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Abstract

We arguethat registration shouldbe thoughtof asa means
to an end, and not as a goal by itself. In particular, we
considerthe problemof predictingthe locationsof hidden
labels of a testimage using observablefeatues, given a
training setwith boththe hiddenlabelsandobservabldea-
tures.For example thehiddenlabelscouldbesegmentation
labelsor activationregionsin fMRI, while the observable
featurescouldbe sulcalgeometryor MR intensity

We analyzea probabilistic framevork for computingan
optimalatlas,andthe subsequenmntegistration of a new sub-
jectusingonly the observabldeatuesto optimizethe hid-
denlabel alignmentto the training set. We compae two
appmoachesfor co-registeringtraining imagesfor the atlas
construction:thetraditionalapproach of only usingobserv-
able featuies and a novel approad of only using hidden
labels. We arguethat the alternativeapproad is superior
particularly whenthe relationshipbetweerthe hiddenla-
belsandobservabldeatuesis compleandunknown.

As an application, we considerthe task of registering
cortical folds to optimizeBrodmannarea localization. We
showthatthealignmentof the Brodmanrareasimprovesby
up to 25% whenusingthe alternativeatlas compaed with
the traditional atlas. To the bestof our knowledg, these
are the mostaccurate Brodmannarea localization results
(achievedvia cortical fold registration) reportedto date

1. Intr oduction

This paperexploresthe generalproblemof optimal at-
las constructionwith the aim of predictingthe locationsof
hiddenlabelsin atestimageusingobsenablefeaturesas-
suminga training setis available. The terms*“labels” and
“features”areusedin agenerakenseFor example thehid-
denlabelscould be segmentatioriabels,activation regions
in fMRI or Brodmannareaswhile the obsenablefeatures
could be cortical folds or voxel intensities. Furthermore,
therolesof hiddenlabelsandobsenablefeaturesareprob-

lem speci c. For example,one could ask the questionof
localizingcorticalfolds basedon fMRI obsenations.

The traditional approachto atlasconstructionemploys
imageregistrationalgorithmsthat maximizethe similarity
betweenimagefeaturesto bring training subjectsinto an
image-matded coordinateframe. The goalis to malke the
imagedook assimilaraspossiblemostof thetimeignoring
label information. This approachassumeshat correspon-
denceacrossll trainingandtestsubjectanandshouldbe
achieved usingtheseobsenable features. Oncethe train-
ing subjectsarein correspondenceeggressorgstatisticalor
otherwise)relating the obsenable featuresand hiddenla-
belsarecomputedo summarizehe populationwhich can
laterbe usedto infer unobseredlabelsin atestimage.

Alternatively, we proposecomputatiorof anatlasby co-
registeringthe hiddenlabelsin thetrainingset. This yields
adifferentalignment,particularlyif the labelsandfeatures
are not strongly correlated. For example,the obsenable
featurescouldbecorticalfolds (visible in in-vivo MRI) and
unseenabelscouldbe cytoarchitecturastructuregnot vis-
ible in in-vivo MRI). Consequentlystatisticscomputedin
this alternatve label-matdedcoordinateframediffer from
thoseof thetraditionalatlasandtheresultingregistrationof
atestimagewill thereforealsobedifferent.

Thefollowing toy exampleillustratesthedifferencese-
tweenthe two approachesFiguresl(a,d)shawv two train-
ing imageswheretheredandblueboxesrepresenbhbserv-
ableimagefeaturesandthe black box is an unobserable
label. Theblackhiddenlabelis completelypredictedby the
blue obsenablefeature,i.e., it is alwaysto theright of the
bluefeature.In bothimagestheredfeatureis thedominant
obsenableimagefeatureandis not predictive of the black
label. Allowing for only translations the image-matting
approachalignstheredfeaturesinceit dominateghe blue
feature.In contrastthelabel-mathing approachalignsthe
black label, with the blue featurealignedasa result. Fig-
uresl(b,e)shov themeanimagein theimage-matdiedand



label-mattedreferencdramesrespectiely. Figuresl(c,f)
shaw the varianceimagein the image-mattied and label-
matded referenceframesrespectiely. The alignedfea-
turesandlabelshave zerovariancgemptyboxes).In partic-
ular, thebluefeaturehaszerovariancen thelabel-matded
frame,implying thatlow variancefeaturesarepredictive of
thelabels.Whenwe registeranunlabeledmageusingonly
the red andblue features the hiddenlabel will be aligned
with only onetrainingimagein the image-matdedframe.
In contrastthe hiddenlabelwill bealignedto the labelsof
bothimagesin thelabel-mathedframe.

