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Abstract

We presentnew framework for 3D surfaceobjectclassi cationthatcombinesa powerful
shapedescriptionmethodwith suitablepatternclassi cationtechniques.Sphericalharmonic
parameterizatioandnormalizationtechniquesreusedto describea suriaceshapeandderive
adualhigh dimensionalandmarkrepresentationA point distribution modelis appliedto re-
ducethe dimensionality Fishers linear discriminantsand supportvector machinesare used
for classi cation. Severalfeatureselectiorschemesgreproposedor learningbetterclassi ers.
After shawing the effectivenessof this framewvork usingsimulatedshapedata,we applyit to
realhippocampablatain schizophreniandperformextensve experimentaktudiesby exam-
ining different combinationsof techniques.We achieve bestleave-one-outcross-alidation
accuracieof 93% (whole set, N = 56) and 90% (right-handedmales,N = 39), respec-
tively, which are competitve with the bestresultsin previous studiesusing different tech-
niqueson similartypesof data.Furthermoreto helpmedicaldiagnosisn practice we employ
athreshold-fregecever operatingcharacteristi§ROC) approachasan alternatve evaluation
of classi cationresultsaswell asproposeanev methodfor visualizingdiscriminatve patterns.

Keywords: Shapeanalysissurfaceparameterizatiorglassi cation,featureselection statisti-
cal patternrecognition medicalimageanalysis

1 Intr oduction

Objectclassi cationvia shapeanalysiss animportantandchallengingoroblemin machindearn-
ing andmedicalimageanalysis.Classi cationinvolvesexamplesrom distinctclassesTheaimis
tolearnaclassi erfrom atrainingset,or setof labeledexamplegepresentinglifferentclassesand
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thenusetheclassi erto predicttheclassof any new example.This paperfocusesn classi cation
of 3D neuroanatomistructureausingshapeeaturesn the brainimagingdomain. The goalis to
identify shapeabnormalitiesn a structureof interesthatareassociateavith aparticularcondition
to aid diagnosisandtreatment.To achieve this goal,we proposea new framevork thatcombinesa
powerful 3D surfacemodelingtechniquewith a setof effective patternclassi cation,featureselec-
tion, evaluationandvisualizationtechniques.The proposedramenork canderive a shape-based
medicalclassi er thathasclinical value. It canalsobeappliedto 3D shapeclassi cationproblems
in otherdomainssuchascomputewision, imageprocessingndpatternrecognition.

Shape-basedassi cationconsistof two major steps:(1) shaperepresentatiofor extracting
shapgrarametersand(2) patternclassi cation[11] for learningaclassi er baseconthoseparam-
eters.Numerous3D shapeepresentatiotechnique$iave beenproposedn the areasof computer
vision andmedicalimageanalysis suchas,landmark-basedescriptorg2, 7], deformationelds
generatedy mappinga segmentediemplateimageto individuals[10, 21], distancetransforms
[1], medialaxes[25, 32, 31], andparametricsurfaced1, 4, 30]. This paperfocuseson parametric
surfacesusing sphericalharmonics. We proposea new framavork of combiningthis represen-
tation with a setof effective patternclassi cation and processingechniquedor classifying3D
neuroanatomistructures.Our techniguesare designedor simply connecte®D objects,a cate-
gory mary brainstructureselongto. We demonstratéhesetechniquesisingsyntheticshapedata
aswell asrealhippocampatatasetsextractedfrom magneticesonancéMR) images.

Thehippocampuss acritical structureof thehumanlimbic systemwhichis involvedin learn-
ing and memory processing. Several shapeclassi cation studieshave beenconductedfor dis-
covering hippocampatkhapeabnormalityin the neuropsychiatridiseaseof schizophreniawhere
classi cationaccuraciesreall estimatedisinglease-one-outcross-alidation. Csernansk et al.
[10] studiedhippocampalmorphometryusing an image-basedleformationrepresentationand
achiered80%classi cationaccurag throughprincipalcomponenainalysigPCA)andalineardis-
criminant.Golland,Timoneretal. [15, 16,34] conducte&amygdala-hippocampu®mple studies
usingdistancdransformatiormapsanddisplacementlds asshapelescriptorsandachiezedbest
accuracie®f 77%and87%,respectrely, usingsupportvectormachine{SVMs) [9]. We studied
hippocampakhapeclassi cationin [27] usinga symmetricalignmentmodelandbinary images,
andachieved96%accurayg usingonly thesecondorincipalcomponentfter PCA.

Theabove areall image-basedr voxel-basedapproachesWe aremoreinterestedn surface-
basedapproacheswhich have the following advantages.First, comparedwith image-base@p-
proachessurface-base@pproachesanbe appliedin more generalsituationswherea surfaceis
notembeddedn animagebut de ned in anothemway suchassegmentedoundarie®r triangula-
tions. Secondfor a 3D volumetricobject,its boundaryor surfaceactuallyde nesthe shapeand
sosurface-basedepresentatiomaybe moreappropriatdor shapestudyunlesshe appearancer
tissueinsidethe objectis alsothefocusof interest.Third, somenoisy stepdik e resamplingn the
voxel-basedanalysiscanbe avoided.

The SPHARMdescription4] is a parametricsurfacedescriptionusingsphericaharmonicsas
basisfunctions. Sphericalharmonicswas originally usedas a type of surfacerepresentatioifior
radial or stellarsurfaces(r( ; )) [1], andlater extendedto moregeneralshapedy representing
a surfaceusingthreefunctionsof and [4]. Now SPHARM s a powerful surfacemodeling
approacHor arbitrarily shapedut simply-connectedbjects.lt is suitablefor surlacecomparison
andcandealwith protrusionsandintrusions. Gerig, Stynerand colleaguehave donenumerous



SPHARMstudiedor 3D medialshapegm-rep)modeling[32, 31], model-basedegmentatiorj22],

andidentifying statisticalshapeabnormalitiesof differentneuroanatomistructureq12, 32); see
[14] for acompletdist. They have alsodoneahippocampashapeclassi cationstudy[13] by using
SPHARMfor calculatinghippocampahsymmetrycombiningit with volume,andachieving 87%
accurag usingSVM.

Our previousstudy[29] closelyfollowedthe SPHARM modelandcombinedt with PCAand
Fisherslineardiscriminant(FLD) in a hippocampakhapeclassi cationstudyandachieved 77%
accurayg. This paperextendsour previouswork by integratingadditionalclassi cationtechniques
andfeatureselectiorapproachem orderto obtainanimprovedclassi cation.In addition,we study
athreshold-freeeceveroperatingcharacteristi¢ROC) approach3, 18, 33] for betterunderstand-
ing the behaiors of classi cationsystemsaswell asproposea nev methodfor visualizationof
discriminatve patterns We alsodiscusghe computationatostsinvolvedin the study

The rest of the paperis organizedas follows. Section2 describeghe surface description
approachusing SPHARM expansionand point distribution model. Section3 presentdifferent
classi ers appliedin the study Section4 considersfeatureselectionapproachesnd performs
experimentalstudies. Section5 examinesfurther studiesbasedon linear classi ers, including a
threshold-freeROC analysisanda new methodfor visualizingdiscriminatve patterns.Section6
discusseshe computationatostsinvolvedin the study Section7 concludeghe paper

