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Abstract. Most of the approachesledicatedo automaticmorphometryrely on
a point-by-pointstratgy basedon warping eachbrain towards a referenceco-
ordinatesystem.In this paper we describean alternatve object-basedtratgy
dedicatedo the cortex. This stratay relieson an arti cial neuroanatomisper
forming automaticrecognitionof the main cortical sulci and parcellationof the
corticalsurfaceinto gyral patchesA setof shapedescriptorsywhich canbecom-
paredacrosssubjects,is then attachedto the sulcusand gyrus relatedobjects
segmentedby this process.The framavork is usedto performa study of 142
brainsof the ICBM databaseThis studyrevealssomecorrelateof handedness
onthesizeof thesulcilocatedn motorareaswhich seemo bebeyondthescope
of thestandardioxel basednorphometry

1 Intr oduction

Advancesin neuroimaginghave led to an increasingrecognitionthat certainneuro-
anatomicalstructuresmay be preferentiallymodi ed by particularcognitive skills or
diseasesFor cognitive studies,this point of view relies on the suppositionthat spe-
cializedor preferredbehaiour is associatedvith a commensuratelgreaterallocation
of neuralcircuitry in correspondindpraincentersFor neurodgeneratre disordersthe
differential patternsof atrophyis supposedo re ect the clinical phenomenology3].
This recognitionhasmainly resultedfrom the recentdesignof automatednorphome-
tric methodswhich have empaveredlarge-scalgopulationstudieq38, 4]. Therefore,
brainmorphometryis now oneof the basicbrainmappingtoolsatthe samdevel asthe
variousfunctionalimagingmodalities.

For mostof the approachesthe automaticanalysisrelies on warping eachbrain
towardsa referencecoordinatesystem,which playsthe samerole asthe latitude and
longitude systemfor localization of points on the Earth's surface[35,18,19,43,17,
26]. The coordinatesystemis threedimensionafor the comparisorof thelocal densi-
tiesof grey andwhite matter(voxel-basednorphometryVBM [4]), or two dimensional
(spherical¥or thecomparisorof corticalthicknesg16, 26]. Eachnew brainis endaved
with oneof thesecoordinatesystemghroughspatialnormalizationnamelya deforma-
tion matchingas far as possiblethe new brain macroscopianatomyas revealedby



magnetiacesonancémaging(MRI) with atemplateanatomy{13,19,17]. The simplest
approachesely on af ne transformation®nly, while modernregistrationtechniques
cannow provide complex warpingsrelying on a large numberof degreesof freedom,
thatare supposedo improve the normalization.In the following, we will call “iconic
spatial normalization” thiskind of processing.

Theiconic spatialnormalizationparadigm,originally introducedto overcomethe
poorstatisticof positronemissiortomographyPET)data[18], hasmadeatremendous
impacton brain mappingstrategies[28]. The coordinate-basedpproachjndeed,is
very versatilesinceary datasetganbe comparedsimply on a voxel by voxel basis.A
disturbingfact,however, is thatanumberof differentnormalizatioralgorithmsareused
throughoutthe world, eachone potentially leadingto different normalizationresults
[22,14]. Even SPM software proposesa lot of alternatvesrelatedto the size of the
warpingfunction basisor to the choiceof the template[19]. This obsenation means
thatwhatis calledspatialnormalizationis far to be clearsimply becauseobodyreally
knowsthegold standardf brainmatching Furthermorenobodyknowstodayto which
extentmatchingtwo differentbrainswith a continuousdeformationmakessenserom
aneuroscienceoint of view.

