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Abstract

Wepresentanew framework for 3D surfaceobjectclassi�cationthatcombinesapowerful
shapedescriptionmethodwith suitablepatternclassi�cationtechniques.Sphericalharmonic
parameterizationandnormalizationtechniquesareusedto describeasurfaceshapeandderive
a dualhigh dimensionallandmarkrepresentation.A point distribution modelis appliedto re-
ducethe dimensionality. Fisher's linear discriminantsandsupportvectormachinesareused
for classi�cation.Severalfeatureselectionschemesareproposedfor learningbetterclassi�ers.
After showing theeffectivenessof this framework usingsimulatedshapedata,we apply it to
realhippocampaldatain schizophreniaandperformextensive experimentalstudiesby exam-
ining different combinationsof techniques.We achieve bestleave-one-outcross-validation
accuraciesof 93% (whole set, N = 56) and 90% (right-handedmales,N = 39), respec-
tively, which are competitive with the bestresultsin previous studiesusing different tech-
niquesonsimilar typesof data.Furthermore,to helpmedicaldiagnosisin practice,weemploy
a threshold-freereceiver operatingcharacteristic(ROC) approachasanalternative evaluation
of classi�cationresultsaswell asproposeanew methodfor visualizingdiscriminativepatterns.

Keywords: Shapeanalysis,surfaceparameterization,classi�cation,featureselection,statisti-
cal patternrecognition,medicalimageanalysis

1 Intr oduction

Objectclassi�cationvia shapeanalysisis animportantandchallengingproblemin machinelearn-
ing andmedicalimageanalysis.Classi�cationinvolvesexamplesfrom distinctclasses.Theaimis
to learnaclassi�er fromatrainingset,or setof labeledexamplesrepresentingdifferentclasses,and
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thenusetheclassi�er to predicttheclassof any new example.Thispaperfocusesonclassi�cation
of 3D neuroanatomicstructuresusingshapefeaturesin thebrain imagingdomain.Thegoal is to
identify shapeabnormalitiesin astructureof interestthatareassociatedwith aparticularcondition
to aiddiagnosisandtreatment.To achievethisgoal,weproposeanew framework thatcombinesa
powerful 3D surfacemodelingtechniquewith asetof effectivepatternclassi�cation,featureselec-
tion, evaluationandvisualizationtechniques.Theproposedframework canderive a shape-based
medicalclassi�er thathasclinical value.It canalsobeappliedto 3D shapeclassi�cationproblems
in otherdomainssuchascomputervision, imageprocessingandpatternrecognition.

Shape-basedclassi�cationconsistsof two majorsteps:(1) shaperepresentationfor extracting
shapeparameters;and(2) patternclassi�cation[11] for learningaclassi�er basedonthoseparam-
eters.Numerous3D shaperepresentationtechniqueshavebeenproposedin theareasof computer
vision andmedicalimageanalysis,suchas,landmark-baseddescriptors[2, 7], deformation�elds
generatedby mappinga segmentedtemplateimageto individuals[10, 21], distancetransforms
[1], medialaxes[25, 32,31], andparametricsurfaces[1, 4, 30]. Thispaperfocuseson parametric
surfacesusingsphericalharmonics. We proposea new framework of combiningthis represen-
tation with a setof effective patternclassi�cation andprocessingtechniquesfor classifying3D
neuroanatomicstructures.Our techniquesaredesignedfor simply connected3D objects,a cate-
gorymany brainstructuresbelongto. Wedemonstratethesetechniquesusingsyntheticshapedata
aswell asrealhippocampaldatasetsextractedfrom magneticresonance(MR) images.

Thehippocampusis acritical structureof thehumanlimbic system,which is involvedin learn-
ing and memoryprocessing.Several shapeclassi�cation studieshave beenconductedfor dis-
coveringhippocampalshapeabnormalityin theneuropsychiatricdiseaseof schizophrenia,where
classi�cationaccuraciesareall estimatedusingleave-one-outcross-validation. Csernansky et al.
[10] studiedhippocampalmorphometryusing an image-baseddeformationrepresentation,and
achieved80%classi�cationaccuracy throughprincipalcomponentanalysis(PCA)andalineardis-
criminant.Golland,Timoneretal. [15,16,34] conductedamygdala-hippocampuscomplex studies
usingdistancetransformationmapsanddisplacement�elds asshapedescriptors,andachievedbest
accuraciesof 77%and87%,respectively, usingsupportvectormachines(SVMs) [9]. We studied
hippocampalshapeclassi�cationin [27] usinga symmetricalignmentmodelandbinary images,
andachieved96%accuracy usingonly thesecondprincipalcomponentafterPCA.

Theabove areall image-basedor voxel-basedapproaches.We aremoreinterestedin surface-
basedapproaches,which have the following advantages.First, comparedwith image-basedap-
proaches,surface-basedapproachescanbe appliedin moregeneralsituationswherea surfaceis
not embeddedin animagebut de�ned in anotherway suchassegmentedboundariesor triangula-
tions. Second,for a 3D volumetricobject,its boundaryor surfaceactuallyde�nes theshape,and
sosurface-basedrepresentationmaybemoreappropriatefor shapestudyunlesstheappearanceor
tissueinsidetheobjectis alsothefocusof interest.Third, somenoisystepslike resamplingin the
voxel-basedanalysiscanbeavoided.

TheSPHARMdescription[4] is aparametricsurfacedescriptionusingsphericalharmonicsas
basisfunctions. Sphericalharmonicswasoriginally usedasa type of surfacerepresentationfor
radialor stellarsurfaces(r (� ; � )) [1], andlaterextendedto moregeneralshapesby representing
a surfaceusingthreefunctionsof � and� [4]. Now SPHARM is a powerful surfacemodeling
approachfor arbitrarilyshapedbut simply-connectedobjects.It is suitablefor surfacecomparison
andcandealwith protrusionsandintrusions.Gerig,Stynerandcolleagueshave donenumerous
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SPHARMstudiesfor 3D medialshape(m-rep)modeling[32,31],model-basedsegmentation[22],
andidentifying statisticalshapeabnormalitiesof differentneuroanatomicstructures[12, 32]; see
[14] for acompletelist. They havealsodoneahippocampalshapeclassi�cationstudy[13] byusing
SPHARMfor calculatinghippocampalasymmetry, combiningit with volume,andachieving 87%
accuracy usingSVM.

Our previousstudy[29] closelyfollowedtheSPHARMmodelandcombinedit with PCA and
Fisher's lineardiscriminant(FLD) in a hippocampalshapeclassi�cationstudyandachieved77%
accuracy. Thispaperextendsourpreviouswork by integratingadditionalclassi�cationtechniques
andfeatureselectionapproachesin ordertoobtainanimprovedclassi�cation.In addition,westudy
athreshold-freereceiveroperatingcharacteristic(ROC)approach[3, 18,33] for betterunderstand-
ing the behaviors of classi�cationsystemsaswell asproposea new methodfor visualizationof
discriminativepatterns.Wealsodiscussthecomputationalcostsinvolvedin thestudy.

The rest of the paperis organizedas follows. Section2 describesthe surfacedescription
approachusingSPHARM expansionandpoint distribution model. Section3 presentsdifferent
classi�ers appliedin the study. Section4 considersfeatureselectionapproachesandperforms
experimentalstudies.Section5 examinesfurther studiesbasedon linear classi�ers, including a
threshold-freeROC analysisanda new methodfor visualizingdiscriminative patterns.Section6
discussesthecomputationalcostsinvolvedin thestudy. Section7 concludesthepaper.

