinally, basedon this empirical distribution,
FWE-correcteg-valuescanbefoundfor the clustersrom the original labeling.

More stepsare necessaryo performa meta-combinedest, which arevery similar to that of
a combinedtest. First, p-valuesfrom all threecombinedtestsneedto be calculatedfor all the
clustersn all the permutationsThis canbedoneby comparingeach , or totheem-
pirical distribution of its largestvaluesobtainedabore. By doingso, correctedpb-values ,
and  arecalculated Fromthesep-valuesthemeta-combiningunction is calculatedor all
theclusterdn all the permutationssin (7). Theempiricaldistribution of the meta-combiningest
statistic is obtainedby recordingthe largest from eachpermutation.Basedon this em-
pirical distribution of , FWE-correcteg-valuesarefoundfor all the clustersrom the original

labeling.

2.3 Simulation

To validateandto examinethe performanceof our combinedand meta-combinedests,a sim-
ulation was carriedout. For eachrealizationin the simulation,a setof 15 -voxel

Gaussiamandomnoiseimageswasgeneratedby corvolving a Gaussiamwhite noiseimagewith a
3D Gaussiarkernelof FWHM (full-width at half-maximumy.5voxels. Theouterl6 voxelswere
truncatedn orderto avoid non-stationarityat the edge resultingin theimagesizeof

voxels. A sphere-shapesignalhaving auniformintensitywasthenaddedo the centerof the sim-

ulatednoiseimages.Figure 2 shavs the signalsusedin the simulation. To the generatedmages,
partialpermutatiortests(peakintensityandclustersize),combinedests(Tippet, Fisher andclus-
ter mass) andthe meta-combinedest,all with 500 permutationsyerethenapplied. The cluster
de ning threshold wassetto theuncorrected thresholdof  ( ), andthe
signi cancelevel of thetestswassetto 0.05. This wasrepeatedor 2,000realizationsandrejec-
tion rateswererecordedor all thetestsin all the settings.The Monte Carlo standardleviation of

rejectionrateswas0.0049.
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Figure2: Thediameterandtheintensityof signalsusedin the simulation.

2.4 Applications

Combinedvoxel-clustersize testsusing the abosre combining functions, as well as the meta-
combiningtestwere appliedto two multi-subjectfMRI datasets,the emotionalresponselata
andthe working memorydata. The performancef the combinedtestsis comparedo thatof the
voxel testandthe clustersizetest. Furthermorecalibrationof the TippetandFishercombining

functionsis examinedfor differentvaluesof calibrationweight .
2.4.1 Emotional ResponseData

Taylor et al. (2003)studiedemotionalresponsemongschizophrenigatients. The fMRI images
wereacquiredrom eightcontrols(Ct) andsix schizophrenigatientqPt) participatedn this study
while they werepresentedvith aversive (AV) andnon-aversive (NA) IAPS (InternationalAffective
PictureSystem)imagesand ve blank(BL) grayimageswith a centeredxation cross.For each
subject,a contrastimageof AV-NA was calculated. Thenthe resultingcontrastimagesof size
44 ,552voxelsin a spacewith mmvoxelswerecomparedn atwo-sample -test
(Ct-Pt)to assesshe differencein emotionalresponsebetweerncontrolsandschizophrenicsThe
permutatiortestwith 1,000permutationsvasemployedin theanalysisandfor eachpermutation,

the statisticimagewasthresholdedt to de ne clusters.
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2.4.2 Working Memory Data

This datasetis from Marshuetzet al. (2000) usedasan examplein Nichols & Holmes(2002).
Ordereffectsin working memorywereexaminedusingfMRI.

Eachof 12 subjectsparticipatedin eightfMRI acquisitions. Imageswere acquiredfrom 12
subjectaunderthreedifferentconditionspresentecsblocksin oneof two randomizedrders.For
eachof threeconditionsused,528imageswereacquiredat TR . Two of thethreeconditions,
item recognitionandcontrolwereconsideredn this example.For the item recognitioncondition,
eachsubjectwasshovn ve letters,thena probeletter after a two-secondnterval. The subject
wasasledto respondyes” or “no” if theprobeletterwasamongthe veletterspresentedFor the
controlcondition,the subjectwasshavn ve X's, thentwo seconddater eithery” or “n”. They
wereaskedto respondyes” for “y” and“no” for “n”.