Thepartof the brainleadingto the maindif culties is the cortex, becausehelarge
variability of thefolding patterngpreventsthe warpingfrom attemptinga perfectgyral
matchingacrosssubjectq29, 6]. Thereforejt seemgatherdif cult to performreliable
coordinate-baseghorphometricstudieswithout eitherspatiallyblurring the data[4] or
involving hundred®of subject444,21]. A numberof teamstry to overcomecurrentdif-

culties via more sophisticatedconic normalizationprocedureg37]. In our opinion,
without a betterunderstandingf the inter-individual variability of the corticalfolding
patternstherisk is thedrift toward puremorphingtechniquesvithout consistenarchi-
tecturaljusti cation. Spatialnormalization,indeed,shouldtry to matchasfar aspos-
siblethe architecturaparcellationf the cortical sheef{7]. Unfortunately while some
majorsulciareusuallyconsiderecdsgoodindicatorsof architectonior functionaltran-
sitions,few peoplepostulatethat this propertycanbe extrapolatedo all corticalfolds
[45,30]. Anyway, the approachesnposingsomesulcus-basedonstraintsn thewarp-
ing procedure$36,12,10] seemmorereasonabl¢éhanblind morphingproceduresnly
drivenby imagegrey levels, evenif someprogresshasto be madewith regardto the
automatiadenti cation andthe choiceof the sulcito be matched.

In this paper we proposean alternatve to the coordinate-basegoint of view for
the morphometryof the cortex. This alternatve relieson a patternrecognitionsystem
performing rst automaticdetectionof the sulci[33], andthenparcellationof the cor-
tical surfaceinto gyri [9]. The de nition of variouselementaryobjectsrelatedto the
cortical folding patternsallows the computationof a wide setof shape-basefkatures
thatcanbe comparedacrosssubjectsHence this approactcanbe viewed asan auto-
matedversionof a ratherintuitive Region of Interest(ROI) basedstratayy. It shouldbe
notedthatthis ROI-basedstratay is data-drven. Therefore the ROI actually t with
individual anatomy In contrastthe ROI-basedstratgy which warpsa segmentation
of thetemplatebrain suffersfrom the weaknes®f iconic normalizationwith regardto
sulco/gyralpatterns.



A rst key pointof theROI-basedstratayy is thatthe combinationof measurements
gatheringa subsef voxelsincreaseghe statisticalpowver. The combinationof mea-
surementgansimply rely on someaveragingprocessfor instancehroughthe compu-
tation of the meanthicknessn a surfacepatch,but the ROI de nition leadsalsoto the
emegenceof new morphometriopportunitiegprovidedby variousROI-shapdeatures.
For instancethedepthof a givensulcusmaygive somecluesaboutthe developmenbf
the surroundingfunctionalareaspecausef the tens@rity principle: theideathatthe
folding reachedts nal patternvia stabilizationof the sumof tensionsand compres-
sionsstemmingfrom the differentpartsof the cortex (axonebundles,cortical mantle,
etc...)[30,42]. Hence,a secondkey point of the object-basedtratayy is the possibil-
ity to comparethe variousinstance®f the sameanatomicakntity without requiringa
point-to-pointwarping, which may not exist. We do not claim that our approachpro-
vides miraculoussolutionsto the dif culties inducedby the variability of the cortex
folding patternsput only a nev window to comparethe cortex shapesTherelevance
of asulcus-baseparcellationsystems supposedo stemfrom thelinks with the cortex
architectoy mentionedcabove.

The rst sectionof the paperdescribeghe sulcusrecognitionsystemandthe sec-
ond sectionfocuseson the cortical parcellationinto gyri. The last sectiondescribesa
new meaningfulneuroscienceesultobtainedwith our framevork: the automatiocom-
parisonof thesizeof thesulciof 142brainsof theICBM projectrevealssomecorrelate
of handednesim the motorandpremotorcortex.