2 Surface-basedrepresentation

In thisstudy, thetestdatausedto demonstrateour techniquesarehippocampusstructuresextracted
from magneticresonance(MR) scans.Thereare21healthycontrolsand35schizophrenicpatients
involved.Theleft andright hippocampiin eachMR imageareidenti�ed andsegmentedby manual
tracingin eachacquisitionsliceusingtheBRAINS softwarepackage[20]. A 3D binary imageis
reconstructedfrom eachsetof 2D hippocampussegmentationresults,with isotropicvoxel values
correspondingto whethereachvoxel is excludedor included.Thesurfaceof this3D binaryimage
is composedof a meshof squarefaces(seethe �rst picturein Figure1 for oneexampleof such
surfaces).In this section,we present(1) how to describesucha surfaceusingSPHARMparam-
eterization;(2) how to normalizethis SPHARMmodelinto a commonreferencesystemsoasto
establishsurfacecorrespondenceacrossdifferentsubjectsaswell asextractonly shapeinformation
by excludingtranslation,rotationandscaling;(3) how to usetheSPHARMmodelto createsimilar
syntheticshapesthat will be usedastestdatasetsto evaluateour classi�cationapproaches;and
(4) how to useapointdistributionmodel(PDM) to obtainamorecompactshapefeaturevectorto
makeclassi�cationfeasible.

2.1 SPHARM shapedescription

We adopttheSPHARMexpansiontechnique[4] to createa shapedescriptionfor closed3D sur-
faces.An input objectsurfaceis assumedto bede�ned by a squaresurfacemeshconvertedfrom
an isotropic voxel representation(seethe �rst picture in Figure 1 for a hippocampalsurface).
Threestepsareinvolvedto obtainaSPHARMshapedescription:(1) surfaceparameterization,(2)
SPHARMexpansion,and(3) SPHARMnormalization.
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Figure1: The�rst pictureshowsavolumetricobjectsurface.Thesecond,third andfourthpictures
show its SPHARMreconstructionsusingcoef�cients up to degrees1, 5 and12, respectively.

Surface parameterization aims to createa continuousand uniform mappingfrom the ob-
ject surfaceto the surfaceof a unit sphere.The parameterizationis formulatedasa constrained
optimizationproblemwith the goalsof topologyandareapreservation anddistortionminimiza-
tion. Theresultis a bijective mappingbetweeneachpoint v(� ; � ) on a surfaceandtwo spherical
coordinates� and� :

v(� ; � ) =

0

B
@

x(� ; � )
y(� ; � )
z(� ; � )

1

C
A : (1)

Thekey ideain this stepis to achieve a homogeneousdistribution of parameterspaceso that the
surfacecorrespondenceacrosssubjectscanbeobtainedlateron; see[4] for details.

SPHARM expansionexpandstheobjectsurfaceinto a completesetof SPHARMbasisfunc-
tions Y m

l , whereY m
l denotesthe sphericalharmonicof degreel and order m. The spherical

harmonics[37] arede�ned as

Y m
l (� ; � ) �

vu
u
t 2l + 1

4�
(l � m)!
(l + m)!

Pm
l (cos� ) eim� ; (2)

wherePm
l (cos� ) are associatedLegendrepolynomials(with argumentcos� ), and l andm are

integerswith � l � m � l . TheassociatedLegendrepolynomialP m
l is de�ned by thedifferential

equation

Pm
l (x) =

(� 1)m

2l l !
(1 � x2)m=2 dl+ m

dxl+ m
(x2 � 1)l : (3)

Theexpansiontakestheform:

v(� ; � ) =
1X

l=0

lX

m= � l

cm
l Y m

l (� ; � ); (4)

where
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l =

0
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@

cm
xl

cm
yl

cm
zl

1

C
A : (5)
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Figure2: NormalizedSPHARMreconstruction:left andright hippocampifrom 21 healthycon-
trolsand35schizophrenicpatients.

Thecoef�cients cm
l upto auser-desireddegreecanbeestimatedby solvingasetof linearequations

in a leastsquaresfashion. The objectsurfacecanbe reconstructedusingthesecoef�cients, and
using more coef�cients leadsto a more detailedreconstruction.SeeFigure 1 for an example.
Thus,asetof coef�cients actuallyform anobjectsurfacedescription.

SPHARM normalization createsa shapedescriptor(i.e., excludingtranslation,rotation,and
scaling)from anormalizedsetof SPHARMcoef�cients, whicharecomparableacrossobjects.Ro-
tation invarianceis achievedby aligningthedegree1 reconstruction,which is alwaysanellipsoid.
Theparameterneton this ellipsoid is rotatedto a canonicalpositionsuchthat thenorthpole is at
oneendof thelongestmainaxis,andthecrossingpoint of thezeromeridianandtheequatoris at
oneendof theshortestmainaxis. In theobjectspace,theellipsoidis rotatedto makeits mainaxes
coincidewith thecoordinateaxes,puttingtheshortestaxisalongx andlongestalongz. Scalingin-
variancecanbeachievedby dividing all thecoef�cients by ascalingfactorf . In ourexperiments,
we choosef sothat theobjectvolumeis normalized.Ignoringthedegree0 coef�cient resultsin
translationinvariance.

After theabove steps,a setof canonicalcoordinates(i.e., normalizedcoef�cients) canbeob-
tainedto form a shapedescriptorfor eachobjectsurface. Figure2 shows thenormalizedrecon-
structionfor our hippocampaldatasetusingtheseshapedescriptors.For simplicity, normalized
SPHARMcoef�cients arehereafterreferredto asSPHARMcoef�cients.

2.2 SPHARM coef�cients and syntheticdata generation

SPHARM coef�cients are complex numbers,whosereal partsand imaginarypartswe treat as
separateelements. A vectorof all theseelementsformsashapedescriptorfor aclosed3D surface.
Thesevectorsarerelatedto the samereferencesystemandcanbe comparedacrossindividuals.
We assumea normaldistribution for eachvectorelement.Givena groupof shapes,themeanand
standarddeviation of eachelementcanbe estimatedto form a shapemodel,which mayprovide
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Figure3: Meanandstandarddeviationof sampleSPHARMcoef�cients for right hippocampi:real
andimaginarypartsof degree4 coef�cients areshown for thecontrolgroupandthepatientgroup.

Figure4: Syntheticright hippocampi:the �rst andsecondrows show syntheticright hippocampi
generatedbasedon thecontrolmodelandthepatientmodel,respectively.

somedegreeof understandingsof a shapegroup. Figure 3 shows samplemeanand standard
deviation resultsfor 2 differenthippocampusgroups:right hippocampiof controls(RC) andright
onesof patients(RP).

Theshapemodeldescribedabovecanbeusedto createsimilar syntheticshapes.For example,
asynthetichippocampuscanbeconstructedif, for eachvectorelement,wedraw arandomnumber
from its correspondingnormaldistribution with the estimatedmeanandstandarddeviation; see
Figure4 for 28 synthetichippocampiusingthe RC shapemodelandthe other28 usingthe RP
model,whichlook quitesimilar to realonesin Figure2. Notethatthisis averysimplisticapproach
to syntheticshapegeneration,wherevectorelementsareassumedindependent.However, it is an
effective onefor our purpose:it cancreatetwo groupsof shapesthathave smallandnoisygroup
differenceto evaluateourclassi�cationapproach.

In fact, the SPHARM representationallows for the developmentof morecomplicatedshape
modelingtechniques(e.g., Kelemenetal. [22]) whichcanbeusedfor syntheticdatagenerationor
evenmodel-basedsegmentation.