In practice theremightnotexist featureghatcompletely
predictthe hiddenlabels.However, the constellatiorof low
variancepredictive featuresn thelabel-mattedcoordinate
framecould concevably improve the alignmentof the hid-
denlabels.In this paperwe shav thatthealternatve label-
matded atlasstrateyy yields signi cantly improved align-
mentof the Brodmannareashetweerthe testandtraining
imagescomparedvith a traditionalimage-matdedatlas.
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Figurel. Toy Example(seetext for detailedexplanations).(a,d):
Training Images.Black rectanglerepresents hiddenlabel. Blue

andred boxesareobsenrablefeatures.The red box is muchbig-

ger thanthe blue box. Allowing for only translations after co-

registrationof trainingimages:(b,e): meanandvarianceimages
in theimage-matted frame. (c,f): meanandvarianceimagesin

thelabel-mattedframe. Emptyboxesdenotezerovariance.

2. Background

2.1 Registration and Atlas Construction

Registrationaimsto bringimagesinto the sameframeof
referencellowing for meaningfulcomparisonsTo register
apopulationof imagespnecanregisteranew subjecto all
subjectdn thedatabas¢9, 19]. A moreef cient methodis
to summarizethe populationwith a representatie. Rather
thanpicking an arbitrary subjectas a representatie, some
methoddave focusedon determininghemostunbiasedt-
las[10, 14, 18] or multiple atlaseg16] from a groupof sub-
jects. This usuallyinvolvesthe registrationof the subjects

into animage-mathedcoordinateframe,followedby atlas
statisticccomputationZollei etal. [24] avoid pickingapar

ticularrepresentatie altogethein the co-registrationof the
trainingimages.However, the nal referencdrameis still

animage-matdtedcoordinatdrame.

A questiorthenarisesonhow well thefeatureshouldbe
aligneddueto thetradeof betweerimage delity andwarp
regularization. Twining et al. [20] optimizesthis tradeof
by nding the leastcomple atlasthat explainsthe image
featuresof the population. This is usefulif the goalis a
modelto explaintheseobsenablefeatures.

However, registrationto anatlasis oftenonly aninterme-
diate stepbeforefurther computationsuchas shapeanaly-
sis. In sggmentation,the corventional paradigmwarpsa
new subjectto the image-matted coordinateframe of the
training set. The sggmentationlabelsof the training sub-
jects are then usedto infer thoseof the subject. In joint
registration-sgmentatior15], the hiddenlabelsandwarps
of a new subjectare inferred simultaneouslywith respect
to the atlas. However, most studieson atlas-basedoint
registration-sgmentatiorareinconsistentiueto the useof
segmentatiorlabelsin the registrationof a new subjectbut
notin the co-registrationof thetrainingimages.

An exceptionis thejoint registration-parcellationf cor
tical surfaceq22] thatprovidesa consistenschemeof uti-
lizing segmentatiorabelsin theregistrationof bothtestand
trainingimages.VanLeemput[12] nds theleastcomple
atlasthat explainsthe manuallabelsof a training set,dual
to Twining's work [20]. While Van Leemputdid not shav
ary veri cation of his atlas,our resultsin this paperseem
to suggeshis atlasmight be usefulfor sgmentation.

A fundamentaimodelingassumptionn almostall the
atlas constructionliterature is the choice of the image-
matdedcoordinateframe. This works well whenthe goal
is featurealignmentor whenthe obsenablefeaturesde ne
or strongly correlatewith the hiddenlabels(true for mary
applications) However, if the hiddenlabelsandobsenable
featureshave weak or complex correlationsthenlearning
thecorrelationsshouldleadto improvedresults.