2 An arti cial neuroanatomist

The computewision systemin chage of the recognitionof the cerebralkulcirelieson
a bottom-upstrateyy. This stratgyy aimsmainly at usinga scaleof representatioded-
icatedto the shapeof the cortex. The transitiontowardsa higherlevel stemsfrom the
conversionof eachraw MR imageinto a structuralrepresentatiosupposedo embed
all the information requiredfor the sulcusrecognition.While generalpurposecom-
putervision approachesuild suchrepresentationBom genericfeaturedik e edgesor
cornerspur approactrelieson the cortical shapebuilding blocks,namelythe elemen-
tary folds [27]. Othersimilar methodshave beenproposedo breakup the cortex into
componenpartsrelatedto the folds [23,41,34,11,49,25,31]. A rapid sketchof our
corversionprocesss describedn Fig. 1. Theunderlyingsetof imageprocessindools
anda dedicatedvisualizationplatform canbe downloadedfrom http://anatomist.info.
The frameavork hasbeenappliedsucessfullyon morethan500 brainsstemmingfrom
variousscanners.

After the corversionprocessthe patternsof the cortex arerepresentedby a rela-
tional graph,namelya setof elementaryfolds linked togetheraccordingto their to-
pographicalorganizationrelatively to junctionsand proximity on the cortical surface.
Variousattributesareattachedo thenodesandto thelinks of this graphin orderto keep
a sketchof the fold shapesTheseattributesare computedafter af ne spatialnormal-
izationtowardsthe standargoroportionalsysten{13]. This normalizationcaneitherbe
appliedto the MR scanbeforetheimageprocessingstep,or remainvirtual, namelyit
is appliedonly to coordinatesn the native scan.Someof theseattributesare:
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Fig. 1. Computationof a structurl representatiorof the cortical folds froma raw T1-weighted
MR image [27, 33]: A. raw MR slice; B. Brain hemisphex sggmentation;C. Right hemisphex
cortex external surface;D. Right hemisphes cortex inner surface(interfacebetweergrey and
white mattes); E. Sleletonof the (cortex + cerebr spinal uid) object; F. S@gmentationof the
skeletonusingdiscretetopolagy andrecanition of themainsulci; G. Anexampleof theattributed
subgaphrepresentinga sulcus.Each node  is a pieceof the surfacicskeletonwhile
representshe brain hull. Threekinds of relationsare used:topolaical junction , neighbor
geodesido thebrain hull |, splitinducedby a buried gyrus . Semantiattributeslike size
length,depth,etc...are addedto nodesandrelationsfor recanition purpose

fold: size;maximaldepth;centerof mass;averagenormal;length,extremitiesandav-
eragedirectionof theintersectiorwith thebrainhull, etc...

link: direction betweenthe centersof massof the linked folds; length and average
directionof thejunction,etc...

At this stagethe patternrecognitionproblemamountgo giving a name(or a label)
from the sulcusnomenclaturg¢o eachof theseelementaryfolds. Our strateyy for this
purposerelieson supervisedearningfrom a databasef 26 manuallylabelledbrains.



Learning database Generalization database

Fig. 2. Thematding of themodelof the cortical sulciwith anynew brain is performedaccoding
to a learning strategy. Left: 12 brains of the learning databasewith manuallabelling of some
sulci. This databases usedto train a congegation of 500 multilayer perceptions[33]. Each
perceptonis in charge of a local anatomicalfeature like the shapeof a sulcus,or the shapeof a
pair of neighboringsulci. Automaticsulcusrecanition is performedvia stodasticminimization
of thesumof theexpertoutputsrelativelyweightedby their reliability on a testdatabaseRight:
50 brains not usedfor learning which have beenautomaticallylabelled by our methodand
alignedwith the proportional systenfor visualizationpurpose

