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ORGANISATION DU DOCUMENT

Ce document est organisé en cingq parties :
e La premiere partie intitulée Titres et travaux scientifiques, retrace en trois chapitres
les éléments d’un bilan factuel de mon activité scientifique.

— Le premier chapitre, Notice individuelle, rassemble mon curriculum vite, mon activité
d’encadrement, mes participations a des jurys de these, une syntheése de mes finance-
ments obtenus ainsi que mon investissement dans l'organisation de la recherche. Il se
termine par le bilan de mon activité pédagogique depuis 1997 (formation initiale et conti-
nue) a une échelle nationale et internationale. Un résumé succinct de ma thématique de
recherche est fourni & la fin de ce chapitre pour le lecteur qui souhaiterait faire I’économie
de la lecture du chapitre I11.

— Le deuxieéme chapitre agrege au sein d’une Notice bibliographique (mars 1999-mars 2007)
les travaux dont je suis auteur ou co-auteur en y distinguant les contributions relatives
a ma these. Dans I'ensemble du document, les citations s’y rapportant sont faites exclu-
sivement par des sigles numérotés entre crochets.

— Le troisieme chapitre, Thémes d’activité scientifique, présente une syntheése quasi-
exhaustive de mon activité de recherche depuis la fin de ma thése en octobre 2000,
découpée en themes, avec des indications chronologiques et la distinction nette entre des
themes aboutis et des themes émergeants. Sont indiquées les collaborations nationales et
internationales et le champ disciplinaire de chaque collaboration pour préciser en quelle
qualité j’ai participé. A ce titre, il est également fait mention de fagon synthétique des
interactions au niveau du développement de logiciels scientifiques et de leur déploiement.

e La deuxieme partie s’intitule Dynamique cérébrale en neuro-imagerie. Il s’agit
d’une présentation synthétique et personnelle, en deux chapitres qui s’enchainent, de ma
principale thématique de recherche : I'extraction de la dynamique cérébrale a partir de
données d’Imagerie cérébrale fonctionnelle (IRMf), son impact notamment sur les analyses
de groupe, et le lien entre la dynamique de I'activité de « fond » et évoquée. Contrairement

a la présentation éclatée du Chapitre 111, la cohérence d’ensemble et la progressivité du

propos sont privilégiées dans cette partie du document. Les applications en neuropsycho-

logie cognitive et expérimentale sont mises en exergue afin d’illustrer 'intérét des efforts
méthodologiques consentis.

— Le quatrieme chapitre, Impact de la modélisation non-paramétrique du signal BOLD
sur les analyses de groupe en IRMf propose une synthese sur cerveau entier des ap-
proches régionales dont je suis a l'origine pour a la fois détecter les variations d’acti-
vité cérébrale en réponse a une stimulation extérieure tout en estimant la dynamique
sous-jacente. Dans ce contexte, nous présentons les outils méthodologiques adaptés qui
prennent place dans le cadre probabiliste bayésien. L’objectif in fine est de montrer I'im-
pact d’'une modélisation régionale et non-paramétrique du signal BOLD sur les analyses
de groupe en IRMf (ici analyses a effets aléatoires uniquement). Nous explorons plusieurs
perspectives a ce travail, certaines a court terme comme 'utilisation de modeles a effets
mixtes pour l'analyse de groupe qui tiennent compte de la variabilité inter-individuelle
potentiellement mieux estimée par nos modeles ; d’autres, a un peu plus long terme, qui
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visent la recherche de modeéles parcimonieux permettant d’expliquer les données, en vue
notamment de capturer certains phénomenes neuro-dynamiques qui dépassent le cadre
linéaire stationnaire.

— Le cinquieme chapitre, Analyse exploratoire multifractale synthétise les travaux en cours
sur 'utilisation en neuro-imagerie fonctionnelle d’une nouvelle classe de méthodes d’ana-
lyse exploratoire univariée dite multifractale. Ce type d’approches nécessite un grand
nombre d’échantillons temporels pour fournir une estimée précise du spectre des indices
de régularité recouvrés dans chaque signal. Cette approche tente de mettre en regard
les données de repos et d’activation et de mieux appréhender la variation de la tortuo-
sité du signal IRMf induite par la stimulation expérimentale. Pour fournir des résultats
statistiquement fiables, ce type d’analyse nécessite des séries temporelles relativement
longues. C’est pourquoi, nous avons privilégié I’'usage d’une nouvelle séquence IRM 3D,
dite Echo Volumar Imaging (EVI) développée au SHFJ puis & NEUROSPIN par Cécile RA-
BRAIT au cours de sa these. L’imagerie EVI fournissant pour une méme durée d’examen
de l'ordre de dix fois plus de volumes fonctionnels, elle garantit une meilleure précision
des estimateurs en ondelette mis en jeu, et autorise des conclusions neuropsychologiques
pertinentes.

e La troisieme partie présente mon projet de recherches a traavers un chapitre de Conclu-
sions et perspectives. Je précise de fagon synthétique les pistes méthodologiques sur les-
quelles je souhaite travailler prochainement, pistes évoquées in extenso en conclusion des
chapitres précédents. Je distingue ensuite les pistes de recherche que je souhaite emprunter
ces prochaines années plutot sur le versant neuro-scientifique, pour mettre a profit mes
investissements méthodologiques sur des questions de neurosciences, tant cognitives que
cliniques.

e La quatrieme partie, Références bibliographiques, rassemble la bibliographie pour
I’ensemble du document, hormis le contenu de la notice bibliographique du Chapitre 3.
Dans tous les chapitres, les citations se rapportant a cette bibliographie principale sont
faites exclusivement par nom d’auteur et année, entre crochets.

e La cinquieme partie, Publications et documents annexés, est constituée de trois ar-
ticles parus et d’un article soumis, donnant un apercu représentatif de mes travaux.

Dans une certaine mesure, les Parties I, I, et les quatre documents de la Partie IV peuvent

étre lues indépendamment.
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CHAPITRE 1

NOTICE INDIVIDUELLE

I.1 Etat civil

Philippe Ciuciu Né le 12 aott 1973
42 rue de VERDUN Nationalité francaise
91310 Longpont sur Orge Marié, 1 enfant
Tél. : 0169 01 42 56 (personnel)

Tél.: 06 31 56 16 79  (mobile) Mél : philippe.ciuciu@cea.fr

01 69 08 77 85 (professionnel)
Web : http://www.lnao.fr

.2 Expérience professionnelle

2007- : Ingénieur-chercheur au Commissariat a I’Energie Atomique (CEA), au sein du
Laboratoire de Neuro-imagerie Assistée par Ordinateur de NEUROSPIN, dirigé par
Jean—Francois MANGIN.

2001-06 : Ingénieur-chercheur au CEA, au sein du Service Hospitalier Frédéric Joliot (SHFJ),
dans I’Unité de Neuro-imagerie Anatomo-Fonctionnelle (UNAF) dirigée par Denis LE
BIHAN.

1.3 Formation initiale

2000-01 : Post-doctorat en analyse statistique de données d’IRM fonctionnelle au
CEA/SHFJ/UNAF, sous la responsabilité de Jean—Baptiste POLINE.

2000 : Doctorat en Traitement du Signal au Laboratoire des Signaux et
Systemes (Supélec-CNRS—Université PARIS-SUD (UPS)), mention tres honorable,
félicitations du jury. Directeur : Guy DEMOMENT. Encadrant : Jérome IDIER.

1998-99 : Scientifique du contingent au LENA/CNRS UPR 640 (Hopital de la Salpétriere) :
formation en imagerie cérébrale fonctionnelle (MEG/EEG) au sein de I’équipe
Traitement des données en imagerie cérébrale dirigée par Line GARNERO.

1996 : DEA d’Automatique et de Traitement du Signal (ATS) de 'UPS, mention bien.

Diplomé en traitement d’images de I’Ecole Polytechnique Fédérale de Lausanne.

1996 : Ingénieur de I’Ecole Supérieure d’Informatique Electronique Automatique (ESIEA),
Paris, filiere Signaux et Images, mention trés honorable avec les félicitations du jury.


philippe.ciuciu@cea.fr
http://www.lnao.fr
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1.4 Formation continue

07/2006

07/2004

08/2003

Formation en méthodes variationnelles d’assimilation de données. Ecole d’été
CEA/EDF/INRIA & Saint-Lambert des Bois, dirigée par Dominique CHAPELLE (DR
INRIA).

Formation en analyse en ondelette et analyse multifractale. Ecole d’ét6 WAMA
a Cargese, dirigée par Patrick FLANDRIN (DR CNRS, ENS de Lyon).

Formation en neuro-biologie et électro-physiologie cérébrale. Ecole d’été
Temps € cerveau & Concarneau, dirigée par Pierre MEYRAND, (DR CNRs, Bor-
deaux).

1.5 Prix et concours

08/2003

06/2001
05/2001

Co-récipiendaire avec Guillaume MARRELEC du prix jeune chercheur a la conférence
Information Processing for Medical Imaging 2003 (5 k£).

Classé 2¢ au concours N 0717 TI (section 07), CR2 au CNRS.

Lauréat des concours de Maitre de Conférences N 0075/0448S en section 61 du
Conseil National des Universités, affectés a 'ENS de Lyon et a 'ENSPM.

1.6 Expertise scientifique

2006 -

11/2007
11/2006
12/2005
2002~

05/2006

09/2007 :

1999~

: Expert international aupres du fonds anglais de financement de la recherche

académique Biotechnology and Biological Sciences Research Council : http://www.
bbsrc.ac.uk.

: Membre invité du jury de thése de Melle Cécile RABRAIT.
: Membre examinateur du jury de these de Mme Salima MAKNI.
: Membre examinateur du jury de these de Melle Anne BOTZUNG.

Membre du comité de lecture :

— des revues scientifiques : Human Brain Mapping, NeuroImage, Journal of
Magnetic Resonance Imaging, IEEE Trans. on Signal Processing, IEEE Trans. on
Image Processing IEEE Trans. on Medical Imaging, IEEE Trans. on Biomedical
Engineering ;

— des conférences internationales ICASSP, FUSIPCO, MICCAI, EMBC,
HBM et nationale GRETSI.

: Organisateur d’une session spéciale a la conférence internationale ICASSP’06 inti-

tulée : Advanced methods for mapping brain functions from functional MRI datasets.

Editeur invité de la revue IFEE Special Topics in Signal Processing pour le
numéro spécial intitulé fMRI Analysis for Human Brain Mapping dont la date li-
mite de soumission est fixée au 15/03/2008 (cf. http://www.et.byu.edu/groups/
ece_jstsp/), en collaboration avec Tiilay ADALL
Auteur ou co-auteur de trize articles de revue internationale et d’une trentaine de
communications dans des conférences nationales ou internationales, & comité de
lecture. Voir http://www.lnao.fr/spip.php?rubrique3
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1.7 Partenariats scientifiques

I.7.1 Au sein de l’ifr 49 « Neuroimagerie fonctionnelle », Paris

2007-

2005-06 :

2001-0/

20010/ :

2001-0/ -

Collaboration avec Denis LE BiHAN et Toshihiko ASO & NEUROSPIN. Théme :« IRM
de diffusion fonctionnelle : une origine neuronale ou vasculaire 7 ».

Collaboration avec Ghislaine DEHAENE, (DR ¢cNRs, U562), Christophe PALLIER
(CR1 cNRs, U562) et Stanislas DEHAENE (Prof. College de France). Théme :« Mise
en évidence du phénomene d’habituation a la répétition de phrases en IRMf ».
Collaboration avec Habib BENALI, (DR INSERM, U678), Guillaume MARRELEC
(CR2 INSErM, U678). Theme :« Développement de méthodes d’estimation robuste
de la réponse hémodynamique en IRMf. ».

Collaboration avec Christophe PALLIER et charlotte JACQUEMO. Theme :« Carto-
graphie de la dynamique des réponses acoustique et phonologique chez des sujets
européens et asiatiques par IRMf ».

Membre de l'action concertée incitative dirigée par Line GARNERO (DR CNRS,
LENA—UPR 640). Theme :« Fusion de données multimodales en imagerie cérébrale
fonctionnelle ».

1.7.2 A D’échelle nationale

2006-07 -

2006~

2005-

2005-07 -

2005-06 :

200405 -

2003-05 -

2003-05 -

Collaboration avec Thomas VEIT (CR2 INRETS), et Jérome IDIER (DR CNRS, IRC-
CYN). Théme :« Echantillonnage de I’échelle dans un probleme inverse bilinéaire ».
Responsable de ’équipe du SHFJ/CEA (5 personnes, 155 k€) au sein du pro-
jet ANR-OPTIMED financé par 1’Agence nationale pour la recherche (380 k€), cf.
http://optimed.univ-mlv.fr. Collaboration avec Jean-Frangois MANGIN (Prof.
Univ. Marne-la-Vallée (UMV)), Patrick-Louis COMBETTES (Prof. Univ. Paris VI)
et Jérome IDIER. Theme :« Algorithmes d’optimisation décomposés pour les
probléemes de reconstruction de grande taille en imagerie médicale ».

Collaboration  avec  Patrice ABRY (DR  ¢NRS, ENS de Lyon).
Theéme :«  Développement d’approches exploratoires multifractales pour la
détection de 'activité cérébrale en IRMf ».

Collaboration avec Alice de FREMINVILLE (ingénieur d’études INSERM,
U342) et Roland PEYRON, Practicien Hospitalier (CHU de Saint-Etienne).
Theme :« Hémodynamique cérébrale de la douleur par 1RMf ».

Collaboration avec Nicolas WOTAWA, doctorant a I'INRIA (UR de Sophia-Antopolis,
équipe Odyssée), sous la direction d’Olivier FAUGERAS. Théme :« Dynamique de
la sélectivité a la direction du mouvement dans les aires visuelles primaires IRMf ».
Collaboration avec Anne BOTZUNG, doctorante en neuropsychologie cognitive a
I’Université Louis Pasteur, Strasbourg sous la direction de Lilianne MANNING.
Theme :« Mise en évidence du flux d’information antéro-postérieur des activations
cérébrales dans les processus de mémoire autobiographique ». Prix de these de I'ULP
et du conseil général du Bas-Rhin en 2005.

Collaboration avec Sophie DONNET, ex-doctorante en statistiques a I’UPS sous la
direction de Marc LAVIELLE. Theme :« Estimation et sélection de modeles en IRMT »,
actuellement maitre de conférences a 1’Université de Paris-Dauphine.
Collaboration avec Jean-Luc ANTON (ingénieur de recherches CNRS), responsable
du centre de recherches en imagerie cérébrale a Marseille, Hopital de La Timone, et
Patricia ROMAIGUERE (CR1 cNRS, UMR 6562, Faculté des Sciences de St Jérome).

« Hémodynamique du contréle du mouvement humain ».
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1.7.3 A D’échelle internationale

2007~

20006—

2005-06 :

2002-0/

2002-04 -

Collaboration avec Maria Gabriella TANNA (Institut polytechnique de
Milan).Théme :« Analyse de la réponse hémodynamique associée a des pointes-
ondes chez le patient épileptique sur des enregistrements EEG/IRMf simultanés ».
Contribution au projet NiPy (http://scipy.org/nipy) regroupant des acteurs
des Univ. de Standford, Berkeley, Boulder (USA) et Cambridge (UK).Object :
« Développement d’une architecture logicielle en Python pour la neuroimagerie ».
Collaboration avec Christophe GROVA (Univ. de Montréal). Theme :« Nouveaux
schémas d’interpolation du signal IRMf sur la surface corticale ».
Co-développement avec John ASHBURNER (Wellcome Department of Imaging
neuroscience, London). Theéme :« Conception du systeme de batch du logiciel
SPM2/SPM5 ».

Co-développement avec Matthew BRETT (Prof. MRC Cognition and Brain Sciences
Unit, Cambridge). Théme :« Analyse de ’hémodynamique régionale. Interfagage des
boites a outils Marsbar et HRF sous SPM2 ».

1.8 Encadrement

1.8.1 Post-doctorats

05/2007-

Encadrement & 100 % du post-doctorat de Laurent RISSER. Sujet : « Détection in
vivo de l'activation neuronale par IRM de diffusion fonctionnelle : compréhension
et analyse de la dynamique des phénomeénes mis en jeu. ». Financement : allocation
post-doctorale (18 mois) de la région Ile-de-France.

1.8.2 Theses

10/2007-

12/2006- :

2004 07 :

2005-06 :

Encadrement & 50 % de la thése de Lotfi CHAARI en Informatique a 'UMv.
Sujet : « Méthodes de reconstruction régularisée par ondelettes en IRM parallele ».
Financement : allocation doctorale obtenue aupres de la région Ile-de-France.
Directeur de these : Jean-Christophe PESQUET.

Encadrement & 90 % de la thése de Thomas VINCENT en imagerie médicale a
I’'UPs. Sujet : « Fusion d’informations issues de données de neuro-imagerie fonction-
nelle hétérogenes (IRMf/EEG) ». Financement : allocation doctorale obtenue aupres
de la région Ile-de-France. Directeur de these : Jean—Baptiste POLINE.
Co-encadrement a 30 % de la thése de Cécile RABRAIT en imagerie médicale
a l'ups. Sujet : « Développement d’une séquence d’imagerie parallele ultra-
rapide (EVI) a 1.5 Tesla. ». Encadrant principal : Franck LETHIMONNIER.
Directeur de these : Denis LE BIHAN. Financement : contrat CFR, soutenue le
16/11/2007. Situation actuelle : ingénieur séquence chez Philips (Pays Bas).
Encadrement & 90 % de la thése de Salima MAKNI en imagerie médicale & 1’UPS.
Sujet : « Détection-estimation conjointe de ’activité cérébrale mesurable en IRMf ».
Financement : Allocation MESR, soutenue le 06/11/2006. Directeur de these :
Jean—Baptiste POLINE. Situation actuelle : Post-doctorante & 1’Univ. d’Oxford (fM-
RIB) sous la responsabilité de STEEVE SMITH.
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1.8.3 Master 2 recherche et DEA

2008 -

2008 :

2007 :

2007 :

2006 :

2003 :

2002 -

Encadrement du stage de Master 2 en Signaux et Images en Biologie et en
Médecine (Univ. de Bretagne Occidentale) de Marion SOUMOY. Sujet : « Compa-
raison et sélection de modeles en IRMf ».

Encadrement du stage de Master 2 en Mathématiques Vision Apprentis-
sage (ENs de Cachan) d’Anne-Laure FOUQUE. Sujet : « Parcellisation adaptative
pour la détection-estimation conjointe de I'activité cérébrale en IRMf ».
Encadrement du stage de Master 2 en Imagerie médicale (UPs) d’Ekaterina
FALINA. Sujet : « Modélisation de I’habituation de 'activité cérébrale en TRMf ».
Encadrement du stage de Master 2 en informatique (imMACc, Umv) d’Anne-
Laure FOUQUE. Sujet : « Apport des approches intra-sujet de détection-estimation
conjointe dans les analyses de groupe en IRMf ».

Encadrement du stage de Master 2 en Modélisation et calcul scientifique
de Thomas VINCENT (Univ. de Cergy-Pontoise). Sujet : « Apport d’'un modele de
corrélation spatiale pour la caractérisation de I'activité cérébrale en IRMT ».
Encadrement du stage de DEA d’Automatique et de traitement du signal (UPS)
de Salima MAKNI. Sujet : « Régularisation spatio-temporelle de la fonction de
réponse hémodynamique en IRMf ».

Encadrement du stage de DESS de mathématiques appliquées (Univ. Paris VI)
d’Alexis DAVID. Sujet : « Analyse de la stationnarité de la réponse BOLD en IRMf. ».

[.9 Enseignement et pédagogie

1.9.1 Enseignement universitaire

1997~

Activité (cours, TD/TP) en Traitement du Signal et des Images, Problémes
inverses, Imagerie biomédicale, Informatique et Mathématiques ap-
pliquées au sein des Univ. de Paris—Sud, de Marne-la-Vallée (Niv. License & Mas-
ter), a I'ENS de Lyon, et en école d’ingénieur (ENSTA, ESIEA, ENSEA) : 550 heures
équivalent TD. — depuis 2003 : co-responsable avec Patrice ABRY du module de M2
« processus aléatoires multifractals et problémes inverses en imagerie » a ’'ENS de
Lyon.

— depuis 2005 : responsable du module d’imagerie biomédicale en 5°™¢ année de
IESIEA.

— 1999-2000 : co-responsable avec Christophe VIGNAT (MDC UMV) du module de
communications numériques en 5A de I'ESIEA.

Les cours d’imagerie biomédicale dispensés a I’ESIEA sont validés par les étudiants sous forme
de projets, de différente nature (analyse bibliographique, synthese pédagogique i.e., conception
de site web ou fabrication de support multi-média visant un public non-averti, projet scientifique
et informatique) d’un volume équivalent de 30 heures de travail environ. Ces projets font ’'objet
d’une soutenance orale.
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1.9.2 Tableaux récapitulatifs

Cours magistraux 96-97|97-98| 98-99 | 99-00 |03-04|04-05|05-06|06-07

Probléemes inverses en imagerie, 10h | 10m
DEA Phys. non linéaire, ENS de Lyon

Problemes inverses en imagerie, 10h | 10n
M2 Phys. non linéaire, ENS de Lyon

Imagerie biomédicale, ESIEA 5 année 18h | 18h

Systemes de Communications 9h oh
numériques, ESIEA 5 année

Formation MATLAB, DEA ATS, UPS 2h

Travaux dirigés/TDAO 96-97|97-98| 98-99 | 99-00 |03-04|04-05|05-06|06-07

Probléemes inverses en imagerie,
DEA Phys. non linéaire, ENS de Lyon 3h 3h 2h

Informatique, ESIEA 1 année 114h | 134h

Analyse numérique matricielle, 150
mafitrise EEA, UMV

Bases mathématiques et algorithmes
pour le traitement du signal, 28h
ENSTA 2° année

Calcul scientifique, ESIEA 17¢ année 8h

Projets Pluridisciplinaires, 15
ESIEA 17 année

Projets Professionnels Personnalisés, 19
DEUG B ups

Travaux pratiques 96-97|97-98| 98-99 | 99-00 |03-04|04-05|05-06|06-07

Problémes inverses, 15h
DEA ATS

Systemes de Communications an 3
numériques, ESIEA 5 année

Traitement du signal, 36h
licence et maitrise EEA, UMV

Analyse numérique matricielle, 27h
maitrise EEA, UMV

Imagerie biomédicale, ESIEA 5 année 6h 6h

Total équivalent TD 10h | 100h {144h30|157h30| 18h | 18h | 47h | 47h
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1.9.3 Formateur en imagerie cérébrale fonctionnelle

09/2006 : Intervenant a I’école d’automne organisée a Paris sur les « Méthodes avancées d’ana-
lyse des données MEG/EEG/IRMf » par Denis SCHWARTZ (CNRS UPR 640).

11/2004 : Intervenant (cours et TP) a’école d’automne organisée a Marseille par Jean-Luc AN-
TON (CNRS) sur les « Méthodes avancées d’analyse des données d’IRMf ».

09/2004 : Co-responsable de la journée de formation a I'IRMf proposée a la conférence MIC-
CAT04.

09/2003 : Intervenant (cours et TP) aux journées de formation de la Société d’Anatomie Fonc-
tionnelle Cérébrale, Paris.

08/2003 : Intervenant a 1’école d’été Temps & cerveau, dirigée par Pierre MEYRAND (DR
CNRS).

1.10 Diffusion logicielle et vulgarisation scientifique

— Architecture logicielle : concepteur et développeur d’une toolbox HRF de 2002 & 2006 pour
SPM99/SPM2 ainsi que d’un prototype du systeme de batch actuel de SPM5 en Matlab.

—Développement collaboratif : gestion de sources (Perforce, Svn), documentation (Doxygen,
Epydoc), refactorisation de code. Acteur du développement du plugin neuroSpy dédié a
lanalyse de données d’TRMf sous BRAINVISA (logiciel de I'IFR 49 en langage Python).
Développement collaboratif au sein du projet Pyhrf en Python concu par Thomas VINCENT
depuis 2006 pour l'analyse intra-sujet des données d’IRMf par des techniques d’inférence
bayésienne de détection-estimation conjointe.

—Support : administrateur web du site http://www.madic.org de 2003 a 2007, désormais
abandonné et non renouvelé pour cause de dissolution de ’ancienne équipe MADIC dirigée
par Jean-Baptiste POLINE. Modérateur du forum de discussion HRF sur http://brainvisa.
info

—Vulgarisation scientifique : Interviews données a France 2, TéléEssonne. Article de vulgarisa-
tion paru dans La Recherche (décembre 2005). Publication dans la revue interne Talents du
CEA (février 2008).

I.11 Résumé de ma thématique scientifique

Je m’intéresse a ’analyse de la dynamique cérébrale a partir de données de neuro-imagerie
fonctionnelle issues d’examens d’Imagerie par Résonance Magnétique fonctionnelle (IRMf). Mes
travaux portent a la fois sur I’étude de la dynamique évoquée par un paradigme d’activation
cérébrale et celle issue de 'activité spontanée ou de « fond » lorsque le sujet est au repos (resting
state). Cela signifie que je développe a la fois des approches orientées modeles qui s’appuient
sur une connaissance explicite du paradigme expérimental mis au point par les cogniticiens
mais aussi des méthodes exploratoires, n’exploitant pas ces informations issues du paradigme —
typiquement la connaissance des temps d’arrivée des stimuli présentés au sujet.

Ce theme de recherche embrasse a la fois des problemes bas niveau relatifs a la reconstruc-
tion d’images en IRM mais aussi des aspects plus haut niveau qui concernent ’estimation et
la sélection de modeles hémodynamiques régionaux non-paramétriques, capables de prendre en
compte la variabilité inter-individuelle de la réponse impulsionnelle du systéeme neuro-vasculaire.
Les problemes de reconstruction sont traités a l'aide de méthodes classiques de régularisation
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dans l’espace image ou des méthodes plus évoluées opérant dans ’espace transformé des coef-
ficients d’ondelette. Les aspects inférentiels haut niveau sont majoritairement abordés dans le
cadre des statistiques bayésiennes.

Toute cette méthodologie a été appliquée pour tester des hypotheses neuro-scientifiques sur
le fonctionnement cérébral chez le sujet sain (étude du langage) ou chez des patients atteints de
maladie neurologique (épilepsie). Ces travaux ont été essentiellement conduits dans le volume
cérébral mais depuis peu, nous tendons a contraindre ’analyse sur la surface corticale, substrat
anatomique ou siegent la majorité des macrocolonnes de neurones.

Mon activité de recherche comprend six axes qui sont résumés au Chapitre I11. Je ne donne
ici qu'une description extrémement synthétique de ces différents themes pour fixer les idées et
offrir une vision d’ensemble aux experts du conseil scientifique.

La premiere voie dans laquelle je me suis investi concerne I'estimation non-paramétrique
de la fonction de réponse hémodynamique, c’est-a-dire la réponse impulsionnelle du systeme
neuro-vasculaire. J’ai développé en particulier différentes approches régularisées pour I'identi-
fication de ce filtre dans différents contexte (voxel ou régional, mono- ou multi-sessions, para-
digme événementiel lent ou rapide, mono- ou multi-conditions, ...). J’ai aussi mis au point des
tests statistiques pour la détection des activations a partir de 'estimateur de cette fonction de
réponse. J’ai par ailleurs participé a I’élaboration d’extensions de ces approches qui s’écartent de
I’hypothese de stationarité ou de reproductibilité de la réponse a travers les stimulations succes-
sives. J’ai finalement fait diffusé ces outils au travers d’une boite a outils logicielle HRF, de 2002
a 2006, ce qui m’a permis d’établir plusieurs collaborations nationales et internationales (voir
Section I11.2.5).

Le second axe de mes recherches constitue une généralisation naturelle du premier dans lequel
j’ai proposé un cadre statistique unifié pour opérer simultanément la détection des activations
cérébrales et l'estimation de leur dynamique. Dans le cadre inférentiel bayésien, j’ai proposé
différents modeles du signal BOLD (Blood Oxygen Level Dependent) mais aussi du bruit, pour
opérer des analyses cerveau entier & partir d’une parcellisation fonctionnelle préexistante. La
donnée d’une telle parcellisation définit des régions fonctionnellement homogenes sur lesquelles
on estime des filtres hémodynamiques différents permettant de prendre en compte la variabilité
régionale du systéme vasculaire. La validation et la comparaison des différents modeles est opérée
a 'aide du calcul d’indices quantitatifs et objectifs a savoir des facteurs de BAYES. Le choix de
la parcellisation optimale est un sujet d’intérét. Le troisieme axe de mes travaux n’est en fait
au’un prolongement du précédent puisqu’il vise a développer des approches similaires mais cette
fois sur la surface corticale. Pour ce faire, un certain nombre de probléemes spécifiques doivent
étre résolus, comme la segmentation des différents tissus cérébraux, ou la projection des signaux
fonctionnels acquis dans le volume cérébral sur chacun des nceuds du maillage de cette surface.
En collaboration avec d’autres équipes, je me suis surtout concentré sur ce dernier point.

La quatrieme partie concerne la résolution d’un probléeme de reconstruction en Imagerie par
Résonance Magnétique parallele, c’est-a-dire lorsque le signal est recueilli sur un réseau d’an-
tennes de surface en lieu et place d’une antenne volumique. Le probleme a résoudre s’identifie a
un probleme de séparation de sources spatiales, chaque source correspondant a une antenne. La
complexité et le caractere mal posé de ce probleme sont liés a la géométrie du réseau de capteurs
mais aussi au choix d’un facteur d’accélaration R. Ce facteur réalise un sous-échantillonnage de
I’espace de Fourier dans au moins une des directions de 'espace et permet ainsi de réduire le
temps d’examen par le biais d’acquisition d’images de plus petites dimensions sur chacune des
antennes. Les profils de sensibilité des antennes étant spécifiques, l'inversion devient réalisable
c’est-a-dire qu’il s’avere possible de reconstruction une image a champ de vue complet a partir
d’un ensemble d’images a champ de vue réduit. A travers un contrat ANR établi en collabora-
tion avec différents partenaires académiques, nous développons des algorithmes de reconstruc-
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tion régularisée pour les images anatomiques et fonctionnelles, si possible non-supervisés ou
auto-cailbrés. Nous nous intéréssons aussi a 'impact du choix de 1’algorithme de reconstruction
sur ’analyse statistique des données fonctionnelles, notamment la sensibilité avec laquelle nous
pouvons détecter des activations cérébrales.

Cette thématique établit d’ailleurs une connexion avec le cinquieme axe de recherche décrit
dans ce manuscrit a savoir 'IRM fonctionnelle « ultra-rapide », qui concerne la caractérisation
statistique d’une séquence d’imagerie fonctionnelle tridimensionnelle — I’ Echo Volumar Imaging
localisée parallele — et la comparaison de la dynamique des signaux EVI a celle des signaux
mesurés par une séquence EPI classique 2D. Le lien tient au fait que I’'EVI n’est réellement
opérationnel que lorsqu’on couple cette stratégie d’acquisition avec un schéma d’acquisition
et de reconstruction paralleles, selon deux directions de 'espace (et non plus une seule). Le
principal avantage de cette modalité est sa résolution temporelle, d’'un ordre de grandeur plus
précise que celle de I'imagerie EPI classique puisqu’elle permet d’acquérir un volume tous les
200ms. Ceci la rend particulierement robuste au mouvement et donc adaptée a 'imagerie du
nouveau né, fondamentale pour la compréhension de la mise en place des systéemes cognitifs chez
le nourrisson (e.g., langage).

Le dernier theme abordé dans ce manuscrit concerne le développement d’approches explora-
toires pour d’une part mettre en évidence un phénomene d’invariance d’échelle sur les signaux
cérébraux. D’autre part, il s’agit de comprendre les liens entre I'activité évoquée par une stimu-
lation externe délivrée au cours d’un paradigme d’activation cérébrale et 'activité spontanée ou
« de fond » mesurable chez le sujet a I’état basal communément appelé état de repos. Ces ana-
lyses exploratoires visent a extraire des indices intelligibles sur les signaux fonctionnels acquis.
Pour ce faire, il est nécessaire que ces indices soient débarassés d’un certain nombre d’artéfacts
physiologiques présents dans les données. C’est la raison pour laquelle les méthodes mises en
ceuvre procedent dans un espace transformé (espace des coefficients d’ondelettes) et non sur les
signaux eux-mémes. Les indices de régularité du signal calculés nous permettent de mettre en
évidence un phénomene d’invariance d’échelle sur ces signaux biologiques, de fagon reproduc-
tible sur différents jeux de données, notamment sur des séries fonctionnelles EVI. La syntheése
de ces indices au sein d’un spectre multifractal permet de montrer les fluctuations engendrées
sur ce spectre par le phénomene d’activation cérébrale et d’en déduire certains comportements
stationnaires ou non liés a ce phénomene.
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CHAPITRE 11

NOTICE BIBLIOGRAPHIQUE
(OCTOBRE 2000 — SEPTEMBRE 2007)

Les références annexées en Partie V de ce mémoire sont [a.6], en Annexe VII.1, page 141;
[2.3], en Annexe V1.2, page 159; [a.7], en Annexe VI1.3, page 177; [a.4], en Annexe V1.4, page
187; [a.8], en Annexe VIII, page 201; [?], en Annexe VIIL.2, page 217; [a.12], en Annexe [X,
page 247.

Les références [a.1, a.2, c.1, c.7, d.1, d.2, d.3, s.1, 5.2, 5.3, rc.1] correspondent & mes travaux
de these et apparaissent ainsi en rouge.

II.1  Articles publiés dans des revues internationales avec comité
de lecture (a.)

[a.1] P. Ciuciu, J. Idier et J.-F. Giovannelli, « Regularized estimation of mixed spectra using a
circular Gibbs-Markov model », IEEE Trans. Signal Processing, vol. 49, 10, pp. 2202-2213,
oct. 2001.

[a.2] P. Ciuciu et J. Idier, « A Half-Quadratic block-coordinate descent method for spectral
estimation », Signal Processing, vol. 82, 7, pp. 941-959, juil. 2002.

[a.3] P. Ciuciu, J.-B. Poline, G. Marrelec, J. Idier, C. Pallier et H. Benali, « Unsupervised
robust non-parametric estimation of the hemodynamic response function for any fMRI
experiment », IEFEE Trans. Med. Imag., vol. 22, 10, pp. 1235-1251, oct. 2003.

[a.4] G. Dehaene-Lambertz, S. Dehaene, J.-L. Anton, A. Campagne, P. Ciuciu, G. P. Dehaene,
I. Denghien, A. Jobert, D. Le Bihan, M. Sigman, C. Pallier et J.-B. Poline, « Functional
segregation of cortical language areas by sentence repetition », Hum. Brain Mapp., vol. 27,
pp. 360-371, 2006.

[a.5] S. Dehaene, A. Jobert, L. Naccache, P. Ciuciu, J.-B. Poline, D. L. Bihan et L. Cohen,
« Letter binding and invariant recognition of masked words : Behavioral and neuroimaging
evidence », Psychological Science, vol. 15, 5, pp. 307-313, 2004.

[a.6] G. Marrelec, H. Benali, P. Ciuciu, M. Pélégrini-Issac et J.-B. Poline, « Robust Bayesian
estimation of the hemodynamic response function in event-related BOLD MRI using basic
physiological information », Hum. Brain Mapp., vol. 19, 1, pp. 1-17, mai 2003.

[a.7] G. Marrelec, P. Ciuciu, M. Pélégrini-Issac et H. Benali, « Estimation of the hemodynamic
response function in event-related functional MRI : Bayesian networks as a framework for
efficient bayesian modeling and inference », IEEE Trans. Med. Imayg., vol. 23, 8, pp. 959-967,
aotut 2004.

[a.8] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Joint detection-estimation of brain activity
in functional MRI : a multichannel deconvolution solution », IEEE Trans. Signal Processing,
vol. 53, 9, pp. 3488-3502, sep. 2005.
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[2.9] B. Thirion, G. Flandin, P. Pinel, A. Roche, P. Ciuciu et J.-B. Poline, « Dealing with
the shortcomings of spatial normalization : Multi-subject parcellation of {MRI datasets »,
Hum. Brain Mapp., vol.27, 8, pp.678-693, aoA»t 2006.

[a.10] C. Grova, S. Makni, G. Flandin, P. Ciuciu, J. Gotman et J.-B. Poline, « Anatomically
informed interpolation of fMRI data on the cortical surface », Neuroimage, vol. 31, pp. 1475—
1486, 2006.

[a.11] B. Thirion, P. Pinel, A. Tucholka, A. Roche, P. Ciuciu, J.-F. Mangin et J.-B. Poline,
« Structural analysis of fMRI data revisited : improving sensitivity and reliability of fMRI
group studies », IEEE Trans. Med. Imag., vol. 26, 9, pp. 1256-1269, sep. 2007.

[a.12] C. Rabrait, P. Ciuciu, A. Ribés, C. Poupon, P. Leroux, V. Lebon, G. Dehaene-Lambertz,
D. L. Bihan et F. Lethimonnier, « High temporal resolution functional MRI using parallel
echo volume imaging », Journal of Magnetic Resonance Imaging, vol. 27, 4, pp. 744-753,
mars 2008.

[a.13] S. Makni, J. Idier, T. Vincent, B. Thirion, G. Dehaene-Lambertz et P. Ciuciu, « A fully
Bayesian approach to the parcel-based detection-estimation of brain activity in fMRI »,
Neuroimage, vol. 41, 3, pp. 941-969, juil. 2008.

[a.14] A. Botzung, E. Denkova, P. Ciuciu, C. Scheiber et L. Manning, « The neural bases of the
constructive nature of autobiographical memories studied with a self-paced fMRI design »,
Memory, vol. 16, 4, pp. 351-363, avr. 2008.

IT.2 Revues sans comité de lecture (sc.)

[sc.1] J.-B. Poline, P. Ciuciu, A. Roche et B. Thirion, « Quelle confiance accorder aux images
du cerveau en action? », Pour la Science, vol. 338, pp. 138-142, déc. 2005.

[sc.2] L. Hertz-Pannier, P. Ciuciu, D. L. Bihan et V. Lebon, « Comprendre le cerveau par
I'image », Talents CEA, vol. 99, pp.—, fév. 2008.

I1.3 Chapitres de livre (bc.)

[be.1] J.-B. Poline, P. Ciuciu, A. Roche et B. Thirion, « Intra and inter subject analyses
of brain functional Magnetic Resonance Images (fMRI) », in Biomedical Image Analysis :
Methodologies and Applications, N. Paragios, Ed. In press, 2008, Springer Verlag.

I1.4 Articles soumis dans des revues internationales avec comité
de lecture (s.)

[s.1] P. Ciuciu, P. Abry, C. Rabrait et H. Wendt, « Log-cumulant wavelet-leaders multifractal
analysis of EVI fMRI time series : evidence of scaling phenomenae in the brain », soumis

A journal of special topics on signal processing, numéro spécial sur le human brain mapping,
CEA/I2BM /NeuroSpin, Gif-sur-Yvette, France, mars 2008.

[s.2] T. Vincent, L. Risser, J. Idier et P. Ciuciu, « Spatially adaptive mixture modellinf for
within-suject analysis of brain activity in fMRI », soumis & IEEE Trans. Med. Imag.,
CEA/I2BM /NeuroSpin, Gif-sur-Yvette, France, juin 2008.
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I1.5 Communications dans des comptes rendus de conférences
internationales avec comité de lecture (c.)

[c.1] P. Ciuciu, J.-F. Giovannelli et J. Idier, « Markovian high resolution spectral analysis »,
in Proc. IEEE ICASSP, Phoenix, Az, mars 1999, pp. 1601-1604.

[c.2] P. Ciuciu, G. Marrelec, J.-B. Poline, J. Idier et H. Benali, « Robust estimation of the he-
modynamic response function in asynchronous multitasks multisessions event-related fMRI
paradigms », in Proc. 1st Proc. IEEE ISBI, Washington, DC, USA, juil. 2002, pp. 847-850.

[c.3] G. Marrelec, H. Benali, P. Ciuciu et J.-B. Poline, « Bayesian estimation of the hemody-
namic response function in functional MRI », in Bayesian Inference and Mazximum Entropy
Methods, R. Fry, Ed., Baltimore, MD, USA, aott 2001, MaxEnt Workshops.

[c.4] F. Kherif, G. Flandin, P. Ciuciu, O. Simon, H. Benali et J.-B. Poline, « Model based
spatial and temporal similarity measures between series of functional Magnetic Resonance
Images », in Proc. 5th MICCAI Tokyo, Japon, sep. 2002, LNCS 2488 (Part II), pp. 509-
516, Springer Verlag.

[c.5] G. Marrelec, P. Ciuciu, M. Pélégrini-Issac et H. Benali, « Estimation of the hemodynamic
response function in event-related functional MRI : Directed acyclic graphs for a general
Bayesian inference framework », in 18th IPMI, C. Taylor et J. A. Noble, Eds., Ambleside,
Royaume-Uni, 2003, LNCS-2732, pp. 635-646, Springer Verlag.

[c.6] P. Ciuciu, J. Idier, A. Roche et C. Pallier, « Outlier detection for robust region-based
estimation of the hemodynamic response function in event-related fMRI », in 2th Proc.
IEEE ISBI, Arlington, VA, USA, avr. 2004, pp. 392-395.

[c.7] P. Ciuciu et J. Idier, « regularized doppler radar imaging for target identification in
atmospheric clutter », in 29th Proc. IEEE ICASSP, Montreal, Canada, mai 2004, vol. V,
pp. 265-268.

[c.8] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Semi-blind deconvolution of neural impulse
response in event-related fMRI using Gibbs sampler », in 2th Proc. IEEE ISBI, Arlington,
VA, USA, avr. 2004, pp. 860-863.

[c.9] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Semi-blind deconvolution of neural impulse
response in fMRI using a Gibbs sampling method », in 29th Proc. IEEE ICASSP, Montreal,
Quebec, Canada, mai 2004, vol. V, pp. 601-604.

[c.10] S. Donnet, M. Lavielle, P. Ciuciu et J.-B. Poline, « Selection of temporal models for
event-related fMRI », in 2th Proc. IEEE ISBI, Arlington, VA, USA, avr. 2004, pp. 992-
995.

[c.11] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Joint detection-estimation of brain activity
in fMRI using an autoregressive noise model », in 8th Proc. IEEE ISBI, Arlington, VA,
USA, avr. 2006, pp. 1048-1051.

[c.12] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Bayesian joint detection-estimation of
brain activity using MCMC with a Gamma-Gaussian mixture prior model », in 31th Proc.
IEEE ICASSP, Toulouse, France, mai 2006, vol. V, pp. 1093-1096.

[c.13] C. Rabrait, P. Ciuciu, C. Poupon, D. L. Bihan et F. Lethimonnier, « Temporal analysis
of the BOLD response using high temporal resolution Echo Volumar Imaging », in 14th
ISMRM, Seattle, USA, mai 2006.

[c.14] B. Thirion, A. Roche, P. Ciuciu et J.-B. Poline, « Improving sensitivity and reliability
of fMRI group studies through high level combination of individual subjects results », in
Proc. MMBIA2006, New York, USA, juinl17-18 2006.
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[c.15] T. Vincent, P. Ciuciu et J. Idier, « Spatial mixture modelling for the joint detection-
estimation of brain activity in fMRI », in 32th Proc. IEEE ICASSP, Honolulu, Hawaii, ,
USA, avr. 2007, vol. I, pp. 325-328.

[c.16] P. Ciuciu, P. Abry, C. Rabrait, H. Wendt et A. Roche, « Leader-based multifractal
analysis for EVI fMRI time series : ongoing vs. task-related brain activity », in 4th Proc.
IEEFE ISBI, Arlington, VA, USA avr. 2007, pp. 404-407.

[c.17] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Approche bayésienne de détection-
estimation conjointe de I'activité cérébrale en IRMf », in TAIMA 07, Hammamet, Tunisie,
mai 2007, pp. —.

[c.18] T. Vincent, P. Ciuciu et J. Idier, « Application and validation of spatial mixture model-
ling for the joint detection-estimation of brain activity in fMRI », in Proc. of the 29th annual
international conference of the IEEE EMBS, Lyon, France, aoA»t 2007, pp. 5218-5222.

[c.19] C. Rabrait, P. Ciuciu, A. Ribés, C. Poupon, G. Dehaene-Lambertz, P. Leroux, D. L.
Bihan et F. Lethimonnier, « Regularized localized parallel EVI : application to the study
of habituation effects in fMRI », in Proc. 16th ISMRM, Toronto, Canada, mai 2008.

[c.20] L. Risser and P. Ciuciu, « Brain activation detection using diffusion weighted
MRI and BOLD MRI : a comparative study », soumis & la conférence MICCAI,
CEA/I2BM /NeuroSpin, Paris, France, mars 2008.

[c.21] P. Ciuciu, T. Vincent, A.-L. Fouque et A. Roche, « Improved fMRI group studies based
on spatially varying non-parametric bold signal modeling », in 5th Proc. IEEE ISBI, Paris,
France, mai 2008, pp. 1263—-1266.

[c.22] T. Vincent, P. Ciuciu et B. Thirion, « Sensitivity analysis of parcellation in the joint
detection-estimation of brain activity in fMRI », in 5th Proc. IEEE ISBI, Paris, France,
mai 2008, pp. 568-571.

[c.23] L. Chaari, J.-C. Pesquet, A. Benazza-Benyahia et P. Ciuciu, « Autocalibrated regularized
parallel MRI reconstruction in the wavelet domain », in 5th Proc. IEEE ISBI, Paris, France,
mai 2008, pp. 756-759.

[c.24] L. Risser, T. Vincent et P. Ciuciu, « Fast estimation of partition function in
3D Potts fields. Application to fMRI image sequence analysis », soumis a NIPS’08,
CEA /I2BM /NeuroSpin, Gif-sur-Yvette, France, juin 2008.
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[d.1] J. Idier, J.-F. Giovannelli et P. Ciuciu, « Interprétation régularisée des périodogrammes
et extensions non quadratiques », in Actes du 16° colloque GRETSI, Grenoble, France, sep.
1997, pp. 695-698.

[d.2] P. Ciuciu, J.-F. Giovannelli et J. Idier, « Analyse spectrale non paramétrique haute
résolution », in Actes du 17° colloque GRETSI, Vannes, France, sep. 1999, pp. 721-724.
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de cibles en imagerie radar Doppler », in Actes du 18° colloque GRETSI, Toulouse, France,

sep. 2001, pp. 479-482.

[d.4] P. Ciuciu, J. Idier, G. Marrelec et J.-B. Poline, « Estimation régularisée et non supervisée
de la fonction de réponse hémodynamique en imagerie cérébrale fonctionnelle (IRMf) », in
Actes du 19° colloque GRETSI, Paris, France, sep. 2003.
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[d.5] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Détection-estimation conjointe de l'activité
cérébrale en imagerie fonctionnelle (IRMf) », in Actes du 20° collogue GRETSI, sep. 2005,
pp. 295-298.
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2002.
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Neuroimage vol. 19 (2), New York, , USA, juin19-22 2003.

[p.3] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « A region-based method for the estimation
of the neural impulse response in event-related fMRI », in 10th HBM, Budapest, Hongrie,
juin 2004.

[p.4] S. Donnet, M. Lavielle, P. Ciuciu et J.-B. Poline, « BOLD single-trial variability and model
selection », in 10th HBM, Budapest, Hongrie, juin 2004.

[p.5] P. Ciuciu, C. Pallier, B. Thirion, S. Mériaux, G. Dehaene-Lambertz et S. Dehaene, « He-
modynamic response estimation in auditory sentence repetition », in 11th HBM, Toronto,
Canada, juin 2005.

[p.6] S. Makni, C. Grova, P. Ciuciu et J.-B. Poline, « An interpolation method for fmri data
extraction on the cortical surface », in 171th HBM, Toronto, Canada, juin 2005.

[p.7] S. Makni, P. Ciuciu, J. Idier et J.-B. Poline, « Anatomically informed joint detection-
estimation of brain activity », in 12th HBM CD-Rom, Florence, Italie, juin 11-15 2006.
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CD-Rom, Florence, Italie, juin 11-15 2006.

[p.9] P. Ciuciu, J. Idier et S. Makni, « Modeling non-linear and non-stationary effects of the
BOLD response using mixture models in fMRI », in 12th HBM CD-Rom, Florence, Italie,
juin 11-15 2006.

[p.10] P. Ciuciu, C. Poupon, A. Ribés et C. Rabrait, « Vers de nouvelles méthodes de recons-

truction régularisée en IRM parallele », in Journées Paristic’06, Nancy, France, nov. 22-23
2006.

[p.11] P. Ciuciu, P. Abry et C. Rabrait, « Leader-based multifractal analysis of EVI fMRI time
series : evidence of scaling phenomenae in a language comprehension study », in Proc. 15th
HBM, Chicago, IL, USA, juin10-14 2007.

[p.12] T. Vincent, P. Ciuciu et J. Idier, « Whole brain validation of spatial mixture modelling
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[s.7] P. Ciuciu, « Modeling the BOLD response in fMRI », Saint-Malo, sep. 2004, MICCAT’04.
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[m.2] P. Ciuciu, Méthodes markoviennes en estimation spectrale non paramétrique. Applica-
tions en tmagerie radar Doppler, Phd thesis, Université de Paris—Sud, Orsay, France, oct.
2000.

I1.11 Documents pédagogiques (dp.)
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CHAPITRE 111

SYNTHESE DES TRAVAUX SCIENTIFIQUES

I11.1 Introduction

I11.1.1 Contexte général

Depuis I’an 2000, mon activité de recherche s’est inscrite au sein du groupe Modeéles et Analyse
de Données en Imagerie Cérébrale de I’'Unité de Neuro-imagerie Anatomo-Fonctionnelle (UNAF)
au sein du Service Hospitalier Frédéric Joliot (SHFJ/CEA), sous la responsabilité de Jean—
Baptiste POLINE, d’abord pendant mon stage post-doctoral puis ensuite en tant que statutaire
au sein de I’équipe. Depuis mon arrivée a NEUROSPIN début 2007, elle prend place au coeur
du Laboratoire de Neuro-imagerie Assistée par Ordinateur dirigé par Jean—Francois MANGIN.
Synthétiquement, elle se concentre sur des problemes d’analyse spatio-temporelle de données
d’Imagerie par Résonance Magnétique fonctionnelle (IRMf) et se positionne & l'interface de plu-
sieurs disciplines, aux premiers rangs desquelles figurent les statistiques, le traitement du signal,
Iinformatique et les neurosciences.

Les études en neurosciences s’appuient en effet de plus en plus sur la neuro-imagerie anato-
mique et fonctionnelle, & la fois pour élucider le code neural propre a des fonctions cognitives
évoluées chez le sujet sain (mémoire, calcul, langage) mais aussi pour identifier des dysfonctionne-
ments structurels ou fonctionnels propres a certaines pathologies neurodégénératives (Alzheimer,
sclérose en plaques) ou psychiatriques (autisme, schizophrénie), en vue d’établir des marqueurs
du diagnostic voire du pronostic de ces maladies. Pour atteindre de tels objectifs, il est nécessaire
d’extraire un ensemble d’informations pertinentes a partir du volume important de données ac-
quises. La pertinence de ces informations dépend fortement de I’expertise acquise dans I’ensemble
des disciplines scientifiques impliquées dans la démarche. Il est donc nécessaire de travailler a
I'interface de ces différents domaines et de collaborer aussi bien avec des physiciens qu’avec
des cogniticiens, les premiers permettant de mieux comprendre le contenu informationnel des
données, les seconds garantissant la recherche de solutions cohérentes et viables en réponse a
des questions de neurosciences correctement formulées. A travers ces années, j’ai pu collaborer
avec des cogniticiens notamment de 1'unité INSERM Ub62, Neuro-imagerie cognitive dirigée par
Stanislas DEHAENE, afin de valider chez des sujets sains les approches développées. J’ai pu aussi
travailler & 'amélioration de leur robustesse pour tenir compte de différentes sources de varia-
bilité : inter-individuelle, inter-site, ... en vue de leur utilisation chez des patients notamment
épileptiques [TANA et coll. 2007]. Ces variabilités sont en effet les causes essentielles de com-
portements atypiques de méthodes d’analyse classiques (e.g., régression linéaire, ...). Je me suis
aussi rapproché des physiciens en vue d’influencer le choix de certains parametres d’imagerie ou
de certains reconstructeurs, et d’améliorer ’analyse ultérieure des données reconstruites.
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I11.1.2 Pourquoi ’acquisition des données ne suffit pas en neuro-imagerie ?

Un prérequis indispensable a ’analyse pertinente des données de neuro-imagerie tient dans
la maitrise, au moins dans les grandes lignes, des techniques d’acquisition du signal de résonance
magnétique nucléaire, et des principes de formation des images qui en résultent. La physique ato-
mique, ’électromagnétisme et la biochimie sont donc essentielles pour parfaire ses connaissances
en IRM. Depuis son invention au début des années 70', cette modalité d’imagerie a connu un
essor considérable en permettant ’acquisition de volumes tridimensionnels de grande précision
anatomique. Sous le terme IRM, on regroupe en fait diverses modalités qui ont en commun d’étre
toutes acquises avec le méme imageur : images anatomiques (pondérées en 77 ou T5), images
fonctionnelles (pondérées en T), images de diffusion (orientation des principaux faisceaux de
fibres de matiere blanche), ... Dans le domaine de I'imagerie cérébrale fonctionnelle, la formation
des images s’appuie sur le contraste Blood-Ozygen-Level Dependent (BOLD), marqueur endogene
mais indirect de 'activité neuronale. Toutefois, le polymorphisme de 'IlRM 'autorise aussi a se
muer en modalité d’angiographie (visualisation des vaisseaux cérébraux), de perfusion (distribu-
tion du sang) et de spectroscopie (distribution de certains métabolites) ; sauf mention contraire,
nous nous focaliserons dans la suite exclusivement sur I'IRMf par effet BOLD.

Si la maitrise des modalités d’acquisition demeure insuffisante pour proposer des in-
terprétations directes et sans faille des images acquises, cela tient au caractere fortement bruité
des données : le rapport signal-a-bruit (RSB) est faible, notamment dans les aires cérébrales
attachées aux fonctions les plus évoluées (e.g., cortex pariétal). Il n’est pas rare de mesurer
un pourcentage de variation du signal BOLD consécutif a ’activation neuronale de I'ordre de 1
ou 2 % autour de la ligne de base. Ce constat établi, les techniques d’analyse de données de
neuro-imagerie sont devenues incontournables pour produire des résultats et des interprétations
neuro-scientifiques soutenables. Une fois les premiers systémes sensori-moteurs cartographiés a
I’aide de techniques de régression multiple, les cogniticiens se sont intéressés a des fonctions plus
évoluées (mémoire, calcul, langage, ...) et les cliniciens, & des marqueurs physiopathologiques de
certaines affections au sein de ces systemes. C’est dans ce champ applicatif qu’ont pris leur essor
des méthodes d’analyse plus ambitieuses, recherchant des phénomenes plus ténus au prix d’une
modélisation accrue. C’est aussi pour étayer des interprétations neurobiologiques plus plau-
sibles, et enfin répondre & de nouvelles questions”, que sont apparues depuis ces cinq dernieres
années des méthodologies plus abouties (connectivité fonctionnelle, modeles non-linéaires, non-
stationnaires, analyse sur la surface, ...), parmi lesquelles figurent mes contributions.

II1.1.3 Nouvelles questions, changement de cap ?

Comme nous le verrons par la suite, la plupart des problémes méthodologiques que j’ai
abordés en neuro-imagerie fonctionnelle se formulent comme des problémes d’estimation voire de
détection-estimation. Sous un angle plus large, on peut aussi y rattacher des questions de sélection
de modéle. Au sein de ma communauté scientifique d’origine, ces thématiques entrent dans la
famille des problémes inverses au sens ou ils sont associés a un probléeme direct, exprimable et
résoluble dans le cadre des équations régissant le fonctionnement des systemes biologiques. Le re-
gain d’intérét qu’ont connu les problemes inverses est di a ’avenement de la puissance numérique
des ordinateurs. On les retrouve donc dans bon nombre d’applications médicales ou autres (op-
tique, radar, calorimétrie, spectroscopie, géophysique), bien au-dela de 'imagerie cérébrale. La

!Paul C. LAUTERBUR a recu le prix Nobel de Médecine en 2003, pour ses travaux sur la découverte de I'IRM,
qui ont révolutionné 'imagerie médicale. Il nous a quitté le 27/03/2007.

2en dépassant la simple cartographie fonctionnelle, qui ne répond finalement qu’a la question O 2, et en
s’attaquant a la problématique plus fondamentale du Comment ?
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résolution de ces problemes présente la caractéristique désagréable d’étre tres sensible aux er-
reurs sur les données, ce sont souvent des problémes mal-posés®. Un moyen désormais classique
de résoudre cette difficulté passe par la régularisation [T1kHONOV ET ARSENIN 1977]. De fagon
privilégiée dans mon activité, les outils méthodologiques mis en ceuvre pour parvenir a inverser
les modeles sont des formulations probabilistes de type markovienne [BrEMAUD 1999], utilisées
comme q priori dans le cadre de I'inférence bayésienne, ou encore des fonctions de pénalisation
« gibbsiennes » qui en constituent le pendant dans un cadre déterministe [[DiER 2001].

Compte tenu des contraintes expérimentales pour acquérir le signal d’IRMf, I'objectif est
souvent de construire des solutions raisonnables et robustes dans un contexte difficile : données
fortement bruitées, artefacts de nature diverse, modele d’observation approximatif, absence de
modele paramétrique du signal a reconstruire, ... La théorie de [’estimation statistique fournit
un cadre adapté pour construire ces solutions. Mais il est alors important de remarquer que les
études asymptotiques (par exemple & rapport signal-a-bruit ou a nombre de données tendant
vers l'infini) ne rendent pas compte du caractere éventuellement mal-posé des problemes en
situation réelle. En traitement de signal, le choix d’un estimateur en fonction de son comporte-
ment asymptotique est classique et 1égitime lorsque ce comportement correspond au régime établi
dans un systeme alimenté par un flot de données. Dans le contexte spécifique des problémes in-
verses, cette démarche devient risquée : ignorant la nécessité de régulariser, elle est susceptible
de produire des solutions inexploitables car instables.

Dans le domaine de la neuro-imagerie, il a fallu attendre le début des années 2000 pour que
ce constat soit communément admis et que les méthodologistes et cogniticiens soient conscients
de cette nécessité de régulariser. En effet, jusque la, la plupart des acteurs considéraient le
probleme d’analyse de données résolu des lors que la question de neurosciences a laquelle il se
rattachait était correctement formulée — ’exemple le plus frappant constituant la batterie de
pré-traitements”’ requis pour pouvoir détecter une corrélation entre le signal fonctionnel mesuré
et le paradigme expérimental’. L'« intrusion » de traiteurs de signaux et d’images et de statisti-
ciens de stature internationale’ dans la communauté de la neuro-imagerie fonctionnelle a impulsé
des changements radicaux dans I’analyse de ces données depuis le début des années 2000. Ils ont
réussi le tour de force de faire émerger une méthodologie innovante dans 'analyse (e.g., cesser de
lisser spatialement les données, résoudre le probleme de la normalisation spatiale, conduire des
analyses de groupe robustes aux données atypiques ou tenant compte du caracteére non-gaussien
de la population échantillonnée, ... ) tout en démontrant un vif intérét pour les neurosciences et
une capacité a communiquer avec les acteurs de ce domaine. C’est aujourd’hui de cette commu-
nauté que je me sens le plus proche et au sein de laquelle j’essaie d’apporter ma contribution de
fagon originale.

Ce changement de cap dans I'analyse des données a pour but essentiel le développement
d’algorithmes produisant des résultats résistant aux méta-analyses, c’est-a-dire dont les in-
terprétations neuro-scientifiques sont reproductibles et généralisables a d’autres individus ou
d’autres populations. C’est dans cette perspective d’une plus grande complexité que se place
mon travail. Cette complexité se décline sur le plan méthodologique et algorithmique par I'usage
d’une gamme d’outils relativement sophistiqués et gourmands en temps de calcul. La résolution

3Un probleme est bien posé au sens de Hadamard [IDipr 2001] si sa solution existe, est unique et de-
meure stable vis-a-vis d’une petite perturbation des données, donc en particulier si elle dépend contintiment
des données. Un probléme est dit mal-posé si 'une au moins des trois conditions précitées n’est pas satisfaite.
Voir [TIKHONOV ET ARSENIN 1977, KAIPIO ET SOMERSALO 2005] pour des illustrations.

4étapes de correction mais aussi de destruction d’une partie de information contenue dans les données

50On définit le paradigme expérimental comme la suite de stimuli présentés au sujet dans le scanner, au cours
duquel on acquiert les volumes fonctionnels.

50n pourrait citer les membres du FMRIB & Oxford, le groupe d’Ed BULLMORE & Cambridge, Keith WORSLEY &
Mec Gill, Jonathan TAYLOR a Standford, le FIL a Londres et en particulier Will PENNY, Alexis ROCHE ou Bertrand
THIRION & NEUROSPIN...
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de problemes calculatoires fait partie intégrante de mon activité afin de rendre crédibles et
exploitables par le plus grand nombre les approches que nous développons. J’ai par exemple
investi le champ des méthodes d’optimisation déterministe (¢f. Thémes 1 et 4) [TANNER 1993,
BerTsErkAs 1995], d’analyse combinatoire (Sous-théme 1c) [PAascros 2005], mais aussi ce-
lui des techniques d’échantillonnage stochastique, aussi connu sous le vocable de méthodes de
MONTE-CARLO par Chaines de MARKOV [ROBERT 2001] au moment d’aborder les problemes
d’estimation non-supervisée (réglage d’hyperparametres, cf. Thémes 1 et 2).

Outre les aspects algorithmiques, une étape fondamentale a la validation et la diffusion de nos
méthodes passe par un important travail d’implantation informatique, de documentation et de
support aux utilisateurs. Elle nécessite des infrastructures que peu de laboratoires de recherche
possedent et que peu de personnes valorisent comme une activité scientifique. En France, la seule
plate-forme informatique multimodale” dédiée & la neuro-imagerie anatomique et fonctionnelle a
vu le jour au sein de I'IFR 49 au début des années 2000. Il s’agit de BRAINVISA, au sein de laquelle
nous proposons une gamme d’outils d’analyse originaux. Sur le plan international, nous nous
inscrivons aussi dans une politique multi-laboratoires en contribuant au projet NIPY, i.e., Neu-
roimaging in Python® & travers le développement d’une librairie C de calcul scientifique” et des
bindings Python associés. En régime de croisiere, cette production logicielle s’accompagne d’une
activité de conseil pour des équipes de recherche extérieures. A moyen terme, cette expertise
va nous permettre d’atteindre un niveau d’exigence et de qualité que sont en droit d’attendre
des partenaires industriels, cliniques et pharmaceutiques, dont certains collaborent déja avec
NEUROSPIN & travers le projet franco-allemand ISEULT financé par I’Agence pour l'innovation
industrielle (A1) depuis novembre 2006.

La suite de ce chapitre est un résumé de mon activité scientifique, intitulée Neurodynamique
cérébrale, découpée en six themes :
e Theme 1- Estimation non-paramétrique de la réponse hémodynamique (2000-06)
— Sous-theme la— Identification non-supervisée (2000-03)
Sous-theme 1b— Statistique de détection et de comparaisons (2003-04)
Sous-théme 1c— Extensions spatiales et recherche d’homogénéité fonctionnelle (2002-06)
Sous-theme 1d — Extensions non-stationnaires (2003-06)
— Sous-théme le—Applications en neuropsychologie cognitive et expérimentale (2003-06)
e Theéme 2 - Détection-estimation conjointe de 'activité cérébrale (depuis 2004)
— Sous-theme 2a— Modeles de mélanges indépendants (2004-06)
Sous-théme 2b— Modélisation du bruit (2004-06)
Sous-théme 2c— Modélisation de la corrélation spatiale (depuis 2006)
— Sous-theme 2d — Modélisation de déactivations (depuis 2006)
— Sous-théme 2e — Modeéles non-linéaires et/ou non-stationnaires (depuis 2005)
— Sous-theme 2f - Indétermination liée a la bilinéarité (depuis 2006)
Sous-theme 2g— Sélection et comparaison de modeles (depuis 2007)
e Theéme 3 - Analyse sur la surface corticale (depuis 2005)
— Sous-théme 3a— Interpolation du signal IRMf sur la surface (2005-06)

"¢’est-a-dire capable de traiter des données issus d’examens d’imagerie par résonance magnétique (anatomique,
fonctionnel, de diffusion) mais aussi de magnéto- ou électro-encephalographie (MEEG).

8Voir http://projects.scipy.org/neuroimaging/ni.

Ybaptisée ££f pour fast functions for fMRI, téléchargeable sur le dépot SVN a P’adresse http://neuroimaging.
scipy.org/svn/ni/fff.
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— Sous-theme 3b— Détection-estimation conjointe sur la surface (depuis 2007)
e Theme 4 — Reconstruction régularisée en IRM parallele (depuis 2006)
— Sous-theéme 4a— Reconstruction supervisée (depuis 2006)
— Sous-theéme 4b — Reconstruction auto-calibrée dans 1’espace ondelette (depuis 2007)
e Theéme 5— IRM fonctionnelle « ultra-rapide » (depuis 2005)
— Sous-theéme 5a— Caractérisation statistique des données EVI (2005-07)
— Sous-theme 5b— Caractérisation de la dynamique des signaux EVI (2005-07)
— Sous-theéme 5b— Applications en neurosciences : mise en évidence du phénomene d’ha-
bituation (2007)
e Theme 6— Analyse exploratoire multifractale des données d’IRMf (depuis 2005)
— Sous-theme 6a— Indice de régularité des données d’activité induite et spontanée
— Sous-theme 6b—Détection d’activation par analyse statistique des attributs multifrac-
taux
L’ordre choisi est approximativement chronologique et les périodes d’activité sont indiquées
pour chaque theme et sous-theme. Le découpage adopté rend compte de la complexité croissante
des modeles élaborés au cours de mes travaux, en vue notamment de 1’élaboration de méthodes
pertinentes pour la fusion symétrique de données multimodales de données de neuro-imagerie
fonctionnelles (EEG-IRMS)!". Pour chaque théme, les applications privilégiées ayant servi a la
validation des modeles et algorithmes proposés seront précisées et les collaborations mentionnées.
La fin du chapitre est consacrée a un résumé des perspectives de ces travaux, portant notamment
sur deux sujets majeurs :
— le développement de modeles génératifs et explicatifs pour la fusion symétrique de données
multimodales de neuro-imagerie fonctionnelle ;
— l'analyse de la dynamique des données de diffusion fonctionnelle, qui nous l’espérons,
refletera l'activité neuronale plus précocément que le contraste BOLD.

II1.2 Theme 1—- Estimation non-paramétrique de la réponse
hémodynamique (2000-06)

Dans ce theme s’inscrit mon travail post-doctoral au SHFJ ainsi que la collaboration avec
I’équipe INSERM dirigée par Habib BENALI, de I'unité U678, durant la these de Guillaume MAR-
RELEC. Le probleme abordé est celui de I'identification de la réponse impulsionnelle du systeme
neuro-vasculaire encore appelée fonction de réponse hémodynamique (FRH) dans les protocoles
événementiels d’IRMf. Dans ce type de paradigmes en effet, des stimuli de durée breve sont
présentés isolément au sujet, par opposition aux protocoles en blocs. Ils induisent ainsi des
variations du signal BOLD typiques, qui sous des hypotheses de linéarité et stationarité de la
réponse correspondent a la réponse impulsionnelle du systéme neuro-vasculaire. Si les différents
stimuli sont suffisamment espacés dans le temps (typiquement 20 a 25 sec.), on parle de proto-
cole événementiel lent. Le probleme d’identification n’est alors pas difficile car les réponses BOLD
aux différents essais ne se chevauchent pas. En revanche, pour des intervalles inter-stimuli plus
courts (e.g., 3 a 4 sec.), c’est-a-dire pour des protocoles événementiels rapides, 'estimation de
I’hémodynamique devient plus complexe.

Cette question est devenue un domaine de recherche tres actif essentiellement pour deux
raisons. La mise en évidence de 'impact d’une bonne estimation locale de la FRH sur la
détection des activations en constitue la premiere. De facon connexe, il s’agit de sélectionner des
régresseurs de facon optimale, en un sens & définir, pour modéliser la réponse attendue du sujet

103ai déja eu 'occasion d’aborder cette question sous un angle asymétrique dans le cadre de I'action concertée
incitative de Line GARNERO durant la période 2001-04, en collaborant aussi avec Pierre-Jean LAHAYE ancien
doctorant de ’équipe au SHFJ.
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au cours du protocole expérimental. En d’autre termes, selon la forme de la FRH considérée,
des aires cérébrales impliquées par le paradigme expérimental peuvent potentiellement ne pas
étre détectées comme significativement activées, et nécessiter ainsi la définition d’un modele
plus souple par l'ajout de régresseurs''. D’autre part, les tentatives pour expliquer la forte
variabilité régionale et inter-individuelle observée dans la forme de cette dynamique constitue
indéniablement une seconde motivation. Les sources de cette variabilité peuvent étre de nature
vasculaire mais aussi neuronale. Des lors, beaucoup d’efforts ont été consentis pour tenter de
séparer les contributions de ces deux compartiments, en jouant notamment sur le paradigme
expérimental (phénomene de suppression a la répétition) mais aussi sur la modélisation de la
réponse (voir Sous-théme 1a).

Des le milieu des années 90, la plupart des travaux de ce domaine ont été consacrés
a la recherche du meilleur modele paramétrique [FRISTON et coll. 1995, LancE 1997,
ConeN 1997, Rajaprakse et coll. 1998] et du meilleur jeu de parametres au sens des moindres
carrés une fois ce modele posé. Un consensus s’est dégagé autour de la contribution
de [GLOVER 1999], qui a proposé, étayé par des validations expérimentales, de représenter
la FRH comme une différence de deux distributions gamma. Néanmoins, il est rapide-
ment apparu que cette modélisation pouvait s’avérer trop rigide pour prendre en compte
les variabilités précédemment mentionnées [AGUIRRE et coll. 1998, BUCKNER et coll. 1998,
MigzIN et coll. 2000, HANDWERKER et coll. 2004]. L’introduction d’une certaine souplesse dans
le modele a été abordée selon plusieurs points de vue. Pour certains, il s’agit d’utiliser une
base de fonctions en lieu et place d’une seule forme paramétrique [F'RISTON et coll. 1995,
Josern BT HENSON 1999], mais la question du choix de la meilleure base demeure
en suspens. Cette question a en partie été résolue par les travaux successifs
de [GENnOVESE 2000, GOsSL et coll. 2001] portant sur une modélisation semi-paramétrique, puis
de [WooLRrICH et coll. 2004], qui ont finalement proposé une base relativement souple dont la di-
mension peut évoluer en fonction de I’adéquation des données aux modeles. Ce degré d’évolutivité
a un prix puisque la sélection du meilleur modele nécessite la résolution d’un probléeme d’opti-
misation dont la dimension de ’espace de recherche n’est pas fixée a priori.

Tout comme les travaux précurseurs de [GOUTTE et coll. 2000], j’ai poursuivi une autre voie,
qui consiste & recourir a une formulation non-paramétrique pour estimer la FRH, c’est-a-dire
sans imposer de forme particuliere a 'avance. Mes principales contributions dans ce domaine
sont synthétisées dans les paragraphes suivants.

I11.2.1 Sous-théme la— Identification non-supervisée (2000-03)

Mes principales publications relatives a cette partie [c.2, a.6, a.3, a.7] et concernent de nom-
breux développements liés a I’estimation non-paramétrique et vozel a voxel de la FRH dans un
cadre bayésien. L’aspect non-supervisé tient au fait qu’en sus des parametres hémodynamiques
a identifier les hyper-parametres (statistique du bruit, modele a priori) sont estimés automa-
tiquement a partir des données avec d’ailleurs une stratégie d’estimation fluctuante selon les
publications : maximum de vraisemblance, moyenne a posteriori,... Selon la nomenclature anglo-
saxonne, on peut regrouper les solutions proposées en deux familles :

1. Les approches « bayésiennes empiriques » (cf. [a.3]) qui consistent & estimer les hyper-
parametres au sens du maximum de vraisemblance a partir des données, puis a injecter
les valeurs estimées dans la distribution a posteriori de la FRH, sans tenir compte de
Iincertitude sur ces estimées. Autrement dit, ’'on suppose ici que les hyper-parametres sont
inconnus mais déterministes. Ainsi, on fait I’hypothese que la valeur estimée coincide avec la

"Dans cette situation, le nombre de degrés de liberté des tests statistiques sous-jacents devient plus faible et
les tests moins sensibles.
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vraie valeur du parametre, ce qui évidemment n’est qu’une approximation. Les algorithmes
mis en jeu sont des techniques déterministes de maximisation de la vraisemblance, tels que
les algorithmes EM (Ezpectation-Mazimization) [DEMPSTER et coll. 1977, Wu 1983] ou
leurs avatars (ECM, GEM) [MeNG T RUBIN 1993].

2. Les approches « totalement bayésiennes », qui généralisent les précédentes puisqu’on proba-
bilise les hyper-parametres en leur assignant une distribution de probabilité. Il s’agit alors
soit d’estimer la distribution a posteriori marginale (c¢f. [a.6, a.7]) de I'hyper-parametre
d’intérét ou d’échantillonner sa distribution a posteriori conditionnelle (cf. [c.8]). Un tel
schéma permet in fine d’accéder a la distribution marginale a posteriori du parametre et
donc de tenir compte de 'incertitude sur ’estimée.

Par rapport au travail séminal de [GOUTTE et coll. 2000], mes principales contributions
concernent l’estimation de I’hémodynamique pour des paradigmes événementiels rapides,
nécessitant donc la déconvolution des réponses aux essais successifs du stimulus. En collabo-
ration avec Guillaume MARRELEC, j’al notamment proposé des généralisations concernant :

— les paradigmes multi-conditions'” ou il s’agit d’estimer une dynamique spécifique a chaque
type de stimulus ; ceci tend a rendre le probleme moins bien-posé car le nombre d’inconnues
grandit au regard du nombre de données disponibles. Toutefois, cette modélisation est ca-
pitale pour mieux comprendre au sein d’une région fonctionnelle donnée quelle part de la
variabilité de ’activité neuronale est perceptible dans les signaux d’IRMf. La modélisation
d’une fonction de réponse par condition expérimentale permet en effet d’isoler localement
la contribution due au changement de ’activité neuronale sous réserve que le paradigme
expérimental soit bien controlé, c’est-a-dire que les stimuli soient de durée et d’inten-
sité comparables a travers les conditions expérimentales. Toutefois dans ce cadre, cette
séparation n’est pas directement généralisable a ’ensemble du cerveau compte tenu de la
variabilité du réseau vasculaire et de ses effets sur la forme de la réponse BOLD.

— les paradigmes asynchrones ou les stimuli sont présentés a intervalles de temps variables et
potentiellement décalés par rapport aux instants d’acquisition des volumes fonctionnels ;
la situation devient plus complexe numériquement ici car la matrice décrivant le probléme
direct perd son caractere Toeplitz.

— la modélisation et ’estimation de la dérive basse fréquence affectant les signaux d’IRMf,
évitant ainsi tout filtrage passe haut préalable détruisant, sans recours possible, une par-
tie de l'information contenue dans les données. Sur le plan algorithmique, nos premieéres
contributions ont d’abord considéré ces parametres de nuisance comme déterministes mais
inconnus pour en proposer une estimation au sens du maximum de vraisemblance au sein
d’un algorithme ECM [a.3]. La qualité de l'estimation s’est améliorée significativement
en adoptant une approche complétement probabiliste [d.4]. Il s’agit ici en fait d’intégrer
hors du probleme les coefficients de dérive basse fréquence puis de travailler sur la loi a
posteriori jointe marginale.

— la prise en compte de plusieurs sessions d’acquisition au sein du méme voxel en vue de faire
croitre le nombre de données disponibles au regard du nombre d’inconnues. Evidemment,
cette approche fait I’hypothése d’une certaine reproductibilité de la FRH & travers les
sessions, hypothese discutable pour certains paradigmes expérimentaux voire chez certains
sujets. C’est I'une des raisons fondamentales pour lesquelles j’ai opté par la suite pour le
développement de modeles spatiaux, i.e., exploitant 'information de voisinage, c’est-a-dire
de similarité des profils de réponse dans des voxels voisins.

La Fig. II1.1 illustre les deux premiers points en montrant des différentiations de profils de
FRH estimée pour différentes conditions expérimentales (silence, contraste acoustique et pho-
nologique, ou controle) entre le gyrus de Heschl (cf. Fig. 111.1(a)) et deux zones distinctes du

12qui sont les plus intéressants en pratique pour bien contrdler la tache & réaliser.
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Fic. III.1 — Estimation multi-conditions et multi-sessions de la FRH dans une expérience de
perception linguistique. Les conditions expérimentales phonologique, et controle
sont associées aux FRHs hq, ho, hs, respectivement et les essais silence sont représentés par hy
montrant une déactivation. En haut, les cartes statistiques de Student seuillées & P = 0.001
et corrigées pour les comparaisons multiples sont superposées a une coupe axiale de 'anatomie
cérébrale d’un sujet. Les coordonnées des voxels sont indiquées en mm dans le référentiel de

Talairach. En bas, les FRH sont estimées a partir de trois sessions dans les voxels V;-V3.

planum temporale impliquées respectivement dans ’encodage acoustique et phonologique (cf.
Fig. I11.1(b)-(c)). On peut également visualiser la présence de déactivations dues aux essais
silence, bien prédictibles compte tenu de l'arrét des gradients de I'IRM au cours de ces essais
présentés entres les scans d’acquisition (paradigme asynchrone).

Ayant observé dans bon nombre de situations expérimentales une certaine similarité dans les
formes de réponses estimées dans des voxels voisins (voir Fig. [11.2), il nous a semblé pertinent
de travailler a une extension spatiale de ces travaux, c’est-a-dire caractériser I’'hémodynamique
non plus d’un voxel mais d’une région.
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Fia. II1.2 — Estimées des FRHs dans trois voxels d’une région d’intérét illustrant une certaine
reproductibilité spatiale de la dynamique recouvrée.
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II1.2.2 Sous-theme 1c— Extensions spatiales et recherche d’homogénéité
fonctionnelle

Les extensions spatiales que j’ai proposées s’appuient sur la notion d’« homogénéité fonc-
tionnelle régionale ». En premiere approximation, on pourrait définir cette notion comme la
résultante de I’évaluation par une métrique appropriée, du degré de similarité de signaux IRMf
issus de voxels voisins.

Mes travaux se sont alors articulés autour de deux questions :

1. Identifier au sein d’un systéeme cognitif particulier des aires corticales dont les pro-
priétés fonctionnelles sont discernables en termes d’amplitude et de délai d’activation (voir
Fig. 111.3 et [a.4, WoTAwA 2006]) ; pour ce faire, nous nous appuyons sur des algorithmes
de parcellisation qui rassemblent au sein de chaque parcelle des voxels dont le profil fonc-
tionnel est semblable tout en préservant la connexité des parcelles [a.9]. Ce profil peut étre
directement issu des signaux IRMf mesurés ou bien des parametres de regression issus d’une
analyse classique par modele linéaire généralisé (MLG) comme l'illustre la Fig. 111.3(c).

2. Tester I’homogénéité fonctionnelle d'une région préalablement définie, soit comme un
cluster d’activation soit sur des bases anatomiques (cf. [c.4, a.3, c.6]). La contribution
méthodologique la plus originale a consisté & adapter au contexte de 'IRMf une méthode
d’estimation robuste, les moindres carrés tamisés [Rousseruw BT LErROY 1987], dans
le but d’écarter de ’analyse une proportion de voxels atypiques au sein d’une région
fonctionnelle donnée. La mise en ceuvre de cette approche, détaillée dans [c.0], s’ap-
puie sur un algorithme de type SMLR (Single Most Likely Replacement) bien connu
de la communauté des traiteurs de signaux [[KOrRMYLO ET MENDEL 1982, MENDEL 1983,
CHAMPAGNAT et coll. 1996] pour résoudre de fagon sous-optimale un probléeme d’optimi-
sation combinatoire.

Finalement, cela m’a conduit aussi a proposer un modele explicatif régional du signal BOLD,
suffisamment parcimonieux pour que son identification reste résoluble avec un coiit de calcul
réduit [c.6, ¢.9]. En substance, j’ai proposé d’introduire un modele régional ou la forme de
la FRH est la méme pour tous les voxels, tout en autorisant une certaine variabilité de la
réponse hémodynamique d’un voxel & un autre par le biais d’une modulation d’amplitude. Ainsi,
caractériser ’hémodynamique d’une région équivaut & identifier ces facteurs de modulation'” en
sus du décours temporel de la FRH. Ceci a fait I'objet du stage de DEA de Salima MAKNI au
printemps 2003.

Le probleme inverse linéaire d’identification d’'une FRH se mue alors en un probléme inverse
bilinéaire, plus complexe, mais pas insurmontable car la linéarité conditionnelle est préservée.
Nous avons contourné cette difficulté d’abord en introduisant une contrainte sur 1’énergie de la
FRH pour lever 'ambiguité d’échelle sous-jacente. Nous verrons au chapitre IV qu’une contri-
bution théorique récente permet de résoudre ce probleme tout en s’affranchissant de cette
contrainte (cf. échantillonnage de I’échelle [VEIT ET IDIER 2007, d.6]).

Il est ensuite possible d’étendre cette modélisation au cas de plusieurs conditions

expérimentales en considérant deux options :

— soit la FRH reste identique indépendamment du type de stimulus présenté. Cette hypothese
n’est valide que si bien str aucune variabilité du délai hémodynamique n’a été constatée
sur des voxels de la région pris isolément. Dans ce cas, il suffit d’introduire un facteur de
modulation d’amplitude spécifique de la condition expérimentale et de chaque voxel. Cette
hypothese a été développée dans la premiere partie de la these de Salima MAKNI; voir
notamment [c.8, ¢.9].

Bhaptisés niveaux de réponse neuronale au chapitre IV.
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F1Gg. II1.3 — Coupes axiales et sagitales d’une parcellisation multi-sujets (9 sujets, 3 sujets
par ligne) consistant & identifier les régions qui manifestent une habituation de lamplitude
de la réponse hémodynamique c’est-a-dire un niveau de réponse plus élevé lors de la premiere
présentation du stimulus par rapport a la seconde, la troisieme ou la quatrieme. Chaque couleur
représente un label i.e., une parcelle spécifique; La figure (c) rapporte pour chaque sujets le
vecteur d’effets BOLD estimés pour chacune des dix parcelles lors de 'ajustement d’'un MLG
standard.

— soit il apparait plus opportun de considérer une hémodynamique régionale propre a chaque
condition expérimentale. Le probleme d’estimation devient plus mal posé, et ce d’autant
que la variabilité spatiale est toujours prise en compte par une modulation de 'amplitude
de la réponse d’un voxel a un autre. Cette modélisation n’a pas fait 'objet de publications
mais uniquement d’un rapport de recherche personnel, cf. [rr.1].

I11.2.3 Sous-theme 1b— Statistiques de détection et de comparaison

Une fois l'estimation conduite dans ce cadre non-paramétrique, il est intéressant de
s’'intéresser a deux questions d’ordre statistique a savoir tester I'influence de 'hémodynamique
estimée sur la sensibilité de détection, et inférer I’état d’activation en fonction du profil de FRH
recouvreé.

