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Abstract. Most of theapproachesdedicatedto automaticmorphometryrely on
a point-by-pointstrategy basedon warpingeachbrain towardsa referenceco-
ordinatesystem.In this paper, we describean alternative object-basedstrategy
dedicatedto the cortex. This strategy relieson an arti�cial neuroanatomistper-
forming automaticrecognitionof themaincortical sulci andparcellationof the
corticalsurfaceinto gyralpatches.A setof shapedescriptors,whichcanbecom-
paredacrosssubjects,is then attachedto the sulcusand gyrus relatedobjects
segmentedby this process.The framework is usedto perform a study of 142
brainsof the ICBM database.This studyrevealssomecorrelatesof handedness
onthesizeof thesulci locatedin motorareas,whichseemto bebeyondthescope
of thestandardvoxel basedmorphometry.

1 Intr oduction

Advancesin neuroimaginghave led to an increasingrecognitionthat certainneuro-
anatomicalstructuresmay be preferentiallymodi�ed by particularcognitive skills or
diseases.For cognitive studies,this point of view relieson the suppositionthat spe-
cializedor preferredbehaviour is associatedwith a commensuratelygreaterallocation
of neuralcircuitry in correspondingbraincenters.For neurodegenerativedisorders,the
differentialpatternsof atrophyis supposedto re�ect the clinical phenomenology[3].
This recognitionhasmainly resultedfrom therecentdesignof automatedmorphome-
tric methods,which have empoweredlarge-scalepopulationstudies[38,4]. Therefore,
brainmorphometryis now oneof thebasicbrainmappingtoolsat thesamelevel asthe
variousfunctionalimagingmodalities.

For most of the approaches,the automaticanalysisrelieson warping eachbrain
towardsa referencecoordinatesystem,which playsthe samerole asthe latitudeand
longitudesystemfor localizationof points on the Earth's surface[35,18,19,43,17,
26]. Thecoordinatesystemis threedimensionalfor thecomparisonof thelocal densi-
tiesof grey andwhitematter(voxel-basedmorphometry,VBM [4]), or two dimensional
(spherical)for thecomparisonof corticalthickness[16,26].Eachnew brainis endowed
with oneof thesecoordinatesystemsthroughspatialnormalization,namelyadeforma-
tion matchingas far as possiblethe new brain macroscopicanatomyas revealedby



magneticresonanceimaging(MRI) with a templateanatomy[13,19,17]. Thesimplest
approachesrely on af�ne transformationsonly, while modernregistrationtechniques
cannow provide complex warpingsrelying on a largenumberof degreesof freedom,
thataresupposedto improve thenormalization.In the following, we will call “ iconic
spatial normalization” this kind of processing.

The iconic spatialnormalizationparadigm,originally introducedto overcomethe
poorstatisticsof positronemissiontomography(PET)data[18], hasmadeatremendous
impact on brain mappingstrategies [28]. The coordinate-basedapproach,indeed,is
very versatilesinceany datasetscanbecomparedsimply on a voxel by voxel basis.A
disturbingfact,however, is thatanumberof differentnormalizationalgorithmsareused
throughoutthe world, eachone potentially leadingto differentnormalizationresults
[22,14]. Even SPM software proposesa lot of alternativesrelatedto the sizeof the
warpingfunction basisor to the choiceof the template[19]. This observation means
thatwhatis calledspatialnormalizationis far to beclearsimplybecausenobodyreally
knowsthegoldstandardof brainmatching.Furthermore,nobodyknowstodayto which
extentmatchingtwo differentbrainswith a continuousdeformationmakessensefrom
a neurosciencepointof view.