Then,thesystenlearnsto generalizeéheknowledgeembeddedh thislearningdatabase
acrosdarge variationsof localization,orientation,andshapeof the sulci. Thesevaria-
tionsarelargeenoughto preventreliablerecognitionusingonly localizationin the pro-
portionalsystem24]. But themaincomputationadif culty is thestructuralvariability
of the sulci acrossindividuals. A sulcuscorrespondindgo one very long elementary
fold in onegivenbrain may be madeup of several small elementaryfoldsin a second
brain.Furthermorethejunctionsbetweersulciarealsohighly variable which leadsto
dif culties similarto the onesrelatedto the split of handwritterwordsinto characters.
The structuralvariability of the sulci acrossbrainscanalsobe seenasanalogous
to oneof the dif cult problemswith which is confrontedhumanvision: the variabil-
ity of the spatialrelationshipsamongelementarypartsof an objectacrossorientation
changesAn approachto tackle this dif culty consistsin extracting a view-invariant
structuraldescriptionof the objectthatis then matchedto storedobjectdescriptions
for recognitionpurpos€5]. Unfortunately standarcanatomicaknowledgedoesnotin-
cludeary brain-invariantgenericmodelof the sulci, which couldbe usedto overcome
theambiguitiesvhentrying to labeltheelementaryolds. Mostof thepsychologicalnd
physiologicaldata,however, supporta concurrenwiew-basechumanvision model,for
which multiple views of eachobjectarestoredin memory[32]. We have designecdur
arti cial neuroanatomisbn the multiple-brain-base@dnalogousf this multiple-view-
basedapproachthe shapeof eachsulcusis learnedfrom a setof examples.Therefore,
theresultingsystenis trainedto mimic theinterpretatiorof ourhumanneuroanatomist,



ratherthanto provide a putative gold standardf the sulcusrecognition.Anotherneu-
roanatomisstandingfor a concurrentinterpretationof the folding patternscould pro-
vide anew manuallabelling of the databas¢hatwould leadto arival arti cial system.

Theabove discussiorfocuseson the notion of sulcus,which correspond$o a kind
of characterof the cortical fold alphabetinferred by the neuroanatomistsf the last
century The emegenceof these“characters’stemmedrom the needto reducethe
hugecompleity of the cortex folding patterngo intermediatdeatureswhich variabil-
ity could be tackledby the humanbrain. This scaleof representatiomay have been
automaticallyselectedo maximizethe information deliveredby the building blocks
correspondingo a few examplesof eachsulcus[40]. Thankto this choice,the neu-
roanatomistgjetthe capacityto generalizebroadlyto new brains.

A smallnumberof sulci,in fact,have ashapestableenoughto allow straighforvard
recognition.Usually, theothersulciareidenti ed usingakind of votecollectingagree-
mentsaboutthe presencef the surroundingsulci. This is a type of groupingprocess
leadingthe neuroanatomisio recognizethe patternsmadeup of a setof neighboring
sulci. Furthermorethe neuroanatomistan only obsere a subsetof the sulci at the
sametime, which led usto designa Markovian system[20] relying only on local and
contetual knowledge:the shapeof the individual sulci andthe patternsmadeup by
pairsof neighboringsulci. This choicerelieson the assumptiorthata setof canonical
local interactionsbetweerpairsof sulciis sufcient to modelthe patternamadeup by
morethantwo neighboringsulci. Eachlocal anatomicaknowledgeis learnedby amu-
tilayer perceptronwhichis ahyperspecializecdnatomicakxpert. Two familiesof such
expertsareattachedespectiely to thesulcusshapesndto the neighborhoogbatterns.

Eachsulcusexpertof the rst family hasa eld of view, whichis learnedfrom the
databaseandcorrespondso a domainof the standardoroportionalsystem.This eld
of view is simply the boundingbox of all the instancesf the correspondingulcus.
Duringthelabellingstepcorrespondingo therecognitionof the sulciof any new brain,
the label correspondingo a given sulcuscan only be given to the elementaryfolds
includedin theassociated@xpert's eld of view.

The setof pairsof sulcitakenin chage by the secondkind of perceptronss also
inferredautomaticallyfrom the learningdatabaseEachpair of sulci, whoseinstances
in thedatabasaresometimesinked,leadsto thecreationof alocal expertdedicatedo
the resultingpattern.The contectual informationdriving the sulcusrecognitionstems
from the sulcusneighborhooduilt by this secondamily of expert. The elds of view
andthis neighborhooandav the congreyationof expertswith a “corticotopic” organi-
zation,which may be relatedto the retinotopicor somatotopicrganizationfound in
thecortex.