2.2 Brodmann Ar eas

The applicationwe consideris the parcellationof the
humancerebralcortex into Brodmannareas[4]. The cy-
toarchitectonigropertiede ning the Brodmannareasare
mostly visible only in histology and more recently ex-
vivo MRI [3]. Unfortunately much of the cytoarchitec-
tonics cannotbe obsened with currentin-vivo imaging.
Yet, today most studiesreport their functional ndings
with respectto Brodmannareas,usually achieved by vi-
sualcomparisorof corticalfolds with Brodmanns original
drawings without estimatef con dence. More recently
probabilisticBrodmannareamapscreatedn the Talairach
andColin27 normalizedspacevia combinedhistologyand



MRI [6, 17, 23] promisea moreprincipledapproach.

Despitethewidespreagbracticeof usingmacro-anatomy
suchascortical folds to estimateandreportBrodmannar-
easin individual brains little is known abouttheir relation-
ship. In fact,studieshave shavn thatevenprominentBrod-
mannareasg.g.,V1 (BA17) andV2 (BA18), have signif-
icantly variable Talairachcoordinatesacrosssubjects[1].
Yet, it is not clearwhetherthe widely reportedinaccurayg
in Brodmannarealocalizationre ects the true variability
of theunderlyingarchitectoniareaswith respecto macro-
anatomicalcortical folds or is dueto the poor quality of
inter-subjectalignment.

In this paperwe emplgy anon-linearsurface-basedeg-
istration algorithmto co-registerthe labelsin the training
imagesinto a label-matded coordinateframe by corvert-
ing the label imagesinto signeddistancemaps[13]. The
resultingatlasconsistsof the meanandvarianceimagesof
cortical geometrycomputedin this label-matted coordi-
nateframe. The samealgorithmis usedto registera new
subjects corticalgeometryto the atlas,assigningnoreim-
portanceto low varianceatlasregionswhich aremorepre-
dictive of Brodmannrareaocationsvia naturalweightingof
thevariance Thesdow varianceregionsarenotnecessarily
closeto the Brodmannareas.

Ourapproachis similarto methodghatsegmentregions
of low or no contrastbasedn predictive informationfrom
otherregionsthat canbe more easily sgmented/11, 21].
However, mostof theseautomaticmethodsemploy expert
knowledge aboutthe domainto determinethese“predic-
tors” In contrast,we discover thesepredictorsautomati-
cally andusethemto drive theregistrationof anew subject.

In thenext sectionwe discusgswo modelingapproaches
for atlasconstructionandthe alignmentof a new subject.
In sections4.1 and 4.2, we instantiatethe modelwith re-
spectto a data-sethat containsBrodmannlabelsobtained
via histologyandmappedo thecorresponding/IRI volume
[17, 23]. We presenexperimentakesultsin section4.3.

3. Theory: Registration & Atlas Computation

LetLY = fL;;  ;LygandY]N =1fYy; ;Yygde-
note the hiddenlabelsand obsenable featuresgivenin a
training setof N imagesrespectiely. Let Yy +1 betheob-
senationof anew subject.

We denoteR? = fRy; ;RngandRy 41 to bethe
registrationparameter®f the training setand new subject
respectiely. Let be the atlas parameterghat we aim
to learn from the training set that model the hidden la-
belsand/orobsenablefeaturesn the normalizedreference
frame.For example, canmodelthespatialdistribution of
differentbrain structured. and/orthe MR intensity distri-
butionY of a particulartissuetypel .

