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Abstract

Human brain white matter (WM) structure and organisation are not yet comple tely known.
Di usion-Weighted Magnetic Resonance Imaging (dMRI) o ers a unique approach to study
in vivo the structure of brain tissues, allowing the non invasive reconstuction of brain ber
bundle trajectories using tractography. Nowadays, the recent dMRItechniques with high
angular resolution (HARDI) have largely improve the quality of tractography relative to
standard di usion tensor imaging. However, the resulting tractography datasets are highly
complex and include millions of bers which requires a new generatin of analysis methods.
Beyond the mapping of the main white matter pathways, this new techrology opens the
road to the study of short association bundles, which have been rarelgtudied before and
is in the focus of this thesis. The goal is to infer an atlas of the ber bundles of the human
brain and a method mapping this atlas to any new brain.

In order to overcome the limitation induced by the size and complexiy of the trac-
tography datasets, we propose a two-level strategy, chaining intra- andnter-subject ber
clustering. The rst level, an intra-subject clustering, is composed by several steps per-
forming a robust hierarchical clustering of a ber tractography dataset that can deal with
millions of di usion-based tracts. The end result is a set of a few housand homogeneous
bundles representing the whole structure of the tractography datase This simpli ed rep-
resentation of white matter can be used further for several studies ofndividual bundle
structure or group analyses. The robustness and the cost of the scalatii of the method
are checked using simulated tract datasets. The second level, an iet-subject clustering,
gathers the bundles obtained in the rst level for a population of subjects and performs a
clustering after spatial normalization. It produces as output a modelcomposed by a list
of generic ber bundles that can be detected in most of the population. Avalidation with
simulated datasets is applied in order to study the behavior of the iter-subject cluster-
ing over a population of subjects aligned with a ne registration. The wh ole method was
applied to the tracts computed from HARDI data obtained for twelve adult b rains. A
novel HARDI multi-subject bundle atlas, representing the variability of the bundle shape
and position across subjects was thus inferred. The atlas includes 36edp WM bundles,
some of these representing a few subdivisions of known WM tracts, a94 short associ-
ation bundles of super cial WM. Finally, we propose an automatic segmentaton method
mapping this atlas to any new subject.
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Resune (Frarcais)

Chapitre 1: Introduction

La structure et I'organisation de la substance blanche n'est pas encoreonnue dans
sa totalie. Les bres nerveuses connectent entre-elles les neones des dierentes egions
du cerveau pour former des eseaux plus ou moins complexes, a l'orige de toutes les
fonctions ®ebrales. Connatre la carte de la connectivie anatomique eebrale est alors
un grand &, du plus grand inerét pour comprendre le fonctionnem ent du cerveau et
etudier nombreuses pathologies.

L'imagerie par esonance magretique de di usion (IRMd) o re une appro che unigue
pouretudier in vivo la structure du tissu eebral. Elle permet de reconstruire a travers
la tractographie les trajectoires des faisceaux de bres du cerveauadfacon non-invasive.

Le mockle de di usion le plus utili® jusqua pesent est | e tenseur de di usion (DTI),
qui a permis le ceveloppement detudesa la fois dans le domaineclinique et dans la re-
cherche plus fondamentale. C'est ainsi que les long faisceaux d'asstion de la substance
blanche onteketudes chez le sujet sain et dans plusieurs maladies. Cependant la DTI pe-
sente quelques limitations au niveau de la repesentation de la coguration des faisceaux
de bres. Avec lemergence des IRMs plus puissantes, permettaindes esolutions spatiales
pluselewes, et des nouvelles techniques d'IRMda haute esolution angulaire (HARDI),
les donrees de tractographie sont aujourd'hui d'une meilleure quat, mais, malge ces
proges, ne sont pas cepourvues d'artefacts. Ces donrees sont plusomplexes et sont tes
volumineuses, avec plus d'un million de bres pour le cerveau ergr.

La quanti cation des structures ce nies par la tractographie et, en p articulier, I'ex-
traction des faisceaux de bres reste un probeme non esolu. Depis le developpement
de la tractographie, plusieurs methodes ontet proposes pour ssgmenter les faisceaux de
facon automatique. Pour l'instant, la nethode la plus fequemme nt utilise recessite de
multiples egions d'inerét (ROI). Cette nethode est une nethode guicee, dans laquelle
on e ectue la tractographie des bres en partant de graines sittees das une ROI pece-

nie, ou dans tout le cerveau, et on peserve seulement les bres gi touchent d'autres
ROI pece nies. D'autres approches utilisent des atlas des dierentes egions du cerveau
pour extraire les faisceaux connus, reposant sur la qualie du recalagentre les donrees
de di usion et l'atlas anatomique. D'autres nmethodes cherchenta regrouper et classi er
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automatiguement I'ensemble de bres geree par la tractographie en utilisant une mesure
de distance entre les bres. Une des grandes di cules de ces apprches c'est la taille des
donrees, laquelle rend actuellement impossible un traitement s samment performant qui
consicere la totalie des donrees. Les approches proposes utitent alors desechantillons
des bres ou desa priori qui permettent de eduire les donrees ou de subdiviser le pro-
beme. Ces nethodes, en gereral cherchenta retrouver les faisceaux les plus connus, mais
il existe une grande quantie de faisceaux qui n'ont pas encoreetetudes en profondeur,
et qui pesentent une enorme variabilie entre les sujets, d'ai la di cule de leuretude.
Quant a l'analyse inter-sujet, plusieurs nmethodes d'alignement ont et proposes, ainsi
gue plusieurs descripteurs de forme des faisceaux, mais le prebie de comparaison des
faisceaux entre sujets reste encore ouvert.

Cette these visea regrouper les trajectoires putatives des lres en faisceaux colerents.
Le regroupement est eali® dans un premier temps sujet par sujet en utilisant une
methode robuste, capable d'analyser des jeux de donrees tes graths, contenant plus d'un
million de bres. Elle permet d'obtenir pour chaque sujet quelques milliers de faisceaux
des bres repesentant 'ensemble des donrees. Puis dans unegond temps, les faisceaux
obtenus sont compaes a travers une population de sujets an d'inferer un mocele, qui
repesente une herarchie de la structure de la substance kdAnche, compose par des
centaines de faisceaux des bres, pesents dans la plupart des mis. Un atlas HARDI
multi-sujet est ainsi cee, contenant la plupart des faisceaux connus de la substance
blanche, ainsi qu'une centaine de faisceaux courts d'associationgf peuetudes jusqua
maintenant.

Dans cette tlese, nous pesentons d'abord le contexte gereral dans lequel s'inscrit
notre travail. Le chapitre 1 pesente les principaux concepts conernant I'anatomie du
cerveau, le tissu nerveux et I'organisation de la substance blanchee chapitre 2 developpe
brevement les principes de I''RMd et de la tractographie. Le chagtre 3 decrit letat de
I'art des nmethodes de regroupement et classi cation des bres de & substance blanche.
Ensuite, les nethodes cevelopees au cours de cette these ant cetailees. Le chapitre
4 pesente la methode de regroupement de bres intra-sujet, ansi que les validations
e ectiees, les esultats obtenus et des exemples d'applicatin. Le chapitre 5 decrit ensuite
la methode developpee pour ceer un mockle des faisceaux de bres du cerveau humain,
ainsi que l'atlas multi-sujet obtenu. Le chapitre 6 pesente une rethode automatique de
segmentation des faisceaux connus et des faisceaux d'association coargartir de 'atlas
multi-sujet ceveloppe. Nous nalisons par la conclusion, en discutant les contributions et
les perspectives de ce travail ealis.
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Chapitre 2: Tissu Nerveux et Matere Blanche

Le cerveau humain

Le cerveau humain est un des organes les plus importants et complexes darps hu-
main. Depuis plus d'une centaine d'anrees, la compehension deson organisation et de sa
fonction a pesent un inerét fondamental pour la neurologie et | es neurosciences.

Le cerveau controle le syseme nerveux central (SNC) et le sysee nerveux eripte-
rigue et egule toutes les activies humaines. A grande echelle le cerveau humain est
compos par dierentsekments comme du sang, du liquide eph alo-rachidien, de la sub-
stance blanche et de la substance grise. A cause de l'apparence dustiseebral, les aires
riches en corps neuronaux et en cellules gliales sont appeksabstance grisealors que les
aires contenant principalement des axones myelinies et des chkiles gliales sont appekes
substance blancheCesekments pesentent aussi des contrastes dierents dans une image
de esonance magretique (IRM) anatomique de contraste T1 (voir Figure 1 A).

Figure 1. Coupes coronales du cerveau humaimesente une coupe coronale d'une IRM anatomique
T1, alors queB pesente une coupe histologique. La substance blanche apparetouleur blanchea
l'inerieur du cerveau. Le cortex de substance grise estdaahe grise qui entoure le cervedl.illustre
les principales structures du cerveau dans une coupe coroftatpire adapee deHasboun(2007)].
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Le cerveau peut etre divie en trois parties: leelenephale, compos par les deux re-
mispleres eebraux, le dienephale, compos par des structures localiees dans le cerveau
profond et le tronc ®ebral , compog par la m lle allongee, le pont et le mesenephale.

Les remispleres @ebraux contiennent le cortex @ebral, une couche de substance
grise localise dans la surface du cerveau. Le cortex ®ebral esla structure la plus im-
portante de la substance grise et joue un rble majeur dans les fonctigncognitives. Les
Femispleres @ebraux sont concerres premerement par | es processus sensoriels et mo-
teurs du coe controlaeral du corps. Chaque temisplrere du cort ex eebral est divie en
cing lobes frontal, paretal, occipital, temporal et insulaire. Chaque lobe a et assoce avec
dierentes fonctions qui vont du raisonnement jusqua la perce ption auditive. Les lobes des
deux remispteres, bien que tes similaires dans leur strucure, ne sont pas competement
synetriques, et ne sont pasequivalents dans leur fonction. Les loks pesentent plusieurs
sillons et convolutions, dont les plus prae@minents sont tes sinilaires entre les individus et
ont des noms speci ques.

A linerieur, le cerveau contient un syseme ventriculaire, constitle de quatre cavies
ou ventricules contenant du liquide ephalo-rachidien, qui se cotinue avec le canal central
et la m lleepinéere.

Les noyaux gris centraux (NGC) sont des noyaux de substance grise localies dans
la profondeur du cerveau, de facon symnetrique, entre les deux bBmispheres. Les princi-
paux NGC sont le noyau cauce, le putamen, le globus pallidus, la substace noire et le
noyau sous-thalamique. Toutes ces structures forment un sysemeesentant des multiples
connexions entre eux, et avec le cortex, le thalamus et le cerveletn traitement paral-
kle est ainsi execue pour permettre la plani cation, I'exe cution et la coordination des
mouvements des yeux et des membres.

Les thalami, localies de facon synetrique sur le tronc eebral, traite nt et servent de
point de relais de l'information sensorielle et motrice. Ils sont la wrte d'entee au cortex
pour la majorie des inux provenant de l'ensemble du syseme nerveux. Les thalami
sont fortement conneces aux dierentes egions du cortex, et se connectent aussi avec
I'nypothalamus, les NGC, le cervelet et la m lleepinere.

Le tissu eebral

Les cellules du syseme nerveux sont principalement de deux fyes: les cellules nerveuses
ou neurones et les cellules gliales owneuroglia.

Les cellules gliales soutiennent, nourrissent et proegent les neones, maintiennent leur
honreostasie et les rendent plus e caces.

Les neurones sont desekments fondamentaux dans le syseme neeux central. lls as-
surent la transmission d'un signal bicelectrique appek in ux nerveux. lls ont la capacie de
epondre aux stimulations en les convertissant en impulsions nerguses pour transporter
I'information depuis une egiona une autre du corps, en formant un reseau tes complexe.
Un neurone est constitte d'un corps cellulaire ousoma, et de deux types de prolongements,
les dendrites et I'axone Les dendrites sont des prolongements courts et tes ramies qui
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recoivent et inegrent l'information entrante. Les axones (normalement un par neurone)
pesentent un dianetre relativement uniforme et peuvent avoir une longueur de entre 1 mm
a plus d'un rnretre. lls distribuent les impulsions vers les autres cellules sans atenuation.
Les neurones communiquent entre euxa travers des contacts spili®es appeks synapses.
Dans le SNC, l'axone est entoue par une gaine deneline, formee par une prolongation
d'un oligodendrocyte un type particulier de cellule gliale. La myeline pesente des interrup-
tions le long de l'axone, appekesn uds de Ranvier, qui aidenta augmenter la vitesse de
transmission de l'impulsion nerveuse (conduction saltatoire). Les agnes de la substance
blanche, appeks bre nerveuses sont souvent regrouges en paquets tes compacts et orga-
nies en faisceaux de bres. Le principal enjeux de cette theseest l'inerence d'un mocele
des faisceaux de bres de la substance blanche du cerveau humainaagir de l'imagerie
de esonance magretique de di usiona haute esolution angulaire.

Organisation de la substance blanche

La substance blanche est compose par les axones myelinies qui coactent entre elles
les dierentes egions de substance grise du cerveau pour transmre les impulsions ner-
veuses entre neurones. Dans les temispteres, la substanceabthe se retrouve entre le
cortex ®ebral et la substance grise sous-corticale. Elle est comose de bres courtes
super cielles, qui suivent les contours du cortex et de bres lomues, regroupees en fais-
ceauy, localises dans les egions plus profondes. Comme egle iggrale, le nombre de bres
d'un certain rang de longueurs est inversement proportionnela lew longueur [Scheiz and
Braitenberg (2002)].

Les principaux faisceaux sont regroupes selon les structures quslconnectent: dedais-
ceaux commissurauxqui connectent entre-elles des egions des deux lemisphars, dedais-
ceaux d'association qui connectent entre-elles des egions du cortex d'un mémedmisptere,
et desfaisceaux de projection qui connectent le cortex avec les centres sous-corticaux et
la m lleepinere. Une description des faisceaux de bres les plus connus est pesenee ci-
dessous, fondee principalement sur les articles d€atani and Thiebaut de Schotten (2008);
Aralasmak et al. (2006; Jellison et al. (2004).

Faisceaux d'association

Faisceau arqee: c'est un faisceau compos de bres associatives courtes et longues,
connectant le cortex perisylvien des lobes frontal, paretal et tenporal. Pour la plu-
part des personnes, le faisceau arqe de I'lemisplere gauche esmpligwe dans le
langage, tandis que le faisceau argwe droit est souvent impligie dansd traitement
visuo-spatial et autres aspects du langage, comme la prosodie et la emique.

Cingulum: c'est un faisceau associatif medial, qui se localise le long du gyrusingulaire,
tout autour du corps calleux. Il est constitte de bres de dieren tes longueurs, qui
se distribuent entre le gyrus temporal anerieur et le cortex orbito-frontal. Les bres
courtes, de forme en U, connectent les lobes frontal, paretal, occipal et temporal, et
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dierentes portions du cortex cingulaire. Le cingulum fait partie du syseme limbique
et est impligle dans l'attention, la memoire et lesemotions.

Faisceau longitudinal inérieur: c'est un faisceau associatif ventral compos de bres
courtes et longues, connectant les lobes occipital et temporal. Les l@s longues
sont plus nediales que les courtes. Il connecte les aires visued avec I'amygdale
et I'hippocampe et est impliqe dans la reconnaissance des visagel perception
visuelle, la lecture, la memoire visuelle et autres fonctions elees avec le langage.

Faisceau uncire: c'est un faisceau associatif ventral qui connecte le lobe temporal ave
le cortex orbito-frontal nedial et laktral. Ce faisceau est consicere comme une partie
du syseme limbique, et semble étre implique dans le traitement desemotions, de la
nmemoire et du langage.

Faisceau fronto-occipital inérieur: c'est un faisceau associatif ventral qui connecte le
lobe occipital ventral avec le cortex orbito-frontal. Il est possiblequ'il soit implique
dans la lecture, l'attention et le traitement visuel. Chez les humains, il repesente les
seules connexions directes entre les lobes occipital et frontal.

Fibres d'association courtes: ce sont des bres souvent appekesbres en U, sitiees
en dessous de la substance grise du cortex, et qui connectent des iggdjacents.
Ces bres se localisent dans la substance blanche super ciell&entre la substance
blanche profonde et le cortex. Jusqua pesent, ces bres n'ont pasekt bien carace-
riees dans la literature. Leur localisation, nombre, trajectoi res et fonctions ne sont
pas su samment & nis. Seulement deux travaux ontetudes ce s faisceauxa partir
d'une analyse de groupe en utilisant une approche volunetrique, sippuyant sur une
normalisation lireaire [ Oishi et al. (2008] ou non-lireaire [Zhang et al. (2010] du
cerveau.

Faisceaux commissuraux

Corps calleux: c'est le plus grand faisceau du cerveau humain, qui connecte les rem
spheres ®ebraux droit et gauche. Il est conventionnellement divie en quatre sec-
tions: le genoy connectant les egions frontales nediales et lakrales, lerostrum,
connectant les egions orbito-frontales, lecorps, qui passea travers de la couronne
rayonnante et qui connecte les egions frontales pecentrales etds lobes paretaux, et
le splenium, qui connecte les lobes occipitaux. Il est implique dans plusiers fonctions
motrices, sensorielles et cognitives.

Commissure anerieure: c'est un petit faisceau qui connecte les lobes temporaux des
deux kemispteres au niveau de I'amygdale. Ses fonctions sont peu cones.

Commissure poserieure: c'est un petit faisceau qui connecte les noyaux des nerfs créa-
niens, et les deux moites du nmesenephale et du dienephat. Il est tes rarement
reconstruita partie de I''RMd.
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Figure 2: Les principaux faisceaux de la substance blancheitsedans la literature, obtenus en
utilisant de la tractographie deterministe sur un champ dengeur de di usion.Faisceaux commissu-
raux: commissure anerieure et corps calleuxaisceaux de projection: Faisceau corticospinal, capsule
interne/couronne rayonnante et fornixraisceaux d'association longs faisceau arque, faisceau lon-
gitudinal inkrieur, faisceau fronto-occipital inerieyrfaisceau uncire et cingulum. [Figure adapte de
Catani and Thiebaut de Schotte(2008)].

Faisceaux de projection

Ces faisceaux connectent les aires corticales avec les structusgsis-corticales et la m lle
epinere. lls contiennent des bres aerentes, qui recoiv ent des informations sensorielles
et des bres eerentes, qui envoient des commandes motrices. Das la profondeur des
deux remispteres, les bres de projection constituent, avec les bres thalamo-corticales,
la couronne rayonnante et la capsule interne

Faisceau corticospinal:  ce faisceau, appek aussfaisceau pyramidal est une collection
massive d'axones qui vont du cortexa la m lleepinere. Il conti ent principalement
des axones moteurs provenant du cortex sensorimoteur primaire et duoctex pe-
moteur. Il passea travers la couronne rayonnante, la capsule intame, le pdoncule
@ebelleux et les egions pyramidales (m lle allongee).
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Radiations thalamiques: elles sont composes des bres -cortico-thalamiques et
thalamo-corticales qui forment uneventail plus ou moins continu. Ces bres pro-
viennent des noyaux thalamiques, lesquels se projettent versng ou quelques egions
corticales bien & nies. Les radiations thalamiques sont souvent regougees en quatre
sous-groupesanerieur (frontal), sugerieur (paretal), in&rieur (temporal) et pose-
rieur (occipital). Les radiations optiques se projettent vers le cortex vsuel primaire
tandis que les radiations acoustiques se projettent vers le lobe tegporal.

Fornix: c'est une commissure intra- et inter-femisplerique plaee sous le corps calleux.
Il relie 'hippocampe et le corps mamillaire dans chaque temispkre. En avant, il est
forme de deux colonnes fpiliers anerieurs ) qui arrivent jusqu'aux corps mamillaires.
Ces piliers sont accoks vers l'arrere dans la partie moyenne, apeke le corps du
fornix. En arrere il se divise en deux piliers poserieurs qui nalement longent I'hip-
pocampe en formant un n faisceau appek mbria . Le fornix appartient au syseme
limbique et est implige dans la memoire.

Faisceaux @ebelleux: connectent le cervelet aux autres egions du cerveau. Il existe
trois types: ppdoncules @ebelleux inkrieurs, pdonc ules eebelleux moyens et pe-
doncules ®ebelleux sugerieurs.

La Figure 2 pesente des reconstructions des faisceaux de bres les plus consa partir
de I'IRMd.

Chapitre 3: Principes de I''RM de Di usion

Le plenonene de diusion est produit par le mouvement brownien des mokcules
d'eau [Brown (1828]. Dans un milieu isotrope, i. e. ai la di usion est la méme dans toutes
les directions, chaque mokcule decrit une marche akatoire dansl'espace 3D. Pour une
di usion libre, le libre parcours moyen des mokcules cepend di temps de di usion et du
coe cient de diusion D [Einstein (1956]. Pour une di usion isotrope, le parcours moyen
tepend du milieu (protines, membranes), mais pas de la direcion.

L'IRM de di usion (IRMd) ne mesure pas directement le coe cient de di usion, mais le
teplacement moyen des mokcules d'eau dans chaque voxel. La pence de membranes, in-
clusions et macromokcules dans les tissus entrave la marche akaire des mokcules d'eau.
Le parcours moyen mesue est alors inkrieura celui d'un milieu libre, ce qui donne un co-
e cient de di usion inkrieur, appek coe cient de di usion apparent ou ADC [Le Bihan
et al. (1989].

Dans le tissu @ebral, la di usion des mokcules est restreinte dans I'espace intracel-
lulaire et entrawee dans I'espace extracellulaire. La di usion ed anisotrope si les obstacles
environnants sont dierents selon la direction de diusion. Cel a est le cas pour la sub-
stance blanche, ai les axones se regroupent de facon paralkle en faisaux, en priviegiant
la di usion dans le sens des bres nerveuses.
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L'IRM de di usion permet de mesurer indirectement la di usion des mokcules deau
dans les tissus pour dierentes directions. Elle permet ainsid'inerer des proprees sur la
structure microscopique des tissus, comme I'ADC et I'anisotropie.

L'IRM conventionnelle repose sur les proprees magretiques du noyau des atomes d'hy-
drogene, pesents dans les mokcules d'eau. Chaque atome d'hydigene ou proton, posede
un moment magretique nuckaire, appeké spin. Les machines d'IRM pesentent un champ
magretique statique tes puissant (Bg), avec lequel les spins s'alignent, en pesentant un
mouvement de pecession. La fequence de pecession, appek fequence de Larmor, est
directement proportionnellea Bg. Un signal court de radiofequencea la fequence de Lar-
mor est alors appligLe pour exciter les spins et changer leur aimantatin. Le retoura letat
dequilibre des spins produit un signal de radiofequence, meue par I''RM. C'est cette
mesure qui renseigne sur les proprees des dierents tisais, notamment les constantes de
temps de relaxation des aimantations des spins. Une fois le signal acquis, transformee
de Fourier inverse permet de ecugerer l'image.

Pour encoder I'espace, I''RM utilise trois champs magretiques apgkes gradients. L'ad-
dition des gradients au champ magretique statiqueB fait varier lireairement le champ
magretique sur tout le volume d'inerét, dans les trois directi ons orthogonales de I'espace.
La fequence de Larmor devient alors cependante de la position, ce qupermet I'encodage
spatial dans I''RM. Dans la squence d'acquisition, les gradients ent appligies de facon
aechantillonner I'espace de fequences (espace), ce qui permet dechantillonner I'espace
3D: un gradient de slection de coupe est appligle en méme temps que l'impulsion RF;
un autre gradient, de ®lection de ligne, est applige apes l'impulsion RF et le troiseme
gradient est appliqie pendant la lecture du signal.

Les £quences d'acquisitiorecho de spinappliquent justea mi-temps, entre la premere
impulsion RF et la lecture du signal, une deuxeme impulsion RF. Cette impulsion de
refocalisation a pour objectif de ealigner les spins cepha®sacause des inhomogereies
du champs magretique, pour obtenir le signal le plus intense possibl au moment de la
lecture.

Les £quences d'IRM poncees en di usion utilisent deux gradients additionnels, ap-
peks gradients de di usion. Ces deux gradients successifs, courts et intenses donnent aux
protons un cephasage de la pecession cependant de la position. Le gmier gradient donne
a la pecession des protons une phase proportionnellea leur posibn dans la direction du
gradient. Le second gradient, exactement oppo% au premier, donne aux ptons un retard
de phaseequivalent. Les protons qui sont reses immobiles ne subsent pas de cephasage
et donc pas de perte du signal. Par contre, les protons qui se sont cepkes entre I'applica-
tion des deux gradients subissent un cephasage non nul proportionne leur ceplacement
le long de lI'axe des gradients. Ce cephasage produit une perte de laokerence du signal,
ce qui ce traduit en une eduction de I'amplitude du signal. Dans unvoxel donre, plus la
di usion est importante dans une direction, plus l'image sera obscue.

La :quencePulse Gradient Spin Echo(PGSE) [Stejskal and Tanner (1965] a permis
le ceveloppement de I'RMd. Elle utilise deux gradients de di usion de courte duee (),
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Figure 3: Sequence d'acquisitiofPulse Gradient Spin Ech¢PGSE). Deux gradients courts d'aire
similaire, dans ce cas d'amplitude et duee similaire, sotiti®s. [From Descoteaux2008)].

f£paes par un intervalle de temps (voir Figure 3). Si on assume que les gradients sont
in niment courts, le signal mesue peut s'exprimer selon lequation:

IR

f(x;y)=Mog 1 e Tt e

=

Eze bD; (1)

—

al Mg est la densit protonique du voxel, T1 et T2 sont les constantes de temps des
relaxations dans le tissu,TR est le temps de epetition de la £quence, D est le coe cient
de di usion et le facteur b repesente la sensibiliea la di usion [ Le Bihan et al. (1986)].

Les variantes de la £quencechoplanaire (EPI), propose par Mans eld (1977, sont
les plus utiliees actuellement car elles sont beaucoup plus rages que la quence PGSE.
Elles produisent cependant des distorsions geonetriqgues dandimage a cause du train
d'acquisition tes long, pendant lequel toutes les erreurs d'enodage en phase s'accumulent.
Ces distorsions doivent &tre corrigees, en fonction du type, soipar I'acquisition elle-méme,
soit par un post-traitement. En plus, un autre post-traitement peut étre appliqwe pour
eduire le bruit Ricien, pesent dans les donrees de di usion.

Moctles locaux de di usion

Dans des milieux isotropes, le coe cient de di usion est le mémedans toutes les direc-
tions. Par contre, si le tissu est anisotrope, le signal change selon lardction des gradients
de di usion.
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Le Tenseur de di usion (DTI) permet de carackriser la di usion en 3D [Basser et al.
(19949)]. C'est un mockle simple, qui assume une distribution gaussiene des deplacements
en 3D, tes utilie en clinique. Il mocklise la di usion par u ne matrice 3x3 synetrique et
k nie-positive, qui peut se repesenter dans l'espace par unellipsode.

Le tenseur est carackri® par trois vecteurs propres, qui repesentent les trois directions
orthogonales de di usion, qui sont aussi les trois axes principaux de llépso-de. La direction
principale de di usion sera la direction du vecteur propre assoeia la valeur propre la plus
elewee. Une di usion isotrope sera repesenee par une splere, par contre, plus la di usion
est anisotrope et plus l'ellipsede sera allonge (voir Figure 4).

Figure 4: Imagerie du Tenseur de Diusion (DTIA: Le tenseur de diusion peut étre repesene
par un ellipsede. Dans des tissus structues comme les bres nerveuseslj lision est anisotrope, en
pesentant une orientation priviegee de di usion, dansal direction des bres. L'ellipsde repesente la
di usivie paralele ou axiale ( ==, 1) et la di usivie perpendiculaire ou radiale des bres ¢, 2:3).
[Figure adapte deJohansen-Berg and Behref2009]. B: Exemples d'ellipsdes avec une di usivie
moyenne (MD) similaire@7 10 3 mm?/s) et une anisotropie fractionnelle (FA) dierente C: Exemple
d'images de di usivie moyenne et d'anisotropie fractionnellD: A gauche, une image de MD avec la
superposition des ellipstes, pour une ROI. A droite, un zoom de la ROI. [Figures adapée#rsigny
(2009].

Des cartes de mesures scalaires peuvent étre calcukesa partiles tenseurs. Les valeurs
les plus connues sont la di usivie moyenne (MD), I'anisotropie fractionnelle (FA), la di u-
sivie paralele __ et la di usivie perpendiculaire (). Ces mesures, notamment la MD
et la FA, sont tes utiliees dans les analyses de groupes pour caraetiser les proprees
de di usion des dierentes populations.

Un minimum de 6 images poncdeees en di usion (avec dierentes directions de di u-
sion) est recessaire pour estimer les tenseurs, plus une image sguonceration en di usion,
appeke By, qui sert de ektrence. En pratique entre 12 et 30 images sont acqses pour
augmenter la robustesse de l'estimation.

Le mockle du tenseur de diusion est robuste et simple, mais il esfonde sur une
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hypottese tes forte de di usion libre, ne pouvant repesente r qu'une population de bres.
Des con gurations plus complexes, comme des croisements de plusisupopulations de
bres seront mal repesentes, comme lillustre la Figure 5. C'est ainsi que d'autres moctles
plus complexes ontet proposs, recessitant des acquisitionglus longues, avec un nombre
pluselewe de directions de di usion.

L'lImagerie de Diusiona Haute Resolution Angulaire (HARDI) aet ckve-
loppee fortement ces derneres anrees, gracea sa meilleuranoctlisation de la di usion.
Elle permet de distinguer les croisements de bresa l'inerieur d'un voxel. Dierentes
techniques ontek proposes, avec ou sans mockle de di usion.Elles varient aussi dans le
nombre d'acquisitions requises et la puissance du gradient (facteu).

Figure 5: lllustration de I'e et de volume partiel dans un voxpbur deux populations de bres repe-

sentant une con guration de croisement de bresa 90Le tenseur de di usion aura une forme plate,
avec une direction principale de di usion incetermiree. Lfanction de distribution des orientations des
bres (fODF) est compos de deux 'spikes", aligres avec lesemtations des deux populations des bres.
[Adapte de Poupon(19990].

Les techniques avec mocele utilisent des hypotteses sur letypes de populations pe-
sentes dans chaque voxel. Les moctles les plus connus sont: le medmulti-tensoriel [Tuch
(2002], le moctle \Ball and stick" [Behrens et al.(2003] et le modctle Composite hindered
and restricted model of di usion (CHARMED).

Les techniques sans mockle cherchenta estimer Idonction de distribution des orien-
tations des bres (fODF), repesentant la distribution de probabilie des orien tations des
bres pour chaque voxel. Quelgues techniques reconstruisentlfonction de distribution
des orientations de di usion (dODF), repesentant la distribution de probabilie de dif-
fusion. C'est le cas del'imagerie du spectre de diusion (DSI) [Wedeen et al. (2000)].
Cette technique fait unechantillonnage caresien de I'espaceq, pour dierentes directions
de diusion et dierentes valeurs de b. Elle permet alors une bonne reconstruction des
croisements de bres mais recessite des temps d'acquisitionses longs et des gradients
tes puissants. D'autres techniques ont besoin d'un nombre plugaisonnable d'acquisitions.
C'est le cas dug-ball nurrerique (QBI) [ Tuch (2004)] et du g-ball analytiqgue [Descoteaux
et al. (2007)], lesquels font aussi une estimation de la dODF maisa partir d'acaisitions
pour seulement une valeur deb (single-shell). D'autres methodes, comme ladeconvolution
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spherique [Tournier et al. (2004)] ou la Deconvolution spterique de I'ODF [Descoteaux
et al. (20090, recugerent directement la fODF en deconvoluant le signal par la fonction
eponse d'une bre. La fODF pesente une meilleure esoluti on angulaire que I'ODF de
di usion.