2.3 Point distrib ution model

It is not easyto intuitively understanda SPHARM coef�cient, sincethe coef�cient is usuallya
complex numberandprovidesa measureof the spatialfrequency constituentsthat composethe
object.However, thepointsof thesampledsurface(calledlandmarks) canbeconsideredasadual
representationof thesameobject.This is a moreintuitivedescriptor, andsowe chooseto usethis
representationin ourstudy.
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Figure 5: Landmarksampling: nearly uniform samplingof sphericalsurfacesby icosahedron
subdivision(levels0-3); andfour sampledhippocampalsurfaces(meshverticesarelandmarks).

Using a nearlyuniform icosahedronsubdivision of sphericalsurfaces[1], we obtaina dual
landmarkrepresentationfrom thecoef�cients via thelinearmappingdescribedin Eq.(4). Figure5
showstheicosahedronsubdivisionsof levels0-3,aswell asseveralsampledhippocampalsurfaces
usingthe samplingmeshof icosahedronsubdivision level 3, wheremeshverticescorrespondto
surfacelandmarks.Thus,eachshapeis representedby asetof n landmarks(i.e., samplingpoints),
whichareconsistentfrom oneshapeto thenext.

In the experiments,we useicosahedronsubdivision level 3, and eachobject hasn = 642
landmarks. The meandistance(� standarddeviation) betweentwo neighbouringlandmarksis
about2:06� 0:86originalvoxel units,whereavoxel unit is 1 mmbeforeSPHARMnormalization.

Now theshapedescriptorbecomesa3n elementvector

x = (x1; :::; xn ; y1; :::; yn ; z1; :::; zn )T : (6)

Givena groupof N shapes,themeanshape�x canbecalculatedusing

�x =
1
N

NX

i =1

x i ; (7)

wherex i is thelandmarkshapedescriptorof thei -th shape.
Clearly, we have many moredimensionsthan training objects. Principal componentanaly-

sis (PCA) [11] is appliedto reducedimensionalityto make classi�cationfeasible.This involves
eigenanalysisof thecovariancematrix � of thedataasfollows:

� =
1

N � 1

NX

i =1

(x i � �x)(x i � �x)T ; (8)

�P = DP ; (9)

wherethecolumnsof P holdeigenvectors, andthediagonalmatrixD holdseigenvaluesof � . The
eigenvectorsin P canbe orderedaccordingto respective eigenvalues,which areproportionalto
thevarianceexplainedby eacheigenvector. The�rst few eigenvectors(with greatesteigenvalues)
oftenexplainmostof variancein thedata.Now any shapex in thedatacanbeobtainedusing

x = �x + Pb ; (10)
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whereb is avectorcontainingthecomponentsof x in basisP, whicharecalledprincipal compo-
nents. Sinceeigenvectorsareorthogonal,b canbeobtainedusing

b = PT (x � �x): (11)

Givena datasetof m objects,the �rst m � 1 principal componentsareenoughto captureall
thedatavariance.Thus,b becomesanm � 1 elementvector, which canbe thoughtof asa new
andmorecompactrepresentationof theshapex in thenew basisof thedeformationmodes(i.e.,
x � �x is thedeformationbetweenan individual shapex andthemean�x). This modelis a point
distribution model (PDM) [7, 22]. We apply PDM to eachhippocampaldataset to obtaina b
(referredto asa featurevectorhereafter)for eachshape.

This dimensionalityreductionstepcanalsobe viewedasa form of featureextraction,where
thereducedrepresentationsareviewedas“features”of theorginals.

3 Classi�ers

We examineseveral linear techniquesfor classi�er learning,including Fisher's linear discrimi-
nantsand linear supportvectormachines.The input datataken by thesetechniquesarefeature
vectorsof shapesdescribedabove. Lineartechniquesaresimpleandwell-understood.Oncethey
succeedin realapplications,theresultscanthenbeinterpretedmoreeasilythanthosederivedfrom
complicatedtechniques.

3.1 Fisher's linear discriminant

Fisher'slineardiscriminant(FLD) isamulti-classtechniquefor patternclassi�cation.FLD projects
a trainingset(consistingof c classes)ontoc � 1 dimensionssuchthat theratio of between-class
andwithin-classvariability is maximized,which occurswhentheFLD projectionplacesdifferent
classesinto distinctandtight clumps[11].

This optimal projectionW opt is calculatedas follows. Assumethat we have a setof n d-
dimensionalsamplesx1; :::; xn , ni in the subsetD i labeled! i , wheren =

P c
k=1 nk and i 2

f 1; :::; cg. De�ne the between-classscattermatrix SB and the within-classscattermatrix SW

as

SB =
cX

i =1

jD i j(m i � m)(m i � m)T ; (12)

SW =
cX

i =1

X

x 2D i

(x � m i )(x � m i )T ; (13)

wherem is themeanof all samplesandm i themeanof class! i . If SW is nonsingular, theoptimal
projectionW opt is chosenby

W opt = argmax
W

jW T SB W j
jW T SW W j

= [w1w2 : : : wm ] (14)
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wheref w i j i = 1; 2; : : : ; mg is thesetof generalizedeigenvectorsof SB andSW corresponding
to setof decreasinggeneralizedeigenvaluesf � i j i = 1; 2; : : : ; mg, i.e.,

SB w i = � i SW w i : (15)

Notethatanupperboundonm is c � 1; pleasesee[11] for adetailedexplanation.
In ourcase,wehaveonly twoclasses,andsotheaboveFLD basisW optbecomesjustacolumn

vectorw. Oncethisw hasbeenfound,anew featurevectorcanbeprojectedontow to classifyit.
Theresultingscalarvaluecanbecomparedto theprojectionsof thetrainingseton thesamebasis
w. In this one-dimensionalFLD space,we choosefour approachesto performclassi�cation: (1)
FLD-BM, (2) FLD-1NN, (3) FLD-3NN, and(4) FLD-NM.

FLD-1NN andFLD-3NN are two k nearestneighbour(kNN) classi�ers with k = 1 and
k = 3 respectively. A kNN classi�er assignsa new object to the mostcommonclassin the k
nearestlabelledtrainingobjects.FLD-NM is anearestmean(NM) classi�er, whichassignsanew
objectto theclasshaving thenearestmean.

FLD-BM assumesa normaldistributionN (� i ; � 2
i ) in theFLD spacefor eachclass! i , where

its mean� i andvariance� 2
i canbeestimatedfrom thetrainingset.UsingaBayesianmodel(BM),

the certaintythat a testsubjectcould be explainedby eachclass's distribution canbe calculated
basedon the trainingset. That is, theconditionalprobability P(x 2 D i j y) thata new objectx
belongsto class! i (i.e., the labelof D i ), conditionedon its FLD projectionbeingy, canthenbe
calculatedby thefollowing equation:

P(x 2 D i j y) =
p(y j x 2 D i ) � P(x 2 D i )

P c
j =1 p(y j x 2 D j ) � P(x 2 D j )

=
p(y j y � N (� i ; � 2

i )) � P(x 2 D i )
P c

j =1 p(y j y � N (� j ; � 2
j )) � P(x 2 D j )

: (16)

In Eq. (16), p(y j x 2 D i ) is the state-conditionalprobability densityfunction(pdf) for random
variabley conditionedon x belongingto class! i , which is equivalentto pdf p(y j y � N (� i ; � 2

i ))
basedon our assumptionof a normaldistribution for y. The prior probability P(x 2 D i ) of x
belongingto class! i arechosenasthefractionof thedatasetbelongingto ! i . FLD-BM assignsa
new objectto theclasscorrespondingto thelargestposteriorprobabilitycomputedby Eq.(16). In
thecaseof equality, thenew objectjoins theclasshaving theclosestmean.

3.2 Support vector machines

Supportvector machines(SVMs) belongto a new generationlearningsystembasedon recent
advancesin statisticallearningtheory[36]. We apply linearSVMs in our studyfor a comparison
with FLD-basedtechniques.Herewebrie�y describehow to train linearclassi�erswith SVMs.