La premiere question est habituellement abordée a l’aide de deux jeux de données d’un
méme sujet, le premier permettant ’estimation d’'une FRH pour chaque condition expérimentale
(lALm)m:L v et le deuxiéme autorisant 1’évaluation de la sensibilité de détection a l’aide d’un
modeéle linéaire généralisé dont les régresseurs, c’est-a-dire les colonnes de la matrice de dessin
expérimental associée sont construits comme la convolution de I’hémodynamique locale estimée
(fbm)mzl; M avec le vecteur binaire codant les temps d’arrivée des stimuli (onsets). La seconde
question n’implique qu’un seul jeu de données.

La contribution [c.2] s’est intéressée a la premieére question, toujours dans le cadre de
I’expérience de compréhension linguistique rapidement abordée au sous-theme 1la. Elle met
clairement en évidence une sensibilité accrue lorsque le MLG est construit a partir d’'une FRH
estimée plutot qu’a partir de la version canonique définie dans [GLOVER 1999]. En particulier,
pour le contraste son-silence étudié en Fig. [11.4(a), une activation bilatérale est logiquement
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11>

MLGs standards définis a partir de la FRH canonique : f,, ()
Vi = (—60,—24,4) mm

(w(m) * he)(tn)

FiG. I1I.4 — Comparaison des cartes d’activations seuillées & p = 0.001 corresponsdant a des
tests de Student pour les contrastes son-silence, (phonologique-controle)& (acoustique-controle),
phonologique-controle. En haut, ces cartes sont issues de MLGs standards c’est-a-dire définis a
partir de la FRH canonique h.. En bas, ces modeles s’appuient sur les FRHs estimées localement
dans les voxels V1-V3.

restaurée avec ce dernier modele. Précisons ici que les trois FRHs ont été estimées sur les trois
premieres sessions de données et que les cartes de détection issues des nouveaux modeles ont été
calculées sur trois sessions d’acquisition supplémentaires. Les Figs. I11.4(b)-(c) mettent aussi en
évidence des activations plus étendues.

La seconde question peut étre abordée comme un cas particulier du probleme qui consiste a
tester si une forme donnée hg de filtre hémodynamique (par exemple issue d’'une modélisation
physiologique alternative ou d’une mesure empirique) représente significativement le profil
hémodynamique estimé h en un voxel donné, voire dans une région. Dans un cadre fréquentiste,
cela correspond a tester ’hypothese nulle (h = hg) et a rejeter cette hypothese si h est signifi-
cativement différent de hy. En s’inspirant des travaux de [TANNER 1993], nous avons introduit
dans [a.6] une mesure de différentiation, basée sur le calcul d’une distance de MAHALANOBIS
puisque h suit une loi normale a posteriori, et le choix d’un seuil de significativité ag. Ce type
de tests peut étre utile dans différentes situations pratiques, par exemple :

1. la détection d’activation qui consiste a poser hg = 0.

2. la comparaison au sein du méme voxel ou de la méme région de deux FRHs (hi, h2)
modélisant la dynamique de deux conditions expérimentales, représentées par une distri-
bution conjointe a posteriori gaussienne N (u, X) ot m = [y, poy] et

Y11 22 }
Y= .
[ iy Yoo

Dans ce cas, il faut tenir compte des termes non diagonaux dans le calcul de la distance
de MAHALANOBIS.

3. la comparaison de deux FRHs estimées pour le méme voxel ou la méme région au cours
de deux sessions d’acquisition successives. Dans ce cas, on peut supposer 1o = 0.

4. la comparaison de FRHs estimées (hi, h2) dans deux voxels ou régions distinctes. Dans
ce cas, il est nécessaire de controler les fluctuations vasculaires & 1’aide d’une condition
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de référence pour laquelle on estime aussi la FRH associée hs. La comparaison hy — ho
s’effectue alors au travers de (hy — h3) — (ha — hs).

Le premier exemple revient donc a comparer la FRH estimée & une fonction plate reflétant
que le stimulus n’a aucune influence sur le décours temporel d’intérét, qui ne se compose alors
que d’une ligne de base (tendance et bruit). Ainsi, dans ce cadre, il devient possible d’opérer
une détection d’activation sur le signal fonctionnel, moyenné ou non spatialement, ayant servi a
la caractérisation temporelle de la FRH.

Tous ces aspects ont été mis a la disposition des utilisateurs au sein de la boite a outils HRF
que j’ai développée depuis 2002,

I11.2.4 Sous-théme 1d — Extension non-stationnaire (2003-06)

Les développements méthodologiques réalisés jusqu’ici font I'hypothese que la réponse
hémodynamique obéit au principe de superposition et donc demeure stationnaire. En d’autres
termes, les réponses & deux stimulations identiques mais décalées dans le temps coincident. Si
cette hypothese parait en premiere approximation pertinente, il existe néanmoins des situations
dans lesquelles la variabilité inter-essais de la réponse BOLD a été constatée, soit parce que des
mécanismes d’apprentissage ou d’habituation du sujet aux stimuli se mettent en place (on parle
de facilitation du sujet a la tache), soit en raison d’un changement de stratégie du sujet en cours
d’expérience, soit enfin a cause d’une certaine fatigue ou lassitude du sujet due a ’examen.
A travers le stage de DESS d’Alexis DAVID en 2002, j’ai proposé de relacher cette hypothese
en modélisant la variabilité inter-essais de I’amplitude de la réponse hémodynamique, la forme
restant constante a travers les essais.

Ce travail a été repris ensuite par Sophie DONNET et développé davantage au cours de sa
these'”. La premiere contribution liée & ces travaux [c.10] a permis de mettre en évidence une
telle variabilité notamment dans le cortex moteur pour la condition clic-droit (voir Fig. 111.5).
Le signal prédit par le modele non-stationnaire permet de mieux s’ajuster aux données que le
modele stationnaire comme I'illustre la Fig. [11.6. Les algorithmes mis en ceuvre étaient du type
SAEM (Stochastic Approzimation of the EM algorithm, cf. [DELYON et coll. 1999]). Ces travaux
ont ensuite donné lieu & une publication dans NeuroImage, cf. [DONNET et coll. 2006], & laquelle
je n’ai pas été associé par volonté délibérée de certains auteurs : un remerciement chaleureux
m’est adressé en fin d’article!

De fagon colatérale, j’ai participé sans en étre 1’élément moteur, au développement de tech-
niques de sélection de modeles pour élucider dans quelles circonstances et chez quels sujets ces
modeles non-stationnaires sont pertinents pour expliquer la variabilité observée dans les données
d’IrRMf. Techniquement, cela consiste & comparer des vraisemblances de modeles différents (sta-
tionnaire ou non) et a mettre en ceuvre des tests statistiques pour évaluer si les différences ob-
servées entre ces vraisemblances sont statistiquement significatives ou non. Le lecteur intéressé
pourra consulter [DONNET et coll. 20006].

Cette expérience m’a permis par la suite d’amorcer un ensemble de réflexions sur un sujet
connexe, l'inférence de modeles hémodynamiques non-linéaires et/ou non-stationnaires, qui sera
évoqué dans le Theme 2. J’ai d’abord développé ces travaux tout seul avant de diffuser les idées
qui les sous-tendent au travers du stage d’Ekaterina FALINA et du post-doctorat de Laurent
RISSER.

Yyoir http://www.madic.org/download/HRFTBx/htmldir/HRFTBx_main.html et le tutoriel en http://www.
madic.org/download/HRFTBx/tutorial/.

5these soutenue en probabilités et statistiques & 1'université de Paris-Sud, centre d’Orsay, le 30/11/2006 sous
la direction de Marc LAVIELLE.
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Fi1G. II1.5 — Amplitude de la réponse hémodynamique estimée essai par essai dans les conditions
(a) clic-droit et (b) visuelle & partir des signaux IRMf moyennés dans une région motrice.
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FiG. II1.6 — Signal 1RMf mesuré en bleu et signal ajusté en rouge c’est-a-dire prédit par les
modeles (a) stationnaire et (b) non-stationnaire, ce dernier s’ajustant mieux aux données.

I11.2.5 Sous-theme 1le— Applications en neuropsychologie cognitive et
expérimentale

Ces développements divers ont donné lieu & 1’écriture d’une boite & outils, baptisée HRF'®,
pour le logiciel SPM (versions SPM99 et SPM2). Récemment, elle a méme été portée sous
SPM5 dans le cadre de ma collaboration avec I'équipe de Anna Maria BIANCHI et Ma-
ria Gabriella TANNA du département de Génie Biomédical de l'institut Polytechnique de
Milan [TANA et coll. 2007]. Par ailleurs, cette boite a outils a fait 1'objet de nombreuses
présentations, tant au travers de congrés (poster [p.1, p.2], tutoriel [c.7]) que de conférences
invitées [s.4] ou de formations destinées & un large public telles que les journées de formation
inter-régionales en neuroimagerie organisées depuis 2003 par 'INSERM. Sur le plan des applica-

tions, j’ai pu faire fructifier plusieurs collaborations :

1. dans le cadre de la these de Charlotte JACQUEMOT'”, nous avons pu mettre en évidence

16yoir http://www.madic.org/download/HRFTBx/htmldir/HRFTBx_main.html
" menée sous la direction d’Emmanuel DUPOUX en collaboration avec Christophe PALLIER
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une dissociation de la dynamique des aires temporales supérieures impliquées dans la
compréhension linguistique [a.3, JacQueEmOT, C .AND PALLIER et coll. 2003] tant chez
des européens que chez des asiatiques (contrastes acoustique vs phonologique).

. Suite aux journées de formation inter-régionales en neuroimagerie en 2004, j’ai également

collaboré avec Alice de FREMINVILLE de I’équipe INSERM U342 du CHU de Saint Etienne
dirigée par le Dr. Roland PEYRON, qui s’intéresse a la perception de la douleur. Nous avons
notamment pu mettre en évidence une plus grande précocité de la réponse hémodynamique
insulaire par rapport a la réponse cingulaire.

. dans le cadre de la these d’Anne BOTZUNG, effectuée sous la direction de Lilianne MAN-

NING (Univ. Louis Pasteur, Strasbourg et Centre d’Etudes de Physiologie Appliquée du
CNRS), nous avons étudié la dynamique cérébrale des processus de mémoire autobiogra-
phique, tant chez le sujet sain que chez le sujet atteint de sclérose en plaque [p.8, ?].
Nous avons pu mettre en évidence, comme le prédisait le modele de CONWAY et PLEDELL-
PIERCE, I'implication plus précoce du cortex préfrontal dorso-latéral gauche dans le proces-
sus de récupération des souvenirs autobiographiques, en comparaison avec des structures
plus postérieures. Nous avons aussi exhibé un flux temporel antéro-postérieur des activa-
tions sous-tendant les différentes phases de la récupération de souvenirs.

. Dans le cadre de la these de Nicolas WOTAWA, nous avons procédé a l'estimation de la

dynamique de la réponse dans chaque aire visuelle primaire afin d’évaluer la sélectivité
a la direction du mouvement (trois directions privilégiées dans la stimulation : 0, 45 et
180 ; pour les détails, voir [WoTawa 2006, chap. VI]). Grace a cette caractérisation, Nico-
las WOTAWA a pu déduire la proportion respective de deux sous-populations de neurones
sensibles a cet attribut visuel. Pour ce faire, il a évalué un indice d’adaptation directe-
ment & partir des réponses hémodynamiques estimées. Il est alors apparu que le complexe
hMT+, directement suivi par I'aire V3A, étaient les plus sélectifs & la direction'®. Une
quantification de la proportion de neurones large bande et bande étroite a pu étre réalisée
conduisant notamment a des taux de 35% et 65% respectivement dans hMT+ et de 45%
et 55% dans V3A. Il a aussi été mis en évidence que la région V2 n’était pas sélective a la
direction du mouvement.

. Dans un travail avec Ghislaine DEHAENE-LAMBERTZ et Christophe PALLIER, nous avons

pu mettre en évidence au sein du sillon temporal supérieur un gradient antéro-postérieur
d’habituation de 'amplitude de la réponse hémodynamique a la répétition de phrases [p.5,
a.4], tandis qu’aucune habituation n’a été constatée dans d’autres régions primaires (e.g.,
le gyrus de Heschl). De fagon plus ténue, nous avons aussi observé une accélération de la
réponse dans les zones qui s’habituent (aire de Broca, sillon temporal supérieur dans sa
partie postérieure), i.e., une habituation du délai.

8Pour la définition de cet indice, voir [WoTawa 2006, p. 177]. Les valeurs de cet indice étaient les plus élevées
pour hMT+ et V3A.
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I11.3 Theéme 2— Détection-estimation conjointe (depuis 2004)

Partant du constat que d’une part, les méthodes d’estimation de I’lhémodynamique locale
ou régionale ne s’appliquent en général qu’a des territoires cérébraux impliqués par le para-
digme expérimental, et que d’autre part, les techniques classiques de détection d’activations
supposent une forme canonique de fonction de réponse hémodynamique, il m’a semblé fonda-
mental de développer des approches combinées, dites de détection-estimation conjointe visant a
répondre aux deux questions simultanément. En d’autres termes, il s’agit d’estimer la dynamique
cérébrale tout en localisant les foyers d’activation. Pour tenir compte de la variabilité spatiale
de 'hémodynamique, il est nécessaire d’opérer région par région. Le « pavage » du cerveau
en régions fonctionnellement homogenes nécessite le recours a des techniques de parcellisation
anatomo-fonctionnelles telles que [a.9], dont un exemple est représenté a la Fig. I11.7. Dans la
suite, nous discutons de différents aspects de modélisation intra-parcelle, ’ensemble des parcelles
étant fixé une fois pour toutes. Nous évoquerons au chapitre IV une piste visant a s’affranchir
ou a remettre en cause une configuration donnée de parcelles.

Fia. 1117 — A gauche, version dilatée d’une coupe du masque anatomique du cerveau sur la
base duquel est calculée la parcellisation. A droite, le résultat de la parcellisation pour la méme
coupe en z = —4mm. Chaque couleur décrit une parcelle différente.

Ce travail, précurseur et original au sein de la communauté de la neuro-imagerie fonctionnelle,
a constitué le coeur de la these de Salima MAKNI. Il a par ailleurs occupé Thomas VINCENT
durant son stage de Master recherches en 2006 et sa premiere année de these. Il a fédéré en 2007
le travail de deux étudiantes de master, Ekaterina FALINA et Anne-Laure FOUQUE, et constitue
un cadre théorique intéressant pour de plus amples développements dans le futur notamment en
sélection de modeles. D’inspiration bayésienne, ces travaux représentent un volet important de
mon activité de recherche et contribuent significativement a ma reconnaissance internationale
(cf. [a.8, c.11, c.12, c.15, ¢.18, 2, ?]). Du point de vue algorithmique, ces travaux s’inserent dans
un cadre totalement bayésien, c’est-a-dire qu’ils exploitent des méthodes de MONTE-CARLO par
Chaines de MARKOV pour simuler des réalisations de la distribution a posteriori jointe.

Les sous-themes suivants résument a la fois les points clés qui font ’originalité de ces travaux
et les problemes théoriques résolus. Le chapitre IV est consacré a une présentation aboutie de
ces travaux. Dans tous les cas, le modélisation du signal BOLD retenue illustrée par la Fig. [11.8
est non-paramétrique.
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F1a. II1.8 — Modele d’observation non-paramétrique retenu dans chaque parcelle P (en vert ici).

De facon équivalente, le modele s’écrit sous forme vectorielle dans chaque voxel V; :

M
yj = > af'X"h+ Pl;+b, (II1.1)
m=1
ol Yj = (Yjt,)n=1:n désigne la série temporelle IRMf mesurée en V; aux instants (tp)p=1.n

(N étant le nombre de scans) avec t, = nTR et TR définit le temps de répétition. La ma-
trice X™ de taille N x (D + 1) est binaire et encode les temps d’arrivée des stimuli pour
la mi®™¢ condition expérimentale. Le vecteur h € RPT! représente la FRH inconnue dans la
parcelle P, qui est considérée ici de méme forme pour l'ensemble des stimuli. Le scalaire a7
définit le niveau de réponse neurale (NRN) dans le voxel V; pour la condition m (M spécifie
le nombre de conditions expérimentales présentes dans le paradigme). Alors, le profil d’activa-
tion associé au m“™® type de stimulus en V; s’obtient comme le produit h x agn. La matrice
P = [py, ..., pg| définit une base orthogonale de taille NV x @ a basses fréquences. Les fonctions
qui la définissent p; = (pqg(tn))n=1:n restent au choix de 'utilisateur et demeurent un degré
de liberté du modele. Le vecteur £; définit la représentation canonique dans cette base de la
dérive basse fréquence en V;. Enfin, b; € RY modélise le bruit et les erreurs de modele en V.
Dans [WooLRICH et coll. 2001, WORSLEY et coll. 2002], un modele autorégressif (AR) a été in-
troduit pour prendre en compte 'autocorrélation temporelle des données d’IRMf dans la phase
de détection des activations. Lorsque cette corrélation est correctement estimée, le nombre de
faux positifs décroit produisant ainsi des résultats plus conservatifs.

I11.3.1 Sous-théme 2a— Modeéles de mélanges indépendants (2004-06)

A partir du travail mené au Sous-théme 1b (recherche de 'homogénéité fonctionnelle), le
choix du modele a priori portant sur les amplitudes de la réponse hémodynamique a été « op-
timisé ». Plus précisément, au lieu de supposer ces amplitudes spatialement distribuées selon
une loi normale de moyenne et variance inconnue, nous avons considéré un modele de mélange
a deux classes, I'une pour les voxels inactivés (classe 0) et 'autre pour les voxels activés (classe
1) [a.8]. Ce modele s’applique bien siir pour chaque condition expérimentale prise séparément.
Plus tard, il a d’ailleurs été étendu afin de prendre en compte des déactivations potentielles
au sein d’'une troisitme classe [c.17]. Des travaux antérieurs [EVERITT ET BULLMORE 1999,
VAeVER HARTVIG ET JENSEN 2000] ont déja démontré le double intérét de recourir & une
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modélisation par mélange probabiliste. D’une part, elle permet de mieux prendre en compte
des hétérogénéités locales tout en conservant une formulation paramétrique relativement simple.
Ici, il s’agit de s’affranchir en partie de I’hypothese d’homogénéité fonctionnelle, en autori-
sant un comportement différent de certains voxels au sein du mélange. D’autre part, cette
modélisation permet d’opérer une classification des voxels en deux catégories et ainsi de détecter

lesquels sont significativement activés c’est-a-dire induisent une activité évoquée par le para-
digme expérimental.

Ainsi, une loi gaussienne centrée de variance inconnue modélise la distribution des amplitudes
des voxels inactivés. Une deuxieme distribution de parametres statistiques inconnus modélise
les amplitudes hémodynamiques des voxels activés. Une premiere contribution d’'un mélange
gaussien a deux classes [a.8] a montré qu'une telle modélisation pouvait s’avérer insuffisante
dans des situations ou le mélange dégénere. Nous ne parlons pas ici des cas extrémes ou l'une

. 1¢ . ~ . . \ . . . .
des deux classes est vide'”, mais plutot d’une situation ot les deux distributions gaussiennes

deviennent peu discernables (voir Fig. 111.9). Le controle des faux positifs, i.e., de la spécificité,
devient alors mauvais.

Bon RSB (Forte activation) Mauvais RSB (Pas ou peu d’activation)
: T T . T T ; 0.6 . . - -
"
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Fig. II1.9 — Mlustration des problémes rencontrés avec un mélange gaussien a deux classes ou
les distributions gaussiennes N'(0,03) et N(u1,07) modélisent les voxels inactivés et activés
respectivement. Ici aucune contrainte n’est fixée sur les variances et sur p.

Pour résoudre ce probleme, nous avons proposé d’introduire une contrainte de positivité
sur le support de la distribution des activations. Des lors, plusieurs choix de distribution s’ou-
vraient a nous. Pour des raisons techniques qui tiennent a la faisabilité de 1’échantillonnage des
hyper-parametres, nous avons opté pour une loi gamma de parametres d’échelle et de forme
inconnus. L’algorithme qui en découle a été présenté dans [c.12]. Les gains obtenus en termes de
compromis sensibilité-spécificité”’ sont significatifs comme illustrés & la Fig I11.10, au prix d'un
accroissement important du cott de calcul.

I11.3.2 Sous-théme 2b— Modélisation du bruit (2005-06)

Dans un travail initial [c.3], il a été démontré que le choix du modele de bruit, tenant compte
a la fois d’imprécisions de mesure (inhomogénéités du champ magnétique, pertes de signal,

19Ce cas sera traité dans le chapitre TV.
20La, sensibilité se mesure par le taux de wvrais positifs c’est-a-dire le nombre de vrais positifs sur le nombre total
d’événements positifs, qui correspond & la somme des faux négatifs et des vrais positifs, tandis que la spécificité

correspond au taux de vrais négatifs, et s’obtient comme le nombre de vrais négatifs divisé par la somme des faux
positifs et des vrais négatifs.
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Condition auditive

Condition visuelle

Fig. II1.10 — Comparaison des résultats de détection entre deux modélisations par mélanges
indépendants différents pour les conditions auditive et visuelle du protocole de localisation fonc-
tionnelle. A gauche, mélange gaussien a deux classes, a droite mélange gamma-gaussien qui
illustre notamment le gain en spécificité. Les voxels activés apparaissent en blanc, ceux inactivés
en orange.

...), d’artefacts spécifiques au sujet (mouvement de la téte, battements cardiaques et respira-
tion), mais aussi d’imperfections dues & la représentation de l'activité évoquée par un modele
linéaire, n’avait que peu de conséquences sur l’estimation de la forme de I’hémodynamique
locale. A I'inverse, en détection, il est désormais bien connu que la sous-estimation de I'auto-
corrélation temporelle des signaux IRMf conduit a une élévation du taux de faux positifs dans les
cartes d’activation [WOOLRICI et coll. 2001, WORSLEY et coll. 2002] et donc & une dégradation
du compromis sensibilité-spécificité. Deux classes de solutions ont été envisagées dans la com-
munauté pour tenir compte de cette autocorrélation dans un contexte de détection (voir par
exemple [FRISTON et coll. 1995, FrisTON et coll. 2002]). La premiere, dite pre-colouring, te-
nant plus de la « recette de cuisine » que d’une véritable démarche scientifique, noie la struc-
ture de dépendance temporelle des signaux mesurés dans une forme d’autocorrélation spécifiée
par l'utilisateur, donc connue, permettant ainsi de corriger le nombre de degrés de liberté
de la statistique de décision et du test associé. La seconde approche, baptisée pre-whitening,
consiste d’abord & estimer la structure d’autocorrélation en ajustant par exemple un modele au-
torégressif [WoOLRICH et coll. 2001, WORSLEY et coll. 2002, PENNY et coll. 2003] aux résidus
d’un MLG puis a « blanchir » les données afin de recouvrer une situation de décorrélation sta-
tistique.

Il semblait donc opportun d’étudier I'influence du modele de bruit dans le cadre conjoint
de détection-estimation. La contribution [c.11] a mis en évidence que 'utilisation d’un modele
auto-régressif du premier ordre (modele dit AR(1)), permettait en effet de réduire le taux de faux
positifs tout en n’ayant que peu d’influence sur la forme de I’hémodynamique estimée, confirmant
ainsi les conclusions tirées séparément en détection et en estimation. L’introduction de ce modele
de bruit complexifie sensiblement la procédure d’échantillonnage de certains parametres et hyper-
parametres du modele, notamment les parametres AR. Une version étendue de ces travaux se
trouve maintenant dans l'article [?] en cours de publication dans la revue NeuroImage. La
Fig. I11.11 illustre le type de résultats mis en avant.

Enfin, il est a noter que le compromis sensibilité-spécificité s’améliore, particulierement a
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F1G. II1.11 — Analyse des activations dans le lobe temporal (cortex auditif). (a) : différences des
amplitudes de la réponse hémodynamique pour une condition visuelle dans un protocole de cali-
bration fonctionnelle, pour laquelle on n’attend pas d’activations a priori. (b)-(c) : comparaison
des résultats de détection pour cette méme condition entre les modeles de bruit blanc (b) et
auto-régressif du premier ordre (c). Le taux de faux positifs décroit avec la prise en compte de
la corrélation temporelle. Les deux modeles sont adaptatifs dans ’espace au sens ou ils estiment
des parametres statistiques de bruit dans chaque voxel. Les voxels en blanc sont déclarés activés,
ceux en brun sont inactivés.

faible RSB, lorsque 'autocorrélation temporelle est prise en compte, et ce quel que soit le type
de modele de mélange exploité sur les amplitudes de la réponse hémodynamique. Toutefois, cette
amélioration est plus significative lorsqu’il s’agit d’un mélange gaussien (voir [?]).

I11.3.3 Sous-théme 2c — Modélisation de la corrélation spatiale (depuis 2006)

Les travaux présentés aux paragraphes précédents ont porté jusqu’a maintenant sur des
mélanges indépendants, au sens ou la classification d’un voxel n’influence pas celle de ses voi-
sins. Il est pourtant bien connu que les activations cérébrales, méme en dehors de tout lis-
sage spatial des données, présentent une certaine extension spatiale. En toute rigueur, c’est
au niveau du ruban cortical, siege des activations cérébrales, que cette corrélation spatiale
se manifeste. Il serait donc plus pertinent de modéliser I'extension spatiale des activations
cérébrales sur la surface corticale plutot que dans le volume dont la géométrie est prescrite
a l'acquisition. Toutefois, analyse sur la surface [ANDRADE 2002] nécessite d’avoir résolu cer-
taines questions, réputées difficiles (extraction et maillage de la surface, projection des données,
...), sur lesquelles nous reviendrons au THEME 3. C’est pourquoi dans un premier temps,
nous nous sommes concentrés sur I'introduction de modeles de mélanges spatiaux dans le vo-
lume cérébral, extension naturelle des mélanges indépendants, afin de favoriser les configura-
tions ou les activations apparaissent sous forme de clusters plutot que sous forme de points
isolés [WoOLRICH et coll. 2005, Ou BT GOLLAND 2005]. Cette thématique a occupé le stage de
master de Thomas VINCENT puis le début de sa these.

Nous avons privilégié ’encodage de cette corrélation spatiale sur les « états » des voxels
adjacents au sens d’un systeme de voisinage 3D”', plutot que sur les amplitudes des activations.
Ainsi, nous avons introduit un champ de MARKOV caché sur les états inobservés des voxels
constituant le mélange au sein de chaque parcelle. Dans le cas d’'un mélange a deux classes, le
modele intra-parcelle introduit correspond & un champ binaire de ISING.

210n peut considérer un systéme de voisinage induit par la 6 ou la 26-connexité.
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Jusqu’ici, nous avons travaillé sur des mélanges spatiaux gaussiens pour des raisons de cott
de calcul, mais les premiers résultats obtenus en simulation [c.15], puis sur données réelles [c.18,
d.7], ont démontré une nette amélioration du compromis sensibilité-spécificité par rapport aux
mélanges indépendants. En particulier, & un niveau de sensibilité donné, le taux de faux positifs
obtenu est bien plus faible.

Dans ces premiers travaux, le parametre fixant la régularité spatiale du champ a été fixée
empiriquement en fonction de la résolution spatiale des volumes fonctionnels acquis, des ha-
bitudes des neuropsychologues en termes de lissage spatial des données, et de tests sur des
données réelles. Néanmoins, il serait intéressant de régler automatiquement ce parametre de
régularité intrinseque a partir des données, et rendre la régularisation spatiale adaptative
comme dans [WOOLRICH et coll. 2005, WooLRrICH ET BrHRENS 2006]. Bien que cotiteuse, cette
stratégie reste néanmoins envisageable, d’autant que I’architecture informatique que nous avons
déployée permet maintenant de répartir les calculs sur une ferme de calculateurs en réseau. Ces
aspects sont discutés en guise de perspective au chapitre I'V.

I11.3.4 Sous-théme 2d — Modélisation de déactivations (depuis 2006)

1’idée d’introduire davantage de souplesse dans le modele a priori de mélange pour modéliser
des déactivations remonte déja a plusieurs années [WOOLRICH et coll. 2005]. Nous 'avons sim-
plement adaptée au contexte de la détection-estimation conjointe. Dans notre cas, I’ajout d’une
contrainte de négativité sur les niveaux de réponse neurale liées aux déactivations potentielles
s’est fait naturellement au travers d’une loi anti-gamma, comme illustré a la Fig. 111.12. Des

0.4

0.3 /;\

02

0.1

Fic. II1.12 — Mélange bi-gamma gaussien a trois classes pour tenir compte de la positivité des
activations et de la négativité des déactivations. Une distribution gaussienne centrée modélise
toujours les inactivations.

lors, pour ce qui concerne les mélanges indépendants, I’extension est relativement directe et a
été développée in extenso dans [?]. Le modele devenant plus complexe a identifier en raison du
plus grand nombre de parametres, il nous a été difficile jusqu’a maintenant de démontrer de
fagon tres claire I'apport de ce modele sur des données réelles. En revanche, la situation pourrait
étre plus favorable dans le cas de mélanges spatiaux, ou cette fois ’extension a trois classes
intégrant les déactivations potentielles induit 'usage d’'un champ de POTTS a « trois états ». En
particulier, il existe deux situations classiques générant des déactivations :

1. la premiére a déja été mentionnée au sous-théme 1b : elle consiste par exemple au sein
d’un paradigme événementiel auditif a présenter isolément des essais silence, au cours
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desquels on arréte les gradients. En réponse a cet effet, le niveau de signal décroit par
rapport a la ligne de base ou le bruit d’acquisition se superpose aux stimuli auditifs ;

2. la seconde concerne I’épilepsie, pathologie au cours de laquelle durant des phases inter-
critiques des pointes ondes détectables sur I’EEG génerent des déactivations mesurables en
IRMf par une inversion de la réponse hémodynamique.

Pour cette seconde situation, la collaboration avec I’équipe de Milan, et peut étre bientot
celle de Marseille (Christian BENAR, INSERM U751, Univ. de la Méditerranée), est fructueuse
car elle nous permet d’accéder a des données présentant de facon certaine de telles déactivations
focales. Ces données vont nous aider a valider notre modele a trois classes intégrant la corrélation
spatiale. Il s’agit déja d’une fusion multimodale EEG /TRMf asymétrique puisque les données EEG
sont exploitées ici pour définir les onsets ou les temps d’arrivées des événements électriques
pertinents générant une réponse hémodynamique perceptible.

IT11.3.5 Sous-théme 2e— Modeles non-linéaires et/ou non-stationnaires (de-
puis 2005)

L’objectif est ici d’appréhender des phénomeénes hémodynamiques et neuronaux plus com-
plexes tels que I’habituation ou l'adaptation de la réponse, la variabilité inter-essais, dans
un contexte de détection-estimation. L’investigation de ces parametres est particulierement
intéressante parce qu’elle devrait nous renseigner davantage sur des corrélats de l'activité neu-
ronale tels que des parametres d’amplitude ou de délai. Elle pourrait aussi a terme refléter chez
le sujet épileptique le désordre introduit par des pointes-ondes au sein de ’activité neuronale
des foyers épileptogenes.

Le choix opéré ici consiste a quitter le cadre bilinéaire sans toutefois recourir & des modeles
physiologiques bien plus complexes a identifier [BUXTON et coll. 2004, RIERA et coll. 2004,
DENEUX ET FAUGERAS 2006]. J’ai proposé une démarche intermédiaire s’appuyant sur la
généralisation des modeles développés jusqu’ici, pour capturer des non-linéarités ou des non-
stationnarités de la réponse hémodynamique. En particulier, je me suis focalisé sur deux sources
potentielles de la variabilité inter-essais :

1. modélisation de I’habituation inter-essais;
2. modélisation de la fluctuation de 'activité spontanée.

Le premier theme a pour objet de relacher la contrainte de stationnarité de ’amplitude
hémodynamique évoquée par le stimulus tout en introduisant une dépendance temporelle, i.e.,
inter-essais, entre les différentes réponses par le biais d’un parameétre supplémentaire, en I'oc-
currence une vitesse moyenne d’habituation, normalisée entre 0 et 1. Ce type d’approche est
particulierement prometteur parce qu’il permet de modéliser des comportements de la réponse
plus complexes au sein de modeles parcimonieux, ne nécessitant en réalité que I'ajout d’un pa-
rametre par voxel et par condition expérimentale. Les amplitudes des réponses aux différents
essais se déduisent en effet de 'amplitude de la réponse au premier essai et de la vitesse moyenne
d’habituation. Il est bien évident que ce type de modele englobe la configuration stationnaire
des lors que la vitesse d’habituation est nulle. De plus, ce dernier parametre n’est pertinent a
modéliser que pour des voxels présentant une activation. En conséquence, il semble opportun
d’introduire un modele a priori composite de type BERNOULLI-uniforme sur ces parametres de
vitesse pour imposer la nullité de I’habituation dans les voxels inactivés. Par ailleurs, le modele
a priori global englobant les parametres d’amplitude et de vitesse d’habituation est séparable
vis-a-vis des conditions expérimentales et préserve l'indépendance conditionnelle de ces deux
types de parametres une fois la classification du voxel effectuée au sein du mélange.

Une premiere contribution dans cette veine a fait 'objet d’'une communication [p.9]. Des
améliorations concernant la prise en compte d’un modele spatial ont occupé Ekaterina FALINA
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au cours de son stage de Master d’imagerie médicale de 'UPS mais ces travaux sont encore en
cours de validation.

Les développements concernant le second theme sont synthétisés au sein d’un rapport de
recherches [rr.3]. Ils autorisent l'inférence de modeles plus souples donc plus complexes, de
dimension variable, ou les fluctuations de 'activité spontanée conduisent a définir une amplitude
de la réponse par essai, indépendante, mais pas nécessairement identiquement distribuée. Les
mécanismes d’inférence adaptés sont du type méthodes MCMC a sauts réversibles [GREEN 1995,
RICHARDSON ET GREEN 1997] et nous permettent d’évoluer au sein de familles de modeles
emboités en vue d’'une étape de sélection de modeles. Ces approches relativement ardues n’ont
pas fait ’objet pour le moment d’une recherche aboutie et concrétisée en raison des compétences
pointues requises. Un sujet de these autour de ces questions a été rédigé tout récemment dans
le cadre du dossier de bourse AMN déposé par Marion SOUMOY pour la campagne 2008.

II1.3.6 Sous-théme 2f - Indétermination liée a la bilinéarité (depuis 2006)

Ce travail collaboratif a été mené avec Thomas VEIT, post-doctorant a 'IRCCyN durant
I’année 2006, et Jérome IDIER, son encadrant. Il s’est concrétisé par deux communications a la
conférence GRETSI 2007, une traitant des aspects théoriques [VEIT ET IDIER 2007], Pautre des
aspects spécifiques rencontrés en IRMf [?].

Ce travail s’intéresse aux algorithmes MCMC impliqués dans la résolution de problémes
inverses bilinéaires dans un cadre bayésien. Les problemes inverses bilinéaires incluent des
applications telles que la séparation de sources [SNOUSsI ET IDIER 2006] ou la déconvolution
aveugle [CHENG et coll. 1996]. Les quantités inconnues d’un probléme inverse bilinéaire sont
reliées aux observations par une fonction bilinéaire. Autrement dit, la fonction reliant les obser-
vations aux deux inconnues est linéaire par rapport a chacune des deux variables lorsque I'autre
est constante. La résolution de ce type de problemes dans un cadre bayésien leve 'ambiguité
d’échelle mais les échantillons issus de I'algorithme MCMC sont fortement corrélés. L’introduc-
tion d’une étape d’échantillonnage d’'un parametre d’échelle scalaire, noté s, améliore radicale-
ment le comportement de I’algorithme MCMC. Par rapport a d’autres solutions existantes (e.g.,
renormalisation déterministe du filtre a chaque itération, par exemple unitaire), cette approche
est mathématiquement rigoureuse sans augmentation significative du cott de calcul. Elle cor-
respond en quelque sorte a une normalisation stochastique des quantités mises en jeu.

Dans le contexte de la détection-estimation conjointe de l'activité cérébrale en IRMf, la
modélisation retenue, décrite a la Fig. [11.8, conduit a résoudre un probleme de déconvolution
semi-aveugle bilinéaire. Cette propriété introduit une ambiguité d’échelle qu’on leve habituelle-
ment de fagon non rigoureuse en imposant une contrainte sur la norme du filtre (e.g., ||h| = 1).
Si cette stratégie demeure valable en optimisation déterministe, ou les problemes de minimisa-
tion sous contrainte sont résolubles exactement, elle peut s’avérer désastreuse dans un schéma
MCMC puisqu’elle peut déformer la loi a posteriori et modifier le point de convergence, comme
illustré sur la Fig. [11.13. Dans [?], j’ai donc proposé de lever cette ambiguité en appliquant les
résultats du travail présenté dans [VEIT T IDIER 2007] pour garantir et accélérer la conver-
gence de 'algorithme d’échantillonnage stochastique. Les courbes apparaissant en vert sur la
Fig. I11.13 valident cette approche puisque la forme de la FRH estimée converge vers celle de
référence. Toutefois, il est a noter que ces résultats ne sont valables que pour un modele de
mélange a priori bi-gaussien sur les amplitudes neurales. L’extension au cas de mélanges a
priori inhomogenes est rendue difficile par le fait que la loi du parametre d’échelle n’a alors plus
une forme connue et demeure donc plus cotiteuse a simuler. Dans ce cas, on pourrait remplacer
le rééchantillonnage exact de 1’échelle par une étape de METROPOLIS a marche aléatoire.
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Fig. III.13 — h fonction de réponse hémodynamique de référence utilisée pour générer
les données; h estimées par renormalisation déterministe en fixant |A|; h estimées par
rééchantillonnage de ’échelle. Il a été délibéremment choisi de remettre a 1’échelle h de facon
discriminante vis-a-vis de h pour mieux observer les différences potentielles de forme.

I11.3.7 Sous-théme 2g— Sélection et comparaison de modeles (depuis 2007)

Nous avons vu dans les sous-thémes précédents qu’un certain nombre de choix s’offraient
a nous pour décrire la grande variété de paysages d’activation cérébrale, due en partie aux
variabilités individuelles, développementales, a des pathologies ... Il nous a paru opportun de
concevoir des méthodes permettant de clarifier le message a délivrer au neurospychologue et de
le synthétiser. Pour ce faire, il est d’'usage de recourir a des criteres informationnels mesurant
le compromis entre la capacité d’'un modele a s’ajuster aux données et sa complexité, mesu-
rable notamment en termes de nombre de parameétres a identifier. J’ai récemment développé
une application des travaux de [RAFTERY et coll. 2007] au domaine de la neuro-imagerie, et
particulierement au contexte de la détection-estimation conjointe. Toutefois, ces travaux sont
suffisamment génériques pour s’appliquer a d’autres contextes. Les éléments clés sont synthétisés
dans les paragraphes qui suivent sans démonstration.

Dans la communauté bayésienne, ’outil de référence s’appelle la vraisemblance a posteriori
intégrée d’un modele M et se note p(M | y) ol y désigne ici I'ensemble des données disponibles,
par exemple la suite des séries temporelles en IRMf. Des lors, la comparaison de modeles peut
se faire au travers d’une quantité remarquable, le facteur de Bayes [[<ASS ET RAFTERY 1995,
CHIPMAN et coll. 2001] :

A pMn|y)  p(y[Mm) _ p(My)

p(Moa|y) ~ ply [ M) ™ p(My)

ou (m,n) référencent deux modeles disjoints. Dans le cas de modeles a priori équivalents, le
second rapport dans le membre de droite disparailt et le facteur de Bayes se réduit au rapport
20 juin 2008

BF oy,



50 Syntheése des travaux scientifiques

des évidences des modeles M,, et M,, définies par :
p(y | My) = /p(y |0k, M) p(04 | My)dO,, avec x = m,n.

Il s’agit donc d’un probléme d’inférence hiérarchique, ou le premier niveau concerne l’es-
timation des parametres 6, conditionnellement a la connaissance du modele M,, tandis que
le second vise a répondre a la question du choix du meilleur modele disponible au sein d’une
famille disponible. Dans le cadre d’un schéma MCMC, il semble opportun de chercher a ap-
procher I’évidence d’un modele donné & partir des échantillons simulés de la loi a posteriori
p(04 |y, My). Il nous a donc semblé intéressant d’investir la piste de recherche qui consiste a
déterminer un bon estimateur de I’évidence d’'un modele, en un certain sens a définir, a partir
de ces échantillons issus de la loi a posteriori. De prime abord, ceci ne semble pas évident dans
la, mesure ou :

Py M) = [ Dl 0. M.)p(0. | M.) 0, = Eo, [p(y | 0., M.) (111.2)

Autrement dit, un calcul direct montre clairement la difficulté : I’évidence du modele peut étre
approchée par une moyenne empirique de L vraisemblances p(y | 09 , M) a partir d’échantillons
issus de la loi a priori! Or si asymptotiquement cet estimateur s’avere satisfaisant, il peut étre
extrémement inefficace a nombre fini d’échantillons L, tout simplement parce que sa variance
peut étre tres grande. C’est la problématique bien connue de I’échantillonnage d’importance’” ot
le choix d’une fonction d’importance accordant plus de poids a des points supports de la queue
de la distribution peut permettre de réduire la variance de ’estimateur. Ainsi, hors du cadre
asymptotique, il semble inopérant de chercher a approcher I’évidence a partir de (I11.2). Fort
heureusement, une alternative initialement proposée par [NEWTON ET RAFTERY 1994] consiste
a exprimer ’évidence comme une espérance vis-a-vis de la loi a posteriori :

1 _ / p(O* | Y, M*)
p(y [ My) p(y [ 0x, My)
1

ZE[M

Ainsi, d’apres (111.3) I’évidence s’écrit comme la moyenne harmonique a posteriori de la vraisem-
blance des parametres p(y | 6., My). Cela suggere évidemment d’approcher p(y | M,) par une
version échantillonnée de la moyenne harmonique des vraisemblances p(y | 9(1),/\/1*) calculées a

dé,.

|y, M (I11.3)

partir des L échantillons 8, ..., 8F) issus de la loi a posteriori p(0 |y, My) :
— 1 & 1 B
Py M) = |5+, ——7—— (II1.4)

LS p(y |09, M,)

ou L = Lj — Lo + 1. Cette fois, il apparait clairement que les échantillons B@s peuvent
correspondre a ceux disponibles en sortie d’un schéma MCMC. Bien que p(y | M,) est un
estimateur consistent quand la taille L de ’échantillon augmente, sa précision n’est pas
garantie. Contrairement a d’autres techniques plus spécialisées [CHIB 1995, GREEN 1995,
Cuip BT JELIAZKOV 2001], 'intérét principal de 'estimateur de la moyenne harmonique réside
dans sa simplicité : en effet, il n’exploite que des échantillons a posteriori d’un modele donné et

22Pour approcher E[QS(X )] par une moyenne de Monte Carlo, la meilleure solution pour obtenir un esti-

mateur a variance minimale n’est pas d’échantillonner X suivant sa loi pour en déduire 1/L 21:1 ¢(z') mais
consiste le plus souvent a simuler X selon une densité g de support contenu dans celui de p, pour en déduire

S w@)e(a)/ 3, wiah) ot w(z') = p(a')/g(a").
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des évaluations de vraisemblances qui sont la plupart du temps disponibles comme sous-produit
de I'échantillonneur de la loi a posteriori. Toutefois, son inconvénient majeur réside dans son
instabilité numérique. Bien que consistent, cet estimateur peut étre & variance infinie’? & tra-
vers les simulations, méme pour des modeles simples. C’est la raison pour laquelle des versions
stabilisées de cet estimateur ont été proposées dans [RAFTERY et coll. 2007]. Parmi les deux
voies explorées dans [RAFTERY et coll. 2007], nous avons retenu celle opérant par réduction de
dimension pour stabiliser ’estimateur, car plus simple a mettre en ceuvre dans le contexte de
détection-estimation conjointe régi par le modele (I111.1).

En quelque mot, cela consiste & remplacer p(y |01, M,) par p(y | f(61), M,) dans (I11.4)
de telle fagon que f est une fonction mesurable de 8 qui définit une transformation de réduction
de dimension. Dans notre contexte, puisque les voxels sont indépendants, nous pouvons procéder
séparément pour chaque voxel : p(y | f(O(l)), M) =11, p(y; | f(Gg-l)), M.,). Plus précisément, cela
signifie que f peut étre explicitée en intégrant hors du probléme analytiquement des parametres
voxelliques du modele d’observation (I11.1). Parmi les parametres candidats, nous avons retenu
pour chaque voxel V; les NRNs a; car de distribution conditionnelle gaussienne a h fixé, ainsi que
les variances de bruit 052]_. Cela semble suffisant pour garantir que var [(p(y | £(0), My)) ™" |y] <
0o. Ainsi, en pratique nous avons considéré I'estimateur suivant :

L1 -1
- 1 1
p(y ‘ M*) = |7

LS 11 ply; | £(8Y), M)

En procédant ainsi, nous avons pu calculer la log-évidence log p(y | M) de plusieurs modeles se
différenciant par le choix du modele de bruit ou du modele de mélange, avec ou sans corrélation
spatiale. Le logarithme du facteur de Bayes s’obtient alors directement

log BF 1, = log p(y | M) —logp(y | My),  ¥(m,n).

Nous avons ainsi pu démontrer de facon relativement systématique sur plusieurs jeux de

données que :

— le modele prenant en compte la corrélation spatiale des activations fournit de meilleures
performances en termes de compromis sensibilité/spécificité que le modele de mélange
indépendant ; cf. [c.15].

— la modélisation de 'autocorrélation temporelle des données par le biais d’un processus
AR(1) fournit un taux de faux positifs réduit (meilleure spécificité) notamment & faible
SNR (protocoles événementiels lents par exemple) ; cf. [?].

— les modeles de mélanges inhomogenes indépendants surpassent leurs homologues ho-
mogenes et gaussiens, mais ce résultat n’a pas encore été démontré sur des mélanges
spatiaux ; cf. [?].

*mesurable par Vg, |, [p(y |0, M*)]
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I11.4 Théme 3 — Analyse sur la surface corticale (depuis 2005)

La surface corticale, puisque constituée de macro-colonnes de neurones, définit le substrat
anatomique sous-tendant les activations cérébrales. Pourtant la plupart des analyses intra-sujet
réalisées en IRMf se fondent sur le volume tridimensionnel d’acquisition. Cet état de fait est la
conséquence de plusieurs difficultés, aux premiers rangs desquels figurent d’une part, 'extraction
robuste d’un maillage de cette surface et d’autre part, la projection des données fonctionnelles sur
cette surface. Grace aux compétences développées depuis dix ans par 1’équipe de Jean—Francois
MANGIN au SHFJ, et a la qualité des nouveaux imageurs Siemens disponibles & NEUROSPIN,
la premiere étape est désormais bien maitrisée. La seconde étape a fait 'objet d’intenses re-
cherches depuis plusieurs années [ANDRADE 2002, a.10, OPERTO et coll. 2006]. J’ai participé au
développement de certaines idées dans le cadre d’une collaboration entre Christophe GROVA~*
et notre équipe au SHFJ, en particulier avec Salima MAKNI [a.10]. Comme indiqué ci-apres, le
but était d’améliorer I'interpolation des données acquises dans le volume aux noeuds du maillage
extrait. Une fois les données projetées sur la surface, il devient pertinent de développer des ap-
proches robustes pour la détection des activations sur ce support anatomique et la caractérisation
de ’hémodynamique associée. En effet, des premiers travaux [ANDRADE 2002] ont montré une
amélioration de la sensibilité de détection des lors que le lissage spatial des données est opéré
géodésiquement a cette surface, plutot qu’isotropiquement dans le volume du cerveau. Toute-
fois, pour dépasser le paradigme classique d’analyse des données, il convient de renoncer a ce
lissage et chercher a introduire un modele génératif de I'extension spatiale de la distribution
des activations. Dans les paragraphes suivants, je précise quel type d’approches j’ai commencé
a promouvoir dans ce domaine.

II1.4.1 Sous-theme 3a— Interpolation du signal IRMf sur la surface corticale
(2005-06)

L’objectif d’une telle interpolation est d’associer une série temporelle IRMf & chaque noeud
du maillage de la surface corticale. Concevoir un schéma optimal d’interpolation des données
d’IRMf repose sur un compromis entre d’une part, le choix d’un nombre suffisamment grand de
noyaux d’interpolation, en raison de la nature étendue et distribuée de I'activité hémodynamique,
et d’autre part éviter de mélanger des données issues de différentes structures anatomiques.
De plus, le choix de ces noyaux d’interpolation se doit d’étre robuste vis-a-vis des distorsions
présentes dans les images fonctionnelles, et d’erreur de recalage entre les données anatomiques
et fonctionnelles.

Forte de ces pré-requis, la méthode proposée dans [p.6, a.10] ajuste automatiquement le ni-
veau de ce compromis en définissant des noyaux d’interpolation autour de chaque nceud de la
surface corticale a I’aide d’un diagramme de VORONOI géodésique & cette surface. En substance,
une distance 3D géodésique est exploitée pour tenir compte de la morphologie circonvoluée
du cortex, et les noyaux d’interpolation sont ensuite définis autour de chaque nceud a l’aide
du diagramme de VORONOI ce qui garantit par construction la contrainte de proximité autour
de chaque nceud et la robustesse vis-a-vis des erreurs de recalage. Pour intégrer des données
fonctionnelles sur des aires suffisamment grandes, le support spatial utilisé pour générer le dia-
gramme de VORONOI était constitué du masque de la matiere grise segmenté & partir de I'IlRM
anatomique, apres une étape de dilatation morphologique d’environ 3 mm, pour prendre en
compte la résolution spatiale plus grossiere des données d’1IRMf. L’algorithme se décompose alors
en trois étapes une fois la segmentation de la surface corticale disponible :

24Post-doctorant & 'Université de Mc Gill & Montréal.
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1. définir les masques anatomiques et fonctionnels utilisés comme supports spatiaux pour
I'interpolation ;

2. construire les noyaux d’interpolation attachés a chaque nceud de la surface a partir du
diagramme de Voronoi ;

3. déduire le signal fonctionnel attaché a chaque nceud.

Un exemple d’activité 3D simulée a l'intérieur de la matiére grise est présenté en rouge a la
Fig. 111.14. Cette activité est ensuite interpolée sur la surface corticale selon deux approches,
une technique classique de moyennage local ou les valeurs contenues dans une sphere centrée en
chaque nceud et de rayon R = 5mm sont moyennées (voir Fig. I[11.15(a)), et celle que nous avons
développée (voir Fig. 111.15(b)) qui produit un foyer d’activation plus focal autour du gyrus,
reproduisant ainsi plus fidelement 'activité simulée.

FiG. II1.15 — Comparaison de schémas d’interpolation du signal fonctionnel sur la surface corti-
cale. (a) version moyennée des valeurs fonctionelles a I'intérieur d’une sphere de rayon R = bmm.
(b) version développée a l'aide d’un diagramme de VORONOI geodésique a la surface.

I11.4.2 Sous-théme 3b — Détection-estimation conjointe sur la surface (depuis
2007)

Il s’agit ici d’adapter sur la surface corticale les méthodes évoquées au Théme 2. Les nou-
veautés concernent essentiellement deux aspects : la définition d’une parcellisation de la surface
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corticale et la régularisation spatiale le long de cette surface. Nos contributions directes visent
plutot le second point, mais néanmoins, le premier est brievement discuté.

La parcellisation anatomo-fonctionnelle des données en régions homogenes le long de cette
surface peut étre menée selon différents criteres. Récemment, 1’équipe d’Olivier COULON (i.e.,
a travers la these de Cédric CLOUCHOUX), faisant écho aux travaux d’Arnaud CACHIA au sein
du laboratoire””, a proposé des techniques de parcellisation anatomique de cette surface en
s’appuyant sur un systéme de coordonnées (latitude, longitude) cohérent pour cette topolo-
gie [CLOUCHOUX et coll. 2006]. Ce systeme est défini & partir d’un certain nombre de contraintes
structurales telles que la position ou les relations de voisinage de certains sillons ou de leurs
racines sulcales (marqueur ascendant des sillons). Cette approche s’appuie donc sur la sulco-
génese, théorie développée par Jean REGIS, a laquelle le laboratoire participe depuis plus de dix
ans au travers des travaux de Jean-Francois MANGIN. Les parcellisations ainsi produites bien
qu’issues d’informations dites structurales mettent en évidence une bonne corrélation anatomo-
fonctionnelle.

De fagon alternative mais non-exclusive, Bertrand THIRION et Guillaume FLANDIN ont
développé des parcellisations plutét guidées par des informations fonctionnelles [FLANDIN 2004,
a.9], bien que respectant certaines contraintes géométriques comme la connexité des parcelles.
Leurs approches ont le mérite d’étre multi-sujets mais procédent dans le volume cérébral et
nécessitent ainsi une étape préalable de normalisation de tous les cerveaux dans un espace de
référence commun. Leurs travaux font ’objet actuellement d’évolutions dans le cadre de la these
d’Alan TUCHOLKA sous la direction de Bertrand THIRION, pour opérer sur la surface.

Sur la base d’une parcellisation anatomique illustrée a la Fig. [11.16, nous avons déja com-
mencé a tester les approches de détection-estimation conjointe sans régularisation spatiale. Un
résultat illustrant des activations dans le cortex pariétal gauche durant une tache de calcul est
présenté a la Fig. [11.16(b). Certaines activations parasites assimilables a des faux positifs pour-
raient disparaitre a I’aide d’un modele de régularisation spatiale géodésique a cette surface. Nous
travaillons dans cette direction actuellement dans le cadre de la these de Thomas VINCENT car
cette extension présente un réel intérét pour la perspective de la fusion symétrique multimodale
EEG/IRMI.

#yoir par exemple [CAcHIA et coll. 2003] pour des méthodes de parcellisation anatomique en gyri de la surface
corticale
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Fic. I11.16 — A gauche, parcellisation anatomique du ruban cortical, ot chaque hémisphere est
parcellisé séparament. Ici, chaque couleur représente une parcelle différente, et la connexité des
parcelles est garantie par construction. A droite, détection des foyers d’activation dans le cortex
pariétal gauche en réponse a une tache de calcul.

III.5 Theme 4— Reconstruction régularisée en IRM parallele
(depuis 2005)

Ce theme n’étant pas détaillé dans la partie suivante, cette section débute par quelques
rappels sur I'imagerie parallele (IRMp) dont un des buts est ’amélioration de la résolution tem-
porelle des volumes acquis. Dans un deuxieme temps, la position du probleme de reconstruction
parallele et les solutions déja existantes sont précisées. Enfin, mes contributions sur la recons-
truction régularisée en IRMp sont exhibées : elles imputeront directement les résultats d’analyse
statistique ultérieure (¢f. Théme 5).

II1.5.1 Rappels sur 'IRM parallele

Grace a apparition de techniques d’IRM parallele (IRMp), une réduction substantielle du
temps d’acquisition est obtenue sans nécessairement accroitre les performances techniques des
gradients. L’idée sous-tendant ce principe est la suivante.

En IRM classique, le contraste de l'objet est encodé dans le spectre de résonance par un
gradient de champ magnétique. Ce concept d’encodage de gradient pour la localisation du si-
gnal impose une restriction de taille : une seule position de l'espace-k (i.e., de Fourier) peut
étre échantillonnée en un seul instant, faisant de la vitesse de balayage de I'espace-k le facteur
déterminant du temps d’acquisition. L'IRM parallele fonctionne sur un tout autre principe en
tirant partie du fait que la contribution d’une source de signal i.e., d’'une antenne a la tension
induite a la sortie de la bobine varie avec la position relative. En d’autres termes, la connaissance
du profil de sensibilité spatiale de I’antenne nous renseigne sur ’origine du signal de résonance
détecté, information qui peut étre utilisée pour la formation de I'image. Contrairement a la
position dans l’espace-k, le profil de sensibilité est une caractéristique de ’antenne et ne fait
pas référence a ’état de I’objet en cours d’examen. Par conséquent, les échantillons situés a
différentes positions dans ’espace-k peuvent étre obtenus en un instant en utilisant simplement
différentes antennes en parallele, impliquant un temps d’acquisition réduit sans avoir a par-
courir ’espace de Fourier plus rapidement. Ainsi, le profil de sensibilité des antennes complete
I’encodage par harmoniques pures du domaine de Fourier, que I’on peut des lors restreindre.
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{a) k-space Image space

Fov

| wFov

Fia. III.17 — (a) : Acquisition conventionnelle de I'espace de Fourier échantillonné complet (aux
fréquences horizontales et verticales nAk, et nAk,), donnant une image a champ de vue (FOV)
complet apres transformation de Fourier inverse. (b) : Acquisition sous-échantillonnée d’un fac-
teur de réduction R = 2 dans la direction de phase Oy donnant une image de champ de vue
réduit (FOV/2) artefactée. En trait plein, les lignes acquises de l'espace-k, en trait tireté, les
lignes manquantes dans la situation (b).

Dans la pratique, il faut en fait établir un compromis entre le coit (nombre d’antennes dont
on dispose, complexité de la géométrie du réseau d’antennes, chute du RSB et le temps d’acqui-
sition, si bien qu’on n’acquiert qu'une certaine proportion de I'espace de Fourier. On « saute »
ainsi des lignes de I’espace-k en omettant une fraction de I’encodage de phase, tout en gardant
la méme résolution spatiale et le méme niveau de contraste dans I'image. Alternativement, le
temps économisé en IRMp peut aussi servir a améliorer la résolution spatiale (i.e., réduire la
taille de voxels), mais cette fois le temps d’acquisition reste le méme que pour un examen stan-
dard non parallele. Cette amélioration de la résolution spatio-temporelle en IRMp se fait au prix
d’une dégradation du RSB dans I'image. Une partie de cette dégradation provient de la nature
spatialement corrélée des informations acquises sur les différentes antennes, ce qui rend mal posé
le probleme d’inversion a résoudre pour recouvrer une image a champ de vue complet.

Ces dix dernieres années, de véritables progres dans le développement des techniques d’ima-
gerie parallele ont été accomplis, produisant ainsi une multitude de techniques de reconstruc-
tion paralleles différentes. Toutes ont vocation a reconstruire les données paralleles et a suppri-
mer l'artefact de repliement. Actuellement, les plus connues sont SMASH [SODICKSON 2000,
McKENZIE et coll. 2001], SENSE [PRUESSMANN et coll. 1999, PRUESSMANN et coll. 2001] et
GRAPPA [GRISWOLD et coll. 2005]. Plus récemment, des extensions « autocalibrées » ont
été proposées a travers AUTO-SMASH [JAKOB et coll. 1998, HEIDEMANN et coll. 2001},
GENERALIZED-SMASH  [BYDDER et coll. 2002], PILs [GRriswoOLD et coll. 2000] et SPACE-
Rip [KyRrIAKOS et coll. 2000]. Toutes ces méthodes requierent des informations supplémentaires
sur la sensibilité des antennes afin d’éliminer les effets de sous-échantillonnage de l’espace de
Fourier (illustré a la figure I11.17). Cette information de sensibilité peut étre obtenue en une
seule fois au début de ’examen au moyen d’une carte de sensibilité ou bien pour chaque ses-
sion d'IRMf au moyen de l'acquisition de quelques lignes supplémentaires de ’espace-k (phase
d’auto-calibration).

Les méthodes actuelles de reconstruction en IRMp peuvent étre ordonnées en deux grandes
catégories : celles qui opérent la reconstruction dans ’espace image : SENSE, PILS, consistent
en une procédure inverse de dépliement, alors que celles opérant dans I’espace de Fourier (e.g.,

20 juin 2008



IIL.5 Théme 4— Reconstruction régularisée en IRM parallele 57

Abazed puiels m the i paele i the deared el
¥, coil imopes N kR FOV image

Fedilat plicila el mHiLLiY i el
ey

Fic. II1.18 — Illustration de la relation de base de I'imagerie SENSE utilisant un facteur de
réduction R = 4 avec L = 4 antennes. I contient les pixels repliés en une position donnée dans
les images a champ de vue réduit (FOV/4) acquises par les antennes. La matrice de sensibilité,
ici notée C rassemble les valeurs de sensibilité correspondante des antennes aux positions des
R = 4 pixels impliqués dans I'image & champ de vue complet p.

SMASH, GRAPPA) se résument a un probleme d’interpolation dans l’espace de Fourier (calcul
des lignes manquantes). Des techniques hybrides combinant les deux approches sont aussi pos-
sibles (cf. SPACE-RIP).

L’imagerie SENSE sur laquelle nous nous concentrons appartient aux méthodes de recons-
truction dans ’espace image ; elle procede en deux temps :

1. la premiere étape consiste a reconstruire pour chaque antenne [ une image intermédiaire
de taille réduite (FOV/R si R est le facteur de réduction ou d’« accélération ») a
I'aide de la transformée de Fourier inverse discrete. Pour un échantillonnage régulier de
I’espace-k, cette reconstruction est donc assez rapide car implantable par FFT. Pour un
échantillonnage plus complexe, de type spirale ou autre, cette étape est beaucoup plus
coliteuse (voir [PRUESSMANN et coll. 2001, WEIGER et coll. 2002] pour plus de détails).

2. la seconde étape consiste a créer une image a champ de vue complet a partir de ’ensemble
des images intermédiaires. Pour réaliser cette opération, on doit inverser le processus de
superposition des images. Pour chaque pixel dans le champ de vue réduit, les contributions
du signal d’un certain nombre de positions du champ de vue complet doivent étre séparées.
Comme illustré a la Figure I11.18, ces positions forment une grille cartésienne calculable &
partir du facteur de réduction R.

Sous cette forme la reconstruction en imagerie SENSE s’identifie donc a un probleme de
séparation de sources (spatiales) linéaire dans lequel la matrice de mélange est complexe et varie
dans I'espace mais peut étre relativement bien estimée a partir de ’acquisition supplémentaire
d’une carte de sensibilité en écho de gradient. La clé de la séparation du signal tient au fait que
dans chaque image mono-canal, la superposition du signal apparait avec des poids spécifiques
qui dépendent des sensibilités locales des antennes.

Rappelons enfin que 'objet recherché est une densité de protons donc positif, mais les ob-
servations disponibles dans l’espace image sont complexes, car obtenues apres transformée de
Fourier inverse bidimensionnelle des données de ’espace-k contaminées par les imperfections du
systeme d’imagerie.

Pour illustrer la complexité du probleme de reconstruction en fonction du facteur de
réduction, nous présentons a la Fig. [11.19 deux résultats obtenus a ’aide de l'algorithme SENSE
classique sur des images anatomiques acquises a 1.5 T. Alors que I'image reconstruite a champ de
vue complet pour R = 2 est d’une qualité satisfaisante, des artefacts de repliement apparaissent

20 juin 2008



58 Syntheése des travaux scientifiques

au centre de I'image de droite obtenue avec R = 4, c’est-a-dire la ou le probleme d’inversion
s’avere le plus sévere et le plus mal posé.

F1G. II1.19 — Artefacts de repliement dans les images & champ de vue complet reconstruites &
'aide de I'algorithme SENSE classique avec R = 2 (a gauche) et R = 4 (& droite).

Dans le but de limiter la dégradation du RSB inhérent aux acquisitions paralleles, il est
d’usage d’introduire une régularisation sur I'image a reconstuire. Dans la suite, je précise mes
contributions en reconstruction régularisée SENSE. Ces travaux sont encore en cours. Certains
aspects ont fait 'objet d’une présentation sous forme de poster aux journées PARISTIC en no-
vembre 2006 [p.10]. D’autres ont été établis en 2007 par Lotfi CHAARI dans le cadre de son
master et du projet OPTIMED avec Jean-Christophe PESQUET et Amel BENAZZA. Enfin, dans le
cadre de la these de Cécile RABRAIT, nous avons testé ’apport de modeles régularisant frustes
i.e., quadratiques sur des données FEcho Volumar Imaging.

I11.5.2 Sous-théme 4a— Reconstruction supervisée (depuis 2006)

Fort de mon expérience en these sur des modeles de régularisation composite sur le module
d’objets complexes [a.1], je développe en collaboration avec Jean-Christophe PESQUET, Lotfi
CHAARI, Cyril POUPON et Cécile RABRAIT?" des méthodes qui visent & restaurer un objet
positif, ici une densité de protons. plusieurs alternatives sont envisagées, toutes pour l'instant
s’appuient sur une régularisation par pénalisation.

Les approches les plus répandues dans la littérature sont relativement frustes dans la mesure
ou elles exploitent une régularisation de type Tikhonov [Lin et coll. 2004, LiN et coll. 2005],
c’est-a-dire en norme L9 sur la solution, ou s’appuient de fagon voisine sur une décomposition
tronquée en valeurs singulieres de l'objet [HOGE et coll. 2004]. Parmi les travaux les plus aboutis
en régularisation quadratique [LIN et coll. 2004], "apprentissage du parametre de régularisation
est réalisé par la méthode de la « courbe en L » [Hansen 1992]. Il pourrait tout autant étre
obtenu, sans doute plus rapidement, par maximisation de la vraisemblance gaussienne. Ce maxi-
miseur local ou point stationnaire de la log-vraisemblance se calcule & ’aide d’un algorithme
EM [DEMPSTER et coll. 1977].

L’objet finalement obtenu est une solution a valeurs complexes, relativement lisse spatiale-
ment et issue de la résolution d’un systeme linéaire. La positivité de la solution est finalement
garantie a posteriori, par la prise du module sur 'image complexe restaurée. La Fig. [11.20 illustre
ce type de régularisation quadratique. Les résultats obtenus démontrent une bonne réduction
des distorsions pour un facteur de réduction R = 2, en comparaison avec le cas d’une acquisition
sans sous-échantillonnage de l'espace-k (R = 1).

26Cette collaboration est officialisée au sein du programme OPTIMED financé par I’ANR en 2006.
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F1a. I11.20 — Acquisition a haute résolution spatiale (matrice 128 x 128). Récupération de
signal et réduction des distorsions pour R = 2 (coupes 9-11) par rapport & R = 1 en raison
de la durée plus bréve du train d’échos. Artefacts sur les coupes basses (15,16).

Afin de mieux préserver des discontinuités dans I'image cible, par exemple les interfaces entre
les différents tissus cérébraux, nous proposons plutot d’utiliser des fonctions de pénalisation du
type variation totale, qui restaurent fidelement des variations d’intensité au dela d’un certain
seuil fixé [L1 1995]. Pour garantir la convexité du critére et simplifier sa minimisation, nous nous
focalisons plutdt sur des pénalisations convexes (Huber, potentiel hyperbolique,...) [HUBER 1981,
CHARBONNIER et coll. 1997, IDIER 2001].

Selon le type de criteres a minimiser, plusieurs algorithmes peuvent étre envisagés,
mais des lors que la pénalisation n’est plus quadratique, la solution ne résulte plus de la
résolution d’un systeme linéaire. Le cadre que nous privilégions est celui des algorithmes semi-
quadratiques [IDIER 2001, a.2], qu'on peut encore interpréter comme des méthodes de quasi-
Newton & pas fixe [NIKOLOVA ET NG 2005, ALLAIN et coll. 2006]. Compte tenu des avancées
théoriques récentes réalisées dans ce domaine au cours de la these de Christian LABAT (voir
notamment [LABAT ET IDIER 2007]), je m’efforce depuis plus de dix huit mois de recruter un
post-doctorant au sein du projet OPTIMED pour appliquer puis étendre les contributions de
Christian LABAT au cas de données complexes. Apres plusieurs échecs, il semble qu’'un candi-
dat biélorusse, Victor SHASHILOV puisse débuter en avril 2008 son stage post-doctoral sous ma
responsabilité a NEUROSPIN.

I11.5.3 Sous-théme 4b — Reconstruction auto-calibrée dans 1’espace ondelette
(depuis 2007)

Depuis octobre 2007, data & laquelle Lotfi CHAARI a obtenu une bourse doctorale de la
région Ile de France, je coencadre officiellement son travail de these. Nous avons déja pu obtenir
des résultats plus aboutis notamment en reconstruction régularisée dans le domaine transformé
en ondelettes. Aprés un premier travail en reconstruction supervisée, on s’est attaché a ten-
ter de régler « le plus automatiquement possible » les hyperparametres spécifiant le terme de
régularisation. Pour ce faire, Lotfi CHAARI s’est attaché & développer une version auto-calibrée
de I’algorithme de reconstruction, signifiant ainsi que les hyperparametres sont estimés a partir
d’une image de référence (en imagerie anatomique). Ces travaux préliminaires ont fait ’'objet
d’une soumission [c.23] & la prochaine conférence ISBI qui se tiendra & Paris en avril 2008. Bien
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str dans une situation réaliste et plus intéressante, I'IRMf, il faudra développer une extension
completement non-supervisée, beaucoup plus coliteuse numériquement. La encore, l'inférence
pourra étre conduite dans un cadre stochastique en considérant ces parametres comme des va-
riables aléatoires inobservées. Dans les lignes qui suivent, je décris succinctement les avancées
réalisées en reconstruction dans l’espace ondelette en IRMp.

Les méthodes a base de décomposition sur lesquelles nous travaillons s’appuient typique-
ment sur des bases d’ondelettes 2D séparables et orthogonales qui opérent coupe a coupe. Il
s’agit ensuite de régulariser I'estimation des coefficients d’ondelette de I'image (coefficients d’ap-
proximation et de détails horizontaux, verticaux et diagonaux) en introduisant une pénalisation
spécifique. Comme dans le cas de la reconstruction SENSE classique ou régularisée dans ’espace
image, la solution dans le domaine transformé s’écrit comme le minimiseur d’un critere pénalisé
dont on peut faire l'interprétation bayésienne pour lui adjoindre le qualificatif d’estimée au sens
du Maximum A Posteriori. La solution dans l’espace image s’obtient alors naturellement par
application de la transformation inverse a cette estimée du MAP.

En analysant la distribution empirique des parties réelle et complexe des coefficients de
détail, on a pu montrer que leurs histogrammes s’ajustaient bien & une distribution gaussienne
généralisée (cf. [p.13, c.23]). A la résolution la plus grossiere, la distribution empirique des
parties réelle et complexe des coefficients d’approximation s’apparente quant & elle a une densité
gaussienne. Par ailleurs, une quasi décorrélation a pu étre mise en évidence entre les parties
réelle et imaginaire des coeflicients d’ondelette. On a donc considéré qu’ils étaient indépendants
et méme identiquement distribués au sein de chaque sous-bande d’analyse.

Dans ce cadre, compte tenu de la pénalisation issue de la gaussienne généralisée, le critere a
minimiser peut admettre une partie non différentiable. Dans ces conditions, I'algorithme d’opti-
misation mis en ceuvre s’appuie sur la notion fondamentale en optimsation convexe d’opérateur
prozimal [DAUBECHIES et coll. 2004, COMBETTES ET WAJS 2005, CHAUX et coll. 2007], qui
généralise 'opérateur de seuillage doux.

Dans [c.23], on démontre que cette méthode de reconstruction converge rapidement (150
itérations) sur un probleme de taille standard (IRM 77 de taille 256 x 256 x 192). La Fig. I11.21
illustre aussi qu’elle se comporte mieux que la reconstruction SENSE régularisée quadratiquement
pour R = 4. Toutefois, méme pour cette derniére certains artefacts demeurent au centre de
I'image. L’augmentation du niveau de résolutions dans la pyramide d’analyse permet de lever
ce probleme en partie seulement comme illustré dans [c.23]. Nous travaillons actuellement &
I’amélioration de la modélisation statistique a priori des coeflicients de détail. Il semblerait qu’un
modele de mélange plus souple qu'une seule distribution soit potentiellement mieux adapté pour
prendre en compte la dynamique tres étalée de ces coefficients.
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F1a. II1.21 — Images reconstruites par régularisation quadratique (a gauche) et par régularisation
dans I’espace ondelette pour des données acquises avec un facteur de réduction R = 4.

I11.6 Theme 5— IRM fonctionnelle « ultra-rapide »

La plupart des travaux en neuro-imagerie fonctionnelle par IRM s’appuient sur la séquence
2D d’acquisition rapide planaire dite EPI (Echo Planar Imaging), qui procéde coupe par coupe”’,
par balayage de I'espace-k bidimensionnel”® pour acquérir le signal fonctionnel dans I’ensemble
du volume cérébral avec une résolution spatiale planaire de 2 & 3 mm de c6té et une résolution
temporelle de 1 a 2 secondes. Ainsi, la séquence EPI est bien adaptée a la détection des acti-
vations cérébrales et a la cartographie des régions impliquées dans une expérience de neuros-
ciences. Toutefois, avec 1’avénement des protocoles événementiels rapides [ROSEN et coll. 1998]
et l'intérét croissant des neuroscientifiques pour les propriétés temporelles de la fonction de
réponse hémodynamique, I"amélioration de la résolution temporelle des données acquises de-
vient un enjeu majeur. Deux voies de recherche s’ouvrent alors :

I. développer une imagerie a haute résolution intrinséque, c’est-a-dire qui pour-
suit un phénomene potentiellement neuronal donc plus rapide que leffet BOLD
[LE BIHAN et coll. 2006, LE BiHAN 2007, MILLER et coll. 2007];

II. améliorer la résolution temporelle extrinséque, c’est-a-dire la vitesse d’imagerie du systeme
d’acquisition pour échantillonner un volume en 100 a 200 ms environ.

Naturellement, ces deux pistes sont complémentaires, la deuxieme pouvant servir les intéréts de la
premiere. Nous discuterons de la voie intrinseque dans les perspectives du chapitre [V au moment
d’évoquer nos travaux en cours sur 'analyse des données d’1IRM de diffusion fonctionnelle, sujet
du stage post-doctoral de Laurent RISSER que j’encadre. Nous explorons maintenant la seconde
voie.

La haute résolution extrinseque peut étre le fruit d’une séquence d’imagerie spécialisée,
par exemple la séquence Echo Volumar Imaging (EVI), une extension 3D de I'EPI, dans la-
quelle I'espace de Fourier tridimensionnel est encodé a l’aide d’une seule impulsion radio-
fréquence. Des premiers travaux ont déja rapporté l'intérét de cette séquence d’imagerie pour
PIRME [MANSFIELD et coll. 1995, YANG et coll. 1997, ZWAAG et coll. 2006]. 11 est utile de rap-
peler les propriétés les plus saillantes de I’'EVI qui en font un outil de choix pour I'IRMf :

2TChaque coupe est acquise en 60 & 100 ms environ suite & une impulsion radio-fréquence.
28L’axe Oz de cet espace correspond & la direction d’encodage en fréquence tandis que ’axe Oy correspond &
une direction d’encodage de phase.
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1. la possibilité d’acquérir le signal de résonance pour un sous-volume du cerveau en 200 ms;

2. l'insensibilité aux artefacts cardiaque et respiratoire due & une échantillonnage suffisam-
ment rapide respectant les conditions de validité du théoreme de SHANNON-NYQUIST ;

3. une acquisition 3D mono radio-fréquence (single shot) ne nécessitant pas de correction
du délai d’acquisition inter-coupes, et minimisant les risques de mouvement du sujet a
I'intérieur d’un volume acquis;

4. la réduction des effets de flux vasculaire entrant (inflow effect) due a l'utilisation
d’une séquence d’imagerie 3D [Franm et coll. 1994]. Ces effets peuvent rendre contes-
table l'interprétation des résultats en IRMf notamment a champ magnétique relativement
faible (e.g., 1.5 Tesla) [LuU et coll. 2002].

Néanmois, 'EVI n’a été jusqu’ici que peu utilisée en IRMf en raison de la sollicitation forte
des gradients qu’elle entraine. Ainsi, en raison de contraintes matérielles, la longueur des trains
d’échos demeure relativement importante en EVI et la bande passante le long de la direction
de partition (deuxieme direction d’encodage de phase) est tres faible. Par conséquent, dispo-
ser d’une résolution spatiale relativement élevée et d’une bonne couverture du cerveau en EVI
implique Papparition d’importantes distorsions (artefacts de susceptibilité magnétique) et de
pertes de signal dues a la relaxation en 75. Pour dépasser ces limitations, il était nécessaire de
trouver de nouveaux compromis. Une premiere solution a consisté a favoriser la direction d’en-
codage en fréquence, moins gourmande en temps d’acquisition, et ainsi acquérir des volumes
trés anisotropes. Une seconde, celle poursuivie, s’est attachée plutot a réduire le champ de vue
pour raccourcir les trains d’écho.

Récemment, une modification de la séquence EVI a été proposée par [ZWAAG et coll. 2000].
Elle a conduit a une amélioration significative des images acquises et s’appuie sur des gradients
de « rembobinage » pour réduire les artefacts de ghosting le long de la direction de partition.
Elle inclut aussi des impulsions de saturation du signal a ’extérieur d’un volume donné pour
réduire le champ de vue. Toutefois, ce travail reste limité a I’acquisition de volumes anisotropes
(e.g., matrices 64 x 32 x 28 et 192 x 96 x 24), avec une résolution spatiale planaire comparable
a celle de I’'EPI et un rapport signal-a-bruit élevé.

La these de Cécile RABRAIT? visait & s’affranchir de ces problemes. La séquence EVI modifiée
qu’elle a proposée combine ces impulsions de saturation [LEROUX et coll. 1998], une acquisition
parallele et une reconstruction SENSE bidimensionnelle le long des directions d’encodage de
phase et de partition’. En conséquence, les volumes acquis sont quasi-isotropes avec une large
couverture du cerveau sans concession sur la résolution temporelle (200ms par volume) [c.13,
a.12]. La résolution spatiale (au mieux 4.5 x 4.5 x 5mm?) est néanmoins un peu moins bonne que
celle atteinte dans [ZwAAG et coll. 2006]. Dans la suite, je précise les points sur lesquels je suis
intervenu dans ce travail, qui a débouché sur une publication dans la revue Journal of Magnetic
Resonance Imaging [a.12].

I11.6.1 Sous-theme 5a— Caractérisation statistique des signaux Echo Volu-
mar Imaging (depuis 2005)

A partir de 'automne 2005, J’ai supervisé le travail de Cécile RABRAIT sur la caractérisation
statistique de la séquence EVI utilisée en IRMf comme alternative a la séquence EPI. Nous avons
ainsi mis en évidence sur des protocoles visuels événementiels lents, des différences significatives
sur la sensibilité statistique de cette séquence par rapport a la séquence EPI, conduisant notam-
ment a des topographies d’activation contrastées. La localisation anatomique du volume acquis

P doctorante au SHFJ puis & NEUROSPIN sous la direction de Denis LE BIHAN et sous ’encadrement conjoint de
Franck LETHIMONNIER
30’ acquisition parallele 2D permet raisonnablement d’exploiter un facteur de réduction jusqu’a 4, & 1.5 Tesla.
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au cours de ce protocole visuel est décrite a la Fig. [11.22. Elle met en relief la couverture du
pole occipital.

Slice order

Fia. I11.22 — Localisation anatomique du volume acquis lors de la séquence zoom EVI au cours
de protocoles visuels.

Nos premiers résultats ont permis de démontrer que la séquence EVI parallele localisée condui-
sait a détecter moins de voxels activés mais que ces activations étaient plus focales, c’est-a-dire
moins étalées, a 'instar de la Fig. [11.23.

Nous avons en outre évalué l'influence de la régularisation spatiale opérée au cours de la
reconstruction SENSE. Les résultats obtenus sont présentés dans [a.12] et corroborent ceux déja
publiés dans [N et coll. 2005] : ils démontrent que cette régularisation améliore la puissance
de détection et donc la significativité des activations vues en imagerie SENSE. Une de nos contri-
butions originales a consisté a mesurer aussi cette influence sur la dynamique de la fonction
de réponse hémodynamique estimée. Cette régularisation spatiale a pour effet d’homogénéiser
spatialement les FRH estimées, les dynamiques devenant plus homogenes dans des voxels voisins.

Apres cette phase de validation, nous nous sommes tournés vers une application cognitive en
collaboration avec Ghislaine DEHAENE-LAMBERTZ afin de démontrer 'apport de cette séquence
d’imagerie pour les neurosciences. Il s’agissait d’un protocole dédié au langage et a la cartogra-
phie des aires qui s’habituent ou non a la répétition des phrases. L’utilisation d’une acquisition
sagitale (direction de partition) nous a permis de couvrir tout le cerveau dans I'axe gauche-
droite (voir Fig. 111.24) et de nous affranchir des impulsions de saturation visant a réduire le
champ de vue. Le prix a payer est une légere diminution de la résolution spatiale (au mieux
5 x 5 x 6mm3).

Comme en EPI, nous avons pu mettre en évidence des activations dans les lobes tempo-
raux (voir Fig. 111.25), de facon prédominante & gauche dans le sillon temporal supérieur (STS).
Les activations dans le gyrus de HESCHL ne montrent pas d’habituation tandis que certains
voxels détectés dans le STS présentent une habituation de 'amplitude. Des travaux sont encore
en cours pour mesurer la vitesse de cette habituation, qui pourrait étre mieux précisée compte
tenu de la résolution temporelle de I’EVI, par rapport aux précédents travaux en EPI [a.4]. Cette
application figure dans l'article [a.12], qui est reproduit en Annexe [X.
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(a) Activations en EVI (b) Activations en EPI

Fia. I11.23 — Cartographie des activations détectées en EVI a gauche et en EPI a droite chez
le méme sujet en réponse a un stimulus visuel, montrant des différences d’extension spatiale.
A gauche : superposition des cartes d’activation obtenues pour deux sessions EVI du méme
sujet (p < 0.01, non corrigé). A droite : carte d’activation obtenue pour une session EPI (p <
0.005, non corrigé).

Fig. II1.24 — Position du volume EVI par rapport a l’anatomie cérébrale d'un sujet dans
I’expérience auditive.

I11.6.2 Sous-theme 5b— Caractérisation de la dynamique des signaux Echo
Volumar Imaging (depuis 2005)

Nous avons aussi caractérisé la forme de la réponse hémodynamique a l'aide des outils
présentés dans le Théme 1 et pointé certaines différences reproductibles sur plusieurs sujets
comme la présence d’'un undershoot plus marqué en EVI ou une amélioration du contraste a
bruit (doublé par rapport a ’EPI pour le méme paradigme expérimental chez le méme sujet),
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Fia. I11.25 — Cartes d’activation superposées a ’anatomie cérébrale de deux sujets, et seuillées
A p = 10"*, valeur corrigée pour les comparaisons multiples.

comme le démontre la Fig. [11.26.

(a) FRHs en EVI (b) FRHs en EPI

BOLD relative percent change (%)

normalized BOLD signal change
(%)

Time after stimulus onset (s)

[
J01A5 37 B Ff 82 8% LLASI1AL MAS 1SS IA1S IRE LA AL LTS

Time after onset ()

Fig. I11.26 — Fonctions de réponse hémodynamique estimées en EVI a gauche et en EPI a
droite chez le méme sujet et dans plusieurs voxels d’un cluster d’activation visuelle. Les courbes
moyennes, calculées sur I’ensemble des voxels, apparaissent en noir.

Nous avons par ailleurs testé et validé dans le systéme visuel 'hypothése de stationarité de
la réponse hémodynamique estimée a partir de données EVI acquises au cours d’un paradigme
expérimental événementiel lent. Pour ce faire, nous avons évalué statistiquement la différence
entre les courbes des FRHs estimées sur chaque session a 'aide des tests présentés au Sous-
theme 1d. Ce travail a fait 'objet d’une présentation orale a la conférence internationale

ISMRM en 2006 [c.13].

Enfin, notons que les avantages de cette séquence d’imagerie nous autorisent & envisager
comme perspective de recherche I'imagerie néonatale, dans la mesure ou les bébés sont des sujets
particulierement mobiles dans le scanner IRM, et qu’il est difficile de les empécher de bouger.
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Cette séquence EVI 3D permettant d’acquérir beaucoup plus vite le signal et ne nécessitant
pas de correction du délai d’acquisition inter-coupes réduit ainsi substantiellement la durée des
examens. En ce sens, elle est adaptée a I'imagerie du nourrisson. Ce théme a fait 'objet a
I’automne 2007 d’un dépdt de sujet de these sélectionné pour la campagne de bourses IRTELIS
! mises au concours au printemps 2008.