2 Surface-based epresentation

In this study thetestdatausedto demonstrateur techniquesrehippocampustructuresxtracted
from magnetiaesonancéMR) scans.Thereare21 healthycontrolsand35 schizophrenigatients
involved. Theleft andright hippocampin eachMR imageareidenti ed andsegmentedy manual
tracingin eachacquisitionslice usingthe BRAINS softwarepackagg20]. A 3D binaryimageis
reconstructedrom eachsetof 2D hippocampusegmentatiorresults,with isotropicvoxel values
correspondingo whethereachvoxel is excludedor included.The surfaceof this 3D binaryimage
is composef a meshof squarefaces(seethe rst picturein Figure 1 for one exampleof such
surfaces).In this section,we present1) how to describesucha surfaceusing SPHARM param-
eterization;(2) how to normalizethis SPHARM modelinto a commonreferencesystemso asto
establishsurfacecorrespondencacrosdifferentsubjectsaswell asextractonly shapenformation
by excludingtranslationyotationandscaling;(3) how to usethe SPHARMmMmodelto createsimilar
syntheticshapeghatwill be usedastestdatasetsto evaluateour classi cationapproachesand
(4) how to usea pointdistribution model(PDM) to obtaina morecompactshapdeaturevectorto
male classi cationfeasible.

2.1 SPHARM shapedescription

We adoptthe SPHARM expansiontechniqug4] to createa shapedescriptionfor closed3D sur
faces.An input objectsurfaceis assumedo be de ned by a squaresurfacemeshcorvertedfrom
an isotropic voxel representatiorfseethe rst picturein Figure 1 for a hippocampalsurface).
Threestepsareinvolvedto obtaina SPHARMshapedescription:(1) surfaceparameterizatiorn(2)
SPHARMexpansionand(3) SPHARMnormalization.
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Figurel: The rst pictureshovsavolumetricobjectsurface.Thesecondthird andfourth pictures
shav its SPHARMreconstructionsisingcoefcients up to degreesl, 5 and12, respectiely.

Surface parameterization aimsto createa continuousand uniform mappingfrom the ob-
ject surfaceto the surfaceof a unit sphere. The parameterizatiotis formulatedasa constrained
optimizationproblemwith the goalsof topologyandareapreseration anddistortion minimiza-
tion. Theresultis a bijective mappingbetweeneachpointv( ; ) onasurfaceandtwo spherical
coordinates and : 0 1

x(5)
v(;)=By(;)K: (1)
z( ;)
Thekey ideain this stepis to achieze a homogeneousdistribution of parametespacesothatthe
surfacecorrespondencacrossubjectscanbeobtainedateron; see[4] for details.

SPHARM expansionexpandsthe objectsurfaceinto a completesetof SPHARM basisfunc-
tions Y™, whereY,™ denotesthe sphericalharmonicof degreel and orderm. The spherical
harmonicd37] arede ned as

V
do+1( m .
vy B A (eos )€ ; @
whereP™(cos ) are associated_egendrepolynomials(with agumentcos ), andl andm are
integerswith | m |. TheassociatedlegendrepolynomialP," is de ned by the differential
equation
reo= % e I e gy, @3)
2! dx!+m

Theexpansiortakestheform:

R X
v(; )= 'Y ) (4)
1=0 m= |
where 0 o 1
|
=@ K: (5)
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Figure2: NormalizedSPHARM reconstructionieft andright hippocampifrom 21 healthycon-
trols and35 schizophrenigatients.

Thecoefcients c[" upto auserdesireddegreecanbeestimatedy solvingasetof linearequations
in a leastsquaredashion. The objectsurfacecanbe reconstructedising thesecoefcients, and
using more coefcients leadsto a more detailedreconstruction. SeeFigure 1 for an example.
Thus,a setof coefcients actuallyform anobjectsurfacedescription.

SPHARM normalization createsa shapedescriptor(i.e., excluding translationrotation,and
scaling)from anormalizedsetof SPHARMcoefcients, whicharecomparablecrosobjects.Ro-
tationinvarianceis achievedby aligningthe degreel reconstructionwhichis alwaysanellipsoid.
The parameteneton this ellipsoidis rotatedto a canonicalpositionsuchthatthe north poleis at
oneendof thelongestmainaxis,andthe crossingpoint of the zeromeridianandthe equatoiis at
oneendof theshortesmainaxis. In the objectspacetheellipsoidis rotatedto make its mainaxes
coincidewith thecoordinateaxes,puttingtheshortesaxisalongx andlongestalongz. Scalingin-
variancecanbe achieredby dividing all the coefcients by a scalingfactorf . In our experiments,
we choosd sothatthe objectvolumeis normalized.Ignoring the degree0 coefcient resultsin
translationinvariance

After the above steps,a setof canonicalcoordinategi.e., normalizedcoefcients) canbe ob-
tainedto form a shapedescriptorfor eachobjectsurface. Figure2 showns the normalizedrecon-
structionfor our hippocampabatasetusingtheseshapedescriptors.For simplicity, normalized
SPHARMcoefcients arehereaftereferredto asSPHARMcoefcients.

2.2 SPHARM coef cients and synthetic data generation

SPHARM coefcients are complex numbers,whosereal partsand imaginary partswe treatas
separatelementsA vectorof all theseelementgormsa shapedescriptorfor aclosed3D surface.
Thesevectorsarerelatedto the samereferencesystemand canbe comparedacrossindividuals.
We assume normaldistribution for eachvectorelement.Givena groupof shapesthe meanand
standarddeviation of eachelementcanbe estimatedo form a shapemodel, which may provide
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Figure3: Meanandstandardieviation of sampleSPHARM _ coefcients for right hippocampi:real
andimaginarypartsof degree4 coefcients areshavn for the controlgroupandthe patientgroup.
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Figure4: Syntheticright hippocampi:the rst andsecondows show syntheticright hippocampi
generatedbasedon the controlmodelandthe patientmodel,respectiely.

somedegree of understanding®f a shapegroup. Figure 3 shovs samplemeanand standard
deviation resultsfor 2 differenthippocampugroups:right hippocampiof controls(RC) andright
onesof patientyRP).

Theshapanodeldescribedibore canbe usedto createsimilar syntheticshapesFor example,
asynthetichippocampusanbe constructedf, for eachvectorelementwe drav arandomnumber
from its correspondingiormaldistribution with the estimatedneanand standarddeviation; see
Figure 4 for 28 synthetichippocampiusingthe RC shapemodelandthe other 28 usingthe RP
model,whichlook quitesimilarto realonesin Figure2. Notethatthisis avery simplisticapproach
to syntheticshapegenerationywherevectorelementsareassumedndependentHowever, it is an
effective onefor our purposeiit cancreatetwo groupsof shapeghathave smallandnoisy group
differenceto evaluateour classi cationapproach.

In fact, the SPHARM representatiomllows for the developmentof more complicatedshape
modelingtechniquege.g., Kelemenretal. [22]) which canbeusedfor syntheticdatageneratioror
evenmodel-basedegmentation.

2.3 Point distrib ution model

It is not easyto intuitively understanda SPHARM coefcient, sincethe coefcient is usuallya
complex numberand providesa measureof the spatialfrequeng constituentshat composehe
object.However, the pointsof the sampledsurface(calledlandmark$ canbe considerecgsadual
representationf the sameobject. Thisis amoreintuitive descriptorandsowe chooseo usethis
representatiom our study
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Figure 5: Landmarksampling: nearly uniform samplingof sphericalsurfacesby icosahedron
subdvision (levels0-3); andfour samplechippocampasurfacegmeshverticesarelandmarks).