We will follow the commonapproachof estimatingthe
unknavns , RY andRy+1 sequentially We begin with

the maximuma-posterioriiMAP) formulationto estimate
theatlasparameters andregistrationparameterf} :
( ;RY )= argmaxp( ;RYjLY;Y]") (1)
RY

1

Assuminga uniform prior on , we obtainthe following
MaximumLikelihood(ML) atlasobjective function:

( sRY )= argmaxp(RY;LY;Y("]) (2)
RY

Giventhe estimatedatlasparameters , we canthenesti-
matetheregistrationof anew subjectRy +1 via:

Rn+1 = argmaxp(Yn+1;Rn+1] ) 3)

RN +1

Sucha sequentiakstimationprocesss not optimal but can
be shavn to be a reasonableapproximationof the much
morecomputationallyexpensve MAP problem:

( RY* )y =argmaxp( RYMIYNTLY) @)

.p N+
Ry

We now concentrat®n the atlasterm(eq.2) by rewriting it
as:

P(RY ;LYY )) = pRY)) p(LY; Y] RY)  (B)
The rst termp(RYj) canbe thoughtof asthe prior or
regularizationon the registrationparameters.The crux of
this paperliesin the seconderm,whichis thedata- delity
function:

p(LY ;YN RY) = p(Y'i viRY)P(LY ] Ljv: Y iRY)®6)
= pLYj RY)P(Y ) vicsLY s RY) (@)

S S
where = v Liy = L yjL- vy and _ arethe

parametershatmodelonly Y andonlyL respectrely. For
example, | canmodelthe spatialdistribution of different
brainstructures.. y; modelthe obsenationsY given
thelabelsL. For example, y;. canmodelthe MR inten-
sity distribution Y of a particulartissuetype L. Similarly,

Ljy modelthelabelsL givenobsenationsY .

Considerthefollowing two approachesf modelingthe
data- delity function:

1. Traditionally (for example[7]), the atlasparameters
v and RY are estimatedby optimizing the rst
term p(YNj v;RY) of eq. (6) with the regulariza-
tion p(Rj) . This canbedonein a coordinate-ascent
mannerby alternatingstepsof optimizing the regis-
tration parameterR) and optimizing the atlas pa-
rameters y. The optimal R) for the rst term
are then usedto estimate | jy in the secondterm

p(LYj Ljv:YSRY ).
Given a new subject, | are used to regis-
ter the subjectto the atlas spacevia maximizing



P(Yn+1;Rn+1] v)- Thiscanbefollowedby theuse
of |y for sgmentation.

Dependingon the relationshipbetweenthe labelsand
features, jy might be comple. In this work, we
will focusonly ontheregistrationpart,i.e.,ignorethe
designandestimationof |y .

In effect, this approachco-registersthe imagesto an
image-matded coordinateframe and learnsthe pa-
rameters that modelthe obsenationsand labelsin
thiscommonspace.

2. Alternatively, we proposeto estimate | andR)' by
optimizing the rst term p(LYj ;RY) of eq. (7)
with the regularizationp(Rj ) . Like before,this can
be donein a coordinate-ascenhanner The optimal
R) for the rst termarethenusedto estimate YiL
in thesecondermp(Y'j v ;LY;RY ).

Onceagain, yj_ mightbecomplex dependingonthe
relationshipbetweenthe labelsand obsenations. In
this work, we will ignorethe designandestimationof
YiL -

However, we do needto estimate y becaus@ivena
new subject,we would like to registerit to the atlas
spaceby optimizingp(Yn +1;Rn+1] v). vy canbe
estimatedy optimizingp(Y'j v;R) ) whereRY
arefoundfrom co-registeringthelabels.

In effect, this methodco-reggistersthe trainingimages
usingtheirlabelsto alabel-mathedcoordinaterame,
and learnsthe parameters that modelthe obsena-
tionsandlabelsin this commonspace.

In summarythe differencebetweenthe two modelsis that
the modelparametersirelearnedin differentspacesasil-
lustratedin Figure2. In particular in the image-matdhed
coordinateframe, the obsenationsof the training setare
matchedand thus have low variance,while in the label-
matded coordinateframe, the obsenationsmight not be
well-aligned,andwill in generahave ahighervariance.On
the otherhand,in the label-mattied coordinateframe, the
labelsarematchedwhile in theimage-mathiedcoordinate
framethis maynotbethecase.