Let f (x1; y1); (x2; y2); � � � ; (x l ; yl )g, wherex i 2 Rn andyi 2 f� 1; 1g, be a setof training
examplesfor a two-categoryclassi�cationproblem.De�ne a hyperplaneH (w; b) in Rn by

H (w; b) � f x j wT x + b= 0g; (17)

wherex's arepointslying on thehyperplane,w is normalto thehyperplane,jbj=kwk is theper-
pendiculardistancefrom thehyperplaneto theorigin, andk � k is theEuclideannorm. Note that
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(wT x + b)=kwk givesthesigneddistancefrom a point x to thehyperplaneH (w; b). Thus,in a
linearseparablecase,wecan�nd ahyperplaneH (w; b) suchthat

(wT x i + b) � yi � 1; i = 1; � � � ; l : (18)

De�ne themargin asthesumof thedistancesfrom thehyperplaneto theclosestpositive and
negative exemplars. A linearly separable SVM aimsto �nd the separatinghyperplanewith the
largestmargin; the expectationis that the larger the margin, the betterthe generalizationof the
classi�er. For any givenhyperplanesatisfyingthe constraintsin Eq. (18), the margin is 2=kwk.
Thereforethe goal is to �nd the hyperplanewhich gives the maximummargin by minimizing
kwk2=2, subjectto theconstraintsin Eq. (18).

Theabovescenariocanbeextendedto anon-separablecaseby introducingnon-negativeslack
variables� i thatmeasuresby how mucheachtrainingexampleviolatestheconstraintin Eq. (18).
Theoptimizationproblemis thentransformedto minimizing

kwk2=2 + C(
X

i

� i ) (19)

subjectto constraints
(wT x i + b) � yi � 1 � � i ; i = 1; � � � ; l ; (20)

whereC is a user-speci�ed parameterfor adjustingthe costof the constraint violation, i.e., the
trade-off betweenmaximizingthemargin andminimizing thenumberof errors.

This optimizationproblemis solved by a quadraticprogrammingapproachusing Lagrange
multipliers. Basedon the resultinghyperplaneH (w; b), a new examplex canbe classi�ed by
calculatingf (x) = sign(w T x + b). SVM canalsobe extendedto nonlinearclassi�cation via a
nonlinearmappingde�nedbykernelfunctions.SVMshavebeenreceiving increasingattentionand
beenusedsuccessfullyin many classi�cationareas.Wereferthereadersto [5, 6, 9, 11, 18, 23,36]
for moretechnicalandimplementationdetails.

To testtheeffectivenessof our framework aswell ascomparewith FLD-basedtechniques,we
employ apublicly availableSVM tool in ourstudy. Thetool weuseis OSUSVMClassi�er Matlab
Toolboxversion3.00[23], thecorepartof which is basedonLIBSVMv2.33[6]. Only linearSVM
classi�ers are testedin our experiments.We useSVM-Ct to denotea linear SVM classi�er in
which the parameterC, for specifyingthe costof the constraintviolation, is setast. SVM-C1,
SVM-C10, SVM-C100 areappliedin our experiments,whereC takesvaluesof 1, 10 and100
respectively.

4 Experimental studies

We conductexperimentalstudieson classi�cation in this section.Classi�cationis performedon
featurevectorsafterPCA usinga leave-one-outcross-validationmethodology[11]:

Eachobjectis removedin turn asthetestcase,theremainingobjectsformsa training
setfor classi�er learning,theresultingclassi�er is testedon theremovedobject,and
theaccuracy is estimatedasthemeanof theseleave-one-outaccuracies.
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Figure6: Two classesof syntheticsurfaces:the�rst row shows14surfacesin ClassC1(or Cuboid
Class),while thesecondshows14surfacesin ClassC2(or Cuboid-bumpClass).

Thiswork, unlikeourpreviouswork [29], usesPCAappliedto all datain asinglestep,ratherthan
constructinga new basisfor eachleave-one-outtrial basedon individual training sets. This is a
simplerapproachthatshouldminimizerepresentationerrors.

In theclassi�cation,principalcomponentsareusedasfeatures,anddifferentorderingsof these
featuresareconsidered.Thestandardorderingof principalcomponentsis by thevarianceamounts
they explain. An alternativeorderingof thesecomponentsby statisticaltestsis alsoinvestigatedin
thefollowing section.In eithercase,varyingnumbersof featuresareexamined.

To evaluatetheeffectivenessof our techniques,syntheticdataarecreatedandemployedin the
experiments.After that, thetechniquesareappliedto therealhippocampaldatain schizophrenia
andtheresultsarereported.

4.1 Featureselection

Additional featuresare theoreticallynever unhelpful. In theory having more featurescan only
improveor notchangeperformance;however, in practice,eachadditionalfeatureaddsaparameter
to themodelthatneedsto beestimated,andmis-estimationsthat resultfrom the lessinformative
featurescanactuallydegradeperformance.This trendof decreasingaccuracy gainsfollowedby
actuallossesof accuracy from additionalfeaturesis known asthe “peakingeffect” or “Hughes
phenomenon”[19]. Therefore,in summary, it is oftenhelpful to selecta subsetof themostuseful
features.In our study, featuresareprincipal components,andwe feel thatsomecomponentsare
moreusefulthanothersfor classi�cation,but notnecessarilymatchingtheorderingof thevariance
amountsthey explain. Thefollowing is suchanexample.

Figure6 shows two classesof 14 syntheticrectangularsurfaceseach,with bumpscentered
on one face in the secondclass. Here we usethe standardorderingof principal components
(i.e., by variance-accounted-for).We apply our FLD andSVM classi�ers to this data,and the
cross-validationaccuraciesusingthe �rst i componentsare: < 60%for i = 1; 2; and100%for
i = 3; : : : ; 24. As shown in the left partof Figure7, the third componentalonesupportsperfect
classi�cation,andthusshouldbeconsideredmoreimportantthancomponentsthatdo not. Note
thatthethird eigenvectorcontainstheweightsto createthethird component.Theseweightscanbe
backprojectedontothesurfacespaceandeachlandmarkcorrespondsto avectorof 3 weights.The
weightvectorswith thelargestmagnitudecorrespondto landmarklocationswith themostsignif-
icant contribution to thecomponentvalue. The right part in Figure7 shows thecontributionsof
landmarklocationsto thethird componentusingthecolor mappingontothemeansurface.From
thisvisualization,it is apparentthatthethird componentis focusedonthemostsigni�cant surface
region for discriminatingthesyntheticclasses.
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Figure7: Left: third principalcomponentof syntheticsurfaces,whichdiscriminatesclasses.Right:
meansurfacewith colorsindicatingthecontributionsof landmarklocationsto thethird component,
whereyellow/light color indicatesmoresigni�cant contributionswhile green/darkless.

To ranktheeffectivenessof features,weemploy asimpletwo-samplet-test[24] oneachfeature
andobtainap-valueassociatedwith theteststatistic

T =
�Y1 � �Y2q

s2
1=N1 + s2

2=N2

; (21)

whereN1 andN2 arethesamplesizes,�Y1 and �Y2 arethesamplemeans,s2
1 ands2

2 arethesample
variances,andthe samplesaretwo setsof featurevaluesin two respective classes.The p-value
indicatestheprobability that theobservedvalueof T couldbeaslargeor largerby chanceunder
thenull hypothesisthatthemeansof Y1 andY2 arethesame.Thus,alowerp-valueimpliesstronger
groupdifferencestatisticallyandcorrespondsto a moresigni�cant feature.We hypothesizethat
moresigni�cant featurescanhelpmorein classi�cation.In theaboveexample,thethird principal
componentcorrespondsto p < 10� 15, while for all theothercomponentsp � 0:17.

