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ABSTRACT

In previous work, the authorspresenteda multi-stageprocedurefor the semi-automaticreconstructionof the cerebral
cortex from magneticresonanceimages.This methodsufferedfrom severaldisadvantages.First, thetissueclassification
algorithm usedcanbe sensitive to noisewithin the image. Second,manualinteractionwas requiredfor maskingout
undesiredregionsof the brain image,suchas the ventriclesandputamen. Third, iteratedmedianfilters wereusedto
performa topologycorrectionon the initial corticalsurface,resultingin anoverly smoothedinitial surface.Finally, the
deformablesurfaceusedto convergeto thecortex haddifficulty capturingnarrow gyri. In thiswork, all four disadvantages
of theprocedurehavebeenaddressed.A morerobusttissueclassificationalgorithmis employedandthemanualmasking
stepis replacedby an automaticmethodinvolving level setdeformablemodels. Insteadof iteratedmedianfilters, an
algorithmdevelopedspecificallyfor topologycorrectionis used.The lastdisadvantageis addressedusinganalgorithm
that artificially separatesadjacentsulcalbanks.The new procedureis moreautomatedbut alsomoreaccuratethanthe
previousone.Its utility is demonstratedby performingapreliminarystudyondatafrom theBaltimoreLongitudinalStudy
of Aging.
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1. INTR ODUCTION

With the advent of diagnosticimaging modalitiessuch as magneticresonance(MR) imaging, detailed in-vivo neu-
roanatomicalstudieshavebecomefeasible.In particular, therehasrecentlybeenconsiderableinterestin obtainingrecon-
structionsof thecerebralcortex. =?>A@ Suchreconstructionsareimportantnot only for studyingthegeometryof thebrain,
but alsoin characterizingtherelationshipbetweenits structureandfunction. Developingmethodsto performtherecon-
struction,however, is a dauntingtaskbecausethecomplex structureof thecortex requiressegmentationparadigmsto be
both flexible andexceptionallyrobust to imagingartifacts. Another importantpropertythat mustbe consideredis that
themethodshouldguaranteea topologicallycorrectrepresentation.Topologycontrolnot only providesa moreaccurate
representationof theunderlyinganatomy, it is acritical componentin obtainingastandardizedcorticalcoordinatesystem
andin performingcorticalunfolding.B In addition,areconstructionmethodshouldrequireaminimumamountof manual
interactionsothatlargepopulationstudiesarefeasible.

In previouswork,= we presenteda multi-stageprocedurefor thesemi-automaticreconstructionof the cerebralcor-
tex from magneticresonanceimages.This methodsufferedfrom several disadvantages.First, the tissueclassification
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Figure 1. Sampleslicesfrom acquiredMR imagedataandpreprocesseddata:(a)-(b)two slicesfrom original MR acquisition,(c)-(d)
sameslicesafterpreprocessingto extractcerebrum.

algorithmused,althoughrobustto intensityinhomogeneityartifacts,canbesensitive to noisewithin theimage.Second,
manualinteractionwasrequiredfor maskingout undesiredregionsof the brain image,suchastheventricles,putamen,
andothersubcorticalgray matterstructures.Third, iteratedmedianfilters wereusedto performa topologycorrection
on the initial cortical surface. This approachtendedto overly smooththe initial surface,resultingin reducedaccuracy.
Finally, thedeformablesurfaceusedto convergeto thecortex haddifficulty capturingnarrow gyri.

In this work, all four disadvantagesof the previousprocedureC have beenaddressed.A morerobust tissueclassifi-
cationalgorithmis employedthat incorporatesa smoothnessconstrainton theresultingfuzzy membershipfunctions.In
addition,the manualmaskingstepis replacedby an automaticmethodinvolving level setdeformablemodels. Instead
of iteratedmedianfilters, an algorithmdevelopedspecificallyfor topologycorrectionis used. This algorithmanalyzes
the connectivity within the brain volumeandobtainsthe appropriatetopologywhile effecting minimal changesto the
initial surface.Thelastdisadvantageis addressedusinganalgorithmthatartificially separatesadjacentsulcalbanks.This
allows thedeformablesurfaceto moreaccuratelyrepresenttheunderlyinggeometryof thecortex. We show thatthis new
procedureexhibits improvedaccuracy overthepreviousoneanddemonstrateits utility by performingapreliminaryaging
studyon tensubjectstakenfrom theBaltimoreLongitudinalStudyof Aging.DFE?CHG