Sincethe modelparameters y arelearnedin a partic-
ular commonspace, , describethe statisticsof obsena-
tionsin that coordinateframe. Thereforegivena new sub-
ject, optimizing p(Yn +1; Rn+1j v ), involves nding the
registrationRy +1 thatwarpsthe new subjectinto thatpar
ticular commonspacein which y werelearned. If v
werelearnedin the label-matted coordinateframe, then
the new imagewould be broughtinto a spacewherelabels
arewell-aligned.

More concretelyin thelabel-mathiedcoordinaterame,
obsenable featureswith low variancearise when align-

ing the labelsalsoalign them, suggestinghat theselow-
variancefeaturesare predictive of the labels. A possi-
ble stratgyy of summarizingthe label-mattied coordinate
framewith v istoweightheimportanceof thefeaturesn-
verselyproportionalo theirvariance.Thisis accomplished
in section4.

Observations may not Align

Labels Alighed

Label-matched
Coordinate Frame

-

-~

Figure 2. Comparisonof methods: In approachl, imagesare
alignedinto the image-matded coordinateframe where obser
vationsare matched. In approach2, imagesare alignedinto the
label-mattiedcoordinatdramewherelabelsarematched. | de-
scribethestatisticsof obsenationsin thecoordinatérame. There-
fore, a new imageregisteredusing  will be broughtinto the
coordinateframein which vy werelearned.

As previously discussedapproacH. is traditionalin sey-
mentation. Most sggmentationproblemsdealwith regions
strongly relatedto the obsenations. This is supportedby
thefactthatmanualdelineationis usuallyperformedby an
expert,directly on theimagedata. As aresult,aligningthe
obsenablefeatureqe.g.,MR intensity)alsoalignsthe hid-
denlabels(e.g.,white andgraymatter)andvice versa.Thus
theimage-mathedandlabel-mathedreferencdramesare
similar andin practice we expectbothmethodsto perform
comparablyin suchproblems.

On the other hand, in applicationswherethe relation-
shipbetweerthe obsenedfeaturesandunderlyinglabelsis
comple or weak,e.g.,corticalgeometrys. Brodmannar
eas(Figure3), thetwo methodswill yield differentresults.
In suchcasesasdemonstrateavith thetoy examplein the
introduction we expectapproact? toyield betteralignment
of thehiddenlabels.

4. Experiments

We now demonstratethe utility of our approachon
a data set that containsBrodmannlabels mappedto the
correspondingViRI volume. 10 humanbrainswere ana-
lyzed histologically postmortemusing the techniquesde-
scribedin [17, 23]. Thehistologicalsectionswerealigned
to postmortemMR with nonlinearwarpsto build a 3D
histological volume. Thesevolumeswere segmentedto
separatewhite matter from other tissue classes,and the



Figure 3. Brodmannareas2, 4a, 4p, 6, 44 and 45 on two sub-
jects'in ated corticalsurfaces.Redandgreenrepresensulciand
gyri, respectiely. Notice the variability of BA44 andBA45 with
respecto theunderlyingfolding pattern.

segmentationwas usedto generatetopologically correct
and geometricallyaccuratesurface representationsf the
cerebral cortex using a freely available suite of tools
(http://surfemmrmgh.harardedu/fswiki) [5]. The 8 man-
ually labeledBrodmannareamaps(areas2, 4a, 4p, 6, 44,
45, 17 and 18) were sampledonto the surfacerepresenta-
tions of eachhemisphereanderrorsin this samplingwere
manuallycorrectede.g. whena labelwaserroneoushas-
signedto both banksof a sulcus). A morphologicalclose
wasthen performedon eachlabel to remove small holes.
6 of the 8 Brodmannareason the resultingcortical repre-
sentationgor two subjectsareshown in Figure3. Finally,
theleft andright hemispheresf eachsubjectweremapped
ontoa sphericakoordinatesystem[8].