During the recognitionstep,eachexpertis in chage of giving an evaluationfor
a small part of the whole labelling. This evaluationrangesfrom zero (good)to one
(bad). Sulcusexpertsdeal with a subgraphof folds de ned by onelabel, while pair
expertsdeal with a subgraphof folds de ned by two labels. The expert's evaluation
is a measureof the likelihood of the shapemadeup by the folds of this subgraph,
consideringthe a priori knowledgeembeddednto the learningdatabaseln orderto
teachthis knowledgeto the perceptronseachsubgraphis compressednto a simple
codemadeup of a x ed setof synthesizedttributes.Theseattributescanbe viewed



asdescriptorof the subgraphSomearemoresyntactic lik e the numberof connected
componentssomeotherare semanticik e the total size or the maximaldepthof the
folds includedin the subgraph.Thesesynthesizedsemanticattributes are computed
from the attributesattachedo the elementanyfolds. Eachperceptroris trainedto give
a good evaluationto the examplesof the databaseand a bad evaluationto random
modi cations of theseexamples.Eachexpert's reliability is assesseffom a second
learningbasein orderto weightthe outputof the expertbeforeusingit asa potential
of theglobalMarkov eld [33]. Finally, theautomatidabelling of thefolds of any new
brainis drivenby stochastieninimizationof a globalfunctionmadeup of theweighted
sumof the perceptroroutputs.

Thesystenis still atthebeginningof its educationlt hasbeentrainedfrom 26 man-
ually labelledbrains,including 10 brainsusedasatestbasepreventingoverlearning A
nomenclaturef 58 sulcusnamess usedin eachhemisphereThe automaticrecogni-
tion resultsdecreasérom of accordanc&vith themanuallabellingonthelearning
baseto onageneralizatiofbasewhich callsfor increasinghesizeof thelearning
baselt shouldbenoted however, thattheseresultsdo notmean of errors.Because
of thelargeinter individual variability of thefolding patternsjndeed,no gold standard
existsto evaluatethe percentagef correctlabelling. This accordanceneasuremore-
over, is highly dependenderdn the sulcus.For instancethe generalizationeadsonly
to of disagreemerfbr centralsulcusrespectiely  for lateral ssure,while the
disagreementnay increasdargely for morevariablesulci, which leadssometimego
questionthemanualidenti cation.

Thetraining of the 500 multilayer perceptron®n this baseof 26 brainslastsabout
12 hourson a network of twenty recentPentiumprocessorsThe stochastianinimiza-
tion leadingto the automaticlabelling last one hour for one hemispheravith a 2MH
processomlandthe default tuning of the temperaturalecreasingWhile the resultsare
closeto the manualones,a lot of questiongemainopenin the mostvariablecortical
areasThereforeafuturedirectionof work will consisiin trying to improvethelearning
databasenanuallabelling thankto a betterunderstandingf the variability stemming
from braingrowth studieq10].

3 Parcellation of the cortical surface

Imageanalysismethodsdedicatedo the cortex almostalwaysfocuson corticalfolds,
because¢hey canbede ned simply usinggeometrigropertiesTheusualneuroscience
point of view aboutthe cortical surfacesegregation,however, is gyrusbasedA gyrus,
indeed,is usually consideredo be a module of the cortex endaved with denseax-
onal connectionghroughoutocal white matter([42]). Unfortunately cortical gyri are
relatively dif cult to de ne from a puregeometricapoint of view. Most of them,how-
ever, areassumedo be delimitedby two parallelsulci. Therefore our cortical surface
parcellationis basedn the previoussulcusrecognition.

The main problemcomplicatingthe morphologicalde nition of the gyri is thein-
terruptionof thedelimiting sulci. Theideadevelopedin our framework overcomeghis
dif culty usingtheVorond diagramprinciple ([9]). Suchadiagramis a parcellationof
spacdrom a setof seedsEachparcelis thein uence zoneof oneof the seedspamely
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Fig. 3. The de nition of agyrus fromtwo parallel sulci usingthe Vorono’ diagram principle.