The datasetwasanalyzedusinga randomeffect model(Holmes& Friston,1999). For each
subject,a contrastimageof differencebetweentem recognitionandcontrolwascalculated.The
resulting contrastimagesof size 122,659voxels in a spacewith mm
voxelswereanalyzedn a one-sample-testto assesgffectsassociateavith the item recognition
taskamongthe subjects. The permutationtestwith 1,000 permutationsvasused,andfor each
permutationthe statisticimagewasthresholdeatthe0.001critical valueofa  randomvariable
( ) to de ne clusters.Furthermorecritical regionsfor the weightedcombiningfunctions

and wereexaminedat , ,and
2.4.3 Computing Environment

For bothanalysesa DELL PCwith dual2.4GHzXeon processorand2GB of RAM with MAT-
LAB 6.5 (MathWorksInc., Natick, MA) runningon a Linux platformwasused. The calculation
time was14 minutesfor theemotionalresponselataand21 minutesfor theworkingmemorydata,

with oneof thetwo processors.
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3 Results
3.1 Simulation

The rejectionratesof the partial, combined,and meta-combinedestsfrom the simulationare
shavn in Tablel. For thehighintensitysignal(diameter/intensity 6/1.5),the clustermasscom-
bining function is found to be more powerful thanthe voxel test. Furthermorepecausef

, themeta-combinedest is foundto beaspowerful as . For signalswith large extent
(12/0.5and24/0.25) noneof the combinedestsis quiteaspowerful asthe clustersizetest,but all
combinedtestsare muchmore powerful thanthe voxel test. In ary settings,the meta-combined
testis just slightly lesspowerful thanthe bestcombinedtest. Thus,whenthe form of signalsis

unknown, the meta-combinedestis anideal choice.

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 0.036 0.800 0.478 0.502

Fisher 0.045 0.825 0.479 0.477

Mass 0.040 0.992 0.495 0.489
Meta-combined

0.041 0.986 0.480 0.486

Tablel: Resultsfrom thesimulation.Rejectionratesof the partial,combined andmeta-combined
testsfor differentsignals.

3.2 Emotional ResponseData

Theresultsfrom theemotionalrespons&lataanalysisareshovn in Figure3 andTable2. Thecor
respondingempiricalnull distributionsof theteststatisticsareshown in Figure4. Onesigni cant
clusteris foundby and in themedialpre-frontalcortex (MPFC),theareaassociateavith
processingf emotiongPhanetal., 2002). Thisindicateghatthe controlshave greatermagnitude

BOLD responsevhile viewing aversive imagesthanthe schizophrenicsThe combinedestswith
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and are ableto detectthis cluster while both partial testsare only maiginally signi -
cantfor this cluster(peakp=0.060and clustersize p=0.050). On the otherhand,the combined
testwith producesa larger p-value than eachof the partial tests. This may be becausehe
Tippet combiningfunction correctsfor multiple testingfor peakintensity and clustersize. The
meta-combinindgunction producesa p-valueslightly largerthanthat of and , butis

still ableto detectthis cluster

3.3 Working Memory Data

The resultsfrom the working memory dataanalysisare shavn in Figure5 and Table 3. The
correspondingempirical null distributions of the test statisticsare shovn in Figure 6. All the
combiningfunctionsareableto detect ve clusterswhich arevery similarto theresultsin Nichols
& Holmes(2002) on the samedataset. Activationsare found in the bilateral posteriorparietal
(clusters2 and4), left thalamug(clusterl), andanteriorcingulate(cluster3) regions,which are
typical of working memorystudiegMarshuetztal., 2000),aswell asin theleft pre-motorregion
(clusterb).