Using a nearly uniform icosahedrorsubdvision of sphericalsurfaces[1], we obtaina dual
landmarkrepresentatiofrom the coefcients via thelinearmappingdescribedn Eq.(4). Figure5
shavstheicosahedrosubdvisionsof levels0-3,aswell asseveralsampledchippocampasurfaces
usingthe samplingmeshof icosahedrorsubdvision level 3, wheremeshverticescorrespondo
surfacelandmarks.Thus,eachshapes representetly asetof n landmarkg(i.e., samplingpoints),
which areconsistenfrom oneshapeo the next.

In the experiments,we useicosahedrorsubdvision level 3, and eachobjecthasn = 642
landmarks. The meandistance( standarddeviation) betweentwo neighbouringlandmarksis
about2:06 0:86o0riginalvoxel units,whereavoxel unitis 1 mmbeforeSPHARMnormalization.

Now the shapedescriptotbecomes 3n elementvector

X = (X151 Xn s Ya) 515 Yns 205 55 Za) T (6)
Givenagroupof N shapesthemeanshapex canbe calculatedusing

1 X
X= = X (7)
N i=1 |
wherex; is thelandmarkshapedescriptorof thei-th shape.
Clearly, we have mary more dimensionghan training objects. Principal componenianaly-
sis(PCA) [11] is appliedto reducedimensionalityto make classi cationfeasible. This involves
eigenanalysisf thecovariancematrix  of thedataasfollows:

X
=g o) x)T ®)

P =DP; 9)

wherethecolumnsof P hold eigervectos, andthediagonalmatrixD holdseigervaluesof . The
eigervectorsin P canbe orderedaccordingto respectre eigervalues,which are proportionalto
thevarianceexplainedby eacheigervector The rst few eigervectors(with greateseigervalues)
oftenexplain mostof variancein the data.Now ary shapex in thedatacanbe obtainedusing

X =X+ Pb; (20)
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whereb is avectorcontainingthe component®f x in basisP, which arecalledprincipal compo-
nents Sinceeigervectorsareorthogonalp canbeobtainedusing

b=PT(x x): (11)

Givena datasebf m objects,the rst m 1 principal componentsreenoughto captureall
the datavariance.Thus,b becomesanm 1 elementvector which canbe thoughtof asa new
andmore compactrepresentationf the shapex in the new basisof the deformationmodes(i.e.,
X X is the deformationbetweenran individual shapex andthe meanx). This modelis a point
distribution model (PDM) [7, 22]. We apply PDM to eachhippocampaldatasetto obtaina b
(referredto asafeature vectorhereafterfor eachshape.

This dimensionalityreductionstepcanalsobe viewed asa form of featureextraction,where
thereducedepresentationareviewedas"“features”of the orginals.

3 Classiers

We examineseveral linear techniquedor classi er learning,including Fishers linear discrimi-
nantsand linear supportvector machines. The input datataken by thesetechniquesare feature
vectorsof shapesiescribedabove. Lineartechniquesresimpleandwell-understoodOncethey
succeedn realapplicationstheresultscanthenbeinterpretednoreeasilythanthosederivedfrom
complicatedechniques.

3.1 Fisher'slinear discriminant

FisherslineardiscriminaniFLD) is amulti-classtechniquédor patternclassi cation.FLD projects
atraining set(consistingof c classespntoc 1 dimensionssuchthatthe ratio of between-class
andwithin-classvariability is maximized ,which occurswhenthe FLD projectionplacesdifferent
classesnto distinctandtight clumps[11].

This optimal projectionW gpt is calculatedas follows. Assumethatwe t}p\/e a setof n d-
dimensionalsamplesxy; :::; X, n; in the subsetD; labeled! ;, wheren = ~ _; ng andi 2
f1;::;;cg. De ne the between-classcattermatrix Sg and the within-classscatter matrix Sy
as

xc

Sg = jDij(m; m)(m; m)T; (12)
i=1
xXe X

Sw = x mp)x mp)T; (13)
i=1 x2Dj

wherem is themeanof all samplesandm; themeanof clasg! ;. If Sy is nonsingulartheoptimal
projectionW gpt is choserby

JWTSsWj

W opt = argwmaxj = [WiWo W] (24)



wherefw; ji = 1;2;:::;mgis thesetof generalizecigervectorsof Sg andS,y corresponding
to setof decreasingeneralizecigervaluesf ;ji = 1;2;:::;mg,i.e.,

SgW; = iSwW;: (15)

Notethatanupperboundonm isc 1; pleaseseg[11] for adetailedexplanation.

In ourcasewe haveonly two classesandsotheabose FLD basisW gptbecomegustacolumn
vectorw. Oncethisw hasbeenfound,anew featurevectorcanbeprojectedontow to classifyit.
Theresultingscalarvaluecanbe comparedo the projectionsof thetraining seton the samebasis
w. In this one-dimensionaFLD spacewe choosefour approacheso performclassi cation: (1)
FLD-BM, (2) FLD-1NN, (3) FLD-3NN, and(4) FLD-NM.

FLD-1INN andFLD-3NN aretwo k nearesmneighbour(kNN) classi erswith k = 1 and
k = 3respectiely. A KNN classi er assignsa new objectto the mostcommonclassin the k
nearestabelledtrainingobjects.FLD-NM is anearestmean(NM) classi er, which assignsa newv
objectto the classhaving the nearesmean.

FLD-BM assumesnormaldistributionN ( ;; 2) in the FLD spacefor eachclass! ;, where
its mean ; andvariance ? canbeestimatedrom thetrainingset. Usinga Bayesiarmodel(BM),
the certaintythat a testsubjectcould be explainedby eachclasss distribution canbe calculated
basedon the training set. Thatis, the conditional probability P(x 2 D; j y) thata newn objectx
belongsto class! ; (i.e., thelabel of D;), conditionedon its FLD projectionbeingy, canthenbe
calculatedoy thefollowing equation:

plyjx 2 Dj) P(x2D;)
7z P(yjx2Dj) P(x2Dyj)

_ , Pyiy N(i P) P(x2Dy) |

CfaPyiy N(ii ) P(x2D))

In Eq. (16), p(y j X 2 D) is the state-conditionaprobability densityfunction (pdf) for random

variabley conditionedon x belongingto class! ;, whichis equivalentto pdfp(yjy N ( i; 2))

basedon our assumptiorof a normaldistribution for y. The prior probability P(x 2 D;) of x

belongingto class! ; arechoserasthe fractionof thedatasebelongingto ! ;. FLD-BM assighsa

new objectto the classcorrespondingo thelargestposteriorprobability computedoy Eq. (16). In
the caseof equality the new objectjoinsthe classhaving the closesimean.