A] Two schematicparallel sulci. B] De nition of the Vorond diagram of the sulcal lines, i.e.

parcellation of the domainin in uence zonesof the sulci. C] The boundarybetweenthe two
in uence zonegrovidesthe gyrusseed D] Thegyrusdelimitedby thetwo parallel sulcicanbe
obtainedas the in uence zoneof the previous boundaryseed.Theinitial two sulcallines must
be remwed from the domainto preventthe front propagation underlyingthe Vorond' diagram
constructiorto crossthem(a gyrusshouldendat the bottomof thelimiting sulci). Therestof the
gyrusboundarieswill beinducedby a competitionwith the othergyri.

thedomainof spacecloserto this seedthanto ary otherseedlIf a setof linesapprox-
imatively locatedat the level of the crowns of the gyri of interestcanbe provided as
gyrusseedsthewholegyral parcellationcanbede ned from ageodesidistancecom-
putedconditionallyto the cortical surface.Suchseedlines canbe extractedfrom the
boundarie®f a rst Vorond diagramcomputedusingthe projectionsof the sulcusbot-
tomsonthecorticalsurfaceasseedgseeFig. 3). In orderto imposethesulcusbottoms
aspartsof the boundariedetweenthe gyral in uence zonesthey areremoved from
the cortical surfaceduring the computationof the seconddiagramto preventthe dis-
tancedgo bepropagatedcrosghesdines.Hencetheresultingdiagramis inferredfrom
aniterative dilation of the gyrusseedshatis stoppedeitherat the level of the sulcus
bottoms,or whentwo zonesof in uence getin touchwith eachothet

A few resultsof parcellationarepresentedn Fig. 4. Theseresultsarequalitatvely
comparableao atlasdescriptionsapartin occipital lobe. The parcellationmethodas-
sumesthat a reliable identi cation of the main sulci canbe performed rst for ary
subjectwhichis farto bethe casewith the currentpatternrecognitionsystem\We bet,
however, thatthecurrentstateof this systeris suf cient to obtaininterestingnorphom-
etry resultsif alarge databas®f brainsis processedywhich cannow be donewithout
ary userinteraction.

4 Correlatesof handedness

It is usuallyassumedhatthelossof statisticalpower inducedby the non perfectgyral
matchingof spatialnormalizationcanbe compensatedtly large populationsizes.Two
recentlarge-scaleVBM studieswith hundredsof subjectshowever, have reporteda
surprisingabsencef resultsrelative to the possiblerelationshipbetweerbrain asym-
metry and handednes§44,21], which may reveal somelimits of the point-by-point
paradigm Sincehumanhandednessanbeviewedasa modelof pro cient or preferred
behaiors, severalROI-basednorphometricstudieshave alsoaddressethis issuefor a



Fig. 4. A typical parcellation obtainedfor theleft hemisphes of four differentbrains. Each color
correspondgo a differentgyrus. Theboundariesbetweergyri appearin white For the external
faceof the brain, the setof pairs of sulci selectedor this experimentaimsat de ning the three
horizontalfrontal gyri and the polar frontal face the three horizontaltempoal gyri, The pre-
and postcental vertical gyri correspondingo motor (cyan)and somesthesigreen)areas,and
thetwo parietal lobules.Somenonsatisfyingattemptshavebeendoneto parcellatethe occipital
lobe Theright image providesthe mixingof six brainsin the standad proportionalsystem.

Fig. 5. (left) Automaticrecaynition of thesulci of 142subjects(right) Correlatesof handedness
on anasymmetryndex correspondingo ,whee and denotedeft andright sizeof
a sulcus.For ead sulcusthe Mann-Whitng U Testwasusedto compae theasymmetryndices
of left-handedandright-handedgroups.Theresultingp-valueswere mappedon the sulci of one
left hemisphez. Several of thedetectedsulcibelongto the cortex areainvolvedin motorcontol,
which wastheinitial guess.

few corticalstructureskFor instancethecentralsulcuswhich houseshe primarymotor
cortex, wasfoundto be deepein theleft hemispherén right-handersandvice versain
left-handerg47,2,1]. Thisresultremainscontroversialasotherstudiesdid notcon rm
this interaction[46] or found an inversepattern[15]. Methodologicaldifferencesand
ageeffectsmay explain theseinconsistencief39].