31Programme Doctoral International des Sciences du Vivant du CEA.
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II1.7 Theme 6 — Analyse exploratoire multifractale des données
d’IRMf (depuis 2005)

Tous les travaux précédents s’appuient sur la définition d’un modele explicatif de la réponse
BOLD reliant le paradigme expérimental aux données observées. Les modeles évoqués, bien
qu’étant de complexité croissante (linéaire, bilinéaire, non-linéaire/non-stationnaire), reposent
toujours sur des hypotheses précises qui peuvent parfois étre invalidées sans explication ra-
tionnelle a priori. Bien sir, en considérant des modeles génératifs neurophysiologiques du si-
gnal BOLD, tels que ceux étudiés dans [BUXTON et coll. 1998, AUBERT ET COSTALAT 2002,
BUXTON et coll. 2004, AUBERT et coll. 2005], il est possible de relacher certaines contraintes
inhérentes aux modeles présentés dans les sections précédentes.

Toutefois, I'ajustement de ces modeles présuppose la connaissance d’un paradigme d’ac-
tivation cérébrale comme donnée d’entrée. Ainsi, 'analyse de l'activité cérébrale de fond
ou spontanée (acquise au repos *°) demeure exclue des approches orientées modele. Dans
ces conditions, la seule voie pour analyser ces données est exploratoire. Elle ne repose
sur aucune hypothese a priori sur la forme du signal BOLD. En IRMf, comme dans
d’autres domaines, les techniques exploratoires classiques telles que l'analyse en composantes
principales ou indépendantes (ACP, ACI) sont couramment utilisées [[KHERIF et coll. 2002,
HIMBERG et coll. 2004, BECkMANN ET SmiTH 2004]. Ces approches multivariées sont a rap-
procher des méthodes de clustering car elles permettent d’associer des ensembles de voxels a un
profil de réponse temporelle particulier. Dans tous les cas, ’association des décours temporels et
des régions aux différentes taches expérimentales du paradigme expérimental se fait a posteriori.

Ces méthodes se basent sur des mesures de similarité fonctionnelle, linéaire ou non, des
différents signaux acquis. Ces derniers sont analysés « dans leur ensemble », c¢’est-a-dire que le
degré de ressemblance calculé est global et rend compte des séries temporelles completes. Pour
analyser et comparer le degré de régularité locale des signaux IRMf, il est nécessaire d’utiliser
d’autres méthodes. Si I'on souhaite quantifier ce degré de régularité a ’aide d’un objet assimi-
lable & un histogramme, il semble naturel de recourir a une décomposition spectrale de chaque
signal, et de mesurer sa distribution en fréquence. Toutefois, les données de neuro-imagerie
présentent des non-stationnarités temporelles, bien connues en EEG, mais visibles aussi en IRMf.
Recourir a ce type de décomposition nécessite de travailler simultanément selon I'axe tempo-
rel et 'axe fréquentiel. Pour ses caractéristiques « localisationnistes », nous avons opté pour
une décomposition temps-échelle plutot que temps-fréquence, autrement dit une base d’onde-
lettes, capable d’appréhender des non-stationarités ou de refléter un phénomene d’invariance
d’échelle®” présent sur les signaux IRMf. Ce travail, encore en cours, a fait I'objet d’une étroite
collaboration avec Patrice ABRY (DR CNRS) du laboratoire SiSyPhe de 'ENS de LYON. Des
premiers résultats illustrant la modification d’attributs multifractaux entre des données de repos
et d’activation ont été publiés dans [c.16]. Une version longue de ce travail a fait ’'objet d’une
réjection en octobre 2006 a la revue NeuroImage [rr.4]; une version remaniée est présentée au
chapitre V. La version anglaise correspondante sera soumise prochainement [s.1].

32Cette notion de resting state est mal définie au sens ol elle admet plusieurs acceptions. Nous considérons
ici qu’elle représente ’état d’activité basal du sujet accessible par la mesure lorsque celui-ci est allongé dans le
scanner, les yeux fermés.
33L7. . 52 . . 7 ) 7 \ N
invariance d’échelle se traduit par la persistance ou la rémanence d’un phénomeéne a travers toute une
gamme d’échelles au sein d’une analyse multi-résolution.
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I11.8 Conclusion et perspectives

Le mode de présentation adopté dans les sections précédentes permet de distinguer nettement
les themes aboutis et les themes en développement, et, pour ces derniers, mes préoccupations
« prioritaires ». Ces travaux sont a l'origine de thémes émergeants dans mon activité a savoir :

e la validation au niveau des études de groupes de la méthodologie mise en place pour
I’analyse intra-sujet. Le chapitre [V est consacré a ces aspects. Y sont abordés également
des perspectives concernant d’une part les analyses a effets mixtes et d’autre part la
sélection de modeles génératifs des données IRMf, en tant qu’extensions des travaux déja
entrepris.

e le développement d’approches exploratoires multifractales, uni- et multivariées, s’affran-
chissant ainsi de tout paradigme expérimental. Un premier but est notamment de pouvoir
attaquer des problématiques d’analyse simultanée de données de repos et d’activation.
Un second concerne la mise en évidence, a ’aide de mesures de connectivité, de réseaux
fonctionnels pouvant étre modulés par ’attention par exemple au cours d’un protocole
d’activation. Le développement de telles approches est concomittant a ’avenement de
séquences d’imagerie ultra-rapides qui permettent d’acquérir des signaux plus finement
échantillonnés, rendant ainsi les analyses multifractales plus fiables. Le chapitre V illustre
ces aspects sur la base de travaux préliminaires déja accomplis.
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CHAPITRE IV

IMPACT DE LA MODELISATION NON-PARAMETRIQUE
DU SIGNAL BOLD SUR LES ANALYSES DE GROUPE

IV.1 Introduction

L’objectif de 'analyse de groupe en IRMf est d’extraire une bonne représentation de la re-
lation entre la structure cérébrale et la fonction a travers une population cible de sujets. Elle
consiste habituellemment & moyenner des réponses ou des effets BOLD individuels estimés apres
une étape de normalisation spatiale qui garantit la définition d’'un espace anatomique com-
mun a tous les sujets. Généralement, cette procédure de moyennage est mise en ceuvre a ’aide
d’une statistique standard de Student et s’appuie sur 'hypotheése que la distribution des ef-
fets BOLD, c’est-a-dire de 'activité cérébrale induite par la stimulation, est normalement dis-
tribuée a travers les sujets. Pour parvenir aux résultats d’une analyse de groupe, il est nécessaire
préalablement de traiter les données IRMf acquises chez chaque individu afin de produire une
estimée des effets BOLD. Ces effets BOLD sont typiquement fournis par 1’ajustement d’un modele
linéaire généralisé. Les approches classiques considerent une forme canonique, supposée connue
et constante a travers tout le cerveau de fonction de réponse hémodynamique (FRH), autrement
dit de réponse impulsionnelle du systeme neuro-vasculaire. Récemment, nous avons ceuvré au
développement d’une alternative reposant sur une modélisation régionale non-paramétrique du
signal BOLD [a.8, c.11, c.15]. Cette approche introduite au chapitre [II, Théme 2, opere une
détection-estimation conjointe (DEC) de lactivité cérébrale au sens ou elle révele a la fois la
localisation spatiale des activations au regard d’une condition ou d’un contraste choisi, et rend
compte de leur cinétique. Dans sa version la plus aboutie, elle autorise méme le traitement de
données non lissées spatialement en tenant compte de la corrélation spatiale inhérente a celles-ci.

La suite de ce chapitre' est structurée comme suit. L’analyse intra-sujet classique est rapi-
dement exposée en Section [V.2 avec une attention toute particuliere sur la facon dont la sou-
plesse de modélisation peut étre envisagée dans ce cadre. En Section V.3, la modélisation non-
paramétrique du signal BOLD que nous promouvons dans un contexte de détection-estimation
conjointe est résumée. En particulier, nous mettons en exergue le fait qu’elle s’appuie sur une
parcellisation a priori — potentiellement multi-sujets — des données IRMf. Cette parcellisation
a pour but de faire émerger une échelle de résolution spatiale, les parcelles, pertinente pour
I’analyse, en agrégeant des voxels voisins sur la base de leur similarité fonctionnelle. Puis, la
Section V.4 est dévolue aux études de groupe. Les principes des analyses a effets aléatoires sont
rappelés et une attention particuliere est consacrée aux approches par test de permutations. Nous
illustrons finalement 'impact de cette nouvelle modélisation intra-sujet sur une étude de groupe
dans le cadre d’une expérience de calibration fonctionnelle développée par Philippe PINEL et
Bertrand THIRION a NEUROSPIN. Enfin, la Section [V.6 élargit le débat en présentant quelques

!Une version anglaise courte de ce chapitre a été acceptée & la conférence ISBI'08 [?], tandis qu’une version
longue sera prochainement soumise a la revue IEEE Trans. on Medical Imaging.
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pistes de recherche méthodologique pertinentes pour ’avenir en vue de rendre les modeles ex-
plicatifs plus parcimonieux et capables d’appréhender d’autres sources de variabilité.

IV.2 Analyse intra-sujet classique en IRMf

IV.2.1 Modele linéaire généralisé

Les méthodes classiques d’analyse des données d’IRMf sont « orientées modele » au sens ou
elles s’appuient sur un modele explicatif du signal BOLD, qui s’instancie dans le cadre des modéles
linéaires généralisés (MLG). Un tel modele se définit par une suite de régresseurs, en général
tous construits selon le méme procédé a partir de deux ingrédients : le paradigme expérimental
et la donnée d’une fonction de réponse hémodynamique canonique h.. L’ensemble des MLGs se
distinguent donc d’autres approches par la connaissance a priori d’une forme de réponse im-
pulsionnelle du systéme neuro-vasculaire identique pour le cerveau tout entier [FrISTON 1994].
Ainsi, chaque régresseur ou colonne de la matrice de dessin expérimental X dérive de la convo-
lution de h,. avec le signal de stimulation ™ associé & la m'®™® condition expérimentale. Le
modele s’écrit donc sous la forme suivante [FRISTON et coll. 1995] :

i yal = X lar, oo agl+ br, .o by, (IV.1)

ol y; désigne la série temporelle IRMf mesurée dans le voxel V; aux instants (¢, )n=1:nN €t a; € RM
définit le vecteur des effets BOLD en V; pour toutes les conditions expérimentales m = 1 : M.
Notons que la matrice X peut étre complétée par des régresseurs modélisant des effets de non-
intérét a l'instar d’une base de fonctions en cosinus pour tenir compte de la présence de dérives
basse fréquence dans les données. Le bruit b; est habituellement modélisé comme un processus
autorégressif du premier ordre (i.e., AR(1)) afin de tenir compte de 'autocorrélation temporelle,
fluctuant dans I’espace, des données IRMf [WORSLEY et coll. 2002] : bj4, = pj bt +€jt,, Vi, T,
avec €5 ~ N (ON,ang ~)- Ici Oy désigne un vecteur de longueur N et Iy définit la matrice
identité de taille V. Le bruit b; reste donc gaussien mais de matrice de covariance égale a 0'3]_ A;l
o A; est tridiagonale symétrique, avec |[Aj| =1 — pjz, Ajha=Aj)nn =1, (Aj)e=1+ p?
et (Aj)er10=—pjpour {=2:N—1.

Les amplitudes ou effets BOLD estimés a; en V; de la réponse hémodynamique sont calculés
au sens du maximum de vraisemblance par :

a; = argmin (y; — Xa;)" Ee_j?Aj (y; — Xaj),
acRM

ol 8;2.7\]- définit I'inverse de l'estimée de la matrice d’autocorrelation de b;; voir par
exemple [WORSLEY et coll. 2002, PENNY et coll. 2003] pour les détails concernant l'identifica-
tion de la structure de bruit. Plus récemment, des extensions qui intégrent des informations a
priori sur (a;);—1.; ont été développées dans un contexte bayésien [WOOLRICH et coll. 2004,
PENNY et coll. 2005, FLANDIN BT PENNY 2007]. Dans ces derniers cas, les vecteurs (@;);j=1.;
sont calculés itérativement en utilisant des procédures plus couteuses numériquement, qu’elles
soient de type variationnelles ou stochastiques. Cependant, aucune de ces contributions fondées
sur les MLGs ne remet en cause la définition d’un modele, seul et unique, d’explication du signal
BOLD, en considérant par exemple une forme fluctuante de la FRH, comme le recommandent les
auteurs de [HupTTEL BT McCARTHY 2001, HANDWERKER et coll. 2004], au vu de la variabilité
inter-régionale mise en évidence entre différentes aires corticales (motrice, visuelle, auditive).
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IV.2.2 Gain en flexibilité au sein des MLGs

Bien que plus faible a priori que les fluctuations inter-individuelles, la variabilité régionale
de la FRH canonique h,. est suffisamment grande pour étre prise en compte. Un modele linéaire
généralisé peut en partie s’accomoder de cette variabilité au niveau de chaque voxel, par le biais
d’ajout de régresseurs. Par exemple, la réponse impulsionnelle h,. peut étre suppléée par ’ajout
de ses dérivées premiere et seconde ([h.|h. | h!]) afin de modéliser des variations de forme vis-
a-vis de 'instant du pic d’activation. Bien que puissante et élégante, la souplesse d’'un MLG est
obtenue au prix d’une perte de sensibilité consécutive a ’ajustement du modele en vertu de la
diminution du nombre de degrés de liberté du test statistique. Par ailleurs, il est important de
remarquer que dans un MLG souple, I'effet BOLD attaché a chaque voxel V; et chaque condition
expérimentale m devient multivarié (a;” e R? ). Ainsi, la statistique univariée de Student ne
devrait plus étre utilisée pour tester la significativité de différences potentielles a7* —a7 entre
les mi®™¢ and n'®™¢ types de stimuli. Au contraire, la statistique multivariée non-signée de
Fisher constitue I'outil d’analyse de choix. Son usage rend les cartes d’activation plus difficiles
a interpréter dans la mesure ot une part non négligeable de la différence peut étre captée par
un régresseur autre que celui portant sur 'amplitude, et ou I'information de signe est perdue.

IV.3 Analyse intra-sujet non paramétrique en IRMf

IV.3.1 Changement de résolution spatiale

La définition d’un modele régional de FRH permettrait ainsi d’introduire de la souplesse dans
le modele & moindre colt puisqu’elle conduirait a conserver un unique régresseur par parcelle et
validerait 'inférence reposant sur la comparaison univariée signée a;.” —&;-L. Le cadre de détection-
estimation conjointe décrit au chapitre I[II — Théme 2 se préte a une telle modélisation régionale
pourvu qu’'une parcellisation du cortex soit disponible. Un « pseudo-MLG » peut alors étre ajusté
localement aux données au sein de chaque parcelle. Il ne s’agit en effet pas d’'un MLG classique
dans la mesure ou la fonction de réponse hémodynamique est considérée comme inconnue et a
estimer, rendant ainsi le modele bilinéaire. Pour des raisons d’efficacité et de parcimonie, nous
considérons une seule forme de FRH par parcelle. Si cette hypothese devait étre remise en cause,
il conviendrait de remettre en question la définition de la parcellisation. Nous reviendrons sur
ce point au Chapitre VI du présent chapitre.

Pour définir la bonne résolution spatiale, nous recourons a des techniques de parcellisation
telles que celle proposée dans [a.9], ot le masque du cerveau est divisé en K parcelles selon des
criteres d’homogénéité fonctionnelle et de connexité spatiale. En d’autres termes, il s’agit de
minimiser un critere composite ot la mesure de similarité spatiale vise a connecter les voxels
voisins dans le systeme de coordonnées de Talairach tandis que la mesure de similarité fonc-
tionnelle s’appuie sur des parametres qui résument localement le profil d’activité, par exemple
les effets BOLD estimés a; = (Zi;”)m:l; u” lors d'une analyse intra-sujet classique décrite en Sec-
tion IV.2. Il est clair que s’appuyer sur une premiere analyse & base de MLG pour définir le socle
spatial d’'une modélisation non-paramétrique du signal BOLD, alors méme que ’on souhaite s’en
affranchir, peut constituer de prime abord une faiblesse de I’approche préconisée. Nous verrons
comment s’affranchir de cette contrainte en Section IV.6.2.

Dans le type de parcellisation utilisée dans la suite, le nombre de parcelles K est fixé em-
piriquement : plus ce nombre est grand, plus ’homogénéité intra-parcelle est importante, mais
plus les parcelles sont petites ce qui peut potentiellement engendrer une diminution du contraste

2ou les signaux IRMf eux-mémes.
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FiG. IV.1 — Vues sagitales d’une parcellisation multi-sujets. Chaque parcelle est codée par une
couleur différente. A gauche, sujet 1; a droite : sujet 2.

signal-a-bruit pour 'estimation de la FRH. Pour choisir objectivement un nombre adéquat de
parcelles, des criteres informationnels tels que le BIC (Bayesian Information Criterion) et des
techniques de validation croisée ont été utilisés dans [THYREAU et coll. 2006] sur une étude de
plusieurs dizaines de sujets. Les auteurs ont montré une convergence pour K ~ 500 pour une
analyse cerveau entier conduisant a des tailles de parcelle typiquement de quelques centaines de
voxels.

Il est par ailleurs important de remarquer qu'’il existe une correspondance univoque entre
les parcelles des différents sujets puisque la parcellisation est calculée au niveau du groupe.
Chaque parcelle a donc une instance chez chacun des sujets de l'analyse, comme illustré par
un code de couleurs a la Fig. IV.1. Ceci semble nécessaire si I’on souhaite faire une inférence
de groupe au niveau des parcelles, par exemple en moyennant les effets BOLD estimés au sein
de chaque parcelle. Si en revanche, la parcellisation demeure un outil purement instrumental
afin d’obtenir une estimée spatialement adaptative du filtre hémodynamique régional, il n’est
pas rigoureusement nécessaire d’obtenir cette mise en correspondance. Ainsi, des parcellisations
intra-sujets peuvent tout autant étre utilisées.

IV.3.2 Modélisation « parcellique »du signal BOLD

Nous précisons ici la modélisation régionale non-paramétrique du signal BOLD, introduite
dans [a.8, ¢.15], en vigueur au sein de chaque parcelle. Comme illustré sur la Fig. V.2, une seule
forme de FRH h est considérée par parcelle, tout en autorisant une modulation de 'amplitude
de la réponse a}-’” a travers lespace (indice j) et les conditions expérimentales (indice m). Dans
la suite, on note P = (Vj);j=1.; une parcelle constituée d'un ensemble de voxels connexes. Le
modele du signal BOLD dans P s’écrit :

M
yj= > afX"h+Pl+b;, Vj V;eP. (IV.2)

m=1

ou cette fois, X" est une matrice binaire de dimensions N x (D + 1) qui code les onsets du
mie™e type de stimuli. Le vecteur h € RP*! représente la forme inconnue de la FRH dans P.

3aussi appelée niveau de réponse neurale (NRN) parce que modélisable comme Ientrée du systeme dont le
filtre est la FRH.
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Le terme P/¢; modélise la dérive basse fréquence qui permet de prendre en compte le repliement
spectral des artéfacts physiologiques (battements cardiaques, respiration), échantillonnés trop
lentement pour respecter les conditions de SHANNON-NYQUIST. Le terme b; ~ N (O, a?j A;l)
rend compte du bruit d’acquisition et des erreurs de modélisation et comme précédemment est
modélisé comme une réalisation d’un processus AR(1).

Il est intéressant de remarquer qu’en agglomérant les différents vecteurs [X h, ..., xM h}

dans (IV.2) et en unifiant la matrice résultante avec P on retrouve la matrice X décrite en Eq.
(IV.1).

a;" : niveau de réponse neurale au voxel | D;\ZJH\ |BFUit 51

J

pour la condition m 1

LLJ—LRH@—»EB—»@—»BOLD Y.

TR 2TR 3TR 4TR 5TR 6TR

Dérive Fl;  Bruit b,

—p@—»@—» BOLD ’yJ

TR 2TR 3TR 4TR 5TR 6TR

F1a. IV.2 — Modele régional du signal BOLD dans le formalisme DEC. Les niveaux de réponse
neurale (NRNs) sont notés aj* et varient d’un voxel & I'autre et d’une condition expérimentale
a une autre, tandis que la FRH h caractérisant la parcelle P est de forme unique.

Ici, nous négligeons la corrélation spatiale du bruit considérant qu’il est plus important de
modéliser celle du signal d’intérét induit par la stimulation. Les signaux y = (y;) =1.; sont donc
supposés indépendants dans ’espace :

J
p(y | h,a,1,80) = [] o(y; | h, aj, €5, pj,02) (Iv.3)
j=1

J J GiA; G
x H \Aj]1/2 Ja_jNeXp( Z A; ])
j=1 i=1

5]

ou 00—(/)], )j 1.J et y] Yy — ma’j”th—PEj:yj—:X[aij]t.

IV.3.3 Inférence bayésienne
Informations a priori

Fonction de réponse hémodynamique. La forme h et les Niveaux de Réponse Neuro-
nale (NRNs) ou effets BOLD (a;);—1.; sont conjointement estimés au sein de chaque parcelle P.
Puisqu’aucun modele paramétrique n’est considéré pour h, depuis [a.6, a.3] nous préconisons
I'usage d’'une contrainte de régularité temporelle sur la dérivée seconde de h afin de régulariser
son estimation.

Modeles de mélanges spatiaux (MMS). Le formalisme DEC a aussi pour vocation de
détecter des activations c’est-a-dire d’identifier au sein de chaque parcelle P les voxels dont
20 juin 2008
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le décours temporel est corrélé au paradigme expérimental. Dans ce but, nous avons introduit
dans [c.15] une modélisation a priori sur les NRNs (a™),,=1.as que nous rappelons briévement
ici.

Nous supposons que différents types de stimuli induisent des NRNs ou des effets BOLD statis-
tiquement indépendants i.e., p(a|0a) = [[,, p(a™[0™) avec a = (a™)m=1:m, @™ = (a]')j=1.s
et Og = (0™);n—1.17. @™ contient ensemble des hyper-parametres inconnus reliés au m®™® sti-
mulus. Nous définissons un modele de mélange spatial en introduisant des variables binaires
indicatrices ¢j" ou étiquettes, qui établissent si un voxel V; € P s’active (¢j' = 1) ou non
(q;” = 0) en réponse au stimulus de type m. Conditionnellement & ces étiquettes, les NRNs
a™ sont distribués spatialement selon une loi normale dont les parametres fluctuent selon la
parcelle : (a} | ¢]" = i) ~ N (ims Vim), avec ¢ = 0,1. Nous imposons (i, = 0 pour la classe
des voxels non-activés, de ce fait : 0™ = [Ug m, f11,m V1,m]-

Contrairement & [a.8], nous introduisons des variables ¢ corrélées spatialement entre elles
impliquant Pr(gj* = 1) = AT; au lieu de Pr(q]* = 1) = A}", Vm. Le modele de corrélation retenu
est un champ de MARKOV b1na1re sur les variables ¢;", alors que les NRNs restent indépendants
entre eux conditionnellement a g™. Plus précisément, un champ de ISING symétrique est intro-
duit :

Pr(q™ [5™) = Z(B™) " exp(8™ ) Y winl (@] = i),

JEP kEN;

ocexp(B™) wirI (¢ = ai), (Iv.4)

ook

ou I(A) =1 si A est vraie et I(A) = 0 sinon. La notation N; définit le voisinage de V; tandis
que celle plus compacte, j ~ k, a la méme signification que la double somme mentionnée,
c’est pourquoi nous la privilégierons dans la suite. Les parametres wj sont des constantes pré-
définies qui ponderent les interactions entre voxels (Vj, Vi) : wji o< 1/d(V}, Vi) ot d(V}, V) est la
distance entre V; et V. Le parametre 8™ > 0 dans Pr(q}” | B™) controle le niveau de corrélation
spatiale. Ici, il est fixé empiriquement. La constante de normalisation du champ Z(8™), encore
appelée fonction de partition dépend de 8™. Notons que ce champ est caché car g = (") m=1:m
n’apparait pas dans (I'V.2). En combinant ces informations, nous obtenons un modele de mélange
spatial pour chaque type de stimulus :

J

a™|6m) = > (T] p(a]" | g, 0™)) Pr(g™ | B™). (IV.5)

qm j=1
Loi a posteriori conjointe

A Taide de la regle de Bayes et des autres a priori définis dans [a.8], la loi a posteriori
p(h,q,a, (£;),0 |y) s’écrit :

1/2

(1—p3)
p(ha,1,0|y) oc oy, Jf ;e H(Nj—l ﬂ(—l,l)(ﬁj))
j=1 O¢;

RRh . 1 il
- Y5A —|14;|? 0")p(a™ | 6™ IV.
<exp( -5 S (g it + 53l ) I1 (vemariom)  avo
avec y; = y; — Sjh et §j =3 ;a7" X™.

Nous simulons des réalisations de (IV.6) par echantillonnage de Gibbs pour approcher des
estimateurs de type espérance a posteriori g¥F, aMF et hMP. Nous déduisons ainsi & travers
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)MPhMP estime la réponse hémodynamique du voxel j

g™MP quels sont les voxels activés, et (
pour le stimulus m. Ces différents estlmateurs sont donnés par 2YF = (K — I)~' Sk 4 o),
Vz € {h,a,q,0} ou I est la longueur de la période de chauffe de la chaine de MARKOV. Nous
ne présenterons dans la suite que la formulation de la loi conditionnelle a posteriori de (a,q).

Le lecteur pourra se référer a [a.8] pour les autres quantités d’intérét.

D’un point de vue de ’analyse de la convergence du schéma MCMC et du taux de mélange des
chaines de Markov générées, nous avons considéré les criteres usuels basés sur ’échantillonnage
parallele, qui consiste a simuler plusieurs chaines en paralleles, en partant d’initialisation
différentes, puis & mesurer la variabilité intra- et inter-chaines sur différentes variables d’intérét
et finalement & en déduire un scalaire, défini & partir du rapport des deux, qui tend vers un
lorsque la convergence est atteinte [GELMAN et coll. 2004].

Mélange spatial a posteriori

La distribution a priori sur les NRNs considérée ici étant un mélange gaussien, et ’expression
de la vraisemblance a h fixée demeurant gaussienne, la densité conditionelle a posteriori des
NRNSs est aussi un mélange gaussien par un argument de conjugaison. De (IV.6), on peut montrer
que chaque a”"* est une réalisation de :

J
2
p(al [y, b, 07,2, aT P qiiy ) = SONTN (W o),
i=0,1
en posant Nj = {V}, |k ~ j}. La simulation de ces variables se décompose alors en trois étapes :
(i) identifier les parametres (A}, u" 3 vi’y); (it) échantillonner le label binaire ¢7* en accord
avec A et finalement (444) snnuler aj' contionnellement & ¢7* selon N (1, v7) pour i = 0, 1;

cf le11]:

J

Z7j z?] /l)Z m
k)

—1
A t Ae

oM — <ui’m+gm jgm) 7M;’7j:um.<gm Jj2 UV, “‘m>
&j

ougm =X"het ey ;=y;—Pli—3 1, a] "gm’. La probabilité A" de 'événement (q =1)
s’écrit :

7"1714 . 7'('1714 A L
AL = (1 + —Tmfﬂ Wmljj) (IV.7)
27] 27]

1/2 . ‘
avec i’ = (v{’;/v,m) exp ((u;”])2/vfr§ — z(,ulm)2/vim> et m = Pr(q]* = z]q,?’eNj,ﬂm). Pour
calculer (I'V.7), nous devons évaluer :

T/ iy = exp(wm(?i —1) > w24 — 1)),

kENj

qui ne dépend que des étiquettes dans le voisinage N; de V.

Pour l'instant, le parametre 8™ est fixé empiriquement, rendant ainsi la régularisation spa-
tiale supervisée. Son estimation nécessite 'approximation de la fonction de partition du champ
de Ising Z(4™) en amont de la boucle d’échantillonnage, qui pourra étre précalculée et sauve-
gardée dans une table. Nous discutons ce point en guise de perspective méthodologique dans la
derniére section de ce chapitre.

A titre d’information, puisque nous considérons les données des différentes parcelles
indépendantes entre elles, I'inférence au sein de chaque parcelle est parallélisable. Ainsi, une
analyse cerveau entier prend environ une heure pour des données de longueur N = 125 et une
parcellisation de K = 500 parcelles sur une machine quadri-processeurs a double coeur.
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IV.4 Analyses de groupe

IV.4.1 Inférence paramétrique classique

On considere en général que les S sujets ayant subi 'expérience d’IRMf ont été tirés au ha-
sard au sein d’une population d’intérét. Comme nous I’avons vu dans les sections précédentes, les
deux types d’analyse intra-sujet produisent en un voxel particulier V; de I'espace normalisé —
habituellement fourni par le template’ du MNI — et pour chaque sujet s, un vecteur d’effets
BOLD estimés a;s ou de NRNs selon la terminologie employée. La comparaison de conditions
expérimentales passe habituellement par la définition de contrastes. Compte tenu des efforts
consentis a la Section V.3 pour préserver des effets BOLD scalaires, nous pouvons nous res-
treindre a des contrastes unidimensionnels c’est-a-dire a des différences signées de la forme
(@’7:‘;” = aj, — aj, pour distinguer les effets BOLD estimés pour les mieme ieme
Dans la suite, pour alléger les notations, 'indice j des voxels et celui du contraste considéré,
i.e., m — n, sont supprimés.

et n conditions.

Alors que la différence estimée c?s differe généralement de la valeur inconnue du contraste d;
non observé, nous supposons dans un premier temps une estimation parfaite a 1’échelle indi-
viduelle c’est-a-dire : cis =ds; Vs = 1:5. Le probleme se résume donc ainsi. Etant donné
un échantillon (dy,, ..., dg) tiré aléatoirement selon une densité de probabilité inconnue f(d),
qui décrit la distribution des effets d’intérét dans la population, nous cherchons & inférer sur
un parametre scalaire de localisation de cette distribution (e.g., moyenne, médiane, mode, ...).
Supposons pour l'instant que nous souhaitons tester I’hypotheése nulle que la moyenne de la
population est négative :

Hy : ugz/df(d)ddgo

ou l'indice ¢ rappelle la quantité rattachée au groupe. Dans ce but, nous pouvons avoir recours
au test ¢ de Student. Le calcul de la statistique de Student s’écrit :

(IV.8)

Des lors, nous rejetons Hy, et donc nous acceptons I’hypothese alternative Hy : ug > 0 si la
probabilité sous Hy d’atteindre la valeur de ¢ observée est inférieure & un taux de faux positifs’
fixé a I’avance. Sous I’hypothese que la distribution f(d) est gaussienne, il est bien connu que
cette probabilité s’obtient a l'aide de la distribution de Student a .S — 1 degrés de liberté. Dans
ce contexte paramétrique, il est possible de démontrer que la statistique ¢ de Student est de
sensitibilité statistique optimale (techniquement, au sens du test non-biaisé uniformément le
plus puissant, voir par exemple [GOOD 2005]).

IV.4.2 Populations non-gaussiennes

En revanche, si ’hypothese gaussienne n’est pas réaliste, la distribution de Student ne de-
meure valide que dans la limite des grands échantillons (i.e., grosse cohorte de sujets) et peut
donc s’avérer fournir un contréle inexact du taux de faux positifs pour des tailles d’échantillons
usuelles en IRMf (dix a vingt sujets). Ce probleme peut étre contourné a ’aide de schémas de
calibration non-paramétrique tels que celui fourni par les tests de permutations, qui autorise
une inférence exacte sous des hypotheses plus faibles, en I'occurrence la symétrie de la densité

4En francais, on parlerait de gabarit mais cette traduction n’est pas usitée.
50n dit aussi taux de fausses alarmes ou d’erreur de premiére espéce, consistant & déclarer comme significative
une différence qui en réalité ne I’est pas.
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f(d) autour de zéro. Il est donc recommandé d’utiliser des tests de permutations. Toutefois, ces
tests ne fournissent qu’une stratégie alternative au seuillage d’une carte statistique donnée, et a
ce titre, résolvent un probleme de spécificité.

Mais le fait que la distribution d’échantillonnage f(d) puisse s’écarter de la normalité pose
aussi une question de sensibilité puisque la statistique de Student peut s’avérer sous-optimale
des lors que ’hypothese de normalité n’est plus vérifiée. Sans connaissance a priori sur la forme
de f(d), un choix par défaut raisonnable pour le test statistique consiste a maintenir de bonnes
performances de détection sur une large gamme de densités possibles. Une telle statistique doit
donc s’avérer robuste, non pas au sens classique en étant résistante & des données atypiques
ou aberrantes, mais plutot dans le sens d’étre compatible avec des distributions qui tendent a
produire de telles données (e.g., distributions & queue lourde ou multimodales). Dans la suite,
nous utiliserons la statistique du rang signé de WiLcoxoN (RSW) qui s’avere fournir un bon
compromis sensibilité-spécificité entre des versions plus robustes comme la statistique du signe
et d’autres qui le sont moins comme celle de Student. La statistique RSW se calcule comme
suit :

1. classer en ordre croissant les effets absolus ;

2. sommer les rangs modulés par les signes des effets correspondants produisant

S

Trsw = Zrang(\dsD x sign(ds). (Iv.9)
s=1

Remarquons que comme la statistique du signe, la statistique Tisw est indépendante des données.
Ainsi la distribution marginale de T4y, calculée par permutations peut étre estimée & ’avance.

D’autres choix de statistiques sont évidemment possibles notamment celle reposant sur le rap-
port de vraisemblance empirique. Le lecteur intéressé pourra consulter [MERIAUX et coll. 2006,
RocHE et coll. 2007] pour de plus amples détails.

IV.4.3 Probleme de comparaisons multiples

Dans le contexte de I'IRMf, il est important de remarquer qu'un test est effectué en chaque
voxel du volume de recherche. Il est alors calculatoirement efficace de seuiller la carte statistique
ainsi produite a 1’aide d’une valeur uniforme, qui peut étre réglée de facon a controler le taux
de faux positifs a un niveau fixé par I’expérimentateur. Le seuillage uniforme produit une bonne
puissance de détection pourvu que la distribution de la statistique du test soit raisonnablement
stationnaire dans I’espace. Dans le cas de tests spatialement indépendants, la valeur de ce seuil
uniforme est obtenue par la correction de BONFERRONI, qui consiste a diviser le taux fixé par
I’expérimentateur par le nombre de tests réalisés dans le cerveau. En pratique, cette solution
fournit des résultats trop conservatifs et une sensibilité de détection trop faible. De plus, en IRMf,
les tests sont spatialement corrélés a la fois par 'effet du lissage spatial réalisé sur les données
mais aussi par la corrélation anatomo-fonctionnelle réellement existante, par exemple au sein de
chaque gyrus. La résolution du probleme des comparaisons multiples par une correction moins
sévere s’avere donc nécessaire.

La théorie des champs aléatoires développée principalement par Keith WORSLEY dans le
contexte de la neuro-imagerie [WORSLEY 1994], a permis de pallier cette difficulté en autorisant
d’autres types de corrections, basées sur des mesures topologiques d’une carte statistique, vue
comme la réalisation d’un champ aléatoire paramétrique (par exemple gaussien). Ces corrections
integrent donc naturellement la prise en compte de la corrélation spatiale du champ mais en
pratique, elles ne fournissent des bonnes approximations du taux de faux positifs et donc des
p-valeurs exploitables qu’au dela d’une certaine régularité spatiale du champ nécessitant un
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lissage important des données. De plus, ces techniques de correction supposent la stationnarité
du champ aléatoire.

Les travaux menés ces derniéres années au laboratoire par Alexis ROCHE et ses étudiants,
Sébastien MERIAUX et Merlin KELLER, ont permis de résoudre aisément, grace aux tests de
permutations le probléeme des comparaisons multiples sous des hypotheses d’échangeabilité
multivariée d’une fagon beaucoup plus puissante que le font les tests paramétriques et
les approximations sous-tendant la théorie des champs aléatoires [WORSLEY 1994]. Ainsi,
dans la suite de [HOLMES et coll. 1996, BULLMORE et coll. 1999, NicHOLS ET HOLMES 2002,
Havasaxa BT Nicnons 2003], ils ont fourni des p-valeurs corrigées pour le taux d’erreur
de premiere espece en calibrant la statistique du mazimum sur le volume de recherche.
De la méme fagon, ils sont capables de rapporter des p-valeurs corrigées au niveau clus-
ter apres seuillage de la distribution, obtenue par permutations, de la statistique de 'ex-
tension maximale d’un cluster. Dans la suite, les résultats présentés en Section [V.5 sur les
données expérimentales ont été obtenus grace a leurs travaux, synthétisés pour l’essentiel
dans [MERIAUX et coll. 2006, RocHE et coll. 2007] pour les analyses a effets aléatoires. La com-
binaison de nos analyses intra-sujet et des analyses a effets mixtes, qu’ils ont aussi développées,
sont évoquées en perspectives a la fin de ce chapitre.

IV.5 Illustrations sur des données de calibration fonctionnelle

Les données d’IRMf ont été collectées lors d’une expérience de calibration fonctionnelle,
systématiquement réalisée chez tous les sujets au SHFJ puis maintenant a NEUROSPIN. Ici, un
groupe d’une quinzaine de sujets a été extrait et les données sont issues du scanner & 1.5 T (Signa
GE) du sHFJ. Pour chaque sujet, une seule session d’acquisition comportant N = 125 volumes
fonctionnels est disponible. Le temps de répétition ou délai inter-acquisition est de TR = 2,4 sec
conduisant & une durée d’examen de 5 mn. La résolution spatiale des volumes est de 3 mm dans
les trois directions. Le but principal de cette expérience est de cartographier trés rapidement
a la fois des aires sensori-motrices (aires visuelles, auditives, motrices) mais aussi des régions
associées a des fonctions cognitives plus évoluées telles que le calcul ou la lecture. Dans la
suite on s’intéresse uniquement a un seul contraste, c’est-a-dire a la comparaison des conditions
expérimentales auditive et visuelle, référencé A—V.

IV.5.1 Comparaison des deux analyses intra-sujet

Tout d’abord, nous comparons les effets BOLD estimés par les deux types d’analyse intra-
sujet présentés dans les sections [V.2-1V .3, respectivement. Ces effets ont été calculés a partir des
données non-lissées spatialement. Certains pourraient s’étonner d’une comparaison sur données
non-lissées. Toutefois, dans le cadre d’une analyse individuelle, eu égard aux efforts consentis
par les physiciens pour améliorer la résolution spatiale des images tout en conservant un RSB
acceptable, il apparalt inopportun de détruire une partie de I'information contenue dans les
données. Pour ma part, le filtrage spatial n’est qu’'une facon de masquer la variabilité inter-
individuelle en étendant spatialement les activations de chaque sujet et en favorisant ainsi le
recouvrement des activations a travers les sujets. Ce lissage spatial peut donc se justifier pour
les analyses de groupe mais perd de son sens pour une analyse individuelle.

La Fig. IV.3 souligne clairement pour le contraste A—V que le formalisme DEC atteint une
meilleure sensiblité de détection (avec des activations bilatérales) par rapport a 'inférence de
type MLG. En effet, les effets BOLD @.—V‘ ont des valeurs plus élevées sur la Fig. [V.3(b) et
apparaissent plus contrastés. Deux principales raisons expliquent ces différences. La premiere
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concerne la modélisation de la corrélation spatiale & 'aide de modeles de mélanges spatiaux
dans le formalisme DEC alors que I’approche MLG traite de facon univariée chaque voxel. La
seconde, plus intéressante, repose sur une différence chez le sujet considéré entre sa réponse
impulsionnelle neuro-vasculaire et la fonction de réponse hémodynamique canonique h., utilisée
dans la définition du MLG. La Fig. IV.3(c)-[rouge] démontre que la dynamique cérébrale estimée
/ﬁp sur la parcelle associée a 'activation la plus forte s’écarte notablement de la forme canonique
h. rappelée en Fig. [V.3(c)[vert]. En ce sens, elle conforte la deuxieme hypothese. Ce résultat
intéressant et reproductible sur d’autres sujets démontre évidemment que la modélisation de la
forme de la réponse impacte fortement l’amplitude de I'effet estimé, autrement dit que ces deux
quantités sont inter-dépendantes. Méme si I’on peut douter du double rebond en fin de décours,
le seul fait de bien estimer le pic d’activation avec un délai retardé de 2 sec. permet de mieux
ajuster le modele aux données et de restaurer ainsi une carte d’effets BOLD plus contrastée.

La comparaison des cartes de variances associées a ces effets est aussi tres perti-
nente (résultats non montrés). Dans le cadre du MLG, on montre que ’erreur commise sur I'effet
peut s’avérer corrélée a sa taille : plus I'activation est forte, plus son incertitude est grande! cette
situation peut surprendre mais se produit fréquemment en pratique des lors que les variables
explicatives du signal IRMf introduites dans le modele ont du mal a capter les fluctuations liées
a lactivation. Dans ce cas, une partie de 'effet BOLD est modélisée par le terme de bruit, dont
la variance se met a croitre inconsidérément.

(@) (b) _ ©

s e e e e e e e L e e e B LA
0 10 20 30 40

Temps en 6t = .6 sec.

F1a. IV.3 — Cartes de contraste BOLD estimé (C@A'_V') ;j chez un sujet donné entre les conditions
auditive et visuelle. (a) : résultats obtenus a l'aide du MLG et de la FRH canonique h.. (b) :
résultats obtenus par I'approche de détection-estimation conjointe, i.e., le modele (IV.2). (c) :

Comparaison des formes de FRH estimées dans la parcelle la plus activée P : h. et hp ap-
paraissent respectivement en vert et rouge. Ecart entre les pics d’activations d’environ 1,2 sec.

IV.5.2 Analyses a effets aléatoires

Pour asseoir I'impact de notre comparaison au niveau du groupe vis-a-vis des chaines de
traitements classiques en IRMf (e.g., SPM, FSL), les données utilisées pour ajuster le modele
(IV.1) ont été filtrées spatialement & l’aide d’un lissage gaussien isotrope & 6 mm. Dans le
formalisme DEC en revanche, nous considérons toujours les images non lissées mais normalisées
afin de travailler dans un référentiel commun a tous les sujets. La Fig. [V.4 précise le cheminement
des deux types d’analyse et rappelle que notre approche s’appuie sur une parcellisation anatomo-
fonctionnelle des données. Ici, nous avons considéré une parcellisation multi-sujets de fagon a
garantir pour chaque parcelle une instance chez chacun des sujets. Toutefois, ceci pourra étre
remis en cause a lavenir (voir Section [V.6.2). En effet, les analyses de groupe menées ici
sont massivement univariées et donc réalisées dans chaque voxel, au contraire des inférences de
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groupe parcelliques présentées dans [a.11]. A titre d’information, les deux chaines de traitements
présentées a la Fig. [V.4 seront disponibles tres prochainement dans la nouvelle version de la
plate-forme logicielle BrainVisa (http://brainvisa.info) en mars 2008.

' Parcellation —
e L.

Detection-estimation
with PyHRF

Detection-estimation
with PyHRF

Group analysis —D

Detection-estimation
with PyHRF

———— Detection with SPM
‘i —{ Detection with SPM ‘ Group analysis ﬂ
. L o

4{ Detection with SPM

F1a. IV.4 — Chaines de traitements associées aux deux types d’analyse intra-sujet. Au dessus :
I’approche s’appuyant sur une parcellisation multi-sujets, le formalisme DEC et une analyse de
groupe non-paramétrique par tests de permutation. En dessous : I’approche classique reposant
sur un MLG et la méme analyse de groupe qu’au dessus.

La Fig. [V.5 fournit les cartes statistiques d’analyse a effets aléatoires obtenues a 'aide de la
statistique de Wilcoxon T4y, corrigées pour les comparaisons multiples dans le contexte des tests
de permutations. Les coupes représentées coincident avec les activations les plus significatives.
Les cartes statistiques dérivées au niveau du groupe a 'aide du formalisme DEC démontrent
une bonne sensibilité malgré I'absence de lissage, et méme par endroit une meilleure sensibi-
lité sans doute due a une estimée plus précise du contraste BOLD en raison de la modélisation
non-paramétrique et spatialement adaptative de la FRH ; cette différence est prégnante notam-
ment dans ’hémisphere gauche ou des activations dans I’aire de Broca (en haut a droite sur la
Fig. IV.5(a)) ont été rapportées de facon significative a I’aide du formalisme DEC. Concernant
les activations bilatérales massives, les deux méthodes se différencient peu sur le plan de la signi-
ficativité statistique. La Table I'V.1 confirme quantitativement ces résultats. Elle souligne aussi
que les foyers d’activation rapportés sur les Figs. ['V.5(a-c-e) par notre approche sont d’étendue
plus petite que ceux présentés sur les Figs. [V.5(b-d-f) obtenus avec 'approche MLG. Ceci n’est
qu’une conséquence du lissage introduit sur les données dans le cadre de l'analyse de groupe
réalisée a partir des effets estimés par MLG.

TaB. IV.1 — Foyers significatifs d’activation pour la statistique de décision Tygy.

Niveau cluster | Taille cluster | Niveau voxel | Coords. pic

DPcorr (VOXGIS) Pcorr |y z

DEC 0.002 1151 le — 06 8 130 26
0.003 876 0.0007 47127 30

SPM 0.0022 1788 0.0001 5129| 28
0.0028 1680 0.0001 45|27 | 27

La Fig. IV.0 illustre pour les quatre sujets les plus homogenes parmi les quinze les FRHs
identifiées dans la parcelle associée a ’activation maximale dans I’étude de groupe, située dans
le lobe temporal supérieur gauche (premiere ligne de la Table IV.1). Cette parcelle ne coincide
pas avec celle rapportée pour les résultats présentés en analyse intra-sujet. On observe ici une
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Axial Axial Coronal Coronal Sagital Sagital
FiG. IV.5 — Résultats d’une analyse a effets aléatoires s’appuyant sur la statistique du rang signé
de Wilcoxon. Les coupes correspondent aux activations les plus significatives et sont orientées
selon la convention radiologique (la gauche est & droite). les résultats (a)-(c)-(e) ont été obtenus
dans le cadre du formalisme DEC tandis que ceux présentés en (b)-(d)-(f) dérivent d’une
analyse SPM standard au niveau intra-sujet.

variabilité évidente de 'instant du pic d’activation (jusqu’a 1,5 sec.) tout comme des différences
dans la déplétion consécutive a Pactivation (final undershoot).

%ABOLD signal

Temps en 6t = .6 sec.
F1a. IV.6 — Fonctions de réponse hémodynamique estimées pour différents sujets (une couleur
par sujet) dans la parcelle correspondant a ’activation la plus significative, c’est-a-dire a la
statistique Tisw maximale.

IV.5.3 Conclusion

Dans ce chapitre, nous avons mis en évidence que les statistiques de groupe en IRMf sont
influencées par le type d’analyse conduites au niveau de chaque individu. En particulier, nous
avons démontré que le formalisme de détection-estimation conjointe est capable de fournir au
neuroscientifique des résultats d’analyse a effets aléatoires pertinents et robustes qui peuvent
méme s’avérer plus sensibles dans certaines situations sans dégrader la résolution spatiale origi-
nale des données TRMf (pas de lissage spatial). L’interprétation de ces différences est imputable
semble-t-il a la variabilité spatiale de la réponse impulsionnelle du systeme neuro-vasculaire. Des
travaux futurs s’attacheront a valider davantage ces résultats notamment en travaillant sur des
données de nouveaux nés chez qui il est désormais connu que la forme de ce filtre hémodynamique
est différente de celle mesurable chez 'adulte [D'EsposiTo et coll. 1999, JAcOBS et coll. 2008].

Par ailleurs, ces travaux ont rendu possible et réalisable 'analyse de la variabilité inter-
individuelle de la dynamique cérébrale au coeur des foyers d’activation par le biais d’une
modélisation non-paramétrique appropriée du signal BOLD. Nous allons maintenant dans la
section ultime de ce chapitre évoquer les nombreuses perspectives de ce travail.
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IV.6 Problemes ouverts en guise de perspectives

Les perspectives discutées ici sont uniquement d’ordre méthodologique et visent a
I’amélioration des méthodes existantes.

IV.6.1 Régularisation spatiale adaptative

Avant d’envisager un réglage automatique du parametre de corrélation spatiale, nous avons
commencé par vérifier la criticité du réglage de ce parametre, c’est-a-dire en quel sens la valeur
retenue conditionne la sensibilité et la spécificité de détection (voir [d.7] pour les détails). En
substance, nous avons constaté une bonne robustesse de détection uniquement sur un intervalle
restreint de valeurs de ce parametre : ™ € [0,3;0,5],Vm. Il semble donc difficile d’échapper
au développement de cette extension non-supervisée.

Par souci de simplicité, on considere dans un premier temps 8™ = (3, Vm. Afin de régler au-
tomatiquement ce parametre du champ de ISING défini pour une parcelle fixée P, il est nécessaire
d’estimer la constante de normalisation de ce champ, en vue d’ajouter dans ’échantillonneur de
Gibbs global une étape de METROPOLIS-HASTINGS sur le parametre 3 vis-a-vis de ce parametre.
En effet, la simulation selon la densité conditonnelle a posteriori de 8 au sein de P fait intevenir
la loi

p(Blg", ..., ¢") x<p(q', ..., ¢ |B)p(B) [HPr(qm\ﬂ)] p(B)
o Zp(B) "M [[ exp(BUR(g™)) p(B)

avec  Up(q) = Z wirl(¢; = qr)- (IV.10)
j~k,jEP

Pour parvenir a 'expression (IV.10), on a utilisé le fait que Zp(3) est indépendant de la condition
expérimentale m quelle que soit la parcelle considérée P. En revanche, Zp((3) est fonction de
la géométrie de la parcelle et notamment de sa taille. Ainsi, la valeur estimée de Zp(3) pourra
évoluer selon P et conduire potentiellement & des valeurs de 8 fluctuant a travers les parcelles.
Le parametre 3 étant positif, nous pourrons considérer par exemple p(3) = Ir () ou tout
autre loi a support sur R.

D’apres (1V.10), la simulation de la distribution p(8|q?, ..., ¢™) requiert donc la connais-
sance de la fonction de partition Zp () du champ, qui s’écrit :
Zp(B)= Y exp(BUp(q)). (IV.11)
qe{0,1}”

L’échantillonnage a posteriori de (3 autorisera donc la prise en compte de non-stationarités
spatiales dans la carte d’activations.

L’approximation de la fonction de partition (I'V.11) peut étre envisagée selon une approche
d’intégration thermodynamique [GELMAN ET MENG 1998, HIGDON et coll. 1997] rappelée ci-
dessous. Notons tout d’abord que Zp(f3) est une fonction décroissante de 3 telle que Z(0) = 27
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pour un champ de ISING si Card [P] = J°. 1l suffit ensuite d’écrire

LS Ur(@esn(3Up(@)
qe{0,1}’
(BUp(q))
—Zp(8) Y Uplq) T
acion}’ Zp(B)
= Zp(B)E[Ur(Q = q| )]
d’ou 'on déduit :
dlnZ
220 —wur@-alB).
Par conséquent, on peut écrire :
B
m%ﬂﬁzjm2+1;EWﬂQ:quﬂdﬂ] (IV.12)

L’équation (IV.12) est la base d’une méthode relativement directe — dans son principe — pour
estimer In Zp (). L’espérance mathématique peut étre remplacée par une moyenne empirique

K
BUpQ=alf)] = = > Upla)) (1v.13)
k=1

ou les K échantillons q(k) sont des réalisations du champ de Ising a la tempétature 1/3. Toute
la qualité de Papproximation (IV.13) dépend de notre capacité a simuler ces champs de Ising
pour des valeurs de parameétres croissantes : 3 € {f1,fa,, ..., Bc}. En particulier, une ques-
tion sensible concerne la fagon efficace de générer ces réalisations pour des valeurs élevées de (8
correspondant & des configurations spatialement tres corrélées. L’échantillonnage efficace de tels
champs dans le cadre général des champs de POTTS soumis & un champ extérieur est une question
qui n’a connu des avancées théoriques et pratiques que tres récemment [CHANG et coll. 2004,
Luczak BT VIGODA 2005]. Pour les champs de ISING symétriques, la procédure la plus connue
et la plus efficace est celle de SWENDSEN-WANG [SWENDSEN ET WANG 1987], qui procede
par bloc. Ces échantillonneurs peuvent étre encore accélérée grace a des stratégies de Simula-
tion tempérées [GEYER ET THOMPSON 1995, BROOKS et coll. 2006] plus efficaces qu’un simple
schéma MCMC pour « sauter » d’'un minimum local & un autre correspondant tous deux a la
méme énergie.

Dans le but de densifier la grille discrete de valeurs de 3 i.e., {51, 52,, - .., Ba} sur laquelle est
estimée Zp([3) sans augmenter significativement le cotit de calcul, il est aussi possible d’utiliser
la stratégie suivante :

Zp(By) Sy exp(ByUp(g™))

Zp(By) ~ YK exp(B,Up(q®))’
(IV.14)

Vp € Np, Ve € B(0,7), B, = By + €| {gM} | ~ Pr(q; B,),

Sinon, il est toujours envisageable de recourir a des techniques d’interpolation classique.

La stratégie décrite ci-dessus pourra aussi étre utilisée pour ’échantillonnage de la loi a pos-
teriori jointe vis-a-vis de 3. En effet, I’étape METROPOLIS-HASTINGS concernant le parametre 3

SPour la généralisation aux champs de POTTS, on a Z(0) = C7 si C désigne le nombre d’étiquettes possibles
que peut prendre chaque variable d’état g;.
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pourra étre définie comme une marche aléatoire exploitant la relation (IV.14) dont la probabilité
d’acceptation sera exactement f(3')/f(3) = Zp(8')/Zp (). Toutefois, il est important de noter
que cette approche n’est pas stable numériquement si r > 0 s’avere trop grand : il faut vraiment
travailler au voisinage des points de la grille, ¢’est-a-dire pour r suffisamment petit.

Compte tenu de la dépendance de (§ vis-a-vis de P, un compromis réaliste devra étre trouvé
pour éviter I'estimation de cette fonction sur toutes les régions. A partir d’une table de valeurs
précalculées pour des configurations extrémale, on pourra procéder par extrapolation de la valeur
de la fonction de partition Z(3) en fonction de la taille de la parcelle, c’est-a-dire du nombre de
cliques et/ou de sites présents au sein de chaque parcelle.

Enfin, il sera aussi envisageable de rendre le champ de ISING a priori informé anatomi-
quement en considérant comme dans [SMITH et coll. 2003, OU BT GOLLAND 2005] une énergie
externe c’est-a-dire un terme privilégiant un état parmi les deux en fonction de criteres ana-
tomiques, issus par exemple de la segmentation matiere grise/matiere blanche/liquide céphalo-
rachidien obtenue a partir de I'IRM anatomique du sujet. Pour ce faire, il suffira d’introduire une
composante séparable qui ne tient compte que des cliques singletons.

IV.6.2 Choix de la parcellisation : comment la faire évoluer ?

Notre préoccupation concerne la possibilité d’améliorer la robustesse de nos analyses vis-a-
vis du choix de la parcellisation. Il s’agit d’abord de s’affranchir d’une parcellisation a prior:
calculée sur la base d’effets BOLD estimés par I'ajustement d’'un MLG. En effet, comme démontré
dans [?] par une analyse de sensibilité, le choix de la parcellisation demeure critique au sens ou
I'utilisation d’une parcellisation « aléatoire », comprenant des parcelles peu homogenes du point
de vue du signal fonctionnel, engendre une variabilité importante de I’estimation des effets BOLD
et de leur incertitude. De plus, il serait aussi intéressant de limiter le nombre de parcelles de
non-intérét c’est-a-dire dans lesquelles peu ou pas d’effet BOLD n’est détecté, ceci afin de limiter
les problemes d’identifiabilité des parametres et de réduire la dimension du probleme. Il est donc
nécessaire de choisir au mieux cette parcellisation en recherchant une solution évolutive et plus
parcimonieuse.

Dans l'approche retenue jusqu’a maintenant, la parcellisation était définie & partir d’un
mélange de distributions gaussiennes multivariées, tenant compte a la fois des trois dimensions
de lespace (coordonnées des voxels) mais aussi de dimensions fonctionnelles (données par les
effets BOLD estimés). Il semble souhaitable & I’avenir de remettre en cause la définition de cette
segmentation, pour d’une part réduire le nombre de parcelles de non-intérét mais aussi parce
que spatialement, rien ne garantit que la configuration optimale des parcelles ne suive une loi
normale.

Dans le futur, j’envisage une démarche adaptative dans laquelle la parcellisation pourra
évoluer au cours de ’algorithme de détection-estimation conjointe selon des criteres de similarité
des réponses impulsionnelles estimées dans des parcelles connexes. L’idée sera de mettre en ceuvre
une approche de type clustering agglomératif, d’abord sous forme supervisée et déterministe se-
lon des criteres de distance bien définis, puis dans un cadre probabiliste en tant qu’inférence sur
un modele. Dans ce cas, il sera envisageable de recourir & des algorithmes stochastiques a sauts
reversibles qui procéderont par fusion ou dissociation de parcelles existantes au dela d’une cer-
taine taille fixée par exemple [SAINT PiErrE 2003]. Une alternative pourra aussi étre envisagée
dans le cadre des statistiques bayésiennes non-paramétriques (e.g., mélanges de processues de
DIRICHLET, MPD) [FErRGUSON 1973, ANTONIAK 1974], en considérant le processus de parcelli-
sation comme un probleme de segmentation non-supervisée, i.e., ou le nombre de classes reste
a déterminer. Dans ce cadre, pour garantir la connexité des classes i.e., des voxels de méme
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étiquette, le couplage d’'un MPD a un champ de Markov sur les étiquettes peut s’avérer fort
judicieux [ORBANZ ET BUHMANN 2008].

Ces travaux feront 'objet au printemps 2008 du stage de master recherche d’Anne-Laure
FouQueE. Ils entraineront évidemment un cott de calcul supplémentaire mais les efforts al-
gorithmiques que nous avons consentis ces dernieres années permettront d’exploiter une mise
en ceuvre en partie parallélisable sur une ferme de calculateurs. A terme, 'idée est de définir
les parcelles comme des entités différentes du fonctionnement cérébral, qui pourront étre
contraintes spatialement par des frontieres anatomiques bien définies telles que des sillons
étiquetés [R1vIERE et coll. 2002]. Ces travaux seront donc menés en étroite collaboration avec
Bertrand THIRION' ainsi qu’avec les autres membres du LNAO spécialiste d’anatomie cérébrale.

IV.6.3 Sélection de modeles génératifs

En vue de franchir une étape importante dans la phase d’« analyse intra-sujet » des données
IRMf et afin de déterminer au sein d’une région cérébrale fixée le meilleur modele explicatif
des données au regard des conditions expérimentales définies dans le paradigme par le neuro-
psychologue, je présente ici quelques pistes de recherche. Dans les approches classiques présentées
en Section [V.2-1V.3, ’ensemble des conditions expérimentales manipulées dans le paradigme
est introduit dans un modele linéaire ou bilinéaire, en prenant soin de tenir compte des temps
d’arrivée de chaque type de stimulation pour différencier ces conditions. Aucun choix n’a donc
été opéré sur le bon nombre de conditions a modéliser pour expliquer des activations régionales
spécifiques si ce n’est un choix mazimal par défaut. Dans 'approche classique par MLG, la
pertinence de la modélisation est évaluée a posteriori en contrastant différentes conditions voire
différents modeles a I'aide de tests statistiques judicieusement choisis (tests de Student ou de
Fisher,...). Dans le formalisme DEC, nous envisageons le probléme comme celui de la recherche
d’une dimension au sein d’une famille emboitée.

Vers une famille de modéles ...

La poursuite de ces travaux cherchera a s’écarter de ce paradigme d’analyse conventionnelle.
Comme dans d’autres domaines, il parait judicieux d’envisager des modeles plus parcimonieux
vis-a-vis du choix optimal du nombre de conditions & introduire dans le modele, ou vis-a-vis de la
modélisation de certaines non-linéarités ou non-stationarités de la réponse BOLD. En particulier,
si I’on considere une approche régionale, il semble clair que toutes les conditions expérimentales
ne vont pas jouer le méme role dans une région donnée. Il semble donc naturel non seule-
ment de rechercher le nombre adéquat de conditions & introduire dans chaque modele régional,
mais il paralt aussi pertinent de s’interroger sur le choix ou la sélection des bons types de
stimuli (meilleure combinaison possible) & dimension de modele fixée.

Par ailleurs, le modele explicatif des données BOLD peut évoluer a travers une dynamique
différente selon les régions (variabilité de la réponse impulsionnelle [HERNANDEZ et coll. 2002],
variabilité des non-linéarités [SOLTYSIK et coll. 2004]). La encore, comme nous l’avions déja
pressenti dans [c.10], certaines régions présenteront par exemple des réponses tres variables a
travers les essais successifs d’'un méme stimulus tandis que d’autres seront d’une reproductibilité
sans faille.

Pour réaliser cette sélection, nous nous placerons dans le cadre bayésien et nous envisagerons
deux approches : une off-line basée sur le calcul de cotes a posteriori ou de facteurs de BAYES

"chercheur INRIA et responsable de la jeune équipe PARIETAL & NEUROSPIN, principal investigateur des tech-
niques de parcellisations & NEUROSPIN.
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pour comparer deux modeles déja ajustés aux données, I'autre on-line, plus complexe, visant a
identifier de fagon non-supervisée le bon modele en méme temps que ses parametres.

Exemple : Choix des conditions expérimentales

Dire que seul un sous-ensemble des stimulations liées au paradigme expérimental induisent
des activations cérébrales dans une parcelle donnée revient a considérer que pour certaines valeurs
de m (e.g., condition auditive dans une parcelle P visuelle), I’ensemble des états cachés ¢ peut
satistaire : ¢* = 0, Vj € P. Dans ce cas, il apparait inutile et méme sous-optimal (principe de
parcimonie ou rasoir d’OKAM [MacK Ay 2003]) de modéliser la condition m. Outre ces aspects,
dans le formalisme de détection-estimation conjointe décrit dans ce chapitre, citons aussi le
probleme « plus technique et mécanistique » de I’échantillonnage des hyper-parametres qui en
cas d’« inactivation totale » nécessite de recourir a des hyper-a priori propres sur la moyenne et
la variance de la classe d’activation afin de ne pas risquer de dégénérescence de la vraisemblance
a posteriori. En d’autres termes, on est facilement confronté a des problemes d’identifiabilité de
parametres et d’hyper-parametres lorsque I’on ne se s’appuie pas sur le principe de parcimonie®.

C’est la raison pour laquelle il est pertinent de considérer le choix du bon nombre de condi-
tions & modéliser C' € {1, ..., M}, et a la détermination de la meilleure combinaison de condi-
tions {my, ..., m¢} € N§ une fois C fixé. Il s’agit donc d’un probleme de sélection de modele
au sein d’une famille emboitée de modeéles

M
mM=Uts ® .
c=2 M1, ..., Me
MG 2 {30m, .. me) € (N3 [¥n e fma, ... mc} 35 € N5, ¢f £ 0} (IV.15)

a savoir, quelle est la combinaison la plus vraisemblable de conditions m de dimension fixée c
compte tenu des données observées y pour ’ensemble des voxels de la parcelle P. Nous supposons
donc ici que tous les voxels de la parcelle courante répondent au méme modele défini par d
conditions {mq, ..., m¢} :

yj= >, ajX"h+Pli+b;, VV;eP (IV.16)

n=mj

Ce probleme est donc double puisqu’il s’apparente d’abord & la recherche de la dimension du
modele n, puis a I'identification du modele MY, c’est-a-dire de la meilleure combinaison possible
de conditions m de dimension c. Remarquons que Mj,, peut aussi étre défini par complémentation
a partir de (IV.15) :

M, =N\ {n € Nj; [nFm =g} =0,Vj P},

Cette formulation permet peut-étre de mieux faire ressortir le fait que tous les voxels associés a
une condition m non répertoriée dans ’ensemble ¢ du modele M, sont inactivés dans P.

Au dela d’un exemple

Ce cadre de travail de la sélection de modeles dépasse largement le seul exemple de ’exhibi-
tion des conditions expérimentales pertinentes pour la détection des activations et I’estimation de
leur dynamique. Il autorise aussi la comparaison de modeles non-linéaires et/ou non-sationaires

80n parle aussi d’overfitting dans la littérature de apprentissage statistique [SCHOLKOPF BT SMOLA 2002).
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tels que ceux proposés dans [rr.3, p.9], qui visent & appréhender des phénomenes neuronaux tels
que ’habituation a la répétition de stimuli ou comprendre la nature de la variabilité inter-essais
de la réponse hémodynamique en relachant ’hypothese de repdroductibilité a travers les essais
pour les voxels générant une activation.

Aspects algorithmiques

Dans la communauté, la problématique de sélection de modeles n’a été abordée jusqu’a
maintenant qu’au travers de l'utilisation de critéres informationnels (Akaike — AIC, BIC,DIC,
...) [AKAIKE 1974, SCHWARTZ 1978, SPEIGELHALTER et coll. 2002, WOOLRICH et coll. 2004],
dont on connait les limites, ou par le biais de comparaisons d’évidence de modeles calculées
a l'aide de distances de KULLBACK et d’approximations du type Variational Bayes [BEAL 2003,
PENNY et coll. 2003, PENNY et coll. 2004]. Toutefois, dans le formalisme DEC, la bilinéarité
du modele (IV.16) rend plus imprécises les techniques d’approximation variationnelle. En effet,
la bilinéarité rend impossible I'intégration analytique conjointe vis-a-vis des effets BOLD et de
la réponse impulsionnelle. La seule facon de contourner cette diffculté consiste a supposer une
indépendance conditionnelle a posteriori de la taille et de la forme des effets, ce qui peut sembler
irréaliste d’un point de vue physiologique.

Récemment, une technique de sélection du nombre de conditions par comparaison
de fonctions de vraisemblance estimées par échantillonnage pondéré, a été proposée
dans [DONNET et coll. 2006] : par rapport aux deux approches envisagées, il s’agit d’'une méthode
off-line. Bien que séduisante, cette approche souffre d’une limitation intrinseque, qu’on pour-
rait qualifier d’« instabilité par emboitement ». En effet, il n’est pas exclu dans ce type de
méthodes que lorsque la dimension de la famille de modeéles évolue (passage de ¢ & ¢ + 1), des
conditions différentes soient sélectionnées. Pour gérer ce types de difficultés, les approches de
type Monte Carlo par chaines de Markov (MCMC) a sauts réversibles constituent un outil d’in-
vestigation de choix [GREEN 1995, ANDRIEU ET DOUCET 1999, RICHARDSON ET GREEN 1997,
ROBERT et coll. 2000, GrEEN ET RI1CHARDSON 2002] dans la mesure ou elles fournissent les
éléments pour naviguer a travers des modeles de dimension différente tout en expliquant par des
processus bien définis les mécanismes d’apparition, de suppression ou d’échanges de conditions
au sein du modele. Toutefois, la convergence de ces algorithmes dépend fortement du bon choix
de lois de proposition permettant d’explorer au mieux l'espace constitué des différents modeles,
comme illustré dans [BROOKS et coll. 2003].

IV.6.4 Analyses a effets mixtes

A court terme, nous souhaitons dépasser le cadre des analyses a effets aléatoires classiques
pour nous concentrer sur des analyses a effets mixtes afin de prendre également en compte I’'in-
certitude sur les effets estimés. L’idée que 'on souhaite tester est d’évaluer le gain réalisé sur
Pestimation de cette incertitude en passant d’une analyse intra-sujet par MLG a une analyse
de type detection-estimation conjointe ot 'on autorise une variabilité régionale de la fonction
de réponse hémodynamique. Evidemment, on s’attend a gagner en sensibilité chez des popu-
lations ou l'on sait clairement que la forme du filtre hémodynamique s’écarte de la version
canonique, que ce soit chez des bébés ou des populations de malades, par exemple atteints
d’épilepsie [RQ%AR, et coll. 2003, GOTMAN et coll. 2004, JACOBS et coll. 2008].

En effet, nous avons vu en Section V.4 que les analyses a effets aléatoires considerent 1’es-
timation des effets BOLD comme parfaite en ce sens que la variance de 'estimateur des effets cfs
au niveau de chaque individu est négligée. Dans les analyses a effets mixtes, il s’agit toujours
d’établir une inférence sur le parametre global de la population, par exemple la moyenne ou la
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médiane a partir des effets estimés mais en tenant compte du caractere imparfait et potentielle-
ment inhomogene a travers les sujets de 'estimation. Il est en effet courant, pour des questions de
mouvement par exemple, que ’effet mesuré chez certains sujets soit beaucoup plus incertain que
chez d’autres. Classiquement dans ce cadre [WOOLRICH et coll. 2004, ROCHE et coll. 2007], le
parametre inconnu est relié aux observations par le modele hiérarchique linéaire a deux niveaux
suivant :

Premier niveau intra-sujet

Pour chaque sujet, le contraste d’effets estimés d est relié au vrai contraste inconnu recherché
a travers un modele linéaire conditionnellement gaussien :

1 _ (ds—ds)?

= e 2rs Iv.17
\V2mrg ( )

Vs, c@]ds ~ gS(JS)

De fagon équivalente, cela revient a écrire JS = ds + €5, OU &4 est un bruit blanc gaussien
indépendant de d; de variance r;. Le bruit est dit homoscédastique lorsque r, est constant a
travers les sujets et hétéroscédastique sinon. En pratique, s est estimée a partir des résidus
du MLG dans le cas d’une estimation classique (cf. Section IV.2) ou au sens de la moyenne
a posteriori si 'on adopte le formalisme DEC présenté en Section [V.3. Dans le premier
cas, le modele gaussien néglige la précision d’estimation sur rs ou de fagon équivalente as-
signe un nombre de degrés de liberté infini & chaque sujet. Dans le second, cette contrainte
peut étre relachée, puisque la variance est probabilisée et son estimateur bayésien est dispo-
nible. Dans la littérature classique du domaine, certains auteurs recommandent de remettre
en cause l'hypothese d’un bruit gaussien et considerent par exemple une distribution de
Student [WooLRICH et coll. 2004, FrisTON et coll. 2005]. Toutefois, cette hypothese induit un
cout de calcul beaucoup plus élevé. Par ailleurs, le fait de supposer un bruit gaussien ne conta-
mine pas la spécificité du test lorsque celui-ci est calibré par permutations ; le seul impact porte
sur sa sensibilité.

Second niveau inter-sujet

La distribution des vrais effets dans la population est modélisée comme une distribution f €
F, ou F est une famille :

Vs,  ds~ f(ds) (IV.18)

Les premiers travaux menés en neuro-imagerie sur les analyses a effets mixtes ont restreint

F a la famille paramétrique gaussienne [WORSLEY et coll. 2002, BECKMANN et coll. 2003,

MERIAUX et coll. 2006]. Sous Dlangle des modeles linéaires hiérarchiques, cela correspond &
définir au niveau inter-sujet la relation

dy =dg +es avec €5~ N(0,08) (IV.19)

ds|dg ~ f = N(dg,0d). (IV.20)

Identifier f revient donc a estimer les parametres (dg, 0% ) de cette distribution.

En intégrant les vrais effets ds hors du probleme, on voit que chaque observation cfs a pour
densité de probabilité ps; qui s’écrit

ps(dy, 7y | dg) = / 95(d, 7 | ds) F(ds | de) dds
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qui tient compte de la variabilité composite resultant a la fois des composantes de variance
intra- et inter-sujets. Cela prouve que les observations ne sont pas identiquement distribuées
a moins que le bruit soit effectivement homoscédastique, comme c’est le cas dans une ana-
lyse de groupe standard s’appuyant sur la statistique ¢ de Student. Le modele hiérarchique
peut alors se résumer a travers sa fonction de vraisemblance qui, sous des hypothéses usuelles
d’échantillonnage indépendant s’écrit :

S

s=1

Ici La distribution gaussienne f peut étre estimée au sens du maximum de vraisemblance
comme celle maximisant L(f) dans (IV.21) sur l'espace F des densités admissibles. Dans le
cas d'une famille des distributions gaussiennes, 1'algorithme EM (FEzpectation Mazimization)
proposé dans [MERIAUX et coll. 2006] permet de converger vers un point stationnaire de la vrai-
semblance L(f).

Les travaux récents menés au laboratoire par Alexis ROCHE ont permis d’élargir la recherche
de f aux distributions non-paramétriques c’est-a-dire ot F est I’espace de dimension infinie des
densités de probabilités sur R.

Les effets mixtes dans un cadre non-paramétrique

Dans le cas non-paramétrique, [LINDSAY 1983] a montré que la solution s’écrit comme un
mélange d’au plus S masses de Dirac, et sa recherche consiste a explorer un espace de dimension
finie :

S
fd) = wd(d - z), (IV.22)
s=1

ou les poids positifs ws du mélange sont inconnus et satisfont une contrainte unitaire ) ws =
1, et ou les points supports zs sont également a identifier. Bien sur, la solution peut avoir
un nombre de composantes strictement inférieur a S si certains points supports zg coincident
ou si certains poids ws s’annulent. Ce théoreme de représentation généralise la propriété bien
connue et centrale pour les méthodes de vraisemblance non-paramétrique que la solution du
maximum de vraisemblance sous des observations exactes est fournie par la fameuse distribution
empirique [OWEN 2001] :

F(d) = % S 6(d— dy), (IV.23)

qui correspond a des poids uniformes, i.e., Vs ws = 1/5, et a des points supports localisés sur
les observations. Puisqu’aucune expression explicite n’est disponible dans le cas d’observations
entachées d’erreur, i.e., dans le cas des effets mixtes, Alexis ROCHE a développé une version d’un
algorithme EM [RocHE et coll. 2007] permettant de déterminer un couple solution (w, z). Cette
solution n’est rien d’autre qu’'un maximum local de la vraisemblance, cette dernieére pouvant
s’avérer multimodale dans le contexte ou la variabilité inter-sujet est dominée par la variabilité
intra-sujet. Il peut alors devenir intéressant de recourir a des extensions stochastiques de ’'EM
telles que le SAEM [DELYON et coll. 1999, KunN BT LAVIELLE 2004] ou d’autres approches par
simulation — éventuellement tempérée — afin de rechercher le maximum global de la vraisem-
blance. C’est I'approche préconisée dans [[XELLER et coll. 2008] en sus de la prise en compte
d’une incertitude sur la localisation spatiale de ’effet BOLD liée aux erreurs de normalisation.
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En outre, la recherche de f est un probleme classique dans le cadre des statistiques
bayésiennes non-paramétriques. Nous souhaitons a I'avenir I’aborder dans ce cadre avec Alexis
ROCHE et Merlin KELLER, par exemple a l’aide des processus de DIRICHLET et de PITMAN-Y OR,
qui constituent des outils de choix pour définir un modele a priori sur un objet de type densité
de probabilité [FERGUSON 1973, ESCOBAR ET WEST 1995, ISHWARAN ET JAMES 2001].
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CHAPITRE V

ANALYSE EXPLORATOIRE MULTIFRACTALE DES
DONNEES D’IRMf

Alors que les analyses classiques — orientées modéle — en IRMf s’appuient sur une prise en
compte explicite du paradigme expérimental pour localiser 'activité cérébrale induite par la sti-
mulation, les approches exploratoires visent & extraire des tendances expliquant les fluctuations
des signaux mesurés pour en dégager des composantes intelligibles et explicables a posteriori.
Dans la plupart des cas, ces tendances sont extraites sur la base d’indices reproductibles, no-
tamment spatialement, on parle alors de méthodes multivariées (e.g., analyse en composantes
principales ou indépendantes, ...). Ici, on s’intéresse plutét a une alternative mettant en corres-
pondance de facon univariée des signaux acquis soit au repos soit lors d’un protocole d’activation.
Il s’agit ainsi d’interpréter 'activité évoquée au regard de Iactivité spontanée, sans spécifier la
nature du lien entre ces signaux. Il devient alors intéressant de dépasser la recherche d’une re-
lation linéaire et stationnaire entre ces différents types d’activité. Répondre a cette question
nous oriente vers le type de méthodes & mettre en ceuvre, en prémice d’ailleurs a de futures
investigations sur les relations spatiales pouvant sous-tendre cette mise en correspondance. Ces
méthodes doivent en effet mettre en exergue des variations locales du signal BOLD présentant
par exemple des non-stationnarités ou reflétant un phénomene d’invariance d’échelle’.

Ce chapitre dévoile quelques travaux que j’ai menés en collaboration avec Patrice ABRY
et Herwig WENDT de I’équipe SISYPHE de I'ENS de Lyon, sur l'utilisation des méthodes
exploratoires univariées dites d’analyse multifractale en vue de mieux comprendre de fagon
non-supervisée les modifications trajectorielles liées a 'activation cérébrale. L’obtention de
premiers résultats dans ce domaine sur des séries temporelles suffisamment longues’ pour
obtenir des résultats robustes sur le plan statistique, ouvre des perspectives de recherche
intéressantes (études de connectivité fonctionnelle, ...) pour la compréhension du lien entre
I’'activité de fond et I'activité évoquée par la stimulation. Ce travail a donné lieu & un article de
conférence internationale [c.16] et & un article rejeté en 2006 lors d’une soumission & la revue
Neurolmage [s.1]. La version revue et corrigée présentée ici a été soumise au numéro spécial de
IEEE Special Topics on Signal Processing dédié a I'imagerie cérébrale le 15 mars 2008.

V.1 Motivation : scaling in FMRI?

While classical data analysis procedures in functional Magnetic Resonance Imaging (fMRI)
rely on a model of the expected BOLD (Blood oxygen Level Dependent) response for localizing
evoked activity i.e., specific brain regions involved in the performance of cognitive or behavioral

L’invariance d’échelle se traduit par la persistance ou la rémanence d’un phénomeéne & travers toute une
gamme d’échelles au sein d’une analyse multi-résolution.
Zacquises au moyen d’une séquence EVI parallele localisée développée par Cécile RABRAIT au cours de sa thése.
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tasks, exploratory analysis aims at finding significant components in the data that explain most
of the fluctuations in a model-free manner. A post-hoc classification of these components is
often used to discriminate physiological trends related for instance to cardiac beat or breathing
rate from stimulus-induced (i.e. evoked) activity. In most cases, one is interested in extracting
spatial components using multivariate methods like Principal or Independent Components Ana-
lysis techniques [McKEOwWN 2000, CALHOUN et coll. 2001, BECKMANN ET SMITH 2004]. In the
present work, we rather concentrate on a univariate model-free framework which is able to clearly
disentangle true scaling behaviors from non-stationary trends superimposed to the BOLD signal
irrespective of the presence of an external stimulation (resting state or evoked activity).

The presence of scale invariance in fMRI data has been considered as confound or noise
for a long time. Indeed, fMRI time series are known to have a colored noise structure, the
majority of which occurs at low frequency. Preliminary evidence that fMRI time series have
long memory in time or 1/f spectral properties has been demonstrated on “resting state”
motion-corrected datasets [ZARAHN et coll. 1997, BULLMORE et coll. 2004]. Previous studies
have shown that head movement is a common source of long memory noise caused by slow
rotation or translation of the subject’s head through an imperfectly homogeneous magnetic
field [BIRN et coll. 1998, BIRN et coll. 1999, DIEDRICHSEN ET SHADMEHR 2005]. Physiological
factors such as cardiac beat or breathing cycle may also contribute to this scaling phenome-
non since they may contaminate the BOLD signal with properties depending on the sam-
pling period of data (i.e., short/long time of repetition (TR)) [PURDON ET WEISSKOFF 1998,
Frank et coll. 2001, Krucer BT GLOVER 2001]. Early investigations therefore considered
these space-varying low frequency components as noise, which are responsible for potential non
stationarities [BULLMORE et coll. 2001, MevERr 2003, LONG et coll. 2005]. Hence, to fulfill the
assumptions underlying the classical model-based localization techniques of brain activaty, most
neuropsychologists resort to high-pass filtering to remove these trends. Interestingly, in the last
few years, the Generalized Linear Model estimation method has been extended to account for
1/f (or fractional Gaussian) noise using wavelet decomposition [FADILI ET BULLMORE 2002].
More recently, it has been demonstrated that a Bayesian approach incorporating nonstatio-
nary noise models outperforms the classical GLM-based techniques in terms of activation detec-
tion [HUAIEN ET PUTHUSSERYPADY 2007]. The latter actually loses crucial dynamic features in
the data.

Other authors have pointed out that the BOLD signal itself contains power at vir-
tually all frequencies, notably in randomized event-related designs [BUROCK et coll. 1998].
Interestingly, recent studies have reported that low-frequency spatial fluctuations in corti-
cal BOLD signals may be indicative of synchronized long memory neuronal oscillations ra-
ther than merely noise [LEOPOLD et coll. 2003, THURNER et coll. 2003, Maxin et coll. 2005].
Concomitantly, greater persistence during brain activation has been found in normal sub-
jects in [THURNER et coll. 2003]. This confirms that high-pass filtering may potentially re-
move parts of the signal of interest. Also, higher predictability summarized in terms of sca-
ling exponent has been reported in patients with Alzheimer disease or with major depres-
sive disorder, especially in brain regions implicated in the early stages of the degeneracy pro-
cess [MAXIM et coll. 2005, LINKENKAER-HANSEN et coll. 2005].

Inspired by the connection between 1/f and long range dependence, several groups have
argued that the analysis of fMRI time se-
ries should be performed in the wavelet domain [FADILI ET BULLMORE 2002, MevER 2003,
BULLMORE et coll. 2004, MAXIM et coll. 2005, HUAIEN ET PUTHUSSERYPADY 2007]. Then, a
first attempt to identify stimulus-induced signal changes from scaling parameters has been
proposed in [THURNER et coll. 2003, Suimizu et coll. 2004]. These authors have developed
voxel-based fluctuation analysis (FA) and wavelet multiresolution analysis (e.g., the wavelet
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transform modulus maxima method [ARNEODO et coll. 1993, Muzy et coll. 1993]), respecti-
vely to high temporal resolution fMRI data. Interestingly, they have shown that the frac-
tal feature of voxel time series can be utilized to separate active and inactive brain re-
gions [THURNER et coll. 2003, Suivizu et coll. 2004]. Also, to decide whether fractal analysis
can help distinguish motion artifacts from true BOLD responses, complementary analyses have
been conducted in [LEE et coll. 2005]. They are based on detrended fluctuation analysis (DFA)
and conclude that DFA succeeds in distinguishing among three types of voxels, noise, mo-
tion artifacts, and true BOLD responses when classical FA fails to robustly recognize which
active regions in the brain are truly involved in certain tasks. However, it has been argued
in [TorrEs BT ABRy 2003] that wavelet tools perform better than DFA. Therefore, in the
present contribution, we describe a new type of voxel-based scaling analysis based on two concep-
tual changes : First, mono-parameter self-similar (or long memory) models are replaced with
multiple parameter multifractal ones; Second, standard multiresolution quantities such as in-
crements or (discrete or continuous) wavelet coefficients are abandoned to the benefit of wavelet
Leaders, new multiresolution quantities bringing significant robustness and gain in estimation
performance.