Thepartof thebrainleadingto themaindif�culties is thecortex, becausethelarge
variability of thefolding patternspreventsthewarpingfrom attemptinga perfectgyral
matchingacrosssubjects[29,6]. Therefore,it seemsratherdif�cult to performreliable
coordinate-basedmorphometricstudieswithout eitherspatiallyblurring thedata[4] or
involving hundredsof subjects[44,21].A numberof teamstry to overcomecurrentdif-
�culties via moresophisticatediconic normalizationprocedures[37]. In our opinion,
without a betterunderstandingof theinter-individual variability of thecorticalfolding
patterns,therisk is thedrift towardpuremorphingtechniqueswithoutconsistentarchi-
tecturaljusti�cation. Spatialnormalization,indeed,shouldtry to matchasfar aspos-
siblethearchitecturalparcellationsof thecorticalsheet[7]. Unfortunately, while some
majorsulciareusuallyconsideredasgoodindicatorsof architectonicor functionaltran-
sitions,few peoplepostulatethat this propertycanbeextrapolatedto all cortical folds
[45,30]. Anyway, theapproachesimposingsomesulcus-basedconstraintsin thewarp-
ing procedures[36,12,10] seemmorereasonablethanblind morphingproceduresonly
drivenby imagegrey levels,even if someprogresshasto be madewith regardto the
automaticidenti�cation andthechoiceof thesulci to bematched.

In this paper, we proposean alternative to the coordinate-basedpoint of view for
themorphometryof thecortex. This alternative relieson a patternrecognitionsystem
performing�rst automaticdetectionof thesulci [33], andthenparcellationof thecor-
tical surfaceinto gyri [9]. The de�nition of variouselementaryobjectsrelatedto the
cortical folding patternsallows thecomputationof a wide setof shape-basedfeatures
thatcanbecomparedacrosssubjects.Hence,this approachcanbeviewedasanauto-
matedversionof a ratherintuitiveRegion of Interest(ROI) basedstrategy. It shouldbe
notedthat this ROI-basedstrategy is data-driven.Therefore,the ROI actually�t with
individual anatomy. In contrast,the ROI-basedstrategy which warpsa segmentation
of thetemplatebrainsuffersfrom theweaknessof iconic normalizationwith regardto
sulco/gyralpatterns.



A �rst key pointof theROI-basedstrategy is thatthecombinationof measurements
gatheringa subsetof voxels increasesthe statisticalpower. The combinationof mea-
surementscansimply rely onsomeaveragingprocess,for instancethroughthecompu-
tationof themeanthicknessin a surfacepatch,but theROI de�nition leadsalsoto the
emergenceof new morphometricopportunitiesprovidedby variousROI-shapefeatures.
For instance,thedepthof agivensulcusmaygivesomecluesaboutthedevelopmentof
thesurroundingfunctionalareas,becauseof the tensegrity principle: the ideathat the
folding reachesits �nal patternvia stabilizationof the sumof tensionsandcompres-
sionsstemmingfrom thedifferentpartsof thecortex (axonebundles,corticalmantle,
etc...)[30,42]. Hence,a secondkey point of theobject-basedstrategy is thepossibil-
ity to comparethevariousinstancesof thesameanatomicalentity without requiringa
point-to-pointwarping,which may not exist. We do not claim thatour approachpro-
videsmiraculoussolutionsto the dif�culties inducedby the variability of the cortex
folding patterns,but only a new window to comparethecortex shapes.Therelevance
of asulcus-basedparcellationsystemis supposedto stemfrom thelinks with thecortex
architectony mentionedabove.

The�rst sectionof thepaperdescribesthesulcusrecognitionsystem,andthesec-
ond sectionfocuseson thecortical parcellationinto gyri. The last sectiondescribesa
new meaningfulneuroscienceresultobtainedwith our framework: theautomaticcom-
parisonof thesizeof thesulciof 142brainsof theICBM projectrevealssomecorrelate
of handednessin themotorandpremotorcortex.