To investigatewhetherthe new obsenation window provided by our framework
could answerthe kind of issuesaddressedy thesemanualROI-basedstudies,142
unselectediormalvolunteerf theICBM databasgvereprocessedvithoutary manual



interaction.Thesesubjectscorrespondo the VBM studydescribedn [44]. Onashort
handednesguestionnairel4 subjectsveredominantfor left-handuseon a numberof
tasksitheremainingl28subjectgpreferredo usetheirrighthand. The142T1-weighted
brainvolumeswerestereotaxicallfransformedisingnine parameter§4] to matchthe
Montreal Neurologicallnstitute 305 averagetemplate A setof 58 cortical sulci were
recognizedn eachhemisphere.

The sizeof eachsulcuswascomputedrom its skeletonizedrepresentationThen,
left (L) andright (R) sizeswere usedto obtain a normalizedasymmetryindex ((L-
R)/(L+R)/2). For eachsulcus,the Mann-Whitng/ U Test was usedto comparethe
asymmetnyjindicesof left-handedandright-handedyroups.This testrelieson rank or-
der statistics which arerobustto potentialoutliers stemmingfrom sulcusrecognition
errors. The resulting p-valueswere mappedon the sulci of oneleft hemispherdsee
Fig. 5.right). Severalsigni cative differencesvererevealedby our analysig( ,
seeFig. 5). For eachresult,we reportthe p-valueandthe medianasymmetryindices
for right-handedRH) andleft-handedLH) groups.

Most of the highlightedsulci shov anasymmetnypatternleft-right ipped between
bothgroups:parieto-occipitalssure (p=0.003,RH=-0.21,LH=M6), inferior precentral
sulcus (p=0.013,RH=0.09,LH=-(34), intermediateprecentralsulcus (p=0.019,RH=-
0.08,LH=0.24),anteriorinferior temporalsulcus(p=0.024,RH=-0.22,LH=Q.1), cen-
tral sulcus(p=0.031,RH=0.04,LH=-M5), while a few sulci presennly anincreased
asymmetryfrom onegroupto the other:retrocentrabranchof the lateralcerebral s-
sure(p=0.028,RH=0.26,LH=09), medianfrontal sulcus(p=0.034,RH=-0.32,LH=Q)
orbital sulcus(p=0.048,RH=0.03,LH=0.2). While it is too soonto discardthein u-
enceof variousbiaseson theseresults,several of the detectedsulci turn out to belong
to the cortex areainvolvedin motor control, which would have beenthe initial guess.
Interestinglythe handednessorrelatesarelower in the primary motor structuregcen-
tral sulcus)thanin thestructuregsesponsibldor planningandcoordinatingnovements
(precentrabkulcus).Moreover, the patternof asymmetryobtainedfor the centralsulcus
matchegheresultsobtainedoy the majority of the manualstudieq47,2,1].

5 Conclusion

A lot of otherstatisticalissuescanbe addressedelative to handednessorrelatesAll
the numerousshapedescriptorsusedby the patternrecognitionsystem,indeed,can
directly be usedfor morphometry Shapedescriptorsdedicatedo the surfaceparcel-
lation describedn the previous sectioncan also be used,the simplestone beingthe
gyral patchareas Consideringhat eachof the 500 perceptronsnvolvedin the sulcus
recognitionis feededby about25 values the sulcuspatternsdescriptionincludesabout
12500numbersHence somecorrectionswill haveto bedevelopedo takeinto account
the high risk of falsepositivesimplied by multiple testing,following the point of view
developedfor VBM usingrandomeld theory[48].
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