4.1 Atlas Computation

We constructthe atlasin the label-matted coordinate
frame by co-registering the training imagesto align the
identi ed Brodmannareas. Following a commonly used
approaclof extendinglocal featurego image-widedescrip-
tors, we corvert eachBrodmannareain eachimageto its
signeddistancerepresentatiofiL3].

Thisyieldsanl -dimensionatistancamageD , for each
subjectn, wherel is thetotal numberof Brodmannareas.
We usethe signeddistancamageD , asa proxy for align-
ing the Brodmannareas.In our application,the numberof
availableBroadmarareass | = 8 andthe numberof sub-
jectsisN = 10.

EachsubjectalsohasaJ-dimensionabbsenationimage
Yn. In our application,d = 3, wherethe obsenationsare
“sulcaldepth”andthemeancurvatureof thecorticalsurface
beforeandafterpartialin ation [8]. We notethatthemean
cunatureof the partially in ated surfacesene asa large-
scalefeaturefor avoiding local optima.

To bring the subjectsinto the label-matded coordinate
frame,we repeatedlyregistereachof theN distancemaps
f D g to the currentatlasde ned by the meanandvariance
of the distancemaps. In particular at iterationk, we max-

imize p(Lnj ¢ P ;RX), p(Dnj & P ;RX) for each
subjectn.
Assuming independentGaussianshboth spatially and

acrossBrodmannareasfor the |l distancemapsthat make

up D, we get the equivalent maximization(after taking
log) problem:

1X X (Du (%(RK) MK 1(¥)?
2

arg max lo Rn
an gp(Rn) Vik iy

i=1
wherex denotesvertex location. D,; denoteshe signed
dis[ganceimageof theith labelin subjectn. Mik %) =
Ni n Dni (X(Rﬁk b )) is the mean distance map for
Br%dmannareai after iterationk 1 and \/ik %) =
L0 (Dn (RSP ) MF (%)? is the varianceof
thedistancamapfor Brodmannareai afteriterationk 1.
Similar to [7], we de ne the regularizationp(Rj) ,
p(R) to be: . 4
X X R o 2
logp(R) = logF(R) S 7”"do w
U V2N, uv

(8)

wheredyR, is the distancebetweenverticesu andv under
registrationR, d9, is the original distanceandN, denotes
a neighborhoodf v. Our regularizationpenalizesmetric
distortionweightedby a scalarS whichre ectstheamount
of smoothnessf the nal warp. FunctionF () ensuresn-

vertibility andis zeroif the warp introducesfolds in the

surfaceandoneotherwise R is optimizedby warpingeach
vertex individually. In thiswork, S is setto 1. Exploration
of theparametes is atopic of futureresearch.

Oncethe co-ragistrationis completed,we computethe
atlasparameter  usingR,. Let Y, denotethe scalar
image correspondingo the j -th obsenationin subjectn.

v consistof two images:theobserationmeanimage

A 1 X
MAG) = 5 Yo (%(Ro);
n
andthe obsenationvarianceémage
1 X
VA (x) = N (i C(Ry)) M (%))

n

For the computationof the image-matded coordinate
frameatlas,we repeathe constructiordiscussedbove but
replacingthedistancemapD , with Y,,. Theconstructioris
thenessentiallythesameasFreeSurfef7].

4.2 Registration of a New Brain

Theregistrationsof anunlabeledirainYy 41 to boththe
image-matdiedandlabel-mathedatlasesareperformedy
optimizingp(Yn +1 ; Rn+1] v ). Consistentlywith thepro-
cedureusedfor atlasconstructionyve estimatetheregistra-
tion parameterfy +1 for thenew imageby optimizing

1% X (Ynag (%(Ruaa)) M (x)°
2 VA (%)

=1 %

9)

with the sameregularizationas(8). This assumegs Gaus-
sianmodelwith independencacrosspaceandthe observ-
ableimagefeatures.A more generalmodelcould replace



theindividualvariances\/jA with acovariancematrix. Note
therole of thevariancese ect theintuition thatin thelabel-
matdted coordinateframe, low variancefeaturesare more
predictive of thelabelsandaregivenmoreweight.