Tractographie par I''RM de di usion

La tractographie utilise I'information donree par les moceles locaux de di usion pour
inkrer la connectivie anatomique du cerveau. C'est jusqua pesent la seule techniquenon-
invasive capable detudier chez I'hnomme les faisceaux de bre de la substare blanche.

La tractographie de type \streamline" [ Basser et al.(2000] reconstruit les trajectoires
des bresa partir d'un point (ou graine), en suivant pasa pas, la ou le s directions les plus
probables, donrees par le moctle de di usion. Chaque bre est normalement suivie dans
les deux sens, a partir de chaque graine. L'algorithme utilise dierents crieres d'arrét,
comme un seuil sur la courbature maximale entre deux points et un masg de tracto-
graphie, dans lequel les bres peuvent étre calcukes. Deux fyes d'approches peuvent
gtre utilies: deterministe ou probabiliste Des exemples de tractographie deterministe
et probabiliste de type \streamline" sont illustes dans la Figure 6. La tractographie
ceterministe suit la direction de diusion la plus probable tand is que la tractographie
probabiliste tire akatoirement la direction dans un cone d'axe de k direction incidente
[Perrin et al. (20059]. L'approche appeke \tractographie du cerveau entier" met des
graines partout dans le cerveau en permettant la reconstruction de l'lesemble des bres
du cerveau. Ces bres repesentent les trajectoires des faisaux de bres de la substance
blanche mais ne repesentent pas de vraies bres nerveuses. BB sont aussi susceptibles
de pesenter des artefacts dus aux incertitudes des donrees ddi usion et aux defauts du
masque de tractographie. Malge ces inconwenients, en greral, b tractographie permet
de reconstruire les long faisceaux de bres connus. En plus, en prant un soin particulier
dans toutes les les etapes recessaires a la reconstruction desbres (correction des
distorsions, cebruitage, moctle HARDI, masque de tractographiea partir de l'image T1,
bon recalage entre les images T1 et T2), plusieurs faisceaux d'assocti courts ( bres
en U) peuvent aussi etre reconstruits.Etant peu etudes jusqua pesent, ces faisceaux
pesentent un inerét particulier.

Chapitre 4: Methodes de Classi cation de la Matere Blanche

Recalage des cerveauxa travers les sujets

Letude des structures anatomiques ou des proprees de la diusion dans un groupe
de sujets recessite une correspondance entre les individus. L@rrespondance se ¢ nit
entre images ou entre egions d'inerét, comme des sillons ou desaisceaux de la substance

XXiX



Figure 6: Exemples de tractographie deterministe et probat#lide type\streamline', en utilisant des
fODF estinees en utilisant la ceconvolution sprerique de©O®F a partir du QBI [Descoteaux et al.
(2009h]. La premere ligne montre les bres (en bleu), passantaavers la ROl en rouge, localiee dans
le gyrus post-central. La deuxeme ligne illustre les esult avec des maillages de densies des bres
semi-transparents, pour les densies suivantes: 0.04%, 0.4% @%cl.

blanche. Le recalage lireaire est limie a des transformations globales (translations,

rotations, mise a lechelle et cisaillements). Ces transfomatiors, avec peu de deges de
libere, sont robustes et permettent un bon recalage entre des image d'un méme sujet.

Elles arrivent aussia ajuster la position et la forme gererale entre les sujets, mais des
dierences subsistenta petiteechelle. Le recalage non-lirraire  applique des deformations

locales, avec peu de deges de libere, pour un recalage grossier eeaucoup de deges
de libere pour des deformations locales plus complexes et cetakes. Le recalage avec
beaucoup de deges de libere doit étre appliqLe avec pecaution car les images peuvent étre
tes defornees, jusqua paratre tes similaires entre  elles, mais sans atteindre I'homologie
structurelle globale.

Letat de 'art des nethodes de classi cation des faisceaux des bres

Plusieurs strakegies onteke proposes pour segmenter un jeu de bres issu de la trac-
tographie. Elles sont foncees sur dierentes nethodes de classcation ainsi que sur des a
priori anatomiques. Elles dierent aussi dans les straegies pour trouverla correspondance
entre bres appartenanta dierent sujets. La strakgie la plus simple pour segmenter les
donrees issues de la tractographie est foncee sur des egions d#rét. Ces egions sont uti-
lies pour klectionner ou exclure les bres de facon plus ou mais interactive pour chaque
sujet, a n de reconstruire les faisceaux connus\Wakana et al. (2007); Catani and Thie-
baut de Schotten (2008]. Cette approche aet utilisee pour ceer des atlas des faisceaux
de bresa partir d'un seul sujet [ Mori et al. (2009; Lawes et al. (2008]. Une extension
ineressante de cette approche consiste, en utilisant un groupe @ sujets, a grerer des
cartes probabilistes des faisceaux de bres dans un espace normaligelua et al. (2008)].
Un groupe de ROIs peut alors &tre c ni pour ecugerer les mém es faisceaux chez d'autres
sujets. Plus ecemment, des nethodes fondees sur des atlaselROIs dans un espace nor-
malise ontet proposees pour extraire des faisceaux connus et plisieurs bres d'association
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courtes en utilisant des donrees provenant d'un groupe de sujetg]ishi et al. (2008; Zhang

et al. (2010]. Ces nethodes se sont aveees tes puissantes mais ellegposent fortement
sur la performance de la nmethode de recalage. En plus, elles ne fopas d'analyses sur la
forme des faisceaux.

D'autres nmethodes ¢k nissent les faisceaux de bresa partir d'une classi cation des
voxels, reposant sur des mesures de similarie entre les dones de di usion locales Bazin
et al. (2009; Wassermann et al.(2008]. Des stratgies internediaires regroupent les voxels
de la substance blanche en fonction d'une mesure de similarie ére voxels calcuke entre
les bres qui les connectent El Kouby et al. (2009; Wang et al. (2011)]. Ces approches
fonckes sur les voxels, utilisent leur segmentation de la subance blanche pour extraire des
groupes de bres d'une facon qui passea lechelle sans di culte. Cependant, en fonction
de la complexie des donrees et des esultats recherctes, thutres pe- et post- traitements
peuvent étre recessaires.

Finalement, d'autres nethodes regroupent les bres directemet dans leur espace, en
utilisant une mesure de similarie entre les bres [Ding et al. (2003; Corouge et al.(2004);
Gerig et al. (20049); Brun et al. (2004; O'Donnell et al. (2006; Visser et al. (2011)]. Cette
strakegie peut inegrer des connaissancesa priori sous la forme de moctles des faisceaux
[Maddah et al. (2005; O'Donnell and Westin (2007)]. D'autres methodes hybrides propo-
fes ecemment extraient les faisceaux de bresa travers lacombinaison des informations
a priori, donrees par un atlas de la substance grise et blanche, et un regroupemt des
bres fonde sur une mesure de similarie entre les bres [Wassermann et al.(20103; Li
et al. (2010].

Les nethodes de classi cation des bres qui utilisent une distarce (ou une similarie)
entre les bres se sont aveees étre un outil puissant pour l'etude de la structure des bres
issues de la tractographie. Ces nmethodes permettent de segmemtées bres en groupes
de bres constitles de bres pesentant des formes et des posiionsa peu pes similaires.
Ces nethodes peuvent étre analyses selon dierents pointsde vues. Nous pesentons ci-
dessous les principaux aspects analyss: algorithme de classi catipmesure de distance,
donrees de sortie et taille des donrees. Les Tableaus et 2 contiennent un esure de tous
les aspects analyss.

Algorithme de classi cation: dierentes methodes de classi cation ( clustering en
anglais) ontet utiliees. En gereral, les methodes de clas si cation non-supervigees re-
groupent des ebments en fonction d'une mesure de similarie @ns utiliser des donrees
etiquees [ Jain and Dubes (1989; Jain (2010]. Elles ont besoin du calcul de la distance
entre toutes les paires deements, ce qui peut &tre tes couteux pour des grands jeux de
donrees. Ces nethodes peuvent étre de typepartitionnel ou herarchique.

Les nethodes de type partitionnel cherchenta trouver directement une partition des
ebments, en optimisant un certain criere. Le nombre de groupes est souvent un paranetre
a speci er, ce qui peut étre une limitation. Les nmethodes re posent sur dierents principes,
comme un criere des moindres cares (e. g. lek-moyennes[MacQueen(1967)]), la theo-
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ries des graphes (e. g. le regroupement spectral avec coupes normedis Shi and Malik
(2000]), la decomposition de nelange de distributions (e. g. le regroupenent fondes sur
des processus de DirichletBlei et al. (2003]), entre autres.

Les nethodes herarchiques PJohnson (1967] sont souvent agloreratives, ar chaque
ebment est consicee au cebut comme un groupe spake, et apres dans chaque pas, les
groupes les plus similaires sont fusionres, pour former nalement a arbre herarchique.
L'arbre peut étre repesent par un graphe appeke dendrogramme, qui repesente toutes
les fusions. Une fois l'arbre calcuk, une partition plate ou adaptative peut étre & nie
en fonction de dierents crieres, comme la distance entre leseements d'un groupe ou la
distance entre les groupes. Le nombre de groupes n'est pas alors une valeuk nir a
priori .

Les groupes esultant de I'application d'une nmethode de classi cation sont tes depen-
dants de la nethode de classi cation choisie, de la mesure de siairie et de la nature
des donrees. C'est une tache tes complexe car les groupes peutepesenter dierentes
formes, tailles et densies, en plus de la pesence du bruitgui rend la detection des groupes
plus di cile. Pour avoir les esultats espees, des connaissances sur les caraceristiques et
la structure des donrees sont recessairesJpin (2010)].

Mesures de distance (ou similarie) entre les bres: Les mesures de distance entre
bres utilisent en gereral une srie de points qui paranetri sent chaque bre. Les distances
les plus connues, proposes pajorouge et al.(2004)], sont la distance de Hausdor (dy)
et la moyenne des plus proches distancdsly ). Ces distances permettent d'inegrer dans
une seule mesure des informations sur la forme et la position de la fe. Une autre mesure
de distance, foncee surdy , applique un seuil pour les distances a consicererZhang et al.
(200839], ce qui permet deliminer des bres tes similaires. Re cemment,Visser et al. (2011
utilisent la somme des distances Euclidiennes entre les pointorrespondants, calcuke plus
rapidement que les distances fondees sur les points les plus mises @y, dv ).

Donrees de sortie: La plupart des nmethodes proposes se focalisent sur la segmenta-
tion directe des bres ayant une signi cation anatomique (i. e. les long faisceaux connus
de la substance blanche), en utilisant des priori anatomiques donres par des atlas de la
substance grise et blancheWassermann et al.(20109; Li et al. (2010] ou des moctles des
faisceaux Maddah et al. (2005 2007h 20089]. D'autres travaux appliquent une premere
etape de regroupement des bres Fhang et al. (20089; O'Donnell et al. (2006; Visser
et al. (2011)] et puis inegrent unetiquetage manuel des groupes pour l'identi cation des
faisceaux connus. L'avantage de la deuxeme approche c'est I'inggendance desetapes de
regroupement et d'identi cation, ce qui permet lors de la premere etape, d'obtenir une
information sur toute la structure des faisceaux des bres, qui indus des faisceaux peu
connus. Nous utilisons alors cette straegie pouretudier la substarce blanche dans son
ensemble et ceer un mockle des faisceaux.
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Taille des donrees: Avec les nouvelles techniques de diusion a haute esolution
angulaire et des machines IRM plus puissantes, les donrees issuds la tractographie
pesentent une meilleure qualie mais aussi une plus grande taile. C'est ainsi que le nombre
de bres est pas® de autour de 10.000 bres pour le cerveau entiera pis d'un million de
bres. La classi cation directe des bres en utilisant une distance entre toutes les paires
de bres devient alors impossible. Dierentes strakgies onte & proposes pour eduire
cette surcharge, comme la prise d'unechantillon des bres @'Donnell et al. (2006] ou
une grande quantie dechantillons classies ®paement [ Visser et al. (2011)]. Bien que
performantes, ces nethodes pesentent des inconenients amme la ce nition a priori du
nombre de groupes. Le nombre maximum de bres analyses remonte aux aleurs de
500.000 Visser et al. (2011)]. D'autres nmethodes regroupent les bres dans l'espace des
voxels, ce qui les rend beaucoup plus e cacedHl Kouby et al. (2009; Wang et al. (201D)].
Cependant, les groupes de bres obtenus directement par une classation de ce type
pesentent de nombreux chevauchements qui cegradent la qual@ de la classi cation. Des
pe- et post- traitements doivent étres inclus dans le cas des dorees complexes en fonction
des esultats rechercles.
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METHODES DE CLASSIFICATION DES FIBRES (UN SUJET)

M ETHODE IN MESURE M ETHODE DE A PRIORI ANAT. / ANALYSE PRINCIP. SORTIES FAISCEAUX
DE DIS- CLASSIF. EMPIRIQUES PRINCIP. IDENT.
TANCE
RG | Euclidienne k-NN ROls de graines e nit des segments Itrage des
Ding 2003 (bres) correspondants / classif. bres /
des bres analyse de forme
FS de, dw , dH algorithme de segmentation manuelle des classif. des bres Itrage des FCS,
Corouge 2004 (bres) propagation faisceaux / seuil sur la bres / parties du
Gerig04 2004 distance analyse de forme CcC
CE D CH\single-link" culling des bres / classif. \streamtubes" et
Zhang 2002 (bres) des bres \streamsurfaces"
Zhang 2003
CE utilise les immersion spectrale, paranetres empiriques de \soft coloring”
Brun 2003 points CS Ncuts classi cation des bres
Brun 2004 extrémes
des bres

Liste des abeviations (aussi valide pour le Tableau 2).

IN (ENTR EE): Tractographie du cerveau entier (CE), faisceau segmet (FS) ou ROI de graines (RG).

METHODE DE CLASSIF. (M ETHODE DE CLASSIFICATION): Classi cation Herarchique (CH), Plus Proches Voisins (NN), Classi cation Spectrale (CS), Coyes normaliees
(Ncuts).

MESURE DE DISTANCE: Distance des points les plus prochesdc), Moyenne des plus proches distancesdy ), Distance de Hausdor (dy ), Moyenne des plus proches distances
seuilees (Dt), Plus petite moyenne des plus proches distances seuilee (ds; ), Plus grande moyenne des plus proches distances seuilee(d,; ), Fonction de l'indicateur ux
(BIF), Somme des distances Euclidiennes entre des points cormgendants (dscp ).

A PRIORI ANAT. / EMPIRIQUES (A PRIORI ANATOMIQUES / EMPIRIQUES ).

FAISCEAUX IDENT. (FAISCEAUX IDENTIFI ES): Faisceau corticospinal (FCS), Couronne rayonnante/Gpsule interne (CR/CI), Faisceau longitudinal sugerieur (LS), Faisceau
longitudinal inérieur (LI), Faisceau fronto-occipital inérieur (FOI), Faisceau arqwe (FA), Cingulum (CG), Fai sceau uncire (UN), Forceps mineur (Fm), Forceps majeur (FM),
Corps calleux (CC), genou du CC (GCC), spenium du CC (SCC), Radiation thalamique anerieure (RTA), Fornix (FX), Red oncule ®ebelleux moyen (PCM), Redoncule
@ebelleux superieur (PCS), Troc @ebral (TC), Fai sceau de projection dans le lobe frontal, paretal ou occiptal (FPf, FPp, FPo), CC connectant les coes gauche et droit des
lobes frontal, parétal ou occipital (CCf, CCp, CCo).

Table 1: Caegorisation des nethodes de classi cation des bres (un sujet ).

Les nethodes ontet analyses en fonction de I'entee prcipale, la methode de classi cation et la

mesure de distance principales, les principaugriori anatomiques et empiriques utiliees pour ecugerer

les faisceaux, les principaux pas de I'analyse, les pahespsorties et les faisceaux identies avec suces.
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METHODES DE CLASSIFICATION DES FIBRES (PLUSIEURS SUJETS)

M ETHODE REC MESURE DE M ETHODE A PRIORI ANALYSE SORTIES IDENT.
DISTANCE DE CLASSIF. ANATOMIQUES / PRINCIPALE PRINCIP. BUNDLES
EMPIRIQUES
Zhang 2005 AFF Euclidienne NN correspondance entre correspondance entre
(regroupe des centroedes des groupes groupes
centroedes) (entre 2 sujets)
Zhang 2008 AFF US: dst, dLt US: CH US: seuil de proximie US: culling des bres/ mockle des US: FCS, CG,
(bres) \single-link" empirique (PTh) regroupement des bres / faisceaux/ UN, Fm, FM,
MS : Euclidienne MS : NN MS : mockle des faisceaux MS : correspondance entre identi cation des PCM, LS, LI
(centroedes des etiquetage manuel des centroedes faisceaux MS : CG, UN,
groupes) groupes) trouve le PTh optimale (2 subjects) Fm, FM
ElKouby 2005 AFF US: connectivie US : k-moyennes US/MS : nombre de US: classi cation des voxels atlas des faisceaux US: RTA, LI,
(voxels) MS : k-moyennes groupes empirique MS : correspondance des (11 sujets) GCC, SCC,
MS : masque de masques des groupes de FCS, FX
corelation des bres pour tous les sujets MS : FCS,
groupes de bres parties du CC
O'Donnell 2005 AFF US: du (bres) CS Ncuts paranetres de classif. US : classi cation des bres atlas des faisceaux US/MS : CC,
O'Donnell&Westin MS : dy (bres (rethode de empiriques / MS : classi cation des bres embarqes FCS, FA,
2006 de tous les sujets) Nistrom) etiguetage manuel des (bres de tous les sujets) (10 sujets) FOI, UN, LI,
O'Donnell-PhD 2006 groupes PCM, PCS
O'Donnell-PhD 2006 AFF dy (bres) immersion atlas des faisceaux immersion des bres / identi cation des US/MS : CC,
O'Donnell 2007 spectrale embarqte ( bres) trouve NN centro de de faisceaux FCS, FA,
(bres) / groupe pour chaque bre (5 subjects) FOI, UN, LI,
NN (centro «des) PCM, PCS
Maddah 2005 AFF repesentationa NN mockle des faisceaux correspondance entre bres identi cation des CC, CR/CI,
partir de B-spline ( bresetiqueees) et bres du moctle faisceaux FX, PCM
(bres)
Maddah 2007 AFF utilise carte de mockle de une bre par faisceau et estime les paranetres de a ectation prob. de CC, CR/CI,
Maddah 2008b distance nelange de par sujet lectionree classi cation chaque brea un CG

Euclidienne pour
chaque centroede
de groupe ( bres)

distrib. Gamma

manuellement

groupe / corresp.
entre points pour
chaque faisceau

... continue dans la page suivante ...
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... contine de la page pe@dente ...

M ETHODE REC MESURE DE M ETHODE A PRIORI ANAT. / ANALYSE SORTIES FAISCEAUX
DISTANCE DE CLASSIF. EMPIRIQUES PRINCIPALE PRINCIP. IDENT.
Maddah 2008a AC utilise carte de mocele de atlas des faisceaux (ROIS) eerere faisceaua partir de a ectation prob. de CG, UN
distance nmelange de / & nit manuellement ROI / utilise un atlas chaque brea un
Euclidienne pour distrib. Gamma les centres des faisceaux comme a priori / estime groupe / corresp.
chaque centroede (Bayesien) initiaux / seuil paranetres de classi cation entre points pour
de groupe ( bres) d'appartenance chaque faisceau
Wassermann 2010 NL dist. entre Classif. atlas de substance grise construction de l'arbre du identi cation des FA, CG, UN,
faisceaux et bres Herarchique et blanche (ROIs) CH et lection d'un groupe faisceaux FCS, FOI,
(BIF ) en utilisant information (21 sujets) Fm, FM
anatomique comme a priori
Li 2010 NL pasz: dy + pas;: PCA pas;: atlas de substance pass: utilise un atlas pour identi cation des CG, FOI, LI,
facteur foncee sur suivie de \fuzzy grise et blanche (ROISs) segmenter 9 faisceaux faisceaux UN, FA, CCf,
la longueur c-means” pasz:etiqguetage manuel pasy: classi e les bres qui (10 subjects) CCp, CCo,
de 2 faisceaux pour recon. restent et identi e 2 autres FPf, FPp,
des faisceaux faisceaux FPo
Visser 2011 NL dist. entre bres Classif. US/MS : param. de divise les donrees et identi cation des US: FA, CG,
(dscp) Herarchique classif. empiriques / classi e chaque sous-groupe faisceaux UN, FOl, LI
etiguetage manuel des epaement (plusieurs MS : FA
groupes eetitions) / garde les
groupes reproductibles
Wang 2011 NL AC coordonrees et Moctle herarchique de parfois a besoin d'une classif. des voxels, US/MS : CC,
orientations des nelange de processus de fusion manuelle des clusters groupes de base FCS, FA,
points des bres Dirichlet /etiquetage manuel des d'apprentissage sont FOI, UN, LI,
groupes de la base information a priori PCM, TC

(voxels)

d'apprentissage

Liste des abeviations (Les autres abeviations ontet pesentes dans le Ta bleau 1).
REC. (METHODE DE RECALAGE): a ne (AFF), algorithme\congealing" (A C), non-lireaire (NL). / UN SUJET (US), PLUSIEURS SUJETS (MS )

Table 2: Caegorisation des methodes de classi cation des bres (plusieu

rs sujets). Les nethodes ontet analyses en fonction de leur

nmethode de recalage, la nethode de classi cation et la mese de distance principales, les principau priori anatomiques et empiriques

utilises pour ecuperer les faisceaux, les principaux made l'analyse, les principales sorties et les faisceaux ttEnavec suces. L'entee est

une tractographie du cerveau entier pour toutes les methed.




Chapitre 5: Classi cation des Fibres Intra-sujet

Methode

Comme mentionre pe@demment, l'analyse des jeux de donreesavec plus d'un million
de bres repesente un grand & pour tout algorithme de classi cati on. Pour surmonter
la limitation sur la taille du jeu de donrees, nous proposons dans ce d@pitre une quence
d'algorithmes e ectuant une classi cation herarchique robuste des bres d'un cerveau
(intra-sujet). Cette nethode peut étre consickee comme un traitement de compression
des donrees issues de la tractographie car elle permet d'analyseryd d'un million de bres
et de les regrouper en quelques milliers de faisceaux homogeneans perdre d'information
importante.

La methode consiste en une decomposition herarchique du jeu de bres, sous forme de
plusieursetapes appligees de facon consecutives. Pour traier les bres de facon e cace,
la nmethode est foncee sur uneetape de classi cation appliquee aux voxels de la substance
blanche, au lieu des bres. L'approche est fontee sur une mesureadconnectivie entre les
voxels de la substance blanche propose pdEl Kouby et al. (2005. D'autresetapes ont
ek ajoutes, avant ou apes cette etape principale, avec I'ob jectif d'aneliorer la qualie
nale des faisceaux de bres obtenus. Toutes lesetapes ontet conues et encha'Yees de
facona robusti er I'analyse entere. Le esultat nal est un ens emble de quelques milliers
de faisceaux de bres, repesentant la structure compete du jeu de bres issues de la
tractographie, qui peut étre utilise comme entee d'autres analyses poserieures, comme
des analyses de groupe. Un diagramme repesentant une vue globale de laethode de
classi cation herarchique intra-sujet, compose de cing pas principaux, est pesent dans
la Figure 7.

Dans ce qui suit nous decrivons brevement la nethode:

Pas 1: ecomposition Herarchique. Le jeu de bres issu de la tractographie est
divie en quatre sous-ensemblesbres de I'temisplere droit, bres de I'remisplere gauch e,
bres inter-remispleriques et bres du cervelet. Cette s egmentation est ealise en utilisant
des masques des deux remispleres et du cervelet. Elle vise diminuer la complexie des
donrees, en £parant des faisceaux qui se chevauchent partielleant. Les pas suivants sont
appligles £paementa chaque sous-ensemble de bres.

Pas 2. Segmentation fonake sur la longueur. Les bres sont e£paees en plusieurs
groupes de bres de longueur similaire. De cette faecon, des faisceaux de bes qui se
chevauchent partiellement sont £paes en groupes dierents.

Pas 3: Classi cation des voxels de substance blanche. Une parcellisation de la
substance blanche est e ectliee en utilisant une classi cation hgrarchique des voxels en
fonction d'une mesure de connectivie donree par les bres. Les goupes de bres obtenus,
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Figure 7: Diagramme cereral de la nethode de classication des bres intra-  sujet: Pas 1:
Becomposition herarchique: Le jeu de donrees est segment en quatre principaux sous+abtes
de bres. Pas 2: Segmentation fonae sur la longueur: Les bres de chaque sous-ensemble sont
®paees en di erents groupes, constitles de bres de longuewsimilairesPas 3: Classi cation des
voxels de substance blanche:Les bres de chaque groupe sont classieesa travers une segtagon
des voxels de la substance blanche foncee sur la conneetilts clusters de bres sont extraitsa partir
des clusters de voxels de la substance blanétas 4: Classi cation fondee sur les extemies: les
clusters de bres sont diviees en fascicules homognes en agabt sur les extemies des bresPas

5: Fusion des fascicules: Les fascicules de bres du sous-ensemble sont fusionres disant une
distance entre paires de centdes des fascicules.
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appeeés clusters de bres sont extraits a partir des groupes de voxels de la substance
blanche.

La substance blanche est d'abord parcellise akatoirement en pardees homogenes
constittees de 3 voxels en moyenne, en utilisant un algorithme delassi cation k-moyennes
fonde sur une distance godesique Flandin et al. (2002)]. Ensuite, une matrice de connec-
tivie est calcuke, contenant la connectivie entre toutes | es paires de parcelles, donree
par le nombre de bres qui les connectent, normalise par le volume ds parcelles. Une
classi cation herarchigue de type\average-link" est alors appliquee pour segmenter la sub-
stance blanche en groupes contenant dierents faisceaux de bres (wir la Figure 8). Pour
obtenir les clusters de substance blanche, une partition adaptativede I'arbre esultant
de la classi cation herarchique est e ectiee, en fonction de la taille desiee des clusters.
Les clusters de voxels ainsi obtenus repesentent des groupes gexels par lesquels passe
un grand nombre de bres, regroupees en plusieurs faisceaux. Les dters de bres sont
nalement extraitsa partir des clusters de voxels de substanceblanche.

Figure 8: lllustration de la classi cation de voxels de la substance blanche en f onction de la
connectivie (Pas 3): D'abord, une parcellisation akatoire de la substance blaaest e ectiee (les
parcelles sont repesenees en gris). Seulement les vottalgerses par les bres sont consicees dans ce
processus. Une matrice de connectivie des parcelles estatalcuke,a partir du nombre de bres qui
connectent chaque paire de parcelles. Cette valeur est nbigeapar la taille des parcelles. La matrice
de connectivie est alors utilie pour regrouper les pareslifortement connecees entre-elles. Apes
la classi cation, les parcelles en rougp:{ps), bleu (ps-p7) et vert (pg-p10) vont former trois clusters
dierents, qui donneront lieua trois clusters de bres. Lesgrcelles pesentant une connectivie plus
complexe, comme les parcelles en jaupg)(violet (p,) et cyan (p3), sont regroupees avec le groupe
de parcelles auquel elles sont le plus connectes.

Pas 4: Classi cation fonake sur les extemies. Chaque cluster de bres est divie
encore en plusieursfascicules de bres qui se chevauchent partiellement, a partir d'une
classi cation fondee sur les extemies des bres. Un algorithme de \ligne de partage des
eaux" [Vincent and Soille (1991)] est utilise pour detecter les egions 3D pesentant une
haute densite d'extemies de bres. Chaque paire de ces egions c nit alors un fascicule
homogene et egulier de bres.

Pas 5: Fusion des fascicules. Une dernereetape regroupe les fascicules obtenus pour
tous les groupes de bres d'un sous-ensemble. Cette classi catiorseealise pour fusionner
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les fascicules de bres pesentant des geonetries tes simlaires, qui ontee sur-segmenges
dans lesetapes peedentes. Une bre moyenne oucentrosde est calcuke pour repesenter
chaqgue fascicule du sous-ensemble. Elle est calcuke comme laredominimisant la distance
moyenne vers toutes les autres bres du fascicule. Les censgtes sont ensuite regroupes
en utilisant une classi cation herarchique de type \average-link" fondee sur une mesure
de distance entre paires de centeoles. La mesure de distance utiliee est ladistance de
Hausdor (dy) [Corouge et al.(2004)]. Une distance maximale est utilisee pour ¢ nir la
taille des faisceaux.

Validation de la nethode

Donrees simuées.  Pour valider notre classi cation herarchique nous avons tese
d'abord la nmethode avec des donrees simukes. Dix jeux de dorees simukes ontet gere-
es, chacun fonce sur un mocele constitte de 200 faisceaux pegntant dierents dianetres,
longueurs, formes et densies de bres (voir la Figure9 B). Les faisceaux ontet gereesa
partir de 200 bres slectionreesa partir d'un jeu de bres d'u n remisplere gauche (voir
la Figure 9 A). En plus, trois jeux de donrees de \bruit" ontet cerees , constitltes de
bres wlectionrees akatoirement du méme remisplere gauche, et contenant 10%, 50% et
100% du nombre total de bres d'un jeu de donrees. Ces donrees ontet additionreesa
chague jeu de donrees simukes, pour obtenir au total 30 jeux simds de bres (bruies).
Les donrees ontek classiees avec notre nethode pour valider son comportement, notam-
ment la cetection de faisceaux de bres homogenes repesentantla structure des donrees,
constitlees dans ce cas de 200 faisceaux de bres connus. La validation enpliqe le cal-
cul du pourcentage de ecuperation de tous les faisceaux des 30 jeuxeddonrees simukes.
Pour cela, un centrede aet cetermire pour chaque faisceau esultant de la classi ca-
tion et compae avec les centres des faisceaux des jeux de donreesiginaux. L'analyse
des esultats con rme qu'une grande partie des faisceaux sont ecgees dans un grand
pourcentage. La ecuperation cepend, comme la plupart des algorithmes de classi cation,
de la densie des bres: les faisceaux de bres moins denses gua densie minimale de
bres inkeea partir des paranetres de la tractographie, ne sont pas ceteces car ils sont
consicees comme du bruit. En plus, en gereral, un petit pour centage de bres se trouvant
a la periprerie des faisceaux ne sont pas ecupeees car elles pesentent aussi une densie
tes basse. Ce comportement est consistent pour tous les jeux de daes.

