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diagnostic différentiel des pathologies neuropsychiatriques

État des lieux, enjeux et applications

Thèse présentée et soutenue à Besançon, le 7 décembre 2020
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Résumé :
Les difficultés diagnostiques sont fréquentes dans les
disciplines neurologiques et psychiatriques, où les
cliniciens manquent de marqueurs physiologiques pour
caractériser certaines maladies, en particulier dans leurs
formes débutantes. Depuis quelques années, le recours
à l’électroencéphalographie et plus spécifiquement
haute résolution (EEG-HR) devient plus courant
dans l’exploration clinique des pathologies cérébrales,
telles que la dépression, le coma ou les maladies
neurodégénératives comme la maladie d’Alzheimer.
L’activité cérébrale est aisément enregistrée avec l’EEG,
et l’identification de cette activité permet d’isoler les
zones du cerveau et le décours temporel déclenché
par des stimuli spécifiques. L’analyse du signal EEG,
et donc son traitement, reste relativement complexe
en raison d’un faible rapport signal sur bruit. Dans les
études conventionnelles, ces problèmes sont surmontés
en faisant la moyenne d’un grand nombre d’essais
chez des individus différents. Toutefois, ces méthodes
sont difficiles à transposer à une approche clinique
où un seul sujet doit être examiné, du fait d’une
forte variabilité inter-individuelle. Ce constat appelle le
développement d’approches plus robustes pour pallier
un rapport signal sur bruit extrêmement défavorable. Les
méthodes d’apprentissage automatique, en particulier
les Machines à Vecteurs de Support (SVM) ont la

capacité de distinguer des événements EEG qui sont
difficilement, voire non distinguables, avec les techniques
conventionnelles. Elles offrent dès lors la possibilité de
passer de résultats statistiques au niveau du groupe à un
résultat personnalisé et par conséquent à un diagnostic
donné. Nous proposons dans ce travail de thèse une
exploration de la meilleure façon d’extraire les informations
pertinentes des enregistrements EEG. Dans un premier
temps, nous présentons une revue systématique de
la littérature concernant l’application du SVM à l’EEG.
Nous mettons en évidence la nécessité d’explorer
l’ensemble des paramètres du SVM et d’extraction
des caractéristiques du signal pour une performance
optimale et reproductible. Nous établissons ensuite si
les neuromarqueurs de l’apprentissage de nouvelles
chansons sont affectés ou non par l’appréciation musicale
via une analyse de groupe, dans le cadre du diagnostic
différentiel dépression et maladie d’Alzheimer. Puis nous
appliquons le SVM à nos données pour construire des
modèles de classification individuels, et nous étudions
l’influence de l’optimisation des hyperparamètres. Enfin,
nous examinons la fiabilité d’un algorithme génétique
pour optimiser l’extraction des caractéristiques avant une
classification SVM, pour le diagnostic différentiel des états
de conscience pathologiques.

Title: Électroencéphalographie et machines à vecteurs de support dans le diagnostic différentiel des pathologies
neuropsychiatriques
Keywords: SVM, EEG, Music, Alzheimer, Depression, Coma

Abstract:
Diagnostic difficulties are common in neurological and
psychiatric disciplines, where clinicians lack physiological
markers to characterise some diseases, especially
in their early forms. In recent years, the use of
electroencephalography and more specifically high
resolution (EEG-HR) has become more common in
the clinical exploration of brain pathologies such as
depression, coma or neurodegenerative diseases such
as Alzheimer’s disease. Brain activity is easily recorded
with the EEG, and the identification of this activity makes
it possible to single out areas of the brain and the time
course triggered by specific stimuli. The analysis of
the EEG signal, and therefore its processing, remains
relatively complex due to a low signal-to-noise ratio. In
conventional studies, these problems are overcome by
averaging a large number of trials in different individuals.
However, these methods are difficult to transpose to
a clinical approach where only one subject has to be
examined, due to a high inter-individual variability. This
observation calls for the development of more robust
approaches to overcome an extremely unfavourable
signal-to-noise ratio. Machine learning methods, in

particular Support Vector Machines (SVMs), have the
ability to distinguish EEG events that are difficult or even
impossible to distinguish with conventional techniques.
They thus offer the possibility to go from statistical results
at group level to a personalised result and consequently
to a given diagnosis. In this thesis work we propose an
exploration of how best to extract relevant information
from EEG recordings. As a preliminary step, we present a
systematic review of the literature regarding the application
of SVM to the EEG. We highlight the necessity to explore
the full range of SVM parameters and to extract signal
characteristics for optimal and reproducible performance.
We then establish whether the neuromarkers of new song
learning are affected or not by music liking through group
analysis, as part of the differential diagnosis of depression
and Alzheimer’s disease. We then apply SVM to our
data to construct individual classification models, and
we study the influence of hyperparameters optimisation.
Finally, we examine the reliability of a genetic algorithm to
optimise features extraction prior to SVM classification,
for the differential diagnosis of pathological states of
consciousness.



“... tandis que l’individu pris isolément est un puzzle insoluble, il devient, au sein d’une
masse, une certitude mathématique. Par exemple, vous ne pouvez jamais prédire ce

que fera tel ou tel, mais vous pouvez prévoir comment se comportera un groupe.
Les individus varient, mais la moyenne reste constante.

Ainsi parle le statisticien.”

Sir Arthur Conan Doyle, Sherlock Holmes : Le Signe Des Quatre

“Pour inspecter notre propre cerveau, nous n’avons que nos propres cerveaux.”

Gordon Rattray Taylor, Le cerveau et ses mystères

“Le silence est nécessaire à la musique mais ne fait pas partie de la musique.
Elle s’appuie dessus.”

Robert Bresson, Notes sur le cinématographe

“Vous n’avez pas besoin d’un cerveau pour écouter de la musique.”

Luciano Pavarotti
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Mes remerciements les plus chaleureux vont à la Dr Lyudmila Grigoryeva, pour m’avoir
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véritable source d’inspiration.
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pour les excellents moments passés avec eux, au musée, au jardin botanique, au collège,
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Courson, Alan Menken, Meshuggah, Tori Kelly et autres John Denver, pour n’en citer que
quelques uns.
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regard sur le monde, vos réflexions et votre soutien comptent énormément pour moi.
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3.3 Étape 2 : Acquisition des données d’apprentissage et de tests . . . . . . . 36
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3.6.2.2 Résumé de l’étude . . . . . . . . . . . . . . . . . . . . . . . 44

3.6.2.3 Données utilisées . . . . . . . . . . . . . . . . . . . . . . . 46

3.6.2.4 Traitement EEG . . . . . . . . . . . . . . . . . . . . . . . . 48
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4.2.2 Matériel et méthodes . . . . . . . . . . . . . . . . . . . . . . . . . . 64



SOMMAIRE ix

4.2.3 Résultats et discussion . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.3 Neural signature of musical preference during silence . . . . . . . . . . . . 65

4.3.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.3.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.3.3.1 Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.3.3.2 Experimental design . . . . . . . . . . . . . . . . . . . . . . 68

4.3.3.3 Data acquisition and analysis . . . . . . . . . . . . . . . . . 68

4.3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.3.4.1 Behavioral analysis . . . . . . . . . . . . . . . . . . . . . . 70

4.3.4.2 Time frequency responses . . . . . . . . . . . . . . . . . . 70

4.3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.3.5.1 Electrophysiological correlates of liking . . . . . . . . . . . 72

4.3.5.2 Neural sources of EEG activity . . . . . . . . . . . . . . . . 73

4.3.5.3 Relationship between liking, exposure, and familiarity . . . 74

4.3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
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7.2 Quelques considérations sur l’IA en médecine . . . . . . . . . . . . . . . . 133

7.2.1 Vers une analyse des données plus performante et reproductible . . 133

7.2.2 Des discours alarmistes dans les médias, mais finalement peu fondés134
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par apprentissage machine. Musique et cerveau, soigner au diapason. (Rouen,
France) (communication orale)

— Joucla, Coralie, Gabriel D., Grigoryeva L., Ortega J-P., Haffen E. (2019). Support
Vector Machines applied to EEG : a reliable pipeline for tough problems. Work-
shop on Dynamical Systems and Brain-Inspired Information Processing (Konstanz,
Germany). (poster)

— Joucla, Coralie, Nicolier M., Giustiniani J., Noiret N., Monnin J., Magnin E., Pazart
L., Moulin T., Haffen E., Vandel P., Gabriel D. (2019). Neural signature of musical
preference during spontaneous auditory imagery. NeuroFrance 2019 (Marseille
France). (poster)

— Joucla, Coralie, Nicolier M., Giustiniani J., Noiret N., Monnin J., Magnin E., Pa-
zart L., Moulin T., Haffen E., Vandel P., Gabriel D. (2018). Signature neurale de
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INTRODUCTION GÉNÉRALE

Les difficultés diagnostiques sont fréquentes en médecine, en particulier dans les dis-
ciplines neurologiques et psychiatriques, où les cliniciens manquent de marqueurs
physiologiques pour caractériser certaines maladies, en particulier dans leurs formes
débutantes.