The goals and contributions of the present paper are of different natures. First, we in-
tend to give a brief yet precise and tutorial introduction to the concepts tied to scale in-
variance : Intuitions and definitions, stochastic models (1/f, long range dependent, self-
similar and multifractal processes) and relations between them, introduction to the most
up-to-date and efficient techniques to perform an actual multifractal analysis on real fMRI
data. Instead of the commonly used continuous wavelet transform coefficients based ap-
proach [ARNEODO et coll. 2002], we favor the use of new multiresolution quantities, i.e., the
wavelet Leaders [JArrARD 2004], based on a discrete wavelet transform and which were recently
introduced in the literature and shown to bring significant improvements to both theoretical
and empirical multifractal analysis. Also, instead of the classical structure function based proce-
dures [ABRY et coll. 2000, ARNEODO et coll. 2002], we elaborate on the use of multifractal (MF)
attributes estimated from the logarithm of the wavelet Leaders. These theoretical elements are
introduced in Section V.2. Second, we apply this scaling analysis to a recently proposed kind
of BOLD fMRI data acquired during a 3D parallel localized Echo Volumar Imaging (EVI) se-
quence. This is described in Section V.3. Our goal is to analyze whether such data collected
during resting state and under a slow event-related visual protocol do possess scaling or not and
what their nature is (self-similarity or multifractal). Results are reported in Section V.4.1. It is
shown that this log-cumulant wavelet-leader based approach enables us to bring evidence for the
existence of scaling in fMRI time series for both kinds of data and to characterize their nature.
Also, we illustrate that such scaling cannot be confused with putative non stationary trends
superimposed to data. A set of statistical tests enable us to conclude that activation induces a
clear and systematic increase of the long memory parameter with a (less strong and systematic)
decrease in multifractality. This is discussed in Section V.5.

V.2 Scaling and multifractal : theory

V.2.1 Scale invariance (or scaling)

The concept of scale invariance, or scaling, refers to systems or signals for which no scale of
time (or space) can be singled out or identified as playing a characteristic role. Equivalently, it
amounts to saying that all scales are of equal importance. Historically, scale invariance had been
tied to 1/f 2nd-order stationary stochastic processes. Let X denote the signal under analysis,
and T’ x (f, tr) any standard spectrum estimation procedure, such as Welch estimator or such as
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average over sliding time windows (centered around times t;) of the square (¢ = 2) of smoothed
periodograms : Scale invariance is associated to a power law behavior of the spectrum estimate
with respect to a wide range of frequencies, f € [fm, ful, far/fm >> 1

S Bxlfot) = CUT, >0 (v.1)
k=1

However, it is now well established (eg., [ABRY et coll. 1995, ABRry et coll. 2000]) that 1/f-
processes and standard spectral estimation have limited capacities both for modeling and ana-
lyzing scaling. For instance, the power law behavior of the spectrum cannot simultaneously
hold in both limits (|f| — 0 and |f| — +o00) and a 1/f spectrum constitutes only a rough
definition for a class of models. Therefore, it is now commonly admitted that scale invariance
can fruitfully be modeled with self-similar [SAMORODNITSKY ET TAQQU 1994] and/or multi-
fractal processes [R1EDI 2003]. Along the same line, standard spectral analysis tools provide
the practitioners with poor estimates of the scaling exponent . They also turn out to en-
counter severe limitations in enabling to distinguish between true power law spectral behavior
and low frequency (or slow) non stationarities, trends or drifts that may also exist in data.
More specifically, in the context of fMRI, low frequency drifts have been measured in phantoms
and cadavers [SMITH et coll. 1999]. It has also been observed that high frequency physiological
components can be aliased in low frequencies. Therefore, it has often been thought that the
scaling properties that are observed in data actually only correspond to artifacts caused by non
stationary behaviors. Hence, wavelet transforms are nowadays used as tools providing relevant
analysis of scaling properties with robustness against non stationarity. This has been detailed in
e.g. [ABRY et coll. 1995, ABRY ET VEITCH 1998, VEITCH ET ABRY 1999, ABRY et coll. 2000,
VEITCH ET ABRY 2001, ABRY et coll. 2002].

Such new models (self-similarity and multifractality) and analysis techniques (wavelets) im-
ply two major changes in paradigms : First, the definition of scaling involves a whole range
of (positive, negative and fractional) statistical orders ¢, and no longer only the second order
(¢ = 2); Second, standard spectral estimates I x(f,tx) are replaced with multiresolution quan-
tities, labeled T'x (a, t), i.e., quantities describing the content of X around a time position ¢, and
a scale a. Qualitatively, the analysis scale a acts as the inverse of a frequency : a ~ fo/f (fo
being a constant that depends on the details of the definition of T'x(a,t)). Standard examples
for T'x (a,t) are given by wavelet, increment or box-aggregated coefficients. Therefore, scale in-
variance is now commonly and operationally defined as the power law behaviors of the (time
average of the g—th power of the) T'x (a, t), with respect to the analysis scale a, for a given (large)
range of scales a € [an,, apn], apr/am >> 1 :

1 &
— 3" Tx(a,k)|? = cqat?. (V.2)

Na 1.5

The ((q) are referred to as the scaling exponents and their estimation is often the major goal in
scaling analysis. The estimated exponents are in turns used for data identification or classifica-
tion.

Let us now introduce wavelet coefficients and Leaders, self-similar and multifractal processes
seen as stochastic models for scale invariance together with scaling and multifractal analysis
procedures.
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FiG. V.1 — Definition of Wavelet Leaders.

V.2.2 Multiresolution quantities
Wavelet coefficients

Let 1o (t) denote the mother-wavelet : an elementary function, characterized by a fast expo-
nential decay and a strictly positive integer N > 1, the number of vanishing moments, defined
asVk=0,1,...,.N -1, [ thapo(t)dt = 0 and = tNapo(t)dt # 0. The mother-wavelet is moreover
chosen such that the collection of templates of 1y dilated to scales 27 and translated to time
positions 27k, {1, x(t) = 2794(277t — k), j € Z,k € Z}, forms an orthonormal basis of L*(R).
The discrete wavelet transform (DWT) of X is defined through its coefficients :

dx(j, k) = /R X(t) 2794(277t — k) dt. (V.3)

Note the choice of the L'-norm (as opposed to the more common L?-norm choice) that better
matches scaling analysis. For further details on wavelet transforms, the reader is referred to
e.g., [MALLAT 1998].

Wavelet Leaders

Let us further assume that ¢(¢) has compact time support and define dyadic intervals as
A= Xjx = [k27,(k+1)27). Also, let 3\ denote the union of the interval A with its 2 adjacent
dyadic intervals : 3A = Aj 1 U Aj U Ajgq1. Following [JAFFARD 2004], we define the wavelet
Leaders by :

Lx(j,k) =Ly = sup |dx|. (V.4)
AN C3A

Fig. V.1 illustrates this definition.

Structure functions

For fixed scales a = 2/, the time averages of (the g-th powers of) the dx(j,k) (resp., the
Lx(j,k)) are referred to as the structure functions (with n; the number of dx(j,k) or Lx(j, k)
available at scale 27). For convenience, in the remainder of the text, all quantities based on the
dx(j,k) (vesp., the Lx(j,k)) are labeled with superscript ¢ (resp., ©) :

§'G.0) = 13" lx G bl v3)
J k=1

S Go) = 13 L.k V)
J k=1
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V.2.3 Scaling models : Long range dependence, Self-similarity, Multifracta-
lity

Long range dependence (LRD)

As mentioned in Section V.1, the oldest intuition associated to scaling or scale invariance
traces back to 1/f-processes, i.e., to (second-order) stationary processes Y whose spectrum
behaves, for some (wide) range of frequencies, as,

Iy (f) = ClA™7 (V.7)

with v > 0. In the particular case where the power law behavior holds in the limit f — 0 and
for 0 < v < 1, the process Y is said to be long range dependent or to possess long memory
[SAMORODNITSKY ET TAQQU 1994]. The wavelet coefficients dy (j,k) of Y are related to its
spectrum via

VEldy () = [ Ty (D% DS, (V.8)

where U denotes the Fourier transform of ¢g [ABRY et coll. 2000]. For LRD processes, it implies
the following asymptotic power law behavior of the square wavelet coefficients :

21E|dy (j, k)|* = 2/ESy (§, 2) ~ Cyp277, 27 — +oc. (V.9)

Self-similarity (SS)

Long range dependence involves only the description of the statistical second-order (¢ = 2)
of data. Self-similar processes provide us with a better mathematically grounded framework to

model scale invariance. A process X is said to be self similar when it satisfies Ve > 0, {X(¢),t €

R} [ {cHX(t/c),t € R}, where 1 eans equality of all finite dimensional distributions

[SAMORODNITSKY ET TAQQU 1994]. For finite variance and stationary increment self similar
processes (of interest here and denoted H —sssi), the self similarity parameter H is restricted to
H € (0,1), and one can show that [ABRY et coll. 2000, JAFFARD et coll. 2006] :

ES4(j,q) = C,29% v 23 g € (—1,400), (V.10)
ES(j,q) = C4219" V27 q € (—00,+00). (V.11)

When 1/2 < H < 1, the increments Y of X are LRD, with v = 2H — 1. This is why SS and
LRD properties are often confused one with the other. Note, however, that Y is stationary when
X is not and that LRD involves only the second statistical order and the limit of coarse scales
(a =27 — +00) when SS implies all orders and all scales, from finest to coarsest (0 < a = 27 <
+00).

Self-similarity consists of a demanding model with respect to empirical data as it requires
first, that the scaling property holds for all scales and second, that the single parameter H
controls all the statistical properties (i.e., for all ¢) of the data. From a practical perspective,
this is often too severe a limitation and multifractal models are preferred.

Multifractality

Multifractal (MF) processes are often considered as a further extension to model scale inva-
riance since they reproduce a form of scaling often observed on empirical data : for some orders

20 juin 2008



V.2 Scaling and multifractal : theory 99

g and a range of scales 27, the structure functions of MF processes exhibit power law behaviors
with respect to scales, of the form [JAFFARD et coll. 20006] :

S4(4,q) = C;leC(q)7 for a range of 27, q € [0, g.+], (V.12)
SE(j,q) = CqLQjC(q), for a range of 27, q € [q; , g« +], (V.13)

where the ((q) depart from a linear behavior ¢H, the signature of self-similarity. This, hence,
offers versatility in actual data modeling. Multifractal scaling theoretically only hold in the limit
of the finest scales and are necessarily bounded by a coarse scale.

V.2.4 Multifractal theory

Let us now detail multifractal analysis theory.

Holder Exponent and Singularity Spectrum

Multifractality is related to the irregular behavior of the sample path of X. Its regularity is
commonly studied via Holder exponents, defined in ¢y as :

h(to) = sup{a: X € C%(tg)}, for >0
such that in a neighbourhood of t :
|X(t) — P(t — t0)| < C|t - to’a

with C' > 0 and the polynomial P satisfying deg(P) < «a. A simple example is provided by
the cusp-type function X (t) = A + BJ|t — to|", for which h(tg) = h when h is not even. The
fluctuations, along time ¢, of the Holder exponent h are usually described through the singularity
(or multifractal) spectrum, labelled D(h) and defined as the Hausdorff dimension of the set of
points where the Holder exponent takes the value h. For details and a complete introduction to
MF analysis, the reader is referred to e.g., [JAFrARD 2004, Riep1 2003].

Wavelet Leader Multifractal formalism

A key practical issue consists in obtaining D(h) from a single observation of finite duration.
This is the goal of the MF formalism. Wavelet Leaders have been shown to exactly reproduce
the Holder exponent of X at tg, insofar as Lx (j, k) ~ C29h(t0) for 29 — 0 and for j, k such that
277k = to [JarrARD 2004]. This theoretical result fully justifies Eqs. (V.12) and (V.13) above
and also connects ((¢) and D(h) via the Legendre transform D(h) = inf,.o (1 + gh — ((q)).
This equality is referred to as the Wavelet Leader Multifractal formalism (WLMF). The full
structure function based MF analysis procedure is detailed e.g., in [JAFFARD et coll. 2006]. An
example of the resulting estimations for ((q) and D(h) (detailed below) is reported in Fig. V.7
for a representative voxel.

Log-Cumulant

An alternative analysis has been proposed and developed in [CASTAING et coll. 1993,
ARNEODO et coll. 2002], we extend it here to wavelet Leaders. For a large subclass of MF pro-
cesses, Eq. (V.13) is equivalent to E|Lx(j,)|? = F,[2/|°(?, which can be straightforwardly
rewritten as
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0L (o Sad N ;
In Ee? ™ 1Ex ()] = ZIOL(j,p)H =InF, +((q)In27, (V.14)
p:

where C*(j,p) stands for the cumulant of order p > 1 of the random variable In |Lx (j,-)|. This
immediately yields that the coefficients C*(j, p) have to be of the form :

Vp>1,C"(j,p) = cfp + ¢y In 2 (V.15)
and thus that :
w1 ?
((g) = Zcpa- (V.16)
p=1

This shows that the knowledge of ((¢q) and hence of D(h) can be rephrased by that of the

log-cumulants cﬁ. This is of practical interest as monofractal processes or self-similar processes
would be characterized by Vp > 2 : c]f =0 (or cg = 0), while for multifractal processes of
interest cZ # 0 (or ¢4 # 0). For the multifractal case, when time series are short as in fMRI,
cl, ¢l gathers most of the information practically available from D(h) or ((q) : ¢I characterizes
the location of the maximum of D(h), while ¢} is related to its width. In the systematic analysis
of the voxels reported below, we will therefore concentrate on these parameters and thus of
approximations of the multifractal characterization of the forms : ((q) ~ cfq + c£¢?/2 and
D(h) ~1— (h—cF)?/(2ck).

V.2.5 Practical scaling or multifractal analysis

Let us first emphasize that multifractal analysis can be applied to any kind of data or
processes, be they multifractal or not, just as Fourier analysis can be applied to any signal be
they pure harmonic tones or not. Practical multifractal analysis conducted on empirical data
mostly consists of tracking straight lines in logy 27 vs. logy S%(j,q) (logy ST (j, q), respectively)
plots, referred to as logscale diagrams (LD) (Leader logscale diagrams, (LLD), respectively) and
of estimating the corresponding slopes. This is detailed below.

Linear regressions

Practical scaling analysis or empirical MF analysis mostly amounts to measuring the scaling
exponents ((q), or equivalently the log-cumulants c,, from the observed data. Essentially, analysis
and estimation procedures consist in tracking straight lines and estimating slopes in log-log plots,
as suggested by Eqgs. (V.13) or (V.15) above.

From n; wavelet coefficients dx (j, k), wavelet Leaders are computed (according to Eq. (V.4)).

Then, standard estimation procedures are used to obtain the estimates SZ(j,q) and CL(j, p).
From these, the corresponding ¢¥(q) and c}% can then be estimated by linear regression (cf. Eq.

(V.15)),

J2
¢Ha) = wjlogy SE(4,9), (V.17)
J=J1
J2 A
el =logye > w;CL(j,p). (V.18)
J=j
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Weights

The weights w; have to satisfy the constraints Eﬁ Jw; = 1 and ng w; = 0 and can be

expressed as w; = bflv‘o/({ﬁ;ié&lz with V; = Zﬁ jibjfl, i =0:2. As in [ABRY et coll. 2000], we

chose bj=n; ! to perform weighted linear fits.

V.2.6 Wavelet coefficients versus Leaders

The estimation procedures can be rewritten directly using the absolute value of the wavelet
coefficients |dx (j, k)| instead of Leaders Lx (4, k), yielding mutatis mutandis the estimates (%(q),
¢L(p). This is referred to as the Wavelet Coefficient Multifractal formalism (WCMF).

Until a recent past, this WCMF was the only MF formalism available. However, it suffers
from two major drawbacks. First, structure functions S%(j, ¢) can obviously not be used for ¢ < 0.
Coefficients dx (j, k) hence do not probe the entire multifractal spectrum of X (the largest Holder
exponents are beyond analysis). Second, coefficients dx (j, k) reproduce the Holder exponents
only for subclasses of MF processes. It has been shown that wavelet Leaders Lx(j, k) efficiently
solve these two issues : They accurately measure the entire multifractal spectrum for all MF
processes and should hence be preferred (see [JAFFARD 2004, JAFFARD et coll. 2006] for details
and proofs). It has also been recently observed that Leader based estimation procedures have
far better statistical performance than those based on coefficients [WENDT et coll. 20006].

An earlier
solution to the negative ¢ issue had been proposed (see e.g., [ARNEODO et coll. 2002]). It is
based on the Modulus Maxima of the CWT. However, wavelet Leaders provide us with a better
mathematically grounded solution, exhibit a far lower computational cost and can be readily
extended to processes of higher dimensions (to images for instance).

V.3 Data acquisition

V.3.1 Why do we use EVI fMRI datasets ?

Irrespective of the retained approach, analysis of scaling behavior implies long enough signals.
In [Suivizu et coll. 2004], the authors tested their MF analysis on Echo Planar Imaging (EPI)
fMRI data, which temporal resolution was decreased down to 200ms for partial brain volume
acquisition to get up to 1500 time points. Here, we resort to a new imaging technique called
parallel localized EVI, recently validated on the human brain [c.13, a.12]. This imaging procedure
offers a very high temporal resolution (one volume every 200ms) and thus enables acquisition of
a larger number of brain volumes (not only a single slice) in a standard acquisition period (here
2210 scans). This offers the possibility to perform reliable scaling analyses. The present study
therefore aims at exploring the benefit of this new leader based MF analysis in combination with
EVI brain images, which are highly resolved in time, as described in the next part.

V.3.2 Echo-Volumar Imaging technique

The principle of EVT has been introduced in [MansrieLD 1977]. Faster than EPI, EVI allows
3D single-shot acquisition at very high scanning rates. Nevertheless, this acquisition technique
requires very high performances from the MR hardware in order to avoid signal losses and geo-
metric distortions due to By inhomogeneities and long echo train durations. Thus, only a few
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attempts at using EVI in fMRI have been performed until now, focusing mainly on very aniso-
tropic brain volumes [MANSFIELD et coll. 1995, ZwaAG et coll. 2006]. Due to improved gradient
hardware and magnet homogeneity, and especially to the application of parallel acquisition and
reconstruction, we demonstrated the feasibility of acquiring large, isotropic, brain volumes with
EVI, at usual fMRI spatial resolution, in about 200 ms [a.12]. Localized Parallel EVI relies on
the use of outer volume suppression pulses and parallel acquisition with undersampling by a
factor of 2 along two directions, in order to reduce the echo train durations by a factor of 4,
as described in Fig. V.2. Consequently, a 120 x 120 x 144mm? brain volume can be acquired in
200 ms, with a distortion level comparable to EPI. Parallel reconstruction was performed using
an in-house-developed multidimensional SENSE algorithm, which requires one sensitivity map
for each acquisition channel. In order to improve signal stability in the reconstructed time series,
parallel reconstruction was regularized, as pioneered in [LiN et coll. 2005, RiBEs et coll. 2007].
Tikhonov weighting was applied, with a regularization condition minimizing the magnitude of
the MR signal in the reconstructed volumes, as proposed in [KING 2001]. The relative impor-
tance of the regularization term was modulated by a regularization parameter A2, empirically
set.

All experiments were performed on a 1,5 T GEHC scanner (40 mT/m, 150T/m/s slew rate
gradient, 8 channel head coil array). EVI acquisitions have been performed using the following
parameters : orientation= sagittal plane, TE/TR = 40/200 ms, flip angle (FA) = 35°, BW = 62.5
kHz, FOV = 80x80x 100 mm?, acquired /reconstructed matrices = 20x10x10/20x20x 20, echo
train duration = 60.5 ms. Sensitivity maps : sagittal plane, TE/TR = 10/500 ms, FA = 30°,
BW = 62.5 kHz, FOV = 240x240x100 mm?, matrix 60x60x20. A high resolution T1-weighted
3D volume was also acquired for each subject for anatomical localization (256x256x128 matrix,
voxel size = 0.9x0.9x 1.2 mm?) as shown in Fig. V.2(b)-(c).

V.3.3 fMRI data analysis

For ease of interpretation and validation, we implemented a classical slow event-related fMRI
paradigm which studies occipital responses to presentation of alternative contrast checkerboard.

The five healthy subjects gave their written informed consent and this study was approved
by a local ethical committee for biomedical research. Two sessions of a slow visual event-related
paradigm were acquired for each subject. The stimulus was a black and white contrast reversing
checkerboard with a 20-ms period, which appears during 80 ms, followed by a 24.67-ms rest
period (ISI = 24.75 s). One session consisted of 20 trials of the stimulus. All series were corrected
for subject motion with SPM2 (www.fil.ion.ucl.ac.uk). No spatial smoothing was performed.
Response magnitudes for each voxel were estimated using a general linear model with a canonical
Hemodynamic Response Function (HRF) and its first derivative as regressors. A Fisher (F) test
was performed to assess significance. 3D superimpositions with anatomical data were obtained
with Anatomist (http://brainvisa.info) as shown in Fig. V.2(b). For illustrative purpose, we
report activations for one subject in Fig. V.2(c) that were detected both in occipital cortex and
cerebellum. We obtained quite reproducible activations across subjects. Fig. V.3 also depicts
voxel-based HRF estimates that were computed by selective averaging in voxels eliciting an
activation from the raw time courses.

In parallel EPI fMRI acquisitions, regularization of parallel reconstruction generally increases
the functional Contrast to Noise Ratio, through a noise reduction larger than the contrast
reduction. This increase of CNR mechanically results in an increased sensitivity to the BOLD
contrast. This effect has also been observed in parallel EVI : median statistical scores increase
when the regularization parameter is increased. Nevertheless, this improvement slows down at
high regularization factors, as also observed in [RIBES et coll. 2007], since the regularization

20 juin 2008


www.fil.ion.ucl.ac.uk
http://brainvisa.info

V.4 Results 103

(a)

.-"-G\-}\
(@ E—channe| heod coil

lﬂ: 2% 2, undemampling along 2 ditections

Slice order

§ undezam pled k—vohmes
30 FFT t=consztruction

20 SEMEE
% falded Fecomtruction . 1 unfolded

o Hi '_ o

Jmmmitivity mome

Slice order

F1a. V.2 — Localized Parallel EVI imaging sequence. (a) : sketch summarizing the parallel
reconstruction stragegy based on 2D SENSE unwarping technique. (b) : anatomical localization
of zoomed EVI BOLD data. (c) : visual activations detected in EVI datasets (single subject)
superimposed on anatomical data.
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F1G. V.3 — Comparison of brain dynamics seen in EVI and EPI BOLD sequences.(a) :
voxel-based HRF estimates from the parallel localized EVI sequence. (b) : corresponding HRF
estimates from the EPI sequence for the same subject.

condition becomes predominant over the accuracy of the reconstruction. Therefore an optimal
value of A2 has been determined from the GLM-based analysis (A\? ~ 0.01).

V.4 Results

V.4.1 Scaling and Multifractal : fMRI data analysis

In the present work, the ensuing goal is twofold : First, validation of the existence of scaling
in the analyzed data and estimation of the MF parameters ; Second, differentiation of evoked and
ongoing brain activity in terms of scaling behaviors. This has never been addressed in the fMRI
literature using the WLMF approach. For doing so, we statistically compare MF parameters
estimated from raw motion-corrected fMRI time series acquired during activation and resting
runs from selected regions of interest (ROI). Importantly, these ROIs have been identified on
each subject separately from the uniquely relevant F-contrast ¢ = [1,1,0] to detect activations
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in the above mentioned SPM2 analysis. The extracted SPM clusters have been corrected for
multiple comparisons and thresholded below 5 % in corrected p-value and above 5 voxels in
spatial extent (up to 25 voxels). Note that the number of SPM clusters R varies from one

subject to the other.

Scaling in fMRI data?

The first major issue lies in assessing whether the data possess scaling properties or not. To do
so, one can naturally compare the power spectral density (PSD) estimate (obtained from an ave-
raged periodogram) and the so-called log-scale diagram (LD) defined as j vs logy(27S(j, ¢ = 2))
(cf. [ABRY et coll. 2000] and Section V.2). Using Eq. (V.8), both estimates can be superimposed
for comparison purposes. PSD, LD and superimposition are plotted in Fig. V.4 together with the
time course of a voxel chosen in Ry (and labeled Y (¢) for consistency with notations in Section
V.2.3). Both the LD and PSD plots show clear power law behaviors existing over times ranging
from the second to the minute. These are clear evidences in favor of the existence of scaling
properties in data over this range of scales. Equivalent plots and conclusions can be drawn for
each voxel of the different ROIs confirming that scaling actually exists in the analyzed data.
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Fia. V.4 — Scaling in data. (a) : typical time course Y (¢) of the fluctuations recorded in a
voxel of Ry during the visual paradigm ; (b) : corresponding PSD estimate; (c) : corresponding
wavelet LD plot; (d) : comparison of the PSD with the suitably renormalized LD highlighting
the superimposition of the power law behaviors and of the scaling ranges.
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Scaling versus Non-Stationarity ?

However, Fig. V.4(a) and Fig. V.5(a) show that Y(¢) also possesses a low frequency trend.
Such a very slow oscillation exists for most of the voxels under analysis. Their orders of ma-
gnitude may however significantly vary in space as may the involved range of low frequen-
cies. These trends can be read as non stationary shifts of the mean superimposed on statio-
nary fluctuations. Because very low frequency oscillations can naturally be modeled as 1/f-
processes, it has been claimed in the literature that the scaling observed on data may only
correspond to spurious artifacts caused by non stationarities. However, it has been previously
shown that wavelets brings substantial robustness in the analysis of scaling and in disentan-
gling true scaling behavior from slow non stationarities or trends. More precisely, it enables
to correctly estimate the scaling parameters when non stationarities are superimposed to a
true scaling behavior and conversely to discriminate non stationarities that may be confu-
sed with scaling when using standard spectral analysis tools. This has been explained in de-
tail in other contexts in [ABRY et coll. 1995, ABRY ET VEITCH 1998, VEITCH ET ABRY 1999,
ABRY et coll. 2000, Verrcn g1 ABry 2001] and will therefore not be further discussed here.
Instead, we chose to further examine the issue of trend versus scaling discrimination by making
use of a recent tool, the Empirical Mode Decomposition (EMD) [HUANG et coll. 1998]. The pre-
cise definition and details of EMD cannot be given here for sake of space, the reader is referred to
the excellent tutorial paper [FLANDRIN BT P.C.ONASALVA s 2004]. The main output of EMD
consists of the fact that the analyzed data can be split into various components.

We chose to split data into 3 components : a very low frequency trend (LF), a medium
frequency signal (mF) and a high frequency noise (HF), as illustrated in Fig. V.4(a). Both the
LF trend and the HF noise may either alter the analysis of scaling or be confusingly associated
to scaling, as commonly speculated in the literature.

LDs are computed independently for the entire original time series, and the three components.
They are superimposed in Fig. V.5(b), clearly showing that the scaling, and scaling range,
observed on the entire time series are neither caused by the LF nor by the HF components but
are rather entirely due to fluctuation (mF component). The trend in itself also exhibits a power
law behavior in the LD plot, but in a much coarser range of scales (beyond the minute) and with
a clearly different scaling exponent. Moreover, when N (the number of vanishing moments of )
is increased the scaling exponent that can be estimated from the trend varies in a proportional
and trivial manner. This is not the case for the scaling exponent estimated from the fluctuation
(mF) component that remains (quasi-) constant when N is varied, a significant experimental
proof in favor of the actual existence of scaling in data (see [ABRY et coll. 2000] for further
details). Moreover, we can check that the scaling exponents estimated on the entire time series
and on the mF component closely match. These analyses unambiguously disentangle true scaling
properties from non stationary superimposed trends or high frequency noise corruption.

The analyses reported here clearly shows that the fMRI data under analysis possesses scaling
properties, within scales that range from the second to the minute and that are not related to
slow trends, whatever their origins.

Multifractality ?

Now that the existence of scaling in data is established, let us proceed, in a second step, to a
more detailed and quantitative multifractal analysis. We apply the WLMF analysis procedure, as
described in Section V.2.5, to the voxel-based mF signal component for all voxels in the identified
SPM clusters. Because the Leader approach requires a positive regularity of the time series
(cf. [JAFFARD 2004, JAFFARD et coll. 2006]), analysis procedures are applied to the cumulated
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F1G. V.5 — Scaling vs Non-Stationarity Analysis. (a) : fMRI time series for an activating
voxel, and its EMD based separation into (from top to bottom) low, medium and high frequency
components. (b) : the corresponding LDs (time series : ’0’, LF : '+, mF : ’¢’, HF : ’[7).

sum of the observed time series (i.e., labeled as X in the notations of Section V.2) rather than
to the time series Y itself.

The corresponding Leader-based LDs (LLDs) show clear scaling behaviors holding for 3 <
j <6, i.e., for time scales ranging from 1.5 to 15s that slightly differ between rest and activation
datasets. This is illustrated in Fig. V.6 for a voxel (chosen as representative) both during the
visual experiment and resting state. The corresponding scaling exponents ((¢q) and MF spectrum
D(h) are compared in Fig. V.7(a)-(b), respectively. It shows that, for both the visual experiment
and the resting state, the departure of the f (¢)s from a linear behavior in ¢ is weak, yet clear (or
equivalently that the ﬁ(h) is narrow, yet not collapsing onto one single point). This hence
leads to the conclusion that the analyzed data possess a weak yet significant and measurable
multifractality. This is further confirmed by the analysis of the plots of the log-cumulant structure
functions, CL(j,p), defined in Eq. (V.15), in Fig. V.8 (from which ¢& and ¢f are estimated).
The estimated C¥(j,2) clearly possesses a (negative) non zero slope hence yielding a negative
¢%. Let us emphasize that the more negative ¢, the stronger the experimental evidence in favor
of multifractality.

Now that an experimental scaling range has been conclusively determined, 1.5 < 2/7T, < 15s,
a systematic estimation of the multifractal parameters can be performed for each voxel for both
the the visual experiment and resting state. Scaling exponents ((¢), the multifractal spectrum
D(h) or the log-cumulant ¢, accounting theoretically equivalently for the scaling content of the
analyzed data, we chose to concentrate on the log-cumulant ¢}, cl only : ¢f mostly amounts
to the self-similarity characterization, while c& measure the deviation from pure self-similarity

hence the impact of the multifractal component of the data.

These systematic analyses yield the following conclusions. For parameter c;, we observe
that it consistently takes values in the range 0.50 < ¢; < 1 (cf. Fig. V.10), both for on-going
and evoked brain activity, hence confirming the relevance of the LRD paradigm to characterize
fMRI time series correlations. Also, we note that activation systematically (for all subjects and
all ROIs) results in an increase in cj, from the range 0.50 < ¢; < 0.75 for ongoing activity to
the range 0.70 < ¢; < 0.95 for evoked activity. Activation hence induces an increase of the LRD
strength and impact. This is consistent with findings reported in [SHiMIZU et coll. 2004]. For
parameter co, the situation is more intricate, partly due to the fact that estimation is by far
more difficult [WENDT et coll. 2006]. Nevertheless, we observe that, in some cases, activations
coincide with an increase in co, from negative to close to 0 values, hence with a decrease in
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multifractality (cf. Fig. V.11), while in others there is no significant modification in co between
both data types.

Therefore, a key result of these scaling analyses consists of the fact that compared to the
resting state, the visual experiment induces a clear, sharp and systematic increase in the LRD
parameter, while it either produces a decrease in the degree of multifractality or does not alter
it. The statistical significance of these results is further assessed by means of statistical tests in
Section V.4.2.
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F1G. V.6 — Leader based Multifractal Analysis. (a) : fMRI signal acquired during the visual
experiment. (b)-(c) : The log-scale diagrams computed for ¢ = 2 (b) & ¢ = —2 (c) from the
time series depicted in (a). They show a clear scaling range, from 1.5 to 15s. (d) : fMRI signal
acquired during resting state in the same voxel as in (a). (e)-(f) : Corresponding Log-scale
diagrams computed for ¢ = +2 showing also a scaling phenomenon ranging from 1.5 to 15s.
Wavelet coefficients vs. Leaders

To further discuss whether one should prefer to use wavelet coefficients or wavelet Leaders
(i.e., WCMF or WLMF) for scaling analysis, one can compare estimations for ¢; and ¢y in
Fig. V.9. For c1, one observes that the dispersion (or confidence interval size) for the ¢¢ is
larger than that of the ¢ but not significantly so. For cs, the situation is very different, the
dispersion of ¢ is dramatically diminished (by one order of magnitude) compared to that of ¢4.
This is in perfect agreement with the analyses reported in [WENDT et coll. 2006] and yields the
following conclusions of major practical importance. As long as scaling are modeled in terms of
self-similarity only (i.e., one assumes that the sole parameter ¢; describes scaling), statistical
performance are slightly better for Leaders compared to coefficients, at the price though of extra
difficulties in selecting the range of scales where to perform the linear regressions. Therefore,
Leaders and coeflicients should be used jointly and collaboratively. When it comes to estimate co,
hence scaling related to multifractal properties, only the WLMF should be used as the confidence
interval sizes obtained with WCMF are so large that no conclusion can be drawn. Practically, in
the statistical tests performed in Section V.4.2 below, this induces that it is strictly not possible
to detect any change in co when one uses wavelet coefficients, while Leader based tests clearly
show a number of changes. Relevant and accurate estimations of ¢z, with reduced confidence
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FIG. V.8 - Log-Cumulants : Estimated log-Leaders Cumulant functions C*(j,p) for p = 1 (a)
and p = 2 (b). From these linear behaviors in j, one estimates the classifiers ¢F, éL.

interval sizes, therefore constitute the major benefits of the use of Leaders in this context. Also,
let us note that tests based on wavelet coefficients would miss a number of changes in c;, despite
their effect being net, that are clearly seen using Leader based tests.

V.4.2 Region-based hypothesis testing

The next goal consists in assessing the statistical significance of the observed difference
in every cluster R; between med[c,] and med[¢)]. We use nonparametric tests and ro-
bust statistics as there is no evidence that the scaling parameters are normally distribu-
ted across voxels for a given ROI. In such a case, one usually resorts to robust decision
statistics (e.g., to the Wilcoxon’s signed rank (WSR) statistic), whose correct specificity
control (control of false positives) can be correctly handled in the permutation testing frame-
work [MERIAUX et coll. 2006, NicHOLS ET Havasaxka 2003]. Here, robustness means that the
influence of outliers on statistics remains bounded. Precisely, we perform the following two-sided
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tests :

HS?;V :med|€,] = med[¢)], Vp=Tlor 2, (V.19)
which amount to testing whether the difference between the matched samples ¢, and ¢, comes
from a distribution whose median med[c,”'] = med[¢;, — ¢;] is zero.

Fig. V.10 shows the corresponding WSR statistic p-values and validates that the observed
increase in ¢; is quasi-systematically significant across subjects. Again, for co, the results reported
in Fig. V.11 are less clear, as significance of the changes varies with ROIs and subjects. However,
results, over the entire datasets indicate a slight shift tendency in c¢o from negative to close to 0
values, when the test is significant. This confirms a global effect of reduction of multifractality
under activation.

V.5 Discussion

In this contribution, we have analyzed the scaling and multifractal properties of EVI fMRI
data acquired during a resting state and a slow visual event-related activation protocol. To do so,
we made use of the most recent theoretical and practical developments in multifractal analysis.
They are based on wavelet Leaders instead of wavelet coefficients. Also, we clearly detailed and
entangled the often confused relations between the most common stochastic process models used
to account for scaling, namely 1/ f-, long range dependent, self-similar and multifractal processes.
The various parameters commonly involved in scaling description are also clearly related, and
the analysis and estimation procedures are detailed. The use of wavelet coefficients and wavelet
Leaders is compared to the benefits of the latter.

Using this careful methodology and powerful estimation tools, we provided significant evi-
dence for the presence of scaling in the analyzed fMRI datasets, for the five participants, that
can in no way be confused with non stationarities or low frequency oscillating trends, which
were also present in data, yet superimposed to true scaling. Also, we established that this sca-
ling properties should be related to both long memory in time and multifractality (in agreement
with [FaDILI BT BuLLMore 2002, SHiMIZU et coll. 2004]). Given our acquisition parameters,
especially the deliberate choice of a large scan number, scaling parameters are estimated with a
high degree of precision and thus are reliable.

As concluded from Section V.4.2, we demonstrated the existence of relationships between
the scaling parameter estimates and the congruence between the ROIs and the data under
consideration. Our findings show that activation induces a clear and systematic increase in
the long range dependence (or self-similarity) ¢; parameter together with a (less clear and less
systematic) decrease of the multifractality co parameter. Interestingly, the former is connected
to additive random walk and linear filtering while the latter is rather related to non-linear
mechanisms. Therefore, the parameter co that characterizes deviations from self-similarity can be
thought of as a measure of the importance of non-linear effects in neurophysiological mechanisms.
Our results suggest that activation tends to reduce their impact : this could be expected given
the very simple nature of our paradigm. Also, in future works, we will take advantage of the
use of non parametric bootstrap in multifractal analysis that enables not only to produce an
estimate but also a confidence interval for each voxel independently [WENDT et coll. 2007]. This
is likely to significantly improve the accuracy of the change detection tests and make feasible
the use of mixed effect models for region-based inference.
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V.6 Perspectives

This preliminary study needs to be further developed if one wants to consider multifractal at-
tributes as putative classifiers of brain activity. In particular, to achieve a reliable model-free ana-
lysis, which is able to detect and localize task-related activity, we must explore true contrasts in
the sense of comparing brain activity induced by different external stimuli on the same time series
using these multifractal attributes as stimulus markers. In contrast to [SHIMIZU et coll. 2004],
this should be investigated in event-related protocols, for which the BOLD signal fluctuations
in time and frequency is much more complex. In such cases, we could find out more multifractal
situations, for instance in regions eliciting habituation or learning phenomena as those described
in [a.4]. To this end, we are currently exploring whole brain analysis blind to the use of any a
priori model-based detection. On our first experiment on a single subject (results not shown)
we observe that MF parameters are primarily influenced in brain regions involved in the ex-
perimental paradigm and also that these parameters remain quite unchanged in other regions
when comparing the activation dataset to the resting state one. This has to be confirmed and
reproduced on more datasets i.e. on more subjects.

Repeating such analyses to the whole brain and not specifically to activating clusters will
also make the method more relevant for exploring long range task-related spatial interactions
based upon the scaling properties, as suggested in [MAxiM et coll. 2005]. Hence, the whole-brain
extension of the proposed approach will offer the possibility to study functional connectivity
based on resting-state functional fMRI data and to explain how such long range interactions are
modulated by external stimulation. Therefore, this study shall fulfill several important objectives
for the understanding of brain structure and function :

— Elucidate the structure of spontaneous activity seen in fMRI as a marker of func-
tional connectivity : the correlation of the spontaneous activity between distant re-
gions observed in fMRI reflects the functional relationship between these distant re-
gions [BiswaL et coll. 1995]. This is related to the concept of functional integra-
tion [T'ONONI et coll. 1998] and provides the structure of some fundamental subdivisions
of the brain (see e.g. [DAMOISEAUX et coll. 2006, GOLLAND et coll. 2007]).

— Disentangle the relationship with anatomical connectivity : it is not completely clear
whether the spatial structure of spontaneous activity reflects the spatial structure of
the anatomical connectivity or whether there are other components that could be
identified. Such a comparison becomes possible because diffusion MRI provides an in
vivo access on human brain anatomical connectivity structure [EL KouBy et coll. 2005,
CATHIER ET MANGIN 2006].

— Understand the relationship between on-going and evoked activity : Some studies have
proposed that evoked activity (i.e. the activity resulting from an input stimulus) would
superimpose linearly with spontaneous activity [F'Ox et coll. 2006] while other studies in-
sist that spontaneous activity could be predictive of the behavior [Fox et coll. 2007]. These
two points of view require further assessment.

— Compare the spontaneous activity in different populations (patients and controls). By
considering functional connectivity as a measure that characterizes the integration of brain
structures into networks, one can use it for comparing different kinds of populations :
infants versus adults, normal subjects versus patients [FAIR et coll. 2007]. A particular
interest in the study of resting-state networks is that the connectivity or integration of
these networks are not confounded by different levels of the subjects in the performance
of task.

Currently, many approaches have been proposed to study resting-state brain connectivity,
mainly bivariate approaches, based on distant correlations of the signal [CORrRDES et coll. 2000,
LAHAYE et coll. 2003, ROEBROECK et coll. 2005, ACHARD et coll. 2006], and multivariate ap-
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proaches, mainly based on ICA [DAMOISEAUX et coll. 2006, PERLBARG et coll. 2007] and clus-
tering [CORDES et coll. 2002, VOULTSIDOU et coll. 2005, THIRION et coll. 2006]. Our feeling is
that brain connectiviy analysis based upon multifractal attributes would help discriminate li-
near from non-linear inter-dependency and that the MF methodology defines a framework for
studying how network activity is modulated between resting and stimulation periods.
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Fi1G. V.9 — Statistical comparison of evoked v.s. ongoing activity : estimation of ¢; and
¢y from the wavelet coefficients (top rows) and wavelet Leaders (bottom rows) for Subject 2.
Each panel corresponds to a region (R; to Rs3) identified as a significant SPM-cluster during
the visual experiment. In each ROI, the box-plot shows the median of the voxel-dependent
cumulant estimates based upon the wavelet coefficients (&*,é%*) and Leaders (¢-%, €5*) for
visual (s = v) and rest (s = ) sessions, respectively.
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Fia. V.10 — Statistical comparison of evoked v.s. ongoing activity : estimation of ¢y,
i.e., the linear component of ((¢). Each panel corresponds to a region (R; to R,) identified as a
significant SPM-cluster during the visual experiment. This explains why the number of regions
varies across subjects. In each ROI, the box-plot shows the median of the voxel-dependent
WLMEF estimates ¢j for visual (s = v) and rest (s = r) sessions, respectively. The WSR statistic
p-values are displayed at the top of each panel i.e., for each region. Red marks show significant
changes between resting state and visual experiment at 5%.
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Fia. V.11 — Statistical comparison of evoked v.s. ongoing activity : estimation of ¢, i.e.,
the quadratic component of ((¢). Each panel corresponds to a region (R; to R4) identified as a
significant SPM-cluster during the visual experiment. This explains why the number of regions
varies across subjects. In each ROI, the box-plot shows the median of the voxel-dependent
WLMEF estimates ¢35 for visual (s = v) and rest (s = ) sessions, respectively. The WSR statistic
p-values are displayed at the top of each panel i.e., for each region. Red marks show significant
changes between resting state and visual experiment at 5%.
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CHAPITRE VI

CONCLUSIONS ET PERSPECTIVES
NEUROSCIENTIFIQUES

Dans ce chapitre, je synthétise d’abord mes différentes contributions avant d’évoquer les
questions méthodologiques et neuro-scientifiques sur lesquelles je souhaite avancer ces prochaines
années. Sur les aspects applicatifs en neurosciences, je distingue le versant cognitif des applica-
tions cliniques. Le dénominateur commun a ces préoccupations demeure la dynamique cérébrale.

VI.1 Conclusions

Dans ce mémoire, j’ai présenté un certain nombre de contributions originales relatives a ’es-
timation de la dynamique des activations cérébrales. Le fruit de ce travail a débouché sur la
proposition d’un cadre unifié pour ’analyse intra-sujet des données d’IRMf dont on a pu com-
mencer a mesure I'impact au niveau de ’analyse de groupe au chapitre ['V. J’ai mis en évidence
que les approches développées dans ce cadre permettaient de résoudre un certain nombre de
problemes de fagon élégante, comme la détection-estimation conjointe de 'activité du cerveau
évoquée par une stimulation expérimentale, ou ’analyse de la variabilité inter-individuelle de la
dynamique cérébrale. Le formalisme développé étant vaste, les méthodes qui s’y intégrent sont
encore perfectibles a bien des égards. Les pistes présentées in extenso a la fin du chapitre 1V
font mention d’un certain nombres d’améliorations envisageables a court ou moyen terme (par-
cellisation adaptative, régularisation spatiale non-supervisée, ...). J’'indique aussi dans la suite
quelques idées pour les rendre plus robustes dans certaines circonstances (voir section V1.3).

J’ai également proposé au chapitre V des approches originales pour analyser 'activité
cérébrale de « fond » a l'aide de techniques exploratoires multifractales, disponibles depuis
peu dans la littérature du domaine. J’ai étudié également la signature d’activations cérébrales
sur ces attributs multifractaux et établi un lien démontrant l’accroissement du phénomene
d’invariance d’échelle 1ié a cette activité évoquée. La méthodologie proposée s’appuyant sur
des décompositions en ondelettes, elle a permis de s’abstraire d’'un certain nombre d’artéfacts
présents dans les données, comme la superposition de tendances non-stationnaires imputables &
différentes sources de bruit. Ceci laisse entrevoir de nombreuses perspectives a ce travail, comme
évoquées a la fin du chapitre V, notamment pour les analyses de connectivité fonctionnelle et
I’étude de la modulation de réseaux fonctionnels par différents facteurs comme la perception, la
conscience ...

Mon projet de recherches s’inscrit donc en partie dans la continuité des travaux déja entre-
pris; il vise a parfaire les méthodes développées pour l'analyse des données d’IRMf, notamment
en intra-sujet, mais aussi au niveau d’une population de sujets (utilisation des analyses a effets
mixtes). Toutefois, il ne se réduit pas a ces aspects. Il ouvre d’autres sillons tant sur le versant
des neurosciences cognitives qu’expérimentales dans le but de prendre des risques susceptibles
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d’étre a la génese de véritables découvertes. Ces axes sont plus largement évoqués dans la suite
de ce chapitre, étant donné la prédominance laissée a la méthodologie jusqu’ici.

V1.2 Perspectives sur la compréhension du cerveau sain

Par rapport au travail présenté dans ce manuscrit, trois questions relatives a la compréhension
du fonctionnement cérébral chez le sujet sain m’intéressent particulierement.

VI.2.1 Effets hémodynamiques vs neuronaux

La premiere question a trait a la compréhension de 'effet BOLD puisqu’il s’agit de distin-
guer dans ce signal les effets d’origine hémodynamique (i.e., la « circuiterie du cerveau ») de
ceux plutét cognitifs directement issus de la contribution des neurones. Pour parvenir a cet
objectif, j’ai déja investi beaucoup de temps dans les modeles, mais aussi une énergie signifi-
cative dans la compréhension de 'imagerie fonctionnelle en tant que telle, qu’elle soit bi- ou
tri-dimensionnelle, ... Pour approfondir ma compréhension de ce mécanisme de dissociation, je
travaille par ailleurs depuis un an dans I'utilisation d’une nouvelle modalité d’imagerie fonction-
nelle en IRM, I'imagerie de diffusion fonctionnelle, s’appuyant sur des séquences IRM a double
écho de spin pondérée en diffusion. L’idée est d’utiliser une pondération relativement élevée (co-
efficient de diffusion b ~ 2000) de fagon a accroitre la sensibilité de la mesure au mouvement des
molécules d’eau au voisnage des neurones, malgré la dégradation du rapport signal a bruit. Ce
travail fait 'objet d’une collaboration active au sein du groupe Diffusion fonctionnelle piloté
par Denis LE BIHAN & NEUROSPIN.

Des premiers travaux [LE Binan et coll. 2006, Le Binan 2007] ont montré en effet qu’a
I’aide de cette modalité d’imagerie, il semblait possible de détecter de fagon plus précoce des ac-
tivations en réponse a un stimulus externe, confortant ainsi I’hypothese d’une origine neuronale
a ce signal. Plus précisément, lors de ’activation cérébrale, le gonflement des neurones impliqués
dans cette activation perturberait le déplacement des molécules d’eau, imagé par IRM de dif-
fusion, et raccourcirait ainsi leur libre parcours moyen. Ces résultats sont néanmoins soumis a
une controverse. Une étude récente a en effet défendu la theése d’un phénomene plutot d’origine
vasculaire [MILLER et coll. 2007] en s’appuyant sur une expérience démontrant une fluctuation
similaire du signal de diffusion dans un contexte de repos (pas de stimulus délivré au sujet)
et d’hyper-capnia, ou les sujets inspirent du COs, modifiant ainsi le ratio de concentration en
oxy -et déoxyhémoglobine, et donc 'effet BOLD vasculaire. Le stage post-doctoral de LAURENT
RISSER, que j’encadre au sein du groupe de travail Diffusion fonctionnelle est consacré a
la modélisation et a l'estimation de la dynamique percue en imagerie de diffusion fonction-
nelle. Ses premiers résultats ont tendance a établir un compromis entre les différents résultats
précédemment rapportés dans la littérature [rr.5]. Les bases neuro-physiologiques sous-tendant
cette nouvelle technique d’imagerie fonctionnelle pourraient combiner des effets neuronaux et
des effets vasculaires. Nous travaillons actuellement a 1’éclaircissement de cette piste de recherche
dont les conclusions pourront nous aider a mieux discriminer les différentes contributions neuro-
et hémodynamiques.

La dissociation de ces effets peut aussi étre traitée de fagon complémentaire en ana-
lysant le lien entre la mesure de l’activation cérébrale captée par les modalités d’imagerie
électrique (EEG/MEG) et hémodynamique (IRMf, voire imagerie optique [TOvODA et coll. 2008]);
pour ce faire, il est intéressant de mener des analyses conjointes sur ces différents types de
données, aux résolutions spatio-temporelle complémentaires, acquises isolément ou conjointe-
ment. Les paradigmes événementiels nous permettent en effet de soumettre le sujet a la méme
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expérience dans ces différentes modalités. L’analyse de données simultanées (EEG acquis sous
IRM) comporte de nombreux problemes spécifiques liés aux artéfacts d’une modalité sur autre.
Néanmois, sur la base de modeles génératifs, il est possible de combiner ces différentes sources
d’information. Pour avancer dans cette voie, nous commencons dans le cadre de la theése de
Thomas VINCENT & développer des méthodes de fusion d’imagerie multi-modales (EEG/IRMS)
sur la surface corticale, siege de la majorité des activations cérébrales'. Il s’agit notamment
d’appréhender le lien existant entre l'activité évoquée mesurable d'une part en EEG et d’autre
part en IRMf. Pour ce faire, il est clair que la prise en compte de la variabilité inter-essais demeure
un point crucial pour 'avenir afin de mettre en correspondance les deux types d’activité essai a
essal.

Enfin, I'utilisation de paradigmes expérimentaux évolués (e.g., de type repetition suppres-
sion) permet partiellement de mettre en évidence cette différence entre des effets vasculaires et
des effets neuronaux. Néanmoins, les non-linéarités des réponses BOLD mesurées sont mal cap-
turées par les modeles standards. C’est la raison pour laquelle le développement de modeles par-
cimonieux — les plus simples possibles — permettant de capturer ces phénomeénes non-linéaires
continuera a faire partie de mes priorités. De méme, étant donné le nombre de combinaisons
possibles dans le choix des effets qu’on cherche a modéliser, il me parait opportun de poursuivre
Ieffort qui vise a mettre en place des méthodes de comparaison ou de sélection de modeles,
notamment dans un cadre bayésien.

VI.2.2 Analyse de la variabilité intra- et inter-individuelle

La seconde voie dans laquelle je souhaite m’investir concerne ’analyse de la variabilité inter-
individuelle sur des systémes cognitifs haut niveau tels que le langage. Cette étude s’appuie sur
une collaboration fructueuse depuis plusieurs années avec les spécialistes du domaine in situ pour
définir au mieux les protocoles expérimentaux (Ghislaine DEHAENE-LAMBERTZ et Christophe
PALLIER pour le langage, ainsi que sur la possibilité d’analyser d’importantes cohortes de sujets
a l'aide de systemes de bases de données mis en place a NEUROSPIN. Sur le plan méthodologique,
il s’agit de renforcer les liens avec Alexis ROCHE pour le développement d’analyses de groupe a
effets mixtes s’appuyant sur des analyses intra-sujet de type détection-estimation conjointe.

Pour bien comprendre les différentes sources de cette variabilité, une possibilité est de mener
des études développementales comme le fait Ghislaine DEHAENE-LAMBERTZ afin de mettre en
perspective les évolutions liées a la maturation cérébrale. Il s’agit d’analyser de facon longitu-
dinale des les premieres semaines de vie (a 3, 6, 12 mois ...), la modification de l’activation
cérébrale chez chaque sujet en associant ces transformations aux phénomenes structurant ’ana-
tomie cérébrale tels que le processus de sulco-gyrification (apparition des sillons et des gyri i.e.,
des plissements sur le cortex), et en dégageant des éléments communs a tous les sujets. Cette
question sera donc traitée en étroite collaboration avec les spécialistes d’anatomie cérébrale du
nourrisson (Frangois LEROY, Jean—Francois MANGIN). La méthodologie présentée au Chapitre 'V
doit nous permettre d’avancer efficacement dans cette voie.

VI1.2.3 Emergence des liens entre activité spontanée et évoquée

La troisieme voie qui attire mon attention porte sur la compréhension de 'activité de « fond »
ou spontanée, observable sur des données de repos, et de son lien avec I'activité évoquée mesu-
rable au cours d’un protocole d’activation. Les travaux préliminaires que j’ai menés dans cette
direction ont été présentés au Chapitre V. Ils nous permettront d’approndir notre compréhension
de certains phénomenes, notamment de mieux appréhender la modulation de ’activité cérébrale

1On néglige ici lactivité des noyaux gris centraux, structures sous-corticales.
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par la perception consciente ou inconsciente des stimuli en lien avec le niveau d’activité de
fond. Ces premieres études pourront aussi servir de point d’accroche pour mener des analyses
de connectivité fonctionnelle ou effective afin de mieux caractériser le role de certains réseaux
fonctionnels et leur modulation entre les situations de repos et d’activation. Il est par exemple en-
visageable de construire des matrices de connectivité a partir des attributs multifractaux plutot
que sur les signaux originaux dans le but d’améliorer 'extraction d’informations intelligibles,
c’est-a-dire en quelque sorte de se débarasser du bruit. De plus, les analyses présentées au Cha-
pitre V sont exploratoires, elle sont donc bien adaptées a l'usage de stimuli sous-liminaire ou
écologiques (e.g., visionnage de films), pour lesquels ’onset de la réponse du sujet est mal défini.
Ces aspects font 'objet d’un groupe de travail Resting State & NEUROSPIN piloté par Bertrand
THIRION, en collaboration avec et Hugues BERRI de I'INRIA Futurs, Andreas KLEINSCHMIDT et
Sepideh SADAGHIANI de 'unité INSERM U562.

VI.3 Applications a la compréhension de certaines pathologies

Concernant les questions relatives au cerveau pathologique, la maladie neurologique sur la-
quelle je souhaite me concentrer est 1’épilepsie, tant chez ’adulte que chez ’enfant. Tout d’abord,
nous poursuivons avec Thomas VINCENT une collaboration avec 1’équipe de Politechnico de Mi-
lan (i.e., Maria-Gabriella TANNA et Anna-Maria BIANCHI) sur des acquisitions EEG/IRMf si-
multanées chez des patients épileptiques adultes, notamment pour caractériser la dynamique et
la localisation de I'activité inter-critique associée a des pointes-ondes perceptibles sur 'examen
EEG. Dans ce but, nous développons & 'heure actuelle une extension multi-sessions des modeéles
présentés au chapitre V. Il s’agit d'un modele a effets fizes, c’est-a-dire qui suppose la repro-
ductibilité du modele bilinéaire du signal BOLD au sein de chaque parcelle a travers toutes les
sessions d’acquisition et le caractére homoscédastique du bruit de mesure (variance constante a
travers les sessions).

Grace a avénenemt de nos nouveaux outils d’analyse de la dynamique cérébrale, et leur
diffusion au sein de la plate-forme logicielle BRAINVISA de I'IFR 49, nous sommes désormais en
mesure de caractériser régionalement la différence de forme de la réponse hémodynamique chez
ces patients par rapport a des sujets controles dans certains foyers épileptogenes, notamment
lorsque cette activité inter-critique génere des déactivations c’est-a-dire une inversion de la forme
de réponse hémodynamique. Cette inversion peut résulter de processus d’inhibitions médiés
par des neurotransmetteurs tels que le GABA. En effet, le mécanisme d’inhibition requiert
peu d’énergie et provoque une décroissance importante du taux de décharge des neurones, i.e.,
de la quantité de potentiels d’action émis, qui se traduit par une diminution de la demande
énergétique, et donc du flux sanguin régional. De méme, une vaso-constriction peut induire des
déactivations vasculaires en vertu de la réduction du volume et du flux dans les vaisseaux. Sur
le plan méthodologique, cette caractérisation s’appuie donc sur un modele de mélange a priori
a trois classes, présenté en Section I11.3.4 du chapitre III.

Je souhaite bien sur participer a ’acquisition de telles données a NEUROSPIN et me rappro-
cher des compétences présentes au sein du laboratoire de recherche biomédicale de NEUROSPIN
dirigé par Lucie HERTZ-PANNIER en collaborant activement avec Marion HULLI, neuropédiatre
et doctorante au sein de ce laboratoire, et membre de 1’équipe INSERM U663 Epilepsies de
Uenfant et plasticité cérébrale dirigée par Catherine CHIRON. Il s’agira d’analyser des formes
infantiles de I’épilepsie sur la base d’examens d’IRMf.

Pour I'épilepsie, les signes cliniques précedent les investigations d’imagerie cérébrale,
qu’elles soient menées a partir de simples électro-encéphalogrammes ou d’examens d’IRMf. Par

Zneuropédiatre et chercheur & ’Hépital Nécker Enfants malades.
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conséquent, il ne s’agira pas dans ces collaborations d’apporter une méthodologie d’analyse a
des fins diagnostiques, mais plutdt d’offrir des moyens pour :

— réaliser un suivi longitudinal des patients par des analyses objectives voire quantitatives;
étudier 'impact de certains médicaments et en déduire leur pharmacodynamie en fonction
du stade de la maladie;

— caractériser fonctionnellement certaines formes de la maladie peu étudiées.
— potentiellement transférer le savoir faire acquis a d’autres pathologies, orphelines ou non.
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Abstract: In BOLD fMRI data analysis, robust and accurate estimation of the Hemodynamic Response
Function (HREF) is still under investigation. Parametric methods assume the shape of the HRF to be known and
constant throughout the brain, whereas non-parametric methods mostly rely on artificially increasing the
signal-to-noise ratio. We extend and develop a previously proposed method that makes use of basic yet
relevant temporal information about the underlying physiological process of the brain BOLD response in order
to infer the HRF in a Bayesian framework. A general hypothesis test is also proposed, allowing to take
advantage of the knowledge gained regarding the HRF to perform activation detection. The performances of
the method are then evaluated by simulation. Great improvement is shown compared to the Maximum-
Likelihood estimate in terms of estimation error, variance, and bias. Robustness of the estimators with regard
to the actual noise structure or level, as well as the stimulus sequence, is also proven. Lastly, fMRI data with
an event-related paradigm are analyzed. As suspected, the regions selected from highly discriminating
activation maps resulting from the method exhibit a certain inter-regional homogeneity in term of HRF shape,
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study hemodynamic changes in the brain in response
to cognitive and behavioral tasks [Chen and Ogawa,
1999]. The relation between neural activity and the
Blood Oxygen Level Dependent (BOLD) response is
not yet clearly understood and is still under investi-
gation [Vazquez and Noll, 1996; Buxton and Frank,
1997; Buxton et al., 1998; Li et al., 2000; Logothetis et
al., 2001]. It is, therefore, convenient to model the
various processes intervening in the brain, from recep-
tion of the stimulus to measurement of the BOLD
contrast signal, as a whole system characterized by its
transfer response function, the so-called Hemody-
namic Response Function (HRF) [Friston et al., 1994].
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The HRF is the theoretical signal that BOLD fMRI
would detect in response to a single, very short stim-
ulus of unit intensity. The key assumptions related to
this model are the stationarity and linearity of the
underlying physiological process. Such hypotheses
are good approximations of the actual properties of
the system as long as the inter-stimulus interval does
not decrease below about two seconds [Dale and
Buckner, 1997; Buckner, 1998].

Estimation of the HRF is a recent concern. Knowl-
edge about the response function is believed to be a
key issue to a better understanding of the underlying
dynamics of brain activation and the relationship be-
tween brain areas [Biswal et al., 2000; Miezin et al.,
2000]. HRFs are increasingly suspected to widely vary
from region to region, from task to task, and from
subject to subject [Aguirre et al., 1998; Buckner et al.,
1998a,b; Miezin et al.,, 2000]. Unfortunately, precise
and robust estimation of the HREF is still the subject of
ongoing research, since the problem is badly condi-
tioned, and various methods have been devised so far.

On the one hand, parametric methods assume that
the HRF is a generally non-linear function of certain
parameters that are to be estimated. These parameters
are often bestowed with some physiological meaning.
Such approaches have been applied to block or event-
related stimuli. Function shapes that are typically used
include Gaussian [Kruggel and von Cramon, 1999a, b;
Kruggel et al., 2000] or spline-like [Gossl et al., 2001b].
Gossl et al. [2001a] use a parametric model on the
temporal scale, whereas a more general prior is used
on the spatial extension of the signal. Integration of a
physiological model as prior information has also
been considered to constrain parametric estimation of
the HREF [Friston, 2002]. But assuming the shape of the
hemodynamic response to be known a priori and in-
variant throughout the brain is a very strong con-
straint, since it fluctuates greatly.

On the other hand, non-parametric methods have
been developed in an attempt to infer the HRF at each
time sample. Such methods make no prior hypothesis
about the shape of the response function. Since the
low signal-to-noise ratio of fMRI data precludes direct
voxelwise analysis (e.g. with averaging over time),
more complex schemes have been proposed. Methods
include: averaging over regions [Kershaw et al., 2000],
selective averaging [Dale and Buckner, 1997], intro-
duction of non-diagonal models for the temporal co-
variance of the noise [Burock and Dale, 2000], or in-
troduction of smooth FIR filters [Goutte et al., 2000]. In
a similar fashion, we recently proposed a Bayesian,
non-parametric estimation of the HRF [Marrelec and
Benali, 2001; Marrelec et al., 2001]. Relevant physio-

logical information was introduced to temporally reg-
ularize the problem and derive estimates of the HRF.
This approach had the advantage of introducing no
bias into the estimation, since the constraints imposed
were clearly derived from physiological requirements.
In Marrelec et al. [2001], the estimation features were
based on a few examples and the authors’ experience
of the model. Real data consisted of the mean signals
of BOLD fMRI measurements in a few regions of
interest. Robust voxelwise analysis had, therefore, yet
to be assessed.

In this report we quantify the performances of the
estimation introduced. Simulations are used to ana-
lyze the behavior of the HRF estimator. When com-
pared to the ML estimator, dramatic performance in-
crease is actually proven. With these evaluations, we
also show that robustness is achieved regarding the
actual noise sampling distribution and the stimulus
sequence.

The outline of the article is as follows. In the next
section, we recall the theoretical background neces-
sary for the understanding of the model treatment. We
also develop a statistical tool to deal with model test-
ing, including activation detection. In the third sec-
tion, the major features of the model are assessed:
importance of the prior, relevance of the actual noise
structure and influence of the stimulus sequence. The
method is finally applied to real data, where both HRF
estimation and activation detection are performed on
the same time series.

THEORETICAL BACKGROUND

Notations

In the following, x denotes a real number, x a vector,
and X a matrix. “"” is the regular matrix transposition.
Iy stands for the N-by-N identity matrix. “=” relates
two expressions that are proportional. For two vari-
ables x and y, “x|y” stands for “x conditioned on y”,
or equivalently “x given y”, and p(x) for the proba-

bility of x.
Model

Letx = (x,)1 =, <y be the time series of stimuli
describing an experimental paradigm, and y =
(Y)1=n=n the corresponding BOLD fMRI time
course of a voxel. A discrete linear model is assumed
to hold between the stimulus vector x and the data y:

K M

(H) yn = E hkxn—k + E )\mdm,n + €y

k=0 m=1

*2 e
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n=K+1,...,N.

The (K + 1)-dimensional vector h = ()" represents
the unknown HREF to be estimated. K is the order of
the convolution model, and L = N — K is the actual
amount of data used in the calculation. X = (x,, _;)
is the regular L-by-(K + 1) design matrix, consisting
of the lagged stimulus covariates. The L-by-M matrix
D = (d,,) is a basis of M functions that takes a
potential drift and any other nuisance effect into ac-
count, and the N = (\,,)" are the corresponding co-
efficients. For the sake of simplicity, the basis is as-
sumed to be orthonormal, i.e., %DtD =I.e = (e)
accounts for noise and is supposed to consist of inde-
pendent and identically distributed Gaussian vari-
ables of unknown variance o2, assumed to be inde-
pendent from the HRF. As will be shown in the
simulation section, this assumption by no way re-
quires that the sampling frequencies of the noise ac-
tually corrupting the data be normally distributed. In
matrix form, (H) boils down to

y=Xh+ D\ +e,
also called General Linear Model.

Bayesian Analysis With Temporal Prior

What is sought is estimation of the HRF h given the
data y. To cope with this issue, a suitable theoretical
framework is required for dealing with information
coming from various origins. On the one hand, the
data follow a known mode, (H). The noise is also
supposed to follow a definite (yet general) model,
since it is Gaussian. On the other hand, it should be
possible to take available information into account, in
order to optimize the estimation. The problem faced
being ill-conditioned, a priori knowledge about the
HREF needs to be incorporated into the model in order
to constrain it and enable coherent estimates. For do-
ing so, Bayesian analysis imposes itself, allowing for
robust yet flexible integration of a wide range of in-
formation types in a probabilistic framework.

Prior information

Since the underlying physiological process of BOLD
fMRI is as of yet only partially understood, setting
“hard” constraints on the HRF is most likely to intro-
duce unwanted bias into the estimate. For this reason,
we investigate basic and soft constraints that do not

contradict current knowledge. More precisely, the fol-
lowing is assumed:

(PO)
(P1)

the HRF starts and ends at 0;
the HRF is smooth.

These priors reflect that the underlying process
evolves rather slowly on the experimental time scale.
Our goal is then to translate this prior knowledge into
information that can be directly implemented into a
Bayesian analysis. First, prior (P0) can easily be intro-
duced into the model by setting the first and last
sample points of the HRF to 0, so that only K — 1
parameters (instead of K + 1) of the HRF are now
unknown. Quantification of prior (P1) is achieved by
setting a Gaussian prior for the norm of the second
derivative of the HRF, whose relative weight is ad-
justed by a hyperparameter e:

e2 (K—=1)/2 ezthh
p(h|o?, €) = (p) exp[—w], (1)
where
5 -4 1 0 0
-4 6 -4 1 0
1 -4 6 —4 1 0
0 1 -4 6 —4 1 0
1
Q= Tri
0 1 -4 6 -4 1 0
0 1 -4 6 —4 1
0 1 -4 6 —4
0 0 1 -4 5

is the (K — 1)-by-(K — 1) concentration matrix of
the Gaussian prior, chosen as the discrete second-
order differentiation matrix. e represents the relative
weight of the prior probability compared to the like-
lihood of the data in the calculation of the posterior
probability density function (pdf). The higher €, the
more the prior constraint is taken into account. On the
contrary, a vanishing e expresses that the solution
comparatively integrates much more information
from the data. The limiting case € = 0 yields results
that are similar to the Maximum-Likelihood treatment
(i.e., Bayesian with no specific prior).

Bayes’ Theorem

Once the model and the prior information have
been defined, the first step is to use Bayes’ theorem

*3 e
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stating that, for a set of data compatible with the
model:

p(h, N, 0% €) - p(y|h, N, 0°, €)
p(y) '

p(h, \, 0%, €ly) =
(2)

Since p(y) is independent of h, A, o2, and €, it is only a
normalization factor that can be discarded from Equa-
tion (2), yielding

p(h, N, 0% €ly) = p(h, N, 6%, €) - p(y|h, N, 0%, €). (3)
This equation relates the prior information p(h, A, o2,
€), the information brought by the data or likelihood
p(y|h, A, G2 €), and the information inferred a poste-
riori about the unknown parameters h, N, o> and ¢,
p(h, N, a2, e|y). This posterior distribution contains all
the knowledge about the parameters that can possibly
be inferred from the data and the a priori information
we have at hand.

Posterior pdf

Using the chain rule' and assuming no prior depen-
dence between \, 6 and ¢, as well as between h and A,
the prior can be further expanded as

p(h, N, 6%, €) = p(h|o?, €) - p(N) - p(c?) - p(e), (4)

where p(h|o?, €) has been defined in Equation (1). p(\),
p(c?), and p(e) are classically set to uninformative

priors (flat prior for \, Jeffreys priors for ¢ and e

1

p(A) = const p(o?) « (g%) "' ple) xe

Assuming Gaussian noise, the likelihood rereads

1
POyl A, 0%) = (0°) " Pexp| — 30y = X0~ DAF
(%)

Bringing Equations (4) and (5) together into Equation
(3) leads to the posterior pdf for h, A, o? and €
K—Z(O_Z) —[L+(K-1)/2+1]

p(h, N, 0% €ly) = €

1
X exp| =5 3 (ly = Xk — DA[* + €H'Qh) | (6)

b8, 6,) = p(6,]6,) - p(6,).

This distribution is the core of our inference, since any
question concerning the problem can be answered by
its manipulation and processing.

Marginal posterior pdf for h

In HRF estimation, though, the parameter of interest
is usually h. In this case, all other parameters are only
nuisance parameters whose estimation is not required,
and all information relative to h is contained in the
marginal posterior distribution of h, p(hly). This pdf
can in turn be obtained from Equation (6) by integrat-
ing it with respect to the other parameters, according
to the marginalization formula*:

p(hly) = j p(h, N, °, €|y) d\ do? de.

Integrating N and o~ is straightforward, resulting in

pww=jpmdwk=fpwmdpﬁwk.

However, this integral cannot be calculated in closed
form. A common way to circumvent the problem, as in
[Friston et al., 2002a], is to estimate € by € and approx-
imate the sought density by

p(hly) ~ p(hly, € = &).

This approximation holds if p(ely) is peaked enough
around é. Practically, checking its validity can be per-
formed by examination of p(ely) (see, e.g., Fig. 6 for
results on real data). p(ely) can then be approximated
by a Dirac function and p(hly) by

p(hly) = f p(hly, €) - 3(e — &) de = p(hly, e = &).

The strategy applied here is to first calculate the pos-
terior pdf for the hyperparameter € as

plely) = J p(h, N, 0?, €ly) dh d\ do?,

p(6,) = [ p(6;, 0,) dO,.

e 4 0
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find an estimator € of € and, then, approximate p(hly)
by p(hly, € = €), which is calculated from the posterior
pdf:

p(hly, e=¢) = f p(h, N, 0%, &|ly) d\ do*.

_1
p(&ly)

An approximation for the marginal posterior for ¢*
can also be calculated along the same lines. Using this
scheme, it was shown in Marrelec et al. [2001] that

« € follows a pdf that does not belong to any known
family, but whose distribution is given by:

K-2

plely) = \/det(X"]X + €2Q)

X [y, — TX(XTX + €2Q) ~'X)Jy] ~ -~ M/2,
(7)

where J = I, — (1/L)DD" is the projection matrix
estimating and removing the nuisance trend from
the data. Numerical calculation of this 1-dimen-
sional pdf is straightforward, and an estimate can
be inferred, such as the Maximum a posteriori
(MAP):

¢ = arg max p(ely).

Choosing the mean instead of the MAP leads to
similar results, as shown in Bretthorst [1992].

« (0%ly, € = ¢é) is scaled inverse-chi-square distrib-
uted, withv = L — M degrees of freedom and
scale parameter s> = [y, — JX(XJX +
€’Q) ~ 'XYJy]/v. An estimator of o” is given by

14

z=v_252. (8)

G

« (hly, e = &) is Student-t distributed with v degrees
of freedom, location parameter o= (XX
+ &Q) X'y and scale matrix V. = s*(XJX
+ €°Q)". The expectation of (hly, € = &) can be
taken as an estimator for the HRF:

Elhly, e =¢]l=h= (XJX+ Q) 'XTy. (9)
Equation (9) with & = 0 corresponds to the well-
known Maximum-Likelihood estimate (ML estimate)
or Ordinary Least Squares estimate (OLS estimate)
commonly found in the literature [Mardia et al., 1979;
Draper and Smith, 1981]. For € # 0, this is the form of

a regularized estimator, with & playing the role of the
regularization parameter. In a typical regularization-
optimization process, one has to minimize a quantity
that is the sum of a likelihood function and a regular-
ization/penalization factor (e.g., the norm of the sec-
ond derivative for smooth variations):

IXh =yl + €0l

In a Bayesian framework, the value of e can automat-
ically be estimated and set to the most probable value
&

Divergence Tests on HRFs

Bayesian analysis has recently been applied to acti-
vation detection in fMRI data analysis [Friston et al.,
2002a, b]. Another approach is to take advantage of
the non-parametric framework developed in this
study.

Once the estimation has been carried out as previ-
ously explained, it might be of interest to test whether
a given function h, qualifies as a HRF in a voxel. For
instance, if h, originates from a biological or physio-
logical model, adequacy of this model with the exper-
imental results can be tested. In a frequentist frame-
work, this corresponds to testing against the null-
hypothesis (h = hy). In other words, we test whether
h is significantly different from h,. h being Student-t
distributed, the deviance of h, from model (H), defined
as

P(ho) = (ho - ﬁ)tvfl(ho - ﬁ)/

should be the realization of a (K — 1) + Fr_4 -
distributed variable. As proposed in Tanner [1994],
we, therefore, define the deviance significance 1 — o, of
(h = hy) as

1 =g = dx-1,lp(ho)] (10)
where ¢y _ ; , is the cumulative distribution function
(cdf) of the Fy _, , distribution.

An interesting case of hypothesis testing occurs
when h, is set to 0. The estimated HRF is then com-
pared to a flat function, reflecting a model where the
stimulus has no influence on the voxel signal, which is
then nothing more than a baseline signal (drift and
noise). This is nothing else than activation detection.

In this setting, it is hence possible to estimate the
HRF and use the knowledge so gained to perform
activation detection on the same dataset. This is pos-

*5e
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sible, since the data are only used once, namely to
infer the value of the HRF at each time sample. This
information, contained in p(hly, € = &) and stating that
h is t-distributed with parameters fand V, is in turn
used to answer questions relative to certain character-
istics of the HRF, such as, “What is the shape of the
HRE,” or “Is the response function significant?”

RESULTS FROM SYNTHETIC DATA

Materials and Methods

This section deals with the performance of the
above estimations and focuses on the three following
topics: importance of the temporal prior, relevance of
the actual noise sampling distribution and influence of
the stimulus sequence. Each feature was analysed us-
ing synthetic data. One thousand 224-point samples
were simulated from the same original HRF h, (“ca-
nonical” HRF used by the SPM99 software¥), stimulus
sequence (one given realization of a random event-
related stimulus) and quadratic drift as illustrated in
Figure 1. Repetition time TR was set to 1.25 sec. The
variance of the Gaussian noise o> was successively set
in {0.001, 0.005, 0.01, 0.05}, corresponding to SNRsT
given in Table I. For the analysis, K was set to 20 and
quadratic drift was considered (M = 3).

Investigation of HRF estimation performance was
assessed using three complementary criteria. First, the
quadratic error m,(h) described how close the chosen
estimator is to the real HRF. Second, variance score
m,(h) was a measure of the uncertainty associated with
the given estimator. Now, variance reduction is a de-
sired feature only if the accuracy of the estimator
increases consequently. As a matter of fact, a poor
estimator (i.e., with high quadratic error) with a low
variance is misleading and introduces a bias into the
estimation. For instance, introduction of prior infor-
mation into model (H) has a direct and logical conse-
quence of decreasing the variance of the posterior pdf.
By construction, the higher e, the higher the variance
reduction. Setting € — % even implies a vanishing
variance, [V| — 0, whereas the corresponding estima-
tor h tends towards a flat function, which is obviously
a very bad estimator of the true HRF. Bias estimation
was, therefore, quantified by M5(f, V): the smaller the
bias, the more conservative the estimate.

Swww.fil.ion.ucl.ac.uk/spm/spm99.html.
TDefined as SNR = 20 log,o(|IXH]|/ VLa?).

(i)
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Figure 1.
Simulations: (i) HRF h,, (ii) paradigm, and (iii) quadratic drift.

Quadratic error was defined in a similar fashion as
in Dale [1999]:

1
my(B) = o I = I an

=
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TABLE I. Simulations®

o’ SNR
0.001 16.39
0.005 9.40
0.01 6.39
0.05 —0.60

*Noise variances and corresponding SNRs for the HRF defined in
Figure 1.

It is the average square error per time sample of the
estimator compared to the true HRF h,. Variance score
was quantified by

1
1]2(V) = XK—1 log det(V). (12)

As pointed out in Ruanaidh and Fitzgerald [1996], the
determinant of the variance of a distribution has a
simple interpretation in terms of hypervolume in a
Gaussian approximation. The logarithm of this mea-
sure can then be related to an entropic measure.’
Finally, the bias was measured using the deviance of
the real HRF h, from the model and Equation (10):
Ms(ho) = di—1.[p(ho)]- (13)
For each series of 1,000 simulations, the correspond-

ing performance estimator was calculated on all the
samples.

Importance of the Prior

We first compared a model with no a priori infor-
mation corresponding to a Maximume-Likelihood esti-
mation,** called (H;), and the model with the tempo-
ral prior, (Hp). For typical simulations, Figure 2a
represents true and estimated HRFs. Performance es-
timators were calculated for the 1,000 noise realiza-
tions using Equations (11), (12), and (13). The results
are summarized in Figures 2b and c.

Figure 2b(i) clearly indicates that, regardless of the
noise level, estimates of o® were accurate for both
models, showing the robustness of this estimator. Fig-

IThe entropy of a N(u, 2) distribution is given by § =
exp(l)det(2)].

**In this case, the order v changes from K — 1 to K + 1, the
number of degrees of freedom changes from L — MtoL — M
— (K + 1), éisset to 0, and all formulas are modified accordingly
[Marrelec et al., 2001].

% log[2m

ure 2b(ii) shows that the relative spread of & in the
Bayesian model increased with decreasing SNR. As
for HRF estimation, benefits resulting from the intro-
duction of a temporal prior were threefold. First, both
models exhibited increasing quadratic error with in-
creasing noise (Figure 2c(i)), but estimator f; (corre-
sponding to model (Hg)) was much more robust to
increasing noise than f; (corresponding to model
(H.)). Second, a dramatic decrease of variance was
achieved when the prior was considered and, again,
the lower the SNR, the larger the difference (Figure
2¢(ii)). But this variance reduction was not the source
of a bias in the estimation, since the deviance signifi-
cance of model (Hp) was also improved compared to
initial model (H;), as can be seen on Figure 2c(iii).

Relevance of the Noise Sampling Distribution

According to Bretthorst [1999], the Gaussian struc-
ture of the noise in the model is a consequence of the
Maximum-Entropy principle, in which only the mean
and the variance of the actual noise are assumed to be
known and relevant to the analysis. As such, the esti-
mation should not depend on the sampling frequen-
cies of the noise. This was also observed in Marrelec et
al. [2001]. To confirm this, we simulated noise samples
from various sampling distributions. First, in accor-
dance with the model hypothesis, Gaussian noise was
used with mean 0 and variance 0.01. In order to mea-
sure the robustness of the model with regard to the
presence of temporal correlation in the noise, AR(4)
with exponentially decreasing factors was also simu-
lated.™ Finally, physiological noise was considered as
the BOLD fMRI signal of the real data used in the
following section, selected in regions where no activa-
tion was detected. After every sample, the resulting
time series was normed to get the same mean 0 and
variance 0.01. Typical results and estimator perfor-
mances are represented in Figure 3a—c.

As evidenced by the results depicted in Figure
3b(ii), estimation of hyperparameter e varied rela-
tively little with respect to the noise distribution: the
MAP estimates were consistent with each other. As for
the estimate of the noise variance, it was essentially
independent from the noise structure (Figure 3b(i)).
HRF estimation itself exhibited the same property.
From the simulations, it obviously appeared that the
actual sampling distribution of the noise is indeed of
little importance (Figure 3c(i)—(iii)).

"With equation e, = 0.3679
+ 0.0183e¢

._1 + 0.1353¢, _, + 0.0498¢, _,
. + g,and g, ~ N(0, 0.01).

n—
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Figure 2.

Simulated data: importance of the prior. a: Typical results of
simulations. Top and middle rows: simulated HRF (dotted line) and
estimated HRF plus standard deviation (solid line) for the ML
estimate (top) and the Bayesian estimate (middle). Bottom row:
marginal pdf for €. b: For each noise variance o?in {0.001, 0.005,
0.01, 0.05}: (i) relative error of the noise estimator for the ML
estimate (light gray) and the Bayesian estimate with prior (dark
gray); (i) relative spread of the estimated € for the model with

Influence of the Stimulus Sequence

As pointed out in Buxton et al. [2000] and Worsley
and Friston [1995], the choice of a stimulus sequence

prior. The mean and the upper and lower 2.5% tails are repre-
sented, and the gray area represents the behavior of 95% of the
data simulated. ¢: For each noise variance ¢ in {0.001, 0.005, 0.01,
0.05}: (i) quadratic error m,, (ii) variance score m,, and (iii)
deviance significance m; of the ML estimate (light gray) and the
Bayesian estimate with prior (dark gray). The mean and the upper
and lower 2.5% tails are represented, and the gray area represents
the behavior of 95% of the data simulated.

(periodic vs. no-periodic) is very important and can
dramatically influence the power of an estimation
method. To demonstrate the behavior of our technique
and ensure that the method gives reliable results on

s
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the real data (see Results From Real Data), we com-
. (i) pared estimates inferred from a simulation with a
periodic vs. non-periodic stimulus. As in the data
457 = analyzed in this report, the periodic stimulus repeated
itself every 10 s (corresponding to 8 TRs), and we
estimated the HRF on 12.5 s (corresponding to K
3.5¢ = 10). The results are summarized in Figure 4a—c
and must be compared to the results in Figure 2a—c.

g i Our first conclusion is that Bayesian analysis is ro-
o 25] i bust with regard to the stimulus sequence. Even
2 sl though estimates were, as predicted, worse for a pe-
3 riodic stimulus sequence than in the case of non-
b periodic stimulus (Fig. 4c vs. Fig. 2¢c), they did not
1k o mislead us, since the variance increased consequently.
H The resulting bias is comparable to the case where the

o H g stimulus is non-periodic.
el D05 g B 0 RESULTS FROM REAL DATA: VISUO-SPATIAL

JUDGMENT TASK

55 Materials and Methods
E: = Participants and task
65
7t Eleven healthy right-handed volunteers (age 24-
- El 35), with no neurological or psychiatric illness, gave
% " written informed consent and were scanned, while
e H performing the following visual task: they had to de-
§ == E cide whether two visual dots flashed on the periphery
-9 =] of an 8-ray wheel projected on a screen were symmet-
g5 rical with respect to the central fixation cross. The two
o E dots were presented simultaneously for 150 ms every
B 10 seconds and their position had to be compared
—108 e 0.005 oot 0.05 immediately. Subjects had to give a motor response by
o using a keypad (symmetrical: click with their right
index finger; nonsymmetrical: click with their right
(iii) middle finger). Participants were instructed to main-
I S _ tain eye fixation on the central cross throughout the
i _ T whole experiment.
0.8}
Data imaging and preprocessing
&
;E 0.6/ A 1.5 Tesla General Electric Signa imager (La Sal-
5 pétriére Hospital, Paris) with a standard head coil was
2l || . i used for the imaging. High resolution structural T1-
£ ifi B weighted MPRAGE images were acquired from all
= T — participants for anatomical localization (0.9375
0.2] il X 09375 X 1.5 mm). The functional images were
produced by T2*-weighted echo-planar MRI at 8 con-
L L tiguous 6-mm axial slices covering dorsal prefrontal

001

[=]
(=]
(=]
S
of
(=]
=
(4]

2 005 and parietal regions (field of view: 24 cm, repetition
‘ time TR: 1.25 sec, echo time TE: 60 msec, flip angle: 90
Figure 2. degrees, 64 X 64 matrix of 3.75 X 3.75 mm voxels).