Px2Dijy)=+f

(16)

3.2 Support vector machines

Supportvector machines(SVMs) belongto a nev generationearningsystembasedon recent
adwancedn statisticallearningtheory[36]. We apply linear SVMs in our studyfor a comparison
with FLD-basedechniquesHerewe brie y describehow to trainlinearclassi erswith SVMs.
Let f(X1;y1); (X2:¥2);  ;(X1;¥1)0, wherex; 2 R" andy; 2 f 1;1g, be a setof training
exampledfor atwo-categjory classi cationproblem.De ne ahyperplaned (w; b) in R" by

Hw:;b fxjw'x+ b= 0g; (17)

wherex's arepointslying on the hyperplanew is normalto the hyperplanejbj=kwk is the per
pendiculardistancefrom the hyperplando the origin, andk k is the Euclideannorm. Note that
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(wTx + b)=kwk givesthe signeddistancefrom a point x to the hyperplaneH (w;b). Thus,in a
linearseparableasewe can nd ahyperplaneH (w; b) suchthat

w'xi+b yi L i=1 ;& (18)

De ne themagin asthe sumof the distancesrom the hyperplando the closestpositive and
negative exemplars. A linearly sepaable SVM aimsto nd the separatinghyperplanewith the
largestmangin; the expectationis that the larger the mamgin, the betterthe generalizatiorof the
classi er. For ary given hyperplanesatisfyingthe constraintan Eq. (18), the magin is 2=kwk.
Thereforethe goalis to nd the hyperplanewhich gives the maximummauigin by minimizing
kwk?=2, subjectto the constraintsn Eq. (18).

Theabove scenariccanbeextendedo anon-sepaablecaseby introducingnon-ngativesladk
variables ; thatmeasure®y how mucheachtrainingexampleviolatesthe constraintin Eq. (18).
Theoptimizationproblemis thentransformedo minimizing

kwk?=2 + c:(x_ ») (19)

subjectto constraints

w'xi+b yi 1 i=1 (20)
whereC is a userspeci ed parameteffor adjustingthe costof the constaint violation, i.e., the
trade-of betweemmaximizingthe magin andminimizing the numberof errors.

This optimizationproblemis solved by a quadraticprogrammingapproachusing Lagrange
multipliers. Basedon the resultinghyperplaneH (w; b), a new examplex canbe classi ed by
calculatingf (x) = signfw™x + b). SVM canalsobe extendedto nonlinearclassi cationvia a
nonlineamappingde ned by kernelfunctions.SVMshave beerreceving increasingattentionand
beenusedsuccessfullyn mary classi cationareas We referthereadergo[5, 6,9, 11, 18, 23,36]
for moretechnicalandimplementatiordetails.

To testthe effectivenessf our framenvork aswell ascomparewith FLD-basedechniquesywe
employ apublicly availableSVM tool in our study Thetool we useis OSUSVMClassi er Matlab
Toolboxversion3.00[23], thecorepartof whichis basecon LIBSVMv2.33[6]. Only linearSVM
classi ers aretestedin our experiments. We use SVM-Ct to denotea linear SVM classi er in
which the parametelC, for specifyingthe costof the constraintviolation, is setast. SVM-C1,
SVM-C10, SVM-C100 are appliedin our experimentswhereC takesvaluesof 1, 10 and 100
respectrely.

4 Experimental studies

We conductexperimentalstudieson classi cationin this section. Classi cationis performedon
featurevectorsafter PCA usingaleave-one-outross-validatiormethodology11]:

Eachobjectis removedin turn asthetestcasetheremainingobjectsformsatraining
setfor classi er learning,the resultingclassi er is testedon the removed object,and
theaccurag is estimatecasthe meanof theseleare-one-outccuracies.
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Figure6: Two classe®f syntheticsurfaces:the rst row shavs 14 surfacesn ClassC1 (or Cuboid
Class)while thesecondshowns 14 surfacesin ClassC2 (or Cuboid-lumpClass).

Thiswork, unlike our previouswork [29], usesPCA appliedto all datain asinglestep,ratherthan
constructinga new basisfor eachleare-one-outrial basedon individual training sets. This is a
simplerapproactthatshouldminimizerepresentatioerrors.

In theclassi cation,principalcomponentsreusedasfeaturesanddifferentorderingsof these
featuresareconsideredThestandardrderingof principalcomponentss by thevarianceamounts
they explain. An alternatve orderingof thesecomponent$y statisticaltestsis alsoinvestigatedn
thefollowing section.In eithercase yvaryingnumbersof featuresareexamined.

To evaluatethe effectivenesof our techniquessyntheticdataarecreatecandemployedin the
experiments.After that, thetechniquesreappliedto thereal hippocampabatain schizophrenia
andtheresultsarereported.

4.1 Featureselection

Additional featuresare theoreticallynever unhelpful. In theory having more featurescan only
improve or notchangeperformancehowever, in practice eachadditionalfeatureaddsa parameter
to the modelthatneedgo be estimatedand mis-estimationshatresultfrom the lessinformative
featurescanactuallydegradeperformance.This trendof decreasingccurag gainsfollowed by
actuallossesof accurag from additionalfeaturesis known asthe “peaking effect” or “Hughes
phenomenon(19]. Thereforejn summaryit is oftenhelpful to selecta subsebf the mostuseful
features.In our study featuresare principal componentsandwe feel that somecomponentsre
moreusefulthanothersfor classi cation,but notnecessarilynatchingtheorderingof thevariance
amountghey explain. Thefollowing is suchanexample.

Figure 6 shows two classesof 14 syntheticrectangularsurfaceseach,with bumpscentered
on one facein the secondclass. Here we use the standardordering of principal components
(i.e., by variance-accounted-for)We apply our FLD and SVM classi ersto this data,andthe
cross-alidationaccuraciesisingthe rst i componentare: < 60%for i = 1;2; and 100%for
i = 3;:::;24. As shavn in theleft partof Figure7, the third componentlonesupportsperfect
classi cation,andthus shouldbe considerednoreimportantthancomponentshatdo not. Note
thatthethird eigervectorcontaingheweightsto createthethird componentTheseweightscanbe
backprojecte@dntothe surfacespaceandeachlandmarkcorrespond$o avectorof 3 weights.The
weightvectorswith thelargestmagnitudecorrespondo landmarklocationswith the mostsignif-
icant contribution to the componentalue. Theright partin Figure7 shaws the contributions of
landmarklocationsto the third componentsingthe color mappingontothe meansurface. From
thisvisualization|t is apparenthatthethird components focusedon the mostsigni cant surface
region for discriminatingthe syntheticclasses.
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Figure7: Left: third principalcomponenbf syntheticsurfaceswhichdiscriminateslassesRight:
meansurfacewith colorsindicatingthe contributionsof landmarkocationsto thethird component,
whereyellow/light colorindicatesmoresigni cant contritutionswhile green/darkess.

Toranktheeffectivenes®f featuresywe employ asimpletwo-samplé-test[24] oneachfeature
andobtaina p-valueassociateavith theteststatistic
Y, Y
T=¢g L 2 ; (21)
S%:N 1+ S%:N 2

whereN; andN, arethe samplesizes,Y; andY, arethe samplemeanss? ands3 arethe sample
variancesandthe samplesaretwo setsof featurevaluesin two respectie classes.The p-value
indicatesthe probability thatthe obsenedvalueof T couldbe aslarge or larger by chanceunder
thenull hypothesighatthemeansf Y; andY, arethesame.Thus,alower p-valueimpliesstronger
groupdifferencestatisticallyand corresponds$o a moresigni cant feature. We hypothesizehat
moresigni cant featurescanhelpmorein classi cation. In theabove example,thethird principal
componentorrespondso p < 10 *° while for all theothercomponentp 0:17.