Depuis quelques années, le recours à l’électroencéphalographie (EEG) et plus
spécifiquement haute résolution (EEG-HR) devient plus courant dans l’exploration cli-
nique des pathologies cérébrales, telles que la dépression, le coma ou les maladies
neurodégénératives comme la maladie d’Alzheimer. L’activité cérébrale est facilement
enregistrée avec l’EEG, et l’identification de cette activité permet d’isoler les zones du
cerveau et le décours temporel déclenché par des stimuli spécifiques. Cependant, l’ana-
lyse du signal EEG, et donc son traitement est relativement complexe en raison de mul-
tiples parasites : “bruits de fonds”, mouvements oculaires, etc... et d’une forte variabilité
inter-individuelle.

Dans les études conventionnelles, ces problèmes sont le plus souvent surmontés en
faisant la moyenne d’un grand nombre d’essais chez des individus différents. L’activité
aléatoire disparaı̂t alors que l’activité d’intérêt émerge. Toutefois, ces méthodes sont diffi-
ciles à transposer à une approche clinique où un seul sujet doit être examiné : ce constat
appelle le développement d’approches plus robustes pour pallier un rapport signal sur
bruit extrêmement défavorable.

Récemment, les méthodes d’apprentissage automatique basées sur les mesures EEG,
en particulier les Machines à Vecteurs de Support (SVM) ont gagné en popularité dans
le domaine médical. Le SVM a la capacité de distinguer des événements qui sont diffi-
cilement, voire non distinguables, avec les techniques conventionnelles, avec dès lors la
possibilité de passer de résultats statistiques au niveau du groupe à un résultat person-
nalisé et par voie de conséquence à un diagnostic donné.

Cependant, l’application de l’apprentissage automatique aux données EEG est difficile,
en raison du faible rapport signal / bruit et de la grande variabilité inter-individuelle. Nous
proposons dans ce travail de thèse une exploration de la meilleure façon d’extraire les
informations pertinentes des enregistrements EEG.

Objectifs de la thèse

Ce travail de thèse se développe dans une logique d’amélioration des outils de diagnos-
tic différentiel des pathologies neuro-psychiatriques. Les limites des méthodes actuelles
d’investigation clinique, qui ne sont pas satisfaisantes pour les praticiens, mettent en
avant le besoin de recourir à des techniques de mesure directe de l’activité cérébrale,
telles que l’électroencéphalographie. Les limites de cette méthode de neuroimagerie
dans l’exploration des fonctions cognitives de haut niveau, notamment le faible ratio signal
sur bruit, restreignent son utilisation à des groupes de sujets, la rendant plus adaptée à
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2 INTRODUCTION GÉNÉRALE

la recherche fondamentale qu’au diagnostic. Il existe donc un besoin de s’orienter vers
un niveau d’analyse individuelle de l’EEG, en complément aux stratégies actuelles.

Les objectifs de ce travail s’inscrivent donc dans une démarche exploratoire :

— Le premier objectif est de transposer les méthodes de machine learning connues,
en particulier le SVM, au traitement du signal EEG. La performance de ces
méthodes de traitement du signal sera évaluée sur sujets sains afin de définir si
elles permettent un niveau individuel d’analyse des données.

— Le second objectif est d’évaluer dans quelles mesures ces nouvelles méthodes
permettent la catégorisation des patients par rapport aux méthodes traditionnelles
pour le diagnostic différentiel.

— Un objectif additionnel est la capitalisation des nouveaux savoir-faire acquis, au sein
du laboratoire. Bien que des collaborations avec le laboratoire de mathématiques
de Besançon aient eu lieu précédemment, ce travail constitue l’incorporation de
nouvelles compétences en mathématiques appliquées au sein du laboratoire de
neurosciences.

Ce manuscrit comporte quatre parties, la première constitue notre état de l’art, les deux
suivantes correspondent aux deux axes cliniques de notre recherche, et enfin, nous dis-
cuterons et conclurons sur ce travail dans la dernière partie.

Partie 1 : Introduction

Cette partie inclut trois chapitres. Le premier chapitre établit le contexte médical dans
lequel s’inscrivent nos travaux. Nous y décrivons les pathologies dont le diagnostic
différentiel nous intéresse, à savoir la maladie d’Alzheimer et la dépression, qui forment
notre premier axe de recherche clinique, et les états de conscience pathologiques dans
un second axe.

Le chapitre 2 introduit l’électroencéphalographie haute résolution comme méthode de
neuroimagerie. Après un rappel historique, nous en présentons les grands principes et
les techniques de traitement du signal associées. Un intérêt sera porté aux limitations
actuelles de ces méthodes d’analyse et à leur impact sur les investigations cliniques.

Le chapitre 3 présente l’apprentissage machine comme une solution potentielle à ces
limites. Nous y exposons les algorithmes les plus couramment utilisés, et nous nous
attardons plus spécifiquement sur le Support Vector Machine, qui a retenu notre attention.
Nous détaillons le fonctionnement de cette méthode et son implémentation, ainsi que les
contraintes associées. Enfin, nous concluons ce chapitre et cette partie par une revue
systématique de la littérature concernant l’application du SVM à l’EEG.

Partie 2 : Dépression et maladie d’Alzheimer : le projet Rihanna

Cette partie comporte deux chapitres, tous deux en lien avec notre premier axe clinique :
le diagnostic différentiel Alzheimer/dépression. La prévalence de ces deux pathologies,
qui touchent fortement la population âgée, est en constante augmentation, mais des
symptômes communs, en particulier au niveau des fonctions mnésiques, rendent difficile
leur discrimination. Dans ce contexte, un protocole d’imagerie cérébrale en EEG-HR a été
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validé sur volontaires sains au Centre d’Investigation Clinique de Besançon afin de me-
surer automatiquement des marqueurs neuronaux de l’apprentissage et de la mémoire
musicale. Toutefois, la musique est un stimulus pouvant véhiculer de fortes émotions, et
il a été établi que l’appréciation ressentie vis-à-vis d’une information est un paramètre
facilitateur de l’ancrage en mémoire, ce qui est aimé étant stocké plus rapidement et plus
durablement.

Dans le chapitre 4, nous cherchons à savoir si les neuromarqueurs de l’apprentis-
sage sont affectés ou non par l’appréciation musicale chez des sujets sains. Plusieurs
mécanismes neuronaux liés à l’appréciation ont été mis en évidence, différents de ceux
mis en jeu dans la mémoire. Une réponse neuronale transitoire avec une amplitude mo-
dulée par l’appréciation musicale a été constatée.

Dans le chapitre 5, nous nous appliquons à explorer les possibilités offertes par le ma-
chine learning dans la classification automatique de l’activité cérébrale liée à l’imagerie
musicale de chansons connues et inconnues chez des sujets sains. Nous examinons en
détail les mécanismes et paramètres du SVM pouvant affecter la performance de classi-
fication, outre les données elles-même.

Partie 3 : États de conscience pathologiques : le projet Cométique

Cette partie comporte un unique chapitre, portant sur le diagnostic des différents états
de conscience pathologiques, caractérisés par la perte des fonctions de relation. Le
questionnement autour de l’état de conscience résiduel des patients est au centre des
préoccupations des soignants et des familles, posant la question du prolongement de la
vie dans ces conditions et de l’adaptation de la prise en charge médicale de la personne.
Étant donné que l’absence de réactions comportementales ne peut être considérée
comme la preuve absolue d’une incapacité à comprendre et à vouloir communiquer,
nous cherchons donc à explorer directement l’activité neuronale spécifique à certains
mécanismes cognitifs, afin de tenter d’établir un pronostic de réveil fiable.

Dans le chapitre 6, l’objectif est d’évaluer la capacité de traitement pré-sémantique du
sujet. Le paradigme utilisé repose sur l’utilisation de 120 quatuors de mots. Les trois
premiers mots sont congruents et définissent un contexte sémantique, le quatrième étant
ou non congruent à ce contexte. En sus d’une analyse traditionnelle des résultats obtenus
sur le groupe de sujets sains, nous appliquons le SVM aux données sujet par sujet. Nous
optimisons l’extraction des caractéristiques du signal pour la classification à l’aide d’un
algorithme génétique.

Partie 4 : Discussion générale et conclusion

Dans cette partie, nous discutons et concluons sur l’ensemble des travaux présentés
dans ce manuscrit de thèse. Des perspectives de poursuite de nos recherches sont en-
suite proposées. Pour terminer, nous réfléchissons sur la place du machine learning et
de l’intelligence artificielle d’une manière plus générale dans la médecine.
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1
CONTEXTE MÉDICAL : DIAGNOSTIC

DIFFÉRENTIEL EN NEUROPSYCHIATRIE

Les difficultés diagnostiques sont fréquentes en médecine, et ce quel que soit le domaine
médical concerné. Cependant, dans certains champs disciplinaires, cette difficulté est
exacerbée, en raison de l’absence de critères diagnostiques robustes, de marqueurs bio-
logiques ou physiologiques pathognomoniques, et en raison des intrications fréquentes
de plusieurs pathologies, souvent comorbides. Et c’est ce que l’on observe classiquement
en psychiatrie et en neurologie : des pathologies frontières, évolutives, pour lesquelles
parfois seule l’épreuve du temps aidera à faire la part des choses.