Evaluation du codt de I'extensibilie de la nethode. Alors que les esultats de
la validation permettent d'inErer que le colt de I'extensibilie introduit par la classi -
cation des voxels de la substance blancheP@s 3) est tes bas, nous avons e ectie des
exgerimentations additionnelles pour quanti er ce colt. Premierement, une classi cation
de \force brute", i. e. qui utilise une mesure de distance entre toutes les bres du jeue
donrees, aet appligteea un jeu de donrees simukes avec 10% de bruit (  24.000 bres).
La nethode utiliee est la classi cation herarchique, fonde e sur la distance de Haussdorf
(dy). Les esultats montrent que cette nethode ne ecupere pas tous les faisceaux. En plus,
les faisceaux ecupees sont plus bruies que ceux retrouves par notre methode. L'analyse
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Figure 9: Exemple d'un jeu de donrees simué constitle de 200 faisceaux de  bres. A: Les 200
bres lectionrees comme centres des faisceadx. Faisceaux gereesa partir des centres en A.

des faisceaux non ceteces nous conduita deux explications: 1) das certains cas, deux
faisceaux simuks sont fusionresa cause de bres qui pesenént des distances relativement
courtes aux deux faisceaux, produites souvent par le bruit, et 2) dangl'autres cas, des
bres dues au bruit font aussi que des faisceaux de basse densie dodiviees en multiples
faisceaux isoks. Ces esultats montrent que le comportement de otre nethode est accep-
table et que d'autres methodes comme la classi cation herarchique ont besoin de pre- et
post- traitements pour assurer la qualie des esultats.

Un autre test aek e ectie pour evaluer I'in uence de la taille des parcelles sur la
qualie des esultats: notre nmethode aet appligiee a un jeu de donrees simuke s pour
une grande plage de tailles de parcelles. Les esultats n'ont pas mordrune degradation
signi cative dans la cetection des faisceaux, soutenant I'icee que notre nethode est robuste:
1) la segmentation foncee sur la longueur Pas 2) permet de simplier les donrees en
eliminant des chevauchements des bres, et 2) la classi cation fortee sur les extemies
(Pas 4) permet de eparer les faisceaux ces qu'ils pesentent une gtemit dierente.

Resultats

La nethode de classi cation herarchique des bres propose aet appligeea 12
sujets d'une base de donrees de cerveaux adulteBgupon et al. (2006)]. La di usion aete
mockliee en utilisant une deconvolution spherique de I'OD F [Descoteaux et al.(20090)].
Les bres du cerveau entier ontee reconstruites en utilisant un algorithme de tractographie
ceterministe egulariee. Les esultats sont illustes pou r I'remisptere droit d'un sujet dans
la Figure 10. Ces donrees contiennent un million et demi de bres, dont 600 mile pour
I'remisplere droit, lesquelles sont eduitesa un peu plu s de 3000 faisceaux homogenes.
La methode a aussiet appligieea des donrees de tractographie DTI de deux cerveaux
d'enfants.

Applications

Un fantdme physique [Poupon et al. (2010] fait de bres acryliques de petit dianetre,
contenant plusieurs con gurations ealistes de bres, comme des apisements et bifurcations
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Figure 10: Faisceaux de bres esultants pour un cerveau adulte (remispler e droit). Les couleurs
des faisceaux ontet lectionres de facon akatoire etguvent se epeter dans chaque groupA: Vue
exerieure des faisceaux. Pour une meilleure visualisation, les faisceaux ontet ags en 10 groupes
de dierentes longueurs.B: Vues exerieure et inerieure d'une ®lection de faisceau x de bres
courtes (35-50mm). La plupart de ces faisceaux appartiennenta des faisceaassbciation courts.
C: Vues exerieure et inerieure d'une ®lection de faisceau x de bres longues (130-150 mm).
Ces faisceaux constituent des long faisceaux de bres connua dabstance blanche.

de bres, aek utilie pour montrer une application de la meth ode. Six jeux de bres ont
et calcues pour ce fantbme, en utilisant trois moceles locaux de di usion (DTI, g-ball
analytigue (SH g-ball) [Descoteaux et al.(2007] et une ceconvolution spterique de I'ODF
(SDT) [Descoteaux et al.(20098]) et deux algorithmes de tractographie (deterministe et
probabiliste). Nous avons applige notre methode aux six jeux de bres,a partir du Pas
2. Un atlas aek cee pour retrouver les faisceaux validement reconstruits dans chaque jeu
de donrees, c'esta dire, les faisceaux de bres qui ont des tragctoiresegalesa la \erie
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terrain. L'atlas, illuste dans la Figure 11 B, contient un centroede pour chaque faisceau
original du fantdbme (7 au total). L'analyse des esultats a permis de comprer les dierents
mockles locaux de diusion et les dierentes nethodes de tr actographie en retrouvant
automatiguement les faisceaux validement reconstruits, montes @ns la Figure11 C. Pour
cela, nous avons calcuk la proportion de leur volume par rapport au volumeoriginal, ainsi
gue le nombre total de bres validement reconstruites pour chaque apmche (Figure 11
D).

Figure 11: Resultats pour les six jeux de donrees du fantdme physique. Appl ication dans
kvaluation des mockles locaux de diusion et les algorithmes de t ractographie. A: Les sept
faisceaux \erie terrain (masques 3D)B: L'atlas des centrales des faisceaux \erie terrain, utili pour
identi er automatiquement les faisceaux validement recongs. C: Faisceaux \erie terrain validement
reconstruits pour chaque jeu de donrees: pour trois mocelesaloc de di usion (DTI, SH g-ball and
SDT) et deux algorithmes de tractographie (ceterministe etgtrabiliste).D: Analyse des esultats pour
les six jeux de donreedD1: Pourcentage du volume des faisceaux \erie terrain couvert par

les bres validement reconstruites. En gereral, la tractographie probabiliste pesente une rileure
reconstruction des faisceau®2: Pourcentage total de bres validement reconstruites.  En gereral,
comme pevu, la tractographie ceterministe pesente un paantage pluselewe de bres validement
reconstruites.

Une autre application de notre nethode aet illustee: la cec omposition \top-down"
des long faisceaux de bres connus. La tractographie permet d'envisageme analyse plus
en profondeur des faisceaux connus, en les sous-divisant en plusewomposantes Ca-
tani et al. (2009]. L'approche usuelle utilise des ROIs pour cecomposer les faigaux.
Nous illustrons avec le faisceaux arqle de quatre sujets, que les &ieaux esultants de
notre methode de classi cation peuvent etre utiliees pour retrouver des cecompositions

xliii



des faisceauxa travers une interface graphique (cela peut etre ectwe aussi de fecon au-
tomatique). Dans cet exemple, le faisceau arqe a pu étre divigen six faisceaux pour les
quatre sujets, dont trois faisceaux ont cepee cecrits par Catani et al. (2009.

Masque de propagation de la tractographie calcuka partir de I'im age ponatee
en Tl

Les algorithmes de tractographie ont besoin d'un masque de la substancedniche pour
celimiter I'espace 3D dans lequel les bres sont calcuees. Normaément ce masque est
calcuka partir d'un seuillage sur I'image de FA (seuil entre 0.1 et 0.25), mais ce masque est
trop restrictif car la FA peut &tre tes basse dans des croisemets de bres (2/3 des voxels)
ou dans les egions sous-corticalesa cause de I'e et de volume partieNous proposons la
construction d'un masque de propagation de la tractographiea partir de limage ponceee
en T1, fondee sur trois masques: un masque des deux temispterest du cervelet, un
masque des sillons et un masque des noyaux gris centraux et des veotles. Ce masque,
contenant la substance blanche et une partie de la substance grise noget une meilleure
celimitation pour la tractographie des egions sous-corticales, des fuctures profondes,
du corps calleux, du fornix et des commissures (voir Figurel2 A). Une comparaison des
faisceaux segmengsa partir des bres reconstruites avec notremasque calcuk a partir
de l'image T1 et un masque fonck sur la FA est pesenee dans la Fgure 12 B. On peut
observer une meilleure reconstruction des faisceaux surtout sue$ egions sous-corticales,
ce qui a un impact tes important dans les bres d'association courtes.

Figure 12: Masque de propagation de la tractographie calcuéa partir de I'image pond eee en
T1. A: Comparaison entre notre masque de propagation et un masque eal@alrtir de la FA (seuil
egala 0.1). B: Comparaison entre des faisceaux segmengs reconstruitsdipee notre masque de
propagation (nasque TJ et un masque calcuka partir de la FArhasque FA, avec un seuilegala
0.15.
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Chapitre 6: Classi cation des Fibres Inter-sujet: Inérence
d'un atlas des faisceaux multi-sujet

Les mockles des faisceaux existants sont composs seulement pas l@isceaux connus
de la substance blanche profonde (DWM). Dans ces mockles, les famsaux de la DWM
sont repesenes par des bres qui onta peu pes la méme forme, et ne repesentent
pas la variabilie de la forme et de la position des bresa travers les sujets. Grace aux
aneliorations des acquisitions, corrections et moctlisation des dorees de di usion, les
donrees de tractographie actuelles pesentent une grande complegi et un tes grand
nombre de bres. Les faisceaux reconstruits sont alors plus complexgguelques exemples
de dcecomposition des faisceaux connus en fascicules ontete propes dans la literature
[Lawes et al.(2008]. Par exemple, le faisceau arqle aee cecompos en un segmeniong
direct et deux segments indirects (anerieur et poserieur) [Catani et al. (2005]. En plus,
jusqua pesent, les bres courtes de la substance blanche sper cielle ontet tes rarement
etudees. La segmentation de la substance blanche reste encore yorobeme complexe et
pas compktement esolu.

Les strakgies couramment proposes pour la reconstruction des faisaux des bres
reposent sur deux icees compkmentaires. La premere approck utilise des egions d'inerét
(ROI) pour lectionner ou exclure des bres. Ces ROIs peuventetre e nies manuellement
[Catani et al. (2002; Mori et al. (20095; Wakana et al. (2007); Catani and Thiebaut de
Schotten (2008], ou en utilisant un atlas de ROIs apes l'application d'une normalisation
ane [ Oishi et al. (2008] ou non-lireaire [Zhang et al. (2010]. La seconde strakgie est
foncke sur un regroupement des bres en utilisant une mesure deisiilarie entre paires
de bres [Corouge et al. (2004; Zhang et al. (20089; O'Donnell et al. (2009; Visser
et al. (201D]. Cette dernere approche recessite moins d'interaction que les approches
manuelles et permet d'inegrer dans l'analyse des informations suda forme et la position
des bres, ce qui n'est pas le cas pour la plupart des approches fords sur les ROls.
En plus, elle permet d'inegrer de l'information a priori dans des moctles des faisceaux
[Maddah et al. (2009; O'Donnell and Westin (2007)], ceux qui peuvent etre apes utilies
pour segmenter d'autres sujets. En outre, I'application d'une nethode de regroupement
des bres provenant de plusieurs sujets apes une normalisation [gatiale, peut aider a
cecouvrir des nouveaux faisceaux reproductibles. Cependant, ke nmethodes fondees sur
des regroupements pesentent une limitation dans le nombre de bes qui peuvent étre
analyees. Malge deux travaux ecents qui cecrivent des analyses des jeux de donrees de
tractographie tes grands (jusqua 120.000 [Wang et al. (2011)] et 480.000 bres |Visser
et al. (2011)]), la segmentation des jeux de donrees massifs de bres, pesgant plus d'un
million de bres, est encore un grand & .

L'objectif de cette these est I'inerence d'un moctle des faisceaux des bres de la sub-
stance blanche du cerveau humaina partir des donrees de di usiona haute esolution
angulaire (HARDI). En conquence, dans ce chapitre nous pesentonsine nethode qui
prend comme entee des jeux de donrees massifs de tractographie grenant d'une popu-
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lation de sujets, et qui produit comme sortie un mocdele compog dune liste des faisceaux
cereriques pesents dans la plupart des sujets.

Straegie de regroupement de deux niveaux

La nmethode consiste en une strakgie de deux niveaux, enchamanun regroupement
intra-sujet, suivi d'un regroupement inter-sujet, pour traiter de tes grands jeux de donrees
issues de la tractographie.

Premier niveau: regroupement intra-sujet. Pour pouvoir analyser ensemble les don-
rees issues de la tractographie d'une population de sujets, nous utsons d'abord le regrou-
pement intra-sujet pesent dans le chapitre peedant. Ce regroupement permet d'obtenir
une repesentation comprinee des jeux de donrees individues de bres. Pour chaque su-
jet, on passe de plus d'un million de bresa quelques milliers & faisceaux eguliers, qui
peuvent étre repesents par des centredes. Un traitement additionnel aet ajout au Pas
1 pour obtenir des sous-ensembles contenant les bres qui sont conress aux thalami:
thalamus-droit et thalamus-gauche

Deuxéme niveau: regroupement inter-sujet. Le deuxeme niveau a pour objec-
tif de trouver une correspondance entre les faisceaux produits dang premier niveau a
travers une population de sujets. Cette analyse est e ectiee paement pour chaque sous-
ensemble de bres. La Figurel3 (A) illustre la nethode.

Premerement, un centroede est calcuk pour chaque faisceau en utilisant la moyenne
des distances les plus proche<prouge et al. (2004; O'Donnell et al. (2006; O'Donnell
and Westin (2007]. Un centro-de repesente la geonetrie principale du faisceau et est
locali® dans le centre du faisceau. Il est e ni comme la bre qui minimise la distance
vers les autres bres du faisceau. Une fois que tous les centdes provenant de tous les
sujets pour le sous-ensemble analys ontek calcuks, ils sontransfornes vers I'espace de
Talairach en utilisant une transformation a ne estineea partir de I' image T1.

Ensuite, un graphe d'a nies des centro «des est calcuk en utilisant une distance
entre paires de centredes. La distance utiliee est la distance Euclidienne maximaleentre
points correspondants, normaliee par la longueur de centrale minimale (dven ). Cette
distance est plus restrictive que les distances fondees surdegoints les plus proches. Pour ce
calcul, les centredes sontechantillores en utilisant 21 pointsequidistants. La n ormalisation
permet de rendre la distance plus restrictive pour les bres cottes, en donnant des groupes
plus compacts pour ces faisceaux. Pour construire le graphe d'a niesdes centredes, ont
utilise un seuil sur la distance maximale entre centredes (Mgn), qui varie normalement
entre 10 et 15mm.

Ce graphe d'a nies est utili pour e ectuer un regroupement hi erarchique des cen-
troedes. L'arbre esultant est analys pour extraire seulement les goupes compacts, ai la
distance entre tous les centrales est inkrieurea la distance maximale My,. Les groupes
qui contiennent des centredes provenant d'au moins la moite des sujets sont enn -
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Figure 13: Regroupement des faisceaux inter-sujet. A: Un sctema greral de la nethode .
L'analyse comprend tous les faisceaux obtenus pour un sous-éfsel® bres, provenant d'une popu-
lation de sujets. Un centede est d'abord calcuk pour chaque faisceau. Les cenigs de la population
de sujets sont alors transformes vers I'espace de Talairdghe distance restrictive est calcukee entre
toutes les paires de centdes et convertie en a nie. Un graphe d'a nies entre centiodes est ensuite
calcuk, en utilisant un seuil maximal sur la distance. Lemntredes sont nalement regrouges en uti-
lisant un regroupement herarchique. Seulement les groupes pamts, contenant des centwwdes d'au
moins la moite des sujets, sont electionres comme dassceaux gereriquesUn pas additionnel permet
d'ajouter quelques centrdes rejees au groupe le plus similai®: Exemple de faisceaux greriques
(election de I'remisplere gauche).  Les faisceaux ontek calcuks en utilisant une distanceaximale
entre bres intra-sujetmax cdistegalea 10 mm et une distance maximale entre centies inter-sujet
Mgn egalea 15 mm. Les faisceaux gereriques sont composes destoeales intra-sujet obtenus dans le
premier niveau de regroupement. lIs contiennent des cedé® d'au moins six sujets dierents.

lectionres et appeks faisceaux gereriques Un dernier pas optionnel, relache un peu les
contraintes pour ajouter quelques centredes aux faisceaux gereriques, qui onteke rejees
dans le regroupement. Un centrade non attribte est inclus au faisceau grerique le plus
proche si sa distance au centrole le plus proche du faisceau est inkrieure a un seuil.
La Figure 13 (B) montre quelques faisceaux gereriques obtenus en utilisantune distance
maximale entre bres intra-sujet max cdistegalea 10 mm et une distance maximale entre
centroedes inter-sujet M 4, egalea 15 mm.

Des donrees simukes ontekt utilisees pourevaluer le comportement de la methode
sur une population de sujets en utilisant une normalisation a ne. Pour ceh, 200 bres
de dierentes longueur, forme et position ontee <lectionre esa partir d'un sujet pour
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repesenter des centredes intra-sujet. Ces centredes ont et alors transfornmes vers le
ekrentiel des autres sujets en utilisant un recalage non-lireairea partir des images T1.
La nethode inter-sujet a et alors appligiee sur I'ensemble des centredes, transformes
dans l'espace de Talairach avec une transformation ane, pour un rang de vaurs de
distanceM 4. Les faisceaux gereriques obtenus ontee compakes avec la \&ike terrain, pour
ceterminer le nombre de faisceaux ecupees et le nombre de sijets qui les composaient.
Les esultats ont monte que la normalisation a ne vers un espace standard est su sante
pour retrouver les faisceaux les plus reproductiblesa traverdes sujets.

Atlas HARDI multi-sujet des faisceaux connus de la substance bl anche pro-
fonde

La strakgie de regroupement des bres de deux niveaux aet appligieea la base de
donrees de 12 sujets de cerveaux adulte®pupon et al. (2006]. Cette analyse aet e ecte
£paement pour cing sous-ensembles de brestemisptere droit , Femisptere gauche, inter-
Femisplerique, thalamus-droit et thalamus-gauche

Des faisceaux gereriques ontee obtenus en utilisant une digance maximale entre bres
intra-sujet max_cdistegalea 10 mm et une distance maximale entre centredes inter-sujet
Mgn egalea 15 mm. Ces faisceaux ontetetiquees manuellement pour identi er les fais-
ceaux connus de la substance blanche profonde. Pour letiquetage nowssons utilie des
informations anatomiques relativesa la trajectoire et la position des faisceaux, et particu-
lerementa leurs extemies, en nous appuyant sur des descriptions anatomiques [Catani
and Thiebaut de Schotten (2008]. Des segmentations des sillons et des parcellisations cor-
ticales ontet utilies pour guider visuellement cette tac he. Un faisceau est compog alors
de plusieurs groupes inter-sujet, qui tiennent compte de plugiurs sous-divisions du fais-
ceau connu dans l'espace standard. Chaque faisceau de l'atlas est regamt par une liste
de centraedes inter-sujet calcues dans le premier niveau de la netho&. Par conequent,
l'atlas des faisceaux multi-sujet cee permet de repesente la variabilie inter-individuelle
de la forme et la position des faisceaux. Cette inErence aet ectwe pour I'remisptere
gauche. Les faisceaux de I'remisplere droit ontet calcues comme les symnetriques de ceux
de I''emisphere gauche par rapport au plan inter-remispteriqu e de lI'espace de Talairach.

L'atlas propos, illuste dans la Figure 14, contient un total de 36 faisceaux, composs
de 11 faisceaux dans chaque temisptere et le corps calleux. Plusies faisceaux connus
sont divies dans quelques fascicules.

Atlas HARDI multi-sujet des faisceaux d'association courts de la substance
blanche super cielle

Les faisceaux d'association courts ontee rarementetudes; pour cette raison il n'‘existe
pas trop d'information sur eux dans la literature. Lesetudes proposees jusqua pesent uti-
lisent des atlas de ROIls apes l'application d'une normalisation a ne [ Oishi et al. (2008)]
ou non-lireaire [Zhang et al. (2010]. Par exemple Zhang et al. (2010 a identie 29 fais-
ceaux courts qui connectent des gyri adjacents. Le criere utili® pour l'identi cation d'un
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Figure 14: Atlas HARDI multi-sujet des faisceaux connus. A: Tous les faisceaux (4189 cenides):
vues depuis la droiteA3), le haut (A,) et le front (A3). B: Vues cetailees des faisceauwB;: Vue
inerieure du fornix (noir), faisceau uncire (cyan), faigau fronto-occipital inerieur (violet), faisceau
longitudinal inkrieur (rose fon®) et faisceau corticospinéorange) gaucheB,: Vue exerieure des
segments du faisceau arqle gauche: direct (rouge), antriguert) et poserieur (jaune). B3: Vue
inerieure des fascicules du cingulum gauche: cingulaireg$ofmarron), cingulaires courts (vert clair) et
temporaux (bleu).B4: Vue exerieure du corps calleux: rostrum (fushia), genougbifone), corps (vert
fone) et splenium (marron fon@).Bs: Vue exerieure des radiations thalamiques gauches: datre
(gris), superieure motrice (sarcelle), sugerieure padde (rose), poserieure (bleu ciel) et inkrieure
(ocre).

faisceau aet l'existence de bres connectant les deux egionsdans les 20 sujetsetudes.
Cette methode a cemonte étre puissante pour retrouver des faisceaux existant dans une
population de sujets, mais elle n'inclut pas des informations fondee sur la forme et la
position des bres.

Pour inerer un mocele des faisceaux courts, nous avons appliquealors notre nethode
de regroupement des bres de deux niveauxa la base de donrees de E2jets de cerveaux

xlix



adultes [Poupon et al. (2006], aux sous-ensembleemisplere droit et lemisptere gauche
Des faisceaux gereriques ontee obtenus en utilisant une digance maximale entre bres
intra-sujet max cdistegalea 7 mm et une distance maximale entre centredes inter-sujet
Mgn egalea 12mm. Pour obtenir des faisceaux gereriques compacts, le drnier pas qui
ajoute des centredes rejees n'a paset appligLe.

Figure 15: Regions anatomiques de la surface corticale utili®es pouretiqu eter les faisceaux
d'association courts de l'atlas HARDI multi-sujet.  [Figures adapee denttp://www.bartleby.com/
107/ et http://lwww.netterimages.com/]

Ces faisceaux gererigues, appartenanta la substance blanche qer cielle (SWM), ont
et etiquees manuellement en utilisant des parcellisation s en gyri des surfaces corticales
[Cachia et al. (2003]. L'objectif aet de donner un nom anatomigue a chaque faisceau
reproductible. Seulement les faisceaux pesentant une formesgulere et une position non
ambigeie ontet etiqueks. La Figure 15 pesente les gyri qui ontee nalement utilises
dans letiquetage.

Cette inkrence aet e ectiee pour I'remisptere gauche , en consicerant les bres entre
35 et 110 mm. Un nom aet donrea chaque faisceau de l'atlas, en suivant & criere utilie
par Zhang et al. (2010, qui proposent des noms composes par la ou les deux egions qui
connectent chaque faisceau. Les faisceaux de I'remisptere droit dee calcues comme
les synetriques de ceux de I'temisphere gauche par rapport au pan inter-femispherique
de I'espace de Talairach. La plupart des faisceauxetiquees sont compo®s seulement par
un faisceau gererigue. Comme dans le cas des faisceaux connus, chagfaisceau court de
I'atlas est repesent par une liste de centrodes inter-sujet calcues dans le premier niveau
de la nethode, ce qui permet de repesenter la variabilie inter-individuelle de la forme
et la position des faisceaux. Quarante-sept faisceaux de la SWM ontetidenties pour
I'remisplhere gauche. lIs sont illustes tous ensembles et irdividuellement dans la Figure 16.



Figure 16: Atlas HARDI multi-sujet des faisceaux d'association courts (47 faisc eaux par fe-
misplere). La premere ligne montre de gauchea droite: vues exerieutteirgerieure des faisceaux de
I''remisprere gauche (HG), vues depuis le front et le haut deus les faisceaux. Les lignes suivantes
montrent les 47 faisceaux de I'HG. Les noms ontet attribtes éonction des egions qu'ils connectent,
en suivant les noms des egions illustes dans la Figlite Dans certains cas, une sgeci cation spatiale
aee ajouee: fr (anerieur), mid (moyen), bck (poserieur), sup (sugerieur) etinf (inkrieur).



Chapitre 7: Segmentation Automatique des Jeux de Donrees
Massifs de Tractographie

Methode de segmentation automatique des faisceaux de bres

Nous proposons une nethode simple mais puissante pour la segmentation tmatique
des jeux de donrees massifs de tractographie foncee sur l'atlas muksujet des faisceaux
cee dans le chapitre peedant. Un sctema de la nmethode est pesent dans la Figure 17.

La segmentation d'un nouveau jeu de donrees de bres commence par un®mpression
en quelques milliers de faisceaux, en utilisant le regroupementtra-sujet cecrit dans le
chapitre 5. Les faisceaux esultants sont alors etiquees en employant une tassi cation
superviee foncee sur notre atlas des faisceaux multi-sujet. Lexentrodes des faisceaux
sont d'abord normalises vers I'espace de Talairach en utilisant une tansformation a ne.
Ensuite, des distances entre chaque centtde du nouveau sujet et tous les centrales de
l'atlas sont calcukes.

La distance utilisee est la distance Euclidienne maximale entrepoints correspondants
(dme ). Cette distance est restrictive et permet une bonne repesatation de la similarie
entre deux bres, en prenant en compte la position et la forme des les. Pour ce calcul,
les centrades de l'atlas et du nouveau sujet sontechantillonres en 21 pointsequidistants.
L'ensemble des distances entre centfdes est calcue en quelques minutes.

Chague centrede du sujet estetiquet par le faisceau le plus proche,a condtion que
la distance vers ce faisceau, c'esta-dire la plus petite distare vers les centrales qui
repesentent le faisceau, soit inkrieurea un seuil.

Pour les faisceaux de la substance blanche profonde, ce seuil est adagptchaque
faisceau en utilisant une stratgieleave-one-out pour chaque faisceau, le seuil est la valeur
minimale permettant letiquetage de tous les centrodes de tous les sujets, en consicerant
un atlas faita partir des onze sujets restants. Cette approcheleave-one-out permet de
e nir un seuil speci que pour chaque faisceau de l'atlas, comme la distance maximale des
distances minimales entre un centrade de ce faisceau chez un sujet et tous les cenides du
méme faisceau chez les autres sujets. On peut s'attendrea ce glfaugmentation de la taille
de la base de donrees utilie pour inkrer I'atlas permettra daneliorer lechantillonnage
de la variabilie du faisceau, ce qui diminuera les seuils utilies pour capturer le méme
faisceau chez des sujets inconnus.

Pour les faisceaux d'association courts, ces seuils ontet detemires empiriquement
pour chaque faisceau de l'atlas (entre 8 et 14 mm), en consicerant la logueur moyenne du
faisceau et sa proximit aux autres faisceaux de l'atlas. Ce criee conduita des seuils plus
elewes pour les faisceaux longs et isoks. Une strakgieleave-one-outpour la cetermination
de ces seuils pourrait étre ceveloppee dans I'avenir.



Figure 17: Methode de segmentation automatique des faisceaux de bres fondke s ur un atlas des faisceaux multi-sujet. La segmentation d'un nouveau
jeu de donrees de tractographie commence par une compression e€qugs milliers de faisceaux, en utilisant le regroupemetnaiaujet cecrit dans le chapitres.

Les faisceaux esultant sont alorsetiquees en employame classi cation supervisee fondee sur notre atlas desstaaux multi-sujet. Les censaes des faisceaux
sont d'abord normalies vers l'espace de Talairach en sdifit une transformation a ne. Ensuite, des distances entteacue centrade du nouveau sujet et tous les

centrades de l'atlas sont calcukes. Chaque centte du sujet estetiquet par le faisceau le plus prochecandition que la distance vers ce faisceau, c'esta-dire
la plus petite distance vers les centles qui repesentent ce faisceau, soit inerieurea unude



Resultats

Un probeme connu sur levaluation de la segmentation des faisceaux dda substance
blanche est I'absence de \erie terrain. Cela est d'autant plus complexe pour la substance
blanche super cielle, dont la cartographie est encore largement incamue et au mieux de nos
connaissances, seulement la forme de quatre faisceaux de la substitanche super cielle
aet cecrite dans la literature [ Oishi et al. (2008]. Nous evaluons notre approche a
l'aide d'autres bases de donrees: huit adultes et quatre enfants paula segmentation des
faisceaux de substance blanche profonde, et dix adultes pour la segntation des faisceaux
d'association courts.

Resultats pour la segmentation des faisceaux connus de la subst ance blanche
profonde.  Huit sujets d'une base de donrees HARDI de sujets adultes (DB2), ontee
utilises pour tester la nethode de segmentation des faisceaux dda substance blanche
profonde. Cette base de donrees fournit des images de haute qualie gnceees en T1
et des donrees DW contenant 41 directions, a partir d'une valeur b de 1000 s/mn?. La
fonction des distribution des orientations de di usion (ODF) aet e reconstruite dans chaque
voxel en utilisant une solution analytique du mocele g-ball [Descoteaux et al.(2007)]. La
tractographie du cerveau entier aee calcuke en utilisant un masque de tractographie
a partir de l'image de FA, avec un seuilegala 0.15, et un algorithme de tractographie
ceterministe egulariee, donnanta peu pes 1.5 millions de bres par sujet. Nous n‘avons
pas utiliee notre masque de propagation de la tractographie fonce sur I'mage T1 an
deviter tout biais lors des comparaisons entre nos esultats et cex d'autres nmethodes,
adaptesa un masquea partir de la FA.

Les esultats de la segmentation sont pesenes dans la Figurel8 (A-E). Les faisceaux
ontet colores en suivant les couleurs des faisceaux de l'atlas (kgure 14). Tous les fais-
ceaux de l'atlas ontek trouves dans tous les sujetsa I'exception du fornix et du segment
long (ou direct) du faisceau arqie droit. Les segmentations ontet valicees par un expert.
Le probeme avec le fornix est gereralement lea une erreur dans le masque de tracto-
graphie normalement produitea cause du faible diarmetre de ce faiseau. Le probeme du
faisceau arqLe pourrait &tre lea la symetrisation de notre atlas , qui pourrait ne pas tenir
compte correctement de l'asynetrie de ce faisceau le au langage. Cemdant, en explo-
rant 'ensemble des donrees de tractographie avec une nethode fahe sur des ROIs, nous
n‘avons pas eussia segmenter ce tract dans les cerveaux al notrstratgie foncee sur un
atlas n'as pas eussi.

Ce qui pourrait arriver, c'est que lorsque le faisceau arge n'est ps assez large, la
esolution spatiale actuelle des donrees de di usion n'est pas su sante avec une straegie
de tractographie ceterministe. En e et, plusieursetudes ont m onte une forte asynetrie
de la taille du faisceau arqwe, lee a l'asynetrie du syseme de langage Catani et al.
(2007)]. Pour obtenir un apercu de la qualie des esultats, les faisceaux ontet visuellement
compaesa ceux obtenus avec un seuil de distance plus grand. Nous ams constat que
les seuils estines sont proche de I'optimale pour tous les faisceau
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Le méme comportement aet obsene apes l'application de la nethode de segmenta-
tiona quatre enfants d'une base de donrees DTI.