We investigatehreefeatureselectionschemesn our experiments.In eachschemewe select
the rst n featuresaccordingto a certainorderingof principal componentswherevaryingvalues
of n arealsoconsideredTheseorderingsareasfollows:

1. PCV orderedby varianceexplained,decreasingly
2. PCTa orderedby p-valueassociatedvith t-testappliedto all the objects,increasingly

3. PCTt: orderedby p-valueassociatedavith t-testappliedonly to eachleave-one-outraining
set,increasinglywheredifferentleave-one-outrials could have differentPCTt orderings.

4.2 Experimentson synthetic data

We reportour experimentalresultson two syntheticdatasetsusingFLD-BM andSVM-C1 clas-
siers. The rst datasetconsistsof two classef 14 syntheticrectangulaisurfaceseach,with
bumpscenteredon one facein the secondclass. Figure 6 shavs thesesurfaces. Although the
groupshapdifferenceis clearin this example,somevariability alsooccurswithin eachgroup.
Figure8(a) andFigure8(b) shav theresultsof applyingFLD-BM andSVM-C1, respectiely,
to this dataset. Both gures give usthefollowing obsenations.The 100%cross-alidationaccu-
ragy is very consistentf we usemorethantwo featuresaccordingto PCVordering.UsingPCTa
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or PCTt orderingcanachiere the perfectaccurag usingthe minimumnumberof featuresjn this
case,only onefeatureis neededor a perfectclassi cation. Theseresultssuggesthat our tech-
niquescaneffectively detectthegroupdifferencen the presencef noisyintra-groupvariabilities.

Thesecondsimulateddatasetis formedby the synthetichippocampigeneratedn Section2.2:
ClassC1 consistsof 28 synthetichippocampibasedon the right control (RC) shapemodel,and
ClassC2 contains28 syntheticonesbasedon the right patient(RP) model. PleaseseeFigure4
for the visualizationof both classes.Due to the minor differencebetweernthe RC andRP shape
models(e.g., themodeldifferencedisplayedn Figure3), thesetwo classe®f shapehave asmall
andnoisygroupdifference.

Figure 8(c) and Figure 8(d) shav the experimentalresultsof applying FLD-BM and SVM-
C1, respectrely, to this seconddataset (i.e., synthetichippocampi). Using PCTa and PCTt
featureselectionorderings,excellentaccuracie§ 95%) canbe achieved usingvery few (e.g.,
5) features. Using the PCV ordering, similar accuraciesan be achieved using more (e.g., 12)
features.Thereis a performancalifferencebetweenFLD-BM and SVM-C1 usingeitherPCVor
PCTt featureselection:addingtoo mary featureshurts FLD-BM but doesnot affect SVM-C1.
In termsof the bestcasesall thesetechniquescan achiese nearly perfectleave-one-outcross-
validation classi cation accuracies.Synthetichippocampigeneratedrom differentgroupshave
small but systematidifferencesn termsof meanshapeandcoefcient variance(seeFigures3).
Ourtechniqueseemo beableto capturethesedifferences.

The above experimentsshawv thatour classi cationapproactperformswell at distinguishing
clear group differencesas well as small and noisy group differences. In the following section,
we apply our techniqueto realhippocampatatato detectif thereis any hiddengroupdifference
which canpotentiallyhelpmedicaldiagnosis.

4.3 Experimentson real hippocampal data

In this sectionwe reportour experimentakesultsonrealhippocampatiata.In mary clinical stud-
ies, therelatively unknavn contributionsof genderandhandendesarecontrolledfor by selecting
subjectsbasedon only one particularvalue for theseparameterstypically “male” and “right-
handed”. Accordingly, we also presentresultswith the right-handedmale subsetof our subject
poolin orderto facilitatecomparisonsvith studiesusingthesevaluesasselectiorcriteria.

We examinetwo groupsof subjects:(1) Sy of 35 schizophrenicand 21 controls,and (2)
Sim Of 25schizophrenicand14 controls,all of whomareright-handednalesfrom S, . In each
group,left andright hippocampiarestudiedseparatelyPleaseaeferto Figure2 for avisualization
of thesehippocampashapesWe useSy, to denotethesetof Y (2 f left, rightg) hippocampin Sy,
whereX 2 fall, rhmg. Thus,therearefour hipocampabatasets:S. t, SL™, St andsf 2.

We have sevenclassi ers,threefeatureselectionschemesndfour datasets.Our experiments
includeevery combinationput dueto spacdimitationswe presenpnly afew typical examplesn
detail. AlthoughFigure9 shavs only theexperimentalresultsof applyingFLD-BM andSVM-C10
classi ersto S’ andS[{¢" datasets the following obsenationsaretruefor all the experiments:

1. The PCTaresultsshav a nearly perfectclassi cationfor eachclassi er in the bestcase;
however, in this case featureselectionntroducessomebias,astestsubjectsareincludedin
theselectiorprocessNeverthelessit is interestingo seethatafeaturesubsetioesexist that
supportsearlyperfectclassi cation.

14



8 8
€ €
] ]
5] 5]
o o
10 20 30 40 50 10 20 30 40 50
Shape feature number Shape feature number
left left
(a) FLD-BM on S, (b) SVM-C100n S,

Percent correct
Percent correct

X8| - PCV
407 —— PCTa
% PCTt
30 . ; ; ’ ; ; 30 . ; : : ; ;
5 10 15 20 25 30 35 5 10 15 20 25 30 35
Shape feature number Shape feature number
(c) FLD-BM on S 2" (d) SVM-C100n S/}

Figure9: Sampleclassi cationresultson real datasetsusingdifferentfeatureselectionschemes.
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SaII Srhm

acc;fts Left Right Left Right
FLD-BM | 93%,19 | 79%,2 | 82%,16 | 82%,17
FLD-1INN | 89%,17 | 79%,11 | 79%,12 | 87%,17
FLD-3NN | 89%,19 | 79%,2 | 82%,18 | 87%,17
FLD-NM | 91%,19 | 79%,14 | 82%,19 | 90%,17
SVM-C1 | 80%,19 | 82%,13 | 69%,12 | 85%,17
SVM-C10 | 93%,19 | 82%,13 | 77%,14 | 90%,17
SVM-C100| 91%,17 | 82%,15 | 77%,14 | 90%,17

Table 1. Bestleave-one-outcross-alidationaccurag usingPCTt: Eachcell shows (acc;f ts),
whereaccis thebestaccurag, andf ts is thenumberof featuresused.

2. The PCTt resultsalwaysoutperformthe PCVfor eachclassi er in termsof the bestcase.
The improvementsrangefrom 3% to 28% for all the cases.In PCTt, the classesare not
separatedvell if thereareinsu cient featureswhile usingtoo mary introducesxtranoise.

3. Theperformancesf FLD-BM, FLD-1NN, FLD-3NN andFLD-NM aresimilar, andsoare
thoseof SVM-C10and SVM-C100. However, SVM-C1 underperforms$SVM-C10, which
indicatesthe costof constraintviolation needgo be setappropriatelyin SVMs.

We obsenre thatthe PCTaresultsprovide a kind of upperboundon the classi cationresults
—in the sensethat PCTt, which hasno knowledgeof the testsubject,cannotbe expectedto do
betterthanPCTa In additionto shoving thata high level of classi cationaccurag is possible,
theresultswith PCTamayalsobeinstructivein determininghow mary dimensionsarerequirecto
supportperfectclassi cation(at leastin this representationandhow mary seemto betoo mary
(atleastwhenusingthe SVM classi ers).