We investigatethreefeatureselectionschemesin our experiments.In eachscheme,we select
the�rst n featuresaccordingto a certainorderingof principalcomponents,wherevaryingvalues
of n arealsoconsidered.Theseorderingsareasfollows:

1. PCV: orderedby varianceexplained,decreasingly.

2. PCTa: orderedby p-valueassociatedwith t-testappliedto all theobjects,increasingly.

3. PCTt : orderedby p-valueassociatedwith t-testappliedonly to eachleave-one-outtraining
set,increasingly, wheredifferentleave-one-outtrialscouldhavedifferentPCTt orderings.

4.2 Experimentson syntheticdata

We reportour experimentalresultson two syntheticdatasetsusingFLD-BM andSVM-C1 clas-
si�ers. The �rst datasetconsistsof two classesof 14 syntheticrectangularsurfaceseach,with
bumpscenteredon one facein the secondclass. Figure6 shows thesesurfaces. Although the
groupshapedifferenceis clearin thisexample,somevariability alsooccurswithin eachgroup.

Figure8(a)andFigure8(b) show theresultsof applyingFLD-BM andSVM-C1, respectively,
to this dataset.Both �gures giveusthefollowing observations.The100%cross-validationaccu-
racy is very consistentif we usemorethantwo featuresaccordingto PCVordering.UsingPCTa
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(a) FLD-BM on rectangularsurfaces
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(b) SVM-C1on rectangularsurfaces
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(c) FLD-BM onsynthetichippocampi
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(d) SVM-C1onsynthetichippocampi

Figure 8: Sampleclassi�cation resultson simulateddatasetsusing different featureselection
schemes.Rectangularsurfacesandsynthetichippocampiaretwo simulateddatasets. FLD-BM
andSVM-C1 aretwo classi�ers.PCV, PCTa, PCTt arethreefeatureselectionschemes.On each
picture, the numberof featuresusedin the classi�cation accordingto a certainordering(PCV,
PCTa, or PCTt ) is plottedon theX axis,theleave-one-outcross-validationaccuracy is plottedon
theY axis.
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or PCTt orderingcanachieve theperfectaccuracy usingtheminimumnumberof features;in this
case,only onefeatureis neededfor a perfectclassi�cation. Theseresultssuggestthat our tech-
niquescaneffectively detectthegroupdifferencein thepresenceof noisyintra-groupvariabilities.

Thesecondsimulateddatasetis formedby thesynthetichippocampigeneratedin Section2.2:
ClassC1 consistsof 28 synthetichippocampibasedon the right control (RC) shapemodel,and
ClassC2 contains28 syntheticonesbasedon the right patient(RP) model. PleaseseeFigure4
for thevisualizationof bothclasses.Due to theminor differencebetweenthe RC andRPshape
models(e.g., themodeldifferencedisplayedin Figure3), thesetwo classesof shapeshaveasmall
andnoisygroupdifference.

Figure8(c) andFigure8(d) show the experimentalresultsof applyingFLD-BM andSVM-
C1, respectively, to this seconddataset (i.e., synthetichippocampi). Using PCTa and PCTt
featureselectionorderings,excellentaccuracies(� 95%) canbe achieved usingvery few (e.g.,
5) features. Using the PCVordering,similar accuraciescan be achieved usingmore (e.g., 12)
features.Thereis a performancedifferencebetweenFLD-BM andSVM-C1 usingeitherPCVor
PCTt featureselection:addingtoo many featureshurtsFLD-BM but doesnot affect SVM-C1.
In termsof the bestcases,all thesetechniquescan achieve nearly perfectleave-one-outcross-
validationclassi�cationaccuracies.Synthetichippocampigeneratedfrom differentgroupshave
smallbut systematicdifferencesin termsof meanshapeandcoef�cient variance(seeFigures3).
Our techniquesseemto beableto capturethesedifferences.

The above experimentsshow thatour classi�cationapproachperformswell at distinguishing
cleargroupdifferencesaswell assmall andnoisy groupdifferences.In the following section,
we applyour techniqueto realhippocampaldatato detectif thereis any hiddengroupdifference
whichcanpotentiallyhelpmedicaldiagnosis.

4.3 Experimentson realhippocampaldata

In thissection,wereportourexperimentalresultsonrealhippocampaldata.In many clinical stud-
ies,therelatively unknown contributionsof genderandhandendessarecontrolledfor by selecting
subjectsbasedon only one particularvalue for theseparameters,typically “male” and “right-
handed”. Accordingly, we alsopresentresultswith the right-handedmalesubsetof our subject
pool in orderto facilitatecomparisonswith studiesusingthesevaluesasselectioncriteria.

We examinetwo groupsof subjects:(1) Sall of 35 schizophrenicsand21 controls,and(2)
Srhm of 25schizophrenicsand14controls,all of whomareright-handedmalesfrom Sall . In each
group,left andright hippocampiarestudiedseparately. Pleasereferto Figure2 for avisualization
of thesehippocampalshapes.WeuseSY

X to denotethesetof Y (2 f left, rightg) hippocampiin SX ,
whereX 2 f all, rhmg. Thus,therearefour hipocampaldatasets:Slef t

al l , Sr ight
al l , Slef t

r hm andSr ight
r hm .

We havesevenclassi�ers,threefeatureselectionschemesandfour datasets.Our experiments
includeeverycombination,but dueto spacelimitationswepresentonly a few typical examplesin
detail.AlthoughFigure9 showsonly theexperimentalresultsof applyingFLD-BM andSVM-C10
classi�ersto Slef t

al l andSr ight
r hm datasets,thefollowing observationsaretruefor all theexperiments:

1. The PCTa resultsshow a nearlyperfectclassi�cation for eachclassi�er in the bestcase;
however, in this case,featureselectionintroducessomebias,astestsubjectsareincludedin
theselectionprocess.Nevertheless,it is interestingto seethatafeaturesubsetdoesexist that
supportsnearlyperfectclassi�cation.
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(b) SVM-C10onSlef t
al l
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(c) FLD-BM on Sr ight
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(d) SVM-C10on Sr ight
r hm

Figure9: Sampleclassi�cationresultson realdatasetsusingdifferentfeatureselectionschemes.
Slef t

al l is thesetof left hippocampiin Sal l . Sr ight
r hm is thesetof right hippocampiin Sr hm . FLD-BM

andSVM-C1 aretwo classi�ers.PCV, PCTa, PCTt arethreefeatureselectionschemes.On each
picture, the numberof featuresusedin the classi�cation accordingto a certainordering(PCV,
PCTa, or PCTt ) is plottedon theX axis,theleave-one-outcross-validationaccuracy is plottedon
theY axis.
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Sal l Sr hm

acc;f ts Left Right Left Right
FLD-BM 93%,19 79%,2 82%,16 82%,17
FLD-1NN 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

Table1: Best leave-one-outcross-validationaccuracy usingPCTt : Eachcell shows (acc;f ts),
whereaccis thebestaccuracy, 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 classesarenot
separatedwell if thereareinsu�cient features,while usingtoomany introducesextranoise.

3. Theperformancesof FLD-BM, FLD-1NN, FLD-3NN andFLD-NM aresimilar, andsoare
thoseof SVM-C10 andSVM-C100. However, SVM-C1 underperformsSVM-C10,which
indicatesthecostof constraintviolationneedsto besetappropriatelyin SVMs.

We observe that the PCTa resultsprovide a kind of upperboundon theclassi�cationresults
– in the sensethat PCTt , which hasno knowledgeof the testsubject,cannotbe expectedto do
betterthanPCTa. In additionto showing thata high level of classi�cationaccuracy is possible,
theresultswith PCTamayalsobeinstructivein determininghow many dimensionsarerequiredto
supportperfectclassi�cation(at leastin this representation),andhow many seemto betoo many
(at leastwhenusingtheSVM classi�ers).

