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Abstract. Thispaperproposesa methodto infer a high level modelof thewhite
matterorganizationfrom a populationof subjectsusingMR diffusion imaging.
This methodtakesasinput for eachsubjecta setof trajectoriesstemmingfrom
any tracking algorithm.Then the inferenceresultsfrom two nestedclustering
stages.The�rst clusteringconvertseachindividualsetof trajectoriesinto asetof
bundlessupposedto representlargewhitematterpathways.Thesecondclustering
matchesthesebundlesacrosssubjectsin orderto provide a list of candidatesfor
thebundlemodel.Themethodis appliedon a populationof elevensubjectsand
leadsto theinferenceof 17suchcandidates.

1 Intr oduction

In therecentpast,thedevelopmentof diffusiontensorimaging(DTI) hasled to a new
�eld of opportunitiesfor the study of brain white matter [11]. A possibleapproach
for suchstudieslies in the usualspatialnormalizationframework. For this purpose,
thedevelopmentof methodsfor warpingtensor�elds usingfull tensorinformationis
a promisingundertaking,becauseit may improve the normalizationcomputedfrom
standardanatomicalimages[10,20]. Spatialnormalizationcan be usedfor instance
for voxel-basedstatisticalanalysis.Combiningnormalizationwith �ber trackingtech-
niquescanalsoleadto statisticalparametricmapsre�ecting variability of bundleloca-
tion andthickness.Othermorphometricapproachescanbedeveloppedfrom dedicated
parameterizationsof thebundles[8,6].

One of the dif�culties for bundle morphometrystemsfrom the poor anatomical
knowledgeaboutwhitematterorganizationof thehumanbrain.Mostof theanatomical
techniquesusedto tracetractscannotbeusedin thehumanbrain.Therefore,thecurrent
knowledgebuilt from Klinger methodor observation of Walleriandegenerationafter
lesionis relatively sparse[7,13]. Thereis a needfor computationalmethodsaimingat
infering a modelof the main bundlesmakingup the humanbrain white matterfrom
MR diffusionimaging.Thispaperexploresthis directionof research.

A lot of methodshave beenproposedto compute�ber relatedpathwaysfrom dif-
fusion-weightedMR images.Thesimplestapproachesfollow trajectoriesof maximum
diffusion [14,5,1]. More sophisticatedmethodstry to overcomepartial volumeprob-
lemsinducedby �ber crossingusingeitherhighangularresolutionacquisitions[18,15],
regularization[19,16], front propagation[12,9] or MonteCarlosampling[3,2]. Most
of thesetechniquesconvert the raw MR diffusion datainto a hugesetof trajectories



supposedto correspondto putativefascicles.Thesefasciclescanbeusedto createcon-
nectivity matricesrelatedeitherto functionalor anatomicalregionsof interest(ROIs)
[5]. Thesefasciclescan also be organizedinto larger bundlesusing clusteringalgo-
rithms [4], which is addressedin this paper. This last approachis interestingbecause
thepotentialin�uence of erroneousde�nitions of theROIs is discarded.

The proposedmethodaimsat the inferenceof a modelof thebundlesthat canbe
detectedin mostof thesubjects.Someof thesebundlesshouldberelatedto thecurrent
anatomicalknowledge,but the ultimategoal is to enrichthe currentunderstandingof
whitematterorganization.Themethodis madeupof two nestedclusteringalgorithms.
The�rst clusteringis performedsubjectby subjectin orderto reducethecomplexity of
thefull setof fasciclesto asmallsetof largebundles(cf. Fig. 1). Thesecondclustering
is performedacrosssubjectsin orderto matchsimilarbundlesthatmaycorrespondto a
genericanatomicalpathway(cf. Fig.3and4).Thissecondstagereliesonasimpleaf�ne
spatialnormalizationcomputedfrom the diffusion-freeT2-weightedimageincluded
in the dataset.The work describedin this paperis exploratory. Therefore,we do not
addressthe currentweaknessesof the trackingalgorithmsthat may provide spurious
fascicles.Moreover, we usea very simpleclusteringalgorithmin order to get a �rst
insightinto theproblembeforedesigningmoresophisticateddedicatedmethods.