*9 e
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Figure 3.
Simulated data: relevance of the noise sampling distribution.  gray). c: For each noise variance o in {0.001, 0.005, 0.01, 0.05}: (i)
a: Typical results of simulations with noise variance > = 0.0l and  quadratic error, (ii) variance score, and (jii) deviance significance
different noise sampling distributions. Right column: simulated for Gaussian noise (light gray), AR(4) noise (middle gray) and

HRF (dotted line) and estimated HRF with standard deviation
(solid line). b: For each noise variance o in {0.001, 0.005, 0.01,
0.05} (x-axis): (i) estimated noise and (ii) € for Gaussian noise
(light gray), AR(4) noise (middle gray) and physiological noise (dark

physiological noise (dark gray). The mean and the upper and lower
2.5% tails are represented, and the gray area represents the
behavior of 95% of the data simulated.
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c (i Participants were studied in a single 224-scan session
-a with a total duration of 4 min 40 sec. The scanner was

in the acquisition mode for 20 sec before the experi-
- ment onset in order to achieve steady-state transverse
magnetization. To compensate for subject motion, im-
3r ages were realigned to the middle image by using a
rigid transformation and linear interpolation. The re-
2.5/ aligned images were filtered for low-frequency
changes in BOLD signal over time by using high-pass
filtering (namely, estimation of the baseline fluctua-
5F — tions using a moving average window and substrac-
tion of the estimated baseline from the input signal).

quadratic error
ra

=k

e H Data analysis
ol —— EE- gﬂ i ! We estimated the HRF in each voxel. For the anal-
.01

L B0G 06 ysis, we set the order to K = 10, corresponding to a
length of 12.5 sec. We also accounted for quadratic

¥

(i) drift (M = 3). To handle significance levels, which
-130 . s
were very high, we used the log-scale: for a signifi-
- cance level 1 — o, we therefore set g, = — log;,(1
— o). We hereafter present the results from one sub-

-150} ject.

Activation maps

(L]
[
M

Using the deviance test proposed in Equation (10),
we defined voxel activation as the deviance of the zero

variance score
I
&
(=]

-180} HRF function (h, = 0) from the model.
The corresponding voxelwise activation map is rep-
-190 BHH resented in Figure 5(i). This map can be compared to
Figure 5(ii), which was calculated by linear regression
2005 001 0.005 0.01 0.05 from a model with voxelwise adaptive Gaussian func-
o tions as proposed by Rajapakse et al. [1998]. It first
(ii) appears that the two maps are comparable. On the
other hand, the significance test developed in this
= ] = [ ] study had a much higher discrimination level com-
0.9- o pared to the other method. As a matter of fact, regions
a8k ] [ ] where there should be no activation (such as the white
matter) had a much lower significance in Figure 5(i)
807 than in Figure 5(ii). Moreover, boundaries between
éu.s-- activated and not-activated regions appeared much
& - more clearly and sharply in Figure 5(i) than in Figure
o Lk — —1 .. . . .
] — = 5(ii). Potential activated regions can, therefore, be read
8041 7] off the map with ease. Whether such activated regions
E03 - || are indeed relevant is an issue that cannot be an-
- — swered here, but high discrimination power is clearly
) a desired feature.
0.1
o T ? o o Regional stability
: The activation map corresponding was thresholded to
Figure 3. 1—-ay=1-10""" (e, g, = 11.5). From this map, six

* 11 ¢
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Figure 4.

Simulated data: influence of the stimulus. a: Typical results of
simulations. Top row: simulated HRF (dotted line) and estimated
HRF plus standard deviation (solid line). Bottom row: marginal pdf
for €. b: For each noise variance o in {0.001, 0.005, 0.01, 0.05}: (i)
relative error of the noise estimator; (ii) estimated €. The mean
and the upper and lower 2.5% tails are represented, and the gray

clusters were selected as shown in Figure 5(iii). For each
cluster, Figure 6 represents the HRFs estimated in each
voxel of the regions, the corresponding marginals for e
as well as the most peaked HRF.

Two main conclusions emerge from there. First,
there is a clear idea of intracluster homogeneity. In-
deed, the shape of the HRF seemed to be roughly
constant within a region, “shape” meaning features of
the curve such as increase/decrease, maximum/min-
imum or time-to-peak. However, it is not clear if this
similarity is the consequence of physiological homo-
geneities, since parts of the resemblances may be due

area represents the behavior of 95% of the data simulated. c: For
each noise variance o in {0.001, 0.005, 0.01, 0.05}: (i) quadratic
error m,, (i) variance score m,, and (iii) deviance significance n;.
The mean and the upper and lower 2.5% tails are represented, and
the gray area represents the behavior of 95% of the data simulated.

to non-physiological, intrinsic correlation of the signal,
originating from the acquisition process or subject
movement. On the other hand, the intensity of the
response varied greatly in a given region, even though
only highly significant voxels were taken into account.
Second, HRFs did differ from region to region. They
even seemed to be characteristic of the region in-
volved. The differences concern the presence or ab-
sence of a post-stimulus undershoot, the presence or
absence of a plateau, the pre- and post-maximum
steepness, as well as the time-to-peak and the time-to-
onset.

* 12 ¢



154 Estimation non-paramétrique de la fonction de réponse hémodynamique

¢ Bayesian Estimation of HRF in fMRI ¢

DISCUSSION

The voxelwise HRF estimation technique that we
= proposed makes use of basic but relevant a priori
0.025; information concerning the physiological process un-
derlying the response. It proved to be reliable and
robust regarding the actual noise level and structure,
as well as the stimulus sequence.

2
Q
i)

AT

0015

IR

Prior information and bias

=
(=}
—

Simulations comparing models with and without

prior information clearly contradict common belief,

which expects that introduction of prior information

D into analysis necessarily implies an increase of bias. In

o o_ogm 0.005 001 0.05 our case, introduction of a prior actually improved

o efficiency, variance, and bias at the same time. This is

of course true given that the prior knowledge intro-

duced into the model is respected. Estimation of

peaked HRFs with this model would certainly give
worse results.

0.005¢ —

(ii)

Noise structure and estimation

ol H The estimators introduced in this study were shown

to be essentially insensitive to the true noise structure.

& E This can be interpretated as follows. Two models were

set: one for the HRF, and one for the noise. The latter

_85/ was based on the sole hypothesis that the noise has

given (yet unknown) mean and variance, and the

o Gaussian structure imposed itself as the least biased

E under this hypothesis. From there, two situations can

YT 5005 on otE happen. I'f the mode'l fqr the HRF is sufficiently well

o2 defined (i.e., the prior information and the data are

sufficient to lead correct inference), then the actual

W) noise structure is mostly irrelevant to the estimation.

1 ] __ In this case, introduction of more refined information

.ol - (e.g., temporal correlation) would only slightly im-

prove the estimation. On the other hand, if the model

il for the HRF is badly specified, then any additional
807 information will greatly improve the results.

vanance score

= Noise level and smoothness

%l}.d = With decreasing SNR, € tends to be set to increasing
values, giving more and more importance to the
smoothing prior. Slow changes on long scales are then
overfavored, and steep variations of the HRF seem to
0.1 — be smoothed out or rounded off (e.g., between 1 and 3
; | =i sec and around the peak in the simulations). However,
0.001 0o0os 001 0.05 the same simulations showed that our inference is still

v meaningful, since the mean * standard deviation es-

Figure 4. timate stays accurate.
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(1) =1 3

(ii)

(iii)

cingulate motor area

dorsolateral

posterior parietal cortex

prefrontal cortex primary motor area posterior parietal cortex
Figure 5.

Real data: activation maps. Activation maps from (i) the significance of the divergence test devised

in this paper and (ii) the significance test by linear regression on adaptive Gaussian functions. Both

maps have the same scale, between 0 (white) and 12 (black); (iii) anatomy and thresholded

activation map from (i) (g, > 11.5).

Still with decreasing SNR, p(ely) becomes more
and more diffuse around its peak: the model re-
ceives less and less information about the real value
of € from the data. Nonetheless, the simulations
showed again that the MAP estimator for e still
makes sense for our purpose, since the resulting
HRF estimates remain accurate. In this case, though,

since the variance of € is not considered, it is possi-
ble that the variance of h becomes more and more
underestimated. This effect could possibly be taken
into account (e.g., as proposed by Kaas and Steffey
[1989]), at the cost of a more complicated and com-
putationally time-consuming model. Whether this
would significantly improve the inference is not

* 14 ¢
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right posterior parietal cortex.
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quite clear yet, considered the good behavior of the
estimators.

Convolution order

K was not estimated in our analysis but set to a
certain value (K = 20 or K = 10). How did the
choice of this parameter affect the analysis? Very little,
indeed, if the stimulus sequence is of period higher
than K or not periodic. In this case, setting K to a value
that ensures a small HRF value gives satisfactory re-
sults. On the other hand, when the stimulus sequence
is periodic, great care has to be taken. Giving K a value
higher than the stimulus period implies that the model
is not well determined. For this reason, ML estimators
cannot be calculated. As we showed, the prior intro-
duced regarding the smoothness of the HRF can some-
how make up for this undeterminacy, but there are
limits to this. In the simulation example we developed
earlier, setting K = 10 is about as far as we could go
without getting spurious effects.

CONCLUSION

This report provides an efficient and robust method
to estimate the HRF and perform activation detection
on the same dataset. The model integrates basic but
relevant temporal information about the underlying
physiological process of brain activation. Prior knowl-
edge has proven to improve the accuracy and the
robustness of the estimators. The actual structure of
the noise and its level were shown to have little influ-
ence on the performance of the estimation. Simula-
tions also showed that the estimators were robust to
the stimulus sequence.

Highly discriminant activation maps were pro-
duced from the real data analyzed, as well as a wide
variety of HRF shapes. The differences concerned the
presence or absence of a post-stimulus undershoot,
the presence or absence of a plateau, the pre- and
post-maximum steepness, as well as the time-to-peak
and the time-to-onset. Extra care has, therefore, to be
taken when a fixed HRF is chosen and activation
detection is performed, since no single function, what-
ever its characteristics, can account for activation
throughout all the brain.

Ongoing research includes the search for new prior
information and their translation in terms of con-
straints. It is also hypothesized that a more general
resolution framework (e.g., integration of several stim-
uli, several sessions) is possible and would greatly
improve the estimation.
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Unsupervised Robust Nonparametric Estimation
the Hemodynamic Response Function for
Any fMRI Experiment

Philippe Ciuciu* Member, IEEEJean-Baptiste Poline, Guillaume Marrelec, Jéréme Idier, Christophe Pallier
and Habib Benali

Abstract—This paper deals with the estimation of the blood
oxygen level-dependent response to a stimulus, as measured in
functional magnetic resonance imaging (fMRI) data. A precise
estimation is essential for a better understanding of cerebral
activations. The most recent works have used a nonparametric
framework for this estimation, considering each brain region
as a system characterized by its impulse response, the so-called
hemodynamic response functiofHRF). However, the use of these
techniqueshasremained limited since they are not well-adapted to
real fMRI data. Here, we develop a threefold extension to previous
works. We consider asynchronousevent-related paradigms, ac-
count for different trial types and integrate several fMRI sessions
into the estimation.

These generalizations are simultaneously addressed through a
badly conditioned observation model. Bayesian formalism is used
to model temporal prior information of the underlying physiolog-
ical process of the brain hemodynamic response. By this way, the
HRF estimateresultsfrom atradeoff between infor mation brought
by the data and by our prior knowledge. Thistradeoff ismodeled
with hyper parametersthat are set to the maximum-likelihood es-
timate using an expectation conditional maximization algorithm.
The proposed unsupervised approach is validated on both syn-
theticand real fMRI data, thelatter originating from a speech per-
ception experiment.

Index Terms—Bayesian estimation, ECM algorithm, event-re-
lated fMRI paradigm, HRF modeling.

|. INTRODUCTION

is related to the total amount of deoxygenated hemoglob
presentirthevoxel. The subject is submitted to an experimente
paradigm consisting of different conditions designed to study
particular brain system (e.g. memory, language, vision), whi
a continuous acquisition of brain volumes is performed. This
called arun or sessiorand lasts for approximately 5-10 min. A
session is generally repeated several times—typically betwe
three and seven—for a given subject.

This technique has allowed to detect and localize dynam
brain processes for various stimulations or tasks [3] with
high spatial resolution (of the order of a millimeter), but ¢
poor time resolution and a low signal or contrast-to-nois
ratio (CNR) so far. This makes the use of well-designed da
acquisition protocols necessary. Two classes of protocols can
distinguished: block-designed and event-related experimen
The latter has emerged as a means of observing the fMRI tir
course in response to a single, very short stimulus (a trial) [1
[4], while the former has better CNR and may require averagir
over many trials presented in close succession. Despite th
lower CNR, event-related paradigms are often inevitabli
for instance, to avoid habituation effects. In such paradigm
random intermixing of trial types is used to eliminate habit
uation, anticipation or other strategy effects [1] that migh
occur indeterministicparadigms. Actual experiments consist
of either synchronousr asynchronougparadigms, depending

YNAMIC brain functional imaging was born in the lastWhether the onsets of the conditions are synchronized with t

decade with functional magnetic resonance imagirfita acquisition rate or not. Paradigms are often asynchronc
(fMRI) [1]. For one subject, an fMRI experiment consists of th@ecause the onset of the response can be given by the sub
acquisition of a large number (100-1500) of three-dimensiorfdMself (response after a variable reaction time).

(3-D) volumes (for instanceid x 64 x 32 voxels, i.e., volume

The end goal of activation detection in brain functiona

element) measuring in each voxel the BOLD contrast [2], whidR12ging experiments is to retrieve as much as possible of t
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neuronal activity in response to cognitive or behavioral tast
[3]. However, the relation between this activity and the BOLL
response [2] is not completely understood and still under stut
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activity. In each region, the brain hemodynamic response ¢
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to a very short stimulus (the transfer function if the system gecond for a single time series of 200 samples) for the analy
linear), denoted as theemodynamic response functi@tRF). of real data in an imaging center environment.

Modeling the HRF has become an intensive topic of researchThe rest of the paper is organized as follows. Section Il sta
for many reasons. First, a precise modeling should lead tovith the introduction of the LTI model of the HRF faingle
better understanding of cerebral activations. Second, withirirgal asynchronous paradigms. Successive generalizations
region, the signal variations between conditions or stimuli (suetsynchronous multitrial multisessigraradigms are then taken
as the magnitude of the response, but also its delay or width) ¢at® account in a more complex badly conditioned observatic
only be studied with an accurate estimate of the response andnefdel. In Section Ill, we motivate our modeling choices an
its variability. Third, estimation of the HRF can be done at eveiderive the selected estimator for the HRF within the Bayesii
position in the brain in order to investigate its spatial variabilitfjormalism. Since such an estimate depends on a few hyper
Finally, some recent technological progress gives access toraimeters, Section IV adresses the problem of their tuning ¢
multaneous recordings of electrical (electroencephalograplegyrding to the maximum-likelihood (ML) estimator. Section v
and metabolic (fMRI) activities. For these reasons, the HRHRustrates the performances of aumsuperviseépproach with
has been the subject of many studies that usually assume #yatthetic data. The method is applied to a language compreh
the brain system is linear and time invariant (LTI) [9]-[16]. Alsion fMRI study in Section VI. In Section VII, we discuss the
though the question whether the brain response can be conbidits of applicability and possible extensions of the propose
ered linear is not yet fully answered, it has been shown that tethod.
assumption is a tenable and useful approximation [4], [10], [14]
and, thus, holds in the present work. II. MODELING THE CEREBRAL HEMODYNAMIC RESPONSE

Parametric methods for estimating the HRF as a transfgr
function of a LTI system appeared first in the literature [9], ) o
[11]-[13]. These approaches impose the shape of the HRF hroughout the paper, random variables and realizatio
by choosing a particular function (e.g.,.Gamma or Gaussi@h thereof are respectively denoted by uppercase (&9.,
density). Thenonlinearparameters of this function are fitted to@"d corresponding lowercase (e.4), symbols; in addition,
the data to take variations of the delay and blurring effects Bptations such ag(ylh) are employed as shorthands fol
the HRF into account. Parametric models may introduce so#we(¥lh), whenever unambiguous. Furthermorety|h; )

bias on the HRF, since it is unlikely that they capture the shaf¥¢ans that the parameter vectbis assumed unknown but
variations of the HRF within the brain. deterministic. The main notations used in the following ar

pmmarized in Table I.

Notations

By contrast, recent works have introduced temporal priS
information on the underlying physiological process of th
brain hemodynamic response to accurately estimate the HRF
in a Bayesian framework. Such priors compensate for the lackin event-related protocols with synchronous ISI, the BOLI
of information provided by the data [15], [17], [18]. ThesdMRI time course(y,)i<n<w is measured in any voxel of the
techniques only apply to periodic synchronougvent-related brain at timegt,, = nTR)1<n<n, TR being the time of repe-
paradigms and are devoted to the estimatiorormé HRF in tition, while stimuli occur with a ﬁxed'delayed impulse Signa
response to one condition or stimulus. They also deal with eaéh:)1<»<x - This means that the sampling period is equal to T
session separately and average the HRF estimates a postef{Ban the stimuli occur only at times of acquisition. The HRF i
without taking fluctuations of physiological factors acrosfien modeled as the convolution kernel of a LTI system [9], [15
sessions into account. Hence, their use has remained limité8l-
since they are not well-adapted to actual fMRI data. In asynchronougxperiments, the presented stimuli occur &

The aim of this paper is to propose a threefold efficient geneéd0Y time during scanning. In such cases, we propose to put
alization of [15], [18]. First, we derive a temporally regularized@t@ and the trials on a finer temporal grid, which has to
estimator of the HRF when shorter and jittered interstimuligefined such tha) the time occurrences of the stimiiy ) >+,
intervals (ISls) are used, such as in asynchronous paradigAi€ defined on this grid, and that) two stimuli do not occur
Second, we propose a simple extension that is able to cope v@iffhe same time. LeAt be the sampling period of this grid.
mixed taskparadigms, in which mixed trial stimuli are presente@Ur strategy consists in approximating the true onsets by th
in a random order and in a rapid succession to one another. THRSer neighbor on this grid. This very simple procedure can
extension consists in estimating a HRF per trial type. Third, Ww¥¢€n as a zero-order interpolation and generates what is ca
develop an estimation procedure that is able to simultaneoul8yhe following aninstant-matchingrror. Let(x;):>+, the time
process all fMRI time series (all sessions or runs) recorded fopgcurrences of the stimuli on this finer grid. Accordingly, the
subject in a given region. The specific treatment of each sesstdRF has to be estimated with the same temporal resolution:

LTI System for Asynchronous Paradigms

is important because noise characteristics (low frequencies) may K

be different betwe_en sessions. We will show that th_|s leads to Y, = Z hrasts, —kae + b,

more accurate estimates and relevant error bars provided that the p—r

drift terms are modeled with few parameters per session .(tyF.)I.- =z{ h+b,,, fort,=ty,... ty, (1)
cally three or four). Because these extensions require a signifi-

cant computational effort, we develop a powerful optimizatiowith z;, = [z;,, %1, —ats---,2t, —rae]t € R andh =

scheme that makes the computation fast enough (typically dig, has, - . ., hiae]t. Note first that the number of unknowns,
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TABLE |
LIST OF NOTATIONS

y; € RN Data of session ¢ for a given voxel

b; e RY: Gaussian noise vector of session 4

K+1 Number of HRF coefficients for each condition
Xi(m) € RMi x RFH! Binary “onsets matrix” of stimulus m for session 4
hm € REH! HRF for the mth condition

M Number of different conditions in the experiment
h=[ht,..., A%t € RMKFD Set of HRFs

Xi:[Xi(l)| . |XfM)] eRN: x RME+1)

Binary “onsets matrix” of all conditions for sessior

Qi Number of drift parameters for session %

P =[P.,...,Pq,]€RY xR Low frequency orthogonal matrix for session %

I; ¢ R nuisance parameters for session ¢

I Sessions number

N = Zf:l N; Global number of data for all sessions
y=[v,...,4f] eRY Complete set of data for all sessions

X =[xt]...|x38" Binary “onsets matrix” for all sessions

P = diag [Py,..., P;] Low frequency orthogonal matrix for all sessions
=1, .., l}]t € RY: @ nuisance parameters for all sessions

O =[r,...,7u] ERM Hyperparamters of the prior pdf p(h ; R, 0#)
0 = [r, 0" Complete set of hyperparameters

R Prior covariance matrix of h,,

Ry =diag[nR, 2R, ..., TuR] Prior covariance matrix of A

RMAP MAP HRFs estimate

X Posterior covariance matrix of AMAP

T Covariance matrix of the data y

£ (lAzm s ) Quadratic error between h,,, and its estimate ﬁm
S (fzm) Mean standard deviation error measure for ?zm

i.e. K + 1, may be dramatically larger than its counterpart ivhere X
the synchronous case and second, that oversampling of the diagarix P

= [P,

white noise procesh of unknown variance;, > 0, indepen- quencies (e.g. a one dimensional discrete cosine transform). 1

dent of h. Such a hypothesis may seem restrictive since it mimberQ@ of basis functions depends on the lowest frequenc

well-known that fMRI time series are correlated in time [19]f...;, attributable to the drift term and can be defined(as=

Nonetheless, as shown in [18] various noise correlation stry2N TR fumin] + 1, where “+1” stands for the mean (constant

tures have little influence on the performances of the estimatiadarm) and-] is the integer part operator. MatrR can also take

The same result has also been emphasized in [20], where theamy- covariate of no interest into account, supposed to influen

thors analyze the influence of the colored nature of fMRI noighe signal intensity in a linear way. Vectbie R® defines the

on theaveragebias of the HRF estimate. Alternatively, oneunknown weighting coefficients of the basis functions, calle

could estimate the temporal covariance structure of the noisgisance variablef the following.

with an autoregressive model, as done in [21].

Inreal neuroimaging experiments, the fMRI raw data are con-

taminated by a low-frequency drift mainly due to physiologicaC. Asynchronous Multitask Paradigms

artifacts [22]: breathing and cardiac pulses are aliased since the

sampling frequency of the data is below Nyquist's bound. Thus, We further extend (2) to allow for a different HRF estimate

these physiological factors introduce some low frequency flugor different trial types (e.g.,different stimuli or conditions). Let

tuations. A high-pass filter is generally used to remove tho§g(’">)1<m<M be the different trial-dependent matrices, eac

trends before estimating the HRF. In this study, we simultangf them being defined as the previoXsmatrix, and then sup-

ously estimate the HRF and the trend with the following modpbse that the HRFE,,, add in alinear way. Such an extension
requires to correctly define the oversampling peridtas the

y=Xh+Pl+b smallest sampling interval that allows to separate the two clos¢

)
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events, whatever their type. For the sake of simplicity, let us dehere the diag operator is used to defiReas a block-diag-
fine onal matrix. From these assumptions, the likelihood of the asy
chronous multitrials multisession modeWt) is given by

X = [X<1)| . |X(M>} e RV x RME+D ,

h— [htl hgwr c RM(K+1) p (QV%M;?"b»BBl) = HP (y:|h, M; 7y, L)
ey bl
=(2mry)" %
from which model (2) is able to cope witlsynchronous multi- _ Zl ly; — X:h — Pil;|2
taskparadigms. exp = o - —

N —|ly—Xh—PI||?
D. Multisession Likelihood =(271)” % exp (“y__”>3)

27"5
As previously mentioned, the experimental paradigm is re-
eated several times for a given subject, leading to a few ses- I

P 9 ) 9 Where N = > N

sions of about 200 to 1000 data each. i ) The number of parameters still remains large so that le:
Itis general!y assumed that the HRF remains approxmat@kiuares estimation is unreliable whiga| P]*[X | P] is ill-con-
constant provided that all the exogenous parameters (VOXglisned (the variance of the fitted parameters is too large).
task, subject) are fixed. Accordingly, the same vediorS  gyqight application of the inversion lemma for block matrice
sought from the available fMRI times series, 38y.. ., 47, 0f 5 q\ides a necessary and sufficient condition: this block-matr
respective 'engt”\@" SO thgt_a sp_ecmc matriX; is involved is invertible and well-conditioned if and only if the inverse o
for each session. In addition, it seems relevant to selectXa(IM — P(P'P)1PYX = X'(I) — PPY)X exists and
session-dependent valuelptind possiblyy; for the definition o\ all-conditioned. Note that such a matrix can be ill-con-
of P; € R™ x R since the physiological factors (breathingyiioned even ifX*X is well-conditioned. The limiting case,

and cardiac rates) fluctuate throughout the sessions. Hence'égﬁ'esponding to the underdetermination of mddef), can be
multisession extension of (2) is given by reached ifAt is too low or M too large.

(M): y,=X;h+Pl;+b;, foriecIN} lIl. | DENTIFICATION OF THEHRFs
Since the information provided by the data may not be sufi
Model (M) calls for two comments. cient to derive a robust HRF estimate, we introduce some cc

straints on the temporal structure of the HRFs that correspa
to some available physiological prior knowledge. The proposi

* the mean of; (i.e.,the baseline oh) may vary across yRrr estimate will result from an appropriate tradeoff of bot
sessions. This variation is captured by the constant colufyyes of information (data-driven and prior).

of matrix P;.
» the variance ob; is supposed constant across the sessiofs prior Information
for the sake of simplicity. In Section V, it will be shown . . L
that the proposed HRF estimate remains robust with re-FOHOV\”ng [15], [18], we introduce temporal prior informa-

gard to departures from this hypothesis. There is no thel®" wi_thin the Bayesian_framework._As physiologically advo
retical limitation preventing us from introducing aspecifi&ated_ in [5], each HRF is characterized by the following fe:

variance for each session. Nonetheless, we advocate &S ) . ] )
use of the same unknown variance for all sessions on the 1) Its amplitude is close to zero at the first and end point
same subject since we observed on our data that the major ~ AS @ matter of fact, the HRF is causal, henleg, x A+

First, it relies on the following assumptions about noises

fluctations occuring in real data are rather due to physio- should be zero fot: < 0 andm € INj,. This means
logical variations (modeled by session-dependent trends) that the stimulus at timé should only have influ-
than to some modification of the noise scaling. ence fork > 0. Similarly, the influence of an ac-

tivation should vanish in the past, implying that the
filter parameters should tend to zero for large delay
(hnq‘K'At = 0)

Its variations are smooth.

Prior statistical independence is supposed to hc
between stimuli and, thus, between HRFs. In additio
each HRF may be related to an underlying phys
ological process having its own dynamics (specifi
y= [yti7 o 7y"1]t 7 X = [Xt ... |X}]t time-to-peak and dispersion of response).

Second, modglM) allows to introduce more information than
model (2), through the introduction of new independent data.

To estimate and make inferences about the hemodynamic re- 2)
sponse, we first need to take modgH) into account through
the definition of the likelihood function. For the sake of concise-
ness, let us introduce the following notations:

t lLetA € R¥ x IR¥ be an invertible matrix, thefd) = (A™*) if Cond
L _ [t t ,
P =diag[Py,...,P;], = [11| e |ll] stands for the condition number [23].
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Condition 1) is easily introduced by redefining vectds,s Therefore, a reasonable prior on those would have been un
anda:l(”zz for theith session and alt € IN’y, setting the first formative or even improper. Moreover, in Section V-E we argu

and last parameters &f,, to zero that with a small number of nuisance variables (i.e.,WwgV
h,, = [hm,At» - hm,(K—l)At]t cRE-! is small, typicallyQ/N < 9.02) and a standard noise level, we
(m) (m) (m) " 1 are able to accurately estimate these parameters and be rea
Ty, = |:xi,tant7 ‘e 711?,-,,tn,(K,1)At} eR™™ ably confident in the variability of our HRF estimate. In othel

words, when we substitu@IL for [, the extra source of error

(m) _ [p(m) M1 2 jN: o RE-1 ¢
X = ["”z‘,tl R ] €R™ xR™. on hMAF still is small. The same holds for hyperparameters

1ty

The likelihood function (3) remains unchanged with = It follows that the most important quantityis estimated from
e, B € RMED andX,; = [XW]...|x*] e the maximuna posteriori(MAP) the maximum of the posterior
RV ME=D) for the ith session. distributionp(h|y, M, 8,1). The Bayes rule ensures the fusior

Quantification of condition 2) is achieved by setting a@f the likelihood (3) and the prior (4) into the Gaussian posteric
Gaussian probability density function (pdfy (0,7, R) for distribution ofh given (y, 8, I), from which we can derive the
p(hm; R, 7). We have choseR = (D}D,)~! for the prior MAP estimate -
covariance whereD- is the truncated second-order finite

. . TMAP
difference matrix in order to fullfil constraint 1) p (hly, M;8,1) ~ N (h¥47, %)
r—2 1 0 -+ --- 07 1 I
. ST == XX+ Ry
1 -2 1 0 Ty
D2 = 0 ' . . /’;]\'IAP 1 » ixt( P.l ) (5)
. 0 _Tb pa i\Y; 1)+
0 1 =2 1 The influence of this choice of model should have limitec
Lo e e 001 2] impact on the estimation df. However, the influence on the

SinceR ! is of full rank,p(h,,; R, 7,,,) defines a proper pridr. error bars OfhMAP might not be negligeable. As we would
For model(,M), condition 3) may be taken into account by thédike to assess the error made bj{*¥, we focus on the mar-

following pdf: ginal posterior pdf(h., |y, M;8,1). As expected, this pdf is
M NAYAP 2 —distributed withE,,, themth diagonal block of
p(h; R,01) = ] p(hm; R, 7n) . The marginal error bars can then be derived from the sta
m=1 1) dard deviationsr,,, = [04,,1...,0m k1], that are given by
| R h'Rg'h the square roots of the main diagonaByf,. Although slightly
det( R)+% T 9 @ underestimated, such error bars provide a good approximati

of the range of variation ok,,. Note that these error bars are
“created for pointwise inference and appropriate only for a sing
preselected time sample since the search over all time samg
Ry = diagriR, R, ..., 7y R] € RMED x RME-D " equires to analyze the posterior covariance mairix which
This prior model clearly favorsmootiresponses, since for eachcannot be easily represented on the same grapf)/as.
condition it amounts to minimizingDsh,, |2, i.e., the discrete
approximation of the second-order derivativelgf. We note C. Equivalence With the Marginal MAP Estimate
also that the sampling periallt is integrated in the definition of  ynder technical conditions, we show that our HRF estima
the prior variances,, and that introduction of different param-pMAP 5 5 yalid approximation of another Bayesian estimate th.
etersr,, for different HRFs allows to model specific dynamicgakes all fluctuations dfinto account. This solution corresponds
for each condition. to the maximizeh ™AF of the marginal pdf p(h|y, M; )

wherefy = [r1,..., 7] € R stands for the hyperparame
ters of the prior model and

B. Modeling Ch9|ce§ and Erro.r Bar .Computatlon . p(hly, M;:8) = /p(h.,ﬂg,/\/t;e)dz
Our HRF estimation technique is a two-steps operation, .
which first consists in jointly estimatingandé in the ML sense _ /p(h|y.l,./\/l:0)p(l|y../\/1;0)dl (6)
(see details in Section IV) before substituting the estimates . = o h
for the true values ip(h|y, M;6,1) in order to compute its where/ is assumed to be random. Using Bayes rule, the margir
maximizer. In the first step, we assume that the drift parametyssterior pdfp(L]y, M; ) rereads
[ as well as hyperparametefls= [r;,8%;]* are deterministic -
We motivate this choice below. p(lly, M;0) o< p(y|l, M;ro);p(1;61). Q)

It does not seem to us that considering the drift terms g5yhe apsence of relevant prior information abbuat flat distri-
random variables would allow the addition of significant '”forbution is considered fax(Z; 8, ) leading in (7) tap(I]y, M; 8)
mation because we have rather poor prior knowledge at hag@mL M. 8). Assuming t_haﬂ(ﬂy, M;0)is peake_d_enough, we

2The pdfp(h; R, 7,,,) is said to be proper if, p(h; R, 7, )dh < oc. may writep(l|y, M;8) ~ 6(1 —/PIAP), Whet‘ezMAP = /_ML is
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the ML solution computed by our approach (see details in Seé&- EM-Based Strategy
tion 1V). If this hypothesis is fullfiled, the marginal distribution £, notation compactness, let us dendte — [9t. I'E.
(6) is, thus, approximated by The EM algorithm, introduced by [26], is a general iterativ
o ) “ML method which ensures the increasing of the likelihood functic
p(hly, M;6) ~ /p(hlg, L M;0)0(L - 77)dl p(y|M; ) of a parameter vectd given observationg at each

~p(hly,1 :ZMH M;8). (8) iteration. S}Carting from an initial vaILJEO, a series of succesive
Therefore, our approach amounts to compuﬁn\ IAP bro- estimatesf is generated by alternating the following twac
vided thap(1]y, M;8) ~ 6(1—1™). In Section V-E, we discuss steps:
the validity of this assumption. Expectation(E) : EvaluateQ(8, 5’6;@ (11a)
IV. HYPERPARAMETERS ANDNUISANCE VARIABLE Maximization(M) : 0t = arg max Q(g,ak;g) (11b)
ESTIMATION 6

This section focuses on the automatic tuning of hyperparaMibere functionQ is defined as
etersf and nuisance variablds This part starts with an intro- ~ ~k g ~ ~k
duction to the ML principle and then examines a well-adapted (6.0 ;y) = /Ing(%MM;o)p(h@M?o )dh
way to tackle the underlying optimization problem. h

~ ~k

A. ML Principle =En [lOgi”(ﬂ’hW?"”%M?a (12)

ML estimation for hyperparameters is a very common prgg peing an auxiliary random variable whose practical role
cedure, which is currently used in various fields of signal ang make thecompletelikelihood p(y, h|M;8) easier to com-
image processing when dealing with a small number of uBUte than the original 00&g|M;5). Following [27], parameter

known but deterministic hyperparamet@r@ee, for |r_lstance, vgctor@ can be partitioned into two subvectdks s = [, mt
[24] and [25]). The underlying reason that makes this approac P . = .
teasible and attractive is that there is a | ber of(dd and@g = [ry,...,7a]" which respectively control the condi-
easible and attractive is that there is a large num er of(déja tional pdfsp(ylh, M; 8y &) andp(h; R, Bg). Then, as shown
to estimated, [) accurately. Similarly to [15], we select the hY-in Appendix I, the M-step (11b) can be divided into two oper
perparameters and nuisance variables by maximization of theii ns: maximization 0y |z with respect tdy i and max-

likelihood p(l|M; 8, 1), obtained from the joint pdf of{, Y)  imization of Qg with respect tdg (see (19) and (20) for the

after integration over the parametdis definitions of Oy and Qg respectively).
In the present case, detailed examination of the maximizati
p(ylM:0.1) = /P(QV% M;ry, Dp(h; R, 0p)dh of Qy g with respect tdy |z shows a tricky problem: theint
h maximization with respect to, and/, required by the defini-

= dct(‘r)% ex 2 strongly depends oh Nonetheless, the M-step (11b) can be re

_ (2r)> ‘ ((y_pl)t‘r—l(y_pl)> © tion (11b), cannot be performed since the updating step, of
placed by aonditionaloptimization strategy that reads

withs ]
V3 € B =0y BT
~k
= argﬂmaX Qvin <51kj1170 92)
1

with B = {85 B B Bl By ) - (13)

T =y + XRy' X"

The ML estimator @™, ML) of (8, I) minimizes

log det(T) + (y — P)*Y 1 (y — PI). (10)
R - - The variant (13) is known as thexpectation conditional max-

Computation of(8™", M) is a complicated nonlinear opti-imization (ECM) [28]. It is actually a subclass of generalizec
mization problem of several variables. First, we must resort to &M algorithms that are more broadly applicable than EM bl
iterative optimization scheme because of the nonquadratic lskare its desirable convergence properti€serefore, we resort
havior of (og det T). Second, sinckg p(y|M;8,1) isnotcon- to ECM for functionQ,, z. Hereafter, we provide the updating
cave with respect td( 1), there may exist several local minima.equations of ECM for the estimation 6f gz andfy.
Therefore, the hyperparameters and nuisance variables given by -
any deterministic algorithm depend on the initial values. In tfe. Re-Estimation Formulas fdhy | g
next subsection, we propose to resort to a variant of the expectarhe present M step of ECM is performed by searching ¢
tion-maximization (EM) algorithm to avoid direct optimizationgptimal parameter oy u at atime, sayﬁlk’“, given by (13)
of (10). or equivalently by the solution 0¥Qy- /93, = 0. This

3In these definitions, every matriR; is supposed to hav@; = Q columns Procedure is repeated for all parameters belongiréy g . As
Vi € IN7. If such achoice turns out to be inappropriate, the definitions of matrix . . i .
P and vectot should be revisited, by zero-padding matri®sand vectord; 4The EM algorithm converges monotonically to a stationary point ¢
that do not have the maximal number of componentshex; Q;. p(y|M; 8)if Q(8,8 ;y, M) is continuous in botl# andé  [26], [29].
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shown in Appendix Il, the computation of the optimal nuisance TABLE I
. T : : ECM ALGORITHM FOR HYPERPARAMETERS ANDNUISANCE
variables] can be parallelized since V ARIABLE ESTIMATION

1, = Pi(y; — X;hMAP), for ie N}, (14)

1) Initialize 8".

Taking the new estimatds and all the available datasets intc2) lteration k (k > 1)

. . : k _ gk ko kit.
account we get for the noise variance o Estimate Oy | gy = [l1,..., 17, 7p]":
— Compute I¥ using (14) for ¢ € N};
El g([) — Compute rf using (15);
~ ] — 2 K2
Ty = % (15) o Estimate 8% = [rF,..., 75" using (16);
1

3) Compute Q8,8 ; y, M) using (21)~(25);

4) Iterate k =k + 1 and 8 = [ka‘ #1,0%]* until stop rules are satisfied;

where functions;(-) are defined by (24) (see Appendix II). As
it appears in (24), updating bothandr; requires the compu-
tation of AMAT . Strictly speaking, this estimate is given by the
solution of a linear system without explicitely computing matrix
3. Nonetheless, the latter matrix is needed for settingnd is,

V. SIMULATIONS RESULTS

thus, computed before updatihg The first part of this section is a Monte Carlo study that com
pares the statistical properties of the ML and MAP HRF est
D. Re-Estimation Formulas fdtg mates (summarized in Table IlI).

In the following simulations, the CNR is defined as the ratic

The M step of the ECM algorithm with respectftg is actu- between thé; -norm of the HRF and the standard deviath%2
ally identical to a M step of the standard version of EM since glk i, noise:

the parameters belongingfg can be simultaneously updated.

As previously derived, the optimal parameté@fg are given by A Zf:o | kAt
the solution 00 Qg /08 = 0 that is (see Appendix Il for de- CNR= (K + 1)T1/2
tails) b

~MAP ~MAP t

To provide a single CNR value for time series containing sever
“{ (" (b ) “3) REI} HRFs with different shapes, we simply average the CNR of ea
7= M(K-1) response. The CNR is taken in the range of observed CNR
" tr{ (ﬁ?j‘“’ (iﬁi“’) 43, }R*l fMRI data.

K_1 , Otherwise. The rest of this section emphasizes the performances of

(16) MAP estimator and focuses on the following topics, specific t
Finally, the successive steps of ECM are summarized §r extensions:

if 7/, =7",Ym

Table II. o _ _ « Effect of oversamplingwhether it is relevant to choose a
_ As_to numerical implementation of_ ECM_, th_e following con- HRF sampling period\¢ for h lower than TR, the sam-
junction has been selected as stopping criterion: pling period of the data (see Section V-C). For this topic
ke ~h—1 bl ~k—1 we have chosen a high CNR to rigorously quantify the in
‘Q(o 0 sy, M)—0(0 .6 3%/\4)‘ stant-matching error.
T 1 <m * Successive improvements when allowing for trends ar
‘Q(G 0 sy, M) when processing several sessions at the estimation st
a e (see Section V-D). For this investigation, we have consic
H&f‘ — 95—1H ered a higher noise level to better highlight the improve
sup; = 2l <y ments brought by the multisession method on the avera
‘ oF ) bias and variance of estimation of the HRF. In addition,
i session-dependent drift term, similar to the one observt
whered denotes the solution at tHgh iteration of the mini- in fMRI data, has been added to quantify the gain that w
mization stage and the thresholds have been sef;toy,) = can achieve when modeling these fluctuations.
(10~4,1079). « Validity of the error bars on the HRF estimates (see Se:
Sections II-1V have allowed us to designsupervised non- tion V-E).

parametric estimatesf the HRF at a given voxel of the brain, * Robustness of the HRF estimate to departure from the h
depending on the trial type and the subject under study. More- Pothesis of equal noise variance across sessions (see <
over, we have provided uncertainty measures on this estimation tion V-F).

to be able to quantify the confidence we may have in the re- * Influence of overparametrizationi.e., when too many
sults. Hereafter, we demonstrate the accuracy and robustness of HRFs have been modeled and estimated compared w
the proposed estimates, first on simulated datasets, and finally

through an experimental fMRI paradigm. 6The CNR is sometimes defined as the ratio between the magnitude of t

peak signal change and the standard deviation of the noise. However, the p
value is no longer a good descriptor of the entire signal when different HR
5Since a constant noise variance has been assumed throughout the sessilrapes are considered.
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TABLE Il
SIMULATION PARAMETERS FORFOUR DIFFERENT DATASETS

Drift
Subsect. b CNR # Sess.
Flag Cut-Oft-Period (s)
§ V-B No [0.7 0.028] 10.3 1.53] 1
§ V-C No 0.008 1.46 |
§ V-D Yes [180 170 160 180] 0.03 0.73 4
[180 170 160 180]|
§ V-E Yes 10.03 0.2] 10.73 0.29] 4
140 50 50 40]
§ V-F No 10.08 0.3] 1046 0.24] 2
§ V-G Yes 160 0.02 0.92 1

the number that are actually present in the voxel undplotted in Fig. 1 for instanceh; is the canonical HRF used by
study (see Section V-G). For this purpose, favorabtbe SPM99 softwaré whereash; is chosen as an extreme ex:
experimental conditions have been chosen. ample of avery peaky HRF. The true HRFs used in the followir

Each of these topics is analyzed using synthetic data. The pebsections are similar up to a scaling factor, leading to differe
rameters of the simulation have been chosen to be compatiy#ues of the CNR at a given noise level.
with experimental conditions usually encountered, as explained® White Gaussian noise of variancghas been added to the
now. data, as well as a session-dependent low-frequency drift, wh
was generated from a cosine transform basis which coefficiel
A. Common Procedure for Generating Simulated Datasets ! were drawn from a normal distribution. The amount of lov
. ) . , frequency signal was tuned to be significant: we have check
.For each session, we have .f'rSt S|mulat§tiaadom-|nter- for each session that the ratio between the quadratic norm of
m|xedsequence_ of indexes coding for two d_|f_'fere_nt event typegig componentsP;l; and the quadratic norm of the drift-free
(M = 2). Eachindex corresponds to a specific stimulus. Unle:agtaxih + b, was no less than 50%. We stress here that tl

otherwise specified, the timing of the trials is random, since tl’é?/ents are well distributed over time such that collinearity wit

ISIs between successive trials follow a uniform distribution e low frequency signal is unlikely

[2.5, 3.5]. This might not be optimal for ML estimate. However, Number@; depends on the chosen cutoff-period for the dri

an optlmal_ design for t_he estimation of the HRF will not be ORerm present in sessianFor instance, the selected paramete!
timal for signal detection [20] and we have, therefore, chosgerprow number 3 of Table Il leads t©; = 4. The data are then
a tradeoff that is generally considered in neuro-imaging eXPYhtained after undersampling the sequences[®Ry 6| rate,

iments. To investigate the influence of the experimental demgpe- ; :
. X inter-scan interval beidBR = 2 s. Note also that the length
on the behavior of the ML and MAP HRF estimates, we COMYt the datasets varies across ses;ions g

pare the statistical properties of the solutions computed for 1) an
event-related paradigm (low detection efficiency and good HRE: Statistical Properties of the Map Estimate
estimation [20], [30]) and 2) a block design (high detection ef-

ficiency and poor HRF shape estimation [20], [31]) at the sameWe assess the statistical propert@s of the' ML and MAP es
noise level. mates through a Monte Carlo study in the finite and asymptoti

. o . . data cases. The ML solution can be derived from (5) by settil
While the optimization of the design parameters is out of the . ' ) . .
= r,/7 = 0. In particular, we first outline the bias-variance

scope of this work, these two settings contrast two opposite sflt-_ L . RN -
: . . . . ! . tradeoff, which is intrinsic to Bayesian estimation in the finit:
uations from the HRF estimation/signal detection point of view, : )
. I : OIdata case and illustrate the asymptotic convergence of the M
The reader interested by the optimization of experimental de-,.
. £s imates to the true HRFs.
sign may refer to an excellent survey [32] (and references quoté o obtain an approximation of the bias for the ML and MAF
therein), which also introduces a stochastic framework based or{. : h ppf. ; ted the luti -
genetic algorithnsto optimize a fitness measure of the experi‘-ES Imates, we have first compute ragesolutionover.J =
mental design wrt several parameters (detection efficiency, HR) realizations of the noise process
shape estimation, counterbalancing of events, 5 MAP _ 1< AMAP ML _ 1< 7ML
The onsets of the trials are put together on the same temporal 7 -7 Z i TT Z i
grid usingét = 0.5 s for sampling period. This step simply =1 =1
requires to move the onsets to the nearer time points ondhe  &www.fil.ion.ucl.ac.uk/spm/spm99.html.
grid_ 9There are generally two asymptotic situations. The first one occurs when |

; : : : ; mber of dataV — +oco whereas the second one amounts to increasing tl
Each t_)lnary tlm?_senes coupled to a stimulus is then CO@JNR in order to characterize an estimator with noise-free data. Here, we hi
volved with a specific HRFh, or hy, whose exact shapes ar@nvestigated the second case. Nonetheless, both situations are equivalent ir
approach since hyperparametet= r;, /7 is automatically tuned from the data.
These tools are available at http://www.lsa.umich.edu/psych/r&his means that whe@NR — +o00, A — 0, which amounts to overweighting
search\&labs/jjonides/download.html. the likelihood term.
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Event-related design
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Fig. 1. Average HRF estimates ovér= 100 drawings of the noise distribution in the case of synchronous paradigm= TR = 1 s) and for a low CNR
value. (a)-(d): ML HRF estimates. (b)-(c) and (e)-(f): MAP HRF estimates computeccaitstant(b)-(e) andadaptativeprior models (c)-(f). Solid and dashed
lines represent; andh., respectively. Fine and thick lines code for true and HRF estimates, respectively. In addition, the time sampbesdaf, are marked
with x andJ, respectively.

The estimation variance of the MAP and ML solutions is then 1) Low CNR or “Finite Data” Case: Fig. 1 shows the
approximated using average HRF estimates computed both for the ML and MA
strategies. As it clearly appears on Fig. 1(a), the ML solutio
v (EJMAP) _1 (h»MAP _};JMAP>2 is_ unbiased. The pointwise error bars that are depicted
J 7 Fig. 1(a) have been computed as the square roots of the v:
ance of estimatio(h;*"). The average solutions depicted in
) (’,;]ML) _ 1 (h ML _ ’,;]ML)Q Fig. 1(b), (c) correspond to the MAP estimates computed eith
’ J ’ ’ for a constantprior model @; and h, have the same prior
variance:r; = 1) or for anadaptativeprior model(r, # 72).
It follows that the quantities of interest, i.e., the mean squar®ese average time courses illustrate the well-known intrins

i M“ i M“

error for any HRFh,,, can be computed using bias-variance tradeoff that appears in Bayesian solutions
~ the finite data case: the MAP solutions are biased but le
MSE(h h) = [Hh Eh]H } ~ V( hJ) + (h—hy)?. variable than the ML estimate (their error bars, compute
from V(h,;MAF), are lower). To measure the gain brought by
The global MSE (gMSE) is then obtained after averaging ovBayesian methodology, we use the MSE and the summarizi
all time points index gMSE. We also note thAt has been taken as an extreme
X example of HRF since it is much more peaked than the ustL

oMSE(h; h) = Z MSE( hk, hi) . response, better representediyy

To emphasize the role played by the experimental paradig
in terms of bias-variance tradeoff, the same quantities have be
To remove thénstant-matching errgrwe have considered syn-computed for the block design and the results are depicted
chronous paradigms. The onsets of the stimuli and the data gg. 1(d)—(f). For the ML estimate plotted in Fig. 1(d), choosinc
defined on the same grid witht = TR = 1s. The ML and a block design rather than an event-related one generates ar
MAP estimates are now compared for low and high CNR valuegease of the variance of estimation and a slight bias. For t
(see Table IlI). MAP estimates [Fig. 1(e)-(f)], the variance remains roughly

k=1
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Event-related design TABLE IV
(a) (b) GLoBAL MSE oF THE HRF ESTIMATES COMPUTED BY ML AND
o1 0.4 : MAP METHODOLOGIES
5 ol GMSE(- ; hm) x 100
E 008 E\.' ER design Block design
o ¢ i
5 i hy ho hi hs
= S— . . . 0.2 g
g b ML estimates 545 | 537 | 883 |1126
5 004 J\"\/¥W V\IW ' CNR=0.3 MAP estimates (1 = 72)| 147 | 339 | 1.58 |53l
R ' .
= 002 '-."Ji" LY TS A A [ FAS N\ MAP estimates (11 # 72)| 146 | 2.97 1.6 | 478
A % Ny
N RN ! P S ML estimates 021 | 022
% 3 o150 2o 3 o205 CNR=1.53 MAP estimates (11 = 72)| 0.15 | 0.19
Block de51gn MAP estimates (71 # 72)| 0.12 0.18
(c) @
012 04 i
5 ol (@
5 \/\
© 0.08 I
| &
S 006 i3 02| =
c% 0.04 H "!: A °
o - H =
= YN E
002 '\5 B ,!"." 3 —a
{ ‘;i’ ""-"—'1‘:‘:.-.'-_-::':':;, [ S AU =)
(‘0 S 10 15 20 25 00 5 10 15 20 25 <
Time scale in s Time scale in s i
0 5 10 15 20 25 6 5 10 15 20 25
Fig. 2._ Mean square error computed knin (a_l), (c) and orh- in (b), (d). Time scale in s Time scale in s
Solid lines depict the MSE value for the ML estimates. Dash-dotted and dashea
Lllr&zs g gseth(?ixi:zo\ézlll;efefsréggvg'a‘P estimates computed with constant alg% 3. Average HRF estimates over = 100 drawings of the noise
p P resp Y- distribution in the case of synchronous paradigit = TR = 1 s) and for

a high CNR case. (a): ML HRF estimates. (b): MAP HRF estimates comput

. P : ; ith a constant prior model. Solid and dashed lines reprebenand h-,
constant but the bias significantly increases compared with tﬁé;)ectively. Fine and thick lines code for true and HRF estimates, respectiv

event-related situation. To summarize, working with a poor dgut cannot be distinguished at this level of CNR. The time samplés @ind
sign for HRF estimation amounts to decreasing the CNR bdth are marked with- and[], respectively.
for ML and Bayesian procedures.

Fig. 2(a)-(b) provides the corresponding MSE over all timgypsjstensince its estimation variance tends to zero. The a
samples forh, and h,, respectively. Fig. 2(a) shows that the,rage MAP estimates computed with a constant prior mode
MSE is always lower for the MAP solutions when dealing withyye piotted in Fig. 3(b) for comparison. As shown on this figure
h,. The MAP estimate computed with an adaptative prior modgere is a strong evidence that the MAP converges to the ti
has a larger bias around the peak but a lower gMSE compaf@fF 100, so that our solution issymptotically consistentt
with ML as reported in Table IV. By contrast, Fig. 2(b) showgpsyid be stressed that such a result is a direct conseque
that both MAP solutions have a larger MSE around the peak §fthe automatic tuning of the hyperparameters. Indeell 4f
h, even if the adaptative prior model allows to significantly ré;, /7 was kept constant (as in supervised estimation) the M/
duce this error. As shown in Table 1V, the MAP estimates stillstimate would be biased when the noise variapcecreases.
remain more attractive than the ML solution since their gMSEjnce) — 0 whenr, — 0, the weight of the prior model tends
is always lower. Itis also important to compare both MAP estjg, \anish, so that asymptotically the MAP estimate identifie
mates and to note that the adaptative prior model provides beligi, the ML solution. As reported in Table IV, the gMSE inde>
solutions in terms of gMSE at the expense of the computatiorpﬁb\,ideS similar results for both estimates.
cost (twice more expensive).

The MSE has also been computed for the block design X- How to Choose the HRF Sampling Rate?
periment. As illustrated in Fig. 2(c)-(d) as well as in Table IV, . .
these results show the significant increase of the mean squarg€ Present simulation addresses tradeoff between the k
error both for the ML and MAP estimates, but more importanti§nd computational burden depending on the chosen sampl

for the ML solution. To conclude, the designer of the paradighf"iod At givenét and TR. Here, we have considered a suff

should carefully select the objective function to be optimized af€Ntly high CNR to be able to assess the statistical propert

cording to the underlying question (detection HRF estimatiof[P™ ©ne single realization of the noise process. .
[32]. Since the onsets of the trials occur with a temporal resoluti

2) High CNR or “Asymptotic” Data CaseFig. 3(a) shows ©Of ¢ seconds, they are not synchronised with the data. Our &

the average ML est'mates n t_he near'ly n0|se—fr§e Case" As IIIUSIOThe MAP solution computed with an adaptative prior model is not reporte
trated, the ML estimate remains unbiased arakigmptotically here since it provides the same average time courses.
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(@ (b) TABLE V
LiF T S S e [ ] 5P S S S QUADRATIC ERRORE AND MEAN STANDARD DEVIATION S OF THE MAP
ESTIMATES COMPUTED FORDIFFERENTVALUES OF At

4
©

E( 5 hm) S(hm)
h hs hi h
At = TR 0.02 0.021 | 0.078 | 0.077
At=TR/2| 931072 | 9.21073 | 0.07 | 0.067

At =TR/4| 3.5107% |[4.2107° || 0.069

At=Tr/8| 31107 5.310-* |[0.068] 0.065

e
=

54
n

=3
i

Amplitude of HRF

S

=

is high have been obtained in 0.03, 0.08, 0.33,and 3.1 s, resp
tively, on a Pentium IV 1-GHz. Decreasing the CNR induces
slower convergence, but fdxt = 6¢, the HRF estimate is usu-
allly computed in about one second for a dataset of 200 sampl
The computational burden is, therefore, low enough to make tt
approach feasible for several hundred time series (voxels or
gion of interest). e

Moreover, choosing\t = At compared with larger values
leads to a better estimate of the noise varianc@his is likely
to be due to the fact that some data variance may be introduc
Fig. 4. HRF estimates for synchronous asynchronous estimation technidﬂy. the undersampling step.
Top rﬂvFg:F HRFISi n:gtrzguL};dngfillgtT E/Z?c)(?ni'fft— = PTJ;/ ‘(ngb)s-(ﬁ%tt:r% Finally, we note that the hyperparametexs< r, /7, if 7,,, =
(rj(;v;hed Iinseisrepresdm andhf_),_respectively. Fine aer thicklines; code for true” ! Vm € ]NRI’ Or_)‘”” : rb/T’"L otherW|s_e) aUt_omatlca”y adapt
and HRF estimates, respectively. The time samplds,oandh. are marked to the level of discretization. In the simulation performed fo
with x andLJ, respectively. different sampling periods, we have checked thata 8ok
(or Aas = 8Xa¢/2) is approximately satisfied.

Amplitude of HRF

0 5 10 l’5 20 25 0 5 10 15 20 25
Time scale in s Time scale in s

is to determine the optimal oversampling per@. This op-
timal value should be able to control the instant-matching errgr |mprovements Brought by Successive Models
in the estimate, and help us to best set the tradeoff between bia.Fhe goal of this section is to classify the performances ¢

reduction and potential variance increase. (;)lagIHRF estimates for the models that have been successiv
1

Here, we have tested the single session asynchronous ma : ) . . .
. . . . esigned in Section Il, in terms of quadratic error and varianc
(2), in which the drift component has been discarded. In ad I Juction
tion, we have imposed identical prior varian¢es = 7). | ) ) . _
Fig. 4 shows a qualitative comparison betwegn= TRand 1) the influence of modeling drift terms in (2); o
At < TR models when dealing with asynchronous paradigms. 2) thesession-dependeniodel (2), where each HRF is esti-

The influence of the oversampling period appears clearly: the ~Mated from each session (before a possible averaging s
closerAt is to t. the less biased the estimate is. over the sessions), compared with theltisessioimodel

(M), where each HRF admits a single estimate derive
from the whole set of sessions.
a) Comparison of rows 1-3 and 2—4 of Table VI proves the
the quadratic error of the HRF estimate diminishes when mo

We have quantitatively checked this result measuring the
guadratic error £ and themean standard deviatio§ of the
HRF estimates with

5(Em; h.) = M7 =1,2 eling a drift component (more significantly fls): the criterion
K-1 £ is smaller when the nuisance variables are jointly estimate
-~ 1 = The variance reduction or the decrease&a$ rather marginal,
S(hn) = K—1 Zl Tm.p- an probably because the number of unknown parameters is lar
=

. ) i o when a trend is modeled with a constant number of data. The
For h, that fits well with the prior model, both criteri& and ) ovements are emphasized when dealing with multisessi
S decrease withA¢, even when the sampling period goeggstimation. Fig. 5(b) llustrates the gain in robustness brought|
below At (see Table V). By contrast, fohy, & decreases model(A), which takes a session-dependent drift into accour
until At = 6t = TR/4 and increases for lower values, agompared with the results when the drift has not been model
reported in Table V. Therefore, selecting a sampling perigdl Fig. 5(c). Quantitative results reinforce these improvement
underAt = TR/4 does not really improve the accuracy ang@s shown in rows 7-8 of Table VI.
robustness of the global estimat®*". These results are also b) Rows 5-6 of Table VI as well as the comparison o
obtained for lower CNR values. Fig. 5(a)—(c) shows that multisession modeling has a greal
ChoosingAt < At leads to an increase of the computationahfluence on the accuracy of the HRF estimates than the cons
cost. More precisely, the results of Fig. 4(a)—(d) where the CNRation of nuisance variables in the model. Assuming stabilil
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TABLE VI
QUANTITATIVE ASSESSMENT OF THEHRFS ESTIMATED BY THE SUCCESSIVEMODELS OFSECTION Il

Quadratic error £(- ; ha) |Dispersion & ()
hy hs hy h>
Single Session & No drift & 71 = 72 0.017 0.018 0.13 0.13
Single Session & No drift & 71 # T 0.016 0.017 0.12 0.13
Single Session & drift & 71 = T2 0.015 0.015 0.11 0.1
Fig.5(a)| Single Session & drift & 71 # 72 0.015 0.014 0.08 0.11
multisession & No drift & 7 = 72 51072 0.01 0.1 0.1
Fig.5(c)| multisession & No drift & 71 # 72 61073 81073 0.08 0.1
multisession & drift & 71 = 72 51073 71073 0.06 0.06
Fig.5(b)| multisession & drift & 71 # 7 41073 ‘6,5 1072 ‘

(a) (b) (c)
11 L1 11 B -
9 0.9} 09 :
I~ : : :
jan 0.7} g B 07 —h,
[ :
=) 0.5 o SO 05 . h
Q :
ks 03} 03 il
= ;
2 { :
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S ] SR S BV L R et ) £3sl il ]
< : : : : LTI
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Fig. 5. (a),(b): comparison of the HRF estimates computed fwoeversusfour sessions, respectively when the low frequency drift included in the data
modeled with); = 4 nuisance variables for each session. (b),(c): comparison of drift modeled (b) and drift not modeled (c) for HRF estimates comput¢
four sessions. In all cases, we have considered the adaptative prior (nogél . ).

of the HRFs across sessions in a given voxel actually alloysoach. To achieve this goal, we performed several Monte Ca
to bring more information and, therefore, leads to a significastudies® in which we analyzed the influence of the number ¢
bias reduction and a slight variance decrease. The variamgfisance variables); = 4 and@; = 18) as well as the the
reduction is even greater on data without drift componenbise level CNR = 0.73 as in Section V-D an@NR = 0.29)
(results not shown). Nonetheless, the drift embedded in thg the estimation variance éf The drift terms were held to
data being random and session-varying, $healues reported the same value for a complete run. First of all, we checked tr
in Table VI do not go down when a session-dependent drift hggr estimatd™" is unbiased. For a small number of drift term:
not been modeled. Comparison of Fig. 5(a)-(b) demonstrat@a, =4, Qi]Ni = 0.02) and a standard CNRCNR = 0.73),
the relevance of the HRF estimates computed from all availa% standard deviation of our nuisance variable estif8tevas
datasets] = 4). no larger than 3% of the maximal amplitude of the drift. Thi:
o analysis only gives the behavior of our estimAf&, but even
E. Validity of the Error Bars indirectly, the dispersion aM" is related to the computed error

A concern is to know whether the approximation leading 8ars onk™". In such cases, our approach essentially provid
(8) has a good chance to be satisfied. This approximation is?é accurate approximation of the dispersiorhdf'*" at low
the origin of the variance underestimationofAF. Our argu- COSt.
ment is that with a small number of drift parameters comparedWhen increasing the noise levelNR = 0.29) or multi-
with the number of data (whe@ /N is small enough) and a Plying the number of nuisance variableg;(= 18, Q;/N; =
standard CNR our approach provides an accurate estimatd)d). We observed that the standard deviatiof*df was at least
the nuisance variables such that the extra source of error reldiéidltiplied by three. In these more difficult cases, the solutior
to these parameters should be negligeable. Such cases ar&té- andh*A” are close to each other but the main differ
alistic and occur whe®/N < 0.02, for instance when the €nce is that the error bars derived bH*Y will be underesti-
lowest frequencyfmin is 1/120,N = 180 andTR = 2 s we mated since they will not be able to capture the dispersion i

c_ar_1 choose?,— = 4. Conseguently, vye are mterested IN quan- 11y — 103 realizations of the noise have been drawn to accurately estim:
tifying the bias on the variance estimate provided by our apre dispersion of the nuisance variable soluiifi.
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Fig. 6. Testing for the robustness to the equal noise variance hypothesis. (a)-(b) HRFs estimated from a single session where the Gaussian noise has 1
{1 = 0.08 andr{*) = 0.3, respectively. In (c), the HRFs have been estimated from both sessions with @ddethat is assuming/") = r{*.

tributable to the drift terms. In other words, the estimation vars. Overparametrization of the Number of HRFs

ML ; ; TMAP
ance OZLA\’R&?} taken into account i -Hence, weshould ey, we have used two trial types: one generating the peak
computeh™ ™" and the marginal posterior covariance matrijrF p,, depicted in Fig. 5 for instance, and one yielding no re

Y g'? to remove the existing bias on our error bars. These devgponse (zero function). Two different HRFs were modeled at tt
opments are beyond the scope of this paper (see Section éBtimation stage. The question addressed here is whether m
We, therefore, limit the field of applicability of our technigque tceling the nonexisting function as a HRF influences bias and va
small number of nuisance variablé9; < 5) and reasonable ance of the estimate df,. Indeed, it is well known in the ML
CNR (roughlyCNR. > 0.5). framework that, the larger the number of unknowns, the high:
the variance of estimation. Simulations (not reported here) shc
F. Robustness to the Equal Noise Variance Hypothesis that inclusion in the model of ancorrelatedand nonexistant

We are also interested in testing the robustness of the HﬁBF dl—?lgls: nort1 have arr:y mflgenlce oln the estimation of the e
estimate to a departure from the hypothesis that the noise is g » Whatever the noise level.

stant across sessions. For doing so, we have considered two se'g-o'[e thatitis also possible to design a statistical test either f

. X i )
sions with respective noise varianoéé) = 0.08 and rlE?) — assessing Wh(_ether an estlmated HRF is ?ero _o(hpt: 07),

2) . . ___or for comparing both estimatd®; = h»?), since the sum
0.3. We stress here thaﬁ = 0.3 is an extremely high noise

. . of squares of the difference betwekn and h, follows a x2
level, not found in actual dgtasets byt usgd to emphasize thed%'tribution (see [34] for details).
bustness of our approach in a multisession framework.
As shown in Fig. 6(a) and as expected, the HRF estimates are
closer to the original ones when the noise level is low. Fig. 6(b)
demonstrates that increasing the noise variance provides over-MRI Parameters

smoothed results and stresses the limits of the prior model fOIThe experiment was performed ona3-T Wh0|e_b0dy syste
such low CNR values. Moreover, small error bars that are visilgruker, Germany) equipped with a quadrature birdcage rad
in Fig. 6(b) result from overconfidence in the prior. In this eXfrequency (RF) coil and a head-gradient coil insert designe
tremely noisy situation, the problem discussed in Section V-Efi§r echoplanar imaging. Functional images were obtained wi
amplified. Here, this variance underestimation concerns the Ry{2*-weighted gradient echo, echo planar imaging sequen
perparameters and is due to the large uncertainty onthe hypeqgar, = 3.3 s, TE = 30 ms, FOV= 240 x 240 mm?, ma-

rameter estimates. With a more important computational effofix — 64 x 64). Each image, acquired in 1.3 s, comprised 2.
this uncertainty could be computed using the methodology demm-thick axial slices covering most of the brain. A high-res
rived in [33]. The opposite result would be observed in the stagtution (1 x 1 x 1.2 mm) anatomical image using a 3-D gra-

dard ML framework, where the hlgher the noise Ievel, the |al’gg|'ent_ech0 inversion_recovery sequence, was also acquired
the error bars. Note also that the noise variance is better eglich participant.

mated when the CNR is not too low. Finally, the HRFs plotted in
Fig. 6(c) have been computed from both available datasets, Bs-Description of the Paradigm

suming they have been generated with the same noise variance$he method was assessed on real data acquired in a spe
since this assumption holds in mode\1). Clearly, Fig. 6(c) giscrimination experiment. The experiment consisted of six se
shows that the proposed Fechnlque remains robust with regargi@nsu = 6) comprising 100 trial$N; = 100) lasting 3.3 sec-

some departures from this hypothesis. In other words, the Mghds each. In each trial, the participant heard two pseudo-wor
tisession approach provides better results than the sessionggy headphones. His task was to indicate whether he had p
pendent technique, even with session-varying noise levels. cejved or not a difference between the two stimuli. There wei

12Given by the left superior block of the joint covariance maix ;, of size  tT€€ types of t_ria|$M = 3_): “Phonological,” “ACOUSt_i(_:," and
M(K —1)Q x M(K —1)Q. “Control.” In trials belonging to the “Control” condition, the

VI. EXPERIMENT
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Fig. 7. Real data originating from a speech perception experiment. Top row: statistiegls yielded by SPM 99 (thresholdedfat= 0.001), superimposed
on axial slices of averaged T1-weighted images. Middle row (al)—(c1): Maximum likelihood HRF estimates computed from six sessions in voxels markec
crosseg Vi — V3). Bottom row (a2)—(c2): MAP HRF estimates computed from six sessions in the same voxels. Voxel coordinates are indicated near
courses. “Phonological,” “Acoustic,” and “Contro” conditions are coupled Withh., k3, respectively.

two auditory stimuli in the pair were exactly the same. In th€ obtain such results, one first has to specify an fMRI mod
“Phonological” condition, the stimuli differed along a contrasthat uses a canonical HRE.. Second, least squares esti
used to distinguish words in the language of the participant (itation and inference on relevant contrasts of the parame
waslinguistically relevant path versus bath in English). In theestimates is performed. The first half of the regressors of t
“Acoustic” condition, the stimuli also differed but the contrasfMR| model is defined by fo (tn) a (™) * h.)(t,) for
between the stimuli was not relevant in the language of the par— 1,... ., N = &;N; = 600 andm = 1,...,M = 3. The
ticipant (e.g., beat versus beet in English). second half derives from the convolution of the first-orde
The stimuli pairs were presented during the silent gaps lastiggrivative ofh. with the onsets. The use of derivatives allows t
2 seconds between two succesive acquisitions (the TR was 3g&f robustness against variations of the maximum amplitu
and the time of acquisition of one volume was 1.3 s). The onsejsthe delay of this maximum.
of events were aligned with the start of the second stimulus in aThe middle row of Fig. 7 shows the ML HRF estimates it
pair (i.e. at 1.65 s), which felt in between two successive acqree different voxels from the left superior temporal gyrus ¢
sitions.At = TR/2 is, therefore, an appropriate choice for th@ne participant: (Talairach coordinates in millimetérst X =

sampling period of the HRF. —60, Y = =24, Z = 4); Vo(X = =68, Y = —28, Z = 8);
Va3(X = —64, Y = —40, Z = 16). These time courses have
C. Results been computed without oversampling, i.e., just by estimatit

The top of Fig. 7 shows$ maps (thresholded @& = 0.001 the amplitude of each HRF at eveBR. The bottom row of
corrected for multiple comparisons) superimposed on axiaig. 7 shows the MAP HRF estimates in the same voxels. The
slices of averaged T1-weighted images, computed with SPM98sults have been obtained from mog#fl), that is discarding
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the influence of the trend and the baseline and taking the sime samples of the HRF) or shifted in time such that the sta
datasets into account. We have also considered the same mfdhe HRF estimate can be chosen arbitrarily before the actt
variance for the three modeled hemodynamic responses.  occurrence of the stimuli (for instance, a few seconds before
Not surprisingly, Fig. 7(al)-(a2) proves that the stimullhis allows the user to check the influence of this constraint ¢
elicited very similar responses in Heschel gyrus (primathe HRF estimation.
auditory cortex,V;). The two other voxels were located in the The method can be extended in several ways:
planum temporale. Fig. 7(b1)-(b2) shows figr that there is  First, to reduce the bias on the error bars we could resort
differential treatment when the stimuli differed, regardless ef second order Taylor expansion on the drift estimate as pi
the type of difference (phonological or acoustic). By contragsosed for hyperparameters in [33]. This scheme needs an i
Fig. 7(c1)-(c2) shows a specific increment for phonologicglortant computational effort. Alternatively, the usual Bayesia
contrasts (speech processing). methodology leads to integrate the joint posterior distributio
The main error that appears on the ML solutions ip(h,l|y, M;8) overl. Further developments should be done t
Fig. 7(al)—(c1) concerns theemodynamicdelay, i.e., the develop the MMAP estimate and check its ability to provide
time-to-peak since the instant-matching error is abbBRy/2. error bars that allow for the dispersion of the nuisance variable
To circumvent this problem, the HRFs should also oversamplgtharticular if a large number of nuisance variables is necess:
but this leads to an increased number of parameters and, thosnodel drift terms as well as other additive effects of no in
to unstable ML solutions. This situation, therefore, requirasrest. In this framework, a particular attention should be pa
regularization. to hyperparameter estimation. If an EM algorithm was consic
ered to perform this step, tlewmpletedata should bey h, [)
VIl. DISCUSSION and function@ should be defined by a

In this paper, we have described and tested a general methodg(e 6"y, M)
for estimating the hemodynamic response function in fMRI e

data. The method is general enough to deal with all specific = / log p(y, b, 1| M;8)

features of fMRI data, including the ability to work on several . B .

sessions and several experimental conditions in the context of x p(h, 1y, M;8%)dh dl

an asynchronous sampling in event-related paradigm. In addi- . ! hoIIM: 6 0"
tion, our optimization scheme is sufficiently efficient to allow T EL [ng(g-, LM 0)ly, M; } '

large fMRI time series to be processed. Finally, physiologic
artifacts can be correctly taken into account, provided that th
are modeled with a small number of parameters (typically, fo

per session). This work has been implemented in 471l tained after a block matrix inversion that will be more expensiv

toolbox and mterfacegl with the SPM99 software. than the computation of the covariance maX¥ifsee (5)] since
To our knowledge, this work presents the only comprehenswge number of nuisance variablés = %:Q; would be larger

robust nonparametric estimation of the fMRI brain responselrﬁ)an the number of HRF coefficientd (K — 1). On the other
atask or a stimulus. Applications of the technique are manifol Lnd. since vecto would have a smaller sizé the EM algo-
This approach should improve the observation of significa@i ' !

maximizing Q would require the computation of terms sim-
idr to (24), which could depend on the joint covariance matri
me of size M (K — 1)Q x M(K — 1)Q. This matrix is ob-

. . . . hm should converge in fewer iterations with a higher cost pe
differences between the HRFs estimated for different stimy, L ration 9 9 P
within the same brain region. Using the HRF estimate to speci Second, another interesting extension would consist in co
asubject-dependemgeneral linear model, we could address the. ’

problem of the validity of the choice of the regressbrd such sidering a Spa""?" model. Since the BOLP signal is known t
. o : ve some spatial structure [36], estimation of the HRF over

a model and may improve the localization of the signal (see [35] . . . -
L . - "relgion of interest should also provide a more robust estimatic
for a multivariate approach of this problem). In the domain g .
. . S - . . o as demonstrated by [37] who use a general prior on the spat

fusion of information (in particular with EEG signals) it is also . -
xtension of the signal.

important to have such a robust estimate of the HRF, to investic
gate the relationship between metabolic and electrical measureTh'rd’ the model pfeser?ted here assumes that the respons
ments. constant in time. While this assumption is reasonable in a fir

Physiologically, the HRF should be zero-valuedkat= 0. instance (as long as the ISIs do not decrease below about t

However, in practice, one sometimes detects voxels where t %conds), itis likely that there exists some variations in tim

assertion is not true. The most common cause of this effelgﬁ(.a tp pEy&olgglcal fr”e“.ra' adaptatlﬁn to the stimulus or tas
seems to be uncorrected stimulus-correlated motion. Since mo~> ISt e_ s_u ject o ongomg research. . .
tion correction in fMRI data is hardly perfect, it is often impor- Fourth, '.t IS not yet clgar if the responses coming from dif
tant to remove the zero constraint/at= 0. In the proposed ferent subjects can easily be averaged in a single response

software, this constraint can be either changed to a less stigY be that several subjects have too different brain respon:

gent prior (for instance, the first-order derivative at the extremallJCh that the averaging of those signals would be difficult to ir

terpret. The extension of the method to deal with multisubje:
13The HRF toolbox can be downloaded at the following URL site.data should be developed, although data can be analyzed at
http://www.madic.org/download/HRFTBX. same time using a different HRF per subject, with a generaliz

14These regressors has been selected empirically so far. tion of model (M) that takes different noise variances acros
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subjects into account. Such a generalization requires to ovBince the posterior pdfo(h|y,M;5) is /\/(EMAP,E)-dis-
come the actual difficulties encountered in group analysis: thébuted, analytic calculations_give fer
most salient ones consist in removing subject-dependent move-
ment artifacts and normalizing all subjects in the same space () = ‘
reference. . o
Lastly, we hope that this method can be the basis for somd€re, we would like to stress the _separabmty property, e
work that would take advantage of the recent advance in joﬁ)]rtessed through (22)} thata*llows to think about a parallel upd:
recording of electrical activity at the surface of the scalp in t vectorsfly g, fori € IN; ! exgept forrs. Such a PrOF’e”V
MR scanner. In particular, using such (joint) recordings, it ma{gsultg from mo‘,’eW) and implies that thg maX|m|zat|qn of
be possible to partially retrieve the local field potential infor<YIH S block-ywse decogpled for_ vectot;s Fl_nally, replac_mg
mation from the BOLD signal, which would provide a bettef by its value in (23), taking the first derivative @y, With

/ . .
understanding of the neural computation well resolved in tinf{§SPect i@y z and equating to zero yields (14) and (15) for
and space. andry, respectively.

y, — Pl — XZ-EMAPHZ +tr (X,2X7)

APPENDIX Il
UPDATING 0y

APPENDIX |
DECOUPLING THECOMPLETE LIKELIHOOLD OPTIMIZATION
Vector 8 can be partiioned into two subvectof g Fro.m the prior pdf (4) and the definition (20), functi@y
and 8 which respectively control the conditional pdfdS defined by
p(ylh, M;0y ) and p(h; R,0g). The M-step of the EM B K_1) M (0
algorithm can be divided into two simpler independent max@g 0},,0;g) = —% Z log 1/, — (6n)
m=1

imization problems. The complete likelihood which enters in 2
the definition ofQ in (12) can be expressed as _% log det(R) (25)
p(y; hiM;0) = p(ylh, M; 8y m)p(h; R, Om).  (18) .
For any set value of parameters veoﬁgr define functions £ (9}{) —Eg |:htR/Hh|y7 Mﬂ

Qy g and Qg as

~0 ~0
Qv By, 0 ;y) =E [logp@h’M;eY'H)'g;a ] (19) andRy = [r/R.7}R,...,7},R)]. Here again, replacin§ by
Qu(0n.8 ;y) =E [logp(h; R, 9H)|y;50} . (20) (26)in (25)and taking the first derivative &g with respect to
- = 6’ allow us to find the updating (16).
It can be immediately deduced from (12) and (18) that function

Q can be expressed as ACKNOWLEDGMENT

= (BMAT) RyhMA” 4 tr (Ry Ryy)  (26)

~ ~0 ~0 ~ .
Q6,8 ;y) = Qv (0Y|H,o ;y) + Oy (011, g0 y) (21)  The authors would like to thank the anonymous referees f
_ B o o B _ B helpful comments and remarks.
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Estimation of the Hemodynamic Response in
Event-Related Functional MRI: Bayesian Networks
as a Framework for Efficient Bayesian Modeling and

Inference

Guillaume Marrelec*, Philippe Ciuciu, Member, IEEE, Mélanie Pélégrini-Issac, and
Habib Benali, Senior Member, IEEE

Abstract—A convenient way to analyze blood-oxygen-level-de-
pendent functional magnetic resonance imaging data consists of
modeling the whole brain as a stationary, linear system char-
acterized by its transfer function: the hemodynamic response
function (HRF). HRF estimation, though of the greatest interest,
is still under investigation, for the problem is ill-conditioned. In
this paper, we recall the most general Bayesian model for HRF
estimation and show how it can beneficially be translated in terms
of Bayesian graphical models, leading to 1) a clear and efficient
representation of all structural and functional relationships
entailed by the model, and 2) a straightforward numerical scheme
to approximate the joint posterior distribution, allowing for
estimation of the HRF, as well as all other model parameters. We
finally apply this novel technique on both simulations and real
data.

Index Terms—Bayesian inference, Bayesian networks, func-
tional MRI, hemodynamic response function.

I. INTRODUCTION

UNCTIONAL magnetic resonance imaging (fMRI) is a

noninvasive technique allowing for the evolution of brain
processes to be dynamically followed in various cognitive and
behavioral tasks [1]. In the most common fMRI technique,
based on the so-called blood-oxygen-level-dependent (BOLD)
contrast, the measure is only indirectly related to neuronal
activity through a process that is still under investigation
[2]-[4]. For this reason, a convenient way to analyze BOLD
fMRI data consists of modeling the whole brain as a stationary,
linear “black box” system characterized by its transfer response
function, also called hemodynamic response function (HRF)
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[5]. This model, called general linear model (GLM), fairly
well accounts for the properties of the real system as long as
the inter-stimulus interval does not decrease beyond about two
seconds [6], [7]. When this constraint is not respected, other
models have to be developed [8], [9].

Estimation of the HRF is of the greatest interest when ana-
lyzing fMRI data, since it can give a deep insight into the un-
derlying dynamics of brain activation and the relationships be-
tween activated areas. HRFs are increasingly suspected to vary
from region to region, from task to task, and from subject to sub-
ject[10]-[12]. Age and disease are also more and more believed
to have a significant influence on the BOLD response [13], [14].
Nevertheless, accurate estimation of the response function still
belongs to ongoing research, since the problem is badly condi-
tioned. Various nonparametric methods have been developed so
far in an attempt to infer the HRF at each time sample, such as
selective averaging [6], averaging over regions [15], introduc-
tion of nondiagonal models for the temporal covariance of the
noise [16], or temporal regularization [17].

In [18] and [19], we proposed a Bayesian nonparametric es-
timation of the HRF for event-related designs. Basic yet rel-
evant physiological information was introduced to temporally
constrain the problem and calculate robust estimators of the pa-
rameters of interest. In [20]—-[22], the model was extended to
account for asynchronous event-related designs, different trial
types, and several fMRI sessions, further improving the estima-
tion. For calculation reasons, all variants proposed so far have,
however, the drawback of not integrating the hyperparameter
uncertainty. Furthermore, probabilistic treatment of the drift pa-
rameters in the extended model was possible [23], [24], but at a
significantly higher computational cost.

In this paper, we propose to cast a new light on the GLM. We
still place ourselves in a Bayesian framework, permitting inte-
gration of information originating from various sources and ef-
ficient inference on the parameters of interest. A general model
is set to account for most event-related fMRI data. In a conven-
tional Bayesian approach, we would then calculate the joint pos-
terior distribution of all parameters, which would be the pivotal
quantity for all further inference. Since direct sampling from
this probability density function (pdf) would prove impossible,
Monte Carlo Markov chain (MCMC) sampling would be re-
quired, such as Gibbs sampling [25], [26]. In this case, pos-
terior conditional pdfs should be derived. In this perspective,

0278-0062/04$20.00 © 2004 IEEE
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we advocate that calculation of the posterior pdf is unncessary.
Instead, we resort to a novel approach that focuses on graph-
ical modeling and that, once the model has been properly set,
makes it possible to directly lead probabilistic inference about
all parameters. More precisely, we utilize graph theory [27] to
conveniently deal with the model. Indeed, graphs give a very
simple and efficient representation of the model, however com-
plex it may be. In this framework, we translate the model into a
Bayesian network. Using Markov properties of such networks,
drawing inference becomes straightforward, and Gibbs sam-
pling finally provides us with a numerical approximation of the
joint posterior pdf.

In the next part of this paper, we develop the general Bayesian
framework for HRF estimation, presenting an extended version
of the GLM. In Section III, the GLM is translated in terms of
graphical model, and it is shown how inference can readily be
performed from there. We briefly present simulations and fi-
nally apply our model to real data.

II. HRF ESTIMATION IN fMRI DATA ANALYSIS
A. Notations

In the following, x denotes a real number, z a vector, and
X a matrix. For the sake of simplicity, (z;)—between paren-
theses—is a shorteut for (z;)1<i<s. “*” is the regular matrix
transposition. Iy stands for the NV x N identity matrix. “o”
relates two expressions that are proportional. For two variables
x and y, “z|y” stands for “z given y,” and p(z) for the
probability of z. A'(m, V;x) is the Gaussian density function
with mean m and covariance matrix V' calculated at sample
z. Inv-x%(d,r%;u) is the scaled inverse-chi-square density
function! with d degrees of freedom and scale parameter 2
evaluated at sample .