Or le temps est un facteur crucial pour la limitation des risques évolutifs et la mise en place
de stratégies thérapeutiques efficientes dès les premiers stades des maladies. Ainsi, de
plus en plus, les cliniciens, tant neurologues que psychiatres, questionnent les neuros-
ciences cliniques afin de trouver des outils pertinents pour répondre à ces impératifs. La
neuroimagerie est l’un de ces outils qui grâce à l’exploration non invasive et en temps
réel du fonctionnement du cerveau pourrait à terme apporter des réponses.

1.1/ DIAGNOSTIC DIFFÉRENTIEL MALADIE D’ALZHEIMER ET

DÉPRESSION

1.1.1/ TABLEAUX CLINIQUES

Alzheimer

La maladie d’Alzheimer est la forme de démence la plus fréquente chez la popula-
tion âgée. Plus de 900 000 personnes sont atteintes par cette maladie en France, qui
concerne, en plus des malades, plus de trois millions de personnes (patients et aidants) 1

[1].

Le terme “démence” fait référence à un ensemble de troubles cognitifs résultant de l’en-
dommagement ou de la mort de cellules cérébrales (Tableau 1.1). Par définition, elle
provoque un déclin d’au minimum deux de ces quatre fonctions cognitives essentielles :
mémoire, capacité langagière, capacité de planification et de jugement, et capacité de
traitement des informations visuelles. Le terme démence n’est utilisé que lorsque le déclin

1. Fondation Alzheimer : https://alzheimer-recherche.org/la-maladie-alzheimer/quest-maladie-
dalzheimer/definition-et-chiffres/
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est suffisamment sévère pour avoir un impact sur la vie quotidienne.

Identifiée en 1907 par le psychiatre et neuropathologiste Aloı̈s Alzheimer (1864-1915),
les plaques amyloı̈des et les dégénérescences neurofibrillaires sont les marqueurs ca-
ractéristiques de la pathologie éponyme. Ces lésions furent pour la première fois décrites
lors de la dissection du cerveau d’une patiente présentant des troubles de la mémoire,
une désorientation et des hallucinations. Toutefois, celles-ci n’étant identifiables qu’à l’au-
topsie, le diagnostic de la maladie d’Alzheimer reste pour l’heure un diagnostic d’exclu-
sion.

Critères diagnostiques DSM-IV-TR de la démence de type Alzheimer 

A. Apparition de déficits cognitifs multiples comme en témoignent à la fois : 
1. Altération de la mémoire (altération de la capacité à apprendre des informations 

nouvelles ou se rappeler les informations apprises ultérieurement) 
2. Une ou plusieurs des perturbations cognitives suivantes : 

• Aphasie (perturbation du langage) 
• Apraxie (altération de la capacité à réaliser une activité motrice malgré des 

fonctions motrices intactes) 
• Agnosie (impossibilité à reconnaître ou identifier des objets malgré des 

fonctions sensorielles préservées) 
• Perturbation des fonctions exécutives (faire des projets, organiser, ordonner 

dans le temps, avoir une pensée abstraite) 
B. Les déficits cognitifs sont à l’origine d’une altération significative du 

fonctionnement social ou professionnel et représentent un déclin significatif par 
rapport au niveau de fonctionnement antérieur 

C. L’évolution est caractérisée par un début progressif et un déclin cognitif continu 
D. Les déficits cognitifs des critères A1 et A2 ne sont pas dus à : 

1. D’autres affections du SNC qui peuvent entraîner des déficits progressifs de 
la mémoire et du fonctionnement cognitif (ex : maladie cérébro-vasculaire, 
hématome sous-dural…) 

2. Des affections générales pouvant entraîner une démence (ex : hypothyroïdie, 
carence en vitamine B12…) 

3. Des affections induites par une substance 
E. Les déficits ne surviennent pas de façon exclusive au cours de l’évolution d’un 

delirium 
F. La perturbation n’est pas mieux expliquée par un trouble de l’axe I (ex : 

schizophrénie, épisode dépressif majeur…) 
 

Tableau 1.1 – Critères diagnostiques de la démence de type Alzheimer. Le début de la
démence Alzheimer implique un déclin cognitif progressif et continu. Son diagnostic est
un diagnostic d’exclusion. Tableau tiré du Manuel diagnostique et statistique des troubles
mentaux IV (texte révisé) [2].

En stade précoce, l’hippocampe (Figure 1.1) et le cortex entorhinal sont les premières
régions lésées. Intégrées au système limbique, dans la face interne du lobe temporal
médian, ces deux structures fonctionnent en tandem dans les processus de souvenir et
d’apprentissage : les stimuli à destination de l’hippocampe passent par l’encodage du
cortex entorhinal via la voie perforante. Celui-ci agit donc comme une véritable interface
entre le néocortex ainsi que différents noyaux sous-corticaux et l’hippocampe, permettant
l’intégration des stimuli dans la mémoire à court terme et la consolidation de la mémoire



1.1. DIAGNOSTIC DIFFÉRENTIEL MALADIE D’ALZHEIMER ET DÉPRESSION 9

à long terme [3, 4].

Des lésions de ce couple entraı̂nent un déficit d’encodage des informations nouvelles en
mémoire déclarative et épisodique, se manifestant par un déficit dans l’apprentissage,
les fonctions exécutives et dans l’orientation spatio-temporelle [5]. Cependant, attribuer à
l’hippocampe un rôle privilégié et unique dans la mémoire épisodique et autobiographique
ne suppose pas que le souvenir y soit stocké dans son intégralité. L’activation des circuits
para-hippocampiques joue un rôle déterminant dans le codage et la consolidation des
épisodes vécus.

Cette consolidation concerne l’ensemble du circuit [mémoire sémantique, mémoire
de travail, métamémoire, mémoire à long terme], si bien que des régions extra-
hippocampiques pourront porter des marques plus fortes à long terme, comme si la trace
des événements avait migré [6, 7].

Ainsi, l’oubli à mesure des patients à lésion hippocampique peut s’accompagner d’une
forme limitée d’amnésie rétrograde qui empêche l’accès aux souvenirs constitués
quelques mois avant le début du processus pathologique affectant l’hippocampe.

Ce phénomène, selon lequel les souvenirs plus anciens restent accessibles, exprime
alors le fait que les connaissances acquises pendant cette période récente n’ont pas été
suffisamment consolidés pour pouvoir être réactivées sur sollicitation directe, sans une
contribution de l’hippocampe qui les assemblerait dans un registre actif [8, 9].

Les principales zones cérébrales associées à l’hippocampe et touchées par la neu-
rodégénérescence sont les suivantes :

— Le néocortex, la couche la plus externe du cortex, représentant 90% de celui-ci
et 76% du cerveau, est particulièrement touché. Il est divisé selon les sutures
crâniales en lobes frontaux, pariétaux, temporaux et occipitaux, recouvrant cha-
cun un ensemble de fonctions cérébrales dédiées aux processus cognitifs les plus
sophistiqués. Tandis que les aires plus internes du cortex resteront relativement in-
tactes, préservant l’activité sensorielle, la dégénérescence du néocortex entraı̂nera
à mesure un déclin, des changements de fonctionnement de personnalité. La pro-
gression de la destruction neuronale dans le cortex associatif temporo-pariéto-
frontal, entraı̂nera à mesure des troubles du langage, une désorientation dans le
temps et l’espace, un affaiblissement du jugement, des changements d’humeur et
de comportement – tels qu’une agressivité, un repli sur soi –, une dégradation de
la mémoire sémantique, et enfin une démence [2, 10, 11].

— L’amygdale, située dans la région antéro-interne du lobe temporal, en avant de l’hip-
pocampe (Figure 1.1), est un noyau pair impliqué dans l’évaluation de la valence
émotionnelle des stimuli, notamment dans les réponses à la peur ou à l’anxiété. Elle
fonctionne en coordination avec l’hippocampe et le cortex entorhinal lors de la mise
en mémoire d’événements à forte connotation émotionnelle : l’amygdale va non
seulement renforcer l’encodage [12], mais aussi moduler la consolidation des sou-
venirs épisodiques [13]. En effet, après avoir été encodée, la trace mnésique doit
être consolidée pour ne pas disparaı̂tre, et l’amygdale va permettre une rétention
plus forte et plus durable des souvenirs émotionnellement chargés, par rapport aux
souvenirs d’événements neutres. La détérioration de cette structure cérébrale, et
la dégradation de sa qualité d’interaction avec l’hippocampe vont donc conduire à
une perte de la capacité à apprécier la signification émotionnelle d’une nouvelle
expérience, et participer au phénomène d’amnésie antérograde observé chez les
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patients atteints de la maladie d’Alzheimer.