2 An arti�cial neuroanatomist

Thecomputervision systemin chargeof therecognitionof thecerebralsulci relieson
a bottom-upstrategy. This strategy aimsmainly at usinga scaleof representationded-
icatedto theshapeof thecortex. The transitiontowardsa higherlevel stemsfrom the
conversionof eachraw MR imageinto a structuralrepresentationsupposedto embed
all the information requiredfor the sulcusrecognition.While generalpurposecom-
putervision approachesbuild suchrepresentationsfrom genericfeatureslike edgesor
corners,our approachrelieson thecorticalshapebuilding blocks,namelytheelemen-
tary folds [27]. Othersimilar methodshave beenproposedto breakup thecortex into
componentpartsrelatedto the folds [23,41,34,11,49,25,31]. A rapid sketchof our
conversionprocessis describedin Fig. 1. Theunderlyingsetof imageprocessingtools
anda dedicatedvisualizationplatform canbe downloadedfrom http://anatomist.info.
The framework hasbeenappliedsucessfullyon morethan500brainsstemmingfrom
variousscanners.

After the conversionprocess,the patternsof the cortex arerepresentedby a rela-
tional graph,namelya set of elementaryfolds linked togetheraccordingto their to-
pographicalorganizationrelatively to junctionsandproximity on the cortical surface.
Variousattributesareattachedto thenodesandto thelinks of thisgraphin orderto keep
a sketchof the fold shapes.Theseattributesarecomputedafter af�ne spatialnormal-
izationtowardsthestandardproportionalsystem[13]. Thisnormalizationcaneitherbe
appliedto theMR scanbeforethe imageprocessingstep,or remainvirtual, namelyit
is appliedonly to coordinatesin thenativescan.Someof theseattributesare:
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Fig.1. Computationof a structural representationof thecortical folds froma raw T1-weighted
MR image [27,33]: A. raw MR slice; B. Brain hemisphere segmentation;C. Right hemisphere
cortex external surface;D. Right hemisphere cortex inner surface(interfacebetweengrey and
white matters); E. Skeletonof the (cortex + cerebro spinal �uid) object;F. Segmentationof the
skeletonusingdiscretetopologyandrecognitionof themainsulci; G.Anexampleof theattributed
subgraph representinga sulcus.Each node

���

is a pieceof thesurfacicskeletonwhile
�����������

representsthe brain hull. Threekindsof relationsare used:topological junction ��� , neighbor
geodesicto thebrain hull ��� , split inducedby a buried gyrus �! . Semanticattributeslike size,
length,depth,etc...are addedto nodesandrelationsfor recognition purpose.

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

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

At this stagethepatternrecognitionproblemamountsto giving a name(or a label)
from thesulcusnomenclatureto eachof theseelementaryfolds. Our strategy for this
purposerelieson supervisedlearningfrom a databaseof 26 manuallylabelledbrains.



Learning database Generalization database

Fig.2. Thematchingof themodelof thecortical sulciwith anynew brain is performedaccording
to a learning strategy. Left: 12 brains of the learning databasewith manuallabelling of some
sulci. This databaseis usedto train a congregation of 500 multilayer perceptrons [33]. Each
perceptron is in charge of a local anatomicalfeature like theshapeof a sulcus,or theshapeof a
pair of neighboringsulci.Automaticsulcusrecognition is performedvia stochasticminimization
of thesumof theexpertoutputs,relativelyweightedbytheir reliability ona testdatabase. Right:
50 brains not usedfor learning, which havebeenautomaticallylabelled by our methodand
alignedwith theproportionalsystemfor visualizationpurpose.

Then,thesystemlearnsto generalizetheknowledgeembeddedin thislearningdatabase
acrosslargevariationsof localization,orientation,andshapeof thesulci. Thesevaria-
tionsarelargeenoughto preventreliablerecognitionusingonly localizationin thepro-
portionalsystem[24]. But themaincomputationaldif�culty is thestructuralvariability
of the sulci acrossindividuals.A sulcuscorrespondingto one very long elementary
fold in onegivenbrainmaybemadeup of severalsmallelementaryfolds in a second
brain.Furthermore,thejunctionsbetweensulciarealsohighly variable,which leadsto
dif�culties similar to theonesrelatedto thesplit of handwrittenwordsinto characters.