B. General Linear Model

Let an fMRI experiment be composed of S sessions,
each session involving I different stimulus types. Define
Y, = (Ys,t,..)1<n<n, as the BOLD fMRI time course of a
voxel (i.e., volume element) at (not-necessarily uniformly sam-
pled) times (%, ,,) for session s, and z,; = (@s¢)s, o<t<t. x.
the corresponding binary time series, composed of the ith
stimulus onsets. The following discrete linear convolution
model (H) is assumed to hold between the stimuli and the data

I K; M

Ys,ts n = E § xs,i,ts‘n—kAthi,kAt + E drn,tsvn /\s,'m + e,
i=1 k=0 m=1

n = ns + 1,..., Ns, where ng is the largest integer so, that

tsn — KAt < ts1 for all i. The (K; + 1)-dimensional vector
h; = (h; rac)! represents the ith unknown HRF to be estimated,
sampled every At. All HRFs are assumed to be constant across
sessions. Ly, = Ny — ng is the actual amount of data used in
the calculation for each session. X, ; = (5,42, ,—kat) iS the
regular Ls-by-(K; + 1) design matrix, consisting of the lagged
stimulus covariates. In the L,-by-M; matrix Dy = (dy,¢, )

UIf w is chi-square distributed with d degrees of freedom, then dr? /w is scaled
inverse-chi-square distributed with d degrees of freedom and scale parameter r2.
Equivalently, a scaled inverse-chi-square distribution Inv-x2(d, r2) is a special
case of the inverse Gamma distribution Inv-I'(ev, 3), with « = d/2 and 8 =
dr? /2. See the Appendix for the exact expression of the corresponding pdf.
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are the values at times (¢,,,) of a basis of M, functions that
takes a potential drift and any other nuisance effect into account,
and A\; = ()\s,m)t contains the corresponding coefficients. For
the sake of simplicity, the basis is assumed to be orthonormal,
so that (1/L,)D,D% = Iy . Vector e, = (es., )" accounts
for noise and is supposed to consist of independent and iden-
tically distributed Gaussian variables of unknown variance of,
assumed to be independent from the HRFs. In matrix form, (H)
boils down to

I
Yo=Y X.ihi+DA +e, s=1,...,S
i=1
also called general linear model (GLM). In this model, the like-
lihood of the data yields

1% ((Z’/s) | H, (hi)> (03) 7(/\8))

Il
w

p(y, | H.(hi),02. ) (1)

s=1
with each term in the product reading

p (ys | H, (hi)70§7As)

I
:N<ZXs,ihi+DsAsvg§ILs;ys) . (2)

i=1

C. HRFs and Hyperparameters

Inits general form, the GLM is usually ill-conditioned, for there
are too many parameters to estimate compared to the information
brought by the data. Prior information must, hence, be incorpo-
ratedin order to constrain the problem. Since the underlying phys-
iological process of BOLD fMRI is as of yet only partially under-
stood, we set the following soft constaints [18], [21].

P1) The HRFs start and end at 0. This amounts to setting the
firstandlastsamples of each HRFto0,sothatonly K; —1
parameters (instead of K; 4+ 1) are now unknown.

P2) TheHRFsare smooth. Quantificationis achieved by set-

ting Gaussian priors forthe normofthe second derivative
of the HRFs, whose variances are adjusted by hyperpa-
rameters €;’s. More precisely, we assume that

b (s | 1,2) x xp| 020
&

Following usual practice, 9%h; can be discretized as
hi (k+1)at — 2hi kAt + i (e—1a8)

(At)?
fork =1,..., K; —1. Taking into account that h; o =
hi,k = 0, we obtain in matrix form

(0%Rh); kot =

9?hi = Da ;h;
where Dy ; is the following (K; —1) x (K; —1) matrix:
-2 1 0

Dyi=——
20T (At
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Hence Given data (y,), our knowledge relative to the model param-
eters can easily be updated using the conditioning formula
[0h;||* = (D2,ih;)" (Da,ih;)
— hf (D;)ZDQ,z) hl 1% ((612) ) (hz) (052) ’ (As) | H7 (ys)) =
) . p((ys)7(612)7(hi)7(03>7(As)|H)
Finally, we obtain for h;: p((y.) | H) :
p(hi |H,e}) =N (0,&R;;h;) i=1,....,1 (3) Inwords, the joint posterior probability distribution is propor-
tional to the joint probability of (4). Replacing all distributions
where R, = Dj;D; is the following (K; — by their functional forms, this joint posterior pdf could be calcu-
1)-by-(K; — 1) symmetrical positive definite matrix lated in closed form, as is indeed done in most works applying
1 Bayesian analysis. Since direct sampling from the joint posterior
R, = (At pdf is impossible, we must resort to MCMC, e.g., Gibbs sam-
o4 1 0 0 pling where the conditional pdfs should be derived. In this per-
spective, we propose to avoid calculating the joint posterior pdf
-4 6 -4 1 0 to directly proceed to inference. In order to do so, we beforehand
1 4 6 -4 1 0 embed our model in a framework that allows for convenient rep-
0 1 -4 6 -4 1 0 resentation, handling, and numerical inference: Bayesian graph-
% ical models.
0 1 —4 6 —4 1 0 III. GRAPHICAL MODELING
0 1 -4 6 -4 1
1 —4 6 —4 A. Directed Acyclic Graphs and Bayesian Networks
0 - 0 1 -4 5 A graph G is a mathematical object that relates a set of ver-
. . tices, or nodes, V, to a set of edges, F, consisting of pairs of
P3) Ellztprlor dependence is assumed between HRFs, so elements taken from V. There is a directed edge or arrow be-
tween vertices z,, and z,, in V if the set F contains the or-
I dered pair (zn,2zm); vertex z, is a parent of vertex z,,, and
p((hi), ()| H) = Hp (hi |H,e})-p (€| H). vertex z,, is a child of vertex z,,. A directed graph is a graph
i=1

For convenience reasons, the priors for €2’s are set as conju-
gate priors, i.e., these parameters are assumed to be a priori
independent identically distributed with common pdf a scaled
inverse-y? with n. degrees of freedom and scale parameter 2
given in the model (n. set to a small value to obtain a “hardly”
informative prior). This setting is further precised later and also
analyzed in the discussion.

D. Drifts and Noise Variances

Unlike the HRFs, noise variances and drift parameters may
vary across sessions. Each o2 is assumed to follow a scaled in-
verse-x? distribution with Ng,s degrees of freedom and scale
parameter 72 _. Each A is assumed to be Gaussian distributed
with mean m A,s and covariance matrix Vy ;.

E. Joint Posterior Distribution

Considering the model so constructed and assuming no fur-
ther prior dependence between parameters, formal application
of the chain rule yields

p (@) (). (ho), (02) , () | H)
S
=[]v @, |H.(h:). 02 A)
x p(A: | H) - p (07| H)

I
v (ki |H,€}) p(e| H). 4)
=1

whose edges are all directed. A path is a sequence of distinct
vertices Zy, , . . ., Zn,, for which (zy,,2y,,,) is in F for each
l =1,...,m — 1. The path is a cycle if the end points are al-
lowed to be the same, 2,,, = z,,, . An oriented graph with no
cycle is called a directed acyclic graph (DAG).

A distribution p over z is compatible with a DAG G if it sat-
isfies all independence relationships entailed by G. (G, p) is
then called a Bayesian network. For more details, the reader
is referred to [27]. The major feature of Bayesian networks is

that p(z) must factorize according to the so-called factorization
property

N
p(2) = [ plen | palzn)) )
n=1

where pa(n) is the set of parents of vertex z,,. This is nothing
but a multidimensional generalization of the Markov chain rule.
Defining a Bayesian network, hence, amounts to 1) defining rel-
evant variables (i.e., nodes) z,, 2) defining structural relation-
ships (i.e., edges) z,, — 2z.,, and 3) defining functional relation-
ships p(z, | pa(n)). Pearl [28] showed a property that proves to
be very efficient for numerical sampling, namely that nothing
more is required to calculate the conditional probability of any
node: the probability distribution of any variable z,, in the net-
work, conditioned on the state of all other variables, is given by
the product

p(2n |r.v.) x p(2n | Pa(zn)) - H

z,, €ch(z,)

p(zm | Pa(2m))

(6)
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Fig. 1. Structural dependence of y.

Fig. 2. Structural dependence of h;.

where r.v. stands for “remaining variables” and ch(z,,) for the
children nodes of z,,. Note that z,, can have several parents
and, hence, pa(z,,) may not be restricted to z,,. This formula
states that the conditional probabilities can be derived from local
quantities that are part of the model spectification.

B. Constructing the GLM Graphical Model

The GLM can easily be expressed in terms of a Bayesian net-
work. This translation requires two major steps: representing the
structural relationships, and then the functional relationships.

Equation (1) states that each g, depends on the corresponding
A, and o2, as well as all h;’s. This equation can, hence, be rep-
resented by the graph depicted in Fig. 1.

As to the model relative to the prior information on the HRFs,
it expresses that each h; depends exclusively on 2. Fig. 2 is,
hence, a good model for it.

Gathering all parts leads to the graph proposed in Fig. 3. Ir-
respective of the functional relationships between nodes, appli-
cation of (5) to the graphical model states that the joint pdf for
all variables decomposes as

D ((4,): (€) . (hi), (02) . (As) | H)

S
H (y, | H,pa(y,))
<A | H.pa(A,)) - p

H (i | H,pa(h;)) -

(o2 | H.pa(07))

p (e | H.pa(ef))

which, once developed, is exactly (4). Our graphical model,
thus, unambiguously embeds all structural relationships of the
GLM. However, complicated (H) may be, it is still much sim-
pler to conceptualize it in graph form than as it was presented be-
fore. Whereas determination of structural relationships between
two given variables in model (H ) remains a tough problem to
tackle, the corresponding DAG clearly and unambiguously rep-
resents all possible independence relationships, that can be read
off the graph using its Markov properties.

Among others, a direct consequence of this mod-
eling is that it is now possible to apply (6) to the GLM
graph model, expressing the conditional pdfs of all vari-
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Fig. 3. DAG corresponding to the GLM.

ables, p(e2|H,r.v.),p(h;| H,r.v.),p(c?| H,r.v.), and
p(As | H,r.v.) as a function of the distributions already defined

(6?|H,r.v.)o<p(e?|H)-p(h,,;iH./e?) (7a)
p(h; | H,r.v.) x p (hi |H7 612)
5
X Hp(ys|H/ (hi)aaz7AS) (7b)
=1
p(052| H,rv.) o(p(a§| H)-p(y,|H, (h;), o2 As) (7o)
p(As | H,r.v.) x p(As | H) -p(ys|H, (hi),Uf,/\s). (7d)

Note that the functional relationships have not been defined
yet—all the properties abovementioned are entailed by the
sole structural relationships. As a matter of fact, the graphical
representation is much more general than the GLM. The
only constraints set by the graph is that the functional rela-
tionships be of the form p(e?),p(h;|e?),p(o2),p(As), and
p(y, | H, (h:),02,As). But these conditional distributions can,
in turn, be chosen at will. On the other hand, the graphical
model can be made more specific for our purpose, so that it
exactly fits the GLM. Identifying all functional relationships of
the network to their counterparts for model ( H ) then makes the
DAG a perfect representation of the GLM. p(e?) and p(h; | €2)
can be chosen to a scaled inverse-y? and a Gaussian distribu-
tion, respectively, as detailed in Section II-C. p(o2) and p(As)
can be set as in Section II-D. Finally, p(y, | H, (h;), 02, A,)
can be set as in (2).

C. Numerical Inference

To obtain a numerical approximation of the joint posterior
pdf, we apply Gibbs sampling. This consists of starting with a
seed vector and sequentially modifying one vector component at
a time by sampling according to the conditional pdf of that com-
ponent given the remaining variables. Samples are composed of
the set of all vectors whose components have been updated an
equal amount of times.

A key issue with Gibbs sampling is to partition the vector
of all parameters into components whose conditional sampling
can easily be performed. Another one is derivation of the
conditional pdfs corresponding to the chosen clustering. In
our case, both questions are answered at once, thanks to
the previous step of graph modeling. As a matter of fact, it
first allows us to decompose the parameter vector onto its
21 + 2S canonical components: I €2’s and h;’s, S 02’s, and
As’s. All y.’s being given, no sampling needs to be done on
these variables. The updating steps are performed on these
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variables; we, therefore, need access to the following condi-
tional pdfs: p(e? | H,r.v.),p(h; | H,v.v.),p(c2| H,1.v.), and
p(As | H,r.v.). But these are just the conditional distributions
given by Pearl’s theorem and structurally developed in (7).
Integration of the exact functional relationships into (7) leads
to (see the Appendix for a summary of the properties used)

s According to (7a), (€2 | H,r.v.) is proportional to the
product of two inverse-chi-square distributions in e?; it is,
hence, also inverse-chi-square distributed

p (612 | H7r.v.) = Inv-x? (ui,Tf;ei)
with
pi =ne+ (K;—1)
9 nJZ + thhi
T, = ———.
Yone+ (K -1)

* According to (7b), (h; | H,r.v.) is proportional to the
product of two multivariate Normal distributions in h;; it
is, hence, also multivariate Normal distributed

p(hl | PI7 I‘.V.) = N(ﬁi, Ai; hL)
with

-1
1 1 .
Ai = (gR + E _EX s,iX s,’i)

0= A; Z O%X;i

s

- Yy, —ZXQ)J}L] —DSAS
J7#i
s According to (7¢), (02| H,r.v.) is proportional to the
product of two inverse-chi-square distributions in o2; it
is, hence, also inverse-chi-square distributed

P (052 | H./r.v.) = Inv—y? (l/s,wf; (752)

with
Vs =Ng; + Ly
L2 NosTa i+ Y — 2 Xaihi = DI
® Ng,i + Ls -

* According to (7d), (As|H,r.v.) is proportional to the
product of two multivariate Normal distributions in Ay; it
is, hence, also multivariate Normal distributed

p(AS | H, I‘.V.) = N('st Fs? As)
with

-1
1
T, = (V/\,i, + ;D2D5>

1
_ —1 t 7
v, =T (V)“Sm%s + _03 D, (ys — g X572h1>) .

The sampling can then be performed by sequentially updating
the €2’s, the h;’s, then the o2’s, and finally the A,’s. Conver-
gence monitoring is performed component-wise using parallel
sampling as detailed in [29]. More precisely, we first take the
logarithm of €? and 02, so that all variables are spanned from
—00 to +oo. For each estimand ¢, ¢ = log €7, log 02, h; 1, and
As,m, we draw B parallel sequences of length C' (we typically

took B = 10 and C' = 50), each sample being denoted 4,
withb=1,...,Bandc=1,...,C. We then compute the be-
tween-sequence variance BV, and the within-variance sequence
WV as follows:

B-1
b=1
with
1 1E&
Sl _ [b] (1 L o]
¢ D ¢l and gHl= 2% o
c=1 b=1
and
1 B
_ 2\ [b]
WV = > (57
b=1
where

‘We then calculate

\/E=¢1+é<%—1)

for each scalar estimand. These quantities are supposed to de-
cline to 1 as the sampling converges. We stop the algorithm

when all V/ R are close enough to 1, e.g., smaller than 1.1, and
remove « percent of each chain to account for a burn-in period.

We are admittedly mostly interested in the HRFs, but knowl-
edge of the values taken by the other parameters are relevant as
well for our analysis and a better understanding of brain pro-
cessing. Gibbs sampling gives us access to estimates for all pa-
rameters or any quantity of interest related to them. For instance,
in this paper, parameter estimators are given as

posterior mean £ posterior standard deviation.

Once Gibbs sampling has converged, these quantities are ap-
proximated by their sample counterparts.

IV. SIMULATIONS

We simulated data with two HRFs (I = 2), as depicted in
Fig. 4. To obtain the ¢;’s corresponding to these HRFs, we cal-
culated them as follows. If we knew that h; = h? , then we could
infer ¢? using Bayes’ theorem

p(e?|H/,hi = h?) O(p(eﬂ H') ~p(h,~ = h? |H',ei2)
where p(h; = h{ | H’, €2) would be given by (3), and p(e? | H')
could be taken as a uniform prior, asuming no particular prior
knowledge. (¢? | H', h; = hY) would then be Inv-y? distributed
and

B[] = — K RAY.

il= K-1
This last relation can, in turn, be taken as estimate for ef leading
to

=121

€3 = 0.30.
For the simulation, we also took two sessions of N = 100
time samples. At and the sampling interval were both set to
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first HRF: SPMZ?canonical HRF

16 T

intensity
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time (s)

second HRF: Gaussian density function
16 T T T T T

intensity

0 5 10 15 20 25 30

time (s)

Fig. 4. Simulations. Estimated (dashed line) and simulated (solid line) HRF
(Available: www.fil.ion.ucl.ac.uk/spm/spm99.html).

1.5 s. Quadratic drifts (p1(t) = 846 + 0.2 - ¢t + 0.001 - ¢?
and py(t) = 950 + 0.15 - £ 4+ 0.0011 - ¢?) and Gaussian white
noises (o7 = 50,03 = 100) were also added. Note that the
noise standard deviations are about of the same amplitude as
the HRF. For the analysis, we set both orders to K = 20, and
took a quadratic drift in consideration (M = 3) with each m 4
set to (E[y,],0,0)*, and V) 5 to a diagonal matrix such, that
diag(Vx,s) = (10 0002 10002 1 000%). All n, s and n. were
set to 1 to implement vague priors for ¢2’s and €2’s. As to the
remaining hyperparameters, the goal was to set them, so that
they provide a magnitude order for the corresponding variables
as follows:
« each r2 , was set to Var[y,];
2 was set to

. T
Es[Varly,]] 1
max[hspM] K —

where hgpy is SPM canonical HRF and E, [Vary,]] is a
scaling factor.

Gibbs sampling took about 2 250 updates for each of the 10
parallel chains to converge, and we kept the last 10% of each
chain. We obtained the following estimates:

1 hspyRhspy

€2~ 1.29 4 0.80
€2~ 0.936 + 0.524
02 ~386+7.8
03 =~ 109 + 20
Ao~ 858+ 4
A2,0 = 956 £ 4.
Estimates for 612./ of, and A were accurate. As shown in Fig. 4,

HREF estimates were also very accurate for the noise level con-
sidered.
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convergence monitoring

0 200 400 600 800 1000 1200

iteration

Fig. 5. Convergence monitoring. Every 50 steps is represented mux[\/ﬁ]
taken among all €7 (diamonds), o2 (circles), h; i (squares), and A, (stars).

V. REAL DATA

Eleven healthy subjects (age 18—40) were scanned while per-
forming a motor sequence learning task. Using a joystick, they
were asked to reach a target projected on a screen for 3 s, fol-
lowing an elliptic curve as precisely and rapidly as possible.
They had to complete 64 trials of sequence (SEQ) mode (the
targets appeared in a predefined order, unknown to the subject,
to form a 8-item-long sequence) and 16 trials of random (RAN)
mode (the targets appeared pseudorandomly). The time interval
beween two consecutive trials, or inter-stimulus interval, was
randomly selected to uniformly lie between 3 and 4 s. Func-
tional T5-weighted acquisitions were performed on a 3 T Bruker
MEDSPEC 30/80 MR system (TR: 3 486 ms, TE: 35 ms, flip
angle: 90°, matrix 64 x 64 x 42, voxel size 3 X 3 X 3 mm).

The data imply to work with I = 2 HRFs (: = 1 and ¢« =
2 corresponding to SEQ and RAN, respectively) and S = 5
sessions. For the analysis, we first adjusted the stimulus on a
grid of interval At = TR/5. Both HRFs were assumed to have
a common order K = 5 x 5, for a total duration of 5 TRs. The
prior hyperparameters were set as in Section I'V. To illustrate the
method, we selected two voxels, v; and vs. v1 was located in the
right cerebellum and v» in the right inferotemporal lobe. Our
goal was to estimate both HRFs corresponding to conditions
SEQ and RAN, respectively.

Based on our monitoring system, convergence took around
1 300 iterations to occur. Fig. 5 shows a typical convergence
curve. As showed in Fig. 6, the method was able to extract dif-
ferent HRF behaviors for different conditions, despite a very low
signal-to-noise ratio. The high noise level was reflected in the
large estimate error bars but did not prevent discrimination be-
tween conditions. The estimated values for the other parameters
are given in Table 1.

VI. DISCUSSION

Our approach made it possible to associate the well-known
GLM for HRF estimation in fMRI data analysis to a directed
acyclic graph. This had the first advantage of making clear all
modeling hypotheses. Moreover, in a Bayesian framework, the
complex, yet central, step of calculating the joint posterior pdf
was avoided. Instead, the graph provided us with a very conve-
nient tool to first break down the set of all variables into coherent
subsets, namely its nodes. Using the Markov properties, it was
direct to derive all conditional pdfs that were required for Gibbs
sampling as products of conditional pdfs that have been
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v (right cerebellum)
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Fig. 6. Real data. HRFs corresponding to the SEQ (solid line) and RAN
(dashed line) stimuli. Each sample has been slightly shifted to the left (SEQ)
or to the right (RAN) for a better graphical rendering.

TABLE 1
ESTIMATES OF THE SMOOTHING PARAMETERS ¢;, THE NOISE VARIANCES 02,
AND THE BASELINES A, ;

€

v 4=1 | 3.83e4 £ 2.90e4
i =2 | 2.76e4 £ 5.30e4

vy 4=1 | 2.43e4 £ 1.90e4
1 =2 | 1.11e5 £ 1.33e5

a2
38
1.75e4 £ 2.67e3

v1 s=1
s =2 | 5.02e3 £ 8.24e2
s=3 | 6.82e3 +1.10e3
s=4 | 5.38e3 £ 8.55e2
s =25 | 5.37e3 £ 8.36e2
ve s=1| 2.53e4 +3.91e3
s =2 | 4.53e3 £ 7.08¢e2
s =3 | 1.05e4 £ 1.73e3
s=4 | 9.11e3 £ 1.46e3
s=25 | 5.08e3 + 8.26e2
As,1

vy s=1] 3.79e3+21.3

s=2 | 3.86e3 £+ 18.3

§= 3.50e3 +18.4

s=4 | 3.65e3+18.1

§ = 3.37e3£17.8

vy s = 3.94e4 £ 25.1

s =2 | 3.48e3 £ 20.2

s=3 | 3.74e3 £ 22.0

§= 3.52e3 £ 21.4

=5 | 3.26e3 £ 20.4

specified with the modeling. Fully probabilistic numerical in-
ference was then straightforward at a reasonable time cost. Fur-
thermore, solving the same problem with several variables set
to certain values was an easy matter, since all that must be done
is removing these variables from the sampling scheme.
Because variable partitioning is implied by the graph struc-
ture, our application of Gibbs sampling differs from classical
applications. For instance, we sequentially sampled each HRF,
resp. drift vector, resp. noise variance, whereas a conventional
procedure would simultaneously sample all HRFs, then all drift
parameters, and so on. What influence this difference makes on
the convergence speed of the Markov chain is a matter that needs

to be further investigated. Another point would be to compare
our method to a more conventional procedure where part, or all,
of the nuisance parameters (e.g., drift parameters) are integrated
out of the joint posterior pdf, and inference is done on the poste-
rior marginal pdf of the HRFs. In the “marginal” scheme, each
sample is performed on a lower dimension, and the Markov
Chain is also of lower dimension. For these reasons, it is ex-
pected that convergence will be faster. This scheme is, however,
very sensitive to model changes and makes inference on other
parameters tedious.

Influence of the prior parameters is of importance to check sen-
sitivity of the estimates. m and V' were found to have very little
weighton theinference, n,, andr, somemore. Selection of n. and
re did not much matter for drift and noise parameters, but had a
dramatic influence on HRF estimation. The ad hockery proposed
to manually set these hyperparameters seems to be useful, but its
influence on the sampling scheme is still unclear. Indeed, except
for this, we did not even have a prior idea of the magnitude order
of €2, whereas scaled inverse-chi-square pdfs are relatively local-
ized around their mode. To remedy this flaw, we suggest that set-
ting priors for log(€?) would prove more adapted to the state of ig-
norance that we are in relative to these parameters than conjugate
priors. A general procedureis proposedin [30]to sample from pdfs
thathavethestructureimpliedby (6) usingrejectionsampling. An-
other improvement would be to modify the model, so that ¢; be-
comes independent of the HRF intensity. This could be achieved
by consideration of anormalized HRF and a scaling factor. Choice
of noninformative, i.e., improper,? priors might also help to cir-
cumvent that problem. The reason why we did not consider this
option here is that it is safe to use improper priors as long as the
posterior pdf can be proved to be proper. Since one advantage of
our method is to avoid calculation of the posterior pdf, this step
cannot be performed in our setting without making it lose some of
its appeal. Nonetheless, we are optimistic and believe that further
investigation could justify use of improper priors in a restricted
fashion.

In the framework of DAG modeling, the local properties of
relationships renders the model very simple to structurally or
functionally modify at a local level, either because it does not
correctly explain the phenomenon under interest, or because a
more complex model is sought. As a matter of fact, the proposed
model for HRF estimation can already be seen as an improve-
ment of the graphical model associated to the basic one-HRF,
one-session linear model. Fig. 7 illustrates how this model can
successively be expanded by introduction of smoothing priors,
several sessions, and several stimulus types. These models can
be dealt with as efficiently as the one detailled in this paper.
Their joint posterior distribution would be given by application
of (5), whereas all conditional distributions required by Gibbs
sampling could easily be obtained through (6).

Besides, consideration of local spatial information, as in [23],
[24], [31] could be achieved by gathering all voxel graphical
models that were here assumed to be independent from each
other and adding relationships between neighboring k., ;’s. An-
other point would be to relax the assumption that all HRFs are

2A prior pdf p is improper if its integral is not finite, i.e.,

/p(l) dz = co.



VIL.3 Vision sous ’angle des réseaux bayésiens

185

966

O,

@

® (o)

O
(@)
M)
()
(1)
@)
()

e
@
®
@

@

()

Fig. 7. Successives complexification of the HRF model. (a) basic model;
(b) model with hyperparameter for smoothness regularization; (c;) model
accounting for one stimulus type and several sessions; (¢») model accounting
for several stimulus types and one sessions; (d) GLM considered in this paper.

constant across sessions and rather assume that they share the
same shape accross sessions, with an amplitude that can vary,
as discussed in [22]. As more and more information is incorpo-
rated into the model, the corresponding graph will become more
and more complex. However, tools have been developed to deal
with such graphs. Parallel processing of Gibbs sampling can be
implemented. To avoid the problem of simultaneous updating of
neighboring variables, one has to apply the so-called “edge re-
versal” control policy, as detailed in [28]. For huge graphs, [32]
proposed an efficient variant of Gibbs sampling.

We finally believe that this novel approach has a much
broader application range than just fMRI data analysis. Indeed,
we are confident in the fact that any Bayesian model can be
embedded in a graphical framework. This would allow to
concentrate on the modeling, since efficient and automated
inference would directly derive from the model.

VII. CONCLUSION

In this paper, we proposed a novel Bayesian inference frame-
work for HRF estimation in fMRI data analysis, based on trans-

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 23, NO. 8, AUGUST 2004

lating the existing Bayesian model into a Bayesian network to
combine the features of graphical modeling and Bayesian anal-
ysis. This approach makes extensive use of Bayesian networks
to 1) represent the model in a compact, yet efficient way, and 2)
lead probabilistic inference through Gibbs sampling. This tech-
nique takes advantage of Markov properties of DAGs. Models
can easily be designed, and both structural (i.e., of indepen-
dence) and functional relationships are clearly presented. More-
over, using Gibbs sampling on the DAG, fully probabilistic nu-
merical inference is straightforward. Ongoing research includes
integration of more diffuse prior pdfs when necessary, as well
as spatial constraints for the HRFs.

APPENDIX

The results detailed here originate from [29].

A. Multivariate Normal Distribution
If z is a d-dimensional multivariate Normal distributed vari-
able with mean m and covariance matrix V, then

p(@) = 202V 2 exp —%(x —m)V(z —m)

If = has a probability distribution defined by
p(z) o fi(x) - fa(x)

where f; is multivariate Gaussian with mean m; and covariance
matrix V;, then x is multivarite Gaussian with mean

m = (V;l + V271)71 (V;lml + V;1m2)
and covariance matrix
V=i +vy)

B. Inverse-Chi-Square Distribution
If y is inverse-chi-square distributed with n degrees of
freedom and scale s, then
If y has a probability distribution defined by
p(y) < fi(y) - f2(y)
where f; is inverse-chi-square distributed with n,; degrees of
freedom scale s;, then y is inverse-chi-square with
n=mni+ ne
degrees of freedom and scale s so, that
§2 — nls% + n25§.
ni + ne
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Abstract: The functional organization of the perisylvian language network was examined using a functional
MRI (fMRI) adaptation paradigm with spoken sentences. In Experiment 1, a given sentence was presented
every 14.4 s and repeated two, three, or four times in a row. The study of the temporal properties of the BOLD
response revealed a temporal gradient along the dorsal-ventral and rostral-caudal directions: From Heschl’s
gyrus, where the fastest responses were recorded, responses became increasingly slower toward the posterior
part of the superior temporal gyrus and toward the temporal poles and the left inferior frontal gyrus, where
the slowest responses were observed. Repetition induced a decrease in amplitude and a speeding up of the
BOLD response in the superior temporal sulcus (STS), while the most superior temporal regions were not
affected. In Experiment 2, small blocks of six sentences were presented in which either the speaker voice or the
linguistic content of the sentence, or both, were repeated. Data analyses revealed a clear asymmetry: While two
clusters in the left superior temporal sulcus showed identical repetition suppression whether the sentences
were produced by the same speaker or different speakers, the homologous right regions were sensitive to
sentence repetition only when the speaker voice remained constant. Thus, hemispheric left regions encode
linguistic content while homologous right regions encode more details about extralinguistic features like
speaker voice. The results demonstrate the feasibility of using sentence-level adaptation to probe the functional
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INTRODUCTION

Linguistic tasks, from syllable discrimination to story lis-
tening, activate a large network of perisylvian areas. Con-
trary to neuropsychological studies, in which specific defi-
cits, such as articulatory deficits [Dronkers, 1996],
phonological deficits [Caplan et al., 1995; Caramazza et al.,
2000], and semantic deficits [Hart et al., 1985], have begun to
dissect the brain circuitry involved in language, brain imag-
ing studies have been relatively less successful in the segre-
gation of functionally distinct regions within this perisylvian
network. For example, activations are detected in the left
inferior frontal gyrus and insula in syllable discrimination
tasks [Dehaene-Lambertz et al., 2005; Zatorre et al., 1992],
metaphonological tasks [Burton et al., 2000], syntactical pro-
cessing [Hashimoto and Sakai, 2002; Kaan and Swaab, 2002],
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and sentence listening [Dehaene et al., 1997; Pallier et al.,
2003]. Although careful subtractions between adequate con-
ditions have identified clusters within this network, their
precise involvement in the studied task is still under ques-
tion after more than a decade of brain imaging research. In
this article we tackle this question from another angle, com-
bining timing information to identify clusters with different
dynamic and functional properties within the cortical lan-
guage network and the priming method.

The adaptation or priming method is based on the obser-
vation that stimulus repetition induces a decrease in brain
activity (repetition suppression), which can be measured
with event-related potentials (ERPs) [Dehaene-Lambertz
and Dehaene, 1994] and functional MRI (fMRI) [Grill-Spec-
tor et al., 1998; Naccache and Dehaene, 2001]. More impor-
tantly, the same decrease in activity can be observed when
the repeated stimuli are not exactly similar but only share a
common property that is extracted at the probed cortical
location. This method is thus sensitive to the code used in a
particular brain region. By varying the property that is re-
peated, it becomes possible to target a specific representa-
tion and to uncover its cerebral bases. Priming designs have
been successfully used to characterize the processing steps
in visual object perception [Grill-Spector and Malach, 2001],
reading [Dehaene et al.,, 2004], or number representation
[Naccache and Dehaene, 2001; Piazza et al., 2004]. In this
approach, the first step consists in isolating the network
involved in the object representation by studying which
brain regions display repetition suppression when the same
object is repeated. Then in successive experiments shared
properties between the repeated stimuli are varied in order
to identify which coding variations are relevant and which
are not relevant to obtain a repetition suppression effect in a
given brain region.

Here we applied this reasoning to speech perception. In
the first experiment, we aimed to isolate which brain regions
are sensitive to the mere effect of repetition of the same
sentence. In the second experiment, analyzed in the Func-
tional Imaging Analysis Contest (FIAC), we moved forward
to characterize the functional properties of these perisylvian
regions by repeating only one property of the sentences,
either the sentence content or the carrier of this content: the
voice of the speaker.

EXPERIMENT 1

In this experiment, sentences were repeated two to four
times in a row in a slow-event design. Our goal was to
examine whether the linguistic network can be decomposed
into spatially organized functional circuits based on the
timing of their BOLD response and on the dynamics of their
adaptation. Previous priming experiments used brief pre-
sentations in the visual domain (faces, objects, words, and
numbers), but repetition suppression has been described in
auditory neurons [Ulanovsky et al., 2003] as well as in visual
neurons [Miller et al., 1991]. Furthermore, repetition of syl-
lables and pseudowords induces a decrease in the amplitude
of evoked responses or MRI activations [Belin and Zatorre,

2003; Cohen et al., 2004; Dehaene-Lambertz and Gliga, 2004],
suggesting that repetition suppression may be a general
property of the brain, not limited to visual perception. Nev-
ertheless, sentences typically last a few seconds and multiple
processes at different integration levels (acoustic, phonetic,
lexical, syntactic, local semantic, contextual semantic) are
required to perceive their similarity. The observation of
repetition suppression effects at a long lag (14.4 s) would
suggest that the priming method can also target such long
time range representations.

Methods

Participants

Ten right-handed young French adults (5 women and 5
men, ages 21-35 years), with no history of oral or written
language impairment, neurological or psychiatric disease,
nor hearing deficits were tested. All participants gave their
written informed consent and the study was approved by
the local ethics committee.

Stimuli

A female French speaker was recorded reading a well-
known children’s story, “The Three Little Pigs.” People
know the characters and the general scenario of this story.
However, sentences were rewritten and thus were original.
The advantage of a children’s story is to elicit attention from
the listener because of frequent changes of register (dia-
logue, exclamation, description, etc.). The speaker used a
theatrical intonation to reinforce this aspect. Sixty sentences
with a mean duration of 2200 ms (15802863 ms) were
extracted from the original story. The overlearned and ex-
pected sentences of the story were not presented. More
details on the stimuli can be found in Dehaene-Lambertz
and Houston [1998].

Experimental procedure

A randomly chosen sentence was presented every 14.4
seconds in a slow-event-related design. Each sentence was
then repeated two, three, or four times in a row still with a
14.4-second intersentence interval. Each participant listened
to a total of 180 sentences, 20 different sentences in each of
the three repetition conditions. These repetition conditions
were randomly ordered. The experiment was divided in five
runs, each comprising 36 sentences and lasting 8 minutes 30
seconds. The participants passively listened to the sentences.
To keep them minimally attentive during the experiment,
they were instructed that they would have to recognize the
story from which the sentences were extracted and to an-
swer questions about the sentences at the end of the exper-
iment. All participants recognized the story.

Image acquisition and analysis

The experiment was performed on a 3T whole body sys-
tem (Bruker, Germany) equipped with a quadrature bird-
cage radio frequency (RF) coil and a head only gradient coil
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insert designed for echoplanar imaging (26 contiguous axial
slices, thickness 4.5 mm, TR = 2.4 s, TE = 40 ms, flip angle
= 90°, field-of-view = 192 X 256 mm, 64 X 64 pixels). A
high-resolution (1 X 1 X 1.2 mm?), T1-weighted anatomical
image using a 3-D gradient-echo inversion-recovery se-
quence was also acquired for each participant.

fMRI data analysis was performed using Statistical Para-
metric Mapping (SPM99, http://www fil.ion.ucl.ac.uk/
spm/). For each participant, after image reconstruction of
the functional runs the first four volumes of each run were
discarded to eliminate nonequilibrium effects of magnetiza-
tion. The remaining volumes were corrected for the tempo-
ral delays between slices and realigned to the first volume.
The mean realigned image was used to check the correct
alignment of the functional images with the structural im-
age. The Tl-weighted structural MRI scan was spatially
normalized to the Montreal Neurological Institute (MNI)
template and the normalization parameters were applied to
the functional images. These images were then resampled
every 4 mm using bilinear interpolation and spatially
smoothed with an isotropic Gaussian filter (kernel = 5 mm).
The time series in each voxel was highpass-filtered (cutoff
= 60 s), smoothed with a 4-s Gaussian kernel, and globally
normalized with proportional scaling.

A linear model was generated by entering, for each run,
four distinct variables corresponding to the four repetition
positions of a sentence: first, second, third, and fourth pre-
sentations. Due to the paradigm construction, there were 60
events for the first and second presentation, 40 for the third
presentation, and only 20 for the fourth presentation. The
variables convolved by the standard SPM hemodynamic
response function (HRF) and their temporal derivatives
were included in the model. For random effect group anal-
yses, the contrast images from individual participant’s anal-
ysis were smoothed with an 8-mm Gaussian kernel and
submitted to one-sample t-tests. We first examined the acti-
vations separately for the first to fourth presentations of each
sentence. Second, we tested whether activations for a par-
ticular sentence repetition significantly decreased relative to
the preceding sentence presentation. Finally, we tested for a
significant linear decrease across repetition from the first
presentation of the sentence to the fourth.

In order to better estimate the periodicity and phase of the
event-related BOLD response, a distinct model was also
designed by convolving the same four variables with a
single cycle of a sine and a cosine waveform at a frequency
of 14.4 s. The ratio of the regression weights of the sines and
cosines was then transformed with the inverse tangent func-
tion to yield a BOLD response phase between 0 and 2. This
phase was multiplied by the stimulation period (14.4 s) and
divided by 2 to yield a phase lag expressed in seconds.
BOLD response amplitude was computed as the square root
of the sum of the squares of the sine and cosine coefficients.
To estimate the presence of a significant response at the
stimulation period, an analysis across sessions was per-
formed using the Rayleigh circular statistic, which contrasts
the observed distribution of phases to the null hypothesis of

a uniform distribution across the phase circle. To assess the
presence of repetition effects, the images of amplitude and
phase computed for each participant and for each repetition
position were entered in separate random-effect group anal-
yses and submitted to one-sample ¢ tests.

If not reported otherwise, all the reported effects passed a
voxelwise threshold of P < 0.001 uncorrected for multiple
comparisons and a P < 0.05 threshold on the extent of
clusters.

Results

Activations to the first presentation of a sentence involved
both superior temporal gyri and sulci, the left inferior frontal
region and insula, both thalami, and the right caudate nu-
cleus, whereas for the fourth presentation, activations were
limited to the middle part of the superior temporal gyrus,
anteriorly and posteriorly to Heschl’s gyri. As illustrated in
Figure 1, a decrease in amplitude was already observed for
the second presentation of the sentence and was significant
in both temporal regions and in the left inferior frontal gyrus
and insula (Table I). Although additional decreases with
successive repetition were small, a significant linear effect
was present mainly over the left superior temporal region
(252 voxels, Fig. 1), while on the right side the linear effect of
repetition was limited to 50 voxels (Table I). Some regions,
such as Heschl’s gyrus and its vicinity, presented no effect of
repetition (Fig. 1).

We analyzed also the phase and periodicity of the BOLD
response: Two effects are apparent in the hemodynamic
response curves shown in Figure 1. First, the latency of the
BOLD response seems to vary across regions, and second, it
seems to decrease with sentence repetition. To rigorously
quantify both effects, we fitted the whole-brain data with a
set of sine and cosine functions in order to extract the phase
and amplitude of the BOLD response (see Methods, above).
We then submitted both parameters to a between-partici-
pants random effect analysis. The amplitude data essentially
replicated the above SPM analysis, showing both a strong
activation to the first sentence, in bilateral temporal and left
inferior frontal cortex, as well as an adaptation effect partic-
ularly evident from the first to the second repetition. The
phase analysis, however, yielded novel evidence in favor of
a hierarchical temporal organization of these areas. In the
image of the phase of the response to the first sentence, we
observed, in all participants, a temporal progression with
the earliest responses observed in Heschl’s gyrus, followed
by successively slower responses in posterior and middle
STS, temporal pole, and inferior frontal gyrus. The phase
averaged over subjects to the first and to the second sentence
(converted in seconds) is shown in Figure 2. As illustrated in
this figure, in several regions the phase showed a slight
acceleration with sentence repetition. A random effect anal-
ysis was used to compare the phases to the first sentence and
to the mean of the phases of repetitions 2—-4. Search was
confined to the network activated by the presentation of the
first sentence (Fig. 1), and to increase sensitivity, the voxel
threshold was decreased to P < 0.01 (still with corrected
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cluster-level P < 0.05). This analysis revealed a significant
acceleration with repetition only in the right STS (Talairach
coordinates: 60, —12, 0; Z = 3.75 and 56, —24, 0; Z = 2.96),
and a marginally significant effect in the left STS (=56, —8,
0; Z = 3.43 and —56, —20, 0; Z = 3.24).

Discussion

Using a slow event-related paradigm, we observed a hi-
erarchical temporal organization along the superior tempo-
ral regions with the earliest response in the primary audi-
tory cortices and the slowest in associative regions with a
caudal-rostral and a dorsal-ventral gradient along the su-
perior temporal sulcus (Figs. 1, 2). Repetition of sentences
affected both amplitude and phase of the HRF response.
This adaptation effect was particularly evident between the
first and second sentence, although it continues with the
following repetitions. The pattern of adaptation was differ-
ent across regions (Fig. 1) with a set of regions demonstrat-
ing the same response each time a sentence was presented
(e.g., Heschl’s gyrus), regions showing a strong decrease
between the first and second presentation and more subtle
decrease with the following repetitions (e.g., Broca’s area)
and regions that show a close to linear adaptation with
repetition (e.g., superior temporal sulci).

The phase delay between the fastest region (Heschl’s gy-
rus) and the slowest (temporal poles and inferior frontal
regions) varies from 2 to 8 s. This delay cannot be related to

1235 4% 8
12 I 14
2 I 2
Activation to Repetition
effect

B

an acquisition delay between the different slices. First, we
applied a temporal correction for slice acquisition times to
the original data. Second, acquisition was from bottom to
top, whereas the slowest phases are observed in the more
basal slices. Third, the observed delays are much larger that
the slice acquisition lags and, in several cases, multiple
delays are seen in the same slice.

Several studies have already reported delays in the time
course of activations in frontal areas relative to posterior
areas [Schacter et al., 1997; Thierry et al., 1999]. Note that
here we are measuring phase, a measure sensitive not only
to the rise of the hemodynamic response, and thus to the
peak latency as measured in previous experiments [Henson
et al., 2002; Schacter et al., 1997; Thierry et al., 1999, 2003],
but also to its plateau (possibly including neural responses
posterior to sentence offset). This methodological difference
may explain the large interval of phase lags observed (2-8
s). Although hemodynamic differences between cortical ar-
eas may contribute to the observed differences, the observed
delays seem too large to be due solely to factors other than
differences in cognitive processing. Indeed, several previous
experiments also showed that BOLD response delays could
be affected by cognitive factors. By comparing brain activity
evoked by decision tasks bearing on the first or second
presentation of a pair of nouns, Thierry et al. [2003] demon-
strated that they could further delay the peak of the BOLD
response in frontal areas. Conversely, Henson et al. [2002]
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TABLE I. fMRI activations in Experiment |
No. voxels Cluster-level Z value at Talairach coordinates:
Area in cluster P value (corrected) local maximum XY,z
1. First sentence
Right STG and STS 332 <0.001 5.51 44, —28,0
4.57 60, —24,4
4.04 40, —48, 16
Left STG and STS 253 <0.001 5.15 —52,-32,4
3.88 —48,0, —12
3.50 —60, =56, 12
Left inferior frontal
and insula 61 <0.001 4.02 —48,16, 8
Thalami 140 <0.001 3.93 —16, =20, 16
3.87 8, —12,12
Right caudate
nucleus 37 0.002 3.78 24,24, 4
2. Fourth sentence
Right STG 147 <0.001 4.23 48, —36,0
3.54 36, —20, —8
Left STG 78 <0.001 438 —60, —32,4
428 -52,-16,0
3. First > second presentation
Right STG and STS 252 <0.001 5.35 60, —36, 4
5.12 48, —48, 8
411 52, -12, —4
Left STG and MTG 147 <0.001 491 —-52,-20,0
4.65 —60, —44, 4
Left insula 32 .02 3.67 —-32,16,8
4. Regions displaying linear habituation
Right STG and STS 50 0.005 3.92 44, -32,4
5.12 48, 16,0
Left STG and STS 223 <0.001 5.27 —56, —16,0
4.79 —60, —48, 8

STG: superior temporal gyrus; STS: superior temporal sulcus; MTG: middle temporal gyrus.

studied repetition effects in face processing using a design
comparable to the present one, and observed that the second
presentation of a face elicited an earlier response in the right
fusiform area. Similarly, in the present experiment sentence
repetition accelerated the phase of the BOLD response,
which would not be expected if the delays were due solely
to hemodynamics.

While previous studies observed solely a difference in
BOLD response delay between frontal regions and temporal
regions [Schacter et al., 1997; Thierry et al., 2003], we dem-
onstrate here a gradual organization of phases along the
superior temporal regions with a slowing down extending
in both anterior and posterior directions from Heschl’s gy-
rus. Along with this anterior—posterior gradient, there is also
a dorsal-ventral gradient with fastest phase along the syl-
vian fissure than along the superior temporal sulcus. These
gradients are compatible with the known organization of
auditory connections leading from the superior temporal
region towards the temporal pole and the ventrolateral pre-
frontal cortex [Petrides and Pandya, 2002], through distinct
ventral and dorsal pathways [Romanski et al.,, 1999]. The
observed fMRI delays in excess of 1 or 2 s are unlikely to
reflect the transmission of neural information from one re-
gion to the next, which occurs on the scale of a few tens of
milliseconds. This gradient might rather be the result of
different cognitive operations that integrate larger and pos-

sibly more abstract speech units that may require longer
processing time, and/or with a more sustained activity.
This hypothesis of hierarchical integration of larger units
along the superior temporal regions is confirmed by the
repetition suppression effect. Regions coding segmental
properties (acoustical and phonological) were expected to
show no effect of repetition contrary to those processing
supra-segmental properties (prosodic, semantic, and syntac-
tic properties). Indeed, a similar anterior—posterior, dorsal—-
ventral gradient was observed for repetition effects, with
both superior temporal sulci strongly affected by repetition.
Roughly three types of adaptation patterns can be described:
The fastest regions, Heschl’s gyrus and its vicinity in the
superior temporal gyrus, are not affected by repetition, ei-
ther because they are unable to code an entire sentence, or to
maintain this code during the time lag of 14.4 s separating
two repetitions. The fast response of this region, its insensi-
tivity to sentence repetition, confirms the role of segmental
coding proposed for this auditory region with a time unit of
a few tens or hundred milliseconds [Boemio et al., 2005]. At
the opposite, Broca’s area, one of the areas showing the
slowest phase, is significantly activated only for the first
presentation, displaying a sharp adaptation effect. Although
Broca’s region has been classically associated with syntactic
processing, its role in syntax is now reassessed and dis-
cussed in a more general framework of working memory
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Figure 2.
Temporal organization of cortical responses to sentences for the
first and second presentation of the same sentence. Colors en-
code the circular mean of the phase of the BOLD response,
expressed in seconds relative to sentence onset. Fastest re-
sponses, in purple, are visible in Heschl’s gyrus, while the slowest
responses, in yellow and red, are encountered in Broca’s area. A
delay in phase is visible along the superior temporal region with a
dorsal-ventral and anterior—posterior gradient. The second pre-
sentation of a sentence speeds up the phase in all these regions.

load [Kaan and Swaab, 2002]. In our experiment, the syntax
was highly varied across sentences but the sentences were
short, with no particular syntactical ambiguities or difficul-
ties. A significant activation present in this region only for
the first presentation suggests two different hypotheses.
First, once the syntactic tree is computed for the first pre-
sentation, it might be easily reapplied to successive presen-
tations with no renewed computations. Second, this region
might be incidental in sentence perception and might be
recruited only when participants have time to rehearse the
sentence in order to integrate it in the global context of the
story. This single experiment cannot separate these hypoth-
eses.

Finally, temporal regions with a median phase response
showed a clear effect of repetition suppression but remained
significantly activated even when the sentence was pre-
sented for the fourth time. The decrease of the amplitude of
the BOLD response and the speeding-up of the phase (Figs.
1, 2) along the superior temporal region might reflect either
a general decrease of attention and/or an improved contex-
tual integration of the sentence elements in the local context
of the sentence and in the global context of the story.

To summarize, repetition induced a decrease in amplitude
and a speeding up of the phase of the BOLD response with
a gradient roughly similar to what is obtained by measuring
the phase of the BOLD response. In order to deepen our
understanding of the role of these regions, our second step
involved manipulating which parameter was repeated.
Among the regions that show repetition suppression in Ex-
periment 1, can we separate those sensitive to the linguistic
content and those sensitive to the carrier of this content, i.e.,
the speaker’s voice?

EXPERIMENT 2

A spoken utterance conveys not only linguistic informa-
tion but also information about the speaker identity and
their emotional state. Each individual possesses voice char-
acteristics due to the configuration of his/her vocal tract,
his/her pronunciation, his/her dialectal accent making
him /her recognizable even when the listener does not pre-
viously know the speaker. The capacity to identify speaker
voice is present very early on. Infants [Mehler et al., 1978],
even fetuses [Kisilevsky et al., 2003], are able to recognize
their mother and to discriminate stranger’s voices [Dehaene-
Lambertz, 2000].

Classical theories of speech perception and word recogni-
tion postulate the existence of an early processing stage of
“speaker normalization” that deletes voice-specific features
from the acoustic signal. Yet some researchers believe that
such a processing stage is not necessary and have proposed
that word recognition proceeds by comparing the acoustic
input with multiple exemplars (or templates) stored in lex-
ical memory [Goldinger, 1998]. Features of the speaker voice
are assumed to remain encoded in those exemplars. Evi-
dence in favor of this claim comes from word identification
experiments using repetition priming that showed that a
given word is better identified when it is repeated with
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similar acoustic features (e.g., when spoken by the same
speaker) than when it is repeated with different acoustic
details [Church and Schacter, 1994; Goldinger, 1996].

Brain imaging provides the opportunity to disentangle
brain regions that are sensitive to the repetition of abstract
linguistic content, and regions that are sensitive to the rep-
etition of more detailed acoustic features. The goal of our
second experiment was thus to separate surface and abstract
representations of sentences by using a repetition paradigm.
We manipulated independently the repetition of two param-
eters: speaker and sentence content. Either the same sen-
tence was repeated but said by different speakers (SSt-DSp)
or the speaker was constant but produced different sen-
tences (DSt-SSp). These conditions were compared with two
other conditions in which the same sentence produced by
the same speaker was repeated several times (SSt-SSp), and
different sentences were produced by different speakers
(DSt-DSp). We expected a decrease of activity in regions that
code for linguistic information when the same sentence was
repeated. If there is normalization, the same decrease should
be present when the speaker is held constant or when it is
varied. Similarly, regions that code for speaker identity
should show a decrease when the speaker is held constant,
even when the linguistic content is varied. In order to avoid
an exceedingly long experimental duration, we used short
blocks of six sentences (block-design) that were either all
similar or all different for the parameter of interest.

Methods
Participants

Sixteen right-handed young French adults with no history
of oral or written impairment, neurological or psychiatric
disease, or hearing deficits were participants. They gave
their written informed consent, and the study was approved
by ethics committee. Acquisition was stopped in Participant
5, leaving 15 participants complete the data set (8§ women
and 7 men; mean age, 27 years; range, 21-35).

Stimuli

A female French speaker was recorded reading a well-
known children’s story, “The Three Little Pigs,” with a theat-
rical intonation. Sentences were rewritten and thus were orig-
inal. We extracted 64 sentences from the same story used in
Experiment 1. Each sentence was secondarily recorded by 9
other French speakers with the instruction to not only repeat
the sentence but to follow as much as possible the intonation
and rhythm of the first speaker. We obtained 640 sentences; i.e.,
64 sentences produced by 5 men and 5 women with a mean
duration of 2277 ms (15152793 ms).

Experimental procedure

The experiment was divided into four runs, two runs with a
block design and two with an event-related design. The order
of the four runs was counterbalanced across participants. In
both designs, the instructions given to the participants were to

lie still in the scanner with eyes closed and to attentively listen
to the sentences, because they would be asked whether sen-
tences presented after scanning were presented during the
experiment. Only the block design is analyzed below, whereas
the event-related design is analyzed in other papers in this
special issue (see Poline et al., Table I).

Block design. The sentences were presented in small blocks
of 6 sentences, one every 3333 ms (thus the silence between
sentences was variable because of the variation in sentence
length). There were four types of blocks: Same Sentence-
Same Speaker (S5t-SSp), the same sentence said by the same
speaker was repeated 6 times; Same Sentence-Different
Speakers (S5t-DSp), the same sentence was repeated by 6
different speakers (3 men and 3 women); Different Sen-
tences-Same Speaker (DSt-SSp), the same speaker produced
6 different sentences; Different Sentences-Different Speakers
(DSt-DSp), 6 different speakers (3 men and 3 women) pro-
duced 6 different sentences. For each block, the speakers
were randomly selected among the 10 original speakers with
the constraint that male and female voices were equally
distributed within each block and across blocks. For all
conditions, sentences were randomly selected on line with
the constraint that a sentence could not be repeated in the
first 8 blocks. The selection of the sentences for the condition
(SSt-DSp) was limited to a subset of 96 sentences (16 sen-
tences X 6 speakers) in which prosody was the most homo-
geneous among speakers. The order of speakers was ran-
domly selected for each block in which different speakers
were present. Each block lasted 20 seconds and was fol-
lowed by a silence of 9 seconds. The order of the conditions
was randomly selected for each participant with the con-
straint that no more than two blocks of the same condition
were presented in a row. Across the two runs used in the
block design, a total of 8 blocks were obtained in each
condition presented (4 blocks per run and per condition).

Event-related design. One sentence was presented every
3333 ms. The same conditions as above were presented but
were defined in this design by the transition between two
sentences. Four types of transitions were thus possible: The
sentence was similar to the previous one (SSt-SSp), or there
was a change of speaker (SSt-DSp), or a change of sentence
(DSt-SSp), or a change of sentence and speaker (DSt-DSp).
Note that the change of speaker could be either within the
same sex, or across sexes. Participants performed two runs
of 141 sentences each giving 72 transitions in each condition.

Image acquisition

The experiment was performed on a 3-T whole body
system (Bruker, Germany), equipped with a quadrature
birdcage radio frequency (RF) coil. Functional images com-
prising 30 axial slices (thickness = 4 mm) covering most of
the brain were obtained with a T2-weighted gradient echo,
EPI sequence (interleaved acquisition with the following
parameters: TR, 2.5 s; TE, 35 ms; flip angle, 80°; field-of-view,
192 X 192 mm; 64 X 64 pixels). A high-resolution (1 X 0.9 X
1.4 mm), T1-weighted, anatomical image using a 3-D gradi-
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TABLE Il. fMRI activations in Experiment 2

No. voxels Cluster-level Z value at Talairach coordinates:
Area in cluster P value (corrected) local maximum X, Y,z

1a. Main effect of sentence repetition

Left middle STS 61 0.016 421 —-63, —15,0

Left posterior MTG 25 0.246 3.46 —-57,-42,0
1b. Asymmetries in the main effect of sentence repetition

Left posterior MTG 89 <0.001 3.96 —54,-42,0

Left middle STS 15 0.342 3.57 —60,15,6
2. Main effect of speaker repetition

No significant regions
3. Interactions speaker X sentence repetitions

No significant regions
4a. Effect of sentence repetition restricted to same speaker condition
Left middle STS 49 0.055 4.54 —63,-12, -3
Left posterior MTG 62 0.024 4.07 —60, —42,0
4b. Asymmetries in the effect of sentence repetition restricted to same speaker condition

Left posterior MTG

and STS 70 0.001 3.99 =57, —42,0
5a. Effect of sentence repetition restricted to different speaker condition

Left middle STS 52 0.023 3.84 —63, —15, -3
5b. Asymmetries in the effect of sentence repetition restricted to different

speaker condition

Left middle STS 41 0.001 4.62 —57,-12,6

Left posterior MTG 46 0.006 3.90 —60, =39,0

STG: superior temporal gyrus; STS: superior temporal sulcus, MTG: middle temporal gyrus.

ent-echo inversion-recovery sequence was also acquired for
each participant.

Image analysis

fMRI data analysis was performed using Statistical Para-
metric Mapping (SPM2, http://www fil.ion.ucl.ac.uk/
spm/). Preprocessing was the same as Experiment 1 except
that the images were resampled every 3 mm and that the
time series in each voxel was highpass-filtered with a cutoff
of 128 s.

Block design analysis. For each participant a linear model
was generated by entering, for each run, five distinct vari-
ables corresponding to the first sentence pooled across all
conditions and to the second to sixth sentences, separately
for the four conditions. The logic was that the conditions
differed only after the second sentence and that the response
to the first sentence might differ because it follows a long
period of silence. The variables were convolved by the stan-
dard SPM hemodynamic response function (HRF). For ran-
dom effect group analyses, the individual contrast images
from individual participants were smoothed with an 8-mm
Gaussian kernel and submitted to one-sample t-tests. The
design being a 2 X 2 factorial design, we computed the main
effects of sentence and of speaker and their interactions.
From a cognitive point of view, we were interested in the
brain regions that were sensitive to sentence repetition even
when acoustic variability due to a change of speaker was
present, and to the brain regions sensitive to speaker repe-
tition when sentences were constant or varied. Thus, we also
computed the corresponding four contrasts.

We tested also for significant left-right asymmetries in
these analyses: For each participant the transformation ma-
trix of the anatomical image toward its flipped image by a
nonlinear normalization was computed and then applied to
the smoothed contrast images of the previous analyses to
obtain their flipped images. Individual asymmetry images
were obtained by subtracting the original contrast image
from its flipped version. Those images were then entered
into a random-effect analysis, which tested whether the
amount of activation for the contrast of interest was signif-
icantly larger in one hemisphere relative to the other.

If not reported otherwise, all the reported effects passed a
voxelwise threshold of P < 0.001 uncorrected for multiple
comparisons and a P < 0.05 threshold on cluster extent.

Results

The first sentence of all blocks activated bilateral superior
temporal regions and the left posterior part of the brainstem
(colliculi). A significant asymmetry favoring the left side
was observed in the posterior part of the superior temporal
sulcus extending dorsally and medially over the planum
temporale (272 voxels, Z = 4.75atx = =39,y = =36,z = 12,
and Z =47 atx = =57,y = =39,z = 6).

A main effect of sentence repetition was observed in the
middle part of the left temporal sulcus. This region became
habituated even when speakers varied (DStDSp-SStDSp),
demonstrating a normalization property. A significant
asymmetry favoring the left side was present for the latter
comparison in this cluster and in a second more posterior
cluster located in the middle temporal gyrus (Table II).
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This classical SPM analysis did not reveal any effect of
speaker repetition nor significant interaction between
speaker and sentence repetition factors. There were also no
significant asymmetries for these contrasts. However, more
sensitive analyses based on permutations and mixed-effect
model, as presented by Meriaux et al. [2006], found a signif-
icant main effect of speaker repetition in the left superior
temporal sulcus (x = =63,y = —42,z = —9) and a significant
interaction between Sentence and Speaker repetition in the
right middle temporal gyrus (x = 60, y = —12, z = —3) (Fig.
3; see tables in Meriaux et al. [2006]). The latter region
significantly habituated when the speaker was kept constant
relative to blocks of varied speakers; however, it did so only
when the sentence was maintained constant (SStDSp-
SStSSp). In the latter comparison, a second cluster was also
significant in the left superior temporal gyrus (x = —60,
y = —30,z = 6).

Discussion

In this second experiment where a change of sentence was
contrasted with a change of speaker, we observed a reliable
effect of adaptation to the linguistic content in the left supe-
rior temporal sulcus that was independent of the speaker,

Figure 3.
Repetition suppression related to speaker and
sentence repetition in Experiment 2. A:
Graphs, surrounding sagittal slices at x = =60
mm (standard Talairach coordinates), show
the adaptation of the mean BOLD response in

Repeated
parameter the different conditions. The black tracing on
g%:mr each plot represents the duration of the
—— Zentence  speech stimuli (~19 s). Several patterns are
— B0t

seen. The superior temporal regions (e.g.,

2 .' 2 ; 2 z g
.El 1 . 1

:

‘!“m u : 2 & 10 aw

Speaker repetition

same sentence blocks

—48 mm, —12 mm, 0 mm) are activated and
do not adapt, while inferior frontal regions
(—40 mm, 24 mm, 0 mm) are inactive. The left
STS show adaptation to sentence repetition,
even when speakers varied (e.g., —60 mm,
—12 mm, —3 mm). Right homologous regions
either did not adapt (e.g., 5| mm, —39 mm, 3
mm) or adapted only when the speaker was
maintained constant (60 mm, —12 mm, —3
mm). B: Axial slices at z = 0 mm (Talairach
coordinates), displaying the clusters activated
in the different comparisons.

while the converse adaptation to speaker identity was not
observed. Adaptation to sentences was significantly asym-
metric, present only in the middle and posterior left tempo-
ral region, while the contralateral right regions were unable
to normalize across speakers. The right temporal region
habituated to sentence repetition only when the speaker was
maintained constant.

Speech normalization

Speech is produced by different vocal tracts inducing
variations in the acoustical cues that support linguistic con-
tent. Normalization of speech perception across many dif-
ferent speakers has long been recognized as one of the
crucial difficulties that the brain has to resolve. Liberman
[1985] proposed that normalization across speakers is real-
ized through the recognition of the motor pattern or gesture
that underlies the overt phoneme realization. The recent
discovery of mirror neurons in a possible equivalent of
Broca’s area in the macaque has given biological support to
the notion of a common representation between auditory or
visual percepts and motor patterns [Kohler et al., 2002].
However, we found no evidence of Broca’s involvement in
the normalization process engaged here (Fig. 3). Because the
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same sentences were used in Experiments 1 and 2, the
activation that we found in Broca’s area in Experiment 1
might be related to the participants’ rehearsal of the sen-
tence, which is possible during the pauses of the slow-event
paradigm. The incidental involvement of the left inferior
frontal region in sentence comprehension is further under-
scored by a transcranial magnetic stimulation (TMS) study
showing that magnetic stimulation over that region had no
effect on a participant’s sentence perception, contrary to the
same stimulation over the posterior temporal area that fa-
cilitates native language processing [Andoh et al., 2006].
These results are in contradiction to those reported by Sakai
et al. [2002] and Hashimoto and Sakai [2002] underscoring
the involvement of the left inferior frontal gyrus in sentence
comprehension. However, as the authors pointed out, the
involvement of this region in speech comprehension was
demonstrated only when the task explicitly requires the use
of syntactic rules or when participants have to recover
words in degraded speech [Davis and Johnsrude, 2003].
Broca’s area might thus be involved in speech listening
when there is a conscious effort in sentence processing to
integrate the different elements of the sentence.

The only regions displaying a normalization property
were in the superior temporal sulcus, a unimodal auditory
region [Poremba et al., 2003] that reacts more to speech than
to other auditory stimuli (see Binder et al. [2000] for a
meta-analysis of speech vs. nonspeech studies). In particu-
lar, using sinewave speech we observed that an area encom-
passing the two maxima observed here was more activated
when stimuli were perceived as speech than when the same
stimuli were perceived as whistles [Dehaene-Lambertz et al.,
2005]. The same clusters are also activated by different types
of degraded speech but only when they are intelligible
[Davis and Johnsrude, 2003; Narain et al., 2003]. These re-
sults underscore that this part of the STS is not sensitive to
the surface form of the auditory stimuli, but rather to the
linguistic representations elicited by them. In an experiment
of word repetition contrasting oral and visual modalities,
Cohen et al. [2004] proposed that an equivalent of the visual
word form area might exist in the superior temporal sulcus.
This auditory word form area (AWFA), which showed rep-
etition suppression within the auditory modality but not
across different modalities, would be tuned to recognize
words in the auditory environment irrespective of irrelevant
features, such as speaker identity, pitch, speech rate, etc. It is
noteworthy that the tentative coordinates that they propose
for the AWFA (—60, —8, —4) fall close to the main peak of
speaker independent adaptation observed in the present
study (63, -15, -3). We also observed a second spot pre-
senting these characteristics, posterior to the auditory cortex.
Based on this experiment we cannot conclude whether the
code unit in these regions is limited to words or whether it
can integrate an entire sentence. However, one might spec-
ulate, following the classical distinction between dorsal and
ventral pathways [Hickok and Poeppel, 2000; Scott and
Johnsrude, 2003], that these two clusters might be associated
with different coding schemes: the anterior region would

map the word form onto lexical representations, while the
posterior region, through the dorsal pathway, would main-
tain the phonological word form in order to interface with
the working memory and the motor systems. In a similar
priming study, but using written sentences, Noppeney and
Price [2004] reported syntactic adaptation in the left tempo-
ral pole (Talairach coordinates: —42, 3, —27). We could have
missed this region because of magnetic susceptibility arti-
facts in the temporal pole. However, the major difference
between both studies, aside from the visual vs. auditory
modality, is that the depth of syntactic computations might
be different in both tasks. Similarity between sentences
could be detected at several levels here. Our sentences were
also simple to understand and never comprised ambiguous
syntactic structures that might have pushed the participants
in Noppeney and Price’s study to rely more on syntactic
processing in order to understand the sentences even in
nonambiguous cases (see Hahne and Friederici [1999] for the
effect of the proportion of syntactically ambiguous sen-
tences).

Hemispheric asymmetry

The functional asymmetry between the two superior tem-
poral sulci is striking. Repetition suppression is observed in
left and right homologous clusters in the middle superior
temporal sulcus. However, on the right side this effect is
limited to the condition where both the sentence and the
speaker remain constant. Contrary to the left cluster, the
right cluster does not possess normalization capacities.
These complementary codes, one abstract on the left side,
the other exemplar-dependent on the right side, might ex-
plain performances in behavioral priming experiments. Lex-
ical decision, which is primed by previous presentations of
the word, even produced by different voices [Luce and
Lyons, 1998], would be based on the left abstract code while
explicit word recognition, which is affected by voice differ-
ences [Church and Schacter, 1994], might be informed by
both regions. This left-right difference is reminiscent of an-
other similar asymmetry described in the fusiform area for
visual stimuli. Whereas the left fusiform area displays rep-
etition suppression when a different view of the object is
repeated, the homologous right region shows repetition sup-
pression only when the same view is repeated [Vuilleumier
et al.,, 2002]. The authors argued that this difference was
independent of lexico-semantic factors but related to view-
invariant properties of the visual code in the left hemi-
sphere. In both visual and auditory perception the left hemi-
sphere appears to compute an abstract categorical
representation, stripped of sensory details, while the right
homologous region maintains more surface details.

Adaptation to the speaker

While we observed regions that habituated to sentence,
we did not find regions that habituated to speaker repeti-
tion. In our experiment, although the participants did not
know the speakers, we could have expected a difference
because blocks with different speakers comprise male and
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female voices, contrary to blocks with the same speaker. The
right anterior STS has been identified as an important region
involved in identifying speakers [Belin et al., 2004; von
Kriegstein and Giraud, 2004]. In an adaptation paradigm,
Belin and Zatorre [2003] compared blocks of the same re-
peated syllable produced by different speakers with blocks
of different syllables produced by the same voice. The right
anterior STS was the only region that differed between these
conditions. Here, in a similar passive task but with complex
linguistic stimuli, we were not able to observe a similar
adaptation effect. However, we might also have missed this
region because of signal loss due to magnetic susceptibility
artifacts (the peak maximum Talairach coordinates: 58, 2,
—8, reported by Belin and Zatorre [2003] is outside the
intersection of all the participants” masks). Von Kriegstein
and Giraud [2004] also noticed that the right posterior STS
was activated when participants had to recognize a precise
voice, particularly if the voice was previously unknown.
This finding is compatible with the exemplar-based repre-
sentation of sentences that we observed in that region. In
order to recognize a particular voice, the participants may
emphasize the surface details encoded in this region.

CONCLUSION

Our results demonstrate the feasibility of using sentence-
level adaptation to probe the functional organization of cortical
language areas. Experiment 2 was a first step to segregate the
perisylvian network by contrasting voice and linguistic con-
tent. Hierarchical comparisons between the different linguistic
parameters should normally follow. A recent experiment
[Kouider and Dupoux, 2005] demonstrating that it is possible
to obtain subliminal priming with auditory stimuli opens the
possibility of more refined tools to study speech comprehen-
sion, as was done for visual perception.
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Deconvolution Solution
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Abstract—Analysis of functional magnetic resonance imaging
(fMRI) data focuses essentially on two questions: first, a detec-
tion problem that studies which parts of the brain are activated
by a given stimulus and, second, an estimation problem that
investigates the temporal dynamic of the brain response during
activations. Up to now, these questions have been addressed inde-
pendently. However, the activated areas need to be known prior to
the analysis of the temporal dynamic of the response. Similarly,
a typical shape of the response has to be assumed a priori for
detection purpose. This situation motivates the need for new
methods in neuroimaging data analysis that are able to go beyond
this unsatisfactory tradeoff. The present paper raises a novel
detection-estimation approach to perform these two tasks simul-
taneously in region-based analysis. In the Bayesian framework,
the detection of brain activity is achieved using a mixture of two
Gaussian distributions as a prior model on the “neural” response
levels, whereas the hemodynamic impulse response is constrained
to be smooth enough in the time domain with a Gaussian prior.
All parameters of interest, as well as hyperparameters, are esti-
mated from the posterior distribution using Gibbs sampling and
posterior mean estimates.

Results obtained both on simulated and real fMRI data demon-
strate first that our approach can segregate activated and nonac-
tivated voxels in a given region of interest (ROI) and, second, that
it can provide spatial activation maps without any assumption on
the exact shape of the Hemodynamic Response Function (HRF), in
contrast to standard model-based analysis.

Index Terms—Bayesian analysis, detection-estimation, event-re-
lated fMRI, Gibbs sampling, HRF modeling, semi-blind deconvo-
lution.

I. INTRODUCTION

HE overall aim of functional magnetic resonance imaging

(fMRI) is to advance in the understanding of the relation
between functions (cognitive or sensori-motor ones) and struc-
ture in the humain brain. To this end, current fMRI paradigms
consist of various stimulus types or conditions (visual, auditory,
etc.) presented to the subject while brain volumes are acquired
(typically every few seconds). Each stimulus induces a neu-
ronal activation, which itself is responsible for some changes
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of physiological parameters (blood flow, blood volume, deoxy-
hemoglobin concentration, etc.) leading to a local increase of
blood oxygenation, which is referred to as the blood oxygenated
level-dependent (BOLD) effect [1].

The fMRI data can be analyzed using exploratory methods
(Cluster analysis [2], [3], principal component analysis (PCA)
[4], [5], and independent component analysis (ICA) [6], [7]),
but the most popular approach is based on massively univariate
(voxelwise) regression techniques implemented in many
paradigms such as statistical parametric mapping (SPM) [8],
the FMRIB Software Library (FSL), and Analysis of Functional
Neuroimages (AFNI). In this latter framework, once a model
has been specified, Student-¢ or Fisher statistics are calculated
over the whole brain in order to identify the regions that are
activated in response to a given contrast of experimental con-
ditions. However, methods to estimate the temporal dynamic
in brain regions have received less attention and have yet to be
further developed in neuroimaging. In this paper, we propose
to merge detection and estimation of the dynamic in one step
in a Bayesian framework.

For detection purposes, a general linear time invariant (LTT)
model, coding for the so-called design matrix, is built to assess
the link between the fMRI data and the expected BOLD signal
(regressors) in any voxel of the brain. Typically, each column of
this matrix defines a regressor, which is computed as the con-
volution of a specific stimulus sequence with an a priori Hemo-
dynamic Response Function (HRF), modeling the impulse re-
sponse of the neurovascular system.

Once the brain activity has been well localized for every
contrast of interest, analysis of the HRF shape may help to
understand the dynamic of the physiological process in terms of
activation delay (time to peak), undershoot, and putative initial
dip [9]. Over the last few years, a great deal of attention has
been paid to the development of voxel-wise methods for HRF
estimation. Recently, a nonlinear differential equation system
(i.e., the Balloon model) has been proposed to explain the
hemodynamics changes based on the mechanically compelling
model of an expandable venous compartment [10] and the
standard Windkessel theory [11]. Several studies have proposed
a state-space equation framework first to identify the parameters
of such nonlinear models and, second, to predict nonlinearities
in the BOLD response [12], [13]. Assuming a nonlinear model
between the fMRI time course and the stimulus sequence is
necessary to account specially for a refractory period that may
occur when the interstimulus interval (ISI) is shorter than 1 s.
As shown in [12], other hemodynamic nonlinearities may also

1053-587X/$20.00 © 2005 IEEE
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appear at about 8 sec poststimulus, which are attributed to a
high deoxyhemoglobin concentration during the flow undershoot
following the first stimulus. Nonetheless, most of fMRI studies
rely on an experimental design that makes the exploration of
BOLD nonlinearities unreachable. In such cases, linear modeling
constitutes asimpler and satisfactory approximation of the BOLD
dynamics, especially when the ISI is more than 2 s.

Pioneering works have embedded parametric models of the
HRF shape in a linear framework [14]-[16], [21]. Fitting the
parameters in the least square sense has provided an easy way
to get the dynamic of the response [16], [17], [21]. Nonetheless,
fMRI modeling requires flexibility since the HRF may vary from
region to region, task to task, and subject to subject [18]-[20].
Flexibility in parametric linear models has been achieved through
the use of a function basis [21], [22]. However, the function basis
set imposes a hard constraint on the detectable HRF shapes. To
overcome these problems, more adaptive parametric models
have been introduced first for fixed epoch fMRI experiments
[23], [24]. Recently, these works have been extended to any kind
of fMRI experiment in [25]. In this contribution, Woolrich and
colleagues have generalized the HRF parameterization of [23]
using a half-cosine basis, allowing isolation of different shape
characteristics of the HRF. Other contributors have considered
nonparametric formulations [26]-[29] in the Bayesian setting
and, more specifically, in a state-space framework [30], [31]. All
these studies impose a temporal constraint on the regularity of the
HREF since the underlying physiological process is slow-varying
in time.

A strong limitation that arises in the above-mentioned methods
is their lack of robustness, mainly due to the low signal-to-noise
ratio (SNR). HRF estimation turns out to be reliable only in
high SNR voxels. To increase this ratio, one solution consists of
pooling voxels. However, this procedure still requires to select
voxels with high SNR values. This can be achieved using testing
procedures with constraint models for HRF. On the other hand,
two noticeable features have been pointed out [28], [29]. First,
for a given stimulus type, the shape of the HRF tends to be
spatially homogeneous. Second, the fluctuation of the HRF esti-
mate from one condition to another in a given voxel essentially
relies on a magnitude modulation. To account for these features
in an efficient and robust way, we have derived a region-based
formulation of the HRF estimation problem in [32]. In this latter
work, we have characterized the vasculature of a given region of
interest (ROI) by a single HRF shape but allowed for variation
in the magnitude of the response. We have also introduced stim-
ulus-dependent magnitude coefficients for each voxel of a ROI
to model the space-varying response level to a given stimulus
type. This coefficient defines a pseudo-neural response and may
better represent the actual “neural” response level (NRL), as
seen by deconvolution of the BOLD response [13]. A noticeable
limitation of [32] is that the average activity is computed from
all the voxels in a ROI. However, for a given region, some voxels
may not be activated for one or several conditions. Therefore,
in this paper, we develop a new formulation that allows us to
perform the detection and estimation steps at the same time. As
explained further, this model, which is embodied in a Bayesian
approach, is able to segregate activated voxels within a region
from nonactivated ones.
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Following [27] and [28], the HRF is assumed to be a slowly
time-varying function using a Gaussian prior distribution. The
NRLs are supposed to be statistically independent from one
stimulus type to another. In this work, no spatial correlation is
introduced between pseudo-neural responses in nearby voxels
because such a model should be based on measured activity, and
until now, it is not clear what correlation will be observed. In
any case, such a spatial model would preferably be considered
on cortical geodesic distance rather than on voxel Euclidean dis-
tance. Akin to [33] and [34], in order to solve for the detection
of activated voxels in response to a given condition, we con-
sider a two-class Gaussian mixture as a prior probability den-
sity function (pdf) on the NRLs. For any condition of interest,
the role of the mixture is to efficiently discriminate activating
areas from not activating ones in the ROIL. Modeling the deacti-
vation process is beyond the scope of this paper, but it could be
addressed in the future using a third class in the mixture (see,
for instance, [33]).

All parameters of interest (the HRF and the NRLs), as well
as hyperparameters, which govern the prior laws, and space-
varying parameters (the deterministic trend due to physiolog-
ical artifacts and the noise variances) should be estimated in an
appropriate way. To this end, a Bayesian joint detection-estima-
tion approach is proposed, as explained in the following.

The rest of the paper is organized as follows. Section II re-
visits the LTI voxelwise modeling of the HRF proposed in [28].
Some notations that will be used throughout the paper are also
introduced in this section. Section III focuses on the modeling
of fMRI signal across voxels in a given ROI. In Section IV, we
present how detection-estimation can be jointly performed. Sec-
tion V provides the main steps of our Gibbs sampling algorithm.
Section VIillustrates the performances of our approach on syn-
thetic data in comparison with previous works [27], [28]. In Sec-
tion VII, the behavior of our method is analyzed on experimental
fMRI data. In Section VIII, we discuss the possible extensions
of the proposed method.

II. VOXELWISE FORMULATION

A. Notations

The notations used in this paper are summarized in Table I. In
what follows, all vectors are considered as columns by default.
Moreover, we will use the notation / = m : n as a shorthand
for{ = m,...,n.

B. LTI System

Let us define y; = (yjt, )n=1.n as the BOLD fMRI time
course measured in voxel V; at (not necessarily uniformly sam-
pled) times ¢,,, and define (x}" ),—1.n as the corresponding bi-
nary vector for the rmth condition: zyt =1 if £,, is an onset (i.e.,
an arrival time) for the mth condition. In classical voxel-depen-
dent approaches [28], [35], a convolution model is assumed be-
tween the stimuli and the data

M D Q
Yjt, = E § hj,dAta'tn—dAt + E Pto,ala,j + jt, -
m=1d=0 g=1
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TABLE 1
LIST OF NOTATIONS

y; ERN Data fMRI time series acquired in voxel V;

vy =[y1, ..., ysj| Matrix of size N x J representing fMRI time series acquired in all
voxels of the ROI

bj € RN Gaussian noise vector in voxel V;

D+1 Number of HRF coefficients

xm Binary “onsets matrix” of the mth condition of size N x (D + 1)

h HREF to be estimated

M Number of different conditions in the experiment

aj’ NRL for voxel V; and condition m

Q Number of drift parameters

P = [pi, ..., po|Low frequency orthogonal matrix of size N x Q

£; e R? Nuisance parameter vector for voxel V;

> Noise variance for voxel V;

A = (A,;m)m=1:m Vector of the weighting probabilities

H1,m Mean value of NRLs for activated voxels in condition m

ot Variance of NRLs for activated voxels in condition m

0(2),771 Variance of NRLs for nonactivated voxels in condition m

Cim J1 m-dimensional vector of activated voxel indexes in condition m

Com Jo.m-dimensional vector of nonactivated voxel indexes in condition m

Vector hj* = (h7';x;)a=0:p represents the unknown HRF in
voxel V; corresponding to the mth condition. In matrix form,
this relation reads

M
yj = X"h] +Pl+b; (1)

m=1

where X™ = (27" _ja¢)n=1:Na=0.p isa N x (D + 1) binary
matrix corresponding to the arrival times for the mth condition.
Equation (1) is the sum of three terms.

e The first one represents the stimulus-induced BOLD
signal. More precisely, each term X"h'" represents the
activation response in voxel V; to condition m.

*  P¢; is the confounds part (deterministic trends).

*  b; models the noise term.

The goal of our method is to extract the first term from the other
two. In the next paragraphs, we describe our assumptions for
each of these two terms.

C. Drift Model

In neuroimaging experiments, the fMRI data are contami-
nated by a low-frequency drift, mainly due to physiological ar-
tifacts [36]. Breathing and cardiac pulses are aliased since the
sampling frequency of the data is below Nyquist’s bound. A
highpass filter is generally used to remove these trends before
estimating the HRF. These baseline techniques are merely pre-
processing steps to eliminate drifts in the fMRI data. A relevant
alternative was also proposed in a semi-parametric framework
[37] and is adopted in this paper to model the trend. This ap-
proach relies on matrix P = [p;,...,pg] ( depends on the
lowest frequency attributable to the drift term), which consists
of an orthonormal basis of functions p, = (py(tn))n=1.5. To
each voxel is attached an unknown weighting vector £;.

D. Noise Model

Several temporal noise models may be considered. For
a given ROI R, the simplest noise model is a zero-mean
Gaussian white process b of unknown variance €2, independent

of h (b ~ N(0,€%I)). Nonetheless, it is well known that
fMRI time series are correlated in time [38]. Several authors
have proposed to estimate the temporal covariance matrix of
the noise using an autoregressive model [39], [40]. In [41], a
spatially varying first-order AR model has been considered.
In the present paper, we will only consider a spatially varying
white noise model since it was actually demonstrated in [42]
that various noise correlation structures have little influence
on the performances of the HRF estimation. This means that a
specific noise variance e? is assigned to each voxel V;, allowing
for spatially varying artifacts (such as the partial volume effect)
to be treated in an appropriate way. Hence, we will need to
estimate vector €2 = (e?) j=1:s of noise variances.

III. PROPOSED REGIONAL MODEL

A. Motivation

In [28], the authors have described a method for voxel-spe-
cific HRF estimation or, more generally, from a given time
series in the context of event-related paradigms. This approach
only focused on the temporal aspects, i.e., spatial features were
not considered. Results of this method on actual fMRI data
showed that HRF estimates, which are computed in neighbor
voxels, have approximately the same shape up to a magnitude
factor. This property of shape similarity was also observed,
in numerous cases, for HRF estimates computed in the same
voxel but for different stimulus types [28], [29]. However, in
some experimental paradigms such as repetition-suppression
ones, because of the habituation phenomenon, estimated HRFs
in neighbor voxels may show differences with respect to (w.r.t.)
the activation delay or the peak intensity.

Brain regions activated by a given stimulus usually spread
over a number of contiguous voxels. A study of the response
over an homogeneous region seems therefore reasonable. This
region could be defined anatomically or functionally by some
brain parcellation technique [43] or clustering algorithm [44].
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Fig. 1. ROl-based model. h is the single HRF for all the voxels of the ROI. a7* defines the NRL for voxel V; and stimulus type (or condition) m.

B. Assumptions

(H1) We consider a LTI model.

(H2) We assume that the fMRI time series y = [y, ..., Y]
are statistically independent and identically distributed
(i.i.d.) in space. We also consider that there is no noise
correlation in space.

(H3) We do not model any spatial correlation between the

NRLs of neighbor voxels. In the recent litterature, sev-

eral contributions have introduced spatial priors either

on the activation height [24], [45] or on the labels of the

classes associated with the mixture model [46], [47].

This latter idea seems relevant to remove isolated false

positives since it encodes the prior belief that neigh-

boring voxels are likely to belong to the same class.

We could also extend our model to spatial mixtures

that should be preferably defined on the cortical sur-

face using a two-dimensional (2-D) Markov random
field.

Generally, fMRI experiments consist of several con-

ditions (visual, auditory, etc.). We assume that the re-

sponses to different stimuli combine in a linear way.

(H4)

C. Problem Statement

Once an homogeneous ROI is defined, our purpose is to es-
timate its canonical time response. More precisely, we charac-
terize the ROI by a single HRF shape and a magnitude coeffi-
cient for each voxel and stimulus type. It is likely that this coef-
ficient may better represent the NRL. To this end, we introduce
a special case of (1) that accounts for stimulus/voxel-dependent
signal and voxel-dependent noise levels but assumes a single
HREF shape over the region. Letting R = (V}),=1., be the ROI,
then (1) reads

M
yj=Y afX"h+Pli+b;, Vi=1:J ()
m=1

where a}" stands for the NRL in voxel V; for condition m. Fig. 1
summarizes the main features of model (2).