— Trois noyaux présents dans la formation réticulée sont également impliqués :

• Le noyau basal de Meynert, associé aux stimuli activateurs, tant positifs
que négatifs [14], est également impliqué dans le maintien de l’attention
[15], l’apprentissage et le rappel dans la mémoire à long terme [16]. Sa
dégénérescence semble étroitement liée à l’apparition des symptômes de
démence [17].

• Le Locus Coeruleus, lié à de nombreuses fonctions différentes de par ses
projections exhaustives, a une influence sur les rythmes circadiens, l’attention
et la mémoire, le comportement et les émotions [18]. La destruction de ce
noyau – jusqu’à 80% [19] – a été associée à une accélération de la progression
de la pathologie dans des modèles murins [20, 21].

• Le noyau du Raphé participe à la régulation de l’humeur de part sa très forte
proportion en neurones sérotoninergiques [22]. La dégénérescence de cette
entité cérébrale participe aux troubles de l’humeur constatés dans la maladie
d’Alzheimer.

FIGURE 1.1 – En bleu, l’amygdale fonctionne en lien avec l’hippocampe et le cortex en-
torhinal lors de la mise en mémoire d’événements à connotation émotionnelle. Elle est
impliquée tant dans la maladie d’Alzheimer que dans la dépression. En orange, l’hip-
pocampe est la première région lésée lors de la neurodégénérescence induite par la
maladie d’Alzheimer. Image générée à partir d’Anatomography, site web administré par
Life Science Databases. https://lifesciencedb.jp/bp3d/#

Dépression

La dépression est un trouble de l’humeur qui se distingue par une tristesse pathologique,
une perte d’intérêt et du plaisir (ou anhédonie), un ralentissement psychomoteur et des
troubles somatiques, en particulier des fonctions instinctuelles (sommeil, alimentation,
etc...), et des troubles cognitifs (Tableau 1.2) [2].

https://lifesciencedb.jp/bp3d/#
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Il s’agit de l’affection la plus communément observée chez le sujet âgé. Il est en effet
estimé que 10 à 45% des adultes de plus de 65 ans souffrent de ce trouble majeur de
l’humeur [23]. Bien qu’ils soient très fréquents chez le sujet âgé, les troubles dépressifs
restent souvent méconnus (60% à 70% des sujets dépressifs), et ne sont que peu traités.
En avril 2017, la dépression a été annoncée comme étant devenue la première cause
d’invalidité liée à la santé par l’Organisation Mondiale de la Santé. On estime que plus de
322 millions de personnes souffrent de dépression, soit 4,4% de la population mondiale
[24].

La dépression entraı̂ne une altération importante du fonctionnement quotidien. Le
fonctionnement social diminue en corrélation avec l’augmentation de la gravité de la
dépression. En général, on a constaté que la dépression augmentait le risque de handi-
cap social de 23 fois par rapport à la population générale.

Elle est caractérisée par des difficultés au niveau du mécanisme de rappel des infor-
mations mais pas de l’encodage. Ce mécanisme est altéré tant pour le passé ancien
que récent, en particulier lorsque la restitution nécessite une recherche active. En outre,
a été observée la survenue de souvenirs intrusifs de valence négative, tandis que le
rappel d’événements positifs spécifiques est altéré au profit de souvenirs non spécifiques
répétés présentant un contenu émotionnel moins riche (phénomène de surgénéralisation)
[25] : en réponse à un mot-indice, les patients déprimés produisent moins de souvenirs
spécifiques, c’est-à-dire se rapportant à un événement survenu une seule fois et ayant
duré moins d’une journée. Le rappel autobiographique des patients déprimés s’explique
surtout par un excès de souvenirs catégoriels, c’est à dire se référant à des événements
survenus plus d’une fois. Cette surgénéralisation est associée à un moins bon pronostic
à court terme de l’épisode dépressif, notamment chez les patients les plus âgés.

Les souvenirs intrusifs sont caractérisés par leur rappel involontaire, rapide, sans effort
cognitif et sans lien avec le contexte. Jusqu’à 85% des patients déprimés rapportent
des souvenirs intrusifs. En général liés à des événements de vie négatifs, il s’agit de
souvenirs incontrôlables, détaillés et associés à un sentiment de reviviscence. Par rapport
aux souvenirs intrusifs des sujets sains, ils sont généralement plus vivaces, associés à
une détresse émotionnelle plus intense et engendrent davantage d’interférences.

L’état dépressif est susceptible d’entraı̂ner l’apparition de modifications neurocognitives,
telles que des baisses de performances touchant l’attention, les fonctions exécutives et la
mémoire de rappel [26–29]. Le déficit cognitif peut atteindre une intensité telle qu’il peut
remplir les critères diagnostiques d’un état démentiel [30] même si, le plus souvent, le
déficit observé dans la maladie d’Alzheimer semble plus important [24].

L’hippocampe joue un rôle essentiel dans la formation de la mémoire, en tant que par-
tie du circuit impliqué dans le traitement de l’information et la création de souvenirs
émotionnels et déclaratifs. Le volume de l’hippocampe est diminué chez les patients
souffrant de dépression, en particulier en cas d’épisodes récurrents ou chroniques ou
d’antécédents de traumatismes. La neurogenèse altérée a été invoquée pour expliquer
cette constatation, car l’augmentation de la sécrétion de glucocorticoı̈des due à un stress
prolongé est particulièrement neurotoxique pour les neurones de l’hippocampe.

Dans la dépression, le dysfonctionnement du réseau impliquant ces circuits limbiques -
corticaux - avec une sous-activité dans les régions corticales (cortex préfrontal dorso-
latéral, cortex cingulaire antérieur dorsal) et une suractivité dans le limbique (amygdale,
hippocampe, nucleus accumbens), paralimbique (cortex cingulaire antérieur ventral, cor-
tex préfrontal ventromédial) et les régions corticales intégratives - sont supposées en-
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Critères diagnostiques de l’épisode dépressif majeur selon le DSM-IV-TR 

A. Au moins cinq des symptômes suivants doivent être présents durant une période de 2 
semaines minimum et avoir représenté un changement par rapport au fonctionnement 
antérieur. Au moins un des symptômes est soit une humeur dépressive soit une perte 
d’intérêt ou de plaisir. 

1. Humeur dépressive présente pratiquement toute la journée, presque tous les jours, 
signalée par le sujet (ex : pleure). N.B. : Eventuellement irritabilité 

2. Diminution marquée de l’intérêt ou du plaisir pour toutes ou presque toutes les activités, 
pratiquement toute la journée, presque tous les jours (signalée par le sujet ou observée 
par les autres). 

3. Perte ou gain de poids significatif en l’absence de régime (ex : modification du poids 
corporel en un mois excédant 5%), diminution ou augmentation de l’appétit presque tous 
les jours. N.B. : Chez l’enfant, prendre en compte l’absence de l’augmentation de poids 
attendue. 

4. Insomnie ou hypersomnie presque tous les jours. 
5. Agitation ou ralentissement psychomoteur presque tous les jours (constaté par les autres, 

non limité à un sentiment subjectif de fébrilité ou de ralentissement intérieur). 
6. Fatigue ou perte d’énergie presque tous les jours. 
7. Sentiment de dévalorisation ou de culpabilité excessive ou inappropriée (qui peut être 

délirante) presque tous les jours (pas seulement se faire grief ou se sentir coupable d’être 
malade). 

8. Diminution de l’aptitude à penser ou à se concentrer ou indécision presque tous les jours 
(signalée par le sujet ou observée par les autres). 

9. Pensées de mort récurrentes (pas seulement une peur de mourir), idées suicidaires 
récurrentes sans plan précis ou tentative de suicide ou plan précis pour se suicider. 

B. Les symptômes ne répondent pas aux critères d’épisode mixte. 
C. Les symptômes induisent une souffrance cliniquement significative ou une altération de 

fonctionnement social, professionnel ou dans d’autres domaines importants. 
D. Les symptômes ne sont pas imputables aux effets physiologiques directs d’une substance 

(ex : une substance donnant lieu à abus, un médicament) ou d’une affection générale (ex : 
hypothyroïdie). 

E. Les symptômes ne sont pas mieux expliqués par un Deuil. 
 

Tableau 1.2 – Critères diagnostiques de l’épisode dépressif majeur. La caractéristique
principale de l’épisode dépressif est une humeur dépressive ou une perte d’intérêt ou de
plaisir pour presque toutes les activités pendant au oins deux semaines. Tableau tiré du
Manuel diagnostique et statistique des troubles mentaux IV (texte révisé) [2].

traı̂ner des symptômes d’humeur et de comportement et une dysrégulation hypothala-
mique associée.

1.1.2/ DIAGNOSTIC DIFFÉRENTIEL ET DIFFICULTÉS

A l’heure actuelle, l’évaluation cognitive des patients consultant en psychiatrie repose
principalement sur l’utilisation de bilans neuropsychologiques.