Figure 18: A-E: Resultats pour la nethode de segmentation automatique des fais ceaux de

la substance blanche profonde chez l'adulte. Les couleurs utilies sont les mémes que celles des
faisceaux de l'atlas (Figuré4). A: tous les faisceaux chez les huit sujets (vue depuis le frongs
esultats qui suivent sont seulement montes pour quatre etg. B: radiations thalamiques gauches (vue
depuis l'exerieur).C: cingulum et fornix gauches (vue depuis I'exerieuf).: faisceaux fronto-occipital
inérieur, longitudinal inErieur et uncire droits et gauchs (vue oblique depuis I'angle anerieur gauche).
E: faisceau argue gauche (vue depuis I'exerieuf-J: Une comparaison entre les esultats obtenus

par notre methode et une approche fonde sur des ROIs. Les abeviations utiliees pour les faisceaux
sont les suivantes: cingulum (CG), faisceau uncire (UN)stadau longitudinal inkrieur (IL), segment
long du faisceau arqie (AR), faisceau fronto-occipital ineur (IFO), faisceau corticospinal (CST), avec
une 'R"ou une 'L"ajouke, qui indique s'il s'agit du faisceadroit ou gauche respectivementF: un
graphique des moyennes des distances (enmm) entre les lagsentes seulement par une nethode
et la bre la plus proche des bres segmentes par les deuxhmes, pour tous les sujets. Les esultats
apparaissent en bleu pour notre methode et en vert pour la netle fondee sur des ROI$-J: quelques
exemples pour quatre faisceaux dierents. Les bres segreentpar les deux nethodes apparaissent
en rouge, celles segmentes seulement par notre nethode apgsent en bleu et celles segmentes
seulement par I'approche fondee sur des ROIs apparaissentegt.



En outre, une comparaison aet faite pour la base de donrees d'adults avec une
nmethode tes connue fondee sur des ROIs, propose parZhang et al. (2010. Pour cela,
nous avons determire les bres segmenees par les deux nethaes, et celles segmentes
seulement par l'une des nethodes. Les bres communes sembleptre bien segmentes par
les deux nethodes, suivant la e nition de chaque faisceau (voir par exemple Catani and
Thiebaut de Schotten (2008]). Mais, lors de I'analyse des bres segmentes seulement par
l'une des nmethodes, nos esultats semblent &tre meilleurgpour la base de donrees utiliee.
Pour la plupart des faisceaux, nous avons constat que l'approche ford sur des ROIs
perd certaines bres parfaitement adapeesa la ¢ nition eta la forme du faisceau, mais
localies dans la peripkerie du faisceau. Cette faiblesse e@grobablement induite par un
recalage non parfait. Nous avonsegalement obsene que la straegie fonee sur des ROIs
glectionne quelques bres pesentant des trajectoire bizares, parce que la forme des bres
n'‘est pas consiceee dans l'analyse. Quelques exemples sont dampour quatre faisceaux
dierents dans la Figure 18 (G-J). Pour con rmer ce comportement, nous avons calcuk la
moyenne des distanceslyg entre les bres segmentes seulement par I'une des nmethode
et la bre la plus proche segmente par les deux nmethodes, pourtous les sujets (voir la
Figure 18 (F)). Cette analyse aek e ectee pour les faisceaux segmenes par les deux
nmethodes, pesentant des & nitions similaires. Toutes les distances se sont e\ekes plus
importantes pour la methode fondee sur des ROIs, con rmant que, en gereral, d'une part,
notre methode permet de cetecter une quantie non regligeable de bres qui ont une forte
probabilie d'appartenir au faisceau et qui ne sont pas cetecees par la nethode foncee
sur des ROls, et, d'autre part, que les bres qui ne sont pas ceteees par notre nethode
sont tes dierentes de la forme du faisceau.

Resultats pour la segmentation des faisceaux d'association cour ts Quanta la
segmentation des faisceaux d'association courts, nous avons utiligxdsujets de la base de
donrees DB2, mais en utilisant dans ce cas notre masque de propagation foadcur I'image
T1, qui aneliore la cetection de la connectivie sous-corticale.

Les esultats pour les dix sujets sont pesents dans la Figurel9. Tous les faisceaux ont
et trouves dans au moins la moite des sujets, ce qui est colerent avec les conditions de
construction de notre atlas. Vingt-et-un faisceaux ontee trouwves d ans tous les sujets, douze
faisceaux ontee trouwes chez neuf sujets pour chaque temisphre et quatorze faisceaux
ontet trouwes chez entre cing et huit sujets pour chaque rem isplere. Les segmentations
ontet valicees par un expert. Comme pour les faisceaux de la subtance blanche profonde,
les faisceaux ontek visuellement compaesa ceux obtenusa laide de seuils de distance
plus grands. Nous avons constae que les seuils utilises ontete pes de l'optimale pour
la plupart des faisceaux. Les faisceaux longs et isoks ontek en greral bien segments,
quand ils existaient, mais certaines erreurs ontet trouvees pour les classi cations des
faisceaux courts localises tes pes d'autres faisceaux de I'aths.
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Figure 19: Resultats pour la nethode de segmentation automatique des faisceaux courts d'as-
sociation chez l'adulte. Seulement les esultats pour I'remisphere gauche sont mestrLes couleurs
des faisceaux sont les mémes que celles des faisceauxlds (Bigurel6). Les faisceaux ontet divies
en trois groupes, en fonction de leur reproductibilie. Les &@aux de I'atlas sont illustes dans le coin
sugerieur gauche de chaque imagk: Faisceaux de bre trouwes dans tous les sujets (21 faisceadx)
Faisceaux de bre trouves dans 9 de 10 sujets pour chaque hpieige (12 faisceaux)C: Faisceaux de
bre trouves dans 5a 8 sujets pour chaque temisptere (14 &deaux).
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Conclusion

Dans cette these, nous avons propog de nouvelles nethodes poutelregroupement
et l'analyse des jeux de donrees de tractographie massifs et complexecontenant plus
d'un million de bres. L'analyse principale se compose de deux partis: un regroupement
intra-sujet et un regroupement e ecte chez une population de supts. Cette strakgie a
permis l'inerence d'un mockle des faisceaux de la substancélanche du cerveau humain
fonce sur I'imagerie de di usiona haute esolution angulaire. Un atlas multi-sujet a ainsi
ek construit, compog de 36 faisceaux de la substance blanche prohde, et 94 faisceaux
courts d'association de la substance blanche super cielle. Cet ak est utiliee nalement
pour la segmentation automatique des faisceaux connus de de la substanicknche pro-
fonde et plusieurs faisceaux courts d'association chez des nouveaudjets. Ces apports
methodologiques ontee decrits et ceveloppes dans les chapitres 4, 5 et 6 de cette trese.

Ces contributions recessitent certaines connaissances sur l'anamie de la substance
blanche ®ebrale, les principes de I'lRM de di usion et les methodes de regroupement de
bres. Tous ces sujets ontet examires et traies dans les premiers chapitres de cette these.

Contributions

Tout au long de cette these, nous avons essaye de faire les bons choiratlematiques
et algorithmiques pour esoudre les probemes d'inerét. Tout d'abord, nous avons utili
une strakgie de regroupement intra-sujet herarchique utilisant une classi cation fondee
sur les voxels pour une analyse e cace des jeux de donrees de tractogphie individuels.
Cette approche, compose de plusieursetapes de traitement, gardit la robustesse et des
esultats de bonne qualie. Ensuite, nous avons ceveloppe une nethode de classi cation
inter-sujet nouvelle et e cace, capable d'analyser des jeux de dorees de tractographie
tes grandsa partir d'une population de sujets et d'en ceduire u n moctle des faisceaux
gererigues pesents dans la plupart des sujets. Pour faire fag@a la limitation de la taille
des donrees, la nethode utilise en entee les esultats du regroupement intra-sujet, qui
consiste en quelques milliers de faisceaux repesentant la sicture du jeu de donrees de
bres dans sa totalie. Nous avons tese la robustesse et la qualie des esultats de nos
methodes en utilisant des donrees simukes. Le regroupementritra-sujet aetegalement
compae avec une autre stratgie de force-brute non-scalable. En n nous avons propos
une nethode rapide, robuste et automatique de segmentation des faieaux de la substance
blanche, foncee sur l'atlas des faisceaux multi-sujet et la methode de regroupement intra-
sujet. Nous avons fait un e ort special pouretudier et discuter I' etat de I'art des methodes
de regroupement et segmentation des faisceaux pour mettre enevider les forces et les
limites des nethodes que nous avons proposes.
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En esune, les contributions importantes et originales de la the se sont les suivantes:
Contributions majeures

1. Une nethode robuste de regroupement de bres intra-sujet pour de jeux de donrees
massifs de tractographie.

2. Une strakgie de regroupement de bres de deux niveaux, pour l'ilfrence d'un mo-
tle des faisceaux de bres du cerveau humaina partir des jeux detractographie
HARDI.

3. La construction d'un atlas HARDI multi-sujet des faisceaux en utilisant la strategie
de regroupement de bres de deux niveaux.

4. Une methode de segmentation automatique des jeux de donrees massifie tracto-
graphiea partir de I'atlas multi-sujet.

Contributions mineures

1. Une nethode pour la construction d'un masque de propagation de la tracbgraphie
robustea partir des images T1.

2. Des donrees de tractographie simukes pour l'analyse des nmethoels de regroupement
de bres intra-sujet et inter-sujet.

Nous croyons que ces contributions ont atteint 'objectif initial de cette these, qui
aet de ceduire un mockle des faisceaux de bres de la subsance blanche du cerveau
humaina l'aide de l'imagerie de di usiona haute esolution angulair e.

Perspectives

Nous pensons que notre approche est uneetape de I'analyse recessagt cruciale pour
des jeux de donrees massifs de bres. Ainsi, notre approche semtendue facilementa la
esolution spatiale de 1 mm qui peut maintenant étre utilise ave ¢ l'imagerie paralklea tes
hauts champs. Cette esolution spatiale est censee mettre eneidence une multitude de
faisceaux de bres en U et mieux celimiter d'autres gros croisemets de bres. Par congse-
guent, on peut s'attendre dans un proche avenir,a voir desetudes plus exploratoires en
vue d'aneliorer notre connaissance sur la structure des faisceauxedla substance blanche,
en particulier, des faisceaux d'association courts. Notre atlas est cam étre ra re dans
le futur pour tenir compte de plusieurs subdivisions des faisceauconnus de la substance
blanche profonde et des nouveaux faisceaux d'association courts.

En ce qui concerne les faisceaux d'association courts, chaque faiscadai bre en U in-
Ee dans ce travail n'a eu besoin que d'un alignement raisonnable és faisceaux provenant
de la moite des sujets, ce qui se passe dans les egions du cervekss plus stables. Cepen-
dant, une augmentation du nombre de faisceaux de bres en U gereriqes, recessitera une
anelioration de la normalisation spatiale utilisee pour comparer les faisceauxa travers les
sujets. Par congquence, l'utilisation d'une normalisation non-lireaire en s‘appuyant sur
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une segmentation des sillonsAuzias et al. (2011)] produira une amelioration importante
sur les esultats. En outre, la poursuite des travaux va nous condirea areliorer ierati-
vement la normalisation spatialea l'aide de contraintes sur les faiseaux inkes, an de
mieux aligner d'autres faisceaux Purrleman et al. (2009)].

Neanmoins, quelle que soit I'e cacie de la strakgie de normalis ation, un meilleur
echantillonnage de I'ensemble de la variabilie exigera l'application de cette stratgie a
une plus grande base de donrees HARDI. Ce sera d'un inerét partizlier pour letude et
la repesentation de la variabilie anatomique des subdivisions des voies et des faisceaux
d'association courts.

En outre, une plus grande base de donrees est en train d'étre utidee pour la validation
des esultats de la segmentation automatique des faisceaux.

Nous croyons que les principales contributions de la trese peuvémmaintenant étre
appligees pour epondrea des questions plus neuroscienti ques. En fait, nos algorithmes
commencenta étre utilies par les chercheurs en neurosciaes, en partie parce gu'ils sont
disponibles sur demande a travers le logiciel BrainVISA/Connectomig2.0'. La methode
de regroupement intra-sujet est en train d'étre utilisee pour I'analyse des jeux de donrees
de tractographie chez des enfants avec agresie du corps calleux.eplus, des analyses des
index de diusion seront e ectiees sur une grande base de donreesle patients atteints
du syndrome bipolaire ainsi que des contréles, en utilisant notre mthode de segmentation
automatique DWM faisceaux.

Nous pensons que plusieurs applications des nethodes dewelogs surgiront dans le
futur. Les faisceaux qui esultent du regroupement intra-sujet peuvent &tre combires
avec des donrees fonctionnelles pour e ectuer des etudes neascienti ques ou avec
d'autres segmentations anatomiques du cerveau, comme des tumeurs, poanalyser la
structure de la substance chez des cerveaux pathologiques. En outrdes nmethodes pour
la parcellisation de la surface corticale pourraient étre ceelogesa partir des esultats
obtenus avec notre strategie de regroupement des bres de deux nigax. Enn, nous
croyons que la methode de segmentation automatique des faisceaux appanants a la
substance blanche profonde et super cielle, est un outil puissanpour le ceroulement des
etudes des donrees de di usion chez des populations des sujets.

Finalement, d'un point de vue informatique, les algorithmes devebppes peuvent étre
encore optimies par l'utilisation de la paralklisation informatig ue et de la codi cation
des parties critiques du code d'une facon plus e cace, en utili@nt une plate-forme comme
le processeur graphigue (GPU, de lI'anglais Graphics Processing UditL'anelioration et
le ceveloppement d'algorithmes capables de traiter des jeux de doees de tractographie
enormes sera un domaine de recherche ouvert tant que la taille deseembles de donrees
de tractographie continue a augmenter. C'est dep le cas pour les jeux de donrees de
tractographie probabiliste, qui pesentent des tailles tes imp ortantes, aux alentours de 30
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millions de bres pour les esolutions actuelles.
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Chapter 1

Introduction

Context

Human brain white matter (WM) structure and organisation are not yet comple tely known.
Nerve bers connect neurons of di erent brain regions forming more or lss complex net-
works, which are the source of all the brain tasks. The inference of thanatomical brain
connectivity mapping is therefore a great challenge, of great interesfor understanding
brain function and study many diseases.

Di usion-Weighted Magnetic Resonance Imaging (DW-MRI or dMRI) o ers a unique
approach to study in vivo the structure of brain tissues. It allows the non invasive recon-
struction of brain ber bundle trajectories using tractography. The diusion local model
most used to date is the diusion tensor (DTI) which has enabled the development of
studies in both, the clinical area and the more fundamental researchln this way, white
matter long association bundles have been studied in healthy subggs and for several
diseases. However the DTI model has some limitations in the represtation of ber bun-
dles complex con gurations. In fact, only one population of bundles can be amurately
represented by this model. With the emergence of more powerful Rl scanners that al-
low higher spatial resolution and new techniques of dMRI with high anguér resolution
(HARDI), tractography data present today a better quality, but, desp ite this progress, not
devoid of artifacts. These tractography data present a high complexity awl are very huge,
containing over a million bers for the whole brain.

How to analyse and quantify the structures de ned by tractography, and in particular,
how to extract the ber bundles is therefore an unsolved problem. $ce the development of
tractography, several methods have been proposed to analyse WM tracts a@rsegment them
automatically. Until now, the method most frequently used requires multiple regions of
interest (ROI). This approach is a guided method, in which ber tr actography is performed
from seeds located in prede ned ROIs, or throughout the brain, and thatpreserves only the
bers that pass through other prede ned ROIs. Other approaches use athses of di erent
brain regions to extract known bundles, relying on the quality of regstration between the
di usion data and the anatomical atlases.

Other approaches try to automatically cluster and classify all the bers generated by



a whole brain tractography, using a pairwise ber distance. These metods have shown
to be very powerful as the shape and position of the bers are considecein the analysis.
One of the major limitations of these approaches is the dataset size, wth currently makes
impossible an e cient processing which considers all the bers ofthe dataset. Thus, the
proposed approaches use ber samples, or a priori information for reducim the data or
subdividing the problem.

In general, the proposed methods aim to recover the known bundles aleep white
matter, which are commonly large and present a quite similar shape acrossubjects. But
there is a big amount of bundles, in special, short association bundseof super cial white
matter, that have been rarely studied, and that present a huge variablity between sub-
jects. Furthermore, deeper analyses could be performed over knowbundles in order to
obtain a better description, consisting in a decomposition into fasicles. Regarding inter-
subject analysis, several alignment methods have been proposed, ledson the whole T2
or T1 images, ROIs or on several bundle shape descriptors, but the probin of bundles
comparison across subjects is still open.

In this thesis, we develop a two-level ber clustering strategy able to analyse huge
tractography datasets from a population of subjects. From this analysis, tle most re-
producible bundles of deep and super cial white matter can be idetied. A HARDI
multi-subject bundle atlas is thus inferred and also used to automaitcally segment bundles
of new massive tractography datasets.

Organization and Contributions of this Thesis

This thesis is organized in three parts. The Background part describg the white matter
cerebral anatomy, the principles of DW-MRI and the existing approache for white matter
bundles clustering and segmentation. Then, the Methods part desibes the methodologi-
cal contributions of the thesis. Some examples of application are also dadbed in this
part. The Applications part illustrate an example of application of the developed methods.

The thesis covers two main aspects of tractography datasets analysis. i&t, an intra-
subject clustering is proposed to deal with huge tractography datasetswithout the use
of strong anatomical a priori information. Then, this intra-subject clu stering is used as
input for an inter-subject clustering, allowing the study of white matter bundles across a
population of subjects. A HARDI muti-subject model of human brain WM bu ndles is thus
inferred. This atlas includes most of the known deep WM bundles andalso a big amount
of short association WM bundles. This atlas is nally used for the automatic segmentation
of new massive tractography datasets.

We now give an overview of the organization and of the contributions of each dpter
in turn.



Part I: Background

Chapter 2 presents a background on the basic aspects of brain anatomy. It details the
main nervous tissues and the anatomical divisions of the brain. Since #principal interest
of this thesis is anatomical connectivity, it is focused on brain whie matter composition
and structure, which determine how the brain is connected.

Our review starts with the macroscopic anatomical brain divisions in function of their
composing tissues and main functionalities. Subsequently, the dirent human brain tis-
sues and nervous tissue types are concisely described. The miaropic heuron, one of
the most important nerve cells, takes a fundamental place in the desgtion of neural
tissues as gray and white matter. Finally, the organization of the human white matter is
studied. Known ber bundles are covered as well as the main parts oftie brain that are
connected by each ber tract. Some ber bundles, implicated in mainhigh brain functions
are particularly highlighted, as the case of the arcuate fasciculus and & relation with
language.

Chapter 3 This chapter presents a background on the basic principles of di usin MR,
a technique allowing the studyin vivo of white matter structure and its connections.

First, we introduce the concepts underlying di usion-weigthed (DW) imaging, where
the di usion of water molecules in living tissue takes a fundamentalplace. Next, we review
the basics of Nuclear Magnetic Resonance (NMR), followed by a brief degption of DW-
MRI. The discussion continues with the approaches designed to lodgl model the di usion
signal. We start with the di usion tensor imaging (DTI), as the most int uitive and simple
mean to infer microstructure of biological tissues. This Gaussian moel of di usion allows
the measurement of quantitative parameters extensively used in oiical studies. Then,
more complex reconstruction algorithms, using high angular resolution dusion data are
explored. These methods overcome some limitations of the DTI modehs the impossibility
to reconstruct multiple ber distributions of water di usion. Th e streamline tractography
is nally introduced, a technigue aiming to reconstruct three-dimensional trajectories of
white matter bers, which constitute the input dataset of this the sis.

Chapter 4 In order to situate our work, this chapter presents a review of the man
approaches used for tractographic pathways clustering and identi caton.

The review starts with a brief description of methods for WM segmemation based
on DW-MRI images. Next, techniques based on regions of interest (ROIsjor extracting
known ber tracts are mentioned. Then, the main approaches proposed fowhite mat-
ter clustering and segmentation, are presented. White matter ber clustering methods
are particularly addressed. The main clustering algorithms, as well aghe di erent ber
similarity measures described in the literature are detailed. The discussion continues with
a review of the main proposed ber clustering methods, since its bginnings until today.
These methods are also summarized in a table describing, among othetiie main input,
outputs, clustering method, distance measure, priors, and the stcessfully identi ed bun-



dles. Finally, a brief review of the approaches proposed for the quartétive analysis of
DW measures across bundles is included. The di erent methods fodetermining corre-
spondence across bundles and for comparing WM di usion indexes are sgially addressed.

Part II: Methods

The Methods part describes the original and most important contributions made in this
thesis.

Chapter 5 In order to overcome the tractography dataset size limitation of the standard
tract-clustering strategy, we propose an intra-subject clusterirg method based on a voxel-
based clustering approach.

First, an introduction describes the main technical aspects consiered in the method
design and development. Next, an overview of the method, composed by sequence of
algorithms performing a robust hierarchical clustering of a ber tractography dataset, is
presented. Then, each step of the method is detailed. The robus#ess and the cost of the
scalability of the method are checked using simulated tract datasetsAlso a comparison is
performed with a brute force clustering method. The complete méhod is then applied to
the tracts computed for twelve subjects of a HARDI adult database and for two children
of a database with lower angular resolution acquisitions and a tensor modelFinally, the
method is applied to the data issued from an actual phantom containing a fethora of
realistic crossing, kissing, splitting and bending ber con gurations. This last experiment
illustrates the interest of our compression method for comparing dierent di usion local
models and tractography algorithms.

Additionally, we describe the creation of a robust propagation mask stemmmg from
T1 anatomy, which, in conjunction with tractography technigues, impr oves the accuracy
of the anatomical connectivity of the brain by reducing false positivesand increasing the
detection of the subcortical connectivity.

Chapter 6 In this chapter we present a method for the clustering of a set of tacts
stemming from several subjects, after spatial normalization, with the aim to create a
model of the main human brain bundles. The objective is to constructa HARDI bundle
atlas, including the known bundles of deep WM, but, most interesingly, new discovered
short association bundles of super cial WM.

First, the method consisting in a two-level strategy chaining intra- and inter-subject
ber clustering is described. To deal with very huge tractography datasets and reduce
the complexity of the data, the method uses the intra-subject clusering presented in the
previous chapter. The second level is specially detailed. It gatherthe bundles obtained in
the rst level for a population of subjects and performs a clusteringafter a spatial normal-
ization, producing as output a model composed by a list of generic bebundles that can
be detected in most of the population. In order to study the behavior ofthe inter-subject
clustering over a population of subjects aligned with a ne registrati on, a validation with



simulated dataset is presented. A novel HARDI multi-subject bunde atlas, representing
the variability of the bundle shape and position across subjects is naly inferred. The at-
las includes 36 deep WM bundles, some of these representing a feubsivisions of known
WM tracts and 94 short association bundles of super cial WM.

Part I11: Application

The Application part is short but illustrates the added value and the potential of the
developed methods.

Chapter 7 This chapter presents a method for the automatic segmentation of known
deep white matter and some short association ber bundles from massivdMRI tractog-
raphy datasets. The method is based on the multi-subject bundle atdis derived from a
two-level intra-subject and inter-subject clustering strategy, described in chapter6.

New tractography datasets are rst compressed with the intra-subject dustering. The
resulting bundles are then labeled using pairwise distances tohe centroids representing
the multi-subject atlas bundles. The segmentation of deep white mater bundles is applied
to height adults and four children while the segmentation of short assoiation bundles is
applied to ten adults. In the case of known deep WM bundles, result are compared with
a ROI-based approach.

Appendix A

This appendix describes the main WM atlases proposed in the literatte, in particular
those created or used by ber clustering methods.

Appendix B

The appendix enumerates the publications from the author arising fromthis thesis. We
have published in a major international journal and in important conferences.

Software contributions

Finally, we would like to point out that all the algorithms described in the Methods part
are now available upon request as a toolbox of the BrainVISA/Connectomist2' software
platform for analysis and visualization of tractography brain data. Part of the integration
work, and all the optimization and graphical interface development has bee done by
Delphine Duclap (Research Engineer, Neurospin, CEA), in close colladration with Cyril

Poupon (Researcher, Neurospin, CEA) and all the BrainVISA software devapment team.
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Overview

This chapter presents a background on the basic aspects of brain anatomyt tletails the
main nervous tissues and the anatomical divisions of the brain. Since #principal interest
of this thesis is anatomical connectivity, it is focused on brain whie matter composition
and structure, which determine how the brain is connected.

Our review starts with the macroscopic anatomical brain divisions in function of their
composing tissues and main functionalities. Subsequently, the dirent human brain tis-
sues and nervous tissue types are concisely described. The miatopic neuron, one of the
most important nerve cells, takes a fundamental place in the descrifion of neural tissues
as gray and white matter. Finally, the organization of the human white matter is studied.
Known ber bundles are covered as well as the main parts of the brain tlat are connected
by each ber tract. Some ber bundles, implicated in main high brain functions are par-
ticularly highlighted, as the case of the arcuate fasciculus and its reition with language.
This introductory chapter is inspired from atlases, review articles and thesis chapters from
[Gray (1918; Kandel and Schwartz(1985; Woolsey et al.(2008; Perrin (2006; O'Donnell
(20009; Descoteaux(2008; Catani and Thiebaut de Schotten (2008; Johansen-Berg and
Behrens (2009] which are excellent sources for a general understanding of the nesus
tissue, brain anatomy and white matter bundles.

Keywords:  nervous tissue, gray matter, white matter, deep nuclei, ber tracts, ber
bundles, projection bers, association bers, commissural bers U- bers

Organization of this chapter:

The chapter is organized as follows. We rst give a brief overview of te human brain
structure in Section 2.1. Then, the nervous tissue is described in Sectio.2. The white
matter organization, including a review of deep and super cial white matter ber tracts
is nally presented in Section 2.3.

2 1 Human Brain General Anatomy

The human brain is one of the most important and complex organs in the human
body. For more than one hundred years, investigating its organization and dinction has
been of fundamental interest in neurology and neurosciences. We knowery little of the
complex functioning of the brain but we know quite a lot about its anatomy [Gray (1918)].

The brain controls the central nervous system (CNS), the peripheralnervous system
(PNS) and regulates all human activity. Figure 2.1 shows the main divisions of the CNS.
Broadly, the central nervous system is made up of the spinal cord and thérain.

At a larger scale, the human brain is made of dierent elements such aslood,
cerebrospinal uid (CSF), white matter (WM) and gray matter (GM). B ecause of the
appearance of fresh brain tissue, areas rich in neurons bodies, synagsand glia are called
gray matter, and areas containing mainly myelinated axons and glia are calledvhite
matter. These element classes produce also a di erent signal contrast ued anatomical
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Figure 2.1: The six major divisions of the central nervous systefi). tiie spinal cord; (2) medulla

oblongata, (3) pons, and (4) midbrain [collectively called the lratem]; (5) diencephalon; and (6)

cerebral hemispheres. The brain is also commonly subdivided three broader regions: the hind-
brain (medulla, pons, ans cerebellum), the midbrain, and fleeebrain (diencephalon and cerebral
hemispheres). [Adapted frolandel and Schwart£1985)].

Magnetic Resonance Imaging (MRI). Examples of brain coronal slices, for an atomical
MRI and an histological sample are illustrated in Figure 2.2. White matter appears in
white color inside the brain, while the cortex of gray matter is the gray covering layer of
2{4 mm.

The brain can be divided into three main parts (cf. Figure 2.1):

telencephalon , composed by the twocerebral hemisphereqright and left) (6)
diencephalon (5), composed by a group of structures located deep within theere-
brum

brain stem , composed by themedulla oblongata(2), the pons (3) and the midbrain

(4)
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Figure 2.2: Coronal slices of human brain. A coronal slice of an anm@nMRI is presented i,
while B contains an histological slice. White matter appears in whiteocahside the brain, while the
cortex of gray matter is the grey covering shedl. illustrates the main structures present in a human
brain coronal slice. Gray matter, white matter and severabélaganglia are hightlighted. [Adapted
from Hasboun(2007)].

The hindbrain is the structure that connects the spinal cord to the brain. It includes
the cerebellum the pons and the medulla oblongata. The structure called thecerebrum
is composed by the diencephalon and the telencephalon.

The Cerebral Hemispheres contain the cerebral cortex a sheet of gray matter that
is outermost to the cerebrum. The cerebral cortex is the most imporant structure of the
GM and plays a major role in cognitive functions. Cerebral hemisphees are concerned
primarily with sensory and motor processes of thecontralateral side of the body. Each
hemisphere of the cerebral cortex is divided into veslobes: frontal lobe, parietal lobe,
occipital lobe, temporal lobe and insular lobe (cf. Figure2.3). Each one has been associ-
ated with di erent functions ranging from reasoning to auditory perception (see Table2.1).
Lobes from both hemispheres, although quite similar, are not completelysymmetrical in
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structure, nor are they equivalent in function. The lobes presentseveral sulci and gyri.
The sulci (or ssures) are the grooves and the gyri are the convolution®n the brain's sur-
face. The more prominent gyri and sulci are very similar from one indiviual to another

and therefore have speci c hames.

Lobe Name | Localization Main Functions
in the brain

Frontal front associated with reasoning, motor skills (primary mo-
tor, premotor and supplementary motor areas), higher
lever cognition (prefrontal cortex), and expressive lan-
guage (Broca's area)

Parietal middle section | associated with processing tactile sensory information
(primary somatosensory cortex), language comprehent
sion, spatial orientation and perception

Temporal bottom primary auditory cortex, which is important for inter-
section preting sounds and language (Wernicke's area), visual
processing, formation of memories (hippocampus) and
learning
Occipital back section primary visual cortex, visual association cortex
Insula beneath parts| associated with emotion, memory and the regulation
of the parietal | of the body's homeostasis. In uences other functions
and temporal | like perception, motor control, self-awareness, cogni
lobes tive functioning, and interpersonal experience.

Table 2.1: Human brain lobes localization and function [Adapteanf O'Donnell (2006)].

The Brain Stem is comprised of the midbrain, the pons and the medulla oblongata.
The medulla is located directly above the spinal cord and controls many vital autonom¢
functions such as heart rate, breathing and blood pressure. Thpons connects the medulla
to the cerebellum and helps coordinating movement on each side of ¢hbody. Nerve
impulses coming from the eyes, ears, and touch receptors are sent tbe cerebellum. The
pons also participates in the re exes that regulate breathing. The bran stem contains
several collections of neuron bodies (gray matter), called theranial nerve nuclei. Some
of these nuclei receive sensory information from the skin and musdeof the head. Other
nuclei control motor output to the muscles of the face, neck and eyes. Hhe reticular
formation is a neural network located in the brain stem that helps controlling functions
such as sleep and attention. It collects inputs from higher brain cergrs and passes it to
motor neurons. The midbrain is the smallest region of the brain that acts as a sort of
relay station for auditory and visual information. The midbrain controls m any important
functions such as the visual and auditory systems as well as eye movenie Portions of the
midbrain called the red nucleusand the substantia nigra are involved in the control of body
movement. The degeneration of neurons in the substantia nigra is tyggally associated with
Parkinson's disease.
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Figure 2.3: The main divisions of the brain and lobes of the cerelwetex are colored and labeled in
middle sagittal (A) and lateral (B) views of the brain. [Takenoin Woolsey et al(2008)].