4.3 Results

We quantify the alignmentquality of a corresponding
Brodmannareaof a given pair of registeredlabeledmaps
with the modi ed Hausdorf distance(MHD). To compute
the asymmetricaMHD Hj, , betweena “corresponding
labelof subjectl andsubject2 in subject2's nativespacé,
for eachboundarypointof thelabelin subjectl, theshortest
distanceto the boundaryof thelabelin subject2 is found.
We repeatby computingall shortestdistancedrom thela-
bel boundaryin subject2 to the label boundaryin subject
1. Hy » is thenthe averageof all shortestdistances.The
asymmetryin the above processcomesfrom the computa-
tion of distanceslongthe cortical surface(native spaceof
subject2 ratherthan someaveragesurfacein atlasspace.
This preventsthe possibility of obtainingarti cially good
resultsbecausehe imagesare squeezedogetherin atlas
space. Unlike overlap measuressuchasthe Dice coef-
cient, MHD providesthe measurén mm of the uncertainty
of localization,andis invariantto the sizeof anarea.

For ourbenchmarkywe computean“image-mattied10”
atlas(IM10) from the10 ex-vivobrainsusingthe FreeSurfer
algorithm(seesection4.1). Sincethe 10 ex-vivobrainsare
alreadyco-registeredto constructthe atlas, the brainsare
alreadyin correspondencandwe computethe MHD be-
tweenthe Brodmannareasof eachpair of ex-vivo brains
resultingin 90 (insteadof 45 becauseof the asymmetry)
comparisongerstructure.

As asecondenchmarkywe computean“image-matded
40" atlas(IM40) from a setof 40 in-vivo brains. In this
case we registereachof the 10 ex-vivo brainsto IM40 via
eg.(9) andcomputehe MHD betweerthe Brodmanrareas
of eachpair of ex-vivo brainsresultingin 90 comparisons
perstructure.

Finally, we computea leave-one-out'label-mathed9”
atlas(LM9) for eachof the 10 ex-vivo brains,i.e. the 10
brainsminusthetestsubject.We usetheleave-one-oupro-
ceduresoasto excludethe Brodmannareaf thetestsub-
ject from the atlasconstruction. We then registerthe test
subjectto the correspondind M9 atlasaccordingto equa-
tion (9) andcomputeheMHD betweerntheBrodmanrareas
of thetestsubjectandthe 9 brainsin the atlas.Onceagain,
we get90 comparisongerstructure.

For eachBrodmannarea,we want to testwhetherthe
90 MHD measurementsom LM 9 arestatisticallysigni -
cantlysmallerthanthoseof | M 10 or | M 40. Yet,thecom-
parisonsare not independentnor is therereally a one-to-
onecorrespondencketweerthe measurementdie there-
fore performapermutatiortest,wherewe poolall themea-

surementsnto a groupof 180 measurementsiNe thenre-

peatedlysplit the 180 measurementmto 2 equally sized
groupsand computedhe differencein meansbetweenthe
groups,building an empiricaldistribution of the difference
in meansunderthe null hypothesisFor eachstructurewe

performamillion randompermutationsnderthenull hy-

pothesighatthemeansof the 2 groupsarethe same sucha
testis valid despitethe unknawn correlations.

Tablel liststheaverageMHD' s for thethreeatlasesand
eightBrodmanrareasalongwith thep-valuesfor LM 9vs.
IM10andLM 9v. | M40. We seethat, in general,the
I M 40 atlasyields a signi cantly betteralignmentthanthe
I M 10 atlas. From our experience this is becausd M 40
containsmary more subjectsand thus yields better esti-
matesfor the atlasparameters.The label-matdhied LM 9
atlas, however, achievesthe bestalignmentfor all Brod-
mannareas. The alignmenterror is up to 25% lessthan
thatof | M 40 with statisticalsigni cance(p < 0:01) in 12
out of 16 regions(all, exceptBA44 in theleft hemisphere,
BA4p, BA6 and BA44 in theright hemisphere).Figure5
providesamoredetailedcomparisorbetweertheresultsof
thetwo bestatlasesl.M 9 andl M 40. Figure4 shavs the
Brodmannareaswith statisticallysigni cant improvement
onthecorticalsurface.