2. METHODS

In this section,eachstepof the cortical reconstructionprocedureis described,focusingon the differencesbetweenour
new procedureandthepreviousone.C Theprocedurebeginswith anMR imagedatasetthatundergoesa preprocessing
stepto removeundesirableregionsof theimagedata,suchasextracranialtissue.This is followedby atissueclassification
stepthatsegmentstheremainingimageregionsinto graymatter(GM), whitematter(WM), andcerebrospinalfluid (CSF).
Basedon thetissueclassificationandsomeadditionalprocessingto remove connectionsto extraneousstructureswithin
the brain, an initial surfacerepresentingthe GM/WM interfaceis computed.Next, this surfaceis processedto ensure
that it is topologicallyequivalentto a sphere.Finally, a deformablesurfaceis usedto refinethecorrectedestimateof the
GM/WM interfaceto thegeometriccenterof thecerebralcortex. To allow thedeformablesurfaceto capturenarrow sulcal
regionsin this laststep,anautomaticeditingalgorithmis usedthatseparatesthebanksof theseregions.

2.1.Data Acquisition and Preprocessing

Our procedureusesT1-weightedvolumetricMR imagedatawith a voxel sizeon theorderof 1 mmI . This dataprovides
adequatecontrastbetweenGM, WM, andCSFin a singleintensityparameter, andhasfine enoughresolutionto resolve
the complex structureof the cortex. It hasbeentestedon both axially acquiredimagedatawith in-planeresolutionof
0.9375J 0.9375mm andout-of-planeresolutionof 1.5mm andon coronaldatawith comparableresolutionfigures.The
algorithmis easilymodifiedto usemulti-channeldata,but theresolutionmustbethesameor better.
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Figure2. Tissueclassification:(a)MR imagecorruptedby noiseandintensityinhomogeneities,(b) FCM GM membership,(c) AFCM
GM membership,(d) FANTASM GM membership,(e)FANTASM WM membership,(f) FANTASM CSFmembership.

After theimagedatahasbeenacquired,it is preprocessedto removeskin,bone,fat,andothernon-cerebraltissueusing
a semi-automatedsoftwarepackagedevelopedby ChristosDavatzikosandJerryMiller at JohnsHopkinsUniversity.=HK
This packagefeaturesa combinationof region growing algorithmsandmathematicalmorphologyoperatorsto easethe
processingof cerebraltissueextraction. Next, the cerebellumandbrainstemareremovedsincewe areonly interested
in the cerebralcortex. Currently, this is performedmanuallybut we notethat further automationin thesestepsmaybe
possibleusingotherpublishedmethods.@FL?=M=NLO=QP Fig. 1 shows thetwo slicesfrom a typical MR imagevolumebeforeand
afterthisprocedurewasapplied.Theincreasedcontrastapparentin theseimagesis simplytheresultof animageintensity
rescaling.Thefinal stepin thepreprocessingis to trilinearly interpolatethesegmentedvolumeto cubicvoxelshaving the
in-planeresolutionin all threedirections.This reducesthedirectionaldependency in subsequentprocessing.

2.2.Tissueclassification

OncetheMR imageshave beenpreprocessed,a tissueclassificationalgorithmis employedto identify theimageregions
correspondingto GM, WM, andCSF. In ourpreviouswork,= theAdaptiveFuzzy R -Meansalgorithm(AFCM) wasused
to performthetissueclassification.Theadvantageof this algorithmis that it generatesa fuzzy segmentationwhile com-
pensatingfor intensityinhomogeneityartifactsthatmayoccurwithin theMR images.Thefuzzysegmentationallows for
bettermodelingof partialvolumeeffectswithin theimage.A disadvantageof thealgorithmis thatit canexhibit sensitivity
to excessive noisein theimage.In this work, anextensionof AFCM that is morerobustto noisethanAFCM, calledthe
FuzzyandNoiseTolerantAdaptive SegmentationMethod(FANTASM), =HS is used.A brief overview of FANTASM is
providedin this section.
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Figure 3. AutomaticWM filling: (a) The original WM slice and(b) the editedresult. The dark curvesshow the detectedventricle
boundaryandthedashedrectangularbox shows theboundaryof theputamenmask.