16



The Cerebellum lies on top of the pons, behind the brain stem. It consists of two
deeply-convoluted hemispheres. The cerebellum receives amfnation from the balance
system of the inner ear, sensory nerves, and the auditory and visual stems. Its most
clearly-understood function is the coordination of motor movements but it is also involved

in basic facets of memory and learning.

The Diencephalon is a group of structures located deep within the cerebrum, incluthg
the thalamus the subthalamusand the hypothalamus Located above the brainstem,
the thalamus processes and relays movement and sensory information. It is essiatly
a relay station, taking in sensory information and then passing it on to the cerebral
cortex. The cerebral cortex also sends information to the thalamus, with then sends
this information to other systems. The hypothalamus is a group of nuclei that lie
along the base of the brain. The hypothalamus connects with many other regins of
the brain and is responsible for controlling hunger, thirst, emotions body temperature,
and circadian rhythms. The hypothalamus also controls the pituitary gland by secreting
hormones, which gives the hypothalamus a great deal of control over many bgdunctions.

The Basal ganglia  are gray matter nuclei lying deeply within each cerebral hemisphee.

The main components of the basal ganglia are theaudate nucleus putamen, globus pal-
lidus, substantia nigra, and subthalamic nucleus The caudate nucleus and the putamen
form the striatum while the putamen and the globus pallidus comprise the structure cdéd

the lenticular nucleus. All these structures form a system consisting of multiple segregad

pathways, involving also the entire frontal cortex, the thalamus and the cerebellum. A
parallel processing is then performed to permit the planning, exeution, and coordination

of eye and limb movements (see Figure.2 C).

The ventricular system is a set of structures containing cerebrospinal uid in the
brain. It is continuous with the central canal of the spinal cord. The system comprises
four ventricles: right and left lateral ventricles, third ventri cle and fourth ventricle.

The limbic system is a set of brain structures including theamygdalg the hippocam-
pus, regions of thelimbic cortex and the anterior thalamic nuclei. These structures form
connections between the limbic system and the hypothalamus, thalams, and cerebral cor-
tex. It supports a variety of functions including emotion, behavior, long term memory,
and olfaction. In particular, the hippocampus is important in memory and learning and
the amygdala has a primary role in the emotional reactions.

2 2 The Nervous Tissue

The cells of the nervous system are of two principal typesnerve cellsor neurons,
which are directly responsible for conveying and processing infamation; and glial cells or
neuroglia.
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Figure 2.4: Schematic representation of the major cellular eletm®f neural tissue. A neural cell body
in the gray matter extends several short dendritic process@s a single, long axonal process. The axon
is in the white matter, surrounded by an insulating myelin atreformed by oligodendrocytes, a glial
cell. The WM also contains two other kinds of glial cells: astr@syand microglia. [fromdohansen-Berg
and Behreng2009)].

Glial cells  support and protect the neurons, maintain their homeostasis and make then
more e cient and e ective. The three types of CNS glial cells are astrocytes some star-
shaped cells that help maintaining the homeostasispligodendrocytes that form the myelin

sheath surrounding the axons, and themicroglia, that are macrophages constituting the
main active immune defense of the CNS (cf. Figure.4).

Nerve cells are the fundamental elements of the central nervous system. The cé&al

nervous system is made up of about 100 billion neurons. Neurons are much dilother cells
of the body in their general organization and their biochemical systemsHowever they also
possess unique features which are crucial to the functioning of theentral nervous system.
In essence, a given neuron may both receive and send out signals to gieboring neurons
in the form of electrical pulses, conveying information or instructions from one region
of the body to another, as a highly intricate network. How is this information carried

through the white matter and how are the di erent parts of the brain conn ected remains
unknown. About 98% of neural tissue is concentrated in the brain and spial cord, the
control centers for the nervous system. A neuron is built up of threeparts: the cell
body or soma and two kind of processes, thalendrites and the axon, as shown in Figure2.4.

The soma contains the nucleus of the cell and carries the biochemical transfonations
necessary to synthesize enzymes and other molecules necessarthmlife of the neuron. It
is roughly spherical or pyramidal in shape - the precise shape dependi on position and
function in the brain. It is typically several microns in diameter. Gray matter is composed
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of unmyelinated neurons. It's gray brown color comes from the neuronal €l bodies and
the capillary blood vessels.Dendrites , shorter processes (1 mm or less) that are tapered
and branched much like limbs on a tree, receive and integrate incomipinformation. Most
neurons have several dendrites.Axons (usually only one per neuron) have a relatively
uniform diameter, can be highly branched, and extend for considerabla@listances, up to
almost 2m in tall people. Axons distribute signals to other cells (neuons, muscle cells,
secretory cells, etc.) without attenuation. The principal mode of @mmunication between
neurons and from neurons to other tissues, such as muscle, is throughecialized contacts
called synapses Typically a given neuron is connected to about ten thousand of other
neurons.

The synapses are speci ¢ point of contact between the axon of one neuron and a den-
drite. At a microscopic scale, neurons transmit signals as electricaimpulses which a ect
their cell membrane potentials. The electrical impulse usually aects the cell membrane
potential of one of the neuron's dendrites and then eventually trave$ along the length
of this axon to transmit to other neurons. Information is transmitted acr oss the gap by
chemical secretions calledheurotransmitters. It causes activation in the post-synaptic cell.
The axon is surrounded by themyelin sheath, which forms a whitish, non-cellular, fatty
layer around the axon. Myelin is a membranous, lipid and protein-richstructure generated
by the tight wrapping of oligodendrocyte processes around the axons. Aingle oligoden-
drocyte can myelinate many axons. Myelinization is a gradual developmeal process that
can take up to 10 or 12 years to reach completion, but the bulk of myelinizabn occurs
during the fetal and infancy stages. The myelin sheath is not continuos along the length
of the axon. Itis interrupted at regular distances by small amyelinatedregions callednodes
of Ranvier. The myelinated segment between two nodes of Ranvier is termed farnode.
Each internode is formed by a single oligodendrocyte process (ckigure 2.4). At nodes of
Ranvier, the axonal membrane is uninsulated and therefore capable of geraing electrical
activity, allowing rapid and e cient saltatory propagation of action potenti als, from the
soma to the axon terminus. Some axons do not attain a myelin sheath. Transrse slides
of axons in the white matter are shown in Figure2.5.

The axonal cytoskeleton consists of actin lament, microtubules, micotubule associ-
ated proteins, and neuro laments. Neuro laments provide structure and are the main
determinants of axonal size (diameter). Microtubules, provide the tracks upon which pro-
teins transport organelles along the axon in both directions. Both, neurolaments and
microtubules, lie parallel to the direction of the axon and appear as tubein cross-section
(cf. Figure 2.5). White matter axons, also called nerve bers, are often tightly packed
together and highly organized in ber bundles. White matter bundles are often called
WM ber tracts. In this thesis, we will be most interested in rec overing and analyzing
information about these ber tracts from di usion Magnetic Resonance Imaging (dMRI)
images. As we will see in chapter3, dMRI allows the study of WM integrity and the
estimation of WM ber tracts preferred orientation.
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Figure 2.5: White matter axons main structure. (a, b and c) Showeé electromiographs of CNS
axons. (a) Cross-section through a single myelinated axon. Neunodats and micro laments are
elongated structures that appear as small tubes. Neuro lanse(dpen arrows) provide structure and
are the main determinants of axonal size (diameter). Microtudsi( lled arrows) provide the tracks upon
which materials are transported along the axons. (b) Crosdiseahrough a second myelinated axon.
Mitochondria (open arrows) are the most frequently encountere@raal organelles. (c) Cross-section
through corpus callosal axons. In the CNS, axons over 12 in diameter are myelinated. Myelin
appears as a dark band around the paler axon. Some axons (astedsknot attain a myelin sheath.
(d) Major structural longitudinal elements of the axons. The iaixonal space contains neuro laments
and microtubules parallel to the direction of the axon. (e) Iligion of the arrangement of the myelin
sheath and the axon in cross-section. (f) Schematic of an oligodecyte and an associated axon.
Myelin is the membranous structure generated by the tight wraygpiof oligodendrocyte processes
around the axons. [Adapted frordohansen-Berg and Behreif2009)].
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2 White Matter Organization

As mentioned above, white matter is composed of myelinated axons, that con
nect various gray matter areas of the brain to each other, and carry nerve impulses between
neurons. The white matter axons can be distributed di usely or concetrated in bundles,
also called ber tracts. In the cerebral hemispheres we can nd twotypes of myelinated
axons: short-distance (10 - 30 mm) bers below the gray matter that follov its contours,
and long distance (30 - 170 mm) bers that are bundled into fasciculi in the deep white
matter. The WM of the cerebral hemispheres surrounds the subcortial gray matter and
intervenes between subcortical and cortical gray matter. There are ao shorter intracorti-
cal (1 - 3 mm) unmyelinated bers within the gray matter. The total nu mber of long range
bers within a cerebral hemisphere is 2% of the total number of corti@-cortical bers and
is roughly the same number as those that communicate between the two Ingispheres in
corpus callosum. As a rough rule, the number of bers of a certain range of legths is
inversely proportional to their length [ Scheiz and Braitenberg (2002)].

Three main types of neural ber tracts are found in the WM according to their con-
nections: commissural tracts, which interconnect GM areas of both cerebral hemispheres,
association tracts, that interconnect di erent cortical regions of the same cerebral heni
sphere, andprojection tracts, that link the cortex with subcortical centers and with the
spinal cord. The most important ber tracts of these three pathways will be described
in the following subsections based essentially on the following kgew articles: Catani and
Thiebaut de Schotten (2008; Aralasmak et al. (2009; Jellison et al. (2004. Refer to
Figure 2.6 for an illustration of the anatomic relationships of several WM ber tracts .
See also Figure2.7 for tractography-based reconstructions of the main white matter ber
tracts described in the literature.

2.3.1 Association Pathways

Association pathways are tracts linking one area of the cerebral cortexa another within the

same hemisphere. These tracts are arbitrarily subdivided into sart and long association
bers. Short association bers, linking one gyrus to its immediate neighbors, are known
as subcortical U- bers. These are located in the super cial white mater (SWM). Long

association bers are located in deeper parts of the WM and link cortex areas of di erent
regions and lobes. White matter structures at the deep white matter egions (DWM)

seem to share more common anatomical features across individuals, sindeste are many
prominent axonal bundles that can be identi ed in all normal subjects at well-de ned

locations. The well known long association bers are: the arcuate fasculus (AF), inferior

longitudinal fasciculus (ILF), inferior fronto-occipital fasciculu s (IFO), uncinate fasciculus
(UF), cingulum (CG) and superior fronto-occipital fasciculus (SFO).

Arcuate fasciculus: This tract, also called superior longitudinal fasciculus is a lateral
associative bundle composed of long and short bers connecting the pisylvian cortex

21



Figure 2.6: lllustration of the anatomic relationships of several Widr tracts. [Adapted fromJellison
et al. (2004 and Poupon(19999]

(around the ssure of Sylvius or lateral sulcus) of the frontal, parietal, and temporal lobes.
The arcuate fasciculus of the left hemisphere is commonly involvedni language. The
arcuate fasciculus of the right hemisphere is usually involved in \duospatial processing
and some aspects of language such as prosody and semantic.

The language function is localized in the left hemisphere in about 90% of right-
handed persons and 70% of left-handed persons. The arcuate fasciculussliin Broca's
area at the frontal end, which is usually associated with the production of language, or
language outputs. At the other end, in the superior posterior temporal loke, liesWernicke's
area, which is associated with the processing of words that we hear beingpoken, or
language inputs. Figure 2.8 A illustrates the arcuate fasciculus, composed by dong
direct segment connecting this two areas. The fronto-parietal portion of the arcuate
fasciculus encompasses a group of bers with antero-posterior direain running lateral to
the projection bers of the corona radiata. At the temporo-parietal junc tion, the arcuate
bers arch around the lateral (Sylvian) ssure and continue downwards into the stem of the
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Figure 2.7: Main white matter ber tracts described in the litdrae, obtained using deterministic trac-
tography over a di usion tensor eld.Commissural tracts: anterior commissure and corpus callosum.
Projection tracts : Corticospinal tract, internal capsule/corona radiata andriiex. Long association
tracts: arcuate fasciculus, inferior longitudinal fasciculus,einér fronto-occipital fasciculus, uncinate
fasciculus and cingulum. [Adapted fro@atani and Thiebaut de Schotte(2008)]

temporal lobe. The most lateral component of the arcuate fasciculus is comgsed by latero-
lateral bers approaching the perisylvian cortex. Recent tractography studies applied to
the language pathways showed that the anatomy of the arcuate fasciculus coains, in
addition, an indirect pathway, consisting of two segments Catani et al. (2005]. The
anterior indirect segment links the Broca's territory with the inferior parietal lobule
(Geschwind's territory) and the posterior indirect segment links the inferior parietal
lobule with Wernicke's territory (cf. Figure 2.8B). The Broca's area is connected also with
the motor cortex, to activate the mouth and tongue for the articulation of the speech. The
angular gyrus coordinates the inputs from visual, acoustic, and somatosensy cortices
and relays them onward to Wernickes's area.
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Figure 2.8: A: Main areas involved in language (lateral view of theelogl cortex). The arcuate
fasciculus (in red) connects Wernicke's area (in green) to &'s area (in yellow). [Adapted from
Kandel and Schwart£1985]. B: The parallel pathway's model of the arcuate fascicultsrived from
tractography. Numbers indicate the cortical projections of thegments: 1, superior temporal lobe; 2,
middle temporal lobe; 3, inferior frontal and precentral gyrds;middle frontal and precentral gyrus; 5,
supramarginal gyrus; 6, angular gyrus. [Adapted fr@atani and Mesulan{2008)]

Cingulum:  This tract is a medial associative bundle that runs within the cingulated
gyrus all around the corpus callosum. It contains bers of di erent length, the longest
of which runs from the anterior temporal gyrus to the orbitofrontal cortex. The short
U-shaped bers connect the medial frontal, parietal, occipital, and temporal lobes and
di erent portions of the cingulated cortex. The cingulum is part of the limbic system and
is involved in attention, memory and emotions.

Inferior longitudinal fasciculus: This tract is a ventral associative bundle with long
and short bers connecting the occipital and temporal lobes. The long bers are medial to
the short bers and connect visual areas to the amygdala and hippocampusThe inferior
longitudinal fasciculus is involved in face recognition, visual percption, reading, visual
memory and other functions related to language Catani and Mesulam (2008)].

The bers of the inferior longitudinal fasciculus lie in the central portion of the occipital
and temporal lobes. Fibers present the same main orientation than the iferior fronto-
occipital fasciculus.

Uncinate fasciculus: This tract is a ventral associative bundle that connects the an-
terior temporal lobe with the medial and lateral orbitofrontal cortex. Thi s fasciculus is
considered to belong to the limbic system but its functions are porly understood. It
is possible that the uncinate fasciculus is involved in emotion proessing, memory and
language functions Catani and Mesulam (2009)].

The temporal bers of the uncinate fasciculus are medial and anterior tothe temporal
bers of the inferior longitudinal fasciculus. As the uncinate fasciaulus enters the external
capsule, its bers arch forward and mix with the bers of the inferior fronto-occipital
fasciculus.
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Inferior fronto-occipital fasciculus: This tract is a ventral associative bundle that

connects the ventral occipital lobe and the orbitofrontal cortex. In his occipital course the
inferior fronto-occipital fasciculus runs parallel to the inferior longitudinal fasciculus. On
approaching the anterior temporal lobe, the bers of the inferior fronto-occipital fascicu-
lus gather together and enter the external capsule dorsally to the bes of the uncinate
fasciculus. The functions of the inferior fronto-occipital fascicuus are poorly understood,
although it is possible that it participates to reading [Catani and Mesulam (2009)], atten-

tion and visual processing. In humans, it represents the only direcconnections between
occipital and frontal lobes. The inferior fronto-occipital fasciculus may only exist in the
human brain [Catani et al. (2007)].

Short association bers: These bers, also calledU- bers, lie immediately beneath the
gray substance of the cortex, and connect together adjacent gyri (see Fige 2.6). These
bers are located in the super cial white matter (SWM), which Il s the space between the
DWM and the cortex. These ber tracts have not been well characterizd in the literature.
Their location, number, trajectories and fonctions are not su cient ly de ned. Only four
U- ber tracts have been identi ed through group analysis using a voxd-based approach
relying on linear brain normalization [Oishi et al. (2009)].

2.3.2 Commissural Pathways

Commissural pathways are connections between the two cerebral hespheres. Thecorpus

callosum (CC) is the largest link between the cerebral hemispheres, buts assisted by the
anterior commissure (AC) and the posterior commissure(PC). There are also commissures
within the brainstem and spinal cord.

Corpus callosum: This tract is the

largest bundle of the human brain and
connects left and right cerebral hemi-
spheres. It is conventionally divided
into four sections: the genu connect-
ing medial and lateral frontal regions,
the rostrum, connecting orbito-frontal

regions, the body, passing through the
corona radiata and connecting precen
tral frontal regions and parietal lobes, Figure 2.9: Internal face of the right hemisphere. Com-
and the splenium, connecting the oc- missural tracts (Corpus callosum, anterior and posterior

cipital lobes (see Figure 2.9). The commissures) and the fornix are identied. [Adapted
from Hasboun(2007)].

bers of the genu and the rostrum arch

anteriorly to form the anterior forceps (or forceps minor), whereas thog of the splenium
form the posterior forceps (or forceps major). Fibers of the body and sgnium constitute
the tapetum which connects the temporal lobes. The corpus callosum allows trangfiéeng
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of inputs from one hemisphere to the other and is involved in several wtor, perceptual
and cognitive functions. The bers of the body of the corpus callosum areventral to the
cingulum and medial to the lateral ventricles.

Anterior commissure: This commissural tract connects the anterior and ventral tem-
poral lobes (including the amygdala) of the two hemispheres. The furtions of the anterior
commissure are poorly understood. The bers of the anterior commissre have a latero-
lateral direction and are medial to the bers of the external/extreme capsule, ventral to
the most anterior part of the body of fornix, and anterior to the cerebral peduncles.

Figure 2.10: lllustration of dissection showing the course of the lmergpinal bers. The corticospinal

tract (CST), also called pyramidal tract, connects the fronfmarietal cortex to the spinal cord. The

CST pass through the Corona Radiata (CR), Internal Capsulee®ex Peduncle, and Pyramid (medulla
oblongata) regions. The internal capsule and corona radiata contso ascending bers from the
thalamus to the cerebral cortex. [Adapted fro@ray (1918]

2.3.3 Projection Pathways

Projection bers are ber tracts linking an area of cerebral cortex to a subcortical structure,
such as a basal ganglion or the thalamus. The corticospinal tract (CST) and thehalamic
radiations are the most known projections bers. A erent tracts carry information from

di erent parts of the body to the cerebral cortex. The a erent proj ections carry optic,
acoustic and somatosensory information and run upwards principally from tle projection
nuclei of the thalamus. E erent tracts carry motor commands from the motor cortex
down to the muscles and glands through the lower brain structures andhe spinal cord.
They reach structures like the basal ganglia, the cerebellum, the instem and the spinal
cord. In the depths of the hemisphere, pyramidal projections constute together, with the

thalamo-cortical bers, the corona radiata and the internal capsule

Corticospinal Tract: This tract, called also pyramidal tract, is a massive collection of
axons that travel between the cerebral cortex of the brain and the spial cord. The CST
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mostly contains the motor axons from primary sensorimotor cortex and premotorcortex.
The CST is illustrated in Figure 2.10 A. It passes through the Corona Radiata, Internal
Capsule, Cerebral Peduncle, and Pyramid (medulla oblongata) regions.

Thalamic radiations: These tracts are composed by thalamo-cortical and cortico-
thalamic bers forming a more or less continuous fan. Thalamo-cortical bers refer to
aerent bers, projecting to almost all the regions of the cortex. These bers come from
thalamic nuclei which project to one or a few well-de ned cortical areas. Cortico-thalamic
projections are e erent bers that reciprocate the thalamo-cortical ones in almost equal
number and in corresponding precise order. The thalamic radiations are@isually grouped
into four subradiations or peduncles: anterior (frontal), superior (parietal), inferior (tem-
poral), and posterior (occipital), as illustrated in Figure 2.11 The optic radiation, runs
from the thalamus to the primary visual cortex while the acoustic tract projects to the
temporal lobe.

Figure 2.11: A: An illustration of dissection showing the course of the thalanadiations. B: Thalamic
radiations are usually grouped into four radiations: anteriofrontal (ATR), superior or parietal (STR),
inferior or temporal (ITR), and posterior or occipital (PTR]JAdapted fromPoupon(19993]

The Internal capsule and corona radiata contain ascending bers from the tha-
lamus to the cerebral cortex and descending bers from the fronto-paietal cortex to sub-
cortical nuclei and spinal cord. This complex projection system is he neuroanatomical
backbone of perceptual and motor functions and other higher cognitive funiions. The
internal capsule separates the caudate nucleus and the thalamus from éhlenticular nu-
cleus. As the bers leave the internal capsule dorsally, they fan ouinto the corona radiata,
which is lateral to the lateral ventricles, corpus callosum, and cinglum, and medial to the
arcuate fasciculus. As the bers leave the internal capsule ventrdy they continue into the
cerebral peduncles, pons and pyramidal tract (cf. Figure2.10).

Fornix:  This tract is a projection bundle that connects the medial temporal lobe to the
mammillary bodies and hypothalamus. The fornix belongs to the limbic ystem and is
involved in memory functions.
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The bers of the body of fornix have an anterior-posterior direction and run longitudi-
nally along the midsagittal line just below the bers of the corpus callosum. The anterior
bers of the fornix bend downwards and cross the anterior commissure &ér splitting into
an anterior and a posterior column for each side. The posterior bers of thebody of fornix
split into a left and right branch, also known as the mbriae of fornix. The mbriae arch
around the thalamus and continue along the medial occipito-temporal lobe ¢ terminate
in the hippocampus.

Cerebellar tracts: The cerebellum receives inputs from the controlateral cerebral hai-
sphere through the cortico-ponto-cerebellar tract via themiddle cerebellar pedunclelt also
receives peripheral inputs from the spino-cerebellar tract throgh the inferior cerebellar
peduncle The major cerebellar output is represented by thesuperior cerebellar peduncle
a ame-shaped tract posterior to the mesencephalus. The cerebelha is involved in motor
learning, cognition, emotions and behavior.

2 4 Conclusion

In this brief background chapter we introduced the human brain anatomy with
special emphasis in white matter. For this, the nervous tissue was@kcribed as well as the
di erent brain macroscopic structures. The white matter organization was particularly
studied as it is of major importance for this thesis. We described tle white matter global
structure and the most known ber tracts. The nomenclature of small and larger ber
bundles introduced in this chapter will be useful to identify some of our results, exposed in
this thesis. Nevertheless, it must be noted that only the main ber tracts are well described
in the literature. Most of the short association ber tracts are still u nknown. Their
smaller size, large number, and important inter-subject variability make their analysis a
challenging and complicated task. These tracts will probably be the ceter of interest in
the eld of techniques available to infer the subcortical connectvity.

In the next chapter, we introduce the foundations of di usion MRI. W e will show that
di usion MRI constitutes a powerful non-invasive mean to investigate the architecture of
the human brain white matter.
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Principles of Di usion MRI
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Overview

This chapter presents a background on the basic principles of di ussin MRI, a technigue
allowing the study in vivo of white matter structure and its connections. Firstly, we in-
troduce the concepts underlying di usion-weigthed (DW) imaging, in which the di usion
of water molecules in living tissue takes a fundamental place. Next, @ review the basics
of Nuclear Magnetic Resonance (NMR), followed by a brief description of WV-MRI. The
discussion continues with the approaches designed to locally modéhe di usion signal.
We start with the di usion tensor imaging (DTI), as the most intuitiv e and simple mean
to infer microstructure of biological tissues. This gaussian model of dusion allows the
measurement of quantitative parameters extensively used in climal studies. Then, more
complex reconstruction algorithms, using high angular resolution di uson data are ex-
plored. These methods overcome some limitations of the DTl model, athe impossibility
to reconstruct multiple ber distributions of water di usion. Th e streamline tractography
is nally introduced, a technigue aiming to reconstruct three-dimensional trajectories of
white matter bers, which constitute the input dataset of this the sis. Overall, this in-
troductory chapter is inspired from review articles and chapters fom [Tuch et al. (2002);
Le Bihan (2003; Campbell (2004; Jonasson et al.(20059; Perrin (2006; Descoteaux
(2008; Jones(2008; Johansen-Berg and Behreng2009], which are great sources for a
general understanding of di usion MRI and ber tractography.

Keywords:  magnetic resonance imaging (MRI), DW-MRI, diusion tensor imaging
(DTI), high angular resolution di usion imaging (HARDI), white matter tr actography,
streamline tractography

Organization of this chapter:

The chapter is organized as follows. We rst review the basic principes of molecular
di usion and di usion MRI in section 3.1 Then we focus on di usion MRI models sec-
tion 3.2, starting with di usion tensor imaging and following with multiple ber HARDI
reconstruction algorithms. Finally, we describe white matter tractography in section3.3.

3 1 From the di usion phenomenon to di usion MRI

3.1.1 Diusion Basics

Water molecules, as all the uid molecules, present a constant therral agitation known
as Brownian motion [Brown (1828]. This phenomenon is produced by thermal chocs
between molecules, which strongly modify their trajectories insuch a way that they mimic
a\random walk". In an isotropic medium (i. e. the di usion is the same in all directions),
each molecule performs this random walk, leading to a random path in thre-dimensional
space (see Figure3.1 A). At macroscopic scale this molecular motion yields to adi usion
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Figure 3.1: A: Simulation of trajectories of ve molecules undergosgandom walk in an isotropic
medium, after 10, 20, 40 and 80 steps. B: A histogram of displacement fthenorigin of 1 million
molecules, after 100, 400, 900 and 160% %’E-ﬂ%fﬁvﬁdﬂj‘t half-marn (FWHM) scales in the
ratio of 1:2:3:4, which mirrors the ratio of 100 400 900 160Q demonstrating the consistency of
Einstein's equation for Gaussian di usion [Frodones(20089)].

phenomenon, a physical process essential for the normal functioningf living systems. For
example, the transport of metabolites into cells is facilitated by difussion Pones(2009)].

Di usion can be described by Fick's rst law [ Fick (1855], which relates a di usive
ux to any concentration di erence through the relationship:

J= DrC: (3.1)

whereJ (mol=(m?s)) is the net particle ux, r C is the gradient of particle concentration,
and D (m?=s) is a constant called \di usion coe cient". It should be noted that di usion
results solely from collisions between molecules in liquids (and sb in gases). Therefore,
it occurs even in thermodynamic equilibrium, i. e. even if thee is no net ux, there are
still di usive uxes nonetheless, which cancel each other.

Einstein used a probabilistic framework to describe the motion of an ssemble of par-
ticles undergoing di usion. He introduced the concept of \displacernent distribution”, rep-
resenting the likelihood that a single given particle will traverse a certain distance within a
particular timeframe [Einstein (1956)]. In free di usion, the net displacement distribution
is a Gaussian function whose width is determined by the di usion c@ cient and time
(see Figure 3.1 B). Einstein derived an explicit relationship between the meansquared
displacement of particles,rrzi, during a di usion time and the di usion coe cient D,
appearing in Fick's law (three-dimensional case):

hr?i =6D ; (3.2)
The quantity r = P 6D is a characteristic length refered to the quadratic mean dis-
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placement or di usion distance. In the isotropic case,hr?i depends on the molecule type
and the medium properties but not on the direction. In DW-MRI, we do not measure the
di usion coe cient directly, but the mean displacement of water m olecules within each
three-dimensional volume element, owvoxel The voxels form the image and typically, are
cube-shaped with about 2.5 x 2.5 x 2.5 mm in dimension. The presence aglcmembranes,
inclusions, macromolecules and so forth, present in tissue serve hinder the pathway of
the molecules undergoing their random walks. As a result, their ovall displacement from
their starting point in a xed period of time is reduced compared to their mean displace-
ment when they were in \free" condition. Thus, when we apply Einstein's equation to
compute di usion, it will appear to be lower. Then, we refer to the apparent di u-
sion coe cient or ADC [Le Bihan et al. (1986]. The average ADC in tissue is around
0:7 10 mm?/s at 37 C, about four times smaller than in free water.

The Di usion Propagator The di usion propagator formalism o ers a robust descrip-
tive framework capable of characterizing all di usion phenomena, such asestriction and
nite boundary permeability. The diusion propagator P(rjro; ) gives the probability
of a spin traveling from position ro to r in the diusion time . In MRI, a signal is de-
tected from a very large number of molecules present in each voxel. Herefore, the voxel
averaged random displacements of water molecules can be described bydausion dis-
placement probability function (PDF), called the ensemble-average propagatoof water
molecules. The di usion average propagator is written asP (R; ):
z

P(R; )= - P(rjro; ) (ro)dr (3.3)
whereR = r rg is the relative spin displacement and (rg) is the initial spin density. To
image the di usion we must link the average-di usion propagator to the signal measured
in the MRI experiment. It is crucial to infer properties of the un derlying microgeometry
without the need to invoke an analytical representation of the geometry.

3.1.2 Basics on Magnetic Resonance Imaging

Conventional MR images re ect water properties measuring signals from fidrogen nuclei.
Each hydrogen nucleus, or proton, possess a nuclear magnetic moment, eallspin. Spins
align themselves and present a precessional movement with an extally applied static
magnetic eld.

The Larmor equation is the most basic and fundamental equation in NMR; it states
that the precessional frequency of spins in a magnetic eld is diretly proportional to the
strength of the magnetic eld B:

=B (3.4)

where! is the precessional frequency, and is the gyromagnetic ratio, a constant specic
to the nucleus under examination. In water, the hydrogen nucleus (i e. the proton) has
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a gyromagnetic ratio value of approximately 42.58 MHz/Tesla.

This phenomenon is used by MRI scanners, which generate a strongtatic magnetic
eld, called By, to produce the alignment of proton spins alongBg, with a resulting net
magnetization in the direction of the eld. MRI scanners apply a secondmagnetic eld
of a brief duration, and oscillating at radio frequencies, calledrf pulse. When rf pulse
frequency is applied at the Larmor frequency of spins, it rotates the et magnetization
away from its orientation at equilibrium, along the longitudinal axis, p arallel to Bg, to
create a component into the transverse plane, called théransverse magnetization The
longer the duration of the applied rf pulse, or the greater its eld strength, the greater
the tip angle that can be achieved. In the absence of externally applie®RF energy, the
transverse magnetization will decay exponentially to zero with a tme constant T2. This
decay is known as the spin-spin relaxation. Additionally, the rf-induced excitation puts all
the spins in phase, i. e. on a coherent rotation (Larmor precession). Aftethe application
of the rf pulse, the component of the net magnetization alongBg, called longitudinal
magnetization decreases exponentially with a time constant T1. This is the spinttice
relaxation. The di erence in the physical properties of the di erent tissue types is re ected
in the relaxation times, depending on T1 and T2, which determine di erent MR image
constrasts. For example, T1 contrast yields the typical anatomical images In some MR
acquisition shemes, the rf pulse is of 90 degree, to ip the magnetizain in the transverse
plane.