5. Conclusion

In this paper we argue that the goal should drive the
computatiorof anatlas.In particular we investigateanap-
proachthat co-registershiddenlabelsin atraining dataset
to computea probabilisticatlasbasedon obsenable fea-
tures. The purposeof the atlasis to localize unobsered
labelsin a new dataset. The atlasconstructionprocess
automaticallydiscoversimportantobsenablefeaturesince
low-varianceobsenablefeaturesaremorepredictive of the
hiddenlabels. Given a new subject,the registrationalgo-
rithm givesmoreimportanceo thelow-varianceegionsvia
naturalweightingof thevariance.

We shaw that a registrationalgorithm that nonlinearly
registersobsenablefolding patternsof abrainwith alabel-
matdedatlascanachieve surprisinglyhigh accurag in the
localizationof a setof cytoarchitectonidBrodmannareas.
In particular alignmenterrorsfor V1, BA4a, BA4p and
V 2 of bothhemispherearelessthan3:5mm. Theremain-
ing areasare more variable, but still exhibit signi cantly
improvedoverallpredictabilityrelative to themorestandard
12 degreeof freedomvolumetricalignment. In particular
Broca's area(left hemispherédBA44 and BA45) hasa sur
prisingly low estimatiorerrorcomparedvith previouslyre-
portedresults[2]. Theresultswe presentre,to our knowl-
edge,the bestof their kind andmay have importantimpli-
cationsin the studyof the relationshipbetweerthe macro-
anatomicabndcytoarchitectoni@organizatiorof the brain.

Futurework involvesthe discovery of moreBrodmann-



Table 1. Averagealignmenterrorsin mm for the threeatlases Bestalignmentfor eachBrodmannareais in bold. Thelasttwo rows of
eachtablecontaina statisticalcomparisor(permutatiortestp-value) betweerthe label-mattedatlasLM9 andtheimage-mattiedatlases
I M 10andl M 40. The p-valuesthatdo notreachsigni canceareshavn in italic .

Left Hemisphere

Vi BA4a BA4p BA2 V2 BA6 BA44 BA45
IM10 3.83 4.38 3.77 6.28 4.64 7.01 7.41 6.81
IM40 2.89 3.81 3.60 5.62 4.25 7.06 7.57 6.92
LM9 2.34 2.86 3.00 4.63 3.31 5.87 6.92 4.63
P-values
IM10v. LM9 | 10 © 10 6 10 6 10 6 10 6 10 6 1:2x10 1 10 6
IM40v.LM9 | 10 © 10 6 3:8x10 ® | 3:5x10 ® | 10 ® | 1:2x10 * | 6:7x 10 2 10 6
RightHemisphere
Vi BA4a BA4p BA2 V2 BA6 BA44 BA45
IM10 3.85 3.76 3.11 5.92 3.97 6.50 11.54 9.88
IM40 2.70 3.58 2.92 5.66 3.58 6.34 10.49 9.20
LM9 2.39 3.07 2.89 4,73 3.05 5.90 9.72 7.40
P-values
IM10v.LM9 | 10 © 10 © 2:8x10 2 10 © 10 ¢ | 3:8x10 2 6:6x 10 3 3x10 4
IM4Ov.LM9 | 87 4| 2:1x10 # | 4:0x10 ! | 86x10 ® |10 % |8:9x10 2 |1:3x10 1 4:2 3

predictve macro-anatomicateaturesand the understand-
ing from a neuro-scienti cperspectie why somefolds are
morepredictive thanothersof Brodmannarealocation.

Figure4. Mapsof p-valuesof the differencein alignmentquality
betweenthe label-mattied atlasLM 9 andimage-matted atlas
I M 40. The p-valuesareplottedin minuslog-scalesothatlarge
valuescorrespondo beingmoresigni cant. Only statisticallysig-
ni cant regionsareshavn in color.
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