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Abstract. This paperproposes methodto infer a high level modelof the white

matterorganizationfrom a populationof subjectsusingMR diffusionimaging.
This methodtakesasinput for eachsubjecta setof trajectoriesstemmingfrom

ary tracking algorithm. Then the inferenceresultsfrom two nestedclustering
stagesThe rst clusteringconvertseachindividual setof trajectoriesnto a setof

bundlessupposedtbo representargewhite matterpathways.Thesecondtlustering
matcheghesebundlesacrosssubjectsn orderto provide alist of candidategor

the bundlemodel. The methodis appliedon a populationof eleven subjectsand
leadsto theinferenceof 17 suchcandidates.

1 Intr oduction

In therecentpast,the developmentbof diffusiontensorimaging(DTI) hasled to a new

eld of opportunitiesfor the study of brain white matter[11]. A possibleapproach
for suchstudieslies in the usual spatialnormalizationframework. For this purpose,
the developmentof methodsfor warpingtensor elds usingfull tensorinformationis

a promisingundertaking,becausat may improve the normalizationcomputedfrom

standardanatomicalimages[10, 20]. Spatialnormalizationcan be usedfor instance
for voxel-basedstatisticalanalysis.Combiningnormalizationwith ber trackingtech-
niguescanalsoleadto statisticalparametriamapsre ecting variability of bundleloca-

tion andthicknessOthermorphometriapproachesanbe developpedirom dedicated
parameterizationsf thebundleg[8, 6].

One of the dif culties for bundle morphometrystemsfrom the poor anatomical
knowledgeaboutwhite matterorganizatiorof thehumanbrain.Most of theanatomical
techniquesisedto tracetractscannotbeusedn thehumarbrain.Thereforethecurrent
knowledgebuilt from Klinger methodor obsenation of Wallerian degeneratiorafter
lesionis relatively sparsg7, 13]. Thereis a needfor computationamethodsaiming at
infering a model of the main bundlesmakingup the humanbrain white matterfrom
MR diffusionimaging.This paperexploresthis directionof research.

A lot of methodshave beenproposedo compute ber relatedpathwaysfrom dif-
fusion-weightedVR images.The simplestapproachefollow trajectoriesf maximum
diffusion[14,5, 1]. More sophisticatednethodstry to overcomepartial volume prob-
lemsinducedby ber crossingusingeitherhighangularesolutionacquisitiong18, 15],
regularization[19, 16], front propagatior{12,9] or Monte Carlo sampling[3, 2]. Most
of thesetechniquescorvert the raw MR diffusion datainto a hugesetof trajectories



supposedo correspondo putative fasciclesThesefasciclescanbeusedto createcon-
nectvity matricesrelatedeitherto functionalor anatomicaregionsof interest(ROIS)
[5]. Thesefasciclescan also be organizedinto larger bundlesusing clusteringalgo-
rithms[4], which is addressedh this paper This lastapproachs interestingbecause
thepotentialin uence of erroneousle nitions of the ROIs is discarded.

The proposednethodaimsat the inferenceof a model of the bundlesthatcanbe
detectedn mostof the subjectsSomeof thesebundlesshouldberelatedto the current
anatomicaknowledge,but the ultimate goalis to enrichthe currentunderstandingf
white matterorganization The methodis madeup of two nestecclusteringalgorithms.
The rst clusteringis performedsubjectby subjectin orderto reducethe compleity of
thefull setof fascicledo a smallsetof largebundles(cf. Fig. 1). Theseconctlustering
is performedacrosssubjectdn orderto matchsimilar bundlesthatmaycorrespondo a
genericanatomicapathway (cf. Fig. 3and4). Thissecondstagereliesonasimpleaf ne
spatialnormalizationcomputedfrom the diffusion-freeT2-weightedimageincluded
in the datasetThe work describedn this paperis exploratory Therefore,we do not
addresghe currentweaknessesf the tracking algorithmsthat may provide spurious
fascicles Moreover, we usea very simple clusteringalgorithmin orderto geta rst
insightinto the problembeforedesigningmoresophisticatedledicatednethods.