Thoughclusters4 and5 aresigni cant by their sizebut not by peakintensity all thecombined
testsare able to detecttheseclusters. For suchclusterswhereonly one of the partial testsis
signi cant, producesthe smallestp-valuesof the three,as expectedby the strengthof the
Tippetcombiningfunction. However, comparedo p-valuesfrom individual partialtests p-values

from canbelargerthanthe minimump-valueof thetwo partialtests,asseenn clusters2 and

3 aswell asthe emotionalresponsegesultsabore. The meta-combiningunction is ableto
cover this weakneswery well. Thoughit producesa slightly large p-valuethan in clusters,
producegp-valuesascomparablysmallas and in clusters2 and3.

Figure7 shaws critical regionsfor the weightedcombiningfunctions and with
variousweights( , ,and ), alongwith the correspondingritical regions of the
partialtests.For , critical regionsfrom bothcombiningfunctionsincludemoreareasrom
theclustersizetest's critical region thanthatof the voxel test. On the otherhand,for , the
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Figure 3: Resultsfrom the emotionalresponsalataanalysis. A clusterwasfoundin the medial

pre-frontalcortex MPFC by the combinedestswith and
Cluster  Size p-values Location
(voxels) | Cluster Peak | t-score ( mm)
1 342 | 0.050 0.082 0.036 0.028 0.039 0.060] 7.11 ( )

Table2: P-valuesfrom thevarioustestsin theemotionalresponselataanalysis

17



Max Peak Intensity Max Cluster Size

100
= =
3 50 3 200
@) @)
0 0
5 10 0 500
Intensity (t-score) Cluster size (voxel)
Max Fisher Combining Max Tippet Combining
150 100
§ 100 § 50
S 50 S
0 0
0 10 20 4 6 8
Fisher score Tippet score
Max Cluster Mass
400
c
3 200
)
0

Cluster mass

500

Figure4: The empirical null distribution of the teststatisticsfrom the emotionalresponsedlata

analysis.
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Figure5: Resultsfrom the working memorydataanalysis.Activationsarefoundin the bilateral
posteriorparietal(2,4), left thalamug(1), andanteriorcingulate(3) regions,which aretypical of
working memorystudies(Marshuetztal., 2000),aswell asin theleft pre-motorregion (5).

Cluster Size p-values Location
(voxels) | Cluster Peak | t-score ( mm)

1 345 0.010 0.001 0.001 0.003 0.001 0.001| 13.15 ( )
2 529 0.005 0.009 0.002 0.001 0.001 0.007| 10.19 ( )
3 520 0.005 0.009 0.002 0.002 0.003 0.012| 9.37 ( )
4 1138 | 0.001 0.001 0.004 0.001 0.001 0.083| 7.36 ( )
5 436 0.006 0.011 0.021 0.012 0.016 0.208| 6.31 ( )

Table3: P-valuesfrom thevarioustestsin theworking memorydataanalysis
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Figure6: Theempiricalnull distribution of theteststatisticsfrom theworking memorydataanal-
ysis.
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Figure7: Critical regionsat0.05signi cancelevel for thetestswith theweightedTippet(top, solid
lines) andweightedFisher(bottom, solid lines) combiningfunctionswith , ,and
(from left to right) from theworking memorydataexample.Also notedin the plotsarethecritical
regionsof thevoxel intensitytest(dash-dotines) andthe clustersizetest(dashedines). Clusters
areindicatedaccordingo their partialtestp-values.

combiningfunctions'critical regionsincludemoreareadrom thevoxel test's critical region. This
indicatesthatbothweightedcombiningfunctionsareableto calibratethe critical regionswith the
valueof . A valueof emphasizep-valuesfrom the clustersizetest,makinga combined
testmore sensitve to spatially extendedsignals. Corversely if , the testbecomesmore
sensitve to high intensitysignals.For example,thoughclusterss is in the critical regionsof both

combinedestsat and duetoitssize,it is notin thecritical region at because

its peakintensityp-valueis notsmallenough.