The rotating magnetic eld generated by precessing spins induces aurrent in the MRI
receiver coil, which is the signal used to generate MRI images. Thisignal, re ected in
voxels brightness, depends on the coherence of the phase of the spas they precess. Small
inhomogeneities in the magnetic eld create small variations in the fr&juencies of precessing
spins, producing with time a loss of phase coherence and resultingixel brightness. This
loss of magnetization is added to the T2 decay, leading to a T2 contrast. Typically,
the phase accumulation of the spins is reversed by application of a 180 desg refocusing
pulse, some time (TE/2) after the excitation rf pulse (spin-echo sequence A time TE
(echo time) after the excitation rf pulse, all spins are back in phaseand the magnetization
is reduced only by a T2 decay (see Figure.3).

A third set of magnetic elds generated by MR scanners are called magneti eld
gradients. The addition of the gradients to the static magnetic eld By makes the magnetic
eld varying in a linear manner over the volume of interest, along any of three ortogonal
directions. Gradient imposes a position-dependent precessionateilquency, which is the
basis of the spatial encoding in MRI. Aslice selectioncan be performed by the application
of a gradient (G;) simultaneously with the rf pulse, producing changes in the Larmor
frequency along the direction of the gradient. Then, a given frequeay corresponds to a
plane perpendicular to the gradient direction, i. e. to a slice.

After spins are excited, two gradients are applied along the two in-phne directions
de ning the excited slice (x-y plane), to produce linear changesn precessional frequency.
One gradient (Gy) is applied after the rst rf pulse and used for a line selection Gradient
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Figure 3.2: lllustration of MRI pulse sequences and their data ctile trajectories. Conventional
Cartesian pulse sequences (a) measlkirspace (b) one line per TR (shot). White line shows one
measurement trajectory, gray lines show subsequent measeme trajectories, each obtained with a
Di erent value of Gy. Echo planar sequences (c) oscillate the frequency encogiagdient and measure
multiple lines ofk-space (d) per shot. [Frondohansen-Berg and Behrel§2009)].

Gy introduces a phase-shift in the signal dependent on the position alan the y-axis.
When the eld gradient is removed the frequencies will return to their initial value but the
phase-shifts between nuclei remain at di erent positions on the yaxis. Then the gradient
on the x-direction, Gy, is applied and the frequencies will change again, dependent on their
position along the x-axis. It is normally during the application of G4 that the signal is
detected (ine readout).

The signal measured in a receiver coil, after successively applygnGy, Gy and G, can
be expressed as the Fourier transformK (Ky; ky)), of the transversal magnetizationf (x;y).
Variables ky and ky are function of the area of the gradients Gx and Gy) and de ne a
reciprocal spacial frequency space, known dsspace
z
Flkaiky) = f(xy)e? looxrioviday (3.5)

The MR image is then reconstructed by taking the inverse Fourier tansform of
F(Kx;Ky), where a sampling ofk-space is performed by the variation of space-encoding
gradients (Gx and Gy). Applying gradients Gy, Gy and G; in other combinations leads to
di erent samplings of 3D k-space.

Typically the desired data is collected over several excitationsdr shots), separated by
a time TR (repetition time), which allows spin magnetization to recover. For spin echo
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Figure 3.3: lllustration of spin dephasing in spin echo sequeAceexcitation pulse (in yellow) rotates
the spins into the plane perpendicular #,, after which they precess. Dierences in precessional
frequency create di erences in spin phases, which incresitle time, reducing the net magnetization
and resulting pixel brightness. Some time (TE/2) after the exation rf pulse, a refocusing rf pulse ips
spins about it axis, putting the more rapidly precessing spiehind"the more slowly precessing spins.
Over time the rapidly precessing spins accrue more phase thawly ones, so that at time (TE) after
the excitation rf pulse all spins are back in phase. This idechh spin echo, and the net magnetization
(and pixel brightness) re ects the total coherent magnetizatiof all spins, reduced only by their T2
decay after excitation. [Frondohansen-Berg and Behreii2009)].

sequence, the signal from each pixel in an image can be expressed as

TR TE

f(x;y)=Mp 1 e 71 e T2 (3.6)

where Mg is the \spin density" in that pixel, and T1 and T2 re ect the time con stants
of relaxation in the tissue at that location. Figure 3.2 illustrates two di erent MRI pulse
sequences with di erent data collection trajectories.

3.1.3 Diusion-weigthed MR

DW-MRI sequences are made sensitive to di usion by the addition of adi usion-encoding
gradient. If spins remain stationary during precession, the net phase accuniation due to
magnetic eld inhomogeneities will be constant, and not depending on tkir position in
the gradient (and consequently, on the precessional frequency). Buas water molecules
present a permanent random walk, spins will experience changes ithe strength of the
magnetic eld. Since the particle displacements are not coherent, aistribution of dis-
placements is obtained and thus adistribution of phases This spread of phases leads
to a loss of signal coherence and therefore a reduction in signal ampliteg which in an
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Figure 3.4. Pulse Gradient Spin Echo sequence experiment. Woegradient pulses are of equal area
(in this case, they have equal magnitude and equal duratipn[From Descoteaux2008)].

image, means that the image appears darker. Di usion-encoding gradientsensitize the
MR signal to di usion, by imposing a given phase to a molecule that is dgendent on its
overall displacement Btejskal and Tanner (1965]. The di usion gradient is applied in one

particular direction, so only the displacement of spins along the gradgnt direction will

induce a phase-shift, which will lead to a signal representing tk di usion in the gradient

direction.

The di usion coe cient can be infered from observations of the displacements over a
given time period. The greater the spread of displacements (the higér the ADC), the
greater the spread of phases { and thus the greater the loss of signal { and theoxels
appears dark. Conversely, the lower the rate of di usion, the lower he spread of phases {
and thus the lower the loss of signal and the voxels appears bright.

Stejskal and Tanner (1965 introduced the Pulsed Gradient Spin Echo (PGSE) se-
quence, with two short duration gradient pulses of duration time , placed on either side
of the 180 degree rf pulse and separated by a time interval (see Figure3.4). The interval
between the end of the rst pulse and the begining of the second puts is called the
\di usion time". By assuming the pulses to be in nitely narrow, i .e. is short enough for
the di usion of the water molecule to be negligible during that time, Stejskal and Tanner
(1969 provided a quantitative measurement of di usion in a sample. If the spin displace-
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ment is a result of Brownian motion, the signal of equation3.6 is attenuated exponentially
by the product of the diusion coecient D and a factor b which is a function of the
DW-gradients and is expressed in $=mm?)

TR TE

f(x;y)=Mg 1 e 71 e Tze PP (3.7)

The factor b [Le Bihan et al. (1986)], called b-factor, represents the sensitivity to
di usion; its generalized equation is

YA TE
b= j k(t) j2dt: (3.8)
0

For rectangular gradients, equation 3.8 becomes

b= 2G2? - (3.9)
3
where is the gyromagnetic ratio, G is the amplitude of the magnetic eld gradient pulses,
is the pulse duration time and is the interval between application of the rst and second
pulse. The time constant = 3 de nes the \e ective di usion time" where the =3
correction is due to the di usion which occurs during the time in which the gradients are
on.

A longer di usion time increases the distinction between the signas in di erent direc-
tions. However, a longer di usion time will lead to a lower signal-to-noise ratio (SNR) so
a compromise is necessary.

The equation 3.9 is derived from the spin total phase-shift ( ), which is de ned as

Z
G'r(t)dt= G'R (3.10)

where is the nuclear gyromagnetic ratio for water protons, G is the applied di usion
gradient vector and R = r rg is the spin displacement during time . Therefore the
measured phase-shift is proportional to the spin displacement and mapthe mean di usion
within a voxel. If di usion is not uniform in all orientations, the si gnal will not be the same
for di erent gradient directions. An example is illustrated in Figur e 3.5, which shows the
DW signal intensity for three di erent di usion-encoding direc tions, aligned with the three
principal image axes.

The signal observedS can be expressed as a function of the baselingy, the signal
intensity in the absence of any di usion weighting, also calledb= 0 image. It is a super-
position of the transverse magnetizations.

S = Spe PP (3.11)

Both, Sp and S are weigthed identically by Mg, T1 recovery and T2 decay.
To make the classical MRI experiment more intuitive, a reciprocalspace, calledy-space
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was de ned for di usion imaging, where the wavevectorq is a vector representing a unit
phase encoding step:
q= 1 G: (3.12)
2

The value b can then be expressed in function of| by b= jgj? .

The expression for di usion signal presented in equatior8.11is only valid for a Gaussian
di usion. While biological di usion imaging studies commonly assume that the di usion
is Gaussian there is a body of experimental evidence which indicas that this assumption
is not valid, principally due to di usion restriction.

Ensemble average di usion propagator and g-space

Stejskal and Tanner showed that, if gradient pulses are Dirac pulsesn@rrow pulse as-
sumption), the signal attenuation S(q; ) can be expressed as the 3-dimensional Fourier
transform F of the ensemble average propagatoP with respect to the spin relative dis-
placement vectorR,

Mo bR e 2 OReR = FP(R; I (3.13)
0 <3

where Sy is the baseline image and® (R ; ) is the average di usion propagator of a pool of
water molecules. Therefore, it is possible to obtain an average propagatordm the S(q)

data by inverting the Fourier transform in equation 3.13 with respect to the reciprocal
vector q. By measuring the signal for sampled points ing-space (\g-space imaging"), we
can reconstruct the ensemble average di usion propagatoP in every voxel. The g-space
is sampled by either varying the direction of q (by the direction of G), or the magnitude
of g (by the magnitude of G or the gradient duration ). This is the idea behind g-space
imaging [Callaghan (1991)]. The PDF provides a detailed description of the di usion in

the high spatial frequency regime where the Gaussian model is no longealid. It can

resolve highly complex organization of bers such as crossings. The Gaussi function is
a particular case which can be viewed as arising from either free di gion or a low spatial
frequency approximation to the restricted propagator [Tuch et al. (2002]. More details
about di usion models are reviewed in sections3.2.1and 3.2.2

3.1.4 EPI sequence and correction of geometric distortions

EPI sequences use a method of collecting data much faster than PGS&periment, called
Echo Planar Imaging (EPI) [ Mans eld (1977]. For PSGE, the data collection trajec-
tory is cartesian, where one line (all desiredky locations) is read per TR (shot), with a
di erent and increasing value of the \phase encoding" gradient Gy), per each line. In
EPI, the trajectory is also cartesian, but the sequence oscillateshe frequency encoding
gradient (Gx) and measures multiple lines of thek-space during a shot (see Figures.2).
This sequence is used in functional MRI to measure the brain actity (BOLD signal) or in
DW-MRI with added di usion gradient pulses, to determine the brai n connectivity. The
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Figure 3.5: E ect of changing the axis of the di usion-encoding gradts on the DW signal intensity.
The arrows at the top of the gure show the orientation of the encadiaxis. In (c), the orientation is
perpendicular to the viewing plane. Dark areas have high Alilfther areas represent lower ADC. In the
area highlighted by the lower (un lled) arrows, which formsetmidsagittal portion of the splenium of
the corpus callosum, the ADC is high along the left-right axist law in the two orthogonal directions.
[From Johansen-Berg and Behrei§2009)].

most common pulse sequence for DW-MRI is currentlysingle-shot Echo Planar Imaging
(SS-EPI), which encodes all thek-space in a single echo. This sequence allows the acqui-
sition of a slice in less than 200 milliseconds. EPI is a very fast imaguptechnique but it
produces several distorsions in the image due to the long duration of # reading pulses.
Any phase error is integrated during the echo train record. Geometricdistorsions, which
can reach several milimeters, are a critical problem when a registréadn with anatomical
MRI is required. In practice, these distorsions are due to three rain di erent physical
phenomena: (1) spatial non-linearities of gradients, (2) gradient-indued Eddy currents,
and (3) magnetic eld inhomogenetities.

Spatial non-linearities of gradients, producing geometric warping of the image, de-
pends only on the gradients conception and are commonly corrected by pogtrocessings
implemented in MRI systems. These algorithms do not need specialubject-dependent
calibrations and are executed after the acquisition.

Eddy currents correction: The second type of distorsions is produced only in di usion
weigthed EPI sequences. When strong gradients are used for the erding of the di usion,
Eddy currents are induced in the gradients. These currents are agvalent to the addition
of gradients to the spatial-encoding gradients. The encoding errorén spatial positions,
resulting also in an image warping, can be modelized with an a ne transfomation. DW-
images can be corrected, then, by their registration with an undistored reference volume
acquired without di usion weighting. These e ects can be directly compensated during
the acquisition by the use of a twice refocusing spin echo techgue [Jezzard et al.(1998;
Reese et al.(2003], included nowadays in most clinical MRI scanners.
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Static magnetic eld inhomogeneities are induced
in regions close to the interface between two tissues with
di erent susceptibility parameters. Local variations of
magnetic eld in these regions produce di erences in the
frequency and the phase of precession of the spins, in-
ducing an image warping linearly dependent of the eld
strength. This phenomenon is specially important in EPI
as TE time is long. In the human brain, these distor-
sions appear most commonly around tissue/air bound-
aries, such as the frontal lobe above the sinusses. Usu-
ally, a eld map (or phase map) is acquired for measuring
the magnetic eld inohomogeneities. The phase map is
equivalent, by a multiplying factor, to a geometric dis-
torsions map y. Once the 3D distorsion map has been
calculated, the image can be corrected by the interpolation of the corruped image using
the deformation eld y. Besides, recent parallel imaging techniques produce an im-
portant reduction of warping e ect from magnetic eld inhomogeneities by reducing the
number of lines to read along the phase axis and consequently diminigig the echo train
duration.

Figure 3.6: Example of a eld map
image.

3 2 Di usion MRI models

Di usion MRI can be used for extraction of microstructural information of neu-
ral tissue, specically in white matter. As studied in previous section, DW-MRI can
measure the mean displacement of water molecules, which is a ected/hissue microstruc-
ture. Cells membranes, the axon myelin sheath, organelles and macromalges modify
the water molecules di usion.

There are three major modes of di usion: free di usion, hindered ard restricted [Le Bi-
han (1995], those can be divided into isotropic and anisotropic. Free and hindeed dif-
fusion have been modelled by a Gaussian displacement distributh, where di usion is
represented by theb-factor. However a single exponential decay can not describe di usion
as well as would have been expected. In most cases di usion-sengitid MRI signal attenu-
ation in brain tissue have been very well tted with a biexponential function corresponding
to two water di usion pools or phases in slow exchange, with a fast and alsw di usion
coe cient [ Niendorf et al. (1999]:

S = Sof siow® bDsiow 4 Sof fast € bDrast ; (3.14)

wheref and D are the volume fraction and the di usion coe cient associated with th e
slow and fast di usion phases, with f gouw + ffast = 1.

The historical model distinguishes two compartements: theextracellular and the in-
tracellular compartments, whose are separated by the semipermeable cell membes In
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Figure 3.7: A: lllustration of the anisotropic nature of di usion in WNyhere water molecules present
a preferred orientation of di usion along WM bers. B: Two-compartents model composed by an
intracellular and an extracellular compartment. While thetecellular compartment presents a hindered
di usion, the intracellular (axonal) compartment is characieed by a restricted di usion. [Adapted
from Poupon (19991]. C: Schematic representation of the structuring e ect of atgged proteins (P)
and membranes on water molecules. Bulk water molecules areagxgihg rapidly with the water
molecules in the protein hydration shells. Other water molesudee trapped in a membrane-bound
layer. D: Conceptual biphasic water di usion model. The slowudion pool is made of a water layer
trapped by the electrostatic forces of the protein membranesl @ssociated cytoskeleton. [Adapted
from Le Bihan(2007)].

this model, the extracellular compartment is characterized by a hihdered di usion, de-
termining the fast di usion component, while the intracellular com partment presents a
restricted di usion within axons, determining the slow di usi on component. This model
is controversial as the volume fractions of the two water phases obtainedising the bi-
exponential model do not agree with those known for the intra- and extraellular water
fractions (Finga 0:80 and Fextra 0:20, even by taking into account di erences in T2
relaxation contributions between those compartments [e Bihan (2007]. Figure 3.7 B
illustrates these two components.

A more recent biphasic model de nes two di usion pools: afast and a slow pool,
delimited in function of the distance of water molecules to cell merbranes. The slow pool,
composed by molecules localized close to cell membranes, contain ntmane-bound water.
Contrarily, the fast pool is composed by bulk water and proteins-bound vater [Le Bihan
(2007]. Figure 3.7 C-D illustrates this model.
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In isotropic tissues the di usion-weighted intensity, and therefore the ADC, is the same
in all directions. However, if the signal changes when we apply di erat gradient encoding
directions, the di usion is anisotropic. An example of this e ect is shown in Figure 3.5
where three di erent DW images were obtained for three ortogonal gradiens. From this
three images is possible to infer an ordered structure that has predomantly a left-right
orientation. The highly anisotropic region indicated by arrows corresporis to bers from
the corpus callosum. The anisotropic nature of WM tissue is illustrated in Figure 3.7 A,
where water molecules will present a preferred orientation of di wsion in the direction of
the bers.

For anisotropic tissue the behavior of water molecules can no longer be ahacterized
with a single ADC. Therefore more complex models are used to charactize di usion.
The di usion tensor model is the more simple and clinically used malel; it is presented in
section 3.2.1 Higher order models, have been developed to overcome some limitafis of
the di usion tensor. These will be brie y reviewed in section 3.2.2

3.2.1 Diusion Tensor Model (DTI)

Stejskal employed the relation in equation3.11 for the case of free or Gaussian di usion.
In this case the signal in DWI decays exponentially withb. This expression contains two
unknowns, namely, the unattenuated echo signaSy and the di usion coe cient D. If the
di usion is isotropic, then D is a scalar equal to the ADC, and is easily calculated as

Log[So=5]

ADC =
¢ b

(3.15)

whereb s the b-factor described in equation3.9. The values ofb typically used in clinical
studies are inferior to 1,500 s mm?2.

When the displacements are not the same in all directions, the simglst representation
of the shape of diusion in 3D is the di usion tensor (DT) model. The di usion tensor
is a 3x3 symmetric, positive-de nite matrix, originally proposed for use in di usion MRI
by Basser et al. (1994. The DW imaging modality that uses the diusion tensor is
called di usion tensor MRI, DTl or DT-MRI. The di usion tensor charac terizes Gaussian
displacements in 3D, i. e.,

1
Dxx Dyxy Dx
— — 1 T;.
D=®Dy Dy Dy K= SRR (3.16)
Dx; Dy; Dgz

DTI approximates the diusion PDF by a 3-variate normal distribution w ith zero
mean. Hence,D can be viewed as the covariance matrix of water molecules displacement
in a given time at each imaging voxel. This di usion tensor can be usedn Einstein's
and Fick's equations (eq.3.2 and 3.1) for anisotropic di usion. The diagonal elements of
the matrix correspond to di usivities along three orthogonal axes, while the o -diagonal
elements correspond to the correlation between displacements alorijose ortogonal axes.
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The assumption of a single-Gaussian displacement distribution is aow spatial frequency
approximation of the di usion PDF. In the di usion tensor model, if w e take the Taylor's
expansion of P about R and and ignore the higher order terms, equation3.16 can be

used to obtain
@RR;t) _

@t
This relation is called the di usion equation, or heat equation [Campbell (2004]. The
solution for this equation is the Gaussian di usion PDF. In this case, the probability P to
nd a molecule, initially at position rg, at r after a delay is then given by

Dr °P(R; ): (3.17)

1 1
P(R; )= p——ex —R'™D R ; 3.18
R R ST o

wherejDj is the determinant of the DT, D, and R = r rg is the molecule displacement.

For a PGSE experiment, the signal attenuation can be expressed in fustion of D
S(TE)= Spe ©°7*( 3)87Dy = gy D" Dy (3.19)

wherejDj is the DT, § is the di usion gradient orientation, is the pulse duration and
is the time between gradient pulses, as in equatior3.9.

In DTI, the scalar b value is replaced by a 3x3 symmetricab-matrix, b. The tensor
elements are then computed by solving

S X3 X
log S b Dj (3.20)
i=1 j=1

The DT can be reconstructed by the measurement of signal attenuation fosix di erent
non-colinear and non-coplanar directions, with the addition of one non-di usion-weighted
image (Sp). This approach uses a number of model parameters equal to the data, leady
to a high sensibility to noise. Therefore, it is usual to estimate he DT from more than the
minimum number of acquisitions. Several approaches have been dewpled for a robust
estimation of the DT. These methods search a vectorial space that ense de nite-positive
tensors, and de ne robust tensor metrics. In addition to the Euclidean space, Riemannian
[Arsigny (2006; Pennec et al.(2006] and Log-Euclidean [Arsigny et al. (20009; Fillard
et al. (2007; Arsigny et al. (2007)] spaces have been de ned.

The tensor isosurfaces can be thought in terms of an ellipsoid, a surfaagepresenting,
the distance that a molecule will di use to with equal probability f rom the origin. To
represent the ellipsoid, the DT formalism provides an \internal reference frame" called
eigensystem The tensor is diagonalized to calculate the eigenvalues and eigenvecsthat
will characterize the di usion. The principal axes of the ellipsoid { which are mutually
orthogonal { are given by the eigenvectors, scaled according to the squareoot of the
eigenvalues. The three eigenvalues ¢, > and 3), correspond to the three di usivities
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Figure 3.8: Di usion tensor can represent anisotropic di usion irdered tissue as an ellipsoid re ecting
parallel (i. e. axial di usivity, ==, 1) or perpendicular (i. e. radial di usivity, », 2.3) to the neural
bers. [From Johansen-Berg and Behret§2009)].

along the principal axes of the di usion tensor. The orientation of the tensor is assumed to
be parallel to the principal eigenvectore;, associated with the largest eigenvalue ;. The

di usivity of water along the length of the bers is then represented by ; (or -.), called

axial di usivity . The two smaller eigenvalues (», 3) are assumed to be the di usivity

perpendicular to the bers. These two eigenvalues are often averagketo yield a single

value, the radial di usivity ( »). The degree of anisotropy is calculated from di erences
between parallel and perpendicular di usion. See Figure3.8 for an example of anisotropic
di usion modelized by a DT.

Scalar invariants for DT
An important parameter derived from DTI is the mean diusivity = or MD or ADC ,
which is the average of the three eigenvalues,

1+ 2+ 3 _ DTiace

ADC =
3 3

(3.21)

and gives a measure of the bulk di usivity. For b-value range typically used in clinical
studies (b 6 1;500 smm 2), the MD is fairly uniform throughout the gray and white
matter (0:7 10 2 mm?/s), and higher in ventricules (3:2 10 2 mm?/s). Di usion
abnormalities, such as, acute ischemic lesions can be detected withDC images, which
are extensively used for clinical diagnosis.

The most used index for anisotropy in DTI publications is the fractional anisotropy
or FA [Basser and Pierpaoli(1995], expressed as

r _S - - =
3 (1 )P+( 2 )P+(s )2
> :

FA = (3.22)
This rotationally invariant parameter measures the fraction of the tensor that can be
assigned to anisotropic di usion. The FA has a range [0{1], with O represeting isotropic
diusion. Figure 3.9 B presents an example of ADC and FA images. The FA is low in
cortical gray matter (0.2{0.4) and higher in the white matter, from 0.45, in the subcor-
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tical WM in the gyri, to 0.8 in the corpus callosum of healthy brain. In ventricules,
where di usion is more free, the FA is very low ( 0.1). Figure 3.9 A illustrates examples
of DT ellipsoids with same MD but di erent FA, ranging from nearly isotr opic (lower FA)

to anitropic (higher FA). Figures 3.9 C{D show examples of DT ellipsoids for an axial slice.

Figure 3.9: A: Examples of DT ellipsoids with same mean di usiily7 10 2 mm?/s) and di erent
fractional anisotropy (FA), ranging from nearly isotropic (loweA)to anitropic (higher FA) [Adated
from Johansen-Berg and Behreij2009] B: Examples of MD and FA images. C: DT ellipsoids for an
axial slice. Color coding according to FA. D: FA image with an mview of the position in brain for
DT ellipsoids selection in E. E: Ellipsoids zoomed, color codicgpeding to FA, background is an ADC
image [Adated fromArsigny (2006)].

Anisotropy as a measure of WM integrity

DTI studies determine if there are any di erences in the molecuar displacement of
water in tissue, re ected by the DT eigenvalues, MD and FA, in specic brain regions
in neurological disorders. In WM, the spacing between axons, the axon dmeter, the
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Figure 3.10: Example of FA as a measure of WM integrity. Structurahdge to axons and myelin that
results in a loss of directional barriers to water di usion wilduce the degree of anisotropy. Electron
micrographs are adapted from normal and degenerated frog scisive. [FromJohansen-Berg and
Behrens(2009)].

myelin thickness, etc., are variable even within the same tract, ad thus, the barriers to
di usion have neither a simple, nor a regular geometry. Therefore, he measured di usion
parameters are some sort of weighted average of all the di erent types of ater molecule
behaviors within a particular voxel. Most DTI studies rely on quantitative analysis, where
DT invariants of one tract in a control population are compared to the invariant values of
the same tract in a patient population. These measurements expect tht there had to be
a consistent change througout the voxel in order to detect a di erene in di usion.

Although, even within a tissue class such as WM, the degree of anisotropgan not
be directly related with a speci ¢ structural component (number of axons, axon density,
axon size, myelin thickness, packing, etc.), the degree of anisotropis often used as a
guantitive biomarker of WM\integrity". Several experiments using non-pathological bers
without myelin have shown that anisotropy should not be considered mglin specic, as
myelin is not essential in neural bers to observe this biophysicalproperty. Conversely,
axonal membranes themselves are shown to be su cient barriers alonectwater di usion
perpendicular to the WM bers, in comparison to di usion along bers . However, myelin
appears to modulate the degree of anisotropy in a given ber. A detailed ibliography
about the relationship of water di usion anisotropy and tissue microstructure is detailed
in Beaulieu (2002 and Johansen-Berg and Behreng2009, chapter 6. For an example of
anisotropy as an indicator of structural damage is illustrated in Figure 3.10.

DTI indexes and brain maturity
During brain maturation, DTl indexes as mean di usivity and diusion anisotropy
present important changes. These changes re ect changes in brain tige microstruc-
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Figure 3.11: Examples of prolate and oblate DT ellipsoids [AdaptednfiVikipedia].

ture. In the case of gray matter, this may re ect changes in the denditic architecture
of pyramidal cells and the presence or absence of radial glial bersHeppi and Dubois
(2010].

In white matter, most fascicles seem to be organized during late intauterine life, as
bers are to grow with the previously formed axons as guidance. Indeedhigh anisotropy
is already observed in poorly myelinated fascicles of premature nevdons, and the patterns
of bers tracts were found already in place in infants with no di eren ces between 5 and
17 weeks Dubois et al. (2009)].

Two stages are assumed to be the main responsible for most di usion changeelated
to WM maturation over the postnatal developmental period: the rst st age of myelina-
tion, called pre-myelination and myelination [Dubois et al. (2008]. Pre-myelination is
characterized by the proliferation of oligodendrocytes lineage preasors, with a decrease
in water content. As this early process is rather isotropic, it shouldlead to a decrease in
the three di usivity indexes (MD, -.) and »), without signi cant change in anisotropy.
The bers myelination, corresponding to the ensheathment of oligodendroglial processes
around the axons, is accompanied by a further decrease in both membrangermeability
and extracellular distance between membranes in the orthogonal dire@n to the bers.
Because of unchanged longitudinal di usivity contrasting with decreased transverse di u-
sivity the anisotropy should increase while the mean di usivity should decrease.

Tensor shape
From FA equation (eq. 3.22), a tensor with high anitropy can present two dierent
shapes: aprolate tensor, in which ; 2 = 3, Or an oblate tensor, in which 1= >
3 (see Figure3.11). Since, neither the ADC nor the FA will indicate which form takes
the tensor ellipsoid, two metrics have been used to characterizéhe DT geometry.
Prolateness can be calculated by the expressiom.» = 1 2, while oblateness can
be determined by 23= > 3.

Colour encoded ber orientation map
The ber orientation can be represented using color maps, derived fan DT information
[Pajevic and Pierpaoli (1999]. Each voxel can be color-encoded, following the direction
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of the main tensor eigenvector, where the three cartesian directionare represented using
di erent primary colors (red for left-right, blue for superior-inf erior, and green for anterior-
posterior). This yields to a cartography of the tracts positions and directions, where voxel
brightness is weighted by the FA (see Figure3.12).

Figure 3.12: Colour encoded ber orientation maps. Image values carcélculated with the ex-
pression(r; g; b) = 255F A(e1x; e1y; €:2), wheree; is the principal tensor eigenvector. Fibers that are
predominantly oriented left-right are then shown in red, anite-posterior bers are shown in green and
superior-inferior bers are shown in blue (see colour wheelaater right hand corner). [FromJones
(2008].
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3.2.2 High Angular Resolution Di usion Imaging (HARDI)

The signal in DWI decays exponentially with b when the di usion is free and Gaussian.
In the case where the volume-averaged di usion PDF is non-Gaussian (g. when there
are multiple di usion compartments in slow exchange, or restrictive barriers), the NMR
signal will no longer be mono-exponential and DTI model will be insu cient. In WM,
a voxel, with size 1{3mm, contains hundreds of thousands of axon bers, which axon
radii are in the range of 0.1{10 m. Therefore, within a voxel a wide range of often
complex con gurations of bers can exist. If more than one population of bers are
present, e. g. crossing bers, we found gartial volume e ect and the corresponding
DT ellipsoid will be unable to represent the underlying di usion process. About two
third of white matter voxels are a ected by this problem [Behrens et al. (20079]. An
example for a 90 ber crossing con guration is shown in Figure 3.13 In this case, the
DT is oblate, and contains none of the ber population orientations. The ber orientation
distribution function (fODF) for this example has two spikes, corresponding to the two ber
populations present in the voxel. Mathematically, the fODF is a probability distribution
on the sphere, where each point on the sphere corresponds to a uniqoeentation. In
general, an ODF is usually represented by a \stretched sphere", invhich the radius is
scaled by the value of the ODF. A colormap for the ODF values can also be apjad to
the mesh vertices. See Figur&.16 for an example of an orientation distribution function.

Figure 3.13: lllustration of partial volume e ect whitin a voxel ftwo ber populations representing a
90 ber crossing con guration. The best t DT will have an oblate sha&p with an unde ned principal
direction. The ber orientation distribution function (fODF)$ composed by the two spikes, aligned
with the two ber population orientations [Adapted fronPoupon(19990].

The limitation of DT when imaging voxels with multiple ber populati ons can be
overcome with High Angular Resolution Di usion Imaging (HARDI), where the
g-space is sampled along as many directions and magnitudes as possible for atter
reconstruction of the di usion PDF. HARDI acquisitions and reconstruc tion algorithms
are in continuous development and improvement. We will present hee a brief review of
major HARDI reconstruction techniques. Some approaches are model-badevhile other
are model-free. A schematic of the major multiple ber HARDI reconstruction algorithms
is shown in Figure 3.14.
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Figure 3.14: Major di usion MRI acquisition and reconstruction mettofFrom Descoteaux2008)].