2 Method

2.1 Clustering the fascicles

The�rst clusteringis performedsubjectby subjectaccordingto thefollowing scheme:
Global fascicle tracking. The computationof the initial set of fasciclesis per-

formedwith brainVISA (http://brainvisa.info),anopensoftwareimplementingMori' s
algorithm[14]. Simply speaking,the fasciclesaretrajectoriesof highestdiffusion re-
constructedstepby stepfrom thediffusiontensor�eld. A maskof thebrainis computed
from theT2-weightedimageandonetrajectoryis obtainedfor eachvoxel, leadingto a
setof about500000fascicles.In this paper, we have chosento focuson long bundles
whichledusto discardthefascicleswhoselengthis lessthat5cm.The�nal setincludes
about20000fascicles(seeFig.1.A).

ROI map. Theclusteringis not performeddirectly on thefasciclesbut on a setof
Regionsof Interest(ROIs) de�ned from Talairachproportionalsystem.The Talairach
grid is split into cubicROIs thataretransformedto thesubjectreferentialusingaf�ne
spatialnormalizationof theT2-weightedimageperformedvia SPM2(http://www.�l.-
ion.ucl.ac.uk/spm)(seeFig.1.B).For thestudydescribedin this paper, thespatialres-
olution of thegrid of ROIs is 5mm.After maskingthis grid with a maskof thesubject
whitematter(seeFig.1.D),the�nal setis madeupof about5000ROIs.

Connectivity matrix. An anatomicalconnectivity matrixA is computedfor theset
of ROIs mentionedabove.For eachpair of ROIs (i; j ), A ij is thenumberof fascicles
crossingi andj (seeFig.1.C).In orderto focustheclusteringon thestrongestconnec-
tivity information,thismatrix is binarizedusingathresholdon thenumberof fascicles.
For theexperimentdescribedfurther, this thresholdhasbeensetto themeanof nonnull
coef�cients plus onestandarddeviation, namelyabout40 fasciclesdependingon the
subject.
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Fig.1. Clustering the fasciclesof onesubject: A: Thesetof long fasciclesto beclustered into
bundles.B: Thesamesetof fasciclesembeddedinto theTalairach grid usedto de�ne cubicROIs
of 5mmresolution.C: Theconnectivitymatrix of the ROIs with 2 levelsof zoom(about5000
ROIs).Each point in thematrix is thenumberof fascicleslinking thetworelatedROIs.D: Result
of theclusteringfor theROIs.Each color denotesa cluster. Each ROI shapeis a cubein Talairach
spacemaskedby thesubjectwhitematter. E: Resultof theclusteringat thelevelof thefascicles.
Thegarbage clusters havebeen�lter edout.

Clustering. In thematrix A, eachrow standsfor theconnectivity of oneROI with
the otherROIs. The ROIs belongingto the samebundleshouldhave similar connec-
tivity patterns.Therefore,we performa clusteringamongtheROI setusinga distance
betweenROI correspondingto the Euclideandistancebetwwenthe rows of A. The
clusteringis performedusing the standardk-meanswith randominitialization of the
centers(seeFig.1.D).K-meansalgorithmassignseachROI to a cluster, which leadus
to assumethatthelargestclusterin a kind of garbagecollectorthatis discardedbefore
furtherprocessing.