Deux systèmes internationaux de classification des pathologies neuropsychiatriques,
la Classification Internationale des Maladies, de l’Organisation Mondiale de la Santé,
onzième version (CIM-11) [31] et le Manuel de Diagnostic Statistique, quatrième version
(DSM-IV-TR) [2], sont principalement réalisés pour poser un diagnostic de dépression.
Différents questionnaires issus de ces classifications permettent le dépistage, l’évaluation
de la sévérité du trouble dépressif, et le suivi de la pathologie.
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Dans le cas de la maladie d’Alzheimer, les symptômes de déficit mnésique ca-
ractéristiques apparaissent dès le stade léger de la pathologie et sont le plus souvent
identifiés par la famille ou l’entourage du patient. Le Mini Mental State Examination [32]
est l’un des tests le plus souvent utilisés pour le dépistage de la maladie d’Alzheimer. Il
permet d’évaluer l’orientation spatio-temporelle, la mémoire, l’attention, le langage et les
praxies constructives. Le score, évalué de 0 à 30, permet d’évaluer la progression de la
pathologie, un nombre élevé indiquant un stade sévère.

Néanmoins, ces bilans restent insuffisants pour poser un diagnostic dans les stades les
plus précoces [33, 34]. En effet, il existe un certain recouvrement sémiologique de ces
deux pathologies qui rend le diagnostic différentiel particulièrement délicat.

Maladie d’Alzheimer Dépression 

Lésions neurodégénérescentes Tristesse intense, longue durée  

Déficit encodage épisodique  Déficit rappel actif  

  
Symptômes communs au stade précoce 

Troubles psychocomportementaux :  Pseudo-démence :  

Apathie 
Anxiété 

Désorientation, troubles attentionnels 
Maladresse 

=> Troubles dépressifs ?  => Apraxie ?  
 

Tableau 1.3 – Difficultés dans le diagnostic différentiel maladie d’Alzheimer et dépression
chez le sujet âgé. Des symptômes de la maladie d’Alzheimer (en orange) peuvent ap-
paraı̂tre dans le tableau clinique du patient dépressif (en bleu) et réciproquement.

Chez la personne âgée, la pathologie dépressive se présente fréquemment de manière
atypique, avec des troubles cognitifs pouvant aller jusqu’à la faire apparaı̂tre comme une
“pseudo-démence”. Lors de ce phénomène, le patient présente des troubles mnésiques,
une désorientation, des troubles attentionnels et une maladresse rappelant à tort l’apraxie
[35]. Il semblerait que la dépression chez le sujet âgé puisse présenter des symptômes
différents de ceux reportés chez le jeune adulte, avec des sous-types de troubles liés au
vieillissement. Ainsi les troubles cognitifs constatés ne correspondent pas toujours à la
forme clinique de dépression décrite dans le DSM-IV-TR et dans la CIM-11 (Tableau 1.3).

La maladie d’Alzheimer, quant à elle, apparaı̂t souvent avec des troubles psycho-
comportementaux associés au syndrome amnésique hippocampique, tels que l’apathie
et une symptomatologie anxieuse et dépressive à tous les stades, faisant évoquer à tort
des troubles dépressifs [36].

En complément de l’examen neuropsychologique, un examen d’Imagerie par Résonance
Magnétique (IRM) est aussi souvent effectué dans un premier temps afin de rechercher
une altération morphologique correspondant à une pathologie identifiée et/ou de préciser
l’origine et la nature des troubles cognitifs. Cependant, ces deux examens ne permettent
pas de poser le diagnostic de maladie d’Alzheimer et/ou de dépression avec certitude.
Le traitement antidépresseur d’épreuve, où le patient reçoit un traitement antidépresseur,
reste dans certains cas le seul moyen de discriminer ces deux pathologies comorbides
[37] ; toutefois ce test présente également ses limites, car tous les patients ne répondent
pas aux antidépresseurs [38].
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Un rapport ministériel publié en France en 2000 rapporte que près de 50% des patients
testés ne pourraient être discriminés de manière certaine, et que seuls 20% des sujets
diagnostiqués recevraient une prise en charge spécifique [39]. Dans un tel contexte, la
définition de nouveaux outils de diagnostic et la recherche de neuromarqueurs permet-
tant d’affiner les bilans effectués actuellement apparaı̂t comme indispensable [40]. De
nouvelles méthodes de discrimination objectives de ces deux populations permettraient
une prise en charge adaptée du patient au plus tôt, améliorant ainsi le pronostic, puisque
l’approche thérapeutique n’est pas la même [41, 42].

1.2/ DIAGNOSTIC DIFFÉRENTIEL DES TROUBLES DE LA

CONSCIENCE

Le domaine d’étude des états de conscience altérée est apparu durant les années 1950.
En effet, l’état de la technologie médicale auparavant ne permettait pas aux patients
souffrant de graves atteintes cérébrales de survivre, en particulier lorsque les zones res-
ponsables des fonctions vitales étaient touchées. L’émergence de cette discipline rela-
tivement récente est liée à l’apparition de la respiration artificielle et au développement
des soins intensifs, qui ont permis la dissociation des fonctions cardiaques, respiratoires
et cérébrales. De nombreux patients vont ainsi voir leur vie prolongée, mais dans des
états cliniques critiques auxquels jusque-là les membres du personnel médical n’avaient
été que très peu confrontés [43]. En 2002, le nombre de patients en état prolongé de
conscience altérée en France était estimé à environ mille cinq cent, soit une prévalence
d’environ vingt-cinq cas pour un million d’habitants 2, tandis qu’il serait de quarante-six
pour un million aux Etats-Unis, et de quatorze pour un million au Royaume-Uni [44].

1.2.1/ ÉTATS DE CONSCIENCE CONSIDÉRÉS

Coma

C’est en 1966 que Plum et Posner posent pour la première fois les bases du diagnostic
d’une nouvelle entité clinique : le coma [45]. Le coma, dont l’étymologie signifie “profond
sommeil”, traduit une altération pathologique de la conscience d’une personne. Le terme
“conscience” peut désigner dans ce cas deux concepts distincts qui sont la conscience
de soi (“qui je suis”, “comment je me sens” etc...) et la conscience de son environnement
c’est-à-dire, la perception qu’a la personne du monde l’entourant. La conscience de soi
n’est pas évaluable par un observateur externe, puisque seul le sujet lui-même sait ce
qu’il ressent. L’éveil, repérable à l’ouverture spontanée des yeux, est également pris en
compte pour déterminer le niveau de conscience d’une personne.

Cet état n’est que temporaire, et peut évoluer vers différentes issues : certains patients
récupèrent très rapidement, avec ou sans séquelles, dont la gravité est variable, alors
que d’autres voient leur santé se dégrader, et leur état évoluer vers la mort cérébrale.
Enfin, la plus grande majorité des patients en coma récupèrent progressivement de la
conscience, en passant par d’autres états de conscience altérée que nous allons définir
à présent (Figure 1.2).

2. Circulaire DHOS/02/DGS/SD5D/DGAS n° 2002-288 du 3 mai 2002 relative à la création d’unités de
soins dédiées aux personnes en état végétatif chronique ou en état pauci-relationnel, https://solidarites-
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FIGURE 1.2 – Les différentes étapes de récupération. Un patient en état végétatif
(UWS) va généralement évoluer vers un état de conscience minimale (MCS), puis
éventuellement émerger de cet état vers une récupération complète ou avec séquelles
neurologiques ou psychiques. Tiré de Bruno et al. (2011). [46]

Mort cérébrale

Les progrès cliniques et technologiques et le maintien en vie de personnes en états
de conscience limités ont conduit à une caractérisation alternative de la mort, passant
d’une définition cardio-respiratoire, où l’arrêt cardiaque signifiait la mort du patient, à une
définition neuro-centrée, où la mort est à présent définie comme la perte irréversible de
tous les réflexes du tronc cérébral [47].

Dans cet état irréversible, le patient, apnéique et parfaitement aréactif, n’est gardé en
vie que par la grâce des machines qui maintiennent ses fonctions cardiaques et respira-
toires. Ce diagnostic fait l’objet d’une procédure standardisée et complexe afin de s’as-
surer de l’irréversibilité des lésions du patient. L’absence de réflexes du tronc cérébral
tels que les réflexes cornéens, pupillaires, nauséeux, de toux et oculo-vestibulaires doit
être démontrée par une batterie de tests, tandis que l’absence totale d’activité cérébrale
doit être confirmée par la réalisation de deux ÉlectroEncéphaloGrammes (EEG) à au
moins quatre heures d’intervalle. Ces tracés EEG doivent être déclarés plats par deux
médecins différents pour que le diagnostic de mort cérébrale soit validé. Un test d’apnée
est également réalisé : la ventilation artificielle est stoppée, et si la respiration ne reprend
pas spontanément, la mort cérébrale est ainsi confirmée.

sante.gouv.fr/fichiers/bo/2002/02-20/a0202031.htm
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Etat végétatif chronique/syndrome d’éveil non répondant

Dénommé “état végétatif chronique” jusqu’à il y a quelques années, le syndrome d’éveil
non répondant (Unresponsive Wakefulness Syndrome ou UWS) est l’état vers lequel
évoluent rapidement la majorité des comas. Dans ce cas, ces patients ne sont pas main-
tenus en vie artificiellement et présentent des épisodes d’ouverture spontanée des yeux,
le cycle veille-sommeil est préservé ainsi que les fonctions autonomes telles que les
fonctions cardiaques et respiratoires.