Clearly, PCTacannotbeusedin practice,sincetheclassof anew exampleis alwaysunknown
andthis is the exact reasonfor classifyingit. Thus,PCTt becomesa practicalfeatureselection
schemefor effectiveclassi�cation.In therestof thestudy, wewill befocusingon thisscheme.

Table1 showsthebestaccuracy usingPCTt featureselectionapproachtogetherwith thenum-
berof featuresusedfor eachcase.SVM-C10performsthebestfor Sal l dataset,with 93%accuracy
for theleft setand82%for right. FLD-NM performsthebestfor Sr hm dataset,with 82%accuracy
for theleft setand90%for right. In general,FLD-NM, SVM-C10andSVM-C100aresimilar in
performance.Anotherobservation is that left hippocampipredictbetterin Sal l while right ones
predictbetterin Sr hm . This suggeststhatgenderandhandednessmayaffect hippocampalshape
changesin schizophrenia.

The93%accuracy achievedfor Slef t
al l greatlyoutperformsour previousresult[29] andis com-

petitive with thebestresultin previoushippocampalstudies[10, 13, 15, 16, 27, 34]; pleaserefer
to Section1 for abrief descriptionof thesestudies.Notethatourdatasetis differentfrom thedata
setsin previousstudies,dueto a lack of shareddatarepositoriesin this domain. However, these
aresimilar resultsusingdifferenttechniqueson similar typesof data.
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5 Further analyses

In this section,we presenttwo additionalanalysesbasedon our classi�cation framework and
they areusefulin medicalapplications.Oneis receiveroperating characteristic(ROC) analysis,
which tradesoff sensitivity (the probability patientsare correctly predicted)for speci�city (the
probabilitycontrolsarecorrectlypredicted).Thisapproachovercomestheproblemof possiblebias
introducedby a�x edthresholdor differentsizeclassesandis oftenusedin visualizingthebehavior
of diagnosticsystems[33]. The other is an approachof visualizing the discriminative pattern
capturedby a linear classi�er to provide medicalresearcherswith a comprehensibledescription
of thegroupdifference.We show theseanalysesusingFLD-basedclassi�cation,thoughthey can
alsobeappliedto thelinearSVM cases.

5.1 ROC analysis

In medicalclassi�cationproblems,thetermssensitivityandspeci�city arede�ned asfollows: sen-
sitivity is the probability of predictingdiseasegiven the true stateis disease;speci�city is the
probability of predictingnon-diseasegiven the true stateis non-disease.The receiver operating
characteristic(ROC) curve [18, 33] is a commonlyusedsummaryfor assessingthe tradeoff be-
tweensensitivity and speci�city. It is a plot of the sensitityversusspeci�city as we vary the
parametersof a classi�cationrule. In thecaseof a linearclassi�er, this canbedoneby settingthe
decisionboundaryat variouspoints.

We performROC analysisusingour PCA andFLD framework. However, in our leave-one-
out experiments,eachtrial correspondsto anindependentFLD projection.Therefore,testobjects
maybeprojecteddifferentlyaccordingto differentbases,which makestheresultingscalarvalues
incomparableacrossdifferenttrials. Weusethefollowing procedureto normalizethesevaluesinto
a standardrange:for eachtrial, we scaleandshift all the projectionsso that theclassmeansfor
eachtrial's trainingsetfall on -1 and1, andall projectionsaresign-�ipped, if necessary, so that
themeanof thepatientclassis positive. Now testsubjectprojectionscanthenbecombined,since
they correspondto identicallyalignedtrainingsetsin theFLD space.

For eachleave-one-outexperiment,we calculatenormalizedtest subjectprojectionsas de-
scribedabove. Givena decisionthreshold,a testsubjectis classi�edasa control if its normalized
projectionis lessthanthe threshold;otherwiseit is a patient. By varying the threshold,anROC
curve canbe constructedbasedon the sensitivity andspeci�city that resultat eachthreshold.In
addition, the areaunderthe ROC curve (AUROC) canbe usedasa performancemeasurefor a
classifer[3], becauseit is theaveragesensitivity overall possiblespeci�cities.

Figure10showstheROCanalysisresultsfor leave-one-outcross-validationonrealhippocam-
pal datasetsusingtheFLD classi�cationandPCTt featureselectionscheme.In Figure10(a),the
bestROC curvesareplottedfor eachdataset,wherethenumberof featuresis selectedto achieve
themaximumAUROC.In Figure10(b),theAUROCvaluesareplottedfor differentexperimentsby
varyingthenumberof featuresused.Notethat theROC plot is oftende�ned assensitivity versus
1� speci�city (i.e., the falsepositive rate),datingfrom its origin asa signaldetectiontechnique,
but for ourpurposessensitivity versusspeci�city is equivalentlyusefulandeasierto read.

Thereareseveraladvantagesto usingtheROC analysisasfollows.

1. TheROCapproachis thresholdindependent,whichovercomestheproblemof possiblebias
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Figure10: ROC analysisfor leave-one-outcross-validationon real hippocampaldatasetsusing
FLD classi�cationandPCTt featureselectionscheme.(a) ROC curvesshow the the sensitivity
versusspeci�city asthe thresholdfor classi�cationis shifted. The legendshows thedataset,the
areaundertheROCcurve(AUROC)andthenumberof featuresused.(b) AUROCis analternative
for evaluatingtheperformanceof a classi�er andis plottedon theY axis.Thenumberof features
usedin eachexperimentis plottedon theX axis.

introducedby a�x edthreshold.It is awayto evaluateall thepossibleparameterizationsof a
classi�er. Ratherthanusinga simpleheuristicor a Bayesianmodelto selecta thresholdfor
FLD, this approachgivesthe overall performance,which might be termed“discriminative
power”, overall thethresholdsonecouldpick.

2. TheROC analysisinherentlydealswith theproblemof imbalancedtrainingsets,e.g., a 5:3
ratio of patientsto controls.Onesimpleway to dealwith this is to considertheaccuracy of
classifyingpatientsandtheaccuracy of classifyingcontrolsseparately, andperhapsaverage
thesetwo quantitiesto arrive at anoverall accuracy estimate;theROC approachtakesthis
onestepfurtherandnot only calculatesthetwo accuraciesindependently, but doessowhile
shifting theclassi�cationthresholdovera rangeof values.

3. AUROCis aneffectivemethodfor performancecomparisonbetweenclassi�cationsystems.
For example,for eachhippocampaldataset,thebestnumberof featuresselectedby mea-
suringtheAUROC valuein Figure10(b)closelymatchesthebestcaseshown in Table1 by
measuringtheoverallaccuracy. TheAUROCvaluecanbethoughtof asanevaluationof the
potentialfor a linearclassi�er to succeedon givendata.

4. TheROC curve is a usefulmeansof visualizinga classi�er's performancein orderto select
a suitableoperatingpoint, or decisionthreshold. In the medicalcase,the cost/effect of
misclassifyinga patientasa normalis oftenhigher/worsethanmisclassifyinga normalasa
patient. The ROC curve is a usefulbasisfor minimizing misclassi�cationcostratherthan
misclassi�cationrate.