Fasciclebundles.The�nal stepof theclusteringconsistsin moving backto thefas-
cicleworld. Eachclusterof ROIs is usedto extractasubsetof fasciclesfrom theglobal
set.For robustnesspurpose,afascicleonlyneedsto bepartlyincludedin theROI cluster
to beselected.In practice,a fascicleis selectedwhenat least60%of its samplingis in-
cluded(seeFig.1.E).A lastprocessingaimsatsplittingtheresultingsetof fasciclesinto
connectedcomponents,which is requiredto dealwith someunpredictablebehaviour of
theK-means.Theclustering,indeed,gatherssometimestwo bundlessymmetricacross
interhemisphericplane,which calls for theuseof betteralgorithmsin thefuture.This
postprocessingcannotbeperformeddirectlyatthelevel of theROI clustersbecausethe
ROIs including �ber crossingcanbe assignedto only onecluster, leadingsometimes
to disconnecta clusterof ROIs correspondingto a reasonablebundle.Theanalysisof
theconnectednessof a fasciclesetis performedvia embeddingof the fasciclesinto a
3D volume.It shouldbenotedthatthis postprocessingimpliesthatthe�nal numberof
fasciclebundlesdependson thesubject.

2.2 Clustering the bundlesacrosssubjects

Thegoalof thesecondstageof clusteringis theinferenceof amodelof thebundlesthat
shouldbe found in any humanbrain. The underlyingideais that a simpleclustering
performedto matchsimilarbundlescouldprovidea list of candidatesfor suchamodel.
Thesecandidateswould not have to be found in any brainduring this inferencestage,
but shouldbe includedin themodelof thewhite matterusedto designfurtherpattern
recognitionsystems.Whatwe have in mind is a modelof thebundlesusedto labelthe
fasciclesof any new brain in a way similar to whathasbeendeveloppedto dealwith
corticalsulci [17].

Similarity measurefor bundles.In ordertomatchbundlesacrosssubjects,ashape-
basedsimilarity measureis required.Relyingon iconic representationsof thebundles
allowsthede�nition of discriminantmeasuresstemmingfrom thespatialnormalization
towardsTalairachspace.For this purpose,eachfasciclebundleis converted�rst into a
binaryrepresentationlying into Talairachspace.Then,to reducethein�uenceof thenon
perfectaf�ne spatialnormalization,thesebinaryrepresentationsareconvolutedwith a
Gaussiankernelwith 3mmstandarddeviation. Finally, for eachpair of bundles(i; j ),
the similarity Cij is computedas the correlationcoef�cient betweentheir respective
smoothedrepresentations.With a subject-basedorderingof thebundles,thesimilarity
matrix C hasa blockstructure(seeFig. 2 and3).

Clustering. Thesecondstageof clusteringis alsoperformedwith a K-meansalgo-
rithm.Eachbundleis representedby arow of thesimilarity matrixC. It shouldbenoted
that theK-meanscanmergeseveralbundlesof thesamesubjectinto thesamecluster.
It shouldbenotedalsothata clusterdoesnot have to includea bundleof eachsubject.
It shouldbenoted�nally thattheK-meanshasto assigneachbundleto acluster. These
remarkshighlight the fact that a postprocessingis requiredto cleanup the clustering
beforebuilding thebundlemodels.Theideais �rst to getrid of theclustersthatarenot
reasonablerepresentationof a bundle,secondto get rid of the bundlesthat look like
outliersin theclusterthey belongto.

Let N bethenumberof subjects.For theresultspresentedin thefollowing, theclus-
tersgatheringlessthanN=2 bundleswerediscardedbecauseof a lackof reproductibil-



Fig.2. The block-basedstructure of the matrix of similarity measures betweenbundles.Each
M ij block correspondsto theoneto onecorrelationcoef�cients computedbetweenthebundles
of the subjecti and the bundlesof the subjectsj . TheOii blocks would be zero-basedwithout
smoothingof thebinary representations.

ity acrosssubjects.Theclustersmadeupof morethan2 � N bundleswerediscardedas
garbagecollectorclusters.Finally, insideeachclusters,thestatisticsof thedistanceto
theclustercenterwerecomputed.Theoutlierbundleswerede�nedasthosebeyondone
meanplusonestandarddeviation.Theremainingclustersareconsideredascandidates
to representoneof thebuilding blockof thehumanbrainwhitematterorganization.