Clearly, PCTacannotbe usedin practice sincethe classof a new exampleis alwaysunknovn
andthis is the exactreasonfor classifyingit. Thus,PCTt becomesa practicalfeatureselection
schemdor effective classi cation.In therestof the study we will befocusingonthis scheme.

Tablel shovsthebestaccurag usingPCTt featureselectiomapproachogethemwith the num-
berof featuresusedfor eachcase. SVM-C10performsthebestfor S, dataset,with 93%accurag
for theleft setand82%for right. FLD-NM performsthebestfor S;,,, dataset,with 82%accurag
for theleft setand90%for right. In general FLD-NM, SVM-C10andSVM-C100aresimilarin
performance.Anotherobsenationis that left hippocampipredictbetterin S, while right ones
predictbetterin S;,. This suggestshatgenderandhandednesmay affect hippocampakhape
changesn schizophrenia.

The 93%accurayg achiezedfor S[,jl“ greatlyoutperformsour previousresult[29] andis com-
petitive with the bestresultin previous hippocampasktudies[10, 13, 15, 16, 27, 34]; pleaserefer
to Sectionl for a brief descriptionof thesestudies Notethatour datasetis differentfrom thedata
setsin previous studies,dueto alack of shareddatarepositoriesn this domain. However, these
aresimilar resultsusingdifferenttechnique®n similar typesof data.
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5 Further analyses

In this section,we presenttwo additionalanalyseshasedon our classi cation framewvork and
they areusefulin medicalapplications.Oneis receiveroperating characteristic(ROC) analysis,
which tradesoff sensitvity (the probability patientsare correctly predicted)for speci city (the
probabilitycontrolsarecorrectlypredicted).Thisapproaclovercomesheproblemof possiblebias
introducedoy a x edthresholdor differentsizeclassesndis oftenusedn visualizingthebehaior
of diagnosticsystemg33]. The otheris an approachof visualizing the discriminative pattern
capturedby a linear classi er to provide medicalresearchersvith a comprehensiblelescription
of the groupdifference.We shav theseanalysesisingFLD-basedclassi cation,thoughthey can
alsobeappliedto thelinear SVM cases.

5.1 ROC analysis

In medicalclassi cationproblemsthetermssensitivityandspeci city arede ned asfollows: sen-
sitivity is the probability of predictingdiseasegiven the true stateis disease;speci city is the
probability of predictingnon-diseasgiven the true stateis non-diseaseThe recever operating
characteristidROC) curve [18, 33] is a commonlyusedsummaryfor assessinghe tradeof be-
tweensensitvity and speci city. It is a plot of the sensitity versusspeci city aswe vary the
parametersf a classi cationrule. In the caseof alinearclassi er, this canbe doneby settingthe
decisionboundaryat variouspoints.

We performROC analysisusingour PCA andFLD framework. However, in our leave-one-
outexperimentsgeachtrial corresponds$o anindependenELD projection. Therefore testobjects
may be projecteddifferentlyaccordingto differentbaseswhich makestheresultingscalarvalues
incomparablecrosdifferenttrials. We usethefollowing procedurgo normalizethesevaluesinto
a standardange:for eachtrial, we scaleandshift all the projectionsso that the classmeansfor
eachtrial's training setfall on-1 and1, andall projectionsare sign- ipped, if necessaryso that
the meanof the patientclassis positive. Now testsubjectprojectionscanthenbe combinedsince
they correspondo identicallyalignedtrainingsetsin the FLD space.

For eachleave-one-outexperiment,we calculatenormalizedtest subjectprojectionsas de-
scribedabove. Givena decisionthreshold a testsubjectis classi ed asa controlif its normalized
projectionis lessthanthe threshold;otherwiseit is a patient. By varying the threshold,an ROC
curve canbe constructeasedon the sensitvity andspeci city thatresultat eachthreshold.In
addition, the areaunderthe ROC curve (AUROC) canbe usedas a performancemeasurdor a
classifer]3], becausét is theaveragesensitvity over all possiblespeci cities.

Figurel0shavsthe ROC analysigesultsfor leave-one-outross-alidationonrealhippocam-
pal datasetsusingthe FLD classi cationandPCTt featureselectionschemeln Figure10(a),the
bestROC curvesareplottedfor eachdataset,wherethe numberof featuress selectedo achiee
themaximumAUROC. In Figure10(b),the AUROC valuesareplottedfor differentexperimentsy
varyingthe numberof featuresused.Notethatthe ROC plot is oftende ned assensitvity versus
1 speci city (i.e., thefalsepositive rate),datingfrom its origin asa signaldetectiontechnique,
but for our purposesensitvity versusspeci city is equivalentlyusefulandeasietto read.

Thereareseveraladvantageso usingthe ROC analysisasfollows.

1. TheROC approachs thresholdndependentyvhich overcomeghe problemof possiblebias
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Figure10: ROC analysisfor leave-one-outcross-alidationon real hippocampabatasetsusing
FLD classi cationand PCTt featureselectionscheme.(a) ROC curvesshow the the sensitvity

versusspeci city asthethresholdfor classi cationis shifted. The legendshaws the dataset,the

areaundertheROC curve (AUROC) andthenumberof featuresused.(b) AUROC s analternatve

for evaluatingthe performancef a classi er andis plottedontheY axis. The numberof features
usedin eachexperimentis plottedon the X axis.

introducedby a x edthreshold.t is awayto evaluateall the possibleparameterizationsf a
classi er. Ratherthanusinga simpleheuristicor a Bayesiarmodelto selecta thresholdfor
FLD, this approachgivesthe overall performanceyhich might be termed“discriminative
power”, over all thethresholdonecould pick.

2. TheROC analysisinherentlydealswith the problemof imbalancedrainingsets,e.g., a’5:3
ratio of patientsto controls.Onesimpleway to dealwith thisis to considerthe accurag of
classifyingpatientsandthe accurag of classifyingcontrolsseparatelyandperhapsverage
thesetwo quantitiesto arrive at an overall accurag estimate;the ROC approachakesthis
onestepfurtherandnot only calculateghe two accuraciesndependentlybut doessowhile
shifting the classi cationthresholdover arangeof values.

3. AUROC is aneffective methodfor performanceomparisorbetweerclassi cationsystems.
For example,for eachhippocampabataset,the bestnumberof featuresselectecby mea-
suringthe AUROC valuein Figure10(b) closelymatcheghe bestcaseshown in Tablel by
measuringheoverallaccurag. The AUROC valuecanbethoughtof asanevaluationof the
potentialfor alinearclassi er to succeean givendata.