The structuralvariability of the sulci acrossbrainscanalsobe seenasanalogous
to oneof thedif�cult problems,with which is confrontedhumanvision: the variabil-
ity of thespatialrelationshipsamongelementarypartsof an objectacrossorientation
changes.An approachto tackle this dif�culty consistsin extractinga view-invariant
structuraldescriptionof the object that is thenmatchedto storedobjectdescriptions
for recognitionpurpose[5]. Unfortunately, standardanatomicalknowledgedoesnot in-
cludeany brain-invariantgenericmodelof thesulci,which couldbeusedto overcome
theambiguitieswhentrying to labeltheelementaryfolds.Mostof thepsychologicaland
physiologicaldata,however, supportaconcurrentview-basedhumanvisionmodel,for
which multiple views of eachobjectarestoredin memory[32]. We have designedour
arti�cial neuroanatomiston themultiple-brain-basedanalogousof this multiple-view-
basedapproach:theshapeof eachsulcusis learnedfrom a setof examples.Therefore,
theresultingsystemis trainedto mimic theinterpretationof ourhumanneuroanatomist,



ratherthanto providea putative gold standardof thesulcusrecognition.Anotherneu-
roanatomiststandingfor a concurrentinterpretationof the folding patternscouldpro-
videanew manuallabellingof thedatabasethatwould leadto a rival arti�cial system.

Theabovediscussionfocuseson thenotionof sulcus,which correspondsto a kind
of characterof the cortical fold alphabetinferredby the neuroanatomistsof the last
century. The emergenceof these“characters”stemmedfrom the needto reducethe
hugecomplexity of thecortex folding patternsto intermediatefeatures,whichvariabil-
ity could be tackledby the humanbrain.This scaleof representationmay have been
automaticallyselectedto maximizethe informationdeliveredby the building blocks
correspondingto a few examplesof eachsulcus[40]. Thank to this choice,the neu-
roanatomistsgetthecapacityto generalizebroadlyto new brains.

A smallnumberof sulci, in fact,haveashapestableenoughto allow straighforward
recognition.Usually, theothersulciareidenti�ed usingakind of votecollectingagree-
mentsaboutthepresenceof thesurroundingsulci. This is a typeof groupingprocess
leadingtheneuroanatomistto recognizethe patternsmadeup of a setof neighboring
sulci. Furthermore,the neuroanatomistcan only observe a subsetof the sulci at the
sametime, which led us to designa Markovian system[20] relying only on local and
contextual knowledge:theshapesof the individual sulci andthepatternsmadeup by
pairsof neighboringsulci. This choicerelieson theassumptionthata setof canonical
local interactionsbetweenpairsof sulci is suf�cient to modelthepatternsmadeup by
morethantwo neighboringsulci.Eachlocalanatomicalknowledgeis learnedby amu-
tilayerperceptron,whichis ahyper-specializedanatomicalexpert.Two familiesof such
expertsareattachedrespectively to thesulcusshapesandto theneighborhoodpatterns.

Eachsulcusexpertof the�rst family hasa �eld of view, which is learnedfrom the
database,andcorrespondsto a domainof thestandardproportionalsystem.This �eld
of view is simply the boundingbox of all the instancesof the correspondingsulcus.
Duringthelabellingstepcorrespondingto therecognitionof thesulciof any new brain,
the label correspondingto a given sulcuscan only be given to the elementaryfolds
includedin theassociatedexpert's �eld of view.

Thesetof pairsof sulci taken in chargeby thesecondkind of perceptronsis also
inferredautomaticallyfrom the learningdatabase.Eachpair of sulci, whoseinstances
in thedatabasearesometimeslinked,leadsto thecreationof a localexpertdedicatedto
the resultingpattern.The contextual informationdriving thesulcusrecognitionstems
from thesulcusneighborhoodbuilt by this secondfamily of expert.The�elds of view
andthisneighborhoodendow thecongregationof expertswith a “corticotopic” organi-
zation,which maybe relatedto the retinotopicor somatotopicorganizationsfound in
thecortex.