4 Discussion

We have developedcombinedvoxel-clustersizetestsusingthreecombiningfunctions. Our sim-
ulationdemonstratethat our combinedtestsand meta-combinedestperformwell for any types

of signalsexamined.In particular the meta-combinedestis consistentlypowerful, thusidealfor
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situationswherethe shapeof expectedsignalsis unknavn. Fromthe resultsof the multi-subject
fMRI analysesthe Tippet combiningfunction is found to be lesssensitve thanthe partial
tests.A p-valuefrom this testis usuallygreaterthanthe smalleroneof thetwo partialtests.How-

ever, this testis sensitve to clusterswhoseonly one of the partial testsis signi cant (localized
high intensitysignalsor spatiallyextendedow intensitysignals).The othercombiningfunctions,
Fisher andclustermass , canbe moresigni cant thanindividual partialtestswhenboth
partialtestsaresigni cant. Evenwhenboth partialtestsaremamginally signi cant, thesetestscan
detecftclusterspecauseheir critical regionscover someoutsideportionof the partialtests'critical

regions(seeFigurel). Between and , shouldbe still sensitve to clustersof which

only oneof the partialtestis highly signi cant while the otheris non-signi cant.

The meta-combiningunction is able to combinethe strengthof the above combining
functionsinto one. Therearein nitely mary combiningfunctionsfor peakintensityandcluster
sizeinformation, but our meta-combiningunction cancover threetypical scenariogepresented
in the threecombiningfunctions. The Tippettestis sensitve to a rejectionin eitherone of the
partialtests.Theclustermasgestis sensitve to moderatelyhigh intensitypeaksandlarge clusters
occurringsimultaneouslyThe Fishertestis acompromiseof thetwo. Henceby combiningthese
three,the meta-combinedestis sensitve to signalssigni cant in one of the partial tests,AND
signalsmaginally signi cant in bothpartialtests.

Whenusedwith the permutatiorframenork, our combiningfunctionstratey providesaneasy
way to implementvoxel-clustercombinedinference.Oneof the strengthsof combinedapproach
is its ability to make aninferencé'without regardto theunderlyingdependenceelations”(Pesarin
(2001),p134). Calculatinga combiningfunction from partial p-valuesat eachclusterimplicitly
incorporateshe dependencstructureamongthesep-values.

Themainreasorfor ouruseof correctedp-valuesfrom thepartialtests ratherthanuncorrected
p-values,s to reducecomputationaburden.lt is easyto nd theuncorrectealustersizedistribu-
tion usingpermutationsinceat mostafew hundredsf clusterscouldoccurfor eachpermutation,

but nding uncorrectedioxel intensitydistribution requiresa large memoryto recordall the voxel
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intensitiesabove the clusterde ning threshold for all the permutations.

In somecasesuncorrecteg-valuesfrom the partialtestsaremoredesirablehancorrectedo-
values.Whenuncorrecteg-valuesfrom thepartialtestsareused thenthedistribution of theFisher
combiningfunction canbeapproximatecdby a randomvariablewith df , andthis test
canbeimplementedbarametrically In suchcase,uncorrectectlustersize p-valuescanbe found
from the permutationtestand uncorrectedvoxel p-valuescan be found basedon distribution
with appropriatedf. Sincethe clustersizedistribution basedon RFT may be biased(Hayasaka
Nichols,2003),it is preferableto useof permutationso nd anempiricalclustersizedistribution,
which is known to be almostexact (Holmeset al., 1996). For the intensity distribution, it is
reasonabléo assumehedistribution of eachvoxelintensityof asa randomvariableduetothe
centrallimit theorem.

In any case,when p-valuesareto be usedin the combiningfunctions, partial test p-values
have to bebothcorrectecor bothuncorrectedOtherwisejf p-valuesfrom onetestwerecorrected
and p-valuesfrom the othertestwere uncorrectedthenthe uncorrected-value could dominate
in the combiningfunction, sincethey are not correctedfor multiple comparisonsand could be
considerablysmallerthanthe correcteccounterpart.