2 Method

2.1 Clustering the fascicles

The rst clusteringis performedsubjectby subjectaccordingto thefollowing scheme:

Global fascicle tracking. The computationof the initial setof fasciclesis per
formedwith brainVISA (http://brairvisa.info),an opensoftwareimplementingMori' s
algorithm[14]. Simply speakingthe fasciclesaretrajectoriesof highestdiffusionre-
constructedtepby stepfrom thediffusiontensoreld. A maskof thebrainis computed
from the T2-weightedmageandonetrajectoryis obtainedor eachvoxel, leadingto a
setof about500000fasciclesin this paper we have chosernto focuson long bundles
whichled usto discardthefasciclesvhoselengthis lessthat5cm.The nal setincludes
about20000fascicleqseeFig.1.A).

ROI map. Theclusteringis not performeddirectly on the fasciclesbut on a setof
Reagionsof Interest(ROIs) de ned from Talairachproportionalsystem.The Talairach
grid is splitinto cubic ROIs thataretransformedo the subjectreferentialusingaf ne
spatialnormalizationof the T2-weightedimageperformedvia SPM2 (http://www. |.-
ion.ucl.ac.uk/spmjseeFig.1.B). For the studydescribedn this paper the spatialres-
olution of the grid of ROIs is 5mm. After maskingthis grid with a maskof the subject
white matter(seeFig.1.D),the nal setis madeup of about5000ROls.

Connectivity matrix. An anatomicatonnectvity matrix A is computedor theset
of ROIs mentionedabove. For eachpair of ROIs (i; j ), Aj is the numberof fascicles
crossing andj (seeFig.1.C).In orderto focusthe clusteringon the strongestonnec-
tivity information,this matrix is binarizedusingathresholdon thenumberof fascicles.
For theexperimentdescribedurther, thisthresholchasbeensetto the meanof nonnull
coefcients plus one standarddeviation, namelyabout40 fasciclesdependingon the
subject.



Fig. 1. Clustering the fasciclesof one subject: A: Thesetof long fasciclesto be clusteedinto

bundles B: Thesamesetof fasciclessmbeddechto the Talairach grid usedto de ne cubicROIs
of 5Bmmresolution.C: The connectivitymatrix of the ROIs with 2 levels of zoom(about5000
ROIls).Ead pointin thematrixis the numberof fascicledinking thetwo relatedROls. D: Result
of theclusteringfor theROIs. Each color denotes cluster Each ROI shapés a cubein Talairach

spacemasledby thesubjectwhitematter E: Resultof the clusteringat thelevel of thefascicles.
Thegarbage clustes havebeen Iter edout.

Clustering. In the matrix A, eachrow standsfor the connectvity of one ROl with
the other ROIs. The ROIs belongingto the samebundle shouldhave similar connec-
tivity patternsThereforewe performa clusteringamongthe ROI setusinga distance
betweenROI correspondingo the Euclideandistancebetwwenthe rows of A. The
clusteringis performedusingthe standarck-meanswith randominitialization of the
centerqseeFig.1.D).K-meansalgorithmassignsachROI to a cluster which leadus
to assumehatthe largestclusterin akind of garbagecollectorthatis discardedefore
furtherprocessing.