During the recognitionstep,eachexpert is in charge of giving an evaluationfor
a small part of the whole labelling. This evaluationrangesfrom zero (good) to one
(bad).Sulcusexpertsdealwith a subgraphof folds de�ned by one label, while pair
expertsdealwith 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 knowledgeembeddedinto the learningdatabase.In order to
teachthis knowledgeto the perceptrons,eachsubgraphis compressedinto a simple
codemadeup of a �x ed setof synthesizedattributes.Theseattributescanbe viewed



asdescriptorsof thesubgraph.Somearemoresyntactic,like thenumberof connected
components;someotheraresemantic,like the total sizeor the maximaldepthof the
folds includedin the subgraph.Thesesynthesizedsemanticattributesare computed
from theattributesattachedto theelementaryfolds.Eachperceptronis trainedto give
a good evaluationto the examplesof the database,and a bad evaluationto random
modi�cations of theseexamples.Eachexpert's reliability is assessedfrom a second
learningbasein orderto weight theoutputof theexpertbeforeusingit asa potential
of theglobalMarkov �eld [33]. Finally, theautomaticlabellingof thefoldsof any new
brainis drivenby stochasticminimizationof aglobalfunctionmadeupof theweighted
sumof theperceptronoutputs.

Thesystemis still at thebeginningof its education.It hasbeentrainedfrom 26man-
ually labelledbrains,including10brainsusedasa testbasepreventingoverlearning.A
nomenclatureof 58 sulcusnamesis usedin eachhemisphere.Theautomaticrecogni-
tion resultsdecreasefrom "!#!$ of accordancewith themanuallabellingon thelearning
base,to %&#�$ onageneralizationbase,whichcallsfor increasingthesizeof thelearning
base.It shouldbenoted,however, thattheseresultsdonotmean'!#!$ of errors.Because
of thelargeinter individualvariability of thefolding patterns,indeed,nogold standard
exists to evaluatethepercentageof correctlabelling.This accordancemeasure,more-
over, is highly dependendenton thesulcus.For instance,thegeneralizationleadsonly
to (*) "+$ of disagreementfor centralsulcus,respectively ,+$ for lateral�ssure,while the
disagreementmay increaselargely for morevariablesulci, which leadssometimesto
questionthemanualidenti�cation.

Thetrainingof the500multilayerperceptronson this baseof 26 brainslastsabout
12 hourson a network of twentyrecentPentiumprocessors.Thestochasticminimiza-
tion leadingto the automaticlabelling last onehour for onehemispherewith a 2MH
processorandthe default tuning of the temperaturedecreasing.While the resultsare
closeto themanualones,a lot of questionsremainopenin the mostvariablecortical
areas.Therefore,afuturedirectionof work will consistin trying to improvethelearning
databasemanuallabelling thankto a betterunderstandingof thevariability stemming
from braingrowth studies[10].

3 Parcellation of the cortical surface

Imageanalysismethodsdedicatedto thecortex almostalwaysfocuson cortical folds,
becausethey canbede�nedsimplyusinggeometricproperties.Theusualneuroscience
point of view aboutthecorticalsurfacesegregation,however, is gyrusbased.A gyrus,
indeed,is usuallyconsideredto be a module of the cortex endowed with denseax-
onalconnectionsthroughoutlocal white matter([42]). Unfortunately, corticalgyri are
relatively dif�cult to de�ne from a puregeometricalpoint of view. Most of them,how-
ever, areassumedto bedelimitedby two parallelsulci. Therefore,our corticalsurface
parcellationis basedon theprevioussulcusrecognition.