We suspecthatthereis very little effect on the sensitvity andthe speci city of the testwith
ouruseof partialp-values comparedo usingtheactualpeakintensityandclustersizeinformation
directly in a combinedfunction. With a sufcient numberof permutationsthereis an almost
one-to-onecorrespondencbetweenthe peakintensity (or clustersize)andits p-valuesbasedon
permutations.Thusour useof mamginal p-valuessimply mapsthe peakintensity (or the cluster
size)to aninterval

Our attemptto calibratethe combinedtestbecomegossiblewith useof weight andpermu-
tationframework. In the working memorydataexample,we areableto tunedown low intensity
clusters(seeFigure 7). Exceptthe weight, sincethe contribtutionsfrom both partial testsin the
weightedcombiningfunctionsarethe same.Hence,in theory thesetestsalsoshouldbe ableto

Iter outhighintensitylocalizedsignalswith small . Furthermoreit is possibleto modify
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theclustermasscombiningfunction sothatit canalsobecalibratedusingaweight . Details
arefoundin AppendixA.

The optimal valueof  could dependon variousfactors,suchasimage smoothnesssignal
intensityandwidths. Sincetraditionalrandom eld theoryonly modelsthe noiseandnottheform
of the signal,we have left noise& signalmodelingandestimationof for futurework.

If thereis aprior beliefaboutthedatathen canbeadjustedaccordinglya priori. Forexample,
if stronglocalizedactivationsareexpectedthen canbeslightly augmentedrom 0.5. Onecould
analyzea dataseimultiple timeswith different 's, but this addsan additionaldimensionto the
searchvolume (i.e., spatialdimensions andthe parameter ). Suchadditionof an extra
dimensionto the searchspacecould lead to reducedsensitvity, as seenin scalespacesearch
(Worsley etal., 1996). In any caseoneshouldnot choosevalueof basedon p-valuesof partial
testsa posterioriafterexaminingpartial p-valuesof eachcluster

In summarywe developed& implimentedcombinedvoxel-clustersizetestsusingcombining
functionsandpermutatiorframewvork. We extendedhis combinednferencanto meta-combining,
by combiningstrengthof differentcombiningfunctions.We alsodevelopedweightedcombining
functionswhich adjustthecombinedestaccordingo signalsof interest.As seenn our simulation
anddataanalysesthesemethodgprovide away of detectingawider varietyof signalsthanexisting

intensity-basedr extent-basednferencemethods.
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Appendices

A Weighted Cluster Mass

For Cluster consistingof setof voxels , theclustermass isde nedas

(8)
Since forary in Cluster , (8) canberewrittenas

9)

whichisasumof distancebetween and ateachvoxel. From(9), letusconsidersquared

massusing distancesuchthat

Sincethedistancebetween and is squaredthis squarednasdavorspealedclusters. Also

from (9), let usconsidersquare-roomassusing - distance

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

, thesensitvity of the clustermassestcanbe adjustedaccordingto signalsof interestby

If pealed clustersare sought,then shouldbe used,andfor clusterswith large extent,
shouldbeused.To beconsistentvith thetwo otherweightedcombiningfunctions
and , let with , Sothatthe weightedclustermassfunctioncanbe

written as
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For : becomeghe clustermasscombiningfunction. As , the clusterarea

dominatesandthetestbecomes clustersizetest. On the otherhand,as , thelargestvoxel

intensityin the clusterdominatesandthetestbecomes peakintensitytest.
Interestinglyclustermass is relatedto the Fishercombiningfunction . Let  bethe

meanof in cluster . Then(8) canberewrittenas

(10)
where s thesizeof cluster . Thenaftertakingthelogarithm,(10) becomes

(11)

Thisis similar to the Fishercombiningfunction

sincethereis a closerelationshipbetween and , andalsobetween and ,though
thisis nota one-to-ondransformationNotice, however, while both partial p-valuesarein arange
of . and arein rangesof and , respectrely. Sincethe
magnitudeof  is considerablyargerthanthatof in practice the contribution from the

clustersizeis likely to dominatein (11).

B Alter native Functional Forms for Partial P-values

Insteadof , differentfunctionalforms of partial p-valuescanbe usedin calculationof the
TippetandFishercombiningfunctions.Onepossibilityis to use , the cumulatie distribution
functionof astandarchormalrandomvariable. Thefunction canbeusedto transform
ap-valueinto anumberin (Stoufer etal. (1949)citedin Lazaretal. (2002)). Another
possibility is to usethelog odds —— , which transformsa partial p-valueinto a number

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