3 Results

3.1 Clustering the fascicles

Eleven subjectswere processed.Their diffusion datahave beenacquiredon a 1.5T
with 41 differentdirectionsfor thediffusion-weightinggradient.Theresulting3D vol-
umeshave a 128x128x60resolutionwith 1.875x1.875x2voxel sizes.BrainVISA soft-
warewastriggeredwith 42x42x205mm cubic ROIs. The K-meanswasappliedwith
20 classesfor eachsubject.After theconnectivity-basedpostprocessing,we obtained
between20 and 25 bundlesfor eachsubject.An exampleof result can be found in
�gure 1.

3.2 Clustering the bundlesacrossa population

The secondclusteringwasappliedon theeleven subjectswith a 25 classesK-means.
After cleaningup theresult,we obtained17 reasonableclusters.Theresultcanbevi-
sualizedin �gures 3 and4. Someof theseclustersseemto �t somewell known bundles
describedin anatomicalatlases,while thevariousbundlesresultingfrom thesplit of the
corpuscallosummayhave lessanatomicalmeaning.

4 Discussion

The inferenceof a modelof the white matterorganizationwill becomemandatoryto
fully exploit the informationembeddedinto MR diffusion-weightedimages.While a
straightforward approachfor this purposelies in the iconic atlasandspatialnormal-
ization principles,this paperadvocatesan alternative which aimsat infering a higher
level modelof the bundleorganization.The work proposedin this paperis still very
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Fig.3. Clustering the bundlesacrosssubjects:Thematrix of correlationcoef�cient computed
for all pairsof bundlesandthreeorthogonalviewsof theresultof theclustering. All subjectsbun-
dleshavebeengathered into Talairach space. Each color denotesa clusterof bundlesthat may
correspondto a genericanatomicalentity. Garbage clusters havebeen�lter ed out. Amongthe
clustersthatarecandidatesto standfor someknownanatomicalpathways,wenoticedthefollow-
ing: (black) ALIC: AnteriorLimbof InternalCapsule;(pink)ATR:AnteriorThalamicRadiation;
(red) ILF: Inferior Fronto-Occipital; (red) IFO: Inferior LongitudinalFasciculus;(braun and
dark blue) GCC: Genuof CorpusCallosum;(dark greenand violet blue) SCC: Spleniumof
corpuscallosum;(light yellow)FX: Fornix.

preliminary. However, it providesanoverview of thevariousdif�culties thathaveto be
addressedto tackletheinferenceof suchamodel.A lot of theadhocchoicespresented
above could be questionedandmoresophisticatedmethodsshouldbe derived in the
future.

The key idea proposedin our preliminary work is the two stageinferencestrat-
egy: building �rst a bundle-basedrepresentationbeforetrying to matchbundlesacross
subjects.Thisideaallowsthematchingto dealwith reasonabledatasizes.The�rst clus-
tering,however, cannotbequestionedduringthematchingstagewhich is problematic.
Therefore,future approachesmay lead to build multiscalerepresentationsof the in-
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Fig.4. Clustering the bundlesacrosssubjects:Theresultof theclusteringfor tenof theeleven
subjects.For each subjecttwo views are presented.Each color denotesa cluster that gathers
bundleacrossmostof thesubjects.

dividual data.For instance,eachindividual bundle may be split further into smaller
bundlesusingonemorenonsupervisedclustering.Someothermultiscalerepresenta-
tions could stemfrom selectingother rangesof fasciclelength in order to dealwith
shortpathwayslike U-�ber bundles.

As mentionedabove, the model inferencedoesnot have to �nd eachanatomical
entity in every brain.This could be the job of a dedicatedpatternrecognitionsystem
developedto processlargedatabasesof diffusion-weighteddata.Sucha systemwould
facea simplersituationwherebrainsareprocessedoneby one.Hence,the matching
with the bundlemodelcould be performedat the fasciclelevel. Eachfasciclewould



have to be labelledwith the nameof oneof the entitiesof the model.Sucha system
would openthe door to massive morphometricanalysisof the white matterbundles,
whichwould leadto numerousapplicationsin neurosciences.
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