18



5.2 Visualization of discriminati vepatterns

Basedon the PCA andFLD framework presentedabove, we introducea methodfor visualizing
discriminativepatterns.ThismethodsharesthesameideaemployedbyGollandetal. [17] for a2D
shapeclassi�cationproblem:for a linearclassi�er, thedeformationshowing classdifferencescan
bevisualizedusingthenormalto theseparatinghyperplane.Applying PCA andFLD asdetailed
above to ashapeset,wegetadiscriminativevaluev for eachshapex:

v = xT
� � Bpca � B f ld = xT

� � w; (22)

where
x � = x � �x (23)

is thedeformationof x fromthemeanshape�x, Bpca consistsof asubsetof eigenvectors,depending
on which principalcomponentsareselected,andB f ld is thecorrespondingFLD basis.Thusw is
a columnvector that weightsthe contribution of eachdeformationelementin x � to v. Given a
landmarklocation l, we usex � (l) to denotethe vectorcontainingdeformation�elds associated
with l in x � , andw(l) thevectorof thecorrespondingweightsin w. Thus,thecontribution made
by eachlandmarkl canbecalculatedas

C(l) = x � (l)T � w(l): (24)

Basedon this formula,wehave two observationsasfollows.

1. A largemagnitudeof w(l) indicatesthatlocationl hasdiscriminativepower, sinceevensmall
localdeformationsat this locationwill haveanoticeableeffecton theoverall classi�cation.

2. AssumeClassA hasmorepositive discriminativevaluesv's thanClassB. Thevectorw(l)
actuallyindicatesa localdeformationdirectiontowardsClassA. Thereasonis thattheloca-
tion contributionC(l) = x � (l)T � w(l) is maximizedif thelocaldeformationx � (l) sharesthe
samedirectionasw(l), which makestheshapemoretowardsClassA. In contrast,� w(l)
indicatesthelocaldeformationdirectiontowardsClassB.

We canmapw(l) or -w(l) vectorsonto the meansurfaceto show signi�cant discriminative
regionsandevendeformationdirectionstowardsacertainclass.Wenotethatthisbecomesawayof
showing statisticalgroupdifferenceimpliedby theclassi�ermodel.Wecreatesuchavisualization
for severalof our datasetsusingthe following procedure:(1) applyPCA to all shapesin a data
set;(2) orderprincipalcomponentsusingt-testoverall shapesto obtainPCTafeatureordering;(3)
applyFLD usingtheminimumnumberof featuresneeded,accordingto PCTaordering,to achieve
aperfectdiscriminationbetweenclasses;(4) backprojectthecorresponding-w(l) andw(l) vectors
ontothemeansurface,andusecolor to codetheir magnitudes.

Figure11 shows themappingresultfor thesyntheticrectangularsurfacesetdisplayedin Fig-
ure6,whereonly onefeatureis usedfor obtainingaperfectclassseparation.Thesigni�cant region
capturedby thevisualizaitonclearlymatchesour intuition onhow to distinguishthesetwo classes.

Figure12(a)shows the result for the syntheticright hippocampussetdisplayedin Figure4,
where� ve featuresare usedfor obtaininga perfectclassseparation.For comparison,in Fig-
ure12(b),weshow themappingsof groupmeandifferences�x C1 � �xC2 and�xC2 � �xC1 onthemean
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Figure11: Discriminativepatternsfor Sr ec
syn , thesyntheticrectangularsurfacesetdisplayedin Fig-

ure6. Theleft plot andtheright plot show themappingsof � w(l) andw(l) vectorsontothemean
surfaces,suggestingdeformationstowardsClassC1andClassC2,respectively, sinceClassC2has
themorepositivePCA/FLDprojection.Thelengthof eachvectoris scaledfor bettervisualization.
Its actualmagnitudeis codedin color.

surfacefor thesamedataset,where�xC1 and�xC2 arethemeanshapesof ClassC1 andClassC2
in landmarkrepresentationrespectively. By comparing(a) and(b), we observe that the discrim-
inative patternsin (a) roughly capturethe differencebetweenclassmeansin (b), which matches
the intuition. In addition,(a) shows a signi�cant discriminative (yellow/light) region in the lower
middlepart,while (b) shows just a smalldifferencebetweenclassmeansthere.By checkingthe
datacarefully, wediscoverthereasonbehindthis: althoughthisdifferenceis small,thevarianceis
low andtheresultingdiscriminativepower is thusfairly high.

Theabove resultson syntheticdatasetsvalidatetheeffectivenessof this technique.Now we
apply it to therealdatasets.Figure13 shows the resultsfor real left andright hippocampalsets
displayedin Figure4, where14and13 featuresareneededfor obtainingperfectclassseparations,
respectively. Mappingresultsshow that discriminative patternsappearin the head/anteriorand
tail/posteriorregions for both left andright hippocampi. These�ndings areconsistentwith re-
centreportsof shapeabnormalityin both anterior[10, 27] andposteriorregions[12, 27, 28] for
hippocampiin schizophrenia.This techniquevisualizesstatisticalgroupdifferencecapturedby a
classifermodel,andcanprovideanintuitive,comprehensible,andusefulwayfor visualdiagonsis.

6 Computational Issues

In this section,we discussthe computationinvolved in the study. Figure 14 shows the major
processingstepsin ourframework. Now weexaminethecomputationalcostfor eachof thesesteps.
For mostof them,weprovideatimecomplexity measure.For someconvergenceproceduresusing
iterative methods,we only report the empiricalperformance.Our experimentsareimplemented
usingMatlabandperformedon a Dell Optiplex GX260Pentium4 PCwith a 2.4 GHZ CPUand
512MB of RAM, which is runningWinXP ProfessionalOSandMatlabVersion6.5.

Let nv be thenumberof verticeson thesquaresurfacemeshof a volumetricobject. Surface
parameterization involvesan initial parameterizationanda following optimization. The initial
parameterizationcanbe donein time O(n3

v), the time requiredfor settingup andsolving nv si-
multaneouslinearequationswith nv unknowns[8]. Theoptimizationis themosttime consuming
stepin theframework. An iterativeprocedureis employedfor achieving a localminimum,andthe
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(a) Discriminativepatternsfor Ship
syn (b) Dif ferencesbetweengroupmeansfor Ship

syn

Figure12: (a) Discriminative patternsfor Ship
syn , thesyntheticright hippocampussetdisplayedin

Figure 4. The left plot and the right plot show the mappingsof � w(l) andw(l) vectorsonto
the meansurfaces,suggestingdeformationstowardsClassC1 andClassC2, respectively, since
ClassC2hasthemorepositivePCA/FLDprojection.Thelengthof eachvectoris scaledfor better
visualization.Its actualmagnitudeis codedin color. (b) Groupmeandifferences�x C1 � �xC2 and
�xC2 � �xC1 aremappedonto themeansurfacefor Ship

syn dataset,where�xC1 and�xC2 arethemean
shapesof ClassC1andClassC2 in landmarkrepresentationrespectively. Again,themagnitudeof
eachlocal landmarkdifferencevectoris codedin color.

numberof iterationsrequiredfor theconvergencediffersfor differentsurfaces.Pleasesee[4] for
moredetailsaboutthealgorithmsin thisstep.In ourexperiments,wherewehavenv = 2480� 357
(mean� standarddeviation), the initial parameterizationtypically canbedonewithin 3 seconds.
The typical runningtime for optimizationrangesfrom 15 minutesto 3 hours,with a few worst
casesof 7 – 8 hours.

Let nc bethenumberof SPHARMcoef�cients usedin theexpansion.Themajorcomputations
of both SPHARM expansionandSPHARM normalization stepsareto solve threeoverdeter-
minedsets(for x, y andz coordinatesrespectively) of nv simultaneouslinear equationswith nc

unknowns in a leastsquaresfashion,wherenc is chosento be signi�cantly smallerthannv for
bettersurface�tting. Pleasereferto Eq.4 andalso[4] for moredetails.Sincesolvinganoverde-
terminedsetof m equationswith n unknownscanbedonein timeO(n2 � m) [8], thecostof both
stepsis O(n2

c � nv). In our experiments,we pick nc = 169, andbothstepscanbedonewithin 3
seconds.