Ces patients peuvent émettre des sons, voire prononcer des mots, sans que ceux-ci ne
soient corrélés au contexte situationnel. Ils peuvent en outre avoir des comportements
particuliers tels que des rires ou des pleurs, mais sans raison apparente. Ces comporte-
ments ne sont pas volontaires et ne témoignent pas de décisions conscientes mais plutôt
d’activité réflexe. Ils ne peuvent donc pas communiquer.

Cet état peut être permanent ou évoluer à son tour vers l’état de conscience minimal.
Il est généralement admis que plus la durée de l’UWS est faible, plus les chances de
récupération sont élevées.

État de conscience minimal

Comme l’indique son nom, les patients en état de conscience minimal (Minimally
Conscious State ou MCS) possèdent un degré “minimal” de conscience. En effet, des
réponses aux stimuli environnementaux peuvent être observées de manière reproduc-
tible, contrairement à l’UWS. Des comportements de poursuite visuelle et d’obéissance
à des ordres simples, voire même de communication élémentaire, par gestes ou verba-
lement, et des manifestations émotionnelles adaptés au contexte peuvent parfois être
constatés. Le diagnostic différentiel entre l’UWS et le MCS est particulièrement crucial
en raison des décisions thérapeutiques en découlant.

Locked in syndrome

Le coma peut également parfois évoluer en “Locked-In Syndrome” (LIS), ou syndrome
d’enferment. Le patient est alors totalement conscient et éveillé, et ses fonctions cogni-
tives sont intactes, mais il souffre d’une tétraplégie et d’une anarthrie qui l’empêchent
de bouger et de parler. Les similitudes de cet état sont fortes avec l’UWS, notamment
l’incapacité à se mouvoir et l’ouverture spontanée des yeux. Le diagnostic est donc parti-
culièrement délicat à poser, et n’intervient généralement que 2 mois et demi après l’inci-
dent déclencheur de l’état. Ce sont les proches qui le plus souvent détectent en premier
les signes de conscience (dans 55% des cas), plutôt que l’équipe soignante (23% des
cas).

Il existe plusieurs catégories de LIS : généralement, les patients n’ont aucun contrôle
musculaire, mais peuvent parfois contrôler leurs mouvements oculaires, voire récupérer
certains mouvements volontaires. Dans tous les cas, ces patients sont pleinement
conscients de leur corps et de leur environnement, mais ne peuvent que difficilement
s’exprimer. De plus, le système nerveux étant intact, ils ressentent le toucher ainsi que la
douleur.

Des stratégies de communication peuvent être mises en place : les patients peuvent
apprendre à utiliser des ordinateurs contrôlés par les mouvements oculaires, détectés
par une caméra. Une récupération, même minime, des mouvements volontaires permet
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d’équiper les patients d’appareils sophistiqués afin de leur redonner le plus d’autonomie
possible. Ainsi, il est de plus en plus fréquent que des patients atteints de LIS envisagent
un retour à domicile.

Bien que le LIS ne soit pas un état de conscience altéré, puisque le sujet reste pleinement
conscient, nous avons choisi de le présenter ici, car il constitue l’une des possibles issues
du coma.

1.2.2/ ENJEUX SPÉCIFIQUES À CE DIAGNOSTIC

Emotionnels et familiaux

Avoir un proche dans en état de conscience altérée est une épreuve difficile pour la famille
et l’entourage. Tout d’abord, le diagnostic différentiel étant complexe, il est compliqué
pour les médecins de pronostiquer l’issue, favorable ou non, pour le patient, ainsi que
les éventuelles séquelles. L’incertitude et l’inquiétude sont donc très présentes chez les
proches.

D’autre part, la décision de cesser ou non les soins, décision dont les enjeux éthiques et
socio-culturels, que nous détaillerons ci-après, sont très importants, est dans la plupart
des cas prise en accord avec la famille, dans une approche centrée sur le patient : il s’agit
de prendre une décision en accord avec ce que le patient aurait souhaité [48]. Toutefois,
si dans certains cas le patient a fait part à l’écrit de ses desiderata, les soignants et
les proches se retrouvent le plus souvent à devoir deviner ses préférences. Cet “état de
fait” fait peser une très lourde charge, tant éthique qu’émotionnelle, sur les personnes
chargées de prendre cette décision.

Socioculturels

Aujourd’hui encore, le terme de “conscience” revêt de multiples facettes. Or, ce sont les
divergences dans la façon dont nous envisageons ce concept qui mène le plus sou-
vent aux controverses vis-à-vis de la prise en charge médicale des patients souffrant de
troubles de la conscience.

Les états limites de conscience ont mené à l’apparition du concept d’“acharnement
thérapeutique”, ou “obstination déraisonnable”. Ces deux termes désignent l’utilisation
de thérapies disproportionnellement lourdes par rapport à l’amélioration de l’état du
patient que l’on peut en attendre, tout en sachant que le refus de cet acharnement
peut potentiellement conduire à la mort. En France, l’interdiction de l’acharnement
thérapeutique a été introduite dans le code de la santé publique par la loi Leonetti de
2005 3, et précisée par la loi Claeys-Leonetti de 2016 4 : “lorsque [les actes médicaux
mis en œuvre] apparaissent inutiles, disproportionnés ou lorsqu’ils n’ont d’autre ef-
fet que le seul maintien artificiel de la vie, ils peuvent être suspendus ou ne pas
être entrepris, conformément à la volonté du patient et, si ce dernier est hors d’état
d’exprimer sa volonté, à l’issue d’une procédure collégiale définie par voie réglementaire”.

3. Loi n° 2005-370 du 22 avril 2005 relative aux droits des malades et à la fin de vie, JORF n°0028 du 3
février 2016, https://www.legifrance.gouv.fr/jorf/id/JORFTEXT000031970253/

4. Loi n° 2016-87 du 2 février 2016 créant de nouveaux droits en faveur des malades et des personnes en
fin de vie, JORF n°0028 du 3 février 2016, https://www.legifrance.gouv.fr/jorf/id/JORFTEXT000031970253/
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Tableau 1.4 – Taxonomie britannique des pathologies persistantes majeures de la
conscience. Traduit de Zeman (2008). [49]
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1.2.3/ DIAGNOSTIC DIFFÉRENTIEL ET DIFFICULTÉS

La difficulté de la question du non-acharnement thérapeutique réside dans la limite avec
l’euthanasie, dont l’objectif est de provoquer intentionnellement le décès d’une personne,
en principe atteint d’une maladie incurable qui lui inflige des souffrances intolérables,
particulièrement par un médecin ou sous son contrôle. Cette pratique est interdite par la
loi, contrairement à la sortie de l’obstination déraisonnable, qui, elle, a été jugée conforme
à l’intérêt du patient. Ainsi, la question du diagnostic différentiel entre les MCS et les UWS
devient critique, car c’est bien sur ce mince fil séparant le patient défini comme au moins
partiellement conscient et celui dont la récupération apparaı̂t comme impossible que la
polémique se crée, source de procédures judiciaires et de débats socio-culturels sur la
question de savoir si l‘arrêt des traitements constitue ou non une euthanasie. En France,
la situation de Vincent Lambert, par exemple, a été qualifiée d’obstination déraisonnable
par son médecin, par l’épouse du patient et par plusieurs décisions de justice, tandis que
les parents de monsieur Lambert refusaient l’arrêt des traitements, notamment en raison
de leurs convictions religieuses, entraı̂nant débats et actions en justices pendant près de
11 ans avant le décès du patient par arrêt des soins le 11 juillet 2019.

De nombreux outils d’évaluation de l’état de conscience ont été développés pour tenter de
poser le diagnostic (Tableau 1.4), mais le plus répandu d’entre eux est la Glasgow Coma
Scale, pratiqué dès l’admission du patient et durant son hospitalisation afin d’estimer
son évolution [50]. Toutefois, elle est très rapidement la cible de critiques, car si elle
comprend différentes parties (visuelle, motrice et verbale), le décompte final est obtenu
par l’addition des différents scores, lissant l’hétérogénéité observée d’un patient à l’autre
pour un même score [51], et masquant le poids relatif attribué à ces sous-parties [52].
En outre, il n’existe aucun manuel d’utilisation standardisant l’application de cet examen,
faisant reposer son efficacité en grande partie sur l’expertise et l’expérience du praticien.

Des progrès ont été faits par la suite avec notamment la Coma Recovery Scale-Revised,
outil standardisé utilisé pour établir une distinction UWS vs MCS par l’évaluation de l’éveil,
de la perception auditive et visuelle, des capacités motrices et de la capacité à communi-
quer, en les plaçant sur une échelle allant de la simple activité réflexe à l’activité cérébrale
de haut niveau [53, 54]. Malgré ces avancées, il a été démontré en 2009 qu’environ 40%
des patients classés en UWS présentaient en réalité des signes de conscience [55].