IV. A PRIORI MODEL AND THE
DETECTION/ESTIMATION PROBLEM

Assuming that a given region has homogeneous vasculature
properties, we propose to estimate the corresponding HRF and

to simultaneously classify voxels in the ROI as either activating
or not activating. This classification task has already been ap-
plied to fMRI data either using a nonspatial mixture model [34]
or a spatial one [33], [46], [47]. Following [34], we introduce
a two-class mixture model: one for activated voxels (class 1)
and the other for nonactivated ones (class 0). In this framework,
we need to estimate the label attached to each voxel of the ROI
and the corresponding NRL. Since this model stands for a given
stimulus type, we consider M two-class mixtures, each of them
being coupled to a single stimulus type.

The estimation of the NRLs and the HRF may be thought of
as a multichannel, semi-blind deconvolution problem. Indeed,
the different channels correspond to the available voxels and
“semi-blind” refers to the prior knowledge of the arrival times of
the “neural” responses. In contrast, arrival times have to be iden-
tified as well in some other applications of sparse spike decon-
volution such as geophysics [48]. For all parameters of interest,
the respective a priori models are described in the following.

A. HRF

As physiologically advocated in [49], the HRF can be char-
acterized as follows [28], [35]:

1) Its temporal variations are smooth. Quantification is
achieved by setting Gaussian prior for the norm of
the second derivative of the HRF, whose variance is
adjusted by hyperparameter o3. More precisely, we
assume h ~ N(0,|0%h||*/(202)). Following usual

practice, ||9%h]|? can be discretized as

_ haryar = 2haat + ha-1)ae

(0?h)gns = (A1)?

Vd=1:D - 1.

Taking into account (i), we obtain in matrix form
0%h = Dh, where D, is the truncated second-order
finite difference matrix of size (D — 1) x (D — 1)
that depends on At [35]. Hence, ||0h||> = h*R™'h,
where R = (D%D5)~" is symmetrical positive defini-
tive.

It is causal, and its amplitude vanishes at the first and
the end time points (hg = hpa: = 0), which corre-
sponds to a duration of about 25 s.

i)
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Furthermore, akin to [50], we impose a normalization con-
straint i.e., h = 1, to remove the scale ambiguity encountered
in blind deconvolution problems [48].

B. “Neural” Response Levels

According to (H3), we have p(a;8,) = [[p(a™;8,,) with
a = [0’17 s 70']\[]7 a” = (a’?jn)jzl:Lh and 0(1 = (0m)m=1:1\17
where vector 8,,, gathers the hyperparameters related to the prior
pdf of the NRLs for the mth stimulus type. These hyperparam-
eters are unknown and will be further specified.

In some cases, a few voxels of the ROI are activated by a
given condition, whereas others may not be. We therefore con-
sider couples of random variables 2" = (¢*,a7"),j = 1 :
J,m =1: M. Parameter ¢;" is a binary random variable that
indicates whether voxel V; is activated or not by condition m
(respectively, gi* = 1 or ¢;* = 0). Conditional on gj*, af* is
a Gaussian random variable that represents the NRL for voxel
V; and condition m. To model this prior knowledge about the
activation process, we introduce a two-class Gaussian mixture

prior distribution
/\l,mN (Nl,mz Uim) + /\O,mN (07 Ug,m) (3)

Where Vi e {1,...,J} Am = Pr( q = 1), and Ao, =
— A1,m- According to (H3), Ay, is a condition-dependent
factor, but it is not voxel-dependent.
As implied by (3), we attribute a Gaussian prior model to the
NRLs

) NN()U’lﬂnvo—%,m,)

(af'| g =1
0) ~N (0,05 ,,) -

p(a| af"

Note that we set j19 ., = 0 since this parameter represents
the mean of the amplitude levels for nonactivated voxels,
which, by definition, should be zero. Thus, four hyperparam-
eters describe this mixture prior model for each condition:
00 = [ALms 141,m5 0% s 00 ). Such a model is a generaliza-
tion of the Gaussian prior distribution for the NRL’s advocated
in [32].

C. Low-Frequency Drift

Vector £ = [{1, ..., £ ] gathers the unknown regression co-
efficients of the function basis P. We assume that £ is a random
vector independent of h, such that p(£;77) = [1; p(€; 7 ?) and
¢; ~ N(0,771g). In this paper, the calculatlons will be pro-
Vlded in the noninformative case, that is, when Tl — +o00. In

where g; = y; — >,
estimation of (h,a) is a bilinear inverse problem since (2) is
linear w.r.t. h when a is fixed and vice-versa. In addition, the
ML solution (h*,
(h*/C,a* x C) defines another pair of solutions in the ML
sense. By contrast, structural prior information is available both
on h and a. Therefore, we resort to the Bayesian framework.

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 53, NO. 9, SEPTEMBER 2005

this case, the prior pdf becomes flat, which simplifies the expres-
sion of the full posterior pdf after integrating the drift parameters
£ out (see Section V).

D. Hyperparameters

The complete set of hyperparameters to be estimated is de-

noted ® = [€%,0},0,]. For all these parameters, we resort
to noninformative Jeffreys priors that meet the reparametriza-
tion-invariance requirement [51, p. 132]

=1l »lon) =o'

J

() =IIr(<)
=[]0

= Hp()‘l,m)p(
p(>\1,m) x 8(1/2 1/2)
1

p (Jtz),m) = O—Oim'

Ml,'f'“ Uim) p (O'gﬂn) ’

P (Ml,m~/ Uim) = Ui'}n7

V. ALGORITHM

A. Likelihood

According to (H1)—(H2), the likelihood function reads

Hp (9 |hra.t).€)

p(y I h7 a7 £7 €
T oo | —5osli; — PEI?
: € exp 2612 Y; :

a}* X" h. Maximum likelihood (ML)

a*) is not unique. For instance, every couple

B. Joint Posterior Distribution

Considering the constructed model [cf. H1)-H4)] and as-

suming no further prior dependence between parameters, formal
application of the chain rule yields (4), shown at the bottom of
the page.

Since (2) is linear w.r.t. vectors £; of nuisance variables, they

can be easily integrated out. We therefore focus on the marginal
distribution p(h,a, ® |y) =

J p(h,a,t,® |y)dl in order to get

1
p(h.a,.©|y) xp(ylh.a.£,e)p(h

m 7 1=0

) LTI plalay =
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fewer parameters to sample. Moreover, due to the Rao-Black-
wellization property [52], the marginalization step reduces the
variance of the remaining parameters to be sampled and yields

p(h,a,© |y)

1
o a;Doxp —thR_
h

1
1 ~tr) ~
h— ) E ijjyj

AlfL ,m

Q“HZ

1mo_1 —i,m

T

m 1=0
2
«exp [ L= Him)”
201-2’ m
where @Q; = 6;2(IN — PP"), and the orthogonality of P (i.e.,
PP =1 ~) has been accounted for. As mentioned earlier in

Section IV-C, choosing an informative prior for £ would have
modified the term [ ]; 6?71\771 inp(h, a, ® | y), making its sam-
pling w.r.t. noise variances more tricky.

Due to the bilinearity of model (2) w.r.t. h and a, we do not
consider the maximum a posteriori (MAP) estimate of (h, a).
Indeed, its computation would require stochastic optimization
since p(h,a,® |y) may possess many local maxima. “Joint
MAP” estimation has already been addressed in blind deconvo-
lution problems with fixed hyperparameters [53], [54], but the
proposed method suffers from shortcomings w.r.t. local minima
and nonuniqueness of the solution. More importantly, the issue
of hyperparameter tuning would not be easily addressed using
the MAP approach. In fact, it was shown that simultaneous
signal estimation and hyperparameter identification is achieved
in this framework by maximizing the generalized likelihood
whose maximizer is not statistically consistent [55]. Consid-
ering all aspects of this problem, we rather choose to compute
an estimate of the posterior mean of the unknown parameters
as well as the hyperparameters. Direct sampling from the joint
posterior pdf is impossible. Therefore, we resort to Monte
Carlo Markov chain methods [52] and, more specifically, to
Gibbs sampling for which the full conditional pdfs needs to be
derived.

C. Numerical Inference Using Gibbs Sampling

Gibbs sampling has already been applied in the context of
blind deconvolution problems [48]. It consists of starting with a
seed vector and sequentially modifying one (scalar or multidi-
mensional) component at a time by sampling according to the
full conditional pdf of that component given the remaining vari-
ables (denoted as rest in the following) and the data. Samples
are composed of the set of all vectors whose components have
been updated an equal amount of iterations.

A key issue with Gibbs sampling is to partition the vector
of parameters into blocks whose full conditional sampling
can be performed easily. In our case, we exploit the bi-
linearity of model (2) w.r.t. h and a that makes the full
conditional pdfs p(h|y,a,®) and p(a|y,h,®) Gaussian,
given the noise model and the priors. Then, the derivation of
the full conditional pdfs corresponding to the chosen clus-
tering is straightforward. As detailed in Table II, the updating
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TABLE 1T
STEPS OF THE GIBBS SAMPLING ALGORITHM

« Setting up: choose b, a®, A%, (¢2)°,69.
« Iteration k: draw samples h*, a¥, A, (€2)¥, 9% from the full conditional
posterior pdfs:
- HRE: ¥ ~ p(h¥ |y, a*~1, (e2)F1), of. Eq. (D).
- HRF scale: (03)* ~ p(c})*| h¥), cf. Eq. (8).
— NRLs: for every condltlon m and every voxel j,
* (u;” ~ U[0,1] ; if ( ’”) ()\’”) , then (g }") = 1 otherwise
gk =o.
* (aP)F (@) =i~ N(()¥, (7)), (i =
— Noise variances: for every voxel j,
(€)* ~ p((€)* | y; b, a3), of Bq. (1D).
— Mixture parameters: for every condition m,
+ Weighting probability:
Mn ~ PO g |4, BE, a8, (¢4)9), of. Eq. (12).
+ Variance of NRLs for nonactivated voxels:
(@8 m)* ~ (08 )" |71 s V6 ) f: Eq. (13).
+ Variance of NRLs for activated voxels:
(@F )"~ p((0F )" 11 s vE ) f: EQ. (14).
+ Mean of NRLs for activated voxels
(ﬂl,m)A ((le) |(Ulm) 771 ms Vlm) ¢f. Eq. (15).

o Iterate until maximum iteration number K is achieved. Finally, we com-
pute posterior mean estimates using the following approximation (Samples

0,1), ¢f Eq. (9).

6',...,0" are discarded: they correspond to the so-called burn-in period):
Ko
Zak Ki=Ko—I+1, V0¢€ {h,a,0O}

steps are performed on the following unknown variables:
hoow, 2 = (4], 07"), €6 Amy 08 1y 01 s and pi1 . We
therefore need access to the corresponding full conditional pdfs
whose closed forms are given in Appendix A.

Once the Gibbs sampler has converged, these quantities are
approximated by their sample counterparts, as emphasized in
Table II. To check the convergence of our algorithm, we have
plotted the values of several scalar parameters (a noise variance
as well as other hyperparameters) w.r.t. iterations. Once the rel-
ative norm of these parameters is lower than a given threshold
(e = 1073), it was decided that the sampling scheme could
stop. Following [29], we could implement more sophisticated
convergence diagnosis if necessary. However, in practice, we
did not experience convergence problems.

VI. SIMULATION RESULTS
A. Generation of Synthetic Datasets

We simulated a random-intermixed sequence of indexes
coding for two different stimulus types (M = 2). Each index
m corresponded to a specific stimulus. The timing of the trials
was random since the retained inter-stimulus intervals (ISIs)
were uniformly distributed on [1.5, 2.5] sec. For such ISI
values, the linear approximation of the response is valid. For
the simulation, we also took one session of N = 100 time
points (e.g., scan number). The sampling interval §¢ of the trial
onsets was set to 0.5 s. The onsets arrival times are put in the
ndt grid by moving them to the nearer time points on this grid.

The ROI R consisted of J = 60 voxels. As indicated in
Table I, Cy ,,, and Cy,,, = R\C},,, are the sets of activated
and nonactivated voxels in R for condition m, respectively. For
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Fig. 2. Symbols B and o represent the true k. and the corresponding HRF
estimate, respectively.

the two conditions, we chose the following distributions for the
NRLs:

1

ajcc,, ~N (p11=10,07, =3)
"'}ECU,1 ~N (0700 1= 1)
“?ecw ~N (p2 =207, =0.3)
@Gy, ~ N (0,05, =0.4)

For Condition 1, there were Jy ,, = 24 activated voxels and
Jo,m = 38 nonactivated ones. For condition 2, there were as
many as activated voxels as nonactivated ones (Jo ,, = J1,m =
30). For all voxels, the binary stimulus sequence was convolved
with the canonical HRF h.,! whose exact shape appears in Fig. 2
as the W-line. A white Gaussian noise b; was then added to the
stimulus-induced signal > a7 X"™h in every voxel V;. The
noise variances (ef) j=1.7 were set as follows. Let us introduce
the definition of space-varying contrast-to-noise ratio (CNR),
based on the Li-norm of the signal:

CNR.: é Zdﬂn ia’;nhdAt|
! (D —1)e;

We restricted our simulations to constant CNR; in space:
CNR; = CNR, Vj. Since the NRLs were sampled from a target
distribution (e.g., p(a;-"E Cz,m) for condition m and class 7), the
signal norm was different from one voxel to another. To achieve
constant CNR, we adapted the noise variances ¢; accordingly.
Two values of CNR were investigated (CNR = 1.3 and CNR =
0.3), leading first to a simpler synthetic case and, second, to a
more realistic one.

Space-varying low-frequency drifts P¢; were added to the
fMRI time courses. They were generated from a cosine trans-
form basis whose coefficients £; were drawn from a normal
distribution. The amount of low-frequency signal was tuned to
be significant: We checked that the ratio between the quadratic
norm of the drift components P¢; and the quadratic norm of the
drift-free data ), a7'X™h + b; was no less than 50%. The
trials of the two conditions were well distributed over time such
that collinearity with the low-frequency signal is unlikely.

lused in the SPM2 software www.fil.ion.ucl.ac.uk/spm/spm2.html
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Fig.3. (a)and (b) provide the NRLs for the first (rn = 1) and second (m = 2)

conditions, respectively. Symbols * and o represent true and estimated NRLs,
respectively. The error bars are derived from the sampled posterior variances
given by (5).

The chosen cut-off period (COP) related to the drift term was
70 s. corresponding to () = 4. Synthetic data were then obtained
after undersampling the sequences at a [TR/6] rate, the inter-
scan interval being TR = 2 s.

Akin to [28], the sampling rate of the HRF estimate was set to
At = 8t to avoid estimation bias due to instant-matching error.

B. High CNR (CNR = 1.3)

As shown in Fig. 2, the HRF estimate matches the canonical
time course h. very well.

Fig. 3(a) and (b) shows the NRL estimates for both condi-
tions. Since the simulated average activity is stronger for m =
1(p1,1 = 10), Fig. 3(a) demonstrates that the response magni-
tudes of activated voxels are estimated accurately. Indeed, the
error bars v7* attached to the estimated NRLs and computed as
the sampled variances of the NRLs

m 1 mk —m\2 . .
vt = E LZ:I ((aj ) —aj ) V7, m, with
w1 a0 o k
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Fig. 4. (a) and (b) describe the histograms of activation probabilities p7* for
m = 1,2, respectively. Filled bars represent nonactivated voxels belonging
to Co,m (15}" < 0.5), whereas white bars represent activated voxels (i.e.,
belonging to C ,,).

are small enough to embed the true magnitudes depicted in ().
In contrast, Fig. 3(b) illustrates the influence of a lower mean
activity (pt1,2 = 2) both on the estimated NRLs and on the
corresponding error bars: A small amount of bias, as well as
larger sampled variances v}", are observed because of a lower
CNR for the second condition. On the other hand, our method
behaves normally for nonactivated voxels since estimated and
true NRLs overlap.

Fig. 4 shows histograms of activation probabilities p}* that
are computed by averaging the labels ¢} over iterations

== (¢")", Vim. ©6)

Each bar depicted in Fig. 4(a) and (b) returns the number of
voxels corresponding to a given value of ﬁ} and ﬁ?, respectively.
Filled bars show nonactivated voxels (i.e., belonging to Co ,
because of (¢j*)"™ = 0) for which p7* < 0.5, whereas white
bars represent activated voxels belonging to C .

As expected, the histogram depicted in Fig. 4(a) for nonac-
tivated voxels spreads over the left part of the probability axis

3495
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Fig. 5. Symbols W and o represent true k. and estimated HRF h, respectively.

because of 03,1 = 1. The middle part of this graph shows that
13; = 0.5 for two voxels, indicating that our algorithm hesi-
tates to classify these voxels in class Cp ;. The right part of the
histogram demonstrates that 24 voxels have been assigned to
class C 1, as expected. Fig. 4(b) corresponds to an easier case
where activated and nonactivated voxels for the second condi-
tion are clearly separated and well classified (30 voxels within

each class). This results from our variance choice 032 5 = 0.4.

C. Low CNR (CNR = 0.3)

The HRF estimate plotted in Fig. 5 is a slightly oversmoothed
version of h. about its peak because of the regularization con-
straint.

Fig. 6(a) and (b) shows the NRL estimates for both condi-
tions. For activated voxels, the estimated magnitudes are more
biased for lower CNR. The noise level also has an influence on
the confidence intervals, which appear broader for both condi-
tions but, more significantly, for the second one. In contrast, the
results for nonactivated voxels show no significant difference in
comparison with the first simulation.

Fig. 7 shows histograms of activation probabilities for both
conditions. It appears that lower CNR values induce detection
of false positives for condition 1, whereas we found 30 voxels
in both classes for condition 2. As expected, the number of
misclassified voxels is larger for the first condition because of
03,1 = 1. In Fig. 7(b), it appears that the distribution of nonac-
tivated voxels has a broader dispersion for this CNR in compar-
ison with the first simulation.

VII. RESULTS ON REAL fMRI DATA
A. MRI Parameters

The experiment was performed on a 3-T whole-body system
(Bruker, Germany) equipped with a quadrature birdcage radio
frequency (RF) coil and a head-gradient coil insert designed
for echoplanar imaging. Functional images were obtained with
a T2*-weighted gradient echo, echo planar imaging sequence
(TR = 24 s, TE = 30 ms). A 3-D volume is composed
of 64 x 64 x 32 voxels. A high-resolution (1 x 1 x 1.2 mm)
anatomical image using a 3-D gradient-echo inversion-recovery
sequence was also acquired for each subject.
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Fig.6. (a)and (b) provide the NRLs for the first (m = 1) and second (m = 2) p 7
conditigns, respectively. Symbols *'and o represent true and estirpated NRLS, Fig. 7. (a) and (b) describe the histograms of activation probability p7" for
respectively. The error bars are derived from the sampled posterior variances " — 1,2, respectively. Filled bars represent nonactivated voxels belonging

from (5).

B. Experimental Paradigm

The experiment is a fast event-related paradigm. It consisted
of a single session of 125 trials (N = 125) lasting TR = 2.4
sec each. The main goal of this experiment was to quickly map
several brain functions such as motor, visual, and auditory re-
sponses, as well as higher cognitive functions like computation,
but here, we will focus only on four stimuli: right-hand button
click, left-hand button click, audio, and video.

The chosen ROIs are SPM clusters obtained from ¢ maps
(thresholded at P = 0.001 corrected for multiple comparisons)
based on standard SPM activation detection using a canonical
model, least squares estimation, and inference on relevant con-
trasts.

In the following, we choose to study two contrasts: (right
click minus left click) contrast and (audio minus video) contrast.
ROIs Rq and R4 were defined using the MARSBAR toolbox.2
The 178 voxels of the (right click minus left click) R; are lo-
cated around the voxel of Talairach coordinates in millimeters:
(X = —36,Y = —21, Z = 48). The 632 voxels of the (audio
minus video) R are located around the voxel of Talairach co-
ordinates in millimeters: (X = —63,Y = —21, 7 = 3).

2www.sourceforge.net/projects/marsbar

0 Co.m( o< 0.5), whereas white bars represent activated voxels (i.e.,
belonging to C ).

C. Results

In Figs. 8(a) and 9(a), the HRF estimates corresponding to
the two selected ROIs (R; and R,) are plotted. These HRF
estimates have a regular shape, as enforced by the prior model.
Figs. 8(b)—(c) and 9(b)—(c) show the maps of the NRL estimates
computed for the right and left clicks in R and for the audio and
video conditions in R, respectively. Note the different scaling
in these figures, and as expected, high values are found for the
right click condition in R defined with a (right click minus left
click) contrast, whereas positive or negative values close to 0
are found for the left click. The same apply for the (audio minus
video) contrast.

Figs. 8(d)—(e) and 9(d)—(e) show the voxels classification in
class 0 (red) and inclass 1 (white). Classification was based on the
maximum likelihood principle (e.g., voxels with greater chance
to be in class 1 than in class 0 are classified in 1). It is crucial
to note that voxels classified in class 1 [for instance, for the left
click in Fig. 8(c)] are not necessarily “activated” in the usual
sense used in neuroimaging results but can only be said to be more
likely inclass 1. Whether they are “activated” depends on whether
class 1 can be differentiated from class 0. Indeed, as shown in



VIIL1 Etude de faisabilité 211

MAKNI et al.: JOINT DETECTION-ESTIMATION OF BRAIN ACTIVITY IN FUNCTIONAL MRI 3497

(a)
a
11
=
£
7 1.5
=
=
iy
w
fan]
M 0.5
@]
;M
—
©
B 0.5
g 5 10 15 20 25 30

time (s)

o2

4 -2 0 2 i [ 8 1 s 15 05 0.5 15 25
right click left click

Fig. 8. Estimation results for the (right click minus left click) contrast using raw (unsmoothed) data. From top to bottom and from left to right. (a) HRF estimate
for R defined from the (right click minus left click) contrast. (b) Right click voxels NRLs estimates. (c) Left click voxels NRLs estimates. (d) and (e) Classification
results for the right and left click stimulus, respectively (red: class 0, white: class 1). (f) and (g) Classes distributions of the right and left click stimuli, respectively.
Dashed lines: class 0. Solid lines: class 1. Values are only plotted for voxels in the chosen ROI and not for all voxels in the brain.

Fig. 8(f)—(g), the estimated distributions of the two classes may implemented a classical test of the null hypothesis to keep voxels
be too close to each other to make their discrimination from the  that survive a 5% risk of false positive threshold, as illustrated in
neural response levels efficient. To cope with this issue, we have  Fig. 9(f)—(g). Clearly, the region of interest is almost entirely sig-
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Fig. 9. Estimation results for the (audio minus video) contrast using raw (unsmoothed) data. From top to bottom and from left to right. (a) HRF estimate for R,
defined from the (audio minus video) contrast. (b) and (c) Audio (resp. video) voxels NRLs estimates. (d) and (e) Classification results for the audio and video
stimulus, respectively (red: class 0, white: class 1). (f) and (g) Statistical test results for the audio (resp. video) stimulus after at the 5% risk of error. Significantly
activated voxels are in white, and nonsignificant voxels are in red. Values are only plotted for voxels in the ROI and not for all voxels in the brain.

nificantly activated for the audio condition, whereas few voxels Our approach was also tested using data smoothed with a
survive this threshold for the video condition. 6-mm isotropic Gaussian kernel. Essential results conveyed the
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same information, with a greater spatial homogeneity observed
in all results (voxels NRL activity, voxels classifications, sig-
nificant voxels). Results are not reported here but are available
from the authors.

The a priori classification in two classes may seem as a con-
straint. Since no formal model testing is performed to choose
between a model including only one class with the model that
includes two classes, the interpretation of the data classified in
class 1 is not straightforward when, for a given condition, the
ROl is actually made up of nonactivated voxels. In this case, a
model with only one class would be more suitable. However, we
showed that a simple hypothesis testing procedure can be used
for the detection of “activated” voxels. Besides, the implementa-
tion of a Bayesian information criterion would also easily raise
this limitation. Note also that a threshold corrected for multiple
comparison can be used if a strong specificity is needed from
the analysis. In our experimental results, classes 1 and 0 were
straightforwardly close or different because of our ROI choice.
This may not be the case in other experimental conditions or if
ROIs are selected on an anatomical basis.

The knowledge of the alternative hypothesis estimation (class
1 estimated model) is information that is to date not normally
used in neuroimaging analyses but allows one to ask some dif-
ferent classes of questions to the data that cannot be answered
in the null hypothesis testing framework. For instance, one may
ask whether a given voxel activity is indeed not activated (its
value is close to zero within a given confidence interval); this is
information that is not obtainable from the “nonrejection” of the
null hypothesis. Furthermore, one would also be able to control
for the risk of false negative by setting a threshold based on the
alternative distribution.

VIII. CONCLUSION

In this paper, we have proposed an original method for semi-
blind deconvolution of impulse pseudo-neural response in func-
tional neuroimaging. This method extends a previous work [28]
to deal with regional HRF estimation in an efficient way while
modeling the spatial variability of the pseudo-neural response
for each stimulus type. Mixture modeling provides us a way of
estimating the distributions of activated and nonactivated voxels
from the data itself. Indeed, detection is performed on the esti-
mated class 0 (centered on 0) and class 1 distribution param-
eters. To our knowledge, it is the first time that a Bayesian
joint detection-estimation approach is proposed for the anal-
ysis of fMRI data. We have validated this approach on both
synthetic and real fMRI data. The method is general enough to
deal with all specific features of fMRI data (several sessions per
subject, voxel specific noise variance, asynchronous timing be-
tween event onsets and scanning time, physiological artifacts,
and so on). Our optimization scheme is also efficient enough to
allow for large fMRI time series to be processed. Furthermore,
this approach provides a tool to compare estimated activity be-
tween conditions, regions, or subjects.

Compared with standard detection techniques (like SPM),
this paper introduces the joint estimation of the shape of the
HRF and the associated spatial map and, therefore, should yield
more precise estimations of voxel activity. Our modeling also
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permits the use of the estimated distribution of activity under
the “alternative” hypothesis in a Bayesian framework. In this
regard, this approach provides the neuroscientist with a method
that is able to answer questions that are not tractable in the clas-
sical null hypothesis framework [21]. Another advantage of es-
timating the “alternative” distribution is that it allows some ad-
justement for modeling assumption violations. In the case of im-
perfect modeling of the noise characteristics, for instance, the
null distribution may have a different form from what is cur-
rently assumed in the null-hypothesis testing framework [21].
However, mixture modeling-based approaches may fail when
the data does not meet the distributional assumptions, whatever
the source of discrepancy (non Gaussianity, three-class mixture
model, ...). This point is critical in our approach for stimulus
types that do not elicit activation in any voxel of the selected
ROL. This could be solved using a model selection step that re-
quires the estimation of the parameters of the simpler one-class
model described in [32].

The method can be extended in several ways. First, spatial
regularization could be introduced on the spatial map of clas-
sification labels using 2—-D (based on the cortical surface) or
three—dimensional (3-D) (based on the volume) Markov random
fields. The specific use of Pickard random fields could be par-
ticularly interesting to automatically tune the amount of regular-
ization from the data without facing the estimation of the parti-
tion function [56]. Another solution has been recently proposed
to cope with the same issue [47].

Second, the model presented here assumes that the NRLs are
constant in time. However, phenomena such as adaptation or
learning may be better modeled by including the time dimension
in more sophisticated models. This is the subject of future re-
search. Third, anatomical information (grey/white matter) have
yet to be considered. However, we know that activation should
be localized in the grey matter of the brain, and sophisticated
segmentation tools of anatomical data are now available (see,
for instance, the Brainvisa software3). If good registration be-
tween the anatomical and functional data can be achieved, this
information should be taken into account in the model formula-
tion as a prior.

Last, white noise is assumed in this paper. We have started
to develop an extension that accounts for serial correlation of
fMRI time series using a spatially varying first-order AR model
of errors [41]. First, this extension is more computationally de-
manding since AR, as well as drift parameters, now need to
be sampled. Our first tests on simulations have shown that this
modeling has an influence over the posterior error bars of the
NRLs. More precisely, for correlated synthetic datasets, we get
smaller error bars when modeling this correlation. Nonetheless,
our first tests on real fMRI data yielded no major improvement
compared with the results described in Section VII.

APPENDIX

A. Computational Details

We will use specific notations to make reference to usual dis-
tributions (see Table III). In the following, we derive the poste-

3http://brainvisa.info/index.html
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TABLE III
LIST OF DISTRIBUTION NOTATIONS

U uniform distribution

N Gaussian distribution

ZG Inverse Gamma distribution
B Beta distribution

rior full conditional distributions from which we sample in our
algorithm.

1) Hemodynamic Response Function: The full conditional
posterior pdf p(h |y, a, ®) can be identified from the full pos-
terior pdf p(h,a, ® |y), assuming that (a, ®,y) are constant,
while h may still vary: p(h|y,a,®) o p(y|h,a,e?)p(h).
Since the likelihood and the prior are Gaussian, h also follows
a Gaussian conditional distribution p(h |rest) ~ N (mp, Zp),
with

2;1 = U;QR—l + ZS;Q]S],
J

my=3n Y SiQ,y; (7
J

where §; = 3, a" X™.In practice, drawing realizations from
p(h | rest) is a three-step procedure [51].

1) Compute the square root of matrix Xjp. This can
be achieved using Cholesky factorization such that
¥, = LL', where L is a lower triangular matrix.

2) Generate a Gaussian vector k ~ N (0,Ip_1).

3) Compute h = my,+ Lk to geta sample from N (my,, Xp,).

2) HRF Scale: Sampling the hyperparameter o3 amounts to

simulating according to
(on|rest) = p (07| k) ~IG(D/2,R* R™"R/2).  (8)
3) “Neural” Response Levels: The sampling scheme of the
NRLs relies on two nested loops, where the inner corresponds to
the stimulus types (e.g., index m) and the outer to voxels (e.g.,
index j). The basic operation is to sample each aj* from the
conditional distribution

p (@] rest) = p (ag’l )yj.,h, 0m7€?7z;n’¢m) .

This pdf is the marginal distribution of an a posteriori Gaussian
mixture:

p( b ¢, ;n;ém)
= p(a?‘q}”:i,yﬁh,ewzr #m)Pr(qu:Z.)
i=0,1
2
~ /\ (lu%,Jv( ) ) (9)

,1

1=l

After some straightforward calculations, we get the expression
of the mixture parameters

(o)

m
i 5

U +g"LQ gm
( )2 (g7nQ em,] +Z.u7, mO-»L 37()
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where 9m = X7nh’ and em:j = yg - Zm ;ém 7 g'm g] +
aj'g,,. The weighting probability A;”; of the two distributions
can be expressed as follows:

= (14 Mg/ )

_)\ /\1 i,m

7,m m

Tirj

ym
A =

Oim
X exp ( (;LZIJ-)Z/Z (02})2> ,

As indicated in (9), we first need to sample the binary label ¢;".
For doing so, we generate u7" from ¢([0, 1]), and the following
rule applies:

i=0,1.

ui' <A = ¢ =1, otherwise ¢ = 0.

is based on the full condi-

5

Then, the sampling of the NRL azn
tional pdf p(a]" | ¢]* = 4,y;, h, €2

P (a7 =iy b0 ) ~ N (i (073)7) i = 0,1,

(10)

4) Noise Variances: Sampling the noise variances o2

be performed in parallel. Let us denote a; = (a]")m=1.0-
Then, drawing a sample from p(azj | rest) is straightforward,
according to

can

p (| rest) = p (€} y;.h.a5) < p (y; |h.aj. €])
~ TG ((N+1-Q)/2, I, _ppt/2) (D

5) Weighting Probabilities: Sampling the weighting proba-
bilities A can be parallelized as well since A, is independent of
m' # m. For simplicity, drawing a realization of \,,, consists of
sampling from a Beta distribution

P(Am | rest) = p(Am | @™) o< p(g™ | Am) p(Am)

~ B(J1m +3/2, Jo.;m +3/2) (12)

where ¢ = (q;”) j=1.7- Ji,m stands for the number of voxels
in class C; ,,, for condition m. Note that .J, _; ,,, = J —.J; ,, for
i=0,1.

6) Mixture Parameters: Here, we focus on the generation of

realizations of hyperparameters o7 ,,, and (i1, 07 ,,,) attached
to classes Cp y, and C y,, respectively:

P (00 ™ | rest) = p (a§,m| z")

P (11,ms 0% | Test) = p (p1,m. 07,0 | 2™)

where 2 = (a™,q™). Note that both the labels ¢" and the
corresponding NRLs a™ have to be known to be sampled from
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the right posterior distribution for condition m. Bayes’ rule en-
ables us to derive the closed-form expression of these pdfs:

P (95.m12™)
xp(a™ |qm,y, J(z),m) Pr(g™)p (UtzJ,m)

oo I r(a|g) =0,9.00,,)
J€Co,m

Y4 (lll,m-/ U%,m’ zm)
X p (am |qm7 Y, H1.ms Uim ) Pr(q"”)p (Ml,m» U%,vn)

-1 m| m __ 2
X O1,m H p (aj |q_7 - 17y7 ou'l,m7o—1,m) .
Jj€C1,m

For: = 0,1, let
Vim = Z
1
M= o 3 a

JEC: m

According to (10), {a}'}jec,,, are ii.d. variables, each
being distributed according to N(0, 03 ,,)-distributed. The
ensuing posterior pdf of og)m therefore reads

m J,m_l V,m
(06| 27) ~ ZG (OT 5 )

13)

For class C,,,, we need to sample from the joint pdf of
(11,m, aim). This can be decomposed in two steps using ([51,
Prop. 4.4.1, p 187]).

1) Draw a sample for the variance from p(o7,,, | 2™)

(14)

m Jim =1 vim
(0f | 2™) ~IG (17717)

2) Draw a sample for the mean from the conditional pos-

terior pdf
2 i
,m
P (m |02 2™ ) ~ N ms 7 ] (15)
1,m
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Within-subject analysis in fMRI essentially addresses two problems,
i.e., the detection of activated brain regions in response to an
experimental task and the estimation of the underlying dynamics, also
known as the characterisation of Hemodynamic response function
(HRF). So far, both issues have been treated sequentially while it is
known that the HRF model has a dramatic impact on the localisation of
activations and that the HRF shape may vary from one region to
another. In this paper, we conciliate both issues in a region-based joint
detection-estimation framework that we develop in the Bayesian
formalism. Instead of considering function basis to account for spatial
variability, spatially adaptive General Linear Models are built upon
region-based non-parametric estimation of brain dynamics. Regions are
first identified as functionally homogeneous parcels in the mask of the
grey matter using a specific procedure [ Thirion, B., Flandin, G., Pinel,
P., Roche, A., Ciuciu, P., Poline, J.-B., August 2006. Dealing with the
shortcomings of spatial normalization: Multi-subject parcellation of
fMRI datasets. Hum. Brain Mapp. 27 (8), 678—693.]. Then, in each
parcel, prior information is embedded to constrain this estimation.
Detection is achieved by modelling activating, deactivating and non-
activating voxels through mixture models within each parcel. From the
posterior distribution, we infer upon the model parameters using
Markov Chain Monte Carlo (MCMC) techniques. Bayesian model
comparison allows us to emphasize on artificial datasets first that
inhomogeneous gamma-Gaussian mixture models outperform Gaussian
mixtures in terms of sensitivity/specificity trade-off and second that it is
worthwhile modelling serial correlation through an AR(1) noise process
at low signal-to-noise (SNR) ratio. Our approach is then validated on an
fMRI experiment that studies habituation to auditory sentence
repetition. This phenomenon is clearly recovered as well as the

* Corresponding author. Tel.: +33 1 6908 7785; fax: +33 1 6908 7855.
E-mail address: philippe.ciuciu@cea.fr (P. Ciuciu).
Available online on ScienceDirect (www.sciencedirect.com).

1053-8119/% - see front matter © 2008 Elsevier Inc. All rights reserved.
doi:10.1016/j.neuroimage.2008.02.017

hierarchical temporal organisation of the superior temporal sulcus,
which is directly derived from the parcel-based HRF estimates.
© 2008 Elsevier Inc. All rights reserved.

Keywords: Bayesian modelling; fMRI; Gamma-Gaussian mixture model;
Detection-estimation; Markov Chain Monte Carlo methods; Bayes factor;
Model comparison

Introduction

Since the first report of the BOLD effect in human (Ogawa
et al., 1990), functional magnetic resonance imaging (fMRI) has
represented a powerful tool to non-invasively study the relation
between cognitive stimulus and the hemodynamic (BOLD)
response. Within-subject analysis in fMRI is usually addressed
using a hypothesis-driven approach that actually postulates a
model for the HRF and enable voxelwise inference in the General
Linear Model (GLM) framework. In this formulation, the
modelling of the BOLD response i.e., the definition of the design
matrix is crucial. In its simplest form, this matrix relies on a
spatially invariant temporal model of the BOLD signal across the
brain meaning that the expected response to each stimulus is
modelled by a single regressor. Assuming the neurovascular
system as /inear and time-invariant (LTI), this regressor is built as
the convolution of a sparse spike train representing the stimulation
signal and the canonical HRF, i.e., a composition of two gamma
functions which reflects the BOLD signal best in the visual and
motor cortices (Glover, 1999).

Intra-individual differences in the characteristics of the HRF
have been exhibited between cortical areas in (Aguirre et al., 1998;
Miezin et al., 2000; Neumann and Lohmann, 2003; Handwerker
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et al., 2004). Although smaller than inter-individual fluctuations,
this regional variability is large enough to be regarded with care.
To account for these spatial fluctuations at the voxel level, one
usually resorts to hemodynamic function basis. For instance, the
canonical HRF can be supplemented with its first and second
derivatives to model differences in time (Friston, 1998; Henson
et al., 2002). To make the basis spatially adaptive, Woolrich et al.
(2004a) have proposed a half-cosine parameterisation in combina-
tion to the selection of the best basis set. Although powerful and
elegant, the price to be paid for such a flexible modelling lies in a
loss of sensitivity of detection: the larger the number of regressors
in the basis, the smaller the number of effective degrees of freedom
in any subsequent statistical test. Crucially, in a GLM involving
several regressors per condition, the Student-t statistic can no
longer be used to infer on differences between experimental con-
ditions. Rather, an unsigned Fisher statistic has to be computed,
making direct interpretation of activation maps more difficult.
Indeed, the null hypothesis is actually rejected whenever any of the
contrast components deviates from zero and not specifically when
the difference of the response magnitudes is far from zero.

In this paper, to facilitate cognitive interpretations, we argue in
favour of a spatially adaptive GLM in which a local estimation of
the HRF is performed. This allows us to factorise the expected
BOLD response with a single regressor attached to each experi-
mental condition and to enforce direct statistical comparisons
based on response magnitudes. However, to conduct the analysis in
an efficient and reliable manner, local estimation is performed at
the scale of several voxels.

As mentioned earlier, the localisation of brain activation strongly
depends on the modelling of the brain response and thus of its
estimation. Of course, the converse also holds: HRF estimation is
only relevant in voxels that elicit signal fluctuations correlated with
the paradigm. Hence, detection and estimation are intrinsically
linked to each other. The key point is therefore to tackle the two
problems in a common setting, i.e., to set up a formulation in which
detection and estimation enter naturally and simultaneously. This
setting cannot be the classical hypothesis testing framework. Indeed,
the sequential procedure which first consists in estimating the HRF
on a given dataset and then building a specific GLM upon this
estimate for detecting activations in the same dataset, entails
statistical problems in terms of sensitivity and specificity: the control
of the false positive rate actually becomes hazardous due to the use
of an erroneous number of degrees of freedom. We rather propose a
Bayesian approach that provides an appropriate framework to
address both detection and estimation issues in the same formalism.

The literature on Bayesian fMRI methods offers several
approaches to adequately choose priors for detection. As introduced
in (Everitt and Bullmore, 1999; Vaever Hartvig and Jensen, 2000;
Penny and Friston, 2003) and further developed in (Smith et al.,
2003; Woolrich et al., 2005; Ou and Golland, 2005; Woolrich and
Behrens, 2006; Flandin and Penny, 2007), prior mixture models
define an appropriate way to perform the classification or the
segmentation of statistical parametric maps into activating, non-
activating or deactivating brain regions. The pioneering contribu-
tions related to mixture modelling in fMRI (Everitt and Bullmore,
1999; Vaever Hartvig and Jensen, 2000) have proposed a voxel
by voxel classification to decide whether the estimated effect is
analogous to signal or noise in each voxel. Yet, the use of mixture
modelling in a joint detection-estimation problem introduces spe-
cific concerns in comparison to the usual “hypothesis testing
framework™. Indeed, our data are not the voxelwise z-statistics but

rather the raw fMRI time courses, which are required for the
estimation step.

As regards HRF estimation, various priors may be thought of
depending on the underlying HRF model. Basically, three classes of
models coexist. Parametric models appeared first in the literature
(Friston, 1994; Lange, 1997; Cohen, 1997; Rajapakse et al., 1998;
Kruggel and Von Crammon, 1999). In this setting, the estimation
problem consists in minimising some criterion with respect to (w.r.t.)
some parameters of a precise function (e.g., Gaussian, gamma ,...).
However, parametric models tend to introduce some bias in the HRF
estimate, since it is unlikely that they capture the true shape
variations of the brain dynamics. Moreover, the objective function to
be minimized is often non-convex making the parameter estimates
unreliable and dependent of the initialisation. Hence, more flexible
semi-parametric approaches have been proposed later to capture
these variations (Genovese, 2000; Gossl et al., 2001; Woolrich et al.,
2004a). In a semi-parametric framework, the HRF time course is
decomposed into different periods (initial dip, attack, rise, decay,
fall, ...), each of them being described by specific parameters. At the
same time, non-parametric approaches or Finite Impulse Response
(FIR) models have emerged in the fMRI literature as a powerful tool
to infer on the HRF shape (Nielsen et al., 1997; Goutte et al., 2000;
Marrelec et al., 2003, 2004; Ciuciu et al., 2003). Most of these works
take place in the Bayesian setting and constrain the HRF to be
temporally smooth, which warrants a stable estimation in case of ill-
posed identification.

Whatever the model in use, most methods are massively
univariate and therefore neglect the spatial structure of the BOLD
signal. Early investigations have shown that estimating the HRF
using regularised FIR models over a functionally homogeneous
region of interest provides more reliable results (Gossl et al., 2001;
Ciuciu et al., 2004). In the following, a region-based non-parametric
model of the HRF is therefore adopted. Then, the critical issue
arising consists in exhibiting a functionally homogeneous clustering
of the fMRI datasets over the whole brain. To that end, the grey
matter's mask is segregated into a few hundreds of connected
Regions of Interest (ROIs), called parcels. The parcels are derived
using the parcellation procedure proposed by Thirion et al. (2006),
according to a compound criterion balancing spatial and functional
homogeneity. The second step of our analysis solves for the
detection-estimation problem over each parcel.

The rest of this paper is organised as follows. Section 2 details
how anatomical information is handled and how parcels are built up.
Then, the forward parcel-based model of the BOLD signal is derived
and priors over the unknown parameters are specified. In Section 3,
we explain the key steps of our inferential procedure based on
MCMC methods, posterior mean (PM) HRF estimation and
marginal Maximum 4 Posteriori (MAP) classification for detection.
On artificial datasets, Section 4 reports the performance of our
approach in terms of sensitivity-specificity trade-off depending on
the mixture prior and the noise modelling. In Section 5, our joint
detection-estimation approach is tested on real fMRI data acquired
during an habituation study to auditory sentence repetition. On
the same datasets, we also performed a classical GLM analysis
employing the widely used Statistical parametric mapping (SPM)
software'. The two approaches are then compared and the main
differences are exhibited. The pros and cons of the proposed method
are discussed in Section 6 and some future extensions are envisaged.

! http://www.fil.ion.ucl.ac.uk/spm/.
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Methodology
Definition of functionnally homogeneous brain regions

Anatomical representation

The segmentation of the grey-white matter interface is performed
on an anatomical 7T}-weighted MRI image using the BrainVisa
software? (Mangin et al., 1995). It provides us with the anatomical
representation of the cortex. To accommodate the coarser spatial
resolution of fMRI data (typically, 3.5 mm along each direction), the
grey matter mask M, is dilated using a sphere as structural element,
with a radius equal to the resolution of functional images.

Concurrently, a functional mask M, was computed from the
motion-corrected® BOLD EPI volumes. Also, an average EPI
volume was created. Then, we carried out a histogram analysis of
this volume: a Gaussian density N'(u, o?) was fitted on the main
mode of the EPI signal of interest. A threshold defined as u—30 was
used to obtain the functional mask. Finally, the mask of interest
where activation most likely occurs was built as M, = M, N M.

Parcellation of the grey-matter

The volume in mask M; was then divided in K functionally
homogeneous parcels or ROIs using the parcellation technique
proposed in (Thirion et al., 2006). The goal of this procedure is to
segregate the brain into connected and functionally homogeneous
components. For doing so, the parcellation algorithm relies on the
minimisation of a compound criterion reflecting both the spatial
and functional structures and hence the topology of the dataset.
The spatial similarity measure favours the closeness in the
Talairach coordinates system. The functional part of this criterion
is computed on parameters that characterise the functional
properties of the voxels. These parameters can be chosen either
as the fMRI time series themselves or as the p-parameters
estimated during a first-level SPM analysis. The latter choice is
nothing but a projection onto a subspace of reduced dimension,
i.e., the feature space. Typically, the feature space is defined from a
F-contrast in a SPM analysis.

The number of parcels K needs to be set by hand. The larger the
number of parcels, the higher the degree of within-parcel homo-
geneity. Of course, there exists a trade-off between the within-
parcel homogeneity and the signal-to-noise ratio (SNR). If the
number of voxels is too small in a given parcel, the HRF estimation
may become inaccurate, specifically in regions where no voxel
elicits a specific response to any experimental condition. To
objectively choose an adequate number of parcels, Thyreau et al.
(2006) have used the Bayesian information criterion (BIC) and
cross validation techniques on an fMRI study of ten subjects. They
have shown converging evidence for K~500 for a whole brain
analysis and recommend K=200 as a fair setting for a restricted
analysis to the grey matter's mask leading to typical parcel sizes
around a few hundreds voxels.

Parcel-based modelling of the BOLD signal

Vectors and matrices are displayed in lower and upper cases,
respectively, both in bold font (e.g., y and P). Unless stated
otherwise, subscripts i, j, m and n are respectively indexes over
mixture components, voxels, stimulus types and time points. We

2 http://www.brainvisa.info.
3 We applied the SPM2 motion-correction algorithm.

refer the reader to Appendix A for the definitions of the non-
standard probability density functions (pdf). Also, the pdf families
are denoted using calligraphic letters (e.g., N and G for the
Gaussian and gamma densities).

The regional forward model of the BOLD signal introduced in
(Makni et al., 2005) is used to account for voxel-dependent and
task-related fluctuations of the magnitudes of the BOLD response.
Hereafter, the latter magnitudes are called Neural Response Levels
(NRLSs). In short, this time-invariant model characterises each and
every parcel by a single HRF shape and a NRL for each voxel and
stimulus type. As shown in Fig. 1, this means that although the
HRF shape is assumed constant within a parcel, the magnitude of
the activation can vary in space and across experimental con-
ditions. Let P = (V}),_;,, be the current parcel and /; a voxel in P.
Then, the generative BOLD model reads:

M
y=> d'X"h+P/;+b, (1)
m=1

where

® y,=(¥:)n=1.nv denotes the BOLD fMRI time course measured
in voxel V; at times (Z,),- 1.y (N is the number of scans) with
t,=nTR and TR is the time of repetition,

e X" = (x::‘“’)n—l-w o isaN x (D + 1) binary matrix correspond-
ing to the arrival times for the mth condition. Az is the sampling
period of the HRF, usually smaller than TR. The onsets of the
stimuli are put on the Az-sampled grid by moving them to the
nearest time points on this grid. Note that X" can be adapted to
paradigms having trial varying stimulus magnitudes or durations.

® Vector h=(hga()a—o.p represents the unknown HRF shape in
parcel P (D+1 is the number of HRF coefficients). It actually
seems reasonable to assume a single HRF shape in homo-
geneous parcels.

® " stands for the NRL in voxel ¥; for condition m (M is the
number of experimental conditions in the paradigm). Hence, the
activation profile associated to the mth stimulus type in voxel V;
is computed as the product & x a;".

® P=[p, ..., pol is the low frequency orthogonal matrix of
size Nx Q. It consists of an orthonormal basis of functions p,=
(py(t:))n=1:n- To each voxel is attached an unknown weighting
vector ¢; that has to be regressed in order to estimate the trend in
V. We denote 1=(£))j=,., the set of low frequency drifts
involved in P.

® b, & R" is the noise vector in voxel ¥; . In (Woolrich et al.,
2001; Worsley et al., 2002) an autoregressive (AR) noise model
has been introduced to account for the serial correlation of the
fMRI time series in the detection analysis. Importantly, when
this temporal correlation is correctly estimated, the number of
false positives decreases, yielding more conservative detection
results. Similarly, in a joint detection-estimation framework,
Makni et al. (2006b) have shown that the introduction of a
spatially-varying first-order AR noise in model (1) provides
a lower false positive rate. Hence, b; is defined by b;; =
Pbjs, . + &, Y, £, with & ~N (O, ag/IN),, where 0 is a null
vector of length N, and I is the identity matrix of size N.

Although the noise structure is correlated in space (Woolrich
et al.,, 2004b) and non-stationary across tissues (Worsley et al.,
2002), we do not essentially account for this correlation for two

-
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Fig. 1. Summary of the proposed regional BOLD model. The size of each parcel P varies typically between by a few tens and a few hundreds: 80 <.JJ<350. The
number M of experimental conditions involved in the model usually varies from 1 to 5. In our example, M/=2, the NRLs (a_}, a_?) corresponding to the first and the
second conditions are surrounded by circles and squares, respectively. Note that our model accounts for asynchronous paradigms in which the onsets do not
necessarily match acquisition time points. As illustrated, the NRLs take different values from one voxel to another. The HRF % can be sampled at a period of 1 s
and estimated on a range of 20 to 25 s (e.g., D=25). Most often, the LFD coefficients / ;are estimated on a few components (0=4).

reasons. First, it is likely that a large part of the noise may be due to
misspecification of the HRF. Second, we actually assume that the
spatial correlation of the signal of interest is more important.
Hence, the fMRI time series y = (y;);,_;,, are supposed to be
statistically conditionally independent. The likelihood then factors
over voxels:

J
P(Y|h>ﬁls H700) = _Hp<y/’|h7aj7lj760j> (2)

S TAT
12 - Y4y
| 1] e"P( Zw)

J=1 &

T :]x

where 6,,,= (pj , cq) 00=(00, );-1. and y;=y; — X, a/" X"h—P¥;.
Note that o A defines the inverse of the autocorrelation matrix of
b;. According to Kay (1988, Chap VI, p. 177), A; is tridiagonal,
Wlth(A)l 1_(A)NN 1 (A)nn 1+/’J and(A )n+1n (A)nn+1_
—p; Yn=2 : N—1. Its determinant is given by |A;/=1 —pj In what
follows, we do not approximate Eq. (2) by dropping the term |AJ\”2
as done in previous works (Roberts and Penny, 2002; Penny et al.,
2003; Woolrich et al., 2004b). Indeed, when the AR parameter p
significantly departs from zero (e.g., p = 0.4), this approximation is
biased and potentially far from the exact likelihood.

On the sole basis of the likelihood function (2), it seems
impractical to identify the pair (k, a). Indeed, Maximum likelihood
(ML) estimation of (h, a) is a bilinear inverse problem since (1) is
linear w.r.t. & when a is fixed and vice-versa. Therefore, the ML
solution (h*, a*) is not unique. For instance, every couple (h*/s,
a* xs) defines another pair of solutions in the ML sense whatever
the scale parameter s>0. To get rid of identifiability problems and
reach a more reliable estimation, in the Bayesian formalism we
introduce suitable prior distributions attached to the unknown
quantities (h, a).

Priors

The Hemodynamic response function

Akin to (Buxton and Frank, 1997; Goutte et al., 2000; Marrelec
et al., 2003), the HRF is characterised as follows: (i) its variations
are smooth; (ii) it is causal and returns to a baseline after a given

time interval 7 (h,=0, V <0 and t>T ); T is fixed by the user
according to the experimental paradigm (usually 25 seconds).

Condition (7)) may be fulfilled using an approximation of the
second-order derivative ||6%h|*:

(0°h) .= (hs1)e = 2hae + hig_1).) /75, Vd =1: D— 1.

In matrix form, we get 6*h=D-h.

Condition (7i) is ensured with a HRF & whose magnitude vanishes
at first and last time points (h9=hp=0). Hence, D; is the truncated
second-order finite difference matrix of size (D —1)x(D — 1) and
l6*h|P=h'R 'h with R=(D5 D,) ' a symmetric positive definite
matrix. The prior on & thus reads h~N (0, 63R). To overcome the
scale ambiguity problem mentioned earlier, we constrain the HRF to
be of unitary norm (||2]|=1). Alternative constraints such as setting the
value of the peak could be considered.

The “neural” response levels

Mixture models are often used as a second stage to segment
the SPMs (i.e., the statistical maps) resulting from a first-level
temporal analysis of fMRI time series (Vaever Hartvig and Jensen,
2000; Everitt and Bullmore, 1999; Woolrich et al., 2005). This
means that the data to be classified correspond to some normalised
effect ¢'B/ std (¢'B), where vector ¢ defines a contrast of interest
(typically a comparison between two experimental conditions) and
ﬁ is the vector of parameter estimates after fitting a GLM against
the fMRI data.

In the present paper, as well as in (Makni et al., 2005), prior
mixture models are used in a different way, closer to that proposed
by Svensen et al. (2000). In the same spirit, a mixture model is
introduced on the NRLs for every experimental condition 7 and not
specifically on the linear combination ¢'3. In (Makni et al., 2006a),
it was stressed that a two-class Gaussian mixture model (GMM) may
be inadequate for segregating noise from true activations. In
particular, it can be shown that this kind of independent mixture
may degenerate in the sense that the two probability density func-
tions (pdf) overlap almost entirely if there are not enough activating
voxels in the current parcel (see (Makni et al., 2005, §VIL.)). For this
reason, we have rather adopted an inhomogeneous prior mixture
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Table 1
Model definition and notations
GaGMM GMM GaGGaMM
AR(1) noise M, M;
white noise M, My M

Here, AR(1) stands for a first-order autoregressive noise in time whose
parameters vary in space. In this respect, it is referenced as a spatially-
varying AR(1) noise. The second noise model under study is a spatially-
varying white noise. The columns describe the different NRLs priors: GMM
stands for a two-class Gaussian mixture model (a zero-mean Gaussian
density (G) for non-activating voxels and a Gaussian density (G) for
activating voxels). GaGMM stands for a two-class gamma-Gaussian
mixture model (a centred Gaussian density (G) for non-activating voxels
and a gamma density (Ga) for activating voxels). GaGGaMM stands for a
three-class mixture model composed of a zero-mean Gaussian density and
two gamma densities (a gamma density (Ga) for activating voxels and a
flipped gamma density (Ga) for deactivating voxels).

model. Among several possibilities (Gaussian-lognormal MM,
Gaussian-truncated Gaussian MM, ...), a gamma-Gaussian mixture
model (GaGMM) has been retained for technical reasons that will
become clearer in what follows. The non-activating voxels are still
modelled using a zero-mean Gaussian pdf while a gamma
distribution is used to enforce positivity of activating voxels. Akin
to (Vaever Hartvig and Jensen, 2000; Woolrich et al., 2005), a three-
class mixture prior model is actually considered to account for
deactivating voxels. Since we assume that deactivation corresponds
to a negative BOLD response, we use a flipped gamma density
defined on the left part of the real line leading to define the
GaGGaMM extension (see Table 1).

In our model, different stimulus types are supposed to induce
statistically independent hemodynamic magnitudes or NRLs i.e.,
p(al0.) = TT,p(a”|6") with a = (a"),_ 1y a" = (a7) _ , and
0. = {01, s 0’”}. Vector 8™ denotes the set of unknown hyper-
parameters related to the mth stimulus type. Because our mixture
model is voxelwise, the prior pdf factors over voxels: p(a™ | 8™)=I1;
p(aj’ | 8™). Importantly, the hyper-parameters are kept constant for
all voxels in a given parcel because of the within-parcel homo-
geneity. These parameters may actually vary from one parcel to
another. Let g/ be the allocation variable (the label) that indicates
whether voxel ¥ is activating (¢ = 1), deactivating (¢/'=—1) or non-
activating (¢;' =0) in condition m. The marginal density p(a;" | 8™)
thus reads:

P(a;'n\om> = iPr(qj’.” = i|Am>f<a;I1|q;n _i 0m>

=1

1

= - N (4716"), ()
with Nn=(N_1m» Nomw» Nim) and fo aj'."|0”’ = /\/'(07 Uo‘,m),
Se1 (q,"’|0m = G(ot+1, ms B+1m)- The N, parameters define the
prior probabilities of the three-class mixture on the NRLs (2; N, = 1).
For instance, N, gives us the prior probability of being activated in
response to condition m. Since the mixture is independent in space,
we have N ,=Pr(g/'=1 | X\,), Vj. Note that g/ | X, follows a
multinomial distribution over the 3-dimensional probability simplex,
ie., q}”~MN 3(1; A,) (see Appendix A). Hence, seven hyper-
parameters are necessary to describe the prior mixture for each
experimental condition m:

em = {)‘il,my Ol+1,m,y ﬁil,mv UO,m}-

Compared to (Woolrich et al., 2005), we set the mean of the
non-activating class to zero (u,,=0, V m), while we do not need
to place restrictions on the mode of the activation and deactivation
gamma classes.

The nuisance variables
We assume that [ is a random process independent of A& such
that p(L;62) = ITjp(/};0%) and /;~N(0, 621p).

The hyper-parameters

All the hyper-parameters are concatenated into the overall param-
eter vector © = {0y, 3, 0%, 6, }. Without informative prior knowl-
edge, the following priors are retained for (5,2, 6, 0o):

p(oi.07) = (ano,)~" . p(80) :jlj p(na?) :jlj o, u((=1.1) ().
4)

to ensure stability of the AR(1) noise process (Kay, 1988).

Mixture parameters. As regards variances vy ,, an improper
Jeffreys’ prior p(vovm):vbvl,f,z is considered because we do expect
non-activating voxels in a given parcel. Hence, class 0 should
never be empty a priori. However, to avoid emptiness and sub-
sequent degeneracy problems making the sampling of the posterior
distribution of v, unfeasible, a conjugate prior could also be
chosen, that is, an inverse gamma density ZG (UoAm, Ay s by, ), where
(by,» cv,) are fixed values chosen in an appropriate way to make the
prior flat enough.

The non-negativity of parameters o; ,, is guaranteed through the
use of an exponential density &£ (az,-‘,,,;s,-) Eg(a,,m; 1, s,-) as prior
distribution (see Appendix A). For parameters f3; ,, we resort to the
conjugate prior, given by a gamma density G (ﬁ,-"m; bi, c,—) fori==+1.

Mixture probabilities. ~ As regards mixture probabilities X, € [0, 17°,
a Dirichlet prior distribution is used as it is conjugate to the
multinomial distribution used for labels, i.e., MN3 qj’7’|)\,,,2. More
exactly, a symmetric Dirichlet density D3(\,|0) is selected with
=015 and 6>0 (see Appendix A).

The full prior density p(@™) thus reads:

b

my . —1/21(36) o1y G phl (o
P(O") =0 37y 1 N iy B X0 (=5itm = i)
(%)

Values of (ax1, b=y, cx1, 511, 0) are fixed empirically but do not
really influence the results in most cases*. These parameters make
the sampling steps of (011, B:1,,) always possible even when one
of the two classes =1 is empty, because the hyper-prior densities
have been chosen proper.

The full posterior distribution

Combining data-driven information in each parcel with prior
knowledge using Bayes' rule, we get the full posterior distribution,
which is the keystone both for localising activations and

4 Except potentially when the corresponding class is empty: J;,,=0 for
i=+1.
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deactivations as well as for estimating the corresponding parcel-
based HRF:

p(h,a,1,8ly) O(p(y|h, a,l, Oo)p(a\Ga)p(h\ai)p(ﬂ\ai)p(@)
1/2

GNJ.r] ﬂ(*lyl)(pj) X

KR 'h < 1~ —~ 1 )
___2 — AT — ||/
XCXP( 20_’2' 20_% y/ jyj+262/H j||

J=1

pay6n))

M J
< (som 1

(6)

where p(a;” | 8™) and p(@™) are defined by (3) and (5), respectively.
Note that the parcel-based HRF % can be identified if at least
one voxel elicits activation in response to one or several
experimental conditions involved in model(1). In addition, other
identifiability problems may occur on hyper-parameters such as the
mean and variance parameters. It is necessary that at least two
voxels belong to each class in order to properly estimate the
variances attached to the mixture components. In practice, there is
no numerical problem because of the choice of proper priors for the
hyper-parameters; see Subsection 3.1.2 for practical details.

Inference scheme

Our objective is to obtain an estimate of the joint posterior
distribution of all unknown parameters, given the observed data.
Exact and analytical approaches are not feasible with non-Gaussian
models such as (6). Several competing inferential schemes are
possible. For instance, approximations to the full posterior dis-
tribution can be derived in the Variational Bayes (VB) framework
or using Taylor series expansion. In our context, given the bilinear
structure of the generative BOLD model (6), the VB formulation
would be feasible only at the expense of separability assumptions
between a and / in the approximation of the posterior distribution.
Further work is required to decide whether or not this hypothesis is
tenable. Instead, we resort to a more computationally demanding
but exact approach to simulate realisations of the full posterior
distribution.

Gibbs sampling algorithm

To draw realisations of the full posterior distribution, a Gibbs
sampler is implemented. This consists in building a Markov chain,
whose stationary distribution is the joint posterior pdf (6), by
sequentially generating random samples from the full conditional
pdfs of all the unknown parameters and hyper-parameters; see
(Liu, 2001; Robert, 2001) for a general introduction to MCMC.

As shown in Appendix B, direct sampling according to the full
conditional distributions is only feasible for the HRF A, the labels
q, the nuisance variables I, the noise variances o, the mixture
probabilities A,,, and part of the hyper-parameters (scales o, and g/,
class 0 variances v, and shape parameters 3; for i =+1). In contrast,
direct simulation is not tractable for the other parameters, i.e., the
NRLs a corresponding to classes +1, the AR parameters p and the
scale parameters «; of the gamma densities for i =+1. Therefore,
single-component Metropolis-Hastings jumps (Hastings, 1970) are
specifically designed. More precisely, separate jumps are proposed

for each of the parameters in turn. To this end, suitable instrumental
distributions regarding the parameters of interest are designed (see
Appendix B for details).

Initialisation

Parameters are uniformly initialised. This means that we set up
all voxels with the same noise statistical parameters (6= 0y, ¥/) and
that we use the same starting values of mixture hyper-parameters
(0"=0%*, Vm). In the first parcel, the HRF is initialised to the
canonical shape (Glover, 1999). In the next ones, the HRF is set up
using the mean of the estimates computed over the already processed
neighbouring parcels. We resort to the same strategies for the labels
and the corresponding NRLs when the parcel sizes match
approximately. We have checked that this strategy provides shorter
burn-in periods® and thus reduces the computation load.

Identifiability issues

To cope with these identifiability problems, we have carried out
the following three steps procedure over the first iterations of our
MCMC algorithm:

® initialise each parcel-specific HRF with a fixed shape in order to
obtain a first estimate of labels q;

® check that the class of activating voxels is effectively not
empty for at least one experimental condition in the
current parcel P:

—1If3meN, ={l, ..., M} such that 3jePlq" =1 then
release the HRF constraint to estimate the complete model i.e.,
including the HRF shape;

—— otherwise, discard the current parcel: the HRF estimate is not
reliable in P. Since the corresponding NRLs are close to zero
in that case there is no evoked activation due to the experi-
mental paradigm.

Convergence diagnosis

We use a burn-in period of 500 iterations, followed by 1000
subsequent jumps and compute PM and MAP estimates every two
jumps. Observations of the chain with different initial conditions
confirmed that a burn-in of 500 jumps was sufficient. In addition,
convergence has been checked by monitoring on-line the behaviour
of the estimated values of some scalar parameters (e.g., noise
variances, AR parameters, ...) from one iteration to another. These
observations confirmed also that 1000 iterations were sufficient.

Computational load and parallel implementation

Our current implementation (PyHRF package) is in Python,
while the most intensive computations (e.g., computation of the
inverse covariance matrix of /) have been coded in C-language and
interfaced with the Gnu Scientific Library (GSL)®. This allows us
to take advantage of a parallel computing system available through
the Seppo library (Simple Embarassingly Parallel Python’) and the
Pyro (Python Remote Object) server. Using such a system, all the
parameter estimates are obtained in about 2 mn for a parcel of
mean size (250 voxels) for two experimental conditions (M =2).

5 The burn-in period is the starting part of the Markov chain built by any
MCMC algorithm which is used to ensure that the subsequent samples
follow the equilibrium target distribution, i.e., the posterior law.

© http://www.gnu.org/software/gsl.

7 see http://www.its.caltech.edu/~astraw/seppo.html.
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Since about 200 parcels are necessary to cover the grey matter's
mask, a complete within-subject analysis takes about 2 hours when
running four processes on a dual core bi-processors Pentium IV
(2.7 GHz). PyHRF will be available in the next release of BrainVisa®
in April 2008.

Derivation of parcel-based summaries

After convergence of the MCMC algorithm in each parcel P,
the samples of the quantities of interest are averaged over iterations
to compute approximations of marginal posterior expectations:

L
= Zx“‘)/L, L=L —Ly+1, VYxe{ha,l, 60}, (7)
k=Ly

where L, stands for the length of the burn-in period and L the
effective number of iterations. For classification purpose, we
proceed in two steps:

1. Compute the PM estimates (p ;*); of Pr(g;' =i |y;) for i=—1, 0
using the following expression:

Ly

5r) =Y 1|(q) " =i ®)
(77)= 2 ()

where 7 stands for the identity function. Then, deduce (p;")
from the constraint of unitary probability mass: (p;’);=1 —
(P71 (P}

2. Sort the probabilities (p;"); and select the MAP estimate:

o\ MAP _
(q. ) = arg max Pr (q}" = i|yj) = arg max (p}”) 9)

;
whatever the number of components in the mixture. The MAP

estimator is easily obtained in the two-class mixture case: V; is
non-activating ((§")™*" =0) for the mth condition if ("), <0.5.

In combination with these PM estimates, one can attach un-
certainty measures to the NRLs. More precisely, the error bars are
derived as follows:

L

e = & (0;';) (k)/L withi = (L}}")MAP. (10)

©

Interestingly, o7, ; is directly given by /1§ ; since the full con-
ditional posterior distribution of the zero class is Gaussian, i.e.,
N Mg ;- V5. ; ) In contrast, the standard deviations (SD) oL re-
quire further’computation since these full conditional densities are
gamma-Gaussian (see Section A.5). As derived in Eq. (A.13), the
variance of a gamma-Gaussian density admits a closed form expres-
sion, which gives o.7; after taking the square root. These SD
estizmates are then plugged into (10) to get corresponding error bars
&'

The stochastic algorithm is summarised in Table 2.

8 hitp://brainvisa.info.

Table 2
Gibbs sampling algorithm in a given parcel P

e Setting up: choose #°, a°, 1°, 6°, 0,°.
o Iteration k: draw samples A*.a X (¢%), 0% from the conditional posterior
pdfs:
—— HRF: i~ N (. 2),
—— HRF variance: (63) ~ZG(D/2,i'R™'h/2),
—— NRLs: for every condition m and every voxel j,
—— @) ~U[0, 17; if ))F < 2.7, then (¢]) =—1 else if ()" <
N4+ NG then (g7 =0, otherwise (¢}) = 1.
—— @) =0~N (g vi).
@G =+1~GN (@] 0w s i1, ), V21 ).
—— drift coefficients: V;, ()" ~N<u// , E//)

. . 5\¥ ~ 2
—— Noise variances: V;, (Jgj) NIQ((N +1)/2, HJ’jHA,/z)-

—— AR parameters: V;, (pj)k ~\J1-p} exp<72AT% (pj - %)2> I (p))-
—— Mixture parameters: for every condition m, /
—— Weighting probabilities N,,,:
Card {C[7,,, = {jel g = lH
(N ~D(3"), witho’; = & + ! :
= J[.m

Vi=—1:1.
—— Variance of NRLs for non-activating voxels: (uo,m)k ~Ig('r]’6 ,n,v’f) )
—— Shape parameters: (atlv,,,)k ~exp (.],gmr,»_,,,oc,;m)/I‘(oc,;,n)j‘”’]IR+ (tin)-
—— Scale parameters: (ﬁii.m)hg(.],;moz,;m + b; + 172/&0", aj’.” + Ci)-
e]terate until convergence is achieved. PMEs of {h, a, I, 0} are computed
using (7).
e(lassification is performed according to the MAP criterion using (8)-(9).

The parameters of the sampled distributions are derived in Appendix B.

Statistical comparisons for cognitive interpretation

Akin to the contrast definition in any GLM-based approach,
statistical comparison between our task-related NRL estimates can be
addressed in the proposed formalism. One might be interested in
assessing unsigned or signed differences like using Fisher or Student-¢
tests, respectively in the classical hypothesis testing framework.

Let m and m'be the indexes of the conditions we plan to contrast
across the brain. This contrast can be assessed by measuring
how close the voxelwise marginal distributions (p}", pj’«"') of the
NRLs (a}", a;" Y are in every voxel V;. Since these densities write as
posterior mixtures, say p;' =X, f7;, we start with identifying the
MAP estimates (4", 4} ) and then we compare the full conditional
posterior densities ( ]2’}?], /™ ) instead of computing a distance
between p;" and p}"l./ Hence, three different (respectively, six)
situations may arise depending on the mixture prior in use (two or
three-class mixture, respectively). The different cases correspond to
all possible combinations of the pair (¢}, §;"):

a. if g :qf;",:* 1, voxel V; generates deactivations for both
conditions. Comparing the NRLs (a;", q,'-'") is achievable by
measuring how close (f_7, £-1) are. This comparison therefore
answers the question of deciding whether or not the deactivation
is stronger for one condition w.r.t. the other (signed comparison)
or if there is any difference between the two conditions
(unsigned comparison).

b. if §/"'=4¢/"'=0, voxel V; is non-activating for both conditions.
Comparing the NRLs (a;", a' ) amounts to computing a criterion
between (/6 fG.). The interesting comparison consists in
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d
degidipg whether or not there is some difference in the non- ~1_ H]_g (ﬂn + ﬁn+1) AB with d<a<d + 1, (12)
actlvatmg proﬁle. pr 2

c. if ¢/"=4;" =1, both conditions elicit activations in V. By
measurlng how close (/7 ;, f1' }) are, we hope to know if acti-
vation occurring for condition m or m'is stronger or if there is
any difference irrespective of its sign.

d. if g/'=—1 and q”}"':O, V; is deactivating in response to the mth
stimulus type but is non-activating in response to the m'th
condition. To quantify this decision, one can measure a signed or
unsigned criterion between ( f Iy B’f'j-). By symmetry this case
is equivalent to qj 7'=0 and g} =1.

e. if §/'=—1and ¢;"'=1 or vice-versa, V; is activating in condition
m'and deactivating in condition m. To quantify this decision, one
can measure a signed or unsigned distance between ( £.1', f ',",)

f. if §'=0and /" =1 or vice-versa, V; is activating in condition m'
and non-activating in condition m. To quantify this decision, one
can measure a signed or unsigned criterion between (¢, f ’1",)

Due to the use of mixture models, these comparisons can allow
us to assess the null hypothesis (Hy : @' =a}") or the alternative
one (e.g., H, : a' iaj'-’" or Hy : aj’-”<aj'-”') depending on the com-
puted criterion. The question is now to define what kind of signed
or unsigned criteria we can implement to quantitatively discrimi-
nate the two underlying distributions ( f;”, f,m,)

Unsigned task comparison

Unsigned comparison between f;”; and f,’”, can be computed
using the Kullback-Leibler (KL) divergence i.e.,

/f’” lg ))d.

In the present case, its exact computation is only feasible when the
two distributions are Gaussian i.e., when i=i'=0 (case b); see (A.3) in
Appendix A for details. Otherwise, an approximation of D(||-) has to
be derived. For doing so, we proceed as follows. In cases (q, ¢, e), the
sampling step of the NRLs (a;", a,’-") relies on two Metropolis jumps,
one for each NRL. The corresponding instrumental laws are truncated
normal distributions (see (A.4) in Appendix B). Therefore, we
approximate f; and f,’:’, by these positive Gaussian distributions
which mean and variance parameters are given in (A.5)-(A.6). We end
up by applying the KL divergence formula (Eq. (A.3)) to these
truncated Gaussian approximations. In cases (d, /), we proceed
similarly for the single activating or deactivating component.

f’”Hf’”

Signed task comparison

To go one step further and recover a sign information regarding
the difference d j’-"_m'=aj'-”faj'-"', we need to estimate its posterior
probability distribution fj'7'7”’, from a histogram H f (.) with B time
bins (f,),—1.5 constructed over the last 500 iterations (i.e., the
generated values (@' "™)®=(a)*® — (a/")® in any voxel of the
mask M. The posterior cumulative distribution function (cdf) F (*)
can then be easily estimated from HJB (.). Contrast-based pos-
terior probability maps (PPMs) are thus given by looking at dif-
ferences dj’”f”" above a given threshold o:

P(d;”*’"’m) —1 7F<dj’.”’m'<oc> =1 —[:gm*”"(t) e (11)

where AB=f,:; — B,. Setting a=0, we actually find the voxels
where (aj'-")>(aj'-"'). Finally, we can threshold P (c }’17'"'> a) at level
to retain the voxels which make the comparison significant at this
level (e.g., n=0.95). Formally, the thresholded PPMs are given by
P (d}"f’”'> a)>n. Note that this only provides uncorrected PPMs for
multiple comparisons. The control of the familywise error is an open
issue in the Bayesian formalism and is beyond the scope of this

paper.
Results on synthetic data
Goal of the study

A comparison between two different prior mixture models has
been done in (Makni et al., 2006a). In short, it has been shown that
the gamma-Gaussian mixture model (GaGMM) introduced on the
NRLs is more efficient than a two-class Gaussian mixture model
(GMM) in terms of specificity: it provides a better control of the
false positive rate. Similar conclusions have been drawn in (Makni
et al., 2006b) when considering an AR(1) noise model instead of a
white Gaussian one in combination with a GMM prior. As the two
changes induce higher computation time, it is worth assessing
which modelling effort is preferable ie. leads to the more
significant improvement: the introduction of an inhomogeneous
prior mixture or the consideration of serial correlation. For doing
so, the models described in Table 1 are tested on the same artificial
fMRI dataset.

Artificial fMRI dataset

These data were obtained by first generating two sets of trials,
each of them corresponding to a specific stimulus (M =2). These
binary time series were then multiplied by a stimulus-dependent
scale factor. Here, the functionally homogeneous region P con-
sisted of J=60 voxels. The number of activating voxels J; ,, was
varied with the stimulus type m according to (J, ;, J; 2)=(22, 30).
Positive NRLs corresponding to activating voxels were simulated
according to gamma pdfs:

activating voxels : a} ~G(o;=3, Bi=1), q,?~g(oc2: 10, B,=2),
non-activating voxels : q,-l’2~/\/'(0, 0o, =0.1).

Remark that the chosen gamma parameter values yields a lower
SNR for condition 1 ((u1, v1)=(3, 3) vs. (ua, 02)=(5, 2.5)). For all
voxels, the binary stimulus sequence was convolved with the
canonical HRF /., whose exact shape appears in Fig. 2(a) in m-line.
An AR(1) noise b; was then added to the stimulus-induced signal
%, a;'X"h in every voxel V. All AR parameters were set to the same
value: (p; );=1.,=0.4, which is compatible with the serial correlation
observed on actual fMRI time series. Also, a low SNR (SNR=0.3)
was considered in our simulations, in conformity with the real situa-
tion. Space-varying low-frequency drifts P/; (generated from a cosine
transform basis with coefficients #; drawn from a normal distribution)
were also added to the fMRI time courses according to (1).

General comments
As shown in Figs. 2-5(a), all HRF estimates obtained using the
four different models match the canonical time course A, pretty
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Fig. 2. Estimation results on the simulated data using model M. (a) HRF results: Symbols B and O represent the true 4. and its corresponding HRF estimate,
respectively. (b)-(c): NRL estimates for conditions 1 and 2, respectively. True values appear on the x-axis and estimated values on the y-axis. The error bars
follow Eq. (10). (d)-(e): PM estimates of activation probabilities 5} (O symbols) for the conditions 1 and 2, respectively. Symbols * depict the true class attached

to each voxel.

well. Figs. 2-5(b) show the corresponding NRL estimates that
we obtained from models M; — My, respectively in response to
condition 1 while Figs. 2-5(c) summarize the same results for
condition 2.

Since the artificial fMRI time courses were synthetised using a
GaGMM prior and some correlated noise, it is not surprising that

the estimation performed under model M, provides the most
accurate NRL estimates. Let us remark that the NRL estimates
have a small but not negligible amount of bias, which is due to the
bias/variance trade-off arising in the Bayesian approach in the non-
asymptotic case. Nonetheless, we have checked that the bias tends
to zero when the SNR increases.
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Influence of the noise model

Figs. 2-3(b)-(c) illustrate the impact of the noise model: a more
accurate estimation of the NRLs, with smaller error bars and lower mean
square error, is observed in Figs. 2(b)-(c) compared to Figs. 3(b)-(c), that
is for model M| compared to model M. This is a direct consequence
of accounting for serial correlation in M . The same conclusion holds

model has only little influence on the recovered shape, as already
advocated in (Marrelec et al., 2003). As regards AR parameters, the
estimated first order coefficients (p;); are close to the true values in every
voxel for both models M| — M3 (results not shown).

We also assessed the sensitivity and the specificity of the four
models. Figs. 2-5(d)-(e) show the posterior mean estimates (p}"); of

when looking at Figs. 4 and 5(b)-(c), so irrespective of the prior mixture
type. As regards the HRF estimate (compare Figs. 2 and 3(a)), the noise

deciding that voxel F; lies in class 1, i.e., is activating for models
M — My, and conditions 1 and 2, respectively. These results confirm
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Fig. 3. Simulation results using model M,. The same legend as in Fig. 2 holds. Only one FN voxel is present, indicated with an upward arrow.
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our expectations: the modelling of the temporal correlation significantly
improves both the sensitivity and the specificity. A higher/lower value
of (pj"): is obtained with M| — M3 when V; is truly activating/
non-activating (compare Figs. 2 and 3(d)-(e) for GaGMM priors or
Figs. 4 and 5(d)-(e) for GMM priors). This means that models M; —
M3 provide lower false positive (FP) and false negative (FN) rates
than models M, — My, respectively. This effect is stronger in
condition 1. This is in agreement with the idea that the precision of the
noise model plays a more important role at a lower SNR.

(a)

951

Influence of the mixture prior

Not surprisingly, the estimated NRLs are recovered more
accurately using the true prior mixture (M, — M5): compare Figs. 2—
4(b)-(c) one to another for an AR(1) noise model and observe the
difference in Figs. 4 and 5(b)-(c) for a white noise model. This effect is
much more important at low SNR, i.e., for condition 1. However, we
have checked that when the true NRLs of the activating voxels follow
a Gaussian distribution, the estimated shape and scale parameters of
the gamma density in the GaGMM mixture provide close estimates
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Fig. 4. Simulation results using model M3. The same legend as in Fig. 2 holds. FN voxels are indicated by upward arrows.
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Fig. 5. Simulation results using model M. The same legend as in Fig. 2 holds. FP and FN voxels are indicated by downward and upward arrows, respectively.

of the mean and variance parameters of the uncentered Gaussian
distribution (results not shown).

We are now interested in assessing the differences between M>
and M. The purpose of such a comparison is to decide whether or
not a good mixture type provides more accurate and sensitive
results than a precise noise modelling. Contrasting Figs. 3 and 4(b)
allows us to note that M, outperforms M3 in terms of accuracy of
estimation for the first experimental condition. The NRLs attached
to the non-activating voxels are over-estimated, leading to a much

larger bias. In case of high SNR arising for the second condition,
the comparison of Figs. 3 and 4(b) is less clear. The small NRLs
are still over-estimated but the large ones are better estimated using
M, in some cases (e.g., voxels 27, 58, 60). In terms of detection,
Fig. 3(d) shows that a single false negative (voxel 3) is retrieved by
model M, for condition 1, while five FNs are found by model
M, as shown in Fig. 4(d) (voxels 3, 6, 19, 26, 32). Hence, model
M, achieves better results in terms of sensitivity and specificity.
Therefore, we conclude that introducing an inhomogeneous prior
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mixture is more powerful than modelling the serial correlation as
regards both estimation and detection.

Receiver-operator-characteristic (ROC) curves have been also
computed to quantitatively evaluate the differences between models
My — My. Fig. 6 illustrates and confirms that model M provides
the most sensitive detection when specificity is fixed and a better
specificity at a given sensitivity. These ROC curves also validate that
model My is the less sensitive and the less specific out of the four
models. Finally, model M, outperforms M3 and provides better
results in terms of sensitivity and specificity, irrespective of the
stimulus type. Figs. 6(a)-(b) allows us to claim again that the noise
model has a stronger impact in detection at low SNR since the
distance between continuous and dotted lines is larger in Fig. 6(a)
than in Fig. 6(b), except at very low specificity (0.1). This holds
whatever the mixture type.

Deactivation modelling

Our purpose was to compare an inhomogeneous two-class
mixture model with its three class extension. In the latter case, a
third class is used to account for putative deactivation phenomenon
arising for instance during sustained bursts of interictal epilepti-
form activity (Bagshaw et al., 2005; Bénar et al., 2006).

Suitable artificial fMRI datasets were simulated accordingly. We
considered a ROI consisting of J=60 voxels. Let J_ ,,,, Jo.m J1.m

(a)

Sensitivity

Sensitivity
o o
'S

o
o

' L L L L L
O%“' k] 2 3 4 5 .6 Jo ] .8 9 1

l—specificity

Fig. 6. (a)-(b): ROC curves associated to the four different models for
condition 1 (a) and condition 2 (b), respectively. Continuous line, interrupted
line with O, continuous line with (a)-(b): ROC curves associated to the four
different models for condition 1 (a) and condition 2 (b), respectively. Con-
tinuous line, interrupted line with O, continuous line with @ and interrupted
line with * represent the ROC curves for models M — My, respectively.

be respectively the number of deactivating, non-activating and
activating voxels in response to condition m. We set (J1, J-1,1)=
(28, 19) and (J} 5, J-1.2)=(32, 12), so that (Jy,1, Jo2)=(13, 16). We
simulated the NRLs as follows:

activating voxels : u} ~G@3, 1), af~g(5, 2)
non-activating voxels : a}’2~./\/' 0, 0.1)
deactivating voxels : *ajl ~G(5, 4), *aijQ(S, 4)

The same procedure as before (see §4.1.1) was applied to
simulate artificial fMRI time series. The only difference concerns
the noise type, which is white, Gaussian and homogeneous in
space to save computation time (V/, 6}10.3). Hence, model M,
and Ms (see Table 1) were tested and compared in terms of
estimation, detection performance and evidence.

The HRF estimates corresponding to models M,-M s are shown
in Figs. 7 and 8(a), respectively. These estimated time courses appear
very close to the true HRF shape. Figs. 7 and 8(b)-(c) show the NRL
estimates related to conditions 1 and 2, computed for model M, and
M, respectively. First, we observe that M, provides under-
estimated NRLs for activating voxels but over-estimated parameters
for deactivating ones, irrespective of the stimulus type. The esti-
mated error bars also appear significantly larger when deriving from
M. In contrast, model M5 provides more reliable NRL estimates
with smaller error bars, as illustrated in Figs. 8-(b)(c). Also, the mean
square error is decreased for the NRLs corresponding to deactivating
and non-activating voxels.