AFCM is derived by minimizing the following objective function with respectto the membershipfunctions, the
centroids,andthegainfield =OT :

UWVYXWZ\[^]^_`AaWb
c_dfe = gih` d�jfk `�lnm `Ao d j P8p
q = _`AaWb

r_ s e = tvu
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Here, } is thesetof voxel locationsin the imagedomain, ~ is a user-selectedparameterthat is constrainedto begreater
thanone, g ` d is the membershipvalueat voxel location � for class � , k ` is the observed (vector) imageintensity at
location � , o d is the centroidof class � , and m ` is the scalargain field . The total numberof classesR is assumedto
be three,correspondingto GM, WM, andCSF. The parameter~ determinesthe amountof “fuzziness”of the resulting
classification,=H� andis setto 2 in this work. The last two termsarefirst andsecondorderregularizationtermsusedto
constrainm ` to bespatiallysmoothandslowly varying. Theparametersq = and q P control theamountof regularization
andaredeterminedempirically.

The AFCM objective function is minimizedwhenhigh membershipvaluesareassignedwherepixel intensitiesare
closeto thecentroidfor its particularclass,andlow membershipvaluesareassignedwherethepixel datais far from the
centroid.Thegainfield adaptsto inhomogeneitiesby allowing thecentroidsto vary spatiallythroughtheimagewith the
observeddata.Optimizationof theobjective functionis accomplishedusinganiterativealgorithm.=HT

Notethattheobjectivefunction(1) doesnotassumeany spatialsmoothnesswith respectto themembershipfunctions.
This deficiency causesAFCM to be sensitive to noise. To addressthis problem,FANTASM usesa modifiedobjective
function: UWXAVY�Y�WVi��[�]�UWVYXWZ\[ p�� � _`AaWb

c_dfe = gih` d _� aW��� _�+�e�d gih� � (2)

In thisequation,� ` is thesetof first orderneighborsof pixel � . Theadditionalpenaltytermforcesthemembershipvalues
at eachpixel to bedependenton its neighbors.It is smallwhenthemembershipvaluefor a particularclassis largeand
themembershipvaluesfor theotherclassesat neighboringpixelsis small (andvice versa).Thetermresemblestheprior
probabilitymodelsusedin Markov randomfield methods.=Q� Themajordifferencesarethat g ` d arecontinuously-valued
variablesandthattheparameter~ is usedwithin thetermto maintainthefuzzycharacteristicsof themembershipfunction.
Theparameter� determinestheamountof smoothnessthat is placeduponthemembershipfunctionsandis determined
empirically.

Figure2 shows theresultsof applyingstandardfuzzy R -means(FCM), AFCM, andFANTASM to a simulatedMR
image.=H@ The FCM resultshows sensitivity to both inhomogeneityandnoiseartifacts. The AFCM result is improved
becauseit adaptsto theinhomogeneities,but thenoisewithin theimagedegradesits performance.TheFANTASM result
is robustto bothartifactsandprovidesa moreaccurateoverall segmentation.
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Figure4: Topologycorrectionof WM volume:(a)beforecorrection,(b) aftercorrection.Thearrows point to handleson thesurface.

2.3.Automatic editing of the WM membershipfunction

Using the resultsof the tissueclassification,an estimateof the GM/WM interfacecan be obtainedby computingan
isosurfaceontheWM membershipfunctionatavalueof 0.5.Beforethis is performed,however, themembershipfunction
requiressomeeditingsothatextraneousstructuresarenot included.Sincetheboundariesof theventriclesandsubcortical
GM suchastheputamenandthecaudatenucleusaregenerallyconnectedto thecorticalGM/WM interfacein theWM
membershipfunction,theisosurfacecomputedfrom theWM membershipfunctionis acompositeof thecorticalGM/WM
interfaceandtheseextraneousconnectedsurfaces.To resolvethisproblem,theoriginalprocedureC requiresamanualstep
to fill theventriclesandsubcorticalGM regionsin thesegmentedWM volumebeforeapplyingtheisosurfacealgorithm.
This manualstepis laboriousand time-consuming.Here, it is automatedto allow for large populationstudies. An
overview is providedin this section.A moredetaileddescriptionof theautomatedmethodis available.CQ�

The main observation that servesasthe basisof the methodis that the subcorticalGM togetherwith the ventricles
form concavities insidethe WM thatopentowardsthe bottomof thebrain,aroundthe brainstemarea.Theautomated
algorithmin this stepseeksto fill theseconcavities, thusseparatingthe subcorticalGM andventriclesfrom the cortex.
The concavities that mustbe filled canbe identifiedby the presenceof the ventricles. To make useof this anatomical
information,theventriclesarefirst extractedusingathree-dimensional(3-D) geometricdeformablesurfacemodel.Then,
usingthe detectedventriclesasseedsandthe segmentedWM andoneor moreautomaticallydeterminedsealinglines
asboundaries,the concavities in the WM volumearefilled by a two-dimensional(2-D) region-growing performedon
coronalslices.Thesealinglinesareidentifiedat thebaseof thebrainwithin eachcoronalsliceandroughlycorrespondto
thebottomof thediencephalon.