Ainsi, de nouvelles méthodes de diagnostic différentiel apparaissent comme indispen-
sables dans ces pathologies neurologiques et psychiatriques, pour une prise en charge
thérapeutique plus rapide et plus adaptée, traitant des différents enjeux médicaux,
émotionnels et sociaux.





2
L’EEG AU SERVICE DU DIAGNOSTIC

DIFFÉRENTIEL

Dans cette thèse, nous avons utilisé la technique de l’ÉlectroEncéphaloGraphie. L’EEG
constitue un outil d’évaluation diagnostique des modifications cérébrales pathologiques,
permettant de détecter des anomalies du fonctionnement cérébral. Mais il constitue
également une méthode de recherche dans le domaine des neurosciences cognitives.

Malgré l’apparition de nombreuses techniques modernes de neuro-imagerie, les avan-
tages de l’EEG continuent d’en faire une des méthodes les plus utilisées pour étudier
l’architecture des processus cognitifs. En particulier, grâce à son excellente résolution
temporelle, de l’ordre de la milliseconde, l’EEG permet de suivre le décours temporel
des processus mentaux, et d’étudier la dynamique des phénomènes cérébraux. De plus,
cette technique est entièrement non invasive, peu coûteuse, et transportable au lit du
patient.

2.1/ HISTORIQUE : DU GALVANOMÈTRE À L’EEG HAUTE

RÉSOLUTION

Richard Caton (1842-1926) fut le premier en 1875 à enregistrer l’activité électrique du
cortex, attachant des électrodes aux hémisphères d’un cerveau d’animal, et montrant que
le courant électrique pouvait changer en fonction du comportement [56]. Par l’usage d’un
galvanomètre sensible, il nota l’existence de fluctuations de l’activité cérébrale pendant
le sommeil, et l’absence de toute activité suivant la mort.

Bien plus tard, c’est Hans Berger (1873-1941), psychiatre allemand, qui publia en 1929
“Encephalogram of man” [57], montrant pour la première fois de l’EEG tel qu’on le connaı̂t
aujourd’hui. Il réalisa, le 6 juillet 1924, pendant l’opération neurochirurgicale d’un adoles-
cent de 17 ans, le premier enregistrement de l’activité électrique cérébrale sur un être
humain, directement sur la surface du cortex : il s’agissait d’un ÉlectroCorticoGramme.
Il parlera ensuite en 1929 des fluctuations de cette activité sous les termes d’ondes al-
pha et bêta, des oscillations neuronales montrant que des milliers de neurones étaient
synchronisés et pouvaient décharger ensemble et qu’ils pouvaient générer des champs
électriques détectables et mesurables par EEG. Dès 1939, les termes d’ondes alpha (au
début connues sous le nom de “rythme de Berger”) et bêta commencèrent à être utilisés
pour décrire le taux d’activité neuronale et discuter des applications dans la recherche sur
l’épilepsie. Devant les possibilités ouvertes par l’EEG dans l’étude clinique de l’épilepsie
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et du sommeil, le premier laboratoire de recherche en EEG clinique fut fondé aux Etats-
Unis dans les années 1940, tandis qu’en 1947, l’American EEG Society, devenue plus
tard American Clinical Neurophysiology Society fut créée.

À partir des années 1950, la discussion se centra sur le développement du matériel d’en-
registrement (électrodes, amplificateurs, etc...) et informatique (processeurs, mémoire,
etc...) vers une automatisation du traitement des signaux et une meilleure détection des
ondes. Une des plus grandes innovations fut le passage d’un enregistrement analogique
à digital, s’effectuant non plus à l’aide d’un rouleau de papier, mais par le moyen d’ordi-
nateurs. À présent, des logiciels procurent un environnement tout-en-un pour présenter
les stimuli, enregistrer l’activité électrique et effectuer le traitement des données ainsi
acquises. Les progrès actuels en EEG ont été possibles grâce à la diminution du coût
du calcul par ordinateur et du coût de stockage des données, permettant à la recherche
en EEG d’accéder à des projets typiques du “big data”, avec des capacités analytiques
plus rapides. Tout cela mis ensemble permit à la recherche en EEG d’avoir une base
robuste et rigoureuse pour la vague suivante de découvertes en psychophysique et en
neurosciences.

L’analyse temporelle a prédominé pendant les deux premières décennies après Berger,
jusqu’à deux avancées significatives. Tout d’abord, l’utilisation des “grandes moyennes”,
autrement nommé “moyennage d’ensemble”, i.e. la moyenne effectuée sur plusieurs
présentations du stimulus, a permis de mieux visualiser les potentiels évoqués [58].
Puis sont arrivés les personnal computer, notamment l’implémentation de la Fast Fou-
rier Transform (FFT) permettant une représentation rapide et fiable des fréquences EEG.

Par la suite, sont arrivées des études sur les motifs temps-fréquence et l’introduction
des ondelettes dans les analyses EEG [59, 60]. Des systèmes modernes d’acquisition
de données, et de nouveaux modèles d’électrodes ont permis l’enregistrement à plus
grande échelle, avec davantage de précision ; tandis que des ordinateurs de plus en plus
puissants permettent des analyses plus complexes, donnant naissance au champ des
neurosciences computationnelles.

Certains pionniers s’intéressèrent alors à l’analyse spatiale. Des filets EEG avec une
grande densité d’électrodes sont apparus avec [61–64], dans le but, au départ, d’analyser
la topographie des ondes alpha. De hautes résolutions temporelles et spectrales sont
atteintes via des études cérébrales de la transformée de Hilbert [65].

À la lecture de l’historique de ce domaine, il est aisé de constater que les percées en
traitement du signal EEG ont été effectuées principalement par des chercheurs issus
du milieu mathématique, physique ou informatique appliquant leurs connaissances aux
neurosciences. Toutefois, il est difficile de maı̂triser ces différentes disciplines, chacune
ayant sa propre façon d’approcher un problème : les biologistes ont tendance à valoriser
l’observation et les expérimentations, tandis que les physiciens raisonnent en termes de
modèles théoriques comparés aux résultats expérimentaux, et que les mathématiciens
privilégient le raisonnement logique, applicable à n’importe quel objet. Travailler dans le
domaine de l’information neurale implique de combiner ces approches et de discuter avec
des chercheurs issus d’horizons différents. Pour ce faire, il est nécessaire de connaı̂tre
les bases de ces domaines voisins et de comprendre leur façon de réfléchir.
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2.2/ GÉNÉRATEURS DE L’ACTIVITÉ ÉLECTRIQUE CAPTÉE PAR

EEG

Le cerveau humain est constitué d’environ 100 milliards de cellules nerveuses, nommées
neurones, qui maintiennent une charge électrique dans le cerveau. Les neurones par-
tagent de nombreuses caractéristiques avec les autres types de cellules, mais leur ca-
ractère électrochimique leur permet de transmettre des signaux électriques et de se
transmettre des messages sur de longues distances.

FIGURE 2.1 – Vue de profil d’un casque EEG haute résolution à 256 électrodes (HydroCel
Geodesic Sensor Net, EGI).

L’ÉlectroEncéphaloGraphie est l’enregistrement de cette activité électrique cérébrale, me-
surée comme la différence de sommation de l’activité électrique entre une électrode
de référence et une électrode d’enregistrement située en un autre point du scalp (Fi-
gure 2.1) ; tandis que l’ÉlectroEncéphaloGramme représente la transcription, sous forme
d’un tracé, des variations dans le temps des potentiels électriques recueillis sur la boı̂te
crânienne en différents points du scalp. L’activation des neurones provoque donc des
phénomènes électriques qui peuvent être enregistrés à distance. Cependant, l’EEG ne
permet de révéler qu’une petite partie de l’activité cérébrale électrique. Il est donc indis-
pensable de comprendre quelles activités l’EEG est susceptible d’examiner ou non.

L’EEG, ainsi que ses aspects liés aux événements, est essentiellement un reflet des cou-
rants extracellulaires de masse des réseaux neuronaux d’un large éventail de systèmes
cérébraux, et fournit ainsi une fenêtre non invasive particulièrement directe et intégrative
sur le fonctionnement du cerveau humain. Au cours du siècle qui a suivi la découverte
de l’EEG humain, notre compréhension neurophysiologique de l’activité électrique du cer-
veau a progressé au niveau microscopique et macroscopique et a été liée à des principes
physiques, comme le résument les manuels standards [66–69].

La présente section s’appuie sur ces textes pour décrire les générateurs d’EEG, dont
beaucoup sont applicables à des activités spontanées ou liées à des événements [70–
72]. En particulier, il est essentiel, dans le cadre de la neuroimagerie électrique, de savoir
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quels événements neuronaux sont détectables, à quel moment et à quelles échelles spa-
tiales.

2.2.1/ DIPÔLES DE COURANT ET ORGANISATION SPATIALE DES NEURONES

Les principaux générateurs de l’EEG sont des plaques étendues de matière grise, pola-
risées par une entrée synaptique synchrone, soit de manière oscillatoire, soit sous forme
d’activité évoquée transitoire, qui reflète des générateurs supplémentaires plutôt qu’une
simple réorganisation de phase des oscillations en cours [73].