Fasciclebundles.The nal stepof theclusteringconsistdn moving backto thefas-
cicleworld. Eachclusterof ROIsis usedto extracta subsebf fascicledrom theglobal
set.Forrobustnespurposeafascicleonly needgo bepartlyincludedin theROI cluster
to beselectedIn practice afascicleis selectedvhenatleast60% of its samplingis in-
cluded(seeFig.1.E).A lastprocessin@imsatsplitting theresultingsetof fasciclesnto
connectedomponentsyhichis requiredto dealwith someunpredictabléehaiour of
theK-meansTheclusteringindeedgatherssometimeswo bundlessymmetricacross
interhemispheriplane,which callsfor the useof betteralgorithmsin the future. This
postprocessingannotbeperformedirectly atthelevel of theROI clusterdbecaus¢he
ROIs including ber crossingcanbe assignedo only one cluster leadingsometimes
to disconnect clusterof ROIs correspondindgo a reasonabldundle. The analysisof
the connectednessf a fasciclesetis performedvia embeddingof the fasciclesnto a
3D volume.It shouldbe notedthatthis postprocessingnpliesthatthe nal numberof
fasciclebundlesdepend®nthesubject.

2.2 Clustering the bundlesacrosssubjects

Thegoalof thesecondstageof clusteringis theinferenceof amodelof thebundlesthat
shouldbe found in any humanbrain. The underlyingideais that a simple clustering
performedo matchsimilar bundlescould provide alist of candidate$or suchamodel.
Thesecandidatesvould not have to be foundin ary brainduringthis inferencestage,
but shouldbeincludedin the modelof the white matterusedto designfurther pattern
recognitionsystemsWhatwe have in mind is amodelof the bundlesusedto labelthe
fasciclesof any new brainin a way similar to whathasbeendeveloppedto dealwith

corticalsulci[17].

Similarity measurefor bundles.In orderto matchbundlesacrossubjectsashape-
basedsimilarity measuras required.Relying on iconic representationsf the bundles
allowsthede nition of discriminantmeasurestemmingrom thespatialnormalization
towardsTalairachspaceFor this purposegachfasciclebundleis corverted rst into a
binaryrepresentatiolying into TalairachspaceThen to reducehein uence of thenon
perfectaf ne spatialnormalizationthesebinaryrepresentationarecornvolutedwith a
Gaussiarkernelwith 3mm standarddeviation. Finally, for eachpair of bundles(i; j ),
the similarity C;; is computedas the correlationcoefcient betweentheir respectie
smoothedepresentationdVith a subject-basedrderingof the bundles the similarity
matrix C hasablock structure(seeFig. 2 and3).

Clustering. The secondstageof clusteringis alsoperformedwith a K-meansalgo-
rithm. Eachbundleis representetly arow of thesimilarity matrixC. It shouldbenoted
thatthe K-meanscanmeme several bundlesof the samesubjectinto the samecluster
It shouldbe notedalsothata clusterdoesnot have to includea bundleof eachsubject.
It shouldbenoted nally thatthe K-meanshasto assigneachbundleto a cluster These
remarkshighlight the fact that a postprocessings requiredto cleanup the clustering
beforebuilding thebundlemodels.Theideais rst to getrid of theclustershatarenot
reasonableepresentatiomf a bundle,secondto getrid of the bundlesthatlook like
outliersin theclusterthey belongto.

Let N bethenumberof subjectsFor theresultspresentedh thefollowing, theclus-
tersgatheringessthanN =2 bundleswerediscardedecaus®f alack of reproductibil-



Fig. 2. The blok-basedstructue of the matrix of similarity measues betweenbundles.Eact
M blodk corresponddo the oneto onecorrelation coefcients computecbetweerthe bundles
of the subjecti and the bundlesof the subjectg . The O; blocks would be zeio-basedwithout
smoothingof the binary representations.

ity acrosssubjectsTheclustersmadeup of morethan2 N bundleswerediscardedhs
garbagecollectorclusters Finally, insideeachclusters the statisticsof the distanceto
theclustercenterwerecomputedTheoutlierbundleswerede ned asthosebeyondone
meanplus onestandardieviation. Theremainingclustersareconsideredciscandidates
to represenbneof the building block of the humanbrainwhite matterorganization.