Themainproblemcomplicatingthemorphologicalde�nition of thegyri is the in-
terruptionof thedelimitingsulci.Theideadevelopedin our framework overcomesthis
dif�culty usingtheVoronö� diagramprinciple([9]). Suchadiagramis a parcellationof
spacefrom asetof seeds.Eachparcelis thein�uence zoneof oneof theseeds,namely
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Fig.3.The de�nition of a gyrus fr om two parallel sulci usingthe Voronö� diagram principle.
A] Two schematicparallel sulci. B] De�nition of the Voronö� diagram of the sulcal lines, i.e.
parcellation of the domainin in�uence zonesof the sulci. C] The boundarybetweenthe two
in�uencezonesprovidesthegyrusseed.D] Thegyrusdelimitedby thetwo parallel sulci canbe
obtainedas the in�uence zoneof the previousboundaryseed.Theinitial two sulcal lines must
be removed from the domainto prevent the front propagation underlyingthe Voronö� diagram
constructionto crossthem(a gyrusshouldendat thebottomof thelimiting sulci).Therestof the
gyrusboundarieswill beinducedbya competitionwith theothergyri.

thedomainof spacecloserto this seedthanto any otherseed.If a setof linesapprox-
imatively locatedat the level of the crowns of the gyri of interestcanbe providedas
gyrusseeds,thewholegyralparcellationcanbede�ned from ageodesicdistancecom-
putedconditionallyto the cortical surface.Suchseedlines canbe extractedfrom the
boundariesof a �rst Voronö� diagramcomputedusingtheprojectionsof thesulcusbot-
tomson thecorticalsurfaceasseeds(seeFig. 3). In orderto imposethesulcusbottoms
aspartsof the boundariesbetweenthe gyral in�uence zones,they areremoved from
the cortical surfaceduring the computationof the seconddiagramto prevent the dis-
tancesto bepropagatedacrosstheselines.Hencetheresultingdiagramis inferredfrom
an iterative dilation of the gyrusseedsthat is stoppedeitherat the level of thesulcus
bottoms,or whentwo zonesof in�uence getin touchwith eachother.

A few resultsof parcellationarepresentedin Fig. 4. Theseresultsarequalitatively
comparableto atlasdescriptions,apartin occipital lobe. The parcellationmethodas-
sumesthat a reliable identi�cation of the main sulci can be performed�rst for any
subject,which is far to bethecasewith thecurrentpatternrecognitionsystem.We bet,
however, thatthecurrentstateof thissystemis suf�cient to obtaininterestingmorphom-
etry resultsif a largedatabaseof brainsis processed,which cannow bedonewithout
any userinteraction.

4 Corr elatesof handedness

It is usuallyassumedthatthelossof statisticalpower inducedby thenonperfectgyral
matchingof spatialnormalizationcanbecompensatedby largepopulationsizes.Two
recentlarge-scaleVBM studieswith hundredsof subjects,however, have reporteda
surprisingabsenceof resultsrelative to thepossiblerelationshipbetweenbrainasym-
metry and handedness[44,21], which may reveal somelimits of the point-by-point
paradigm.Sincehumanhandednesscanbeviewedasamodelof pro�cient or preferred
behaviors,severalROI-basedmorphometricstudieshavealsoaddressedthis issuefor a



Fig.4. A typicalparcellationobtainedfor theleft hemisphere of four differentbrains.Each color
correspondsto a differentgyrus.Theboundariesbetweengyri appearin white. For theexternal
faceof thebrain, thesetof pairs of sulci selectedfor this experimentaimsat de�ning the three
horizontal frontal gyri and the polar frontal face, the threehorizontal temporal gyri, Thepre-
andpostcentral vertical gyri correspondingto motor(cyan)andsomesthesic(green)areas,and
thetwo parietal lobules.Somenonsatisfyingattemptshavebeendoneto parcellatetheoccipital
lobe. Theright image providesthemixingof six brainsin thestandard proportionalsystem.

Fig.5. (left) Automaticrecognition of thesulci of 142subjects.(right) Correlatesof handedness
on an asymmetryindex correspondingto

�.-�/10+24345

076*3 , where 8 and 9 denotesleft andright sizeof
a sulcus.For each sulcus,theMann-Whitney U Testwasusedto compare theasymmetryindices
of left-handedandright-handedgroups.Theresultingp-valueswere mappedon thesulci of one
left hemisphere. Several of thedetectedsulci belongto thecortex areainvolvedin motorcontrol,
which wastheinitial guess.

few corticalstructures.For instance,thecentralsulcus,whichhousestheprimarymotor
cortex, wasfoundto bedeeperin theleft hemispherein right-handers,andviceversain
left-handers[47,2,1]. Thisresultremainscontroversialasotherstudiesdid notcon�rm
this interaction[46] or found an inversepattern[15]. Methodologicaldifferencesand
ageeffectsmayexplain theseinconsistencies[39].