HARDI reconstructions depend on the number of acquisitions and the gradint strength
(b-value). Besides, the sampling of theg-space can be performed over a 3D cartesian grid
or over a single shell sphere.

Model-Based approaches
Model-based approaches resolve ber-crossing by modeling distih ber population sep-
arately.

The Multi-tensor model or multi-Gaussian modeling is a generalization of DTI,
which uses a mixture ofn zero-mean Gaussians to describe the di usion PDF. It assumes
that the voxel contains n distinct populations of bers and that there does not exist
exchange within populations:

E@)= aje M Db (3.23)
j=1
where a; and D; are the volume fraction and the covariance of thej th population, and
bt is the diusion direction encoding. The parameters of the model are stimated from
a sef of DW measurements. This model assumes that the number of bepopulations n
is known. Most works use a maximumn of 2 because of instabilities in the non-linear
optimization required for the parameter estimation. To make the numeical solution more
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stable, constraints in the model can be added. For example, we can enfae the positive
de niteness [Chen et al. (2004] or x the DT eigenvalues [Tuch (2002; Alexander et al.
(2001)]. Also, a multi-Gaussian extension based on di usion basis function ofGaussians
has been used to recover multiple crossing bersHamirez-Manzanares et al.(2007)].

The \Ball and stick” model Behrens et al. (2003] assumes that water molecules
belong to one of two populations: a restricted population within or around bers and a
free population that does not interact with bers. Restricted diu sion is modeled with
an anisotropic Gaussian distribution with only one non-zero eigenvaluewhile an isotropic
Gaussian distribution is used for the free population. A mixture of restricted compartments
can be used for a better representation of multiple ber populations Behrens et al.(2007)].

A Composite hindered and restricted model of di usion (CHARME D), [As-
saf et al. (20049] models the restricted di usion with an analytical model for diu sion
restricted to a cylinder [Neuman (1974]. The extracellular space is modeled by a hin-
dered di usion using an anisotropic Gaussian model.

Model-free approaches

Model-free approaches arenon-parametric techniques that do not need compartment-
speci ¢ information. These non-parametric techniques estimate tle fODF from di usion
MRI measurements, avoiding a model selection and the de nition of he number of com-
partments.

Some approaches reconstruct theli usion orientation distribution function (dODF),
which consists in an isosurface of the di usion PDF for a certain radiusr, representing the
di usion probability distribution on the sphere.

The dODF contains then the full angular information of the diusion PDF an d is
de ned as Z,

(uw= P( u)d; (3.24)
0

whereu is restricted to be a unit vector. Thus, the dODF is a function on the unit sphere
describing the average probability that a particle will di use int o any given solid angle.

Di usion Spectrum Imaging (DSI) and g-ball imaging (QBI) reconstruct the dODF.
Other methods recover a function slightly di erent, containing the same information than
the dODF. This is the case for DOT algorithm and the original PAS-MRI algorit hm.
Spherical deconvolution algorithms recover a more direct estimate ofte fODF-.

Figure 3.15 presents an illustration of fODFs and dODFs for several simple WM
con gurations. Both, the fODF and the dODF are probability distributi ons on the sphere,
with the peaks in similar directions. However, while the fODF presents spikes only along
the orientations of ber populations, the dODF is a smoother function as water molecules
di usion occurs in all directions, even perpendicular to the bers.

Di usion Spectrum Imaging (DSI)
Di usion Spectrum Imaging (DSI), samples the signal on a Cartesian gridof points in
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Figure 3.15: lllustration of fODFs and dODFs for several simple Wi gurations. The normalized
dODF is rescaled so that its minimum value become zero. Thisleasjzes the directional structure of
the dODF without a ecting peak directions [Frordohansen-Berg and Behrei{2009)].

g-space and then takes the 3D inverse Fourier transform to obtain an appraxnated PDF

[Wedeen et al.(2000; Tuch et al. (2002; Wedeen et al.(2005]. It derives from g-space
imaging (QSI) [Callaghan (1991)]. The acquisition scheme for DSI typically samples the
whole interior of a sphere in a regular grid, but some acquisitions schmes acquire only an
hemisphere since the signal is supposed to be symmetriGigandet (2009]. An example

of the di usion spectrum obtained with DSI in the case of a ber crossing, as well as the
corresponding dODF are shown in Figure3.16.

Figure 3.16: . DSI reconstruction scheme. A: tissue in a voxel with populations of bers that

cross. B: Through the MR acquisition scheme the signal is sampledin®@rder to reconstruct the
di usion spectrum, the 3D discrete Fourier transform is takeD: To simplify the representation of an
imaging slice, the angular structure of di usion is representadthe dODF (a polar plot of the radial
projection). The color coding corresponds to the orientation ofudion (green: vertical di usion; red:

transverse di usion). [Adapted fronwWedeen et al(2003)].

The major limitations of DSI are the acquisition requirements. Firstly, the number of
measurements needed for the sampling of thg-space is very high ( 500{1000), leading to
an imaging time impracticable for very high resolution images. Another limtation is the
maximum b-value needed for the acquisition ( 10000{20000 smm?). Due to relatively
low maximum gradient amplitudes implemented in conventional MRI systems, high b-
values require, in practice, a pulse duration almost similar to the pulse spacing, . This

52



violates the narrow pulse assumption for Fourier relationship betwen the MR signal and
the di usion spectrum, which yields to slightly, but consistently underestimated di usion

displacements. The result is a considerable blurring in the PDFand consequently in
the derived dODF, although, the overall distribution shape will be correct. For these
reasons, i. e. long acquisitions times and a maximal di usion gradient t@ high, DSI is not
applicable in clinical studies. In research, DSI is only now startng to play a signi cant role

in brain imaging as more centers are equipped with high-end magnets and uitichannel
head coils, and as commercially available pulse sequences are beingtdbuted [Hagmann
et al. (2010].

Single-shell HARDI techniques

Spherical acquisition schemes, also callesingle-shellHARDI techniques have been de-
veloped since through some assumptions they are able to overcome the \dr-crossing
problem" without having to compromise to much scan time and without major hardware
requirements Hagmann et al. (2010]. These acquisitions have both, the di usion time

and jgqj xed (and then a b xed), and only gradient direction varies among measure-
ments. In the following sections we will review theg-ball imaging (QBI) and the spherical
deconvolution (SD) as these techniques have presented an increasing developmhén the
last years.

g-ball imaging (QBI)

g-ball imaging (QBI) approximates the dODF using measurements from asingle-shell
acquisition based upon a transformation called Funk-Radon transform (FRT), G [Tuch
(2002 2004)]. This relationship establishes that the dODF (de ned in equation 3.24) for
a particular diusion direction is equivalent to the circular inte gral about the equator
perpendicular to the direction.

Figure 3.17: Qball reconstruction scheme. We start (left) with gales ofS at xed jqgj (panel 2). To
sample the dODF in one direction, we sum the interpolat@dround the perpendicular equator (panel
3). We repeat the procedure in various directions to obtain maaynples of the dODF (panel 4).
Finally, we may interpolate to approximate the continuous dQOFrom Johansen-Berg and Behrens
(2009].

The FRT can be expressed as
z
gf (w)](u) = (uTw)f (w)dw (3.25)

whereu and w are constrained to be unit vectors. Tuch deduced the relation betwen the
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dODF and the FRT, expressed in cylindric coordinates [(Tuch, 2004 Appendix A)]:
Z
GelS(A)I(u)=2 q° P(r; ;2)Jo(2 q ¥)rdrd dz (3.26)

where ?is the radius of the acquisition shell ing-space andJy is the zeroth-order Bessel
function. For high q values, Jg gets sharper and can be approximated by Dirac function
. This gives the g-ball expression for the dODF
Z
(w= P ;z) (r) ()rdrd dz: (3.27)

See Figure3.17for an illustration of g-ball reconstruction. For the calculation, the discrete
set of measurements must be interpolated to estimate the signal at eacpoint of the
circle. This approximation is then valid for a high value of b (b 3;000 smm 2) and
an important number of measurements ( 200). Anyway, due to the approximation, the
calculated dODF will be smoothed, which will reduce the angular reslution and precision
of peaks directions.

The original implementation [Tuch (2004] used radial basis functions to interpolate
S and has a numerical solution. Later works used analytical spherical harmows (SH)
for reconstructing the solution, which gives a more compact represeation of the dODF
[Anderson (2005; Hess et al.(2006; Descoteaux et al.(2007]. These approaches avoid
numerical computations, as the FRT has analytic form if S is a linear combination of SH
functions, allowing a faster and more robust to noise solution.

Spherical Harmonics Basis and numerical g-ball solution.  SH form an orthonor-
mal set of functions with respect to the inner product. Sphericalharmonics Y™ of order
" and degreem are de ned as

S
Y‘m(; ):

2+1(C m)
4  (+ m)

PM(cos )€™ (3.28)

where 2 [0; Jand 2 [0;2 ). Descoteaux et al.(2007) de ned a modi ed basis consid-
ering only SH of even degree, in order to impose a real-valued constrajrusing a single
index j in terms of * and m:

8 p_ -
> P Re(Y!™): if m< 0
Y= I\Oﬁm: if m=0 (3.29)

2 (D™ m(Y™); if m> 0

where Re(Y'™) and Im(Y-") represent the real and imaginary parts of Y. respectively,
Y=0;24 L, m= 0, andj(C;m) = (C2+ T +2) =2+ m. Figure 3.18shows
some examples of modi ed spherical harmonics.

Thus, a truncated smooth estimation of the HARDI signal S;, for a particular encoding
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Figure 3.18: . Examples of modi ed spherical harmonics for orders0, 2 and 4 [Adapted fromDe-
scoteaux(2008].

gradient direction i can be formulated as

xR
S(i; i)= GYi(i; i) (3.30)
j=1
where R is the number of terms in the modi ed real and symmetric SH basisY of order
L, and ¢; are the SH coe cients.
In order to determine the ¢ coe cients for N encoding directions, we need to solve an
over-determined linear system using all R) matrix B, constructed with the discrete

modi ed SH basis:
1
Yi( 15 1) Yo( 15 1) Yr( 15 1)

0
B:% 5 : : §: (3.31)
Yi( Ny N) Ya( N5 N) YR( N5 N)

Then, the least-squares solution for the R 1) SH coe cient matrix C is
c=(B™B+ L) BTS (3.32)

where S is the (N 1) vector of input signal Sj, and L is a (R R) Laplace-Beltrami
regularization matrix with entries *(j)2('(j) + 1) 2 along the diagonal.

Analytical g-ball solution. Descoteaux et al.(2007) demonstrated a new corollary of
the 3D Funk-Hecke theorem for the analytical evaluation of integrals of funt¢ions on the
sphere, to obtain a mathematical simpli cation of the Funk-Radon transform. The FRT

can then be expressed in function of the SH series, in a given uniteetor direction u:

X 2P ;(0)

GIS)(u) = o

G Y (u) (3.33)
i=1

where P-(0) is the Legendre polynomial of degree evaluated at 0. The SHs are then
eigenfunctions of the FRT with eigenvalues depending only on the orde™ of the SH series.
The ODF reconstruction in terms of SH coe cients, denoted by the (R 1) vector C9 is
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Figure 3.19: dODFs for the analytical and numerical QBI. The regafrinterest shows the cortical
spinal tract (CST) and corpus callosum (in the plane) and th&T and longitudinal superior bers
(coming out of the plane) cross. Froescoteaux2008]

simply a diagonal linear transformation given by
c%= pC (3.34)

where P is the Funk-Hecke matrix, with diagonal elements 2P -(;)(0)=S. The nal esti-
mated ODF on the sphere can be obtained by = BC % With the addition of Laplace-
Beltrami regularization it is therefore possible to compute a fast and pbust analytical QBI
solution (see Figure3.19).

Generalized FA (GFA)

Tuch (2004 de ned a generalized fractional anisotropy as an analog fog-ball of the FA
in DTI. The GFA is a measure of variation of the dODF, , mathematically d e ned by

GFA =]

R PO
(W ) du,

R o (3.35)

_ R
where =(4 ) ! ( u)du. This de nition extends to any other function of the sphere,
for example, to any fODF.

Spherical Deconvolution (SD)

Spherical Deconvolution (SD) methods recover the fODF directly from the measure-
ments. These approaches, originally proposed byTpurnier et al. (2004], consider the
HARDI signal as the sum of measurements from a mixture of distributions of ber orien-
tations. Each measurement is viewed as a convolution of the response fciion produced
by a single ber (R) with the expected true ber distribution (fODF). Then, sphe rical de-
convolution aims to recover an estimation of the fODF by deconvolving the measurements
with R. An illustration of spherical deconvolution is shown in Figure 3.20. SD requires a
model of di usion for a ber population in order to determine the ber response function,
R. One strategy is to modelR with a Gaussian function [Alexander (2005]. Other works
derive R directly from real datasets calculating the average signal from most anisabpic
voxels [Tournier et al. (2004; Alexander and Barker (2009)].
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A major limitation of SD is its susceptibility to noise and severe instabilities for high
harmonic orders, which results in spurious peaks in the recoveretODF. To reduce this
e ect, Tournier et al. (2004 used low-pass ltering, but this solution, called Itered spher-
ical deconvolution, also reduces angular resolution. An improved solution, calledsuper-
resolved constrained spherical deconvolutiorwas implemented in [Tournier et al. (2007)]
by the means of a modi ed Tikhonov regularisation method.

Figure 3.20: . Spherical deconvolution illustration. The responsefion R convolved with the fODF,
gives the observe®. In the example, the convolution becomes a sum for two directiogghee true
fODF is zero for all others. [Frondohansen-Berg and Behreif2009)].

Sharp Spherical Deconvolution of the dODF

More recently, Descoteaux et al.(20090 proposed a sharp spherical deconvolution trans-
form reconstructed from g-ball imaging with the constrained regularization described in
[Tournier et al. (2007)]. The starting point of this deconvolution method is not the mea-
sured signal but the estimatedq-ball dODF ( 4). The estimated smooth dODF is decon-
volved by the dODF for a single ber (RY in order to obtain a sharpened ber ODF,
(see Figure3.21).

Figure 3.21: Sketch of the convolution/deconvolution of the dODF. In A, ttenvolution between the
true fODF and the dODF kerneR® produces a smooth dODF. B shows the sketch of the deconvolution
sharpening. The Funk-Radon Transform (FRT) of the HARDI signaltbe sphere produces a smooth
dODF. This dODF is transformed into a sharp fODF by the decomioin with the dODF kernel of A
[From Descoteaux2008)].

The convolution on the sphere between the single ber di usion kerrel R°and ¢ can
be written as z
a(u) = Rqu w) ¢ (w)dw: (3.36)
jwj=1
In order to solve this integral, gqand ; are expressed using their respective SH estimation
of order °, given by = j chYj (uyand ¢ = ;f;Yj(u). Then, the Funck-Hecke
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theorem (equation 3.33) can be applied to solve the convolution integral betweerR® and
the spherical harmonicY; over the sphere, leading to the expression

RO
TOEREA0) (3.37)
j=1

for any direction u, where 7
1

rp=2 Py (HRYt)dt: (3.38)
1

The model of diusion for a single ber can be assumed to be an axially symetric
and prolate tensor ( 1 > = 3)as in [Anderson (2009]. Thus, R®can written as

1 1
RAt)= —p p
1) TN

: 3.39
2. (=1 LH2+1 ©=9

This method improves ber detection of QBI by increasing angular resolution.

Figure 3.22: Axial slice showing intersection between the genu efdbrpus callosum, the capsule
bers and the superior frontal gyrus bers. We show the di usiaensors, the constrained SD, the
g-ball dODF and the sharp fODF overlaid on the GFA map. [Fr@ascoteaux2008)].

In general, spherical deconvolutions require an inferior number of mesurements than
QBI ( 60{80), with similar requirements for b-value.

Multiple-shell HARDI techniques

Recently, several techniques have being developed for HARDI datardm multiple g-
shells These methods use acquisitions with severdb-values in order to obtain a better
modeling of the diusion propagator. Multiple-shells benet from th e high signal-to-
noise ratio (SNR) of the data acquired at low b-values and high angular contrast-to-
noise ratio (CNR) at high b-values. For example,Aganj et al. (2010, by considering the
solid angle factor, use a mathematically better de nition of the ODF and resulting in a
dimensionless and normalized ODF expression that can be used to estaite ODFs from
single- or multiple-shell acquisitions. In another work, Descoteaux et al.(20099 propose
a di usion propagator imaging (DPI), an analytical and linear solution of the en semble
average propagator based on a Laplace equation modeling of the di usion signal.
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3 MR Di usion Tractography

MR di usion tractography, also called WM tractography, uses the directi onal
information from di usion measurements to estimate the trajectories of white matter path-
ways. While invasive techniques can actively trace individual axoms in animals, WM trac-
tography is the only technique able to study human whole-brain WM tracts non-invasively
and in vivo. WM tractography has major limitations related with the indirect natur e and
low resolution of DW data. Results contain a signi cant quantity of false negatives and
false positives due to the inhability to determine precisely the underlying ber con gura-
tion within a voxel. Furthermore, the impossibility to di eren ciate e erent and a erent
pathways is a fundamental limitation. However, the non-invasive natue of tractography
and all the developments and improvements in DW-MRI allow the study of human brain
connectivity and contribute to a better understanding of the human brain.

Tractography algorithms can be deterministic or probabilistic, local or global, model-
based or model-free, and basically with two kinds of results: 3D cur@s or voxel-maps. In
this section we will review in more detail the streamline tractography as its output, a set
of 3D curves, is the main input of our thesis work.

Figure 3.23: Visualization of the orientation of the principal eigeotor of one slice on a per voxel
basis (projection into the axial plane), with color coding acdimg to FA. In the slice, the traced ber

tracts reconstruct the trajectory of bers from the splenium ofi¢ corpus callosum. From a seed point,
the tractography algorithm follows the vector eld determineth DTI, by the DT principal eigenvector

(e1).

Streamlines are trajectories that follow the direction of an underlying vector eld.
The lines can be reconstructed by starting with a\seed"and followng the local vector eld
step-by-step. Streamline tractography de nes, then, 3D space-cuwres that are tangent to
the local ber orientation given by the di usion local model. These t ractographic 3D curves
are commonly referred to as \ bers" or \tracts", though they do not repres ent individual
bers or axons. Instead, the curves represent an estimate of the tragctory of some larger
white matter ber tract. In this thesis, we will use the terms \b er"\tract" or \ ber
tract" to refer to the trajectories obtained with tractography algorith ms. Consequently, a
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\ ber bundle" will be a bundle of tractographic curves and not a real anatomical bundle of
neural bers. When required, we will use the expressiorwhite matter tract, or WM tract,
to address a ber bundle representing a white matter ber tract d escribed by anatomists.

Mathematicaly, a streamline can be expressed by an equation desciiiy the trajectory
evolution [Basser et al.(2000]:

rqs) = v (r(s)) (3.40)

wherer (s) is the point (Xx;y; z), located at distances along the streamline from the starting
point rg, and v(s) is the local diusion model at point r(s). The calculation of the
streamline requires the resolution of this di erential equation by the integration of v:
z t
r(t)=ro+ v (r(s)) ds (3.41)
0

which implies the accumulation of errors along the streamline computaibn. These accu-
mulated errors are the result of integration errors, and local di usion model estimation
errors due to the uncertainty of the local di usion and noise.

Streamline tractography requires a Region of Interest (ROI) as input;from each voxel
of the ROI, a de ned number of seeds are placed for trajectories genation. From each
seed point, a streamline is tracked in both, retrograde and anterograde déctions. The
approach that uses a brain white matter mask as seed ROI is usually called\whole-brain"
or \brute-force" tractography.

In the next section (3.3.1) we will review the main streamline deterministic tractogra-
phy algorithms and the concept of ber trajectory regularization. Then, in section3.3.2, we
continue with streamline probabilistic tractography approaches, devéoped to better deal
with ber crossings. Finally, in section 3.3.3 we overview other important tractography
techniques.

3.3.1 Streamline Deterministic Tractography

Streamline deterministic algorithms follow the most probable diredion given by the di u-
sion local model Mori et al. (1999; Conturo et al. (1999; Poupon (19993; Basser et al.
(2000; Mori et al. (2002)]. Earlier algorithms, applied to DTI, use the principal eigen-
vector (e;) as the direction of local ber orientation. Figure 3.23 shows an illustration of
streamline tractography in DTI.

The FACT algorithm (Fiber Assignment by Continuous Tracking) [ Mori et al. (1999)]
assigns to each voxel the direction of the principal eigenvector. Ths, each trajectory
follows the direction indicated by the local DT, without interpolat ion, as illustrated in
Figure 3.24 (Al1). Newer approaches require the interpolation of the di usion local eld
at each trajectory point from the calculated values on the measurement gd [Conturo
et al. (1999; Basser et al.(2000] (see Figure 3.24 (A2)). These methods produce lower
propagation errors than those without interpolation and are more robust to nois [Lazar
and Alexander (2003]. Tracking methods use either a constant integration step sizeCon-
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turo et al. (1999] or a step size adapted to the trajectory curvature Basser et al.(2000].
Besides, di erent approaches use di erent numerical integration agroximations, from the
Euler method, which assumes a constant value during each step, toigher order integra-
tion methods, like Runge-Kutta schemes of order 2 or 4. Integration erors diminish with
decreasing step size and more accurate approximations.

Figure 3.24: A: Example algorithms for deterministic streamlirectography in DTI. In Al, the ber
tracts are reconstructed using the FACT methol¢ri et al. (1999], where the trajectories follow the
DT principal eigenvector of each voxel. In A2, the trajectorées calculated using interpolation between
grid points [Conturo et al.(1999], [From Perrin (2009]. B: Propagation masks used as a tracking
stopping criterion. In B1, the typical thresholded FA masth (= 0.1). In B2, a propagation mask
constructed from a T1 imageHerrin et al.(2008)].

Stopping criteria

One stopping criterion uses apropagation mask of white matter; if a point exits the
mask, the tracking is stopped for the corresponding line. Typicallythe WM mask is a
thresholded mask of FAwith usual threshold values of 0.1{0.2 (see Figure3.24 (B1)).
The tracking is then stopped if the anisotropy is too low, assuming hat when FA is too
small, the uncertainty of the principal di usion direction is high. However, this criterion is
rough as the FA value is not speci c of a particular structural con guration and therefore
constraints tracking results to region of WM with high anisotropy. In par ticular, FA (or
GFA) can be very low in ber crossings representing more than 2/3 of WM vaxels, thus
putatively discarding many valid tracts. Furthermore, because the dMRI resolution is
generally coarser than standard T1-weighted MRI (on the order of 2 mm isotrojx), voxels
at the interface between the WM and the cortex may su er from severepartial volume
e ects, arti cially diminishing the FA values. Therefore, many t rue-positive neuronal
pathways may not be revealed.

Another option is to use a propagation mask calculated from a T1 imaggPerrin et al.
(2008; Guevara et al.(2011D]. In this case, a better de nition of the WM can be achieved,
as shown in Figure3.24 (B2). This approach can be used with tracking algorithms with
regularization to resolve the trajectory direction in low anisotropy locations. Besides, a
good registration between T1 and T2 images is needed.

A second common stopping criterion, amaximum curvature threshold, aims at
avoiding fast changes in the streamline direction. This criterion & based on the assumption
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that real WM bers do not present high curvatures. Therefore, if the angle between the
incident trajectory and the local vector eld is greater that the thr eshold ( 30 {45 ), the
tracking is stopped.

Regularized algorithms

Alternative streamline algorithms can better resolve bers in regions where there are
crossing or fanning bers usingtrajectory regularization. They involve the use of more
information like the entire tensor information for DTI case, and the incident streamline
direction.

The \Tensorlines" tracking method [Weinstein et al. (1999; Lazar et al. (2003] esti-
mates the local pathway direction using the tensor de ection (TEND). During the pathway
calculation, the new direction (voyt), considers both, the local DT (D) and the incident
direction (vin)

Vour = fer+(1  f)[(1 g)vin + dDvin] (3.42)

where e; is the DT principal eigenvector. Figure 3.25 illustrates the behavior of this
tracking algorithm that includes trajectory regularization. This met hod is less sentitive
to noise and low anisotropy values than the classic approaches. Howeveté choice of
parameter values € and g) is a major problem.

Figure 3.25: Example of TEND algorithm behavior for di erent shapef local DT ellipsoids. The
incident directionvj, is in blue while the out directiow; is in red [FromWeinstein et al.(1999].

Another approach uses a markovian regularization of the directions eld tode ne the
bers as a trade-o between high diusion along bers and low curvature constraints
[Poupon et al. (2000)].

Streamline based on HARDI

Higher di usion models can overcome problems associated with singlensor based
methods, particularly when crossing bers are involved. For exampé, an extension of
the streamline based on the classical di usion ODF reconstructed fom QBI and a regu-
larized version of the dODF was proposedJ. S. W. Campbell and Pike (2009)].

Another approach based on QBI, reconstructs regularized ber trajectoies using the
shape and peak orientation of theg-ball dODFs to in uence the paths of the streamlines at
each step Perrin et al. (20058]. This method employs a measure of anisotropy to weigh
the in uence of the g-ball on the particle trajectories. Even though this regularization
method was proposed for QBI, it can be generalized to any HARDI di usion lacal model.

Particles start from seeds with an initial direction equal to the local diusion eld.
Then, if we de ne r(s) as the location of the particle at arc-length position s, and v(s)
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the out direction of particle at r(s), the next particle step is de ned as
r(s+ s)=r(s)+ v(s) s: (3.43)

At each trajectory step, the new out direction v(s+ s) results from a trade-o between
inertia, given by the incident direction v(s) and a force steeming from the di usion local
eld vy(s):

v(st s)= vg(s))+(1  )v(s) (3.44)

where is a parameter ranging between 0 and 1. The di usion local model is intgolated
at each locationr(s) using trilinear interpolation.

For deterministic tractography, the direction vq(s) is the direction of maximum prob-
ability inside a half cone de ned from the incident direction v(s). The parameter is
a measure of anisotropy. For isotropic voxels, is small, and the algorithm favours the
incident orientation; while for anisotropic voxels, is large, and the algorithm favours
the di usion local eld direction. For QBI, was estimated as the normalized standard
deviation of the interpolated g-ball. Figure 3.26 presents an illustration of this trajectory
regularization algorithm for anisotropic and isotropic cases.

Figure 3.26: Regularization of particle trajectories for HARDI. Aeasure of anisotropy is used to
weight the in uence of the HARDI di usion local model on the partes trajectories. For QBIPerrin
et al. (20059 used the normalized standard deviation of the interpolatgdall. [From Perrin et al.
(20053].

A two-tensor ber tractography method that estimates two tensors from t he acquired
MR values was also proposedHergmann et al. (2007)]. At each step of the path, the
two tensors are interpolated, and the trajectory follows the tensor nost aligned with the
current direction. Another method using a two-tensor model was reently proposed and
used to resolve ber crossing in the corticospinal tract Razi et al. (2009]. Although results
are interesting, these methods present the di culty of model sdection in each voxel.

Streamline tracking algorithms were also proposed based on the princg direction of
the dODF computed from DSI [Tuch (2002; Wedeen et al. (2008]. Also, Descoteaux
et al. (2009 used an fODF estimated from a sharpening spherical deconvolution of
the dODF reconstructed from QBI, for streamline deterministic ber tracking. At each

63



point, the out direction v, is selected as the fODF maximum that is the closest to the
incoming tangent direction of the curve (vi).

Deterministic algorithms are simple and fast, but are very susceptile to noise and
are limited when multiple ber populations exist within a voxel. Streamline probabilistic
tractrography tryies to face this problem using more information about the probability
distribution of the ber orientation.

3.3.2 Streamline Probabilistic Tractography

Streamline probabilistic tractography algorithms use an orientation probahility distribu-
tion (dODF or fODF) and Markov Chain Monte Carlo sampling to generate the stream-
lines. For this, a big number of seeds is randomly distributed ingle each ROI voxel
( 200{1,000).

An example of this kind of method was proposed byPerrin et al. (20059, which regular-
ized deterministic streamline algorithm was described in sectior8.3.1 For the probabilistic
approach, each trajectory step is determined using the same exprgi®n (equation 3.44),
where an anisotropy measure is used as a weighting parameter for di usiolocal model di-
rection v4(s) and incident direction v (s). The di erence consists in the approach employed
for determining v4(s), which in this case is randomly chosen inside the half cone de ned
from the incident direction (see Figure 3.26). Then, a big number of seeds from each voxel
will generate a ber dataset representing the probability of the di erent connections that
can exist from each voxel to the remaining GM/WM interface voxels. Se Figure 3.27
for a comparison between streamline probabilistic and determinist tractography over a
eld of fODF calculated with a sharpening SD of the dODF from QBI [ Descoteaux et al.
(20091)]. In this example, tractography was calculated for the whole brain, ushg a T1
propagation mask with voxel size of 09375 0:9375 1 mm, and 27 seeds per voxel (see
Figure 3.24 (B2)). The gure shows a selection of bers passing through an ROI (in red)
localized in the left post-central gyrus. As expected, the probabiktic method presents a
higher range of probable connections.

Another streamline probabilistic tractography was proposed by Descoteaux et al.
(2009h for an fODF estimated from the sharpening SD of the dODF from QBI. The
algorithm generates new seeds for streamline tracking in each fanninggion, leading to a
dense sample of probable directions. This method produces a set obers which recovers
segments of WM bers more accurately but does not re ect the continuity of the bers or
the cortical and subcortical regions they connected since they needtbe cut in order to
perform the splitting [ Wassermann et al.(20109].

Finally, Chao et al. (2008 presented a streamline tractography algorithm for QBI
called amodi ed ber assignment using the continuous tracking (MFACT). This algorithm
extends the FACT model to multi- ber directions within each MR voxel. Fiber tracts
initiate from the center seed point of each voxel, and spread along theidections of the
local maximum di usion, reaching the interception point on the boundary between two
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voxels. Then, tracts follow the new voxel directions of the local naximum di usion, as
a region-growing method (see Figure3.28). This tracking method seems interesting but
more validations and comparisons with other methods are required.

Figure 3.27: Streamline tractography examples for determinisiicl probabilistic approaches, using
the fODF estimated from a sharpening spherical deconvolutionted tODF from QBI Descoteaux
et al. (20091]. Tractography was calculated for the whole brain, using a Tibpagation mask with
voxel size of 0.9375 0.9375 1mm, and 27 seeds per voxel. The tracking algorithm is the pro-
posed byPerrin et al. (20059, which uses regularized particle trajectories and is impdated in
BrainVISA/Connectomist-2.0 software. The tracking algorithm used a calculation step siz€® #6875
and a maximum curvature angle of 30 Minimum and maximum allowed trajectories length were 20
and 200 mm, respectively. The rst row shows the resulting Isefin blue), passing through the red
ROI, localized in the left post-central gyrus. For a betteruadization and comparison of both methods,
tractography results are also illustrated using ber densiteshes. Three semitransparent ber density
meshes are used, to indicate regions were ber density is saptr 0.04% (in orange), 0.4% (in blue),
and 1.9% (in red).