4. TheROC curweis a usefulmeansof visualizinga classi er's performancen orderto select
a suitableoperatingpoint, or decisionthreshold. In the medical case,the cost/efect of
misclassifyinga patientasa normalis often higher/worsethanmisclassifyinga normalasa
patient. The ROC curwe is a usefulbasisfor minimizing misclassi cationcostratherthan
misclassi cationrate.
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5.2 Visualization of discriminati ve patterns

Basedon the PCA andFLD framewnork presentedibove, we introducea methodfor visualizing
discriminatve patterns.Thismethodshareshesamadeaemplo/edby Gollandetal. [17] for a2D
shapeclassi cationproblem:for alinearclassi er, the deformationshaving classdifferencesan
be visualizedusingthe normalto the separatindiyperplane Applying PCA andFLD asdetailed
above to ashapeset,we getadiscriminative valuev for eachshapex:

v=X" Bpa Brig=x' w; (22)

where
X =X X (23)

is thedeformatiorof x from themeanshapex, B ¢, consistof asubsedf eigervectors depending
on which principalcomponentsareselectedandBy 4 is the correspondind-LD basis.Thusw is
a columnvectorthat weightsthe contribution of eachdeformationelementin x tov. Givena
landmarklocation|, we usex (I) to denotethe vector containingdeformation elds associated
with | in x , andw(l) thevectorof the correspondingveightsin w. Thus,the contribution made
by eachlandmarkl canbe calculatedas

chy=xM" w(): (24)
Basedon this formula,we have two obsenrationsasfollows.

1. A largemagnitudeof w(l) indicateghatlocationl hasdiscriminatve power, sinceevensmall
local deformationsat this locationwill have anoticeablesffect onthe overall classi cation.

2. AssumeClassA hasmorepositive discriminative valuesv's thanClassB. The vectorw (1)
actuallyindicatesalocal deformationdirectiontowardsClassA. Thereasornis thattheloca-
tion contributionC(1) = x ()T w(l) is maximizedif thelocaldeformatiorx (l) sharegthe
samedirectionasw (), which makesthe shapemoretowardsClassA. In contrast, w(l)
indicatesthelocal deformationdirectiontowardsClassB.

We canmapw(l) or -w(l) vectorsonto the meansurfaceto showv signi cant discriminatve
regionsandevendeformatiordirectionstowardsacertainclass.We notethatthisbecomesway of
shawing statisticalgroupdifferencamplied by theclassi er model. We createsucha visualization
for several of our datasetsusingthe following procedure:(1) apply PCAto all shapesn a data
set;(2) orderprincipalcomponentsisingt-testoverall shapeso obtainPCTafeatureordering;(3)
applyFLD usingtheminimumnumberof featuresneededaccordingo PCTaordering,to achieve
aperfectdiscriminationbetweerclasses(4) backprojecthecorrespondingw (1) andw (1) vectors
ontothe meansurface,andusecolor to codetheir magnitudes.

Figure11 shavs the mappingresultfor the syntheticrectangulasurfacesetdisplayedin Fig-
ure6, whereonly onefeatureis usedfor obtaininga perfectclassseparationThesigni cant region
capturedy thevisualizaitonclearlymatchesur intuition on how to distinguishthesewo classes.

Figure 12(a) shaws the resultfor the syntheticright hippocampusetdisplayedin Figure 4,
where ve featuresare usedfor obtaininga perfectclassseparation. For comparison,in Fig-
urel12(b),we shav themappingsof groupmeandifferencexc; Xcz andXc, Xcionthemean
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Figure11: Discriminative patternsfor Sii¢, the syntheticrectangulasurfacesetdisplayedn Fig-
ure6. Theleft plot andtheright plot shav themappingof w(l) andw (l) vectorsontothemean
surfacessuggestingleformationgowardsClassC1 andClassC2, respectrely, sinceClassC2 has
themorepositive PCA/FLD projection.Thelengthof eachvectoris scaledor bettervisualization.
Its actualmagnitudds codedin color.

surfacefor the samedataset,wherexc; andxc, arethe meanshapesf ClassC1l andClassC2
in landmarkrepresentatiomespectrely. By comparing(a) and(b), we obsene thatthe discrim-
inative patternsn (a) roughly capturethe differencebetweenclassmeansn (b), which matches
theintuition. In addition,(a) shawvs a signi cant discriminatve (yellow/light) region in the lower
middle part, while (b) shows just a small differencebetweernclassmeanshere. By checkingthe
datacarefully we discoverthereasorbehindthis: althoughthis differences small,thevarianceis
low andtheresultingdiscriminative power is thusfairly high.

The above resultson syntheticdatasetsvalidatethe effectivenesf this technique.Now we
applyit to thereal datasets. Figure 13 shows the resultsfor realleft andright hippocampakets
displayedn Figure4, wherel4 and13featuresareneededor obtainingperfectclassseparations,
respectrely. Mappingresultsshav that discriminatve patternsappearin the head/anterioand
tail/posteriorregionsfor both left andright hippocampi. These ndings are consistentwith re-
centreportsof shapeabnormalityin both anterior[10, 27] and posteriorregions[12, 27, 28] for
hippocampiin schizophreniaThis techniquevisualizesstatisticalgroupdifferencecapturedby a
classifermodel,andcanprovide anintuitive,comprehensibleandusefulway for visualdiagonsis.

6 Computational Issues

In this section,we discussthe computationinvolved in the study Figure 14 shows the major
processingtepsn ourframenork. Now we examinethecomputationatostfor eachof thesesteps.
For mostof them,we provide atime compleity measureFor somecornvergenceproceduresising
iteratve methodswe only reportthe empirical performance.Our experimentsare implemented
usingMatlab and performedon a Dell Optiplex GX260 Pentium4 PCwith a2.4 GHZ CPU and
512MB of RAM, whichis runningWinXP ProfessionaDSandMatlabVersion6.5.

Let n, bethe numberof verticeson the squaresurfacemeshof a volumetricobject. Surface
parameterization involvesaninitial parameterizatiomnd a following optimization. The initial
parameterizatiowan be donein time O(n?), the time requiredfor settingup andsolvingn, si-
multaneoudinearequationsvith n, unknavns[8]. The optimizationis the mosttime consuming
stepin theframenork. An iterative proceduras employedfor achierzing alocal minimum,andthe

20



(a) Discriminative patternsfor So® (b) Differencesetweergroupmeansor S
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Figure12: (a) Discriminative patternsfor SQ;E], the syntheticright hippocampusetdisplayedin

Figure4. The left plot and the right plot shav the mappingsof w(l) andw(l) vectorsonto
the meansurfaces,suggestingdeformationgowardsClassC1 and ClassC2, respectiely, since
ClassC2 hasthemorepositive PCA/FLD projection.Thelengthof eachvectoris scaledor better
visualization.Its actualmagnitudes codedin color. (b) Groupmeandifferences<c; Xc» and
Xc2 Xci aremappedontothe meansurfacefor SQJ,F;] dataset,wherexc1 andxc, arethemean
shape®f ClassC1l andClassC2in landmarkrepresentationespectiely. Again, the magnitudeof

eachlocal landmarkdifferencevectoris codedin color.

numberof iterationsrequiredfor the corvergencediffersfor differentsurfaces.Pleaseseg[4] for

moredetailsaboutthealgorithmsin this step.In our experimentswherewe haven, = 2480 357
(mean standarddeviation), theinitial parameterizatiotypically canbe donewithin 3 seconds.
The typical runningtime for optimizationrangesfrom 15 minutesto 3 hours,with a few worst
casef 7-8hours.