Dans le cortex, de telles plaques contiennent des milliers de colonnes corticales, où de
grands neurones pyramidaux sont alignés perpendiculairement à la surface corticale, et
où les différentes couches sont caractérisées par des connexions synaptiques provenant
de structures cérébrales différentes. Les courants extracellulaires qui circulent entre les
couches de polarité différente sont accompagnés de courants intracellulaires inversés.
Les modèles qui tiennent compte des géométries cellulaires réalistes suggèrent que non
seulement les dendrites apicales mais aussi basales peuvent contribuer à l’EEG [74].

Les courants résultants sont modélisés sous forme de dipôles de courant dont la direc-
tion est donnée par l’orientation des dendrites en question : un dipôle radial (perpendicu-
laire à la surface crânienne) reflétera les activations des gyri, tandis qu’un dipôle tangen-
tiel correspondra aux activations électriques des sillons (Figure 2.2). Ainsi, les champs
électriques produits par tous les neurones vont s’organiser en structures ; si ces neu-
rones sont en diverses orientations, les dipôles unité vont s’annuler et le champ électrique
résultant sera nul, tandis que s’ils sont orientés parallèlement, une sommation de l’activité
se produira qui rendra alors celle-ci enregistrable [76]. Par exemple, les structures plus
internes telles que les noyaux gris centraux, plus éloignées du cuir chevelu et composées
de cellules disposées en étoile induisent des courants qui ne peuvent pas se propager
jusqu’aux capteurs situés en surface.

Potentiels négatifs ou positifs

L’orientation de l’aire cérébrale génératrice d’activité électrique par rapport à la surface
du cuir chevelu a une influence sur l’orientation de la déflection mesurée par l’EEG. En
effet, un dipôle de courant va être orienté dans un sens ou un autre, donc une électrode
à un endroit donné peut enregistrer une activité provenant soit du pôle positif du dipôle,
soit du pôle négatif. Ainsi, le caractère positif ou négatif de la déflection enregistrée en
surface par l’électrode ne permet pas de déterminer si une onde correspond à une activité
excitatrice ou inhibitrice, ou le niveau de profondeur de la source de courant dans le cortex
cérébral. Toutefois, l’enregistrement au niveau d’une même électrode d’une négativité ou
d’une positivité correspond bien à deux activités électrophysiologiques distinctes.

Activités électriques à l’origine de l’EEG

— Potentiels d’action (PA)
Le PA est un événement qui survient lorsque des échanges d’ions modifient rapi-
dement les gradients électrochimiques de l’axone neuronal [77], permettant à un
signal électrique de se propager rapidement le long de celui-ci à une vitesse al-
lant de quelques mètres à quelques dizaines de mètres par seconde [78], pour une
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FIGURE 2.2 – Illustration de la génération de très petits champs électriques par des cou-
rants synaptiques dans des cellules pyramidales. L’électrode EEG mesure le signal à
travers les épaisses couches de tissus. Ce n’est que si des milliers de cellules présentent
simultanément leurs petites tensions que les signaux deviennent suffisamment impor-
tants pour être visibles à la surface du cuir chevelu. Traduit de Siuly, Li, et Zhang (2016)
[75].

durée de 1 à 3 ms et une amplitude de 100 mV environ. Bien qu’ils soient très
connus, ces potentiels électriques ne contribuent que très peu à l’activité EEG, car
ils sont très courts dans le temps.

— Potentiels Post-Synaptiques (PPS)
Les PPS sont quant à eux générés au niveau des synapses, et s’atténuent avec
la distance, pour une amplitude initiale d’environ 10 mV. Bien que beaucoup plus
faibles que les PA, les PPS ont une durée bien plus longue (de l’ordre de 20 ms),
qui leur permet de contribuer à l’activité EEG de manière bien plus importante que
les PA [67].

Il existe ainsi des PPS inhibiteurs (ouverture des canaux K+ et surpolarisation de
la membrane plasmique du neurone), excitateurs (ouverture des canaux Na+ et
dépolarisation de la membrane). Toutefois, les PPS ne sont pas toujours mesu-
rables. Tout d’abord, les canaux Cl- atténuent l’effet de dépolarisation induit par l’ou-
verture des autres canaux, donnant lieu à une activité électrique à laquelle l’EEG
est aveugle, et d’autre part, la génération de courants extracellulaires repérables
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par l’EEG n’a lieu que dans le cas des synapses à gradient électrochimique : les
synapses électriques ne générant exclusivement que des courants intracellulaires,
leur activité est silencieuse à l’EEG.

Un grand nombre de neurones est nécessaire

L’unité de base générant le signal électrophysiologique cérébral est le neurone. Toutefois,
le courant induit par cet unique neurone reste indétectable à l’EEG. Seules de grandes
populations de neurones actifs en même temps peuvent générer une intensité électrique
cumulée susceptible d’être détectée sur le scalp [79–82].

2.2.2/ POTENTIELS ÉVOQUÉS

La perception d’un stimulus induit un potentiel dit exogène. Si la perception entraı̂ne une
activité cognitive, ce potentiel peut être suivi d’un ou plusieurs autres potentiels plus tar-
difs. Ce sont les potentiels évoqués (Event Related Potentials, ou ERPs). L’application de
l’EEG aux neurosciences cognitives a nécessité de faire ressortir de l’activité spontanée
du cerveau liée à la perception d’un stimulus, et au traitement d’informations requis pour
accomplir une tâche. En sommant des tracés issus de la répétition de la même tâche,
il est possible de faire apparaı̂tre des composantes spécifiques, les réponses évoquées
[58]. Ces ERPs sont verrouillés en phase (phase locked) avec les stimuli, et leur latence
peut donc être déterminée précisément.

Nous proposons donc à présent un tour d’horizon des potentiels évoqués cognitifs les
plus courants dans la littérature, et un bref état de l’art mettant en lien ces ERPs avec
nos études. Nous traiterons de l’usage de ces ERPs dans les pathologies considérées
dans les chapitres concernés (voir Partie II Introduction et Partie III Chapitre 6).

N100

C’est une déflection négative du signal qui apparaı̂t aux alentours de 100 ms en réponse
à un stimulus auditif. Cette activation est sensée refléter l’organisation du cortex auditif
primaire. D’après Clynes (1969) [83], cette onde survient à la cessation des sons ayant
une durée de plus de 100 ms. Cette onde indique des changements dans l’environnement
audio et implique ainsi le processus de traitement auditif pré-attentif qui sous-tend la
détection du stimulus. Tout comme la N100-on [84], la N100-off est indépendante de la
familiarité du stimulus.

MMN

La MMN “mismatch negativity” est une onde négative fronto-centrale d’une amplitude
comprise en général entre 0.5 et 5 µV qui apparaı̂t entre 100 et 2050 ms après le
stimulus. La MMN est induite de façon tâche-indépendante par des paradigmes de
détection des anomalies auditives. Des sons “rares” apparaissant dans une séquence
de répétition de sons “standards” évoquent cette réponse même si l’attention n’est pas
portée à la séquence auditive. Elle représente donc un processus cérébral automatique
[85]. Les sources cérébrales principales de la MMN sont dans les cortex auditifs tempo-
raux [86]. Toutefois il est aussi décrit une implication du lobe frontal, possiblement due à
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un détournement involontaire de l’attention quand le son rare apparaı̂t. Il existe également
des générateurs de source dans le thalamus et l’hippocampe [86].

P300

La P300 est une onde positive apparaissant entre 300 et 600 ms après la présentation
d’un stimulus rare et constituée de 2 sous-composantes P3a et P3b.

La P3a peut être enregistrée après la présentation de stimuli distracteurs, avec une ampli-
tude maximale dans les aires centro-pariétales. Elle est supposée refléter une allocation
de l’attention automatique vers un stimulus nouveau [87]. La P300 proprement dite, la
P3b, est reliée à l’allocation volontaire de l’attention envers une cible. La latence de la
P3b est souvent considérée comme reflétant le temps d’évaluation du stimulus présenté
[88], alors que l’amplitude est liée à la quantité de ressources allouées [89].

N400

Découverte par Kutas et Hillyard [90], la N400 est un potentiel négatif dont le pic se
présente environ 400 ms après la présentation du stimulus, observable entre environ 250
et 550 ms. Dans l’article d’origine, la N400 a été mise en évidence par des violations
sémantiques, conduisant à la fausse impression qu’il s’agissait d’un détecteur d’anoma-
lies. Toutefois, la N400 est également observée pour des stimuli non linguistiques mais
qui font sens : les sons de l’environnement tels que des cris d’animaux ou des sonneries
de téléphone [91, 92], des dessins ou des peintures, des expressions faciales, des films,
et des gestes. En général, les méthodes utilisées pour induire une N400 fiable incluent
des paradigmes d’amorçage ou des attentes fortes. Différents travaux ont démontré que
le sujet n’a pas besoin de diriger son attention sur la stimulation [93, 94].

2.3/ AVANTAGES ET INCONVÉNIENTS D’UN PROTOCOLE DE RE-
CHERCHE CLINIQUE BASÉ SUR L