A difficulty mayarisewhena thin strandof WM thatexistsbetweentheputamenandthecorticalGM is brokendue
to an error in the tissueclassification.This causesthe region-growing procedureto fail. This problemis addressedby
applyinga maskto identify theputamenregion andconstrainingtheregion growing to take placewithin this mask.The
maskis drawn a priori in TalairachcoordinatesCHD andis mappedautomaticallyto eachindividual brain after the brain
is registeredto the standardizedspace.�QG To initialize the registration,two landmarkpointsarerequired: the anterior
commissure(AC) andtheposteriorcommissure(PC).

Figure3 shows an exampleof how concavities in the WM membershipfunction arefilled usingour automatical-
gorithm. The isosurfaceof the editedWM volumeis no longerconnectedto the boundariesof the ventriclesandthe
subcorticalGM. In addition, the editedWM volumeresultsin fewer topologicalinconsistenciesthat would otherwise
havebeenpresentfrom inclusionof theputamenarea.
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Figure5: Effectsof ACEon theGM membershipfunction: (a)beforeACE,(b) afterACE.

2.4.Topologycorrection

Oncethewhitemattermembershipfunctionhasbeenedited,anisosurfacealgorithmPf= is usedto constructanestimateof
the GM/WM interface. This isosurface,however, will not possessthecorrecttopologyandrequiresfurtherprocessing.
Figure4(a)showshow handlescanbeformedontheisosurfacecomputedfrom theWM membershipfunction.To perform
thetopologycorrection,our Graph-basedTopologyCorrectionAlgorithm (GTCA) is used.PMP

GTCA removesall handlesfrom a binary object,which in our caseis the largestconnectedcomponentof a WM
membershipfunction (filled to remove concavities). It relies on a connectiongraphto detecthandles. The graphis
constructedby usinga morphologicalopeningoperation,appliedto eitherthe foregroundor thebackground,producing
bothbodyandresiduepartsof theoriginal object.A conditionaltopologicalexpansionprocedure,similar to theregion-
growing procedureof Mangin et al.,PMS is usedto replaceresiduepartsthat do not involve handles. A graphis then
constructedby analyzingthe connectivity of the body andresiduepieces,andoneor moreresiduepiecesareremoved
to breakthe cyclesin the graph,thusremoving handlesin the volume. Sincesmall correctionsaredesirable,we apply
this procedureon boththeobjectandits backgroundstartingwith a small structuringelementto cut “thin” handlesand
fill “narrow” tunnels.We thenincreasethescaleof thefilter by usinglargerstructuringelements,which guaranteesthat
topologicaldefectsarealwayscorrectedat thesmallestpossiblescale.

Figure4(b) shows the isosurfacecorrespondingto the GM/WM interfaceafter topologicalcorrection. The handles
thatwerepresentin Figure4(a)havebeencompletelyremoved.ThecorrectedsurfacehasanEulercharacteristicequalto
2, andis thereforetopologicallyequivalentto a sphere.

2.5.Anatomically consistentediting

Becauseof partialvolumeeffects,opposingsulcalbanksaresometimescompletelyblurredtogetherwithin theacquired
imagesandconsequently, theGM membershipfunctionaswell. Affectedareaswill thereforebepoorly reconstructedby
our procedure.In orderto solve this problem,our AnatomicallyConsistentEditing (ACE) approachis appliedprior to
thesurfacerefinement.PQT ACE automaticallymodifiestheGM membershipfunctionin narrow sulcalregionsto produce
evidenceof CSFwhereit is otherwiseobscuredby partialvolumeeffects.

The first stepin ACE is to detectthe medialaxis of the sulci. A 3-D signeddistancefunction, denoted� t�� y , is
computedon theGM/WM interfacebeforetopologycorrection.Thisdistancefunctionhasthepropertyof beingnegative
insidethe GM/WM interface,zeroon the interface,andpositive outsidethe interface. Note that the mostaccuraterep-
resentationof the interfaceis desiredfor this stepandtopologicalcorrectnessis not critical. Theexternalmedialaxis is
identifiedby computingthediscreteLaplacianof thedistancefunction,andsettingall valuesto zerowhereverthedistance
functionis negative.Theexternalmedialaxis,denotedby � t�� y , is thennormalizedto therange� �����A� .