To investigatewhetherthe new observation window provided by our framework
could answerthe kind of issuesaddressedby thesemanualROI-basedstudies,142
unselectednormalvolunteersof theICBM databasewereprocessedwithoutany manual



interaction.Thesesubjectscorrespondto theVBM studydescribedin [44]. On a short
handednessquestionnaire,14 subjectsweredominantfor left-handuseon a numberof
tasks;theremaining128subjectspreferredto usetheirrighthand.The142T1-weighted
brainvolumeswerestereotaxicallytransformedusingnineparameters[4] to matchthe
MontrealNeurologicalInstitute305averagetemplate.A setof 58 cortical sulci were
recognizedin eachhemisphere.

Thesizeof eachsulcuswascomputedfrom its skeletonizedrepresentation.Then,
left (L) and right (R) sizeswere usedto obtain a normalizedasymmetryindex ((L-
R)/(L+R)/2). For eachsulcus,the Mann-Whitney U Test was usedto comparethe
asymmetryindicesof left-handedandright-handedgroups.This testrelieson rankor-
der statistics,which arerobust to potentialoutliersstemmingfrom sulcusrecognition
errors.The resultingp-valuesweremappedon the sulci of one left hemisphere(see
Fig. 5.right).Severalsigni�cative differenceswererevealedby our analysis(:<;>=4) =!# ,
seeFig. 5). For eachresult,we reportthe p-valueandthe medianasymmetryindices
for right-handed(RH) andleft-handed(LH) groups.

Mostof thehighlightedsulci show anasymmetrypatternleft-right �ipped between
bothgroups:parieto-occipital�ssure (p=0.003,RH=-0.21,LH=0.06),inferior precentral
sulcus(p=0.013,RH=0.09,LH=-0.34), intermediateprecentralsulcus(p=0.019,RH=-
0.08,LH=0.24),anteriorinferior temporalsulcus(p=0.024,RH=-0.22,LH=0.11), cen-
tral sulcus(p=0.031,RH=0.04,LH=-0.05), while a few sulci presentonly an increased
asymmetryfrom onegroupto theother:retrocentralbranchof the lateralcerebral�s-
sure(p=0.028,RH=0.26,LH=0.99), medianfrontal sulcus(p=0.034,RH=-0.32,LH=0),
orbital sulcus(p=0.048,RH=0.03,LH=0.21). While it is too soonto discardthe in�u-
enceof variousbiaseson theseresults,severalof thedetectedsulci turn out to belong
to thecortex areainvolvedin motor control,which would have beenthe initial guess.
Interestingly, thehandednesscorrelatesarelower in theprimarymotorstructures(cen-
tral sulcus)thanin thestructuresresponsiblefor planningandcoordinatingmovements
(precentralsulcus).Moreover, thepatternof asymmetryobtainedfor thecentralsulcus
matchestheresultsobtainedby themajorityof themanualstudies[47,2,1].

5 Conclusion

A lot of otherstatisticalissuescanbeaddressedrelative to handednesscorrelates.All
the numerousshapedescriptorsusedby the patternrecognitionsystem,indeed,can
directly be usedfor morphometry. Shapedescriptorsdedicatedto the surfaceparcel-
lation describedin the previous sectioncanalsobe used,the simplestonebeingthe
gyral patchareas.Consideringthateachof the500perceptronsinvolvedin thesulcus
recognitionis feededby about25values,thesulcuspatternsdescriptionincludesabout
12500numbers.Hence,somecorrectionswill haveto bedevelopedto takeinto account
thehigh risk of falsepositivesimplied by multiple testing,following thepoint of view
developedfor VBM usingrandom�eld theory[48].
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