3 Results

3.1 Clustering the fascicles

Eleven subjectswere processedTheir diffusion datahave beenacquiredon a 1.5T
with 41 differentdirectionsfor the diffusion-weightinggradient.Theresulting3D vol-

umeshave a 128x128x60resolutionwith 1.875x1.875x2/oxel sizes.BrainVISA soft-
warewastriggeredwith 42x42x205mm cubic ROIs. The K-meanswas appliedwith

20 classedor eachsubject.After the connectvity-basedpostprocessingye obtained
between20 and 25 bundlesfor eachsubject.An exampleof resultcanbe found in

gure 1.

3.2 Clustering the bundlesacrossa population

The secondclusteringwas appliedon the eleven subjectswith a 25 classeK-means.
After cleaningup theresult,we obtainedl7 reasonablelusters.Theresultcanbe vi-
sualizedn gures 3 and4. Someof theseclustersseemo t somewell known bundles
describedn anatomicahtlaseswhile thevariousbundlesresultingfrom the split of the
corpuscallosummay have lessanatomicameaning.

4 Discussion

The inferenceof a modelof the white matterorganizationwill becomemandatoryto
fully exploit the informationembeddednto MR diffusion-weightedmages.While a
straightforward approachfor this purposelies in the iconic atlasand spatialnormal-
ization principles,this paperadwocatesan alternatve which aimsat infering a higher
level modelof the bundle organization.The work proposedn this paperis still very
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Fig. 3. Clustering the bundles acrosssubjects: Thematrix of correlation coefcient computed
for all pairs of bundlesandthreeorthogonalviewsof theresultof theclustering All subjectsun-

dleshavebeengatheedinto Talairach space Each color denotesa clusterof bundlesthat may
correspondto a genericanatomicalentity Garbage clustes havebeen Iter ed out. Amongthe

clustesthatare candidatego standfor someknownanatomicalpathwayswenoticedthefollow-

ing: (bladk) ALIC: Anterior Limb of Internal Capsule;(pink) ATR: Anterior ThalamicRadiation;
(red) ILF: Inferior Fronto-Occipital; (red) IFO: Inferior Longitudinal Fasciculus;(braun and
dark blue) GCC: Genuof Corpus Callosum;(dark greenand violet blue) SCC: Spleniumof

corpuscallosum;(light yellow) FX: Fornix.

preliminary However, it providesanoverview of thevariousdif culties thathave to be
addressetb tackletheinferenceof suchamodel.A lot of theadhocchoicespresented
above could be questionedand more sophisticatednethodsshouldbe derived in the
future.

The key ideaproposedn our preliminary work is the two stageinferencestrat-
egy: building rst abundle-basedepresentatiobeforetrying to matchbundlesacross
subjectsThisideaallowsthematchingto dealwith reasonableatasizesThe rst clus-
tering,however, cannot be questionediuringthe matchingstagewhichis problematic.
Therefore,future approachesnay lead to build multiscalerepresentationsf the in-
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Fig. 4. Clustering the bundlesacrosssubjects: Theresultof the clusteringfor tenof theeleven
subjects.For ead subjecttwo views are presentedEach color denotesa clusterthat gathes
bundleacrossmostof the subjects.

dividual data. For instance eachindividual bundle may be split furtherinto smaller
bundlesusingone more non supervisectlustering.Someother multiscalerepresenta-
tions could stemfrom selectingother rangesof fasciclelengthin orderto dealwith
shortpathwayslike U- ber bundles.

As mentionedabore, the modelinferencedoesnot have to nd eachanatomical
entity in every brain. This could be the job of a dedicatedpatternrecognitionsystem
developedto procesdarge databasesf diffusion-weighteddata.Sucha systemwould
facea simplersituationwherebrainsare processeane by one.Hence,the matching
with the bundle modelcould be performedat the fasciclelevel. Eachfasciclewould



have to be labelledwith the nameof one of the entitiesof the model. Sucha system
would openthe door to massie morphometricanalysisof the white matterbundles,
whichwould leadto numerousapplicationsn neurosciences.
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