Let n. bethenumberof SPHARMcoefcients usedin theexpansion.Themajorcomputations
of both SPHARM expansionand SPHARM normalization stepsareto solve threeoverdeter
minedsets(for x, y andz coordinategespectrely) of n, simultaneoudinear equationswith n.
unknavnsin a leastsquaredashion,wheren. is chosento be signi cantly smallerthann, for
bettersurface tting. Pleaseeferto Eq.4 andalso[4] for moredetails. Sincesolvingan overde-
terminedsetof m equationsvith n unknovnscanbedonein time O(n? m) [8], thecostof both
stepsis O(n2 n,). In our experimentswe pick n. = 169 andboth stepscanbe donewithin 3
seconds.

Let ng bethenumberof shapesn adataset,andn, betheresolutionof thelandmarkrepresen-
tation(i.e., eachshapehasn, landmarks).The point distrib ution model (PDM) stepinvolvestwo
substepsln the rst substepgconversiondrom SPHARM_ coefcients to landmarksareperformed
for ng shapeswhichtakesO(ns n; ng) time (Eq.4). In thesecondsubstepPCA is performed
onng shapeso reduceecachlandmarkrepresentatio(B@ n, coordinatesjo afeaturevector(ns 1
features).The main computations the eigenanalysi®f the covariancematrix (Eqg. 8 andEq. 9),
whichtakestime O(n?). In thecaseof ns  n;, thecomputationatime for PCA canbeimproved
to O(n2 ny), by usingthe Grammatrix for eigenanalysisccordingto [35]. In our experiments,
for ng = 56, nj = 642andn. = 169 thewhole PDM stepcanbedonein 6 seconds.

Feature selectionvia t-testscomputesare-orderingof ng 1 featuredy runningt-testson ng
(for PCTaordering)or ng 1 (for PCTt ordering)examplars.Therunningtime is O(n2), which
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Figure13: Discriminative patternsfor (a) Si ' and(b) SL 2™, the datasetsshovn in Figure2, by
mappingtheweightvectorsw(l) to themeansurfaces.In eachof (a-b), w(l) vectorsaremapped
onto the rst two views and indicatethe directionstowardsa more normal shape,while w(l)
vectorsaremappedontothe lasttwo views shaving the directionstowardsa moreschizophrenic
shape Notethattheschizophreniclasshasthe morepositve PCA/FLD projection.Thelengthof
eachvectoris scaledfor bettervisualization. Its actualmagnitudes codedin color. Yellow/light
colorindicatesmorediscriminative power while green/darkndicatedess.
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Figure14: Major stepsin the framavork. Boxesreferto processingteps,while unboxed labels
identify thedataor resultsthey generate.

is trivial dueto avery smallng (56 or 39) in our study

Let ns bethenumberof selectedeatures.Fisher'slinear discriminant (FLD) calculateghe
generalizeeigervectorsof ny  n; between-clasandwithin-classscattematrice§Eq.12,Eq.13
andEq. 14). This canbedonein time O(n? ng+ n?) = O(n? ng) for settingup the scatter
matricesandsolvingthe generalizeaigervectorproblem,whereO(ns) shapefeaturevectorsare
involvedin FLD. Thelinear support vector machines(SVM) implementatiorwe usesolvesan
optimizationproblemusingquadraticorogrammingand Lagrangemultipliers, which involvesan
iterative procedure. The iterationsrequiredfor the corvergencedependson the input dataand
parametesettingsandsowe only reportits empiricalperformancen the next paragraph.

Accuracy estimation employsleave-one-outross-alidation,involving ng individual training
processedn theFLD casethetotal costbecome©(n? n2); andthetypical runningtime ranges
from 0:07 to 0:8 secondsfor ng = 56 andn; 2 f1; ;53g, in our experiments.In the SVM
case the performanceof this proceduredependon the parametelC, which speci esthe costof
the constraintviolation. With ng = 56andn; 2 f1; ;53g, thetypical runningtimesare0:08—
2:0seconddor C = 1andC = 10, and0:2-12seconddor C = 100

ROC analysisrequiresnormalizingleave-one-outprojectionsin the discriminantspaceand
computingthe ROC curve andthe areaunderthe ROC curve. This canbe donein time O(n2).
Visualization involves backprojectingthe vector normal to the separatinghyperplaneonto the
original surfacerepresentetly n; landmarkswhichtakesonly O(n;) time. Thecostsof thesenal
stepsaretrivial whencomparedo the earlierprocessingtagesn theframework.

Datasetdan thebrainimagingdomainareoftenrelatively smalldueto thedif culty andexpense
of datacollection. Thus,accordingto the above analysisthe computationatostis usuallynot a
problemhere sinceall theabove stepsexceptsurfaceparameterizatiorarevery ef cient for small
samplesetlearningandsurfaceparameterizationis still feasiblein our case.In fact, earlierwork
hasbeendone[26] onimproving the ef ciency of surfaceparameterizationWe arealsostudying
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moreef cient andscalableapproachefor parameterizingargerobjectsandmalke this framework
applicableto moregenerakases.

7 Conclusions

This paperpresentsa new techniquefor 3D brain structureclassi cationthat combinesa power-
ful surfacemodelingmethodwith suitablepatternclassi cationandprocessingechniques.The
SPHARMdescriptionis choserto modela closed3D surface. It is arelatively new andpowerful
parametricsurfacedescription,which enforcessurfacecontinuity andregularizationin a natural
way while preservinganatomicaktructuresandshape.Using this approachdifferentobjectsur
facescan be parameterizeénd normalizedto a commonreferencesystemto derive a detailed
landmarkrepresentatiosomparablecrossobjects.The choiceof point distribution modelfor di-
mensionalityreductionandfeatureextractionmakesclassi cationfeasiblefor smallsamplecases
andfacilitatesintuitive visualization.

Severallinearclassi ers(four FLD andthreelinear SVM variants)togethemwith differentfea-
ture selectionapproacheare employed for classi cation, wherefeatureselectioninvolvesusing
the standardrincipal componenbrderingby variance-accounted-faswell asalternatve order
ingsby signi canceasassessedsingat-test. Thesetechniquesre rst validatedusingsimulated
dataandthenappliedto realhippocampatiata.

Exhaustve experimentationon hippocampalatain schizophreniaevealsthat the proposed
PCTt featureselectiontechniqueworks effectively with mostclassi ersandimprovesthe leave-
one-outcross-alidationaccurag signi cantly. We achiare the bestaccuracieof 93% for the
whole setand 90% for right-handedmales,competitve with the bestresultsin similar studies
usingdifferenttechniquesn similar typesof data. Our resultssuggesthe left hippocampuss a
strongerpredictorin thewhole setwhile theright oneis strongerin right-handednales.

Basedon our classi cationframework, athreshold-fredROC analysids alsoemployed,where
the ROC curve representall potentialdiscriminationperformances$y varyingthe decisioncrite-
rion, andAUROC is usedasan alternatve to evaluatethe performancef aclassi er. In addition,
to interpreta classi er in the original shapedomain,we introducean effective methodfor visual-
izing discriminatie patterns.This approactvisualizeshe statisticalgroupdifferencecapturedy
aclassi ermodelandprovidesanintuitive way to helpdoctorsin visualdiagnosis.

Theproposedechniquesanalsobeappliedto other3D shapeclassi cationproblemsn com-
putervision andimage processingwherethe involved objectsare arbitrarily shapedout simply
connectedInterestingfuture topicsinclude (1) extendingthis framework to learningapplications
with very large datasets,and(2) developingmoreef cient surfaceparameterizatiotechniques.
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