Thefunction � t�� y is usedto modify theoriginal GM membershipfunction. Oneissuethatmustfirst beaddressed,
however, is thepresenceof medialaxesthatcanapproachall thewaythroughtheGM to theGM/WM interface.Although
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Figure6: Final reconstructedsurface:(a) topview, (b) bottomview, (c) lateralview.

� t�� y decreasesasit approachesthe interface,we do not want to risk actuallymodifying the GM membershipfunction
very nearits interior surface. Accordingly, modificationsto the GM membershipfunction areonly madeat a distance
greaterthan1 mm from the GM/WM interface— an arbitrarydistancechosenbecauseit representsa lower boundon
corticalthickness.Following this rationale,weproduceanACEGM membershipfunctionasfollowsgY�  [ t�� y ]¢¡ �£� l � t�� y � g   [ t�� y � t�� y�¤ �g   [ t�� y otherwise

(3)

TheACEresultis illustratedin Fig. 5, wherea2-D cross-sectionalview is shown. Clearly, thereis amarkedimprove-
mentin theappearanceof sulcalgapsin theACE resultascomparedto theoriginal GM membershipfunction. We note
thatACE only hasaneffectwithin sulci,andeventhenonly whenthereis actualGM on theexternalmedialaxis.

2.6.Refinementusing a deformable surface

After obtainingan initial estimateof thecortical surfacethat is topologicallycorrect,thesurfacerequiresrefinementto
the geometriccenterof the cortex. Using a deformablesurfacemodel, it is possibleto have this initial surfacemove
towardthecentrallayerof theGM. TheACE algorithmensuresthateventightly packedsulci will bereconstructed.The
deformablesurfacemodelusedhereis thesameasdescribedin our previouswork = andthedetailsareomittedhere.

Figure6 showsthefinal reconstructedcorticalsurfacefrom differentview angles.Thecorticalfoldsarecapturedwith
ahighlevel of detail.Notethatthesurfacelooksmoreopenthanwhatonenormallyseeswhenlookingat thecortex. This
is becauseour surfaceis thegeometriccenterof thecortex, asopposedto theoutersurface.Thebottomview showshow
theautomaticWM editingsuccessfullycappedoff theventriclesandotherstructuresfrom therestof thesurface.Figure7
showscross-sectionalviewsof boththereconstructedsurface(thewhitecontour)andthetopologicallycorrectedGM/WM
interface(theblackcontour).It is apparentthatthereconstructedsurfacecloselyfollows theunderlyinganatomy.

3. RESULTS

Theentirecorticalsurfacereconstructionprocedurewasimplementedin C ona250MHzR10000SGIOnyx workstation.
Theonly manualinteractionrequiredin theprocedureis in thepreprocessingandtheselectionof theAC andPC.Total
processingtime for asingledatavolumeis lessthanfour hours.

To comparethe differencein performancebetweenthe new procedureand the previous procedure,= a validation
experimentusing landmarkswas performed. Landmarkswere selectedon the fundusof the centralsulcus(CS), the
crown of the post-centralgyrus(PCG),the mostanteriorpoint of the temporallobe (TLG), midway alongthe fundus
of the calcarinesulcus(CALC), and on the medial frontal gyrus (MFG). The landmarkerror was then computedas
the minimum distancebetweenthe given landmarkand the reconstructedsurface. Table1 shows the landmarkerrors
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Figure7. Cross-sectionalviewsof thereconstructedsurface:(a)axialview, (b) coronalview, (c) sagittalview. Topologicallycorrected
GM/WM interfaceis in black,final surfaceis in white.

Table 1: Old Landmarkerrors(in mm)