Let ns bethenumberof shapesin adataset,andn l betheresolutionof thelandmarkrepresen-
tation(i.e., eachshapehasnl landmarks).Thepoint distrib ution model (PDM) stepinvolvestwo
substeps.In the�rst substep,conversionsfrom SPHARMcoef�cients to landmarksareperformed
for ns shapes,which takesO(ns � nl � nc) time (Eq.4). In thesecondsubstep,PCA is performed
onns shapesto reduceeachlandmarkrepresentation(3� n l coordinates)to afeaturevector(ns � 1
features).Themaincomputationis theeigenanalysisof thecovariancematrix (Eq. 8 andEq. 9),
which takestimeO(n3

l ). In thecaseof ns � nl , thecomputationaltime for PCAcanbeimproved
to O(n2

s � nl ), by usingtheGrammatrix for eigenanalysisaccordingto [35]. In our experiments,
for ns = 56, nl = 642andnc = 169, thewholePDM stepcanbedonein 6 seconds.

Featureselectionvia t-testscomputesare-orderingof ns � 1 featuresby runningt-testsonns

(for PCTaordering)or ns � 1 (for PCTt ordering)examplars.Therunningtime is O(n2
s), which
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(a) Discriminativepatternsfor Slef t
al l

(b) Discriminativepatternsfor Sr ight
al l

Figure13: Discriminativepatternsfor (a) Slef t
al l and(b) Sr ight

al l , thedatasetsshown 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)
vectorsaremappedonto the last two views showing thedirectionstowardsa moreschizophrenic
shape.NotethattheschizophrenicclasshasthemorepositivePCA/FLDprojection.Thelengthof
eachvectoris scaledfor bettervisualization.Its actualmagnitudeis codedin color. Yellow/light
color indicatesmorediscriminativepowerwhile green/darkindicatesless.

22
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SPHARM Expansion

SPHARM Normalization

Point Distribution Model

Fisher's Linear Discriminant Linear Support Vector Machine

Accuracy Estimation ROC Analysis Visualization

Volumetric Object Surfaces

Mappings onto the Unit Sphere

SPHARM Coefficients

Normalized SPHARM Coefficients

Vectors of Selected Features

Classifier: Decision Hyperplane

Classifier Accuracy ROC Curve, Area under ROC Curve Discriminative Pattern

Feature Selection

Vectors of Shape Features

Figure14: Major stepsin the framework. Boxesrefer to processingsteps,while unboxed labels
identify thedataor resultsthey generate.

is trivial dueto averysmallns (56or 39) in ourstudy.
Let nf bethenumberof selectedfeatures.Fisher's linear discriminant (FLD) calculatesthe

generalizedeigenvectorsof nf � nf between-classandwithin-classscattermatrices(Eq.12,Eq.13
andEq. 14). This canbe donein time O(n2

f � ns + n3
f ) = O(n2

f � ns) for settingup thescatter
matricesandsolvingthegeneralizedeigenvectorproblem,whereO(ns) shapefeaturevectorsare
involvedin FLD. The linear support vector machines(SVM) implementationwe usesolvesan
optimizationproblemusingquadraticprogrammingandLagrangemultipliers,which involvesan
iterative procedure.The iterationsrequiredfor the convergencedependson the input dataand
parametersettings,andsoweonly reportits empiricalperformancein thenext paragraph.

Accuracy estimationemploys leave-one-outcross-validation,involving ns individual training
processes.In theFLD case,thetotalcostbecomesO(n2

f � n2
s); andthetypical runningtimeranges

from 0:07 to 0:8 seconds,for ns = 56 andnf 2 f 1; � � � ; 53g, in our experiments.In the SVM
case,theperformanceof this proceduredependson theparameterC, which speci�esthecostof
theconstraintviolation. With ns = 56andnf 2 f 1; � � � ; 53g, thetypical runningtimesare0:08–
2:0 secondsfor C = 1 andC = 10, and0:2 – 12secondsfor C = 100.

ROC analysis requiresnormalizingleave-one-outprojectionsin the discriminantspaceand
computingthe ROC curve andthe areaunderthe ROC curve. This canbe donein time O(n2

s).
Visualization involvesbackprojectingthe vector normal to the separatinghyperplaneonto the
originalsurfacerepresentedby nl landmarks,whichtakesonly O(nl ) time. Thecostsof these�nal
stepsaretrivial whencomparedto theearlierprocessingstagesin theframework.

Datasetsin thebrainimagingdomainareoftenrelativelysmalldueto thedif�culty andexpense
of datacollection. Thus,accordingto theabove analysis,thecomputationalcostis usuallynot a
problemhere,sinceall theabovestepsexceptsurfaceparameterizationareveryef�cient for small
samplesetlearningandsurfaceparameterizationis still feasiblein our case.In fact,earlierwork
hasbeendone[26] on improving theef�ciency of surfaceparameterization. Wearealsostudying
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moreef�cient andscalableapproachesfor parameterizinglargerobjectsandmake this framework
applicableto moregeneralcases.

7 Conclusions

This paperpresentsa new techniquefor 3D brainstructureclassi�cationthatcombinesa power-
ful surfacemodelingmethodwith suitablepatternclassi�cationandprocessingtechniques.The
SPHARMdescriptionis chosento modela closed3D surface.It is a relatively new andpowerful
parametricsurfacedescription,which enforcessurfacecontinuity andregularizationin a natural
way while preservinganatomicalstructuresandshape.Using this approach,differentobjectsur-
facescanbe parameterizedandnormalizedto a commonreferencesystemto derive a detailed
landmarkrepresentationcomparableacrossobjects.Thechoiceof pointdistributionmodelfor di-
mensionalityreductionandfeatureextractionmakesclassi�cationfeasiblefor smallsamplecases
andfacilitatesintuitivevisualization.

Severallinearclassi�ers(four FLD andthreelinearSVM variants)togetherwith differentfea-
ture selectionapproachesareemployed for classi�cation,wherefeatureselectioninvolvesusing
thestandardprincipalcomponentorderingby variance-accounted-foraswell asalternativeorder-
ingsby signi�canceasassessedusinga t-test.Thesetechniquesare�rst validatedusingsimulated
dataandthenappliedto realhippocampaldata.

Exhaustive experimentationon hippocampaldatain schizophreniarevealsthat the proposed
PCTt featureselectiontechniqueworkseffectively with mostclassi�ersandimprovesthe leave-
one-outcross-validationaccuracy signi�cantly. We achieve the bestaccuraciesof 93% for the
whole set and 90% for right-handedmales,competitive with the bestresultsin similar studies
usingdifferenttechniqueson similar typesof data.Our resultssuggestthe left hippocampusis a
strongerpredictorin thewholesetwhile theright oneis strongerin right-handedmales.

Basedonourclassi�cationframework, a threshold-freeROCanalysisis alsoemployed,where
theROC curve representsall potentialdiscriminationperformancesby varyingthedecisioncrite-
rion, andAUROC is usedasanalternative to evaluatetheperformanceof a classi�er. In addition,
to interpreta classi�er in theoriginal shapedomain,we introduceaneffective methodfor visual-
izing discriminativepatterns.This approachvisualizesthestatisticalgroupdifferencecapturedby
aclassi�er modelandprovidesanintuitiveway to helpdoctorsin visualdiagnosis.

Theproposedtechniquescanalsobeappliedto other3D shapeclassi�cationproblemsin com-
putervision andimageprocessing,wherethe involved objectsarearbitrarily shapedbut simply
connected.Interestingfuturetopicsinclude(1) extendingthis framework to learningapplications
with very largedatasets,and(2) developingmoreef�cient surfaceparameterizationtechniques.
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