Figs. 7(d)-(e) demonstrates that model M, reports a few FN
voxels (see upward arrows). All these voxels have small NRL
coefficients, inducing their assignment to class 0. More impor-
tantly, we observe that the truly non-activating and deactivating
voxels are mixed in class 0, irrespective of the condition. Figs. 8
(d)-(e) reports the posterior mean estimates (p,”); (see (8)), which
are then combined to get the final classification according to the
MAP criterion (q"j’-”)MAP (see (9)). As indicated on these graphs,
model M5 produces an accurate classification. Figs. 8(d)-(e) re-
spectively show the presence of three FN voxels for condition 1
and only two FNs for condition 2. These classification errors could
be explained by the low values taken by the true NRL coefficients
in these voxels, making likely the assignment to class 0.

Finally, note that modelling the third class induces a higher
computation time. In our simulations, inferring the parameters of
models M5 and M5 takes about 6 and 11 minutes, respectively. If
the ROI is large or if the experimental paradigm involves
numerous conditions, it seems reasonable to start with a careful
analysis of the paradigm to anticipate potential deactivations before
inferring upon parameters of M instead of M.

Bayesian model comparison

More formally, from a statistical point of view we compare
models M; — Ms by computing sample-based approximations to
the model evidence p(y\/\/t,,,). That allows us to derive Bayes
factors BF,,, as ratios of model evidence (see Appendix C for
computational details). Bayes factor provides us with good statistical
summary for model comparison. As reported in Table 3, there is a
strong evidence in favour of Model M. More interestingly, our
conclusion drawn from the parameter estimates are also confirmed
when comparing M, with M3 using Bayes factor (line 2, Table 3).
This also holds for the comparison between the two-class and the
three-class mixtures, M» and M respectively (line 5, Table 3).
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Results on real fMRI data

fMRI experiment

MRI settings

The experiment was performed on a 3T whole-body system
(Bruker, Germany) equipped with a quadrature birdcage radio

(7l

frequency (RF) coil and a head-gradient coil insert designed for
echo planar imaging (EPI). Functional images were obtained with
a T2*-weighted GE-EPI sequence with an acquisition matrix at
the 64x64 in-plane spatial resolution and 32 slices. A high-
resolution (1x1x1.2 mm®) anatomical image was also acquired
for each subject using a 3-D gradient-echo inversion-recovery
sequence.
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Fig. 7. Simulation results using model M,. FN voxels are indicated by upward arrows. The truly deactivating voxels that have been mixed in class 0 are
surrounded by rectangle.
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Experimental paradigm and contrast selection

The reader may refer to (Dehaene-Lambertz et al., 2006) for details
about this fMRI experiment. In short, the motivation of this study was
to measure the reduction in the neural activity subserving a cognitive
representation when this representation is accessed twice (the so-
called “repetition suppression” effect), resulting in a detectable
adaptation of the measurable signal in fMRI (Grill-Spector and
Malach, 2001; Naccache and Dehaene, 2001). The experiment
consisted of a single session of N=216 scans lasting TR=2.4 seconds

955

each. Sixty sentences presented in a slow event-related design
(SOA=14.4 s) were recorded. Each sentence (S7) could be repeated
two (S5), three (S3) or four (S4) times in a row. The main goal of our
subsequent analysis was twofold. First, our primary interest was to
exhibit regions which activation to a given sentence either decrease
with repetition or keep a constant magnitude across the repetitions.
Second, we were interested in inferring the hierarchical temporal
organisation from the parcel-based HRF estimates along the superior
temporal sulcus (STS).

(a)

HRF magnitude

02 s i . .
0 5 10 15 20 25
time (s)
(b) (c)
5 T T T T . : - 5 T " r . . : . -
r "” 4 4k ‘I,” 4
4 . y
e e
b T l . r - 1
" r 2F ol 4
= 2F J’irI 1 e el T
& o &L ,rﬁ I ]
1 - g L
L o o )
of ;“'# L .z"/
- At L g
! ¥ g
-1 -y 1 -2+ L -
Ay e e
2 = 1 n L L L 1 3 - L ' L I L L L
-2 1 0 1 2 3 4 5 -3 -2 -1 0 1 2 3 4 5
true NRLs a' true NRLs a?
) (e)
ir G 000o." " Y OO 000 o O ] T . 1
. ] @ ke g Xy e o O . 009 @ O Ea 0 0‘3’000 »
5 4 : R T o eP o RS _J‘:‘ o oo o ®
] ¥ ° + o
- ‘ - FH + * .
o o -
" » .
-
o
a o]
| I ———————— -y - LEEEEEE L LR LR EEEEEE LT
—— o= .
(-9 sy
— ~— . -
* -
B p— . 4. i
o [=] a
% X * + Y tanet ™ .
W »
e % . 4&*4*&»%*** \ . _ ‘Q',.Og . a° * 4‘.’00. Faat # .
i . 2R * ey w o %0 o)
0 P L O G % O .gd-':jr'tqeo}:m '.xg’_c,cﬁ. LR Ofesssstssnassss®s P50 0 4000000000000+ 44+ ssst44440400 O]
1 A 1 - - 1 A 1 L 1 1 L L
0 10 20 30 40 50 60 0 10 20 30 40 50 60
voxels voxels

Fig. 8. Simulation results using model Ms. The same legend as in Fig. 2 holds
O, - and * symbols represent (5/"); , (p}")-1 and (p}")o, respectively.

. FP and FN voxels are surrounded by rectangles (3 FNs in (d) and 2 FPs in (e)).
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Table 3

Values of the integrated log-likelihood log p(y | M,,) computed from a
stabilized version of the harmonic mean identity (Raftery et al., 2007) for
models M, with m € N;

Model m  log p(y | M,,)  Fig. #  log BF,,,, n=1:4

M, -199 Fig.1 NR 18 316 400
M, -217 Fig.2 —18 NR 298 378
M; =515 Fig.3 -316 —298 NR 378
My —595 Fig.4 —400 -378 —-80 NR
M, ~700 Fig. 6  Log BF 5,=356

Ms —344 Fig. 7

Model comparison based on the computation of Bayes factors log BF,,,=
log p(y | M,,) — log p(y | M,,) for every pair (m, n ). NR stands for Not
Relevant.

Since the most significant habituation effect occurs between the
first and second sentence repetitions, we modelled the four
conditions S-S, but we only studied the contrast S; — S,.

Pre-processings

As explained in Subsection 2.1.1, the grey matter's mask was
first computed (see Fig. 9(a)) and then dilated using a 4 mm-radius
sphere to account for the width of the cortical ribbon. Fig. 9(b)
shows the result of this step. The resulting mask M, contains
19719 voxels at the fMRI resolution.

We checked that for nine out of ten subjects the raw fMRI data
were motion-free approximately. All 7)-weighted MRI images
were normalised onto the MNI template and functional images
were transformed accordingly. fMRI volumes were also spatially
smoothed using a Gaussian kernel with FWHM =6 mm along
each direction. A first level analysis was performed for each
subject using SPM2. The GLM modelled the four presentations of
a given sentence with two regressors (the canonical HRF and its
time derivative). Then, the parcellation was computed from the
parameter estimates of this analysis. We chose a relevant F-contrast
c=[1,0,-1,0, ~;0, 1,0, =1, —, ...] to study the habituation
effect etween the first and second presentations of a given sentence
(81 — 85). Fig. 9(c) depicts an axial view of this parcellation for the
same slice (z=—4 mm).

Our approach strongly relying on a functional homogeneity
assumption, we started by comparing the results using increasing
parcel numbers (from K= 100 to K=500 parcels in M, = M, U M;.

(a) (b)

Fig. 10. (a)-(b) NRL estimates in one slice of subject 1’s brain (at z=—4 mm) in
response to S; (a) and S, (b). Values correspond to the NRL coefficients only
for voxels belonging to M. Otherwise they are equal to 0. (c)-(d): detection
results in the same slice for S| and S,, respectively. Voxels colour-coded in red
are detected as activating. In black are the parcel borders that are superimposed
to the different map results to show the parcellisation influence on the
estimation of such parameters.

We checked that K=200 is large enough to guarantee a higher and
sufficient degree of homogeneity. Here, the smallest and the largest
parcels contained 44 and 190 voxels, respectively. Within each parcel,
the degree of functional homogeneity was measured by computing a
correlation matrix over the parameter estimates of the GLM. Note that
this could also be done over the fMRI signals attached to each parcel.

Results

Our method was tested on the nine datasets. Here, we only
report results for Subject 1. Although the habituation effect and

Fig. 9. (a): Slice of Subject 1’s anatomical mask (z=—4 mm). (b): its dilated version M, to match the functional resolution. (c): corresponding parcellation in the

same slice. Each colour codes for a different parcel.
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(b)
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Fig. 11. Comparison of S;-based classification maps between the GaGMM prior (left column, (a)-(c)) and its 3-class extension (right column, (b)-(d)) in two
different parcels, P; (top row, at y=—16 mm) and P, (bottom row, at y=—52 mm). Square spots in white, orange and brown match with activating, non-

activating and deactivating voxels, respectively.

brain dynamics (i.e., the HRF shape) are subject to inter-individual
variability in terms of spatial localisation and activation delay, the
conclusions drawn for Subject 1 remain quite valid for the others.

In what follows, the proposed joint detection-estimation algorithm
was applied to each parcel of Subject 1's brain. Figs. 10(a)-(b) shows
the maps of the NRL estimates corresponding to conditions S; and S,
respectively, in a given slice of the brain. In the same slice, Figs. 10(c)-
(d) shows the activation probability maps attached to S; and S, (see (9)
for details) our algorithm provides. Activating voxels appear in red
colour.

Probing for putative deactivation
This first analysis was devoted to looking at putative
deactivations, that is the presence of negative NRLs. We actually

(b)

performed tests on all parcels to assess differences between the
GaGMM prior and its 3-class extension. For illustrative purpose,
Fig. 11 depicts the results of such a comparison on two parcels P;
and P,, composed of 129 and 135 voxels, respectively. Interest-
ingly, the vast majority of voxels in P elicit a coherent activation
in response to the first presentation of a sentence (S}), while in P,
most voxels are non-activating. As shown in Fig. 11(a)-(b), the
same S;-based classification map is obtained in P; irrespective of
the mixture model. The same conclusion holds with respect to S,
(results not shown). In P,, Figs. 11(c)-(d) illustrates that a few
voxels move from the non-activating state to the deactivating one.

However, the corresponding NRL estimates are of small mag-
nitudes indicating that this new classification may arise by chance.
Bayesian model comparison statistically confirms our result since
numerical evaluation of Bayes factors gives us log BF5,=—1.2 for

Fig. 12. Statistical maps are superimposed to a functional image and results are given in one slice of the brain (z Statistical maps are superimposed to a functional
image and results are given in one slice of the brain (z=—4 mm). (a): KL-distance for voxels in M at z=—4 mm. (b): The MS most significant voxel KL-distance

values. (c): The MS most significant voxel F-values.
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Fig. 13. From left to right and from top to bottom, brain slices organised along increasing axial axis (the bottom of the brain appear first in the superior left
corner). Study of the contrast ;. Study of the contrast S;>.S,. (a): thresholded PPM (see (11)) at 7=0.999; (b): thresholded SPM t-map at T=3.09 (corrected for
multiple comparisons) obtained using SPM2.

Py and log BFs,=—.5 for P,. These results show that there is less analyse these data, particularly in the brain regions involved in the
evidence in this dataset for supporting model Ms. Therefore, the treatment of phonological stimuli (language comprehension). In
introduction of the third class in the mixture is not necessary to the rest of the paper, we restrict ourselves to the GaGMM prior.

Fig. 14. (a): Single-slice comparison (z=0 mm, slice 7 in Fig. 13) for the contrast S;>S,. left panels: thresholded PPM at #=0.999; right panels: thresholded
SPM t-map at T=3.09 (corrected for multiple comparisons) obtained from the SPM analysis. (b): same comparison in slice z=24 mm (slice 13 in Fig. 13). HRF
estimates (in blue) in these regions compared to the canonical hemodynamic response function used in SPM (in red).
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Unsigned comparison between conditions

The result of our KL-distance map is shown in Fig. 12(a) in one
slice of the brain (z=—4 mm). In Figs. 12(b)-(c), the KL-distance
map is then compared to the standard F-test map by extracting the
most significant, say MS, voxels from both volumes, according to
the corresponding criteria (the largest KL divergence and the
highest F value). This thresholding procedure shows common
features in the activation patterns but also discrepancies in the
temporal lobes that elicit different responses. On this slice, the KL-
based criterion provides less activations. This may be due either to
our approximation of the KL divergence or to the criterion itself.

Signed comparison between conditions

The mapping of the habituation phenomenon calls for signed
comparisons since we are looking for voxels where a significant
decrease of NRLs between S; and S, can be observed. Fig. 13
shows such a comparison over the whole brain between the PPM
derived using the proposed methodology and the thresholded
T-map obtained using SPM2. The activated regions (in blue) for
the contrast S;>S, elicit therefore a higher response when a
sentence is presented only once.

(b)

(a)

(d)

o~
aQ
—t
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Statistical differences appear between the proposed PPM and the
corresponding SPM. On the one hand, in the majority of slices we
observe more activations on the PPM shown in Fig. 13(a). To a
certain extent, these differences can be explained by the shape
variations of the HRF estimate and its deviation from the canonical
shape prescribed in SPM. Moreover, the correction for multiple
comparisons used for the -map may dramatically reduce the number
of activating voxels. In contrast, no correction has been applied over
the PPM.

On the other hand, in the temporal lobes (top row, right slices of
Fig. 13(b)), sensitivity of detection seems better on the Student-¢
map: the activated clusters appear larger. Note also the presence of
isolated activating voxels in Fig. 13(a). It is likely that this reflects
the presence of false positives. To circumvent this issue and decrease
the FP rate in the PPM, a spatial correlation model between
neighbouring voxels can be introduced; see (Vincent et al., 2007b,a)
and the discussion.

In Fig. 14, we represent the estimated HRFs in parcels cor-
responding to areas where we notice sensitivity differences. It
clearly appears that in some parcels our HRF estimates exhibit
unexpected timing properties. For instance, in central regions (x =0,

47
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Fig. 15. (a)-(b) and (d)-(e): NRL estimates in the sagittal slices located (a)-(b) and (d)-(e): NRL estimates in the sagittal slices located at x=—48 mm and x=
—40 mm, respectively. (a)-(b) provide the magnitudes in response to S; while (d)-(e) give us the NRLs in response to S5. (c)-(f): KL-distance maps between the
corresponding NRLs. Images are superimposed to functional data. The parcels containing the Heschl’s gyrus (top row) and Broca’s area (bottom row) are
surrounded in black and referenced as Py, and Pg, in the text. (g)-(h): HRF estimates in Py, and Ppg, , respectively.
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y<0), we obtained initial dips that were difficult to predict in
advance. This requires further analysis (see Discussion). In regions
where the HRF estimate is very close to the canonical shape, the
PPM and SPM provide similar activation patterns. Finally, some
regions were also detected as activating (S;>S5,) by both methods
while there is no evidence in the literature to suppose a priori that
they elicit responses to auditory stimuli (see for instance Fig. 14(b)
along the interhemispheric axis).

Habituation and temporal organisation

We focus on superior temporal regions ranging from the pri-
mary auditory cortex (Heschl's gyrus) to associative areas (middle
and posterior STS). Although it has been shown in (Dehaene-
Lambertz et al., 2006) that repetitions affect both amplitude and
delay of responses, we only model habituation effect on the NRLs
by considering the different sentence presentations as different
conditions. This procedure is not optimal but remains quite simple.

The first interesting region is Heschl's gyrus located in the primary
auditory cortex around voxel with coordinates (—48, —12, 0) mm in
the standard Talairach space. This area shows the same response
magnitude each time a sentence was presented. Figs. 15(a)-(b) shows
the NRL estimates in parcel Py, which is circled in black for S; and
S,, respectively. In every voxel of Py, these magnitude parameters are
very close to each other making the KL-distance between the marginal
posterior distributions of Sy and S, close to zero (see Fig. 15(c)).
Hence, the measured difference between S and S, is not statistically
significant. Summary statistics computed over the NRL estimates in
Pre are reported in Table 4 (left col.) and confirm our first analysis
quantitatively. The same study was done in Ppg, containing Broca's
area and centered around voxel (—40, 24, 0) mm in the Talairach space.
Figs. 15(d)-(e) clearly indicates a strong decrease in the NRLs between
S7 and S,. The higher value of the KL divergence reported in Fig. 15(f)
confirms the presence of a significant habituation effect in Pg, . Our
quantitative analysis (see Table 4, right col.) also shows the same trend
as outlined by the strong discrepancies between the mean and standard
deviations of S} and S,.

In (Dehaene-Lambertz et al., 2006), a sine-wave GLM was
designed and fitted to study the speed of habituation. It allowed
one to exhibit a temporal organisation of the temporal lobe with
fastest responses located in Heschl's gyrus and slowest ones in
temporal poles. Here, given the proposed methodology, the
temporal organisation is studied more directly by measuring and
sorting the timing properties of the parcels Py, and Pg,.

In these parcels, we also investigated the temporal aspects of the
STS organisation by measuring different features (time-to-peak Tpcax,
time-to-undershoot 7indershoor) ON the estimated HRFs (see Figs. 15
(g)-(h)). We computed these quantities over each parcel (Pg, and P,
and their four closest neighbours) separately before averaging them to
get a mean estimate. We found that the responses in Pre (Tpeak=06 s.
and Tyndershoot=13.3 s.) occur and return to the baseline earlier than

Table 4
Summary statistics in parcels containing Heschl’s gyrus and Broca’s area

Statistics P, Heschl’s gyrus Pg,, Broca’s area

Sy (m=1) S (m=2)  Si(m=1) S (m=2)
max; (a7)"™ 39.45 31.29 46.57 22.33
min; (@)™ 0.35 -0.88 -4.21 -0.32
Mean (@)™ 7.96 3.76 19.81 991
Median (a})"™ 5.09 1.44 19.95 10.49
Std @)™ 7.62 6.72 8.95 4.92

the responses in Pp, (Tpeak=6.4 s. and Tjngershoot=13.6 s.). After
averaging these quantities over the five parcels, we obtained
congruent results (7pea=6.1 s. and Tyngershoot=13.2 s. around Ppe
VS. Tpeak=0.5 s. and Tyndershoot=13.5 8. around Pp,) meaning that the
region embedding Hesch's gyrus elicits brain activations faster than
the region including Broca's area. This confirms more directly what
has been already derived in (Dehaene-Lambertz et al., 2006) although
no statistical test is provided to assess the significance of this result.
The next question concerns of course the putative reasons of these
earlier responses in Hesch's gyrus. There is a large evidence in these
datasets for supporting faster neurodynamics as the main origin of
these results instead of faster hemodynamics. This can be checked for
instance using complementary analysis like a phase analysis
conducted in (Dehaene-Lambertz et al., 20006).

Discussion

In this paper, we have proposed an original method to perform a
parcel-based joint detection-estimation of brain activity from fMRI
data. It has been shown on simulated datasets that a gamma-Gaussian
mixture as prior pdf on the NRLs outperforms a Gaussian mixture in
terms of sensitivity/specificity trade-off. It has also been reported that
the noise model has an influence over this compromise, particularly at
lower SNR: a first-order AR model provides lower false positive and
negative rates in comparison with a white noise model.

Our method extends previous works (Makni et al., 2005, 2006b,a)
to deal with anatomically informed whole brain analysis. As already
done in (Smith et al., 2003; Nieto-Castanon et al., 2003; Flandin et al.,
2002), analysis was constrained to the mask of the grey matter
obtained from a segmentation of the T1-weighted MRI. Our approach
also relies on functional homogeneity assumptions at a regional scale
that can be assessed either from the fMRI time series themselves or
from the GLM parameter estimates. To meet these conditions, we
resort to an automatic parcellation technique developed in (Thirion
et al., 2000) but alternative clustering strategies may be thought of.
Our approach therefore depends on this prior decomposition making
the global within-subject analysis a two-steps procedure. The quality
of the parcels will have an impact on the model fitting and a slight
modification of the parcellation may generate different results
especially in case of identifiability problems. By varying the number
of parcels, we have checked that our results remain quite stable for
different parcellations. The solution to this problem actually lies in the
coupling of the parcellation procedure with our detection-estimation
approach. This a very appealing direction of research but remains
beyond the scope of the present work. At the expense of an increased
computational complexity, the two steps could be merged in a
combined approach through a hierarchical Bayesian model: one might
be interested in improving the parcellation from the results of the
detection-estimation stage using an iterative strategy: neighbouring
parcels would be grouped if their underlying hemodynamics share
similar features. The algorithm should take place in the context of
reversible jumps MCMC to properly handle fusion/segragation
moves between parcels Green (1995); Richardson and Green
(1997). Besides, the parcellation identification issue could also be
attacked using triplet Markov fields (Benboudjema and Pieczynski,
2007), which seem suitable for modelling nonstationarities in image
segmentation.

A strong feature of our approach is the possibility to derive
parcel-based HRF time courses throughout the brain. It allows us
to assess the spatial variability of the HRF shape and to check that
this shape greatly fluctuates across parcels. Since the parcellation



VIII.2 Extension cerveau entier

239

962 S. Makni et al. / Neurolmage 41 (2008) 941-969

procedure is derived at the group level, one is able to compare
subject specific HRFs in a given parcel. Doing so, we have noticed
that the between-subject variability in the HRF shape seems to be
larger than the within-subject spatial variability, as already
suggested in (Handwerker et al., 2004).

Our results also suggest that the modelling of spatial HRF
fluctuations is important to segregate brain regions involved in the
experimental paradigm (Heschl's gyrus, Broca's area, ...). The
adaptation effect was particularly evident between the first and
second sentences. The pattern of adaptation was different across
regions with a set of regions demonstrating the same response each
time a sentence was presented ( i.e., Heschl's gyrus) and regions
showing a more or less strong decrease between the first and
second presentation (eg, Broca's area, superior STS).

Nonetheless, there exist fMRI experiments for which the
proposed approach may fail because of the inhomogeneity of the
HREF shape both in space and across conditions at a regional scale.
This may occur when neurodynamic and hemodynamic fluctua-
tions intermix. Indeed, recent studies of the fine structure of the
fusiform face area (FFA) (Grill-Spector et al., 2006) have shown
that the FFA is actually highly heterogeneous. It appears that the
FFA is composed in reality of several small scale subregions that
respond strongly, not only to faces, but also to cars and sculptures.
The subregions discovered in (Grill-Spector et al., 2006) were
associated with very distinct HRFs. For such studies, the best way
to capture these HRF fluctuations is to perform a voxel-based non-
parametric analysis on the basis of which statistical comparisons
can be done across conditions, as demonstrated in (Ciuciu et al.,
2003; Marrelec et al., 2004).

We have also distinguished some differences between our
PPMs and the SPMs derived from a classical GLM-based analysis.
Our results confirm the interest of a simultaneous procedure for
detecting and estimating brain activity. The proposed procedure
actually improves the sensitivity of detection in some regions
where the temporal characteristics (time-to-peak, time-to-under-
shoot, ...) of our HRF estimate deviate from those of the canonical
shape. Unfortunately, this effect is not systematic on the datasets
since in other regions a loss of sensitivity was observed. The
reasons underlying this unexpected decrease have to be identified.
To elucidate this issue, future work will be devoted to the
comparison of a degraded version of our joint detection-estimation
procedure with the actual one. The degraded version corresponds
to an inference scheme where the HRF is maintained fixed and is
not sampled at every iteration of the Gibbs sampler. We will
quantify statistically this sensitivity difference on simulated data
where we know exactly the “ground” truth. For doing so, we could
generate fMRI data over the whole brain using the fMRI simulator
developed by (Drobnjak et al., 2006).

In the present paper, we get rid of the scale ambiguity problem
due to the bilinearity of (1) w.r.t. the pair (k, a) by imposing a unitary
norm constraint over /. This could have a dramatic impact on the
convergence of our sampling scheme and then on the recovered HRF
shape by distorting the target distribution of the MCMC scheme.
Alternative strategies may first consist in cancelling this normal-
isation step. However, the resulting sampling scheme is too slow to
converge in a reasonable amount of time (Veit and Idier, 2007). An
efficient alternative has been proposed in (Veit and Idier, 2007). It
has been applied to the joint detection-estimation of brain activity in
(Ciuciu et al., 2007). It consists in adding to the MCMC procedure a
sampling step of a positive scalar parameter s coding for the HRF
scale. It can be shown that its sampling is fast, follows a generalized

inverse Gaussian distribution in case of Gaussian mixtures and
guarantees the theoretical convergence of the generated Markov
chain to the posterior distribution. Deriving the target distribution of
this scale parameter for inhomogeneous mixtures is beyond the
scope of this paper.

To conclude about the real impact of our within-subject analysis,
inference should take place at the group level. In other words, we
should compare the results of two random effect analyses (RFX)
based on the same group statistics (e.g., mean effect) and statistical
test (Student #-test). The first RFX analysis would correspond to the
gold standard, in which the input data are given by the normalised
effects of a standard individual SPM analysis. The second analysis
would take the results of our algorithm for each subject as inputs. Of
course, this is only feasible in case of multi-subjects parcellation,
what is currently obtained using the procedure described in (Thirion
et al., 2006, 2007).

From a methodological point of view, we have shown that our
joint detection-estimation technique is able to identify deactiva-
tions in the brain. This is owing to the introduction of a third class
in the prior mixture model associated to the NRLs. Nonetheless,
we did not exhibit real deactivations on the analysed datasets. In
the future, we should therefore validate the 3-class extension on
specific datasets. A good candidate could be a dataset acquired
during an event-related auditory paradigm in which silence events
are presented randomly to compare activations to a baseline
derived from such events. As already shown in (Ciuciu et al.,
2003), silence events may generate deactivations in the temporal
lobe if they are presented to the subject when the gradients of the
scanner are switched off. This will be the subject of further work.

Smoothing the data spatially provides a reliable manner for
recovering clusters of activation instead of isolated spots, at the
expense of a loss of resolution. To avoid this preprocessing, the
proposed method could be extended by introducing spatial
correlation in the prior model. This could be done either on the
NRL:s (a) or on the underlying states (labels ¢). We argue in favour
of the second solution for simplicity reasons. As already derived
for Gaussian mixtures in (Vincent et al., 2007b,a), it is quite simple
to sample from an Ising (2-class model) or Potts (3-class model)
Markov random field (MRF) that enforce neighbouring voxels to
be classified in the same state (e.g., activating). This approach
actually seems more reasonable in terms of computational load
than considering edge-preserving MRF based on non-quadratic
potentials (Green, 1990; Geman and McClure, 1987). Also, for
computational reasons this extension has been developed in a
supervised framework meaning that the hyper-parameter encoding
spatial regularity of the hidden MRF is set by hand. Future work
will be focused on an spatially adaptive extension in which this
parameter is estimated as well, as already done in (Woolrich et al.,
2005; Woolrich and Behrens, 2006).

Another extension that could be introduced at little expense
concerns the analysis on the cortical surface, as proposed in
(Andrade et al., 2001). This will probably improve the sensitivity
of detection by constraining the analysis to the cortical surface.
Such study needs first a segmentation of the anatomical MRI, then
an extraction of the grey-white matter interface (e.g., as a mesh),
and finally requires an interpolation of the fMRI signal on the
nodes of the mesh (see for instance (Grova et al., 2006) for a
suitable approach).

Finally, the model presented here assumes that the NRLs are
constant in time. Hence, to account for putative habituation effects,
it requires to model repetitions of the same stimulus as different
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experimental conditions, what may be not optimal in terms of
sensitivity of detection. To account for trial-varying NRLs due to
adaptation or learning effects arising either as a direct consequence
of the paradigm or as a alteration of subject's arousal, the proposed
model can be generalised in a way that makes the number of
unknown parameters not too large. As proposed in (Ciuciu et al.,
20006), habituation can be modelled at the voxel level by a pair of
parameters: the NRL to the first trial of the stimulus and a mean
habituation speed across the consecutive trials that follows a hyper-
bolic parametric model depending on the inter-stimulus intervals.

Hopefully, all these additional points will induce improvements
in the detection-estimation results and will help to a better com-
prehension of brain functions.
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Appendix A. Densities

We give the definitions of the densities used throughout this
paper. We also provide numerical recipes for efficient simulations
according to complex distributions when necessary.

A.1. Multivariate normal density

The multivariate Normal density for d-dimensional variable x
with mean vector # and covariance matrix ¥ is given by

N(xlps, ) = 225+ exp (gu T e u))- (A1)

The general formula of Kullback-Leibler (KL) divergence
between a test density, say g(x) and a reference density p(x) is

Kialp) = [ ) tog 4. (A2)

For multivariate_normal densities g(x) =N (x|uq,2q> and
plx) = N(x|uq, ZJP), Eq. (A.2) takes the following form:

LS 1 e
KL(qllp) = Elogﬁ—i—zn’(ZP lzq)
q

1 fe
+3 (=) 5" (=)

For unjvariate_normal densities g(x) =N (x|u,,7,) and
p(x) = /\/'(xhlp, o*f,), the KL (A.2) distance becomes:

2
2 2 2( 2 2
(ap - Gq) +(1y —1y) (Gp + 0!1)

2.2
4Jp0'p

_d
.

KL(qllp) == (A3)

A.2. Positive normal density

The truncated normal distribution for a scalar variable x € R,
with parameters (m, v) expresses as follows:

{N+(xm,v) = C’lexp(—(x - m)2/2U>]IR+(x), (A4)
C = ymo[l +erf(m/vV2v)]/V2,

where erf is the error function (Abramowitz and Stegun, 1970,
p.297): exf(z) =2//7 [§ e~ dr. Parameter m defines the mode of
the density if m>0. Note that the knowledge of C is not required
for simulating a realisation of the density. Indeed, its mean u and
variance ¢ are given by

_ 2v_exp(—m*/2v)
“"”\/;Herf(m/\/m (4.3)

2 2
2oy [ - @] A6
o-=v+ 2 n=a] - (A.6)
Hence, the standard inversion technique of the cumulative
distribution function (Devroye, 1986; Gelfand et al., 1992) may be
used. First, it consists in simualting an uniform variate u~2([0, 1])
and then in calculating:

x=m+V2v erf! <u+erf<m/\/%)(u* 1))7

The erf function is approximated numerically in practice. In
cases where the approximation error becomes important (i.e., when
|m| is too large), this simulation method is inefficient. Instead, we
use efficient alternatives which are based on accept-reject
algorithms (Robert, 1995), the most powerful relies on multiple
instrumental distributions (Mazet et al., 2005)°.

A.3. Gamma density

The gamma density for variable xeR, with shape parameter
a>0 and scale parameter >0, is defined by

o

Gl ) = 15" exp(— s, () (A7)

where I'(x) is the gamma function defined as
I(x)=(x-DIx-1) :/ e ldr. (A.8)
0

The mean and variance are respectively given by E [x]=o/p and
var [x]=o/8*, while the mode of the distribution is given by M,=
(a—1)/B. Particular cases of the gamma distribution are the Erlang
distribution G(x|o, 1), the exponential distribution &(x|f) =
G(x|1, ) and the chi-squared distribution G(x|v/2,1/2) denoted
by 2. The Erlang distribution may be used in pratice as a pre-
liminary step for simulating a gamma variate x~G(«, §) since we
get a right sample if x=u/B and u~G(o, 1).

Note also that the inverse gamma distribution, denoted by
TG(x, B) throughout the paper is the distribution of x ' when
x~G(a, f).

A.4. Beta density

The Beta density for variable x € [0, 1] with shape parameter
a>0 and scale parameter >0, is defined by

B xe1 (1— x)/jfl

Be(n ) ="

Io,17(x) (A9)

° This code available on-line at http://www.iris.cran.uhp-nancy. fr/francais/
si/Personnes/Perso Mazet/rpnorm-fr.htm.
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where B (o, f) is the Beta function:

1
Bx) = /0 A1 - 0 = 7;((2)1([%) .

The mean and variance are respectively given by

o

Elx] = — 5, and var[x] = m.

a+p’

The mode of the Beta distribution evolves w.r.t. the domains of

(o B):

% if o>1and f>1
Oand1  if a<l and fi<1
. J a<land f>1
Mo = 0 lf{fx: 1an€i[§>1
| . {fx?landfkl
a>landff =1
does not exist if o = f =1

Importantly, for simulating Beta-distributed random variate
x~Be(-|a, §), we proceeds as follows. First, generate two expo-
nential variables e;~E(+|o) and e;~E(+|f). Second, compute x as
e/(egtey).

A.5. gamma-Gaussian density
The non-standard gamma-Gaussian density for variable xeR ,

with shape o>0, mean x>0 and variance parameters v>0, is
defined by

GN (x[or, 1, 0) = K7'x* 7" exp <f(x — u)2/21)>]IR_ (x) (A.10)
where K, is the normalising constant:
+oo
K, = / x*Lexp <f(x - u)2/21)>dx
0
= exp (—p’/40)vil (@)D, (—p/v/0) (A.11)

The last equation follows from (Gradshteyn and Ryzhik, 1994,
p- 337, Eq 3.462-1) that relies upon the gamma function (see (A.8))
and the Parabolic Cylinder functions D, (Gradshteyn and Ryzhik,
1994, p. 885, Eq 7.711-1 and p. 1065)'°. Importantly, the first
two centered moments of a gamma-Gaussian random variable
x~GN (x|, , v) can be computed analytically:

E[x|o, 1, v]= i/+>0 x* exp (—(x - p)z/Zu)dx —Kart
Ky Jo K,
(A.12)
var(x|a, 11, v]= E[x*|ot, i, v] — E[x|o v = Kar _ Ko
7”7 7”7 7}"’7 Km Kg .
(A.13)

Simulating gamma-Gaussian random variables x~GN (-|a, p, v)
is not straightforward and thus more effortful as compared to

19 See also hitp://mahieddine.ichir.free.fr for implementation of Parabolic
Cylinder functions.

sampling from standard laws. Following (Moussaoui et al., 2006), to
solve for this problem, we resort to a Metropolis-Hastings algorithm
which needs the specification of an instrumental distribution ¢
(Hastings, 1970; Robert, 2001). To avoid high rejection rate, this
instrumental pdf has to be chosen to fit the target distribution f =
GN (-|ot, i, v) at best. In this regard, expression (A.10) is useful to
characterisef in terms of mode, mean or variance from which the
instrumental distribution ¢ may be adjusted. Calculating the first-
order derivative of (A.10) w.r.t. x and equating to zero, the mode of f’
is obtained as the solution of the following second order equation:

¥ —px —v(e—1) =0, subjectto x>0.

Let us denote A=g*+4v (o — 1). The mode of £, which is non-
negative by definition, expresses as follows:

if 4<0

0
' { max ((“ + \/Z)/270) otherwise. (A.14)

Hence, the instrumental density ¢ is taken as a truncated normal
distribution A”* (x|, v), which is easier to sample from as detailed
in Appendix A.2.

A.6. Multinomial density

The density of a multinomial discrete distribution for variable
x={xy, ..., xn} with parameters ®={m, ... , my } is defined by

N Mo
MN s (x|7r) :ﬂlg IS~ em

=1

N
where x;>0, ;>0 and X2, m;=1.

A.7. Dirichlet density

Let 6={J,, , Oy} be some positive parameters. The
probabilistic density function of the N-state Dirichlet distribution
for variable 7w = {my, ... , my} satisfying 7; = 0 with parameters &, is
defined by

N <
F(Z[ZI bl) néi*lﬂ
Y, 0, = 2=l

==

Dy(wd) =

where I'(x) is, as before, the gamma function (A.8). Parameters ¢,
are prior observation counts for events governed by m. The
Dirichlet distribution is the conjugate prior of the parameters of a
multinomial distribution. One special case is the symmetric
Dirichlet distribution where 0;=dy Vi. In this case, the density
becomes

L(Noo) M 01

Patmion) = G

The real vector (X3/S, ... , Xy /S) follows a Dirichlet distribution
denoted as Dy (| ) if X;~G(J; B) are independent, and S=X, X;. This
holds true for any f3, so in practice we choose 3=1. This result is very
useful in practice for simulating realisations of a Dirichlet process.

Appendix B. Computational details for the MCMC procedure

In this section, we derive the full conditional distributions of the
quantities (h, (a, q), # and ®) to be sampled. When the sampling
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procedure w.r.t. a given parameter cannot be implemented as a
Gibbs sampling step, we provide the reader with the derivations of
some relevant instrumental distribution needed in the correspond-
ing Metropolis Hastings move.

B.1. The HRF h and its scale o7

Let us denote S;=%,, /'X". his N (u), , 3,))-distributed with:

J J
B =R+ SIS and = B0 0,214y, — Y.

J=1 J=1
(B.1)

Variance ¢} is simulated according to p(cilh)=ZG(D/2,
h'R 'h2).

B.2. The nuisance variables £ and their scale 02/

Vectors ¢; being independent (=1 : J), they can be sampled in
parallel according to N (H/,-, 2/,) where

E;/l =a,%lp+ a;zP’AjP and p1,, = 0‘;22//}”/1]- (y,. - th>.
(B.2)

Variance o7 is simulated according to ZG((QJ+1)/2, Z||//|I*/2).

B.3. The voxelwise mixtures (q, a)

Although we do not introduce any spatial correlation between
the NRLs, the latter are sampled one-at-a time since the
distribution p(a;" | rest)'! depends on q}”’:[q,], s a4 ! a}"” ,
e aJM] due to the linearity of model (1) with respect to a; . The
sampling of the NRLs is therefore implemented through two nested
loops, the inner corresponding to the stimulus types (e.g., index m)
and the outer to voxels (e.g., index j). Since the full conditional
posterior p(a;” | rest) is a mixture, its sampling can be achieved in
two steps. The first one consists in drawing a realisation of class g}
while the second one proceeds conditionally on class ¢;". To carry
out the first step, we need to identify the posterior mixture in voxel
Jj and for condition m:

m 1 m ! m
p(a)rest) cxexp<— 5o e — gmﬁ,.) > Zundi (410 )
& i=—1

(B3)

where g,,=X"h, and e;,=y; — P/; — 2, ;,, 4} g,
After straightforward calculations including the normalisation
of (B.3), we get the following expression:

p(a}lrest) = SN (aier, ). with (B4)
=1

fo(a@05,) = N (@l v, (B.5)

fi(@18r) = G (@l o0 (B.6)

" rest stands for the “remaining variables”.

[ (a,'-"la'fl,,) = —gN<_“}"|°‘—1-,mv —“'fuv”’—"l,/) (B.7)

The mixing probabilities are given by

-1
= (1+Z Ai,J//liJ) , Vi=-1:1

i~

om m 1/2 m 2 m
2oj = 2om (uod./uoﬁ,,,> exp((uOJ) /21)0J.),

Oi.m
am im

2
Aij = Fim F(a,-,m)K""nfeXp<(“’r{;) /20;’}), for ie{-1,1},

and depend on the normalising constants K, for i=+1, of the
corresponding gamma-Gaussian densities; see (A.11) for its
closed-form expression.

The parameters of the conditional posterior densities f;(a;" | 87})

are given by:

-1
m m -1 m — m -
Vi = Vo = 65, (g;14igm) » o VYom = (Uo.}n + (U1J> )
Hlnj = v}inJ'<o-;/2gan,/em;/' - iﬂi,nz)a Vi=—1:1.
(B.8)

Sampling the class ¢;" first amounts to generating u"~U([0, 1])
and then to applying the following rules:

—1if ur<i”
m T m m m m
q; 0 if )~7}J<uj S;”flj + )LOJ,
1 otherwise.

Once ¢ is correctly set, it remains to sample from the
conditional distribution fi(- | 87}) as suggested by (B.4). If ¢/' =0,
this operation is straightforward because fo(- | ug,, 05 ) is Gaussian
(cf- (B.5)). However, if ¢/' =%1, this operation is computationally
more expensive since are gamma-Gaussian; see Appendix A.5 for
details. Strictly speaking, the sampling of /(- | 87);) consists first in
simulating a realisation of (— ;") using a well-suited positive normal
density and then negating that realisation.

Interestingly, when o, =1, which corresponds to taking an
exponential prior for the NRL distribution, the conditional pos-
terior density fi(- | 87}) is exactly a truncated normal distribution
with parameters equal to those of p;. In that case, the Metropolis-
Hastings is not necessary since all proposals are accepted
(the acceptation rate equals to 1). The sampling of the truncated
normal density can be achieved efficiently as detailed in
Appendix A.

B.4. Mixture probabilities

Since we have Pr(q/" =7 | X,,)=N;,,, fori=—1: 1 and because the
prior is conjugate, i.e., a symmetric Dirichlet distribution D(X\,, | 9)
with 0> 0, the full conditional posterior distribution is also Dirichlet
and reads:

p(Am|q;" =i, 5) cxpr(qy - i|)\,,,)p(/\m|6)~D(6/), with &,
=0Jd+1, and ¢/ =9, VF.
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The spatial correlation being not modelled in (6), we may write
Pr(¢" =k | X,)=I1; Pr(q/' =x; | X,,)), with k;=—1 : 1 and the joint
posterior distribution p(X\,, | K, &) is given by

Pl 8) & T Pr (g7 = 15|, )p(A[8)-D(8")
with 8 = 5+Card[ - {jel Jlq) :i}] .

(B.9)

B.5. Mixture hyper-parameters

Variance vy, is very easy to sample because p(vo,, | z")=
IG((Jo.m —1)/2, vo,u/2), Where vo,,=Zcc, (@)

For the two other classes, we proceed to the sampling of the
scale and shape gamma distribution parameters o ,, and B,
respectively. Following (Moussaoui et al., 2006), we use a
Metropolis-Hastings step for o.,, parameters with a gamma
instrumental density defined below. Simulating parameters f. ,, is
easier since they follow a gamma distribution.

The posterior density of each hyper-parameter
form

o;m takes the

p(a, m \rest) o IT p(oc,-,m|s,~) O(g(oci,m)Jf"” Ig, (oc,;m),

JECim F(ai,m)
(B.10)
where
g(%m) = €Xp (Timaim)/r(“im)
Tim = In fB;, + Z (ajm fs,> im

JECim

This posterior distribution does not belong to a known family,
so its simulation requires a MH jump. Akin to (Moussaoui et al.,
2006), to obtain a good instrumental law ¢(«;,,), we propose to
approximate function g(o;,,) using a gamma density G(t;,, U; ).
More precisely, parameters (u; ,,, ¢; ,,) of this density are determined
in order for its mode and inflexion points match those of function
g(o;,,). After some simple manipulations, we obtain:

2
_ocinfl) )
(B.11)

=1+ 9‘mode/(O‘mnde - O‘inﬂ)za Uim = o‘mode/(‘xmode

where 004. and o,q are the mode and the superior inflexion point
(Cinf1™ Omode) Of g(2t; ). Calculating the first and second derivatives
of g(a;,,) yields these two non-linear equations that implicitly
define 0,,04c and ong:

Y (omode) = T and Y (atan)) = (W (o) = 7in)’s  (BL12)
where i is the digamma function defined by (x) = g log I'(x)
and " is its first derivative (trigamma function). Details about these
functions are provided in (Abramowitz and Stegun, 1970, p. 253). The
resolution of the two Eq.s (B.12) is done using a root finding
numerical method (cf. (Press etal., 1992, Ch. 9)). Finally, the posterior
density (B.10) is simulated using a Metropolis-Hastings algorithm
with a instrumental density ¢(;,,) chosen as a gamma distribution
g(t,l,,v u,,,,) whose parameters are given by

ti/,m = Ji,m (ti,m - 1) + 17 u/i.m :Ji,mui,m. (B13)
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The sampling of shape parameters f3;, is done according to the
full conditional posterior distribution

(Jimin+b1)

p(ﬁi.m ‘reSt) X Bi,m exp 7ﬁi.m Z a}n + Ci (B 14)
JECim
~G\ Jimrtim+bi+ 1, Y d'+e
JECim

B.6. Noise variances

Sampling the noise variances o2 can be performed in parallel.
Drawing a noise variance is straightforward because p 62 |rest ) =
9((V + D/2 115 15,/2)-

B.7. AR parameters

For each voxel V;, we have:
2
P(p7) = p(prest)a\ /1 = p? exp (=aj(py = m)") 11 ().
(B.15)
where @ = 111/20' and m=B; / 4; , with 4, =3~} }/2" nd

B./ - Zn 1 yjny]n+1

The density p; is log-concave, unfortunately it does not seem to
belong to a referenced family of pdf, from which an efficient
sampling technique would be available. Here, we propose to resort
to a Metropolis-Hastings independence algorithm that uses a beta
pdf gi~Be((;, k;) defined over (-1, 1)'? as the instrumental
distribution:
g(p)a(1+p)5" (1= p)", Vpl<L. (B.16)

The parameters ; and x; have to be tuned in an appropriate
way, so that g; approximates p; as closely as possible. Here, {; and
K; are chosen in such a way that log g; and log p; have the same
curvature around a common maximizer over (—1, 1). Let us first
remark that the maximizer 7; of log p; is uniquely defined by
20)(ry = my) (1= 12) +17= 0, Inl<l.

Moreover, 7; takes an explicit expression, as the root of a
polynomial of degree three. Then, ({; , ;) can be found by solving

{ (logg) () =0
(logg)) (r7) = (logpy) (r3)

which is a linear system. After some straightforward calculations,
the solution can be expressed as follows:

G =aj(1+7) (14 m; —2r) +3/2

K5 = a;(1 = r;) (1= my; +2r7) +3/2

()

It can be practically checked that gi(p) and p;(p) take very similar
values for all p € (=1, 1). Therefore, the proposal p’; (sampled from
g; ) has a high acceptation probability min {1, p; (p)g; (p,)/p{p))g;
(p’; )o. In practice, the worse acceptation ratio that we observed was
about 0.92.

12 1f x € (0, 1) and x~Be({, ) then p=2x — 1 is said Be({, «)-distributed
over (—1, 1).
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Appendix C. Bayesian model comparison

We have introduced Bayesian model comparison through the
computation of Bayes factors:

gp. aPEMn) _ [P(y18m; Min)p(8n| M) d6,,
P(Y|Mn) fP(Y|0nan)P(0n|Mn)d0n 7
with (m, n)eN;.

These quantities are thus computed as the ratios of integrated
likelihoods or model evidence of the different models. Of course,
they are approximated from the MCMC outputs using the
metholodogy proposed in (Kass and Raftery, 1995; Chib, 1995;
Chib and Jeliazkov, 2001) and further developed in (Raftery et al.,
2007). The latter relies on the harmonic mean identity:

1 1
plylMe) ~ E[p(y&M*) y’M*}

This suggests that the model evidence can be approximated by
the harmonic mean of the likelihoods p(y | 0¥ M) based on L
draws 8V, ..., 8 from the posterior distribution p(8 | ¥, M)

-1
G = 13— )
pyMs) = |+ _—— C.1
L1:L0p(y|0(1),./\/l*>

with L=L; — Ly+1. These sample might come out of a standard
MCMC implementation. Although p(y | M=) is consistent as the
sample size L increases, its precision is not guaranteed: it may have
an infinite variance. Therefore, we have implemented a stabilized
version of p(y | ./\/l*) which is presented in detail in (Raftery et al.,
2007). In short, it consists in replacing p(y | 00, M) by p(y | /09,
M) in (C.1) such that f is a measurable function of @ and a
dimension reduction transformation. Since the voxels are assumed
independent in space, one may proceed separately for each voxel:
p(y |09, M*):ij()ﬂf(e,(«')), Mx). More precisely, this means
that f'can be derived by integrating out analytically the NRLs a; and
the noise variance cff,/ for each voxel V; . This seems sufficient to
ensure that var [(p(y | 6), M) y]<co. Hence, in practice we
consider the following estimator:
-1
( /\/‘\/‘ ) IXLI: 1

PAY L =z, [Lp (y/.[/’(O](-I)) , M*>

Doing so, we have computed the log-evidence log p(y | M,,) of
models M ;-M;s once they have been fitted against the first set of
artificial data. Then, the logarithms of Bayes factors have been derived:

log BF\, = logp(y|/\/lm) — 10gp(y|/\/l,,)7 V(m,n)eNz.

The same procedure has been applied to models My — Ms
with artificial data eliciting deactivations.
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IMAGERIE FONCTIONNELLE ULTRA-RAPIDE PAR
SEQUENCE Echo Volumar Imaging
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Purpose: To combine parallel imaging with 3D single-shot
acquisition (echo volumar imaging, EVI) in order to acquire
high temporal resolution volumar functional MRI (fMRI)
data.

Materials and Methods: An improved EVI sequence was
associated with parallel acquisition and field of view reduc-
tion in order to acquire a large brain volume in 200 msec.
Temporal stability and functional sensitivity were in-
creased through optimization of all imaging parameters
and Tikhonov regularization of parallel reconstruction. Two
human volunteers were scanned with parallel EVIin a 1.5T
whole-body MR system, while submitted to a slow event-
related auditory paradigm.

Results: Thanks to parallel acquisition, the EVI volumes
display a low level of geometric distortions and signal
losses. After removal of low-frequency drifts and physiolog-
ical artifacts, activations were detected in the temporal
lobes of both volunteers and voxelwise hemodynamic re-
sponse functions (HRF) could be computed. On these HRF
different habituation behaviors in response to sentence
repetition could be identified.

Conclusion: This work demonstrates the feasibility of high
temporal resolution 3D fMRI with parallel EVI. Combined
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should prove useful to measure neural activity timing dif-
ferences or study the nonlinearities and nonstationarities
of the BOLD response.

Key Words: echo volumar imaging; parallel MRI; SENSE;
fMRI; high temporal resolution

J. Magn. Reson. Imaging 2008;27:744-753.

© 2008 Wiley-Liss, Inc.

UNTIL NOW, functional MRI (fMRI) data were mostly
acquired using echo planar imaging (EPI), allowing the

1CEA/DSV/I?BM/Neurospin, Gif-sur-Yvette, France.
2GEHC, Buc, France.
3Unité INSERM 562, Gif-sur-Yvette, France.

*Address reprint requests to: C.R., CEA/DSV/I?BM/Neurospin/LRMN,
CEA Saclay, Bat. 145, 91191 Gif-sur-Yvette cedex, France.
E-mail: cecile.rabrait@ambre.net

Received July 4, 2007; Accepted January 8, 2008.

DOI 10.1002/jmri.21329
Published online in Wiley InterScience (www.interscience.wiley.com).

© 2008 Wiley-Liss, Inc.

acquisition of multislice brain volumes with a spatial
resolution of about 3 mm and a temporal resolution of
1-2 seconds. EPI is thus well suited to the detection of
cerebral activations and the mapping of activated ar-
eas. Nevertheless, with the development of event-re-
lated fMRI (1) and the growing interest in the temporal
features of the hemodynamic response function (HRF)
(2,3), higher scanning rates are called for by neurosci-
entists.

High temporal resolution fMRI is feasible with echo
volumar imaging (EVI), a 3D extension of EPI, in which
a 3D Fourier space is encoded in a single-shot acquisi-
tion. Some applications of EVI have been reported, es-
pecially in fMRI (4-6). As compared with EPI, EVI pre-
sents several advantages for fMRI. First, EVI
acquisition offers very short TR, on the order of 200
msec. Second, 3D single-shot acquisition makes slice-
timing correction unnecessary and reduces the risk of
intravolume motion of the subject. Finally, true 3D ac-
quisition is known to reduce vascular inflow effects (7)
that often confuse the interpretation of fMRI results (8).

Nevertheless, EVI has seldom been used in fMRI, due
to its heavy demand on gradient hardware. Actually,
because of hardware limitations the echo train duration
(ETD) is high in EVI and the voxel bandwidth along the
direction of partition (third encoding direction) is very
low. Thus, if high spatial resolution and wide brain
coverage are required in an EVI acquisition, suscepti-
bility-induced distortions and signal losses due to T2*
relaxation dramatically alter image quality. To over-
come these difficulties compromises between acquisi-
tion time and spatial parameters must be found. Previ-
ously reported EVI studies have preferentially used the
frequency encoding direction (less expensive in acqui-
sition time) and acquired highly anisotropic volumes.
However, this geometry is not suitable to every fMRI
experiment and, because of the small number of sam-
ples along the partition direction, the Fourier transform
is not a reliable estimator of the object’s real spin den-
sity.

In this context, our purpose was to develop an EVI
method allowing single-shot acquisition of a nearly iso-
tropic volume covering most of the human brain. It was
achieved, for the first time, by combining EVI with par-
allel acquisition and SENSE reconstruction, along both
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Parallel Echo Volumar Imaging

EVI Acquisition Parallel Acceleration

Improved EVI sequence Parallel acquisition

Tailored slab selection pulse Sensitivity maps acquisition

Bandwidth optimization Improvement of temporal stability
through regularization of SENSE
Field of view reduction reconstruction
Correction of the Nyquist ghost SNR and geometry factor maps
estimation

}

Validation: fMRI acquisition and statistical analysis

Figure 1. Schematic diagram illustrating the different steps
involved in parallel acquisition of EVI volumes.

the phase and partition directions (9). An acceleration
factor of 4 was reached, making it possible to acquire a
120 X 120 X 144 mm?® brain volume in 200 msec. To
achieve 3D single-shot acquisition of a large brain vol-
ume and keep the level of susceptibility-induced distor-
tions low, the spatial resolution was limited to 6 mm.
This spatial scale is commonly used in neuroscience
group studies, which involve brain normalization.

In this article the adaptation of 2D-SENSE recon-
struction to localized EVI volumes is described. The
optimization of all the imaging parameters to maximize
the SNR is discussed and the effect of regularization on
functional sensitivity is investigated. An auditory, slow
event-related functional paradigm is used to demon-
strate the feasibility of detecting brain activation and
estimating high temporal resolution hemodynamic re-
sponse functions with parallel EVI.

MATERIALS AND METHODS

To clarify the presentation of the different steps re-
quired to achieve parallel EVI, we introduce a sche-
matic diagram describing the whole process in Fig. 1.

EVI Acquisition

In order to prevent the formation of an N/2 ghosting
artifact along the partition direction, a modified EVI
sequence with rewind gradients was implemented, as
previously (6). The area of the rewind gradient, applied
along the phase direction after the encoding of each
section, exactly compensates for the accumulated area
of the phase blipped gradients. Thus, contrary to con-
ventional EVI (10), alternate planes in Fourier space are
acquired under phase encoding gradients with the
same polarity, as illustrated in Fig. 2.

Slab selective excitation was performed by a spectro-
spatial radiofrequency (RF) pulse (11), so that subcuta-
neous fat was not excited. This pulse was composed of
eight spatially selective pulses (duration 1.5 msec), with
variable magnitudes and separated by 2.27-ms wait
periods, as illustrated in Fig. 2. A slab-selection gradi-
ent was applied during the RF pulses and magnetiza-
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tion was rephased by another gradient during wait pe-
riods. The complete pulse lasts 18.2 msec and its
bandwidth is equal to 10 kHz. The spatial selectivity of
the pulse, defined as the ratio of the pass bandwidth to
the transition bandwidth, was high (around 15) and the
suppression of the fat signal was efficient. The spatial
selectivity of the slab selection pulse was sufficient to
define the thickness of the acquired volume along the
partition direction.

In order to limit susceptibility-induced distortions
and signal losses, the ETD must be minimized. The
ETD was estimated as a function of all relevant imaging
parameters. It appears that, in parallel EVI with trape-
zoidal gradient pulses, ramp-sampling acquisition does
not allow one to significantly reduce the ETD, mainly
because of the rewind gradient and of the small matri-
ces acquired. Hence, it has not been introduced. More-
over, since the frequency encoding gradient amplitude
depends on the acquisition bandwidth and because of
the limited slew rate of the gradient hardware, there is
an optimal readout bandwidth minimizing the ETD,
which depends on Nx, Ny, field of view (FOV) along the
readout direction, and gradient rise time. The choice of
the optimal bandwidth significantly reduces the ETD.
For example, for a 20 X 20 X 24 matrix, with a 120 X
120 X 144 mm® FOV and an acceleration factor of 2
along two directions (R = 2 X 2), the optimal acquisition
bandwidth is 100.0 kHz, corresponding to an ETD of 58
msec. Bandwidth of 50 kHz and 200 kHz correspond
respectively to ETD of 68 and 74 msec.

To further reduce the ETD the FOV was reduced as
proposed previously (5,6). Outer volume suppression
(OVS) was applied before excitation in order to avoid
wraparound artifacts. Two quadratic phase pulses, de-
signed with the Shinnar-Le Roux algorithm, each of
which being followed by spoiler gradient pulses, were
applied in conjunction with a slab-selective gradient
along the phase direction (12). The quadratic phase
pulses (duration: 4 msec, bandwidth: 10 kHz) offer a
high spatial selectivity (around 20) and a low peak B;.
To ensure a good suppression of the external signal,
OVS pulses were repeated twice, before each excitation.

Frequency /_\ [_\ m :/“_"\ f?_\ f‘_\\ [“\

Phase \J \_/ \_/ : \—/I \—/ : \—}, \—f
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Figure 2. Timing diagram of the EVI sequence: a spectro-
spatial slab excitation pulse is followed by a modified EVI echo
train. In this example only four phase encoding lines and three
sections are acquired. For sake of simplicity, the outer volume
suppression module is not included on this diagram. This
module takes place before excitation and is presented in Ref.
(12).
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After 3D reconstruction, EVI volumes are affected by
a Nyquist N/2 ghosting artifact along the phase direc-
tion, as in EPL It is due to small timing differences
between odd and even echoes. The well-known calibra-
tion scan method (13) was used to correct for these
differences. A calibration scan was acquired at the be-
ginning of the functional time series, with neither phase
nor partition gradients. Calibration data were first Fou-
rier transformed with respect to the frequency encoding
direction. Then, Ahn’s coefficients (constant and linear)
were computed for every phase encoding step (14) and
used to correct all the volumes of the temporal series.
Contrary to (13), Ahn’s coefficients have not been mod-
eled since discontinuities appeared between k-space
sections. Moreover, if the ETD is kept short, Ahn’s cor-
rection is sufficient to reduce ghosting artifact effi-
ciently in EVI volumes at 1.5T.

Parallel Acceleration

Parallel Acquisition

Minimization of the ETD by choosing the optimal acqui-
sition bandwidth and restricting the FOV does not per-
mit reaching short ETD while covering a large part of
the brain. As shown by the previous example (20 X 20 X
24 matrix, 120 X 120 X 144 mm?® FOV), without par-
allel acceleration the minimized ETD would be in the
230-240 msec range. The only way to dramatically re-
duce the ETD is to use parallel imaging in order to
undersample k-space acquisition along both the phase
and partition directions. In 3D imaging the choice of
2D-SENSE parallel acquisition and reconstruction is
advantageous since geometry factors are lower than in
1D-SENSE for a given acceleration factor; the SNR of
the reconstructed volumes is thus higher (9). All 2D-
SENSE acquisitions were performed in either sagittal or
coronal orientations. Indeed, the nearly cylindrical coil
we used (8-channel head coil) prohibits SENSE recon-
struction along its main axis, since its sensitivity is
nearly uniform along this direction. Parallel acquisition
also directed the optimization of the imaging parame-
ters. Indeed, the FOV has to be relatively large along
both undersampling directions, since parallel recon-
struction is easier when the difference of sensitivities
between signal components superimposed in a given
voxel is more important. Moreover, the additional de-
grees of freedom offered by parallel imaging (15) allowed
reducing acoustic noise through minor parameter tun-
ing. This optimization resulted in a decrease from about
115 dB to an acceptable level of 104 dB.

Parallel Reconstruction: Acquisition of the Sensitivity
Maps

Parallel reconstruction of EVI undersampled volumes
was performed with an in-house-developed multidi-
mensional SENSE algorithm (16). To perform SENSE
reconstruction it was necessary to acquire sensitivity
maps for each RF channel. In EVI this step was crucial.
It was indeed impossible to use an EVI volume as a
sensitivity map, since the high level of geometric distor-
tions and signal losses would make the map useless.
EPI images could not be used as sensitivity maps either,
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since the distortions are not the same as in parallel EVI.
Therefore, conventional 2D gradient echo images were
acquired as sensitivity maps. One critical issue was to
make sure that distortions remain low in EVI, so that
EVI volumes and sensitivity maps could be superim-
posed. Empirical optimization of the ETD was thus per-
formed by experimenting parallel reconstruction of EVI
volumes for a large range of ETD (data not shown). This
study led to restricting the ETD below 60 msec, al-
though EPI acquisitions at 1.5T frequently use longer
ETD. Full FOV sensitivity maps have been preferred
since SNR is higher in full FOV images compared to
reduced FOV images. Sensitivity maps were automati-
cally cropped to match the EVI volume after the build-
ing of a binary mask of the brain. This mask was used
to remove voxels outside of the brain from parallel re-
construction. This “voxel exclusion” operation im-
proved the SNR of the reconstructed volumes (9). Given
the low spatial resolution of parallel EVI volumes, the
impact of Gibb’s ringing artifacts should be considered,
as in parallel spectroscopic imaging (17,18). In parallel
EVI, as spatial resolution is the same in sensitivity
maps and parallel data, Gibb’s artifact should be sim-
ilar. Nevertheless, Gibb’s side lobes could be important
in parallel data while being excluded from the masked
sensitivity maps. To avoid this problem the binary brain
mask was dilated by a few voxels as proposed previ-
ously (17). Alternatively, a cosine filter could be applied
in k-space, which apodizes the reconstructed data
while degrading the spatial resolution. A more efficient
solution, which improves SENSE reconstruction by
taking into account the real point spread function, has
also been proposed (18).

As explained previously (19), noise properties should
be obtained from artifact-free data, preferably from
noise-only samples. In the present study noise proper-
ties were estimated from an empty area in the sensitiv-
ity maps to reduce the total acquisition duration and
because 2D gradient echo is not very sensitive to image
artifacts. Gibb’s artifact, which is the more likely to
occur, should have a small effect since noise properties
are estimated outside of the dilated mask.

Parallel Reconstruction: Regularization

Typically, regularization techniques are used in parallel
reconstruction to improve the visual quality of static
images. Nevertheless, since parallel EVI aims at detect-
ing cerebral activations, temporal signal stability is a
predominant criterion over image quality. In the
present work, as pioneered previously (20,21), regular-
ization of parallel reconstruction was used to improve
signal stability and activation detection. Tikhonov
weighting (22) was applied, with a regularization con-
dition minimizing the magnitude of the MR signal in
reconstructed volumes, as before (23). The relative im-
portance of the regularization term was modulated by a
regularization parameter, \2, empirically set.

To investigate the impact of regularization, SNR
maps, geometry factor maps, and statistical scores
were computed for increasing values of \2. This values
range from 10~ % to 0.2. At A = 10~ %, reconstructed
volumes are highly similar to volumes reconstructed
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without regularization, while avoiding computer errors
due to small singular values. At \> = 0.2 statistical
scores have reached a plateau, while reconstruction
artifacts become important. The number of intermedi-
ate settings was kept small because of the strong efforts
required to perform the statistical analysis for each
setting.

To assess signal stability the SNR was defined in each
voxel as the ratio of the average signal over its standard
deviation in the voxel time course. This definition, often
used in cerebral functional imaging (24,25), is reliable
when used with parallel imaging. We note that due to
the inhomogeneous spatial distribution of the noise
other SNR definitions suffer from serious bias (26). SNR
measurements were performed after removal of low-
frequency drifts and filtering out of physiological arti-
facts, as described in the next section. The quality of
parallel reconstruction was also assessed through the
computation of spatial maps of the geometry factor, g,
(16). These maps quantify the difficulty to separate the
different signal components superimposed in a given
voxel. The g factor depends on the geometry of the
acquired volume and the coil array.

Data Acquisition and Analysis

Two right-handed healthy male adults were scanned
using a Signa 1.5T Excite II MR system (General Elec-
tric Healthcare, Milwaukee, WI), employing a gradient
coil with a maximum amplitude of 40 mT.m ' and a
266-ps minimum rise time. An 8-channel high resolu-
tion brain array by MRI Devices was used for parallel
acquisition. Acquisitions on human volunteers were
approved by a local ethics committee and the subjects
gave written informed consent.

For the acquisition of parallel EVI time series the
imaging parameters were set as follows: 20 X 20 X 24
matrix, TE/TR = 40/200 msec, 3D-FOV = 120 X 120 X
144 mm®, BW = 100 kHz, flip angle = 35°. The volumes
were acquired in sagittal orientation, with the fre-
quency encoding gradient applied in the superior-infe-
rior direction, and the partition encoding gradient ap-
plied in the mediolateral direction. A total parallel
reduction factor of 4 was applied, corresponding to a
reduction factor of 2 along both phase and partition
directions. The ETD was equal to 58 msec, while typical
ETD in EPI ranged from 30-80 msec on this scanner.
The volume of interest had been optimized for auditory
paradigms and included the two temporal lobes of an
“average” subject. Moreover, the chosen geometry min-
imizes vascular artifacts due to inflow of venous blood,
because of 3D acquisition and low excitation flip angle
(7), and since no “fresh” blood can enter the excited
volume along the partition direction.

For SENSE parallel reconstruction, 2D gradient-echo
sensitivity maps were acquired in sagittal orientation.
Acquisition parameters were set as follows: 40 X 40
matrix, 24 slices, slice thickness = 6 mm, TE/TR =
10/500 msec, FOV = 240 X 240 mm?, BW = 62.5 kHz,
flip angle = 30°. A high-resolution T1-weighted 3D vol-
ume was acquired for anatomical localization (256 X
256 X 128 matrix, voxel size = 0.9 X 0.9 X 1.2 mm?).
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The fMRI paradigm used to validate the detection of
cerebral activation consisted in a slow-event presenta-
tion of auditory sentences, one short sentence (2200
msec on average) every 14.4 seconds. Each sentence
was repeated four times in a row, in order to induce
habituation effects as in Ref. (27). Each run comprised
12 different sentences for a total duration of 11 min-
utes, 41 seconds. The first sentence was preceded by a
9.6-second rest period, corresponding to 48 dummy
scans. One run was acquired in each participant.

Postprocessing and statistical analysis of the EVI
temporal series were conducted using the SPM2 soft-
ware (www.fil.ion.ucl.ac.uk). Illustrations were created
using the Anatomist software (http://brainvisa.info).
First, EVI volumes were rotated to match the axial ori-
entation of anatomical data. Second, reconstructed
time series were realigned to an EVI volume devoid of
artifacts, using a six-parameter linear transformation,
and resliced. Third, a numerical band-rejection filter
was applied to reduce cardiac (0.8-1.2 Hz) and respi-
ratory artifacts (0.15-0.3 Hz), as in Ref. (6). Physiolog-
ical artifacts are easily filtered out in EVI thanks to the
high sampling frequency. Finally, the volumes were
spatially smoothed, using a 10-mm isotropic Gaussian
filter. This operation is generally applied to EPI data to
assure the accuracy of the statistical inference made
from the data in SPM and increase the sensitivity of
detection in group studies. It also increases the SNR
and thus the sensitivity of detection of brain activa-
tions. Rigid coregistration to anatomical data was per-
formed using the Brainvisa software (http://brainvi-
sa.info). Since the EVI volume is relatively large,
computation of the coregistration parameters was
straightforward and accurate. The removing of low-fre-
quency drifts was performed through modeling of the
trend by a basis of discrete cosine functions (28) with a
32-second cutoff period.

A generalized linear model was generated by entering
four distinct variables corresponding to the four repe-
tition positions of a sentence. The variables, convolved
with the standard SPM HRF and its temporal derivative
were included in the model. The significance of the
activations in response to the first presentation of each
sentence was assessed using Student’s t-test corrected
for multiple comparisons (family-wise error) and
thresholded at 10~ .

RESULTS
Image Quality and SNR

As illustrated in Fig. 3, parallel imaging improves EVI
image quality, as demonstrated for single-shot acquisi-
tion methods (19,29). A spherical water phantom was
scanned and EVI volumes were acquired, either with no
parallel acceleration or with a reduction factor of 4. In
the latter case, undersampling was applied along both
phase (Ry = 2) and partition (Rz = 2) directions. Parallel
acquisition results in a decrease of the ETD by a factor
of 4, therefore reducing susceptibility-induced distor-
tions and signal dropout. For comparison, reference
images (sum of squares of the sensitivity maps) are also
displayed, as well as the folded EVI volume (sum of
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Figure 3. Comparison between nonparallel and parallel EVI
volumes. The parallel EVI volume has been acquired with a
total parallel acceleration factor of 4. 2D gradient-echo images
acquired with the same FOV are displayed as reference. Ac-
quisition parameters: nonparallel EVI volume: Nx = Ny = 24,
Nz = 20, Lx = Ly = 160 mm, Lz = 120 mm, TE/TR = 116/252
msec, ETD = 216 msec, BW = 125 kHz, flip angle = 35°%
parallel EVI volume: Nx = 24, Ny = 12, Nz = 10, Lx = Ly = 160
mm, Lz = 120 mm, TE/TR = 40/200 msec, ETD = 54 msec,
BW = 125 kHz, flip angle = 35° 2D gradient-echo images:
Nx = Ny = 24, 20 slices, Lx = Ly = 160 mm, slice thickness =
6 mm, TE/TR = 10/500 msec, BW = 62.5 kHz, flip angle =
30°.

squares of the folded volumes reconstructed from the
undersampled data). The latter comprises one phase-
encoding line over two and one section over two. The
reconstructed parallel EVI volume is relatively homog-
enous and appears highly similar to the references im-
ages, although the TE (40 msec) is longer than the TE
used in the acquisition of reference images (10 msec).
This similarity can be partially explained by the appli-
cation of a mask computed from sensitivity data. Nev-
ertheless, the folded EVI volume, which has not been
masked, also displays reduced distortions and better
signal homogeneity compared to the nonparallel EVI
volume.

The 1000th volume extracted from a parallel EVI tem-
poral series acquired on a subject is shown in Fig. 4.
This volume was acquired after the magnetization
reached a steady state, and is thus representative of the
volumes studied for activation detection. In these vol-
umes the signal is relatively homogenous. The only area
of low signal corresponds to the lateral ventricles, filled
with cerebral spinal fluid (CSF), which presents a lower
steady-state signal than gray and white matter at short
TR. The homogeneity of the signal along the partition
direction validates the good quality of the slab selection
pulse. The slight signal diminution in the middle of the
volume can be explained by the so-called “SENSE
ghost” (30) which comes from residual signal in the
external areas. The small amplitude of this effect as-

Rabrait et al.

Localization of the EVI volume

1000th volume of the reconstructed time series

Figure 4. Parallel EVI volume acquired on a human subject
and its localization over one slice of the subject’s anatomical
data. The 1000th volume of the time series is presented, since
it is representative of the volumes studied for activation detec-
tion. The sections are presented from right to left of the sub-
ject’s head. Acquisition parameters for the parallel EVI time
series: Nx = 20, Ny = 10, Nz = 12, Lx = Ly = 120 mm, Lz = 144
mm, TE/TR = 40/200 msec, ETD = 58 msec, BW = 100 kHz,
flip angle = 35°, regularization parameter (\?) = 1072,

sesses the high level of signal suppression achieved. In
3D sagittal acquisitions, distortions could occur along
the phase (A/P) and partition (R/L) directions. The low
level of distortions is illustrated in Fig. 5, showing the
superimposition of a parallel EVI volume over anatom-
ical images, displayed as a set of (R/L, A/P) planes.
Accurate coregistration between parallel EVI data and
anatomical data is observed, as required for correct
localization of cerebral activations.

SNR maps were computed after filtering out cardiac
and respiratory artifacts. Before filtering, signal values

Figure 5. Superimposition of the EVI volume presented in Fig.
4 over anatomical data. This superimposition is presented as a
set of (R/L, A/P) planes, since in 3D sagittal acquisitions
susceptibility-induced distortions could occur along the (R/L)
and (A/P) directions.
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Figure 6. Distributions of temporal SNR values in the voxels of the volume of interest, for subject 1, for two different values of
the regularization parameter, \*> = 10~ * (dotted line) and A\ = 102 (full line).

were not normally distributed in numerous voxels. Nev-
ertheless, the application of the band-rejection filter
made such distributions nearly Gaussian so that SNR
could be calculated using the chosen definition. Figure
6 presents the distributions of SNR values in the whole
volume, for the smallest and highest regularization pa-
rameters (\%) applied. These gamma-shaped histo-
grams illustrate the global SNR improvement brought
by regularization. Median SNR values, computed from
the whole brain, are reported in Table 1 as a function of
A\2. In agreement with (20,21), regularization increases
the temporal stability of parallel EVI data. Moreover,
SNR values are very similar for the two subjects and
relatively high in spatially smoothed time series.

Geometry factor maps have been computed using the
following expression, derived from the geometry factor
definition (31), for each voxel p of the reconstructed
volume:

g = \[(S"S +\*-1d) '],,- [(S"S)],)

where S is the matrix of the complex coil sensitivities
measured in the voxels superimposed in one voxel of
the undersampled volume (16). The average, median,
and maximum values of the geometry factor experimen-
tally measured are highly similar for the two subjects
and decrease to moderate values as \? increases, as

Table 1
Median SNR as a Function of the Regularization Factor.
Subject 1 Subject 2
A2 before after before after
smoothing smoothing smoothing smoothing

0,0001 45 104 51 115
0,01 51 113 56 122
0,04 60 129 63 135
0,1 69 142 69 146
0,2 77 151 75 154

illustrated in Table 2. These values indicate that paral-
lel reconstruction is feasible in the chosen geometry
and justifies the SNR improvement observed when reg-
ularization is applied. The impact of regularization on
the geometry factor is discussed in more detail in Ref.
(381).

Activation Detection

In the two subjects, activation in response to the first
presentation of the sentences was found along the su-
perior temporal gyri and sulci, and for all A settings. In
all cases, cluster level P-values were inferior to 10~
after family-wise error correction for multiple compari-
sons. A representative activation map is displayed in
Fig. 7 (top), superimposed over anatomical data, for
subject 1. In Fig. 7 the presented results were com-
puted from parallel EVI time series reconstructed with
A\? = 0.2. The highest SNR results are presented after
having checked that no ill-localized activations appear
at this A2 value. In response to the fourth presentation,
the extent of the activating area was reduced (data not
shown), as observed previously (27).

In parallel EPI fMRI acquisitions, regularization of
parallel reconstruction generally increases the func-
tional contrast-to-noise ratio (CNR), through a noise
reduction larger than the contrast reduction (20). This
increase in CNR mechanically results in an increased
sensitivity to the blood oxygenation level-dependent
(BOLD) contrast (20,21). This effect is also observed in
parallel EVI. For different values of A2, median t-scores
were computed from the 200 most activated voxels in
the statistical maps corresponding to the first presen-
tation of the sentences. As illustrated in Fig. 8a, median
t-scores increase when \? is increased, as foretold by
the SNR increase. Nevertheless, the increase slows
down at high A2, as observed in Ref. (21). Besides, if \?
is further increased, the regularization condition be-
comes predominant over the accuracy of the recon-
struction, and the reconstructed EVI volumes display
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Table 2
Average, Median and Maximum Geometry Factor as a Function of the Regularization Factor
Subject 1 Subject 2
}\2
average g median g max g average g median g max g
0,0001 2,53 2,81 4,65 2,47 2,64 5,1
0,01 2,3 2,55 3,84 2,26 2,44 3,94
0,04 1,92 2,09 2,79 1,9 2,06 2,79
0,1 1,57 1,68 2,03 1,56 1,67 2,01
0,2 1,31 1,38 1,56 1,31 1,37 1,56

important artifacts, as illustrated in Fig. 8b. Therefore, tence. HRFs were obtained through selective averaging
the A\? value corresponding to the optimal trade-off of the experiment time course (32). No temporal
must be found. smoothing was applied. The BOLD contrast represents

The high acquisition efficiency of parallel EVI acqui- around 1% of the baseline signal and a decrease in
sition is illustrated in Fig. 7 (bottom), showing HRFs of amplitude and a speeding up of the BOLD response are
individual voxels during the four repetitions of a sen- typically observed with habituation as before (27).

alized MR signal
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Figure 7. Top: representative activation maps illustrating the areas activated by the first repetition of the sentences, for subject
1 (thresholded at P < 10" %, with Family-Wise Error FWE correction for multiple comparisons). Bottom: voxel-wise hemodynamic
response for the four presentations of a sentence, obtained through selective averaging of the voxels time courses, after

suppression of low-frequency drifts and filtering out of physiological artifacts. Vertical lines materialize the beginning of each
presentation of a sentence.
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Figure 8. a: Median t-scores computed from the 200 most activated voxels in response to the first presentation of a sentence,
as a function of the regularization parameter, for the two subjects. b: Three slices from a parallel EVI brain volume reconstructed

with increasing values of the regularization parameter.

Moreover, different habituation behaviors can be dis-
tinguished among the voxels eliciting activation in re-
sponse to the first sentence presentation.

DISCUSSION

To our knowledge, this study presents the first images
and fMRI data acquired using parallel EVI. Pioneer
studies have demonstrated the high temporal resolu-
tion allowed by EVI acquisitions and detection of cere-
bral activations at relatively high spatial resolution (3 X
3 x 1.5 mm?® (6)). Nevertheless, those studies were lim-
ited to anisotropic volumes (192 X 96 X 12 mm?® (6)) due
to the important ETD required by EVI. In the present
work, parallel imaging allows the reduction of ETD by a
factor of 4, which permits covering a larger, nearly iso-
tropic volume of the brain (120 X 120 X 144 mm?®), with
a low level of susceptibility-induced distortions and sig-
nal losses. Although parallel EVI is currently limited in
spatial resolution (6 X 6 X 6 mm?®), it offers a new
compromise between FOV and spatial and temporal
resolution. Moreover, faster gradient coils and opti-
mized receiver coils with a higher number of acquisition
channels will allow improving spatial resolution.
Several methodological difficulties were overcome to
perform parallel EVI acquisition of localized volumes.
First, a good adequacy between parallel data and sen-
sitivity maps is required for SENSE reconstruction, and
is not easily obtained in 3D single-shot imaging. This
was achieved through minimization of the ETD in order
to reduce distortions and signal losses. Therefore, 2D
gradient echo images could be used as sensitivity maps.
Second, combining outer volume suppression and par-
allel imaging requires a very high quality of external
signal suppression. Otherwise, a wraparound artifact
appears in the reconstructed volume. This efficient sig-
nal suppression is allowed by Shinnar-Le Roux de-
signed quadratic phase RF pulses, repeated twice, and
combined with spoiler gradients. Third, all imaging pa-
rameters were optimized before fMRI acquisitions in
order to find the optimal trade-off between short ETD,

acceptable spatial resolution and brain coverage, and
adequate SNR. For instance, we studied the impact of
the regularization parameter, A%, on functional sensi-
tivity and demonstrated that a trade-off must be found
between high SNR and reconstruction accuracy. So far,
A2 has been empirically set for the whole volume. To
avoid this supervised operation and improve the effi-
ciency of the regularization, automatic tuning of A? for
each voxel in the folded volume (and each subject)
should be considered and an optimal criterion based on
functional CNR and spatial reconstruction accuracy
should be defined. The tuning could be performed ei-
ther using the L-curve technique, as before (31), or
more efficiently, in the maximum likelihood framework,
provided that the penalization remains quadratic
(Gaussian likelihood).

After this demonstration of feasibility, several meth-
odological improvements could be made, especially re-
garding the acquisition strategy and the reconstruction
algorithm. Actually, parallel EVI would benefit from a
reconstruction algorithm in the k-space domain, like
GRAPPA (33), since it would suppress the SENSE-ghost
artifact (34). Besides, TGRAPPA (35) takes advantage of
the repetitive scanning by temporal shifting the ac-
quired k-space lines in an interleaved manner, which
suppress the need for supplementary data. Applying
TGRAPPA to parallel EVI would not only reduce the
total acquisition time, but also improve image quality
by providing sensitivity data with the same geometric
distortions as the parallel data and reducing the sensi-
tivity to subject’s movement.

In fMRI acquisitions the main requirement is a high
temporal SNR (24). In EPI acquisitions, some brain ar-
eas always present a low SNR due to distortions and
signal losses. Parallel imaging allows reducing the ETD
and study these areas with a better SNR (36). Neverthe-
less, parallel imaging introduces another source of spa-
tial variability of the SNR, because of the spatially in-
homogeneous noise in reconstructed images. Thus,
spatial maps of the temporal SNR must be considered
while interpreting parallel fMRI data and the same dif-
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ficulty occurs with parallel EVI. Information about the
spatial variations of the SNR is also provided by geom-
etry factor maps. Nevertheless, geometry factors are not
reliable estimators of the SNR loss associated with par-
allel acquisition since they are computed from the sen-
sitivity maps only. For instance, when outer volume
suppression is applied, as in the present study, the
potential noise magnification due to the “SENSE ghost”
is not taken into account. Besides, especially in single-
shot acquisitions, the impact of the decrease in TE and
ETD allowed by parallel imaging is not considered, and
the SNR loss is generally smaller than predicted by the
geometry factor (19). Thus, reliable quantitative assess-
ment of the temporal stability is only found in SNR
maps.

Increasing the scanning rate and offering 3D single-
shot acquisition provides numerous advantages for
fMRI studies and could improve the understanding of
brain dynamics (37). Indeed, the high acquisition effi-
ciency of parallel EVI allows the extraction of high tem-
poral resolution single-voxel HRF using selective aver-
aging. After this minimal postprocessing, spatial
information about the dynamics of the brain response
could be extracted and mapped. For example, the large
number of samples acquired during the first seconds of
the HRF could lead to precise estimation of its initial
slope, allowing comparisons of response velocity be-
tween different experimental conditions, or voxels. As
illustrated in this study, habituation effects, and more
generally nonstationary effects, could benefit from par-
allel EVI, which combines a very high scanning rate and
a large coverage of the brain. Moreover, trial-by-trial
event-related responses can often be distinguished in
activated voxels time courses, which could be interest-
ing for performance-related fMRI studies. High scan-
ning rates are also required in “rest” studies of func-
tional connectivity (38), to avoid aliasing of
physiological artifacts over the low frequencies of inter-
est. Finally, the likely reduction of vascular artifacts,
which should be investigated in the future, could po-
tentially enhance the specificity of fMRI analysis.

The analysis of parallel EVI data requires further ad-
aptation of activation detection and HRF estimation
tools. For instance, the efficiency of the movement cor-
rection algorithms should be evaluated in parallel EVI
since the mask could hinder the estimation of move-
ment parameters. Moreover, SNR could be further im-
proved by a more efficient correction of the physiologi-
cal artifacts. Besides, at such a high scanning rate,
serial correlation of the noise becomes important and
the first-order autoregression model used in SPM2 may
not correct efficiently for it (39). Finally, these data will
also benefit from more sophisticated estimation tools,
incorporating physiological and regional a priori infor-
mation (2) or performing joint detection and estimation
of cerebral responses (40).

In conclusion, parallel EVI was implemented and
successfully applied to the detection of brain activa-
tions. Combining FOV reduction and 2D parallel accel-
eration with a reduction factor of 4, 3D single-shot
acquisition of a nearly isotropic brain volume could be
performed at 1.5T, using a very high scanning rate.
Moreover, distortions and signal losses were kept low

Rabrait et al.

since the ETD was similar to the ones used in EPI
acquisitions. Tikhonov regularization of parallel recon-
struction was applied to improve activation detection
and its impact on the sensitivity to the BOLD contrast
was studied. Finally, detection of brain activations was
demonstrated in a slow event-related auditory para-
digm and high temporal resolution, single voxel, hemo-
dynamic response functions were recovered. Combined
with advanced estimation tools, parallel EVI should
prove useful to measure neural activity timing differ-
ences or study the nonlinearities and nonstationarities
of the BOLD response.
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