Subject
Landmark 1 2 3 4 5 6 Mean Std
CSC 1.21 2.40 1.48 0.22 0.63 0.47 1.10 0.80
CS� 1.67 1.84 0.86 1.17 1.27 2.02 1.50 0.44
PCGC 0.77 0.66 0.34 0.64 1.27 0.67 0.73 0.30
PCG� 0.84 0.96 0.93 0.67 0.40 0.35 0.69 0.27
TLG C 0.34 0.60 2.90 0.93 2.80 0.47 1.30 1.20
TLG � 3.50 2.12 0.98 1.25 5.73 1.29 2.50 1.80
CALC C 0.82 0.68 1.31 0.25 0.38 0.68 0.69 0.37
CALC � 1.25 5.73 2.92 0.63 2.24 0.39 2.20 2.00
MFGC 0.32 0.75 0.66 1.38 0.34 0.45 0.65 0.40
MFG� 1.37 1.35 0.64 0.23 1.01 1.06 0.94 0.44
Mean 1.20 1.70 1.30 0.74 1.60 0.78 – –
Std 0.91 1.60 0.91 0.43 1.70 0.53 – –

computedusingthe previousprocedure,andTable2 shows the errorsfrom the new procedure.The subscriptson each
landmarklabel refer to the left andright hemispheres.Thenew procedureexhibits both improvedoverall accuracy and
substantiallyincreasedstability, asindicatedby the lower standarddeviation values.Errorsaretypically on theorderof
1mm,which is approximatelytheresolutionof theacquiredimages.

To demonstratetheutility of theprocedure,apreliminarystudyontensubjectstakenfrom theBaltimoreLongitudinal
Studyof Aging CHG wasperformed.Thesampleconsistedof five malesandfive femalesover60 yearsold. Usingcortical
surfacesreconstructedfrom MR scansacquiredfour yearsapart,threedifferentmeasureswerecomputed:total surface
areaof thecortex, three-dimensionalgyrification index, andsulcalvolume. Thelatter two measuresrequirethecompu-
tationof a “shrinkwrapsurface”thattightly surroundsthecorticalsurfacewithout enteringinto sulci.�N¥ Thegyrification
index is thereforedefinedto betheratio of thecorticalsurfaceareato shrinkwrapsurfacearea.This measureis anindi-
cationof theamountof folding that is occurringin thecortex. Sulcalvolumeis definedto bethedifferencebetweenthe
total volumecontainedwithin theshrinkwrapandthevolumecontainedwithin thecorticalsurface.

The resultsof thesemeasurementsare shown in Table 3. Analysesof longitudinal changesin all threemeasures
revealedstatisticallysignificantchangesoverthefour yearinterval (paired¦ -test,§�¨�©«ª ©­¬ ). Surfaceareaandgyrification
index werefoundto decrease,andsulcalvolumewasfoundto increase.Thesechangesimply thatsomelevel of atrophyis
occuringin thebrainsof theseoldersubjects.Correlationsbetweenthepairedmeasurementswerealsoveryhigh (0.992,



Table2: New Landmarkerrors(in mm)

Subject
Landmark 1 2 3 4 5 6 Mean Std
CS= 1.03 2.25 0.74 0.60 0.32 0.37 0.88 0.65
CSP 1.47 1.53 0.59 0.33 0.86 0.59 0.89 0.46
PCG= 0.82 0.74 0.47 0.52 2.09 0.62 0.88 0.56
PCGP 1.00 0.46 0.65 0.64 0.35 0.55 0.60 0.20
TLG = 0.29 0.83 0.75 1.06 1.21 0.21 0.73 0.37
TLG P 1.00 2.51 0.91 0.90 0.53 0.51 1.06 0.68
CALC = 0.83 0.47 0.89 0.52 0.33 0.45 0.58 0.21
CALC P 0.96 2.85 1.07 0.81 0.66 1.01 1.23 0.74
MFG= 0.64 1.24 0.45 1.73 1.88 1.42 1.23 0.53
MFGP 1.09 1.33 0.59 0.82 0.41 0.99 0.87 0.31
Mean 0.91 1.42 0.71 0.79 0.86 0.67 – –
Std 0.30 0.86 0.20 0.39 0.66 0.36 – –

Table3: LongitudinalMeasurementson thereconstructedcorticalsurface

Surf. Area(mmP ) Gyr. Index SulcalVol. (mmS )
Subject Time1 Time2 Time1 Time2 Time1 Time2
1 213591 213297 2.553 2.525 320252 327972
2 155840 155793 2.276 2.256 231498 236367
3 191968 188774 2.580 2.513 269774 279565
4 186379 187039 2.480 2.462 277685 279309
5 173651 170561 2.410 2.368 257186 262860
6 193389 186985 2.457 2.415 304710 312815
7 143797 140273 2.266 2.185 209659 212572
8 168402 168402 2.414 2.369 249971 248296
9 157443 158312 2.445 2.468 218201 216918
10 168728 170377 2.372 2.394 279882 277417

0.951,and0.994for surfacearea,gyrificationindex, andsulcalvolume,respectively), indicatingahighdegreeof stability.
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