Probabilistic streamline tractography is robust to noise and partial volume e ect. Be-
sides, it naturally gives a probability of connection between two regons. However, the
obtained tracts present a bigger number of false negatives than determistic approaches.
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Figure 3.28: MFACT tractography approach. Fiber tracts initiate fraime center seed point of each
voxel, and spread along the directions of the local maximum dian (A). Then, tracts follow the new
voxel directions of the local maximum di usion, as a region-gragvinethod. Tracts are stopped when
the angle between two adjacent vectors is bigger than a thresijpldm dotted lines) or the length of
local maximum vector is shorter than a minimum value (red @atktlines) (B). The whole process is
similar to a region-growing method with hierarchical red, ogan yellow, and green points which serve
as seed points for further ber tracking. [Fror@hao et al.(2008)].

A limitation of this kind of method is the calculation time, but it can b e performed in
parallel. Another problem is the huge number of trajectories that is usially calculated for
a whole brain, which, until now, prevents the application of \ ber cl ustering” algorithms
to whole brain probabilistic tractography datasets.

3.3.3 Other Tractography Algorithms

Two other main types of tractography algorithms have been developed. TheBayesian
tractography, which is extensively applied in brain connectivity studies, ard the global
tractography, which recent results are very promising.

Bayesian Tractography

A di erent type of probabilistic tractography approach, called Bayesian estimates global
connectivity, which results in a connection map indicating the condence that each voxel
is connected to the seed regiorHarker and Alexander (2005; Hosey et al.(2005; Behrens
et al. (2007); Jbabdi et al. (2007); Kaden et al. (2007; Seunarine et al.(2007; Morris
et al. (2008; Melie-Garo>3a et al. (2008].

These methods use a model of the uncertainty of each ber orientationrepresented
by posterior probability density functions and Markov Chain Monte Carlo sampling of the
streamline paths to estimate connectivity probabilities betweendi erent brain regions. The
procedure runs multiple streamline tracking processes (regiions) from each seed point
so it is computationally expensive ( 1,000{10,000 streamlines per seed). The number of
occasions at which each voxep is crossed by a streamline is used to de ne the map of the
probability  of connection to the start point (see Figure3.29. These methods, in general,
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Figure 3.29: Bayesian tractography probability map)(example. Coronal projections of left motor
strip connectivity at di erent thresholds. Logarithmic colourale: (A) 0.0< < 1.0, (B) 0.027< <
1.0, (C) 0.074< < 1.0 and (D) 0.20< < 1.0. Major apparent connections identi ed include: (i)
thalamus, (ii) subthalamic nucleus, (iii) globus pallidusyX putamen and (v) Wernicke's area [From
Parker and Alexande¢2003)].

do not produce a tractography ber dataset, required as input for our thesis work.

Global Tractography Algorithms

Global tractography algorithms use global properties (i. e. along the whole arve) to
infer the ber trajectories.

Front Evolution approaches try to nd the path of least hindrance (and so, of maximum

di usivity) that connects two particular points. This is a global opti mization problem
that minimizes the path integral and thus, maximizes the global di usivity [ O'Donnell
et al. (2002; Pajevic et al. (2002; Jbabdi et al. (2004); Lenglet et al. (2004); Lenglet
(2009; Jbabdi et al. (2008]. In practice, these methods use fast marching techniques to
infer geodesic paths. These approaches are fast and less sensitiveldoal perturbations
such as noise or partial volume e ects. However, choosing a metric for ich geodesics
represent ber pathway trajectories is not straightforward. Besides, geodesics have the
limitation that for any pair of regions in the brain, there exists a geodesc between those
regions, and it is di cult to decide if a geodesic is a ber traject ory [Jbabdi et al. (2008)].

Figure 3.30: Example of spin-glass tractography of a synthetic berssing over using DTI. a) The
tensor eld. b) The initial spin glass: spins (represented ¢peen and red cylinders) were randomly
placed and aligned with the main tensor eigenvectors. The binlks represent the spin associations.
¢) The minimal energetic con guration of the spin glass in b). d) Aftconvergence: spin chains have
grown and merged to reconstruct the crossing area. [Frithard et al. (2009)].

67



Other interesting global tractography approaches use thespin-glass model [Poupon
(19999; Cointepas et al. (2002; Fillard et al. (2009]. This method parameterizes the
entire white matter fascicle map by pieces of bers, representedy small line segments,
called spins. Spins are encouraged to move and rotate to align with the mai ber direc-
tions, and to assemble into longer chains of low curvature. Thus, the gorithm uses the
di usion local model and the global information of spin neighbors in an iterative mini-
mization process. Figure3.30 shows an example of spin-glass tractography of a synthetic
ber crossing over using DTI. The algorithm only relies on the two gererally admitted
priors that brain bers have a low curvature and do not end inside white matter. They do
not require an estimation of the number nor directions of the ber compartments in each
voxel and can be adapted to any type of di usion model Fillard et al. (2009)].

Figure 3.31: Reconstruction of callosal bers with three methodsftL&ensor-based streamline trac-
tography (TBT). Middle: g-ball based streamline tractography (QBT). Right: Spin-glasadtography
(SGT). All bers of TBT are redirected vertically because ofdhsurrounding corona radiata. QBT
performed slightly better but missed a large part of the callogadrs. SGT, by using the neighborhood
to determine the most plausible pathways, was able to recoher myriad of bers passing the corona
radiata [FromFillard et al. (2009)].

Another probability-based method was introduced by Kreher et al. (2008 to extract
and quantify neuronal pathways, connecting two a priori de ned regiors. In contrast to
other approaches, this method is based on combining two independentisiting maps of
di erent seed regions, which allows the identi cation of point to poi nt connections without
a priori knowledge about its course.

These global approaches are more successful than deterministic streine based meth-
ods to recover crossing bers (see Figur31). A limitation is the requirements of compu-
tation time and memory, which are still very high.
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3 4 Conclusion

In this chapter, we introduced the principles of di usion MRI, a technique al-
lowing the non-invasive study of human brain white matter architecture. Di usion MRI is
based on the di usion phenomenon of water molecules within neural tisges. It measures
the average displacement of water molecules along several directionduring a period of
time within each voxel. Then, based on these measurements, di usn models reconstruct
a more or less direct estimation of the underlying ber tract orientations. From models, a
measure of di usion anisotropy can also be deduced, which has been showo be a mea-
sure of white matter integrity. Tractography methods use the estimated ber orientation
of putative ber tracts to trace 3D trajectories representing the p athways of white matter
tracts. The resulting ber tracts strongly depend on the quality of t he di usion data as well
as on the diusion model. Noise and inherent limitations of the DW-MRI t echnique can
not resolve the white matter con guration at microscopic scale, produchg false negative
and false positive curves. These issues can be partially overcome Hye use of high angu-
lar resolution acquisitions (HARDI) and di usion models capable to resolve multiple- ber
populations or ber crossings. Anyway, WM tractography is a powerful technique able to
study human whole-brain WM tracts non-invasively and in vivo. Furthermore, DW-MRI
is an active research eld, where techniques from MRI physics, pasng through the ac-
quisition and distorsion corrections, to di usion modelling and tractography algorithms,
are in continuous improvement in order to get more accurate results. Tactographic tracts
are used to study brain connectivity, and particularly, to identif y white matter tracts for
research and clinical studies. In the next chapter, we will revigv the principal methods
employed to clusterize WM ber datasets for the identi cation of wh ite matter tracts.
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Chapter 4

White Matter Clustering
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Overview

As we studied in previous chapter, di usion MRI provides in-vivo measures that re ect
the underlying tissue abnormalities. A comparison of di usion measuements between
populations can then be performed. Several methods have been propasér di usion
parameter analysis. Some approaches directly compare di usion indexesf white matter
voxels. Other more sophisticated approaches classify white matteroxels for tract identi-
cation and posterior comparison. Instead of basing the analysis only on voxedi usion
parameters, tractographic ber bundles can be used for a better corrgsondence across sub-
jects. To achieve this, the large amount of bers obtained from tractography algorithms
require adequate processing methods for the identi cation of whie matter tracts. Earlier
techniques used regions of interest for extracting known ber tra¢s. Other methods use
ber clustering to regroup bers presenting similar shape and trajectory into ber clusters.
These methods can be used for a more automatical identi cation of white matter tracts.
Furthermore, ber clustering results can allow a better underganding of the structure of
the ber tracts. This thesis work is focused on this research area, Y the development of a
novel method for white matter ber clustering and the inference of an atlas of WM ber
tracts.

In order to situate our work, this chapter presents a review of the man approaches
used for tractographic pathways clustering and identi cation. Fiber clustering methods
are particularly addressed, as well as the di erent ber similarity measures described in the
literature. Overall, this introductory chapter is inspired from review articles and chapters
from [O'Donnell (2006; Moberts et al. (2005; Jain (2010; Johansen-Berg and Behrens
(2009; Wassermann(2010], which are great sources for a general understanding of white
matter ber clustering.

Keywords: white matter clustering, ber tracts, WM atlas, ber clustering, ber dis-
tance, ber similarity measure

Organization of this chapter:

The chapter is organized as follows. We rst describe cross-subjecegistration methods
in section 4.1. Then, we briey introduce methods of direct WM segmentation using
DW images in section4.2. ROIl-based approaches for WM tracts segmentation are then
mentioned in section4.3. Next, we focus on WM ber clustering methods in section4.4,
starting with a review of main clustering methods and ber distance measures. Finally,
we describe the most important approaches for WM quantitative analysis in section 4.5.
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4 1 Cross-subject registration

The study of anatomical structures or di usion (and also functional) prop erties across
a group of subjects requires to nd a correspondence between sulgjes. It is, to determine
which location in each subject's images corresponds to the equivaleanatomical location
in the other subjects. The correspondence can be found between imager between regions
of interests, like sulci or WM tracts.

Registration is the spatial adjustment of one image to match another. The iput image
is normally of a single subject's brain, and the reference image mightéa di erent image
of the same subject, a dierent subject, or a 'template” brain (process callednormal-
ization). Template images are typically created by averaging several subjest images in
some common space. Registration can be linear or non-lineatghansen-Berg and Behrens
(2009]:

Linear registration  limits the motions applied to the input image to global trans-
lations, rotations, scalings and shears. These low 'degrees-of-freeddfDoF) transforma-
tions tend to be robust and accurate for aligning images within subject. These transfor-
mations can also be used to align head shapes and positions between sulgedut there
will be remaining smaller-scale di erences.

Non-linear registration (warping) can apply local warps, as opposed to the sim-
ple, global transformations applied by linear registration. Non-linear regstration may be
constrained to only allow simple, coarse warps (low DoF), or may be alloed to apply
very nely detailed, complex warps (high DoF), in order to attempt to match the input
image to the reference image as perfectly as possible. Non-linear regetion is normally
initialized by linear registration, to get the general orientation and size matched globally.

Very high-dimensional warping must be used carefully as images can beanped so
much that they look almost exactly like each other, but images may not hae achieved
overall structural homology, i.e. preserved how the di erent features relate to each other
[Johansen-Berg and Behreng2009]. Furthermore, increasing exibility with more DoFs
comes at some cost. The most obvious penalty is that more parameter determétion
tends to require more computer time Crum et al. (2004)].

Registration can be divided into geometric approaches and intensity apmaches. Ge-
ometric approaches build explicit models of identi able anatomical eements in each im-
age. These elements typically include functionally important surfices, curves and point
landmarks that can be matched with their counterparts in the second image. These cor-
respondences de ne the transformation from one image to the otherGrum et al. (2004)].
The intensity approach is done by optimisation based on an image similarityneasure that
quanti es the degree of similarity between intensity patterns in two images (intensity-
based registration). The criterion can be the minimization of the mean guared di erence
[Friston et al. (1999], the maximization of normalised cross-correlation Studholme et al.
(1999; Collins et al. (1995], the minimization of the variance of intensity ratios [Woods

73



et al. (1993] or the maximization of mutual information (MI) [ Viola and Wells (1997)]
or normalized mutual information (NMI) [ Maes et al. (1997); Studholme (1999]. The
last three can be used for between-modality registration but Ml (and NM) is regarded as
the de-facto standard in multimodality image registration [ Gholipour et al. (2007]. The
di erent methods mainly di er by the regularization scheme and opti mization strategy
which have a crucial in uence on the registration processHellier et al. (2003].

Hybrid algorithms have also been proposed, combining intensity-bask and model-
based criteria to establish more accurate correspondences in di cli registration problems,
e.g. using sulcal information to constrain intensity-based brain regstration or to combine
the cortical surface with a volumetric approach (see Crum et al. (2004)]).

The transformation model de nes how one image can be deformed to match anber;
it characterizes the type and number of possible deformations.

Linear transformation types:

Rigid: global translations and rotations. Accounts for position and orientation (6 param-
eters).

Ane: Rigid plus overall scale and shear (12 parameters).

Piecewise linear: A set of linear maps.

The rigid and a ne transformations can be fully modeled as 4x4 matrices of translation,
rotation, scale, and shear.

Non-linear deformation types:

Basis functions: Polynomial [Woods et al. (1998] or harmonic basis functions JAsh-
burner et al. (1999]. The last ones are used by the software SPM (statistical para-
metric mapping).

Physical continuous models: Viscous uids [Christensen et al. (1996], demons algo-
rithms [Thirion (1998)].

Large deformation models: Di eomorphisms, which de ne inverse consistent deforma-
tions [Ashburner (2007); Vercauteren et al. (2008 2009].

4.1.1 Normalization to Talairach space

The Talairach atlas [Talairach and Tournoux (1988 1993] was generated from a single 60
year old female postmortem brain in which one half of the brain was sectiorgk sagitally
and the other coronally (see Figure4.1 (a) and (b)). Talairach space is de ned as the
standard brain space with the same dimensions as the published 1988 atlax=136 mm,
y=172mm, z=118 mm). The Talairach stereotaxic coordinate system is basedon two
relatively invariant subcortical point landmarks, the anterior commis sure (AC) and the
posterior commissure (PC). In this space, the principal axis correggonds to the AC-PC
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Figure 4.1: The Talairach atlas and normalized spadal@irach and Tournoux(1988]. (a) The
Talairach atlas de nes 12 lobes, 55 regions, GM/WM and CSF and 71 Broadmareas. (b) The
Talairach referential can be de ned by tree points: AC, PC aad interhemispheric point. (c) The
normalization to Talairach space de nes 12 rectangular boxssg the AC, the PC and the interhemi-
spheric plane. Each box is linearly stretched/shrunken tavith the reference brain dimensions. [From
http://mipav.cit.nih.gov/documentation/presentations/talairach.pdf].

line, and the origin lies at the AC. The Talairach reference frame is deermined from unit
vectors directed along +x and +y brain axes. The +y unit vector is parallel to the AC-PC
line, arises from the AC, and is directed anteriorly. The +x unit vector is perpendicular to
the interhemispheric plane and is directed to the right side of te brain. A third + z unit
vector is formed as the vector cross product of thex- and y-unit vectors and is directed
superiorly [Lancaster et al. (2007)].

The normalization to Talairach space is done by the de nition of 3 points: AC, PC
and an interhemisheric (IH) point, and the reference frame. The trarsformation consists
in a piecewise linear registration of the brain by respect to the Talaiach atlas brain.
This scaling is done by centering the brain over the AC point, whid will have the (0,0,0)
coordinates and cutting the brain into 12 rectangular boxes. The boxe are localized in
both sides of the sagital plane (X,Z) and axial plane (X,Y), and between the tw coronal
planes (Y,Z) passing through AC and PC. Each box is linearly stretchedshrunken to t
with the reference brain dimensions (see Figuréel.1 (c)).

The Talairach anatomical atlas references several cerebral structureis the Talairach
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referential. In this atlas, Talairach and Tournoux (1988 included a labelling of Brodmann

areas but this map is not accurate as only anatomical landmarks were used for ¢local-

ization of cytoarchitectonic areas rather than histological examination. Although a single
brain cannot be a good representative of the human brain, the Talairach aths has become
the de facto standard in brain mapping [Gholipour et al. (2007)].

Other more recent and widely used templates are the Montreal Neurologal Institute
(MNI) templates. A rst atlas, called MNI305, was created based on averaging sveral
normal MRI brain images, registered to the Talairach coordinates Mazziotta et al. (1995)].
Then, a second atlas called ICBM152, with higher spatial resolution was obtaied as the
average of 152 individual anatomical images, registered to the MNI305 templateising
a ne transformations [ Mazziotta et al. (2009)].

4.1.2 Non-linear registration methods

Several non-linear registration methods have been proposed for brain onmalization.
These methods use dierent similarity measures, deformations, egularizations and
optimization approaches. Some examples are ANIMAL Collins and Evans (1997,
SPM2-type normalization [Ashburner et al. (1999], DARTEL [ Ashburner (2007], AIR
[Woods et al. (1998], FNIRT, Di eomorphic Demons [ Vercauteren et al. (2009)].

An example of highly non-linear transformation is computed with the Large Ddorma-
tion Di eomorphic Metric Mapping (LDDMM) [ Huang et al. (2009; Miller et al. (2009)].
The LDDMM algorithm computes a transformation, ' : ! | where R is the
3D cube on which the data are de ned. The computed transformation is theend point,

= ' 4, of a ow of vector elds, v{ 2 V, t 2 [0;1], given by the ordinary di erential
equation

-+ = Vt( t), 0= id (41)
where ¢ is the identity transformation, o(x) = x, 8x 2 . Enforcing a su cient
amount of smoothness on the elements in the space of allowable vector &g, V, ensures
that the solution to the di erential equation, = v( ¢), t 2 [0; 1], is in the space of

di eomorphisms. Smoothness is enforced throughout by de ning the rm on the space,
V, of smooth velocity vector elds through a di erential operator, L, which generally
represents Laplacian powers such thatkf k2 = KLf k3, where k k; is the standard L?
norm for square integrable functions de ned on .

For an evaluation of several non-linear inter-subject brain registrationmethods please
refer to [Klein et al. (2009)].
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4 2 White Matter segmentation of DW images

WM tract segmentations can be performed using DW-MRI images without the
use of tractography datasets. These approaches use the information given lgi usion
images and di usion models to segment white matter tracts.

Some works proposed segmentations for DTI using front propagation methodsased
on some similarity measure of di usion between voxels\Vang and Vemuri (2004 2005;
Jonasson et al.(20059; Lenglet et al. (2009]. For example, Jonasson et al.(200539 use
3D geometric ow, where the 3D surface evolves with a propagation speed pportional to
a measure indicating the similarity of di usion between the tensors lying on the surface
and their neighbors in the direction of propagation. More complex DT-basedsimilarity
measures such as the Kullback-Leibler divergence metridNang and Vemuri (2005] and
Riemannian metric [Lenglet et al. (2006] have also been used. These DTI-based methods
present the inherent limitations of the DT model and are most often blocked in regions of
ber crossings.

New methods use HARDI acquisitions to segment bundles from elds of OPs [Hag-
mann et al. (2006; Jonasson et al(2007); McGraw et al. (2006; Wassermann et al.(2008);
Descoteaux and Deriche(2009]. Hagmann et al. (200§ and Jonasson et al.(2007) use
DSI data to represent di usion as a signal mapped on a 5-dimensional spacef position
and orientation, de ned by the location of the ODFs on the acquisition grid and their ori-
entational information. The authors use then respectively a hidden Markov Random Field
or a level set implementation in order to segment the image into homogeris, contiguous
and high di usivity regions and to label them as a tract. Two methods where proposed
using the spherical harmonics representation of the ODF describeth [Descoteaux et al.
(2007]. While Wassermann et al.(2008 used ODF di usion maps as spectral embedding
method, Descoteaux and Derichg(2009 employed a region-based level set approach.

These methods can only detect gross masks or 3D surfaces of the main big WikActs.
This is because the analysis of a voxel or a group of voxels can only integeta relatively
local spatial and di usivity information. DW-based tractography provid es a more global
anatomical interpretation of the di usivity on each voxel. By tracing e nsembles of axonal
pathways at a sub-voxel resolution it also provides a solution to somef the problems
arising from partial voluming [ Wassermann et al.(20103].

4 ROI-based WM ber tract segmentation

Earlier works used cortical masks to seed tractography and reconstruct tkown
white matter tracts. This approach, called \from ROI", generally leads to an incomplete
delineation of the tracts [Mori et al. (2005]. Other limitation is that it can not be applied
successfully to pathological brains.

To overcome some limitations of streamline tractography algorithms, speally in re-
gions with crossing bers, a\whole-brain® or\brute-force" seeding strategy is more suitable
[Mori et al. (2009; O'Donnell and Westin (2007)]. Several ROI-based methods have then
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been proposed for the extraction of known WM ber tracts from this kind of dataset,
containing ber tracts of the whole brain.

One strategy is to de ne the ROIs manually, which has been used in seral tractog-
raphy studies [Conturo et al. (1999; Basser et al.(2000; Catani et al. (2002; Mori et al.
(2000; Maddah et al. (2005; Mori et al. (20095; Wakana et al. (2004 2007]. For exam-
ple, Catani et al. (2002 presented a manual ROI approach to reconstruct white matter
pathways. The method produced virtual representations of white matter tracts faithful
to classical post-mortem descriptions, calledvirtual dissection of WM tracts. Using the
same approach,Catani and Thiebaut de Schotten (2008 provide a template to guide the
delineation of ROIs for the reconstruction of the association, projeabn and commissural
pathways of the living human brain. The tracts can be selected usinga single ROI ap-
proach (arcuate fasciculus, cingulum, corpus callosum, anterior commssire and fornix) or
a two-ROls approach (cerebellar tracts and the uncinate, inferior longiudinal and infe-
rior fronto-occipital fasciculi). Some examples of these bundles wdre shown in Figure2.7
(Chapter 2, section2.3). In other set of works, Wakana et al. also use multiple ROIs for 11
tracts of interests, employing di erent types of operations, as \AND", \OR", and \NOT"
[Wakana et al. (2004)], or\AND"\CUT", and\NOT"[ Wakana et al. (2007], the choice of
which depends on the characteristic trajectory of each tract. See gjure 4.2 for an illustra-
tion of manual ROI-based WM tract segmentation. The main limitation of these manual
approaches is that a specic protocol must be followed for the extracton of every WM
tract, where an expert a priori anatomical knowledge is required to ieéntify the course of
white matter pathways and delineate ROIs. This is a very complicatal task, which must
be applied separately for each brain.

In a more recent work, [Zhang et al. (2008H] proposed an automated ROI-based tract
reconstruction approach. A set of reference regions of interest knowto select a tract
of interest was marked in a DTI atlas in MNI coordinates (ICBM-DTI-81) [ Mori et al.
(2008)], described in appendixA. The atlas was then linearly transformed to each subject,
and the ROI set was transferred to the subject for the reconstructon of 11 well-known
WM tracts.

An attractive extension of this approach consists in using a group of subjets to create
probabilistic maps of the resulting WM tracts in a standard space afterspatial normaliza-
tion [Hua et al. (2008]. The population-averaged statistical maps can de ne the standard
coordinates of the reproducible regions (cores) of the tracts. Thena set of ROIs can be
de ned from the probabilistic maps to catch the same WM tracts in any other subject.

Other approaches use whole brain WM/GM parcellations to extract WM tracts. For
example, Oishi et al. (2008 provided a parcellation of the super cially located WM
(SWM), de ned as the area between the cortex and the DWM. The SWM wasextracted
as the WM between a WM parcellation map Mori et al. (2008] and the cortex, using
thresholds applied to a generated probabilistic WM map. The SWM was manally par-
cellated into nine major structures called \blades", which were rther sub-parcellated into
23 regions based on the relationships with 24 cerebral cortical areas and theerebellum
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Figure 4.2: lllustration of manual ROI-based WM tract segmentatidrocations of the ROIs for the
cingulum in the cingulate gyrus part (CGC) on two coronal slicesatal c) and their locations in the
mid-sagittal slice (b and d). The SCC and GCC stand for the splm of corpus callosum and the genu
of corpus callosum, respectively. [Frovidakana et al.(2007).]

(see appendixA). The blades were used as ROIs for tractography selections. Intra-blael
bers could not be located. Four short and one long inter-blade bers wee found. See
Figure A.3 (B-D) for a 3D view of the SWM parcellation and the identi ed inter-bl ade
bers.

Oishi et al. (2009 combined single-participant white matter atlases based on DTI with
highly non-linear image registration methods for automated 3D white matter segmenta-
tion. The authors created three types of WM parcellation map (WMPM) in | CBM-152
(JHU-DTI-MNI atlas) and Talairach (JHU-DTI-Talairach atlas) spaces containing pre-
de ned 3D anatomical regions (see appendixA). Highly non-linear dual-channel Large
Deformation Di eomorphic Metric Mapping (LDDMM) [ Huang et al. (2008; Miller et al.
(2009] was used for normalization (see section4.1).

Automated brain parcellation was achieved by warping the WMPM to normal con-
trols and to Alzheimer's disease patients with severe anatomical atropjp A standard
ROI set was identi ed by superimposing the Type Ill WMPM onto the LDDMM trans-
formed images. Also JHU-DTI-MNI was non-linearly transformed to the imagesusing
SPM5 (http://www. l.ion.ucl.ac.uk/spm/ ) to compare the registration quality with that
of LDDMM.

Zhang et al. (2010 propose an automated atlas-based approach for reconstruction
of WM tracts. The method uses a single-subject DTI atlas with 130 3D anatonical
segmentations, called Type Il WMPM [Qishi et al. (2009], described in appendixA.

A two-step image transformation was used to warp the atlas to individual data. First,

a ne transformation was applied to globally adjust the brain position, rotati on, and the
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size. Then, the DTI atlas was warped non-linearly to individual DTl data employing
dual-contrast LDDMM [ Ceritoglu et al. (2009)], in which both the b0 image and the FA
map were used simultaneously. Once the transformation matrix de nirg the reciprocal
transformation was determined, the GM/WM parcellation map was transferred from the
atlas to the data, for the automated segmentation of the data into 130 brain regioss.

Whole-brain tractography was calculated for each subject in the subjectdata space,
and the tract coordinates were normalized to the atlas, using the calclated (inverse) a ne
and LDDMM transformation. Tracts were extracted using existing anatomical knowledge
about tract trajectories, called the Template ROl Set or TRS (the approach is so called
TRS-basedmethod). Thirty TRSs were established to reconstruct 30 prominent and previ-
ously well-described ber tracts (12 corpus callosum (CC) segmentsl0 thalamic projection
tracts and 8 long association tracts).

The knowledge-based approach, could be applied to create TRSs for shocortico-
cortical association bers, for which the locations and trajectories ae not well-known.
Therefore an exhaustive search examining connections among all 24 SWMgsrents asso-
ciated with di erent areas of the cortex was performed. The 56 DWM segmets were all
used as \NO" ROls to remove long association bers. From this analysis, 2%hort associ-
ation bundles, connecting two adjacent cortical regions, were found irall normal subjects
examined (N=20), including the four U- bers found in [ Oishi et al. (2008]. Probabilistic
maps of the 59 tract trajectories were also created from the normal subfs (see Fig-
ure A.5, appendix A). A large variability was found for short association bers, which
was partly attributed to the complex axonal con guration in the SWM, but al so to the
limitation in precisely matching the cortical anatomy among the subjeds.

4 4 White Matter ber clustering

White matter ber clustering regroups bers from whole-brain tract ography into
clusters of bers with similar shape and position. The aim of ber bundling is then to
partition a set of ber pathways into di erent natural bundles [ Ding et al. (2003]. A
ber cluster represents a bundle containing bers parallel to ead other, and constitute a
distinct structure from other ber bundles. Therefore, the enormous amount of individual
bers provided by tractography algorithms can be reduced to a limited number of logical
ber clusters that are more manageable and understandable. Clusteringan also be used
to identify white matter ber tracts and perform quantitative compar isons between sub-
jects by unbiased measurements in anatomical structuresMoberts et al. (2009]. In the
following subsections, we will review the main clustering metlods (subsection4.4.1) and
ber similarity measures (subsection 4.4.2) proposed in the literature.

4.4.1 Clustering

Clustering is the process of organizing objects into groups whose mdrars are similar in
some sense. This is an unsupervised learning problem so it dealsthwinding a structure in
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Figure 4.3: lllustration of clustering results for an example akt. A clustering analysis could found
three dierent clusters (in green, orange and blue). Deperglion the clustering method, outliers
(encircled in red) could be or not be ltered out.

a collection of unlabeled data Jain and Dubes(1988; Jain (2010]. The clusters must be
compact and well separated, presenting a higher degree of similaritydiween data points
belonging to the same cluster than between data points belonging to dérent clusters (see
Figure 4.3). A wide variety of clustering methods have been proposed in theterature, each
one tending to nd di erent types of cluster structures [ Jain (2010]. Clustering methods
can be roughly divided into two main classes:hierarchical and partitional . Hierarchical
clustering algorithms are either agglomerative or divisive. An agglomeratie hierarchical
clustering method starts by putting each data point into an indivi dual cluster, next at
each stage of the algorithm the two most similar clusters are joined, fornmig a hierarchical
forest. On the other hand, partitional algorithms, decompose directly the dataset into a
set of disjoint clusters, obtaining a partition which should optimize a certain criterion.

The nal clusters depend on the element similarity measure and theclustering algo-
rithm. The de nition of a cluster is a complicated task since clusters can di er in terms of
their shape, size and density. Besides, the presence of noise hretdata makes the detection
of the clusters even more di cult. A cluster is then a subjective entity whose signi cance
and interpretation requires domain knowledge Jain (2010)].

An important issue in clustering is the problem of choosing the rightnumber of clusters.
The majority of partitional algorithms require this as a parameter, even though it is not
possible to infer this value in advance. Several approaches have betken to automatically
infer the number of clusters. However, no method works in the gerral case fWassermann
(2010]. Besides, if outliers may exist, the algorithm must be robust tothem in order to
nd valid clusters.

Conversion of distance to a nity. If a distance measure is used, it must be converted
to an a nity (or similarity) measure. The anity  a; between two elementsi and j, can
be calculated via a Gaussian kernel:

aj =e %77 (4.2)
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Figure 4.4: lllustration of an a nity matrix and its graph represgation for an example dataset.
(A) shows a set ofN = 10 elements to be clustered. To compute the a nity matrix, th&uclidean
distance was calculated between each pair of elements. THetances were converted to a nity values
using equation4.2, with = 2.5. (B) shows the a nity matrix for the example data. (C) presnts a
complete a nity graph where vertices represent the elementslaeedge weights represent a nity values.
The matrix and graph edges are colored using the colormap in (BapB information consist in a list of
edges. Each edge is de ned by the two vertices connected by tlye @shd the a nity value (weight).
In the example the total number of edgesNs(N -1)/2 = 45.

where djj is the distance between elements and j and is a parameter de ning the
similarity scale.

Input data. The input for a hierarchical algorithm is an N N similarity (or a nity)
matrix, where N is the number of objects to be clustered. On the other hand, a partitonal
algorithm can use either anN  d pattern matrix, where N objects are embedded in a
d-dimensional feature space, or alN N similarity matrix [ Jain (2010].

The similarity matrix can also be represented and stored as an undirged weighted
graph, which vertices represent the elements and edge weights reped a nity values.
A graph is a tuple G = (V;E), where V = vq;::;;vy is the set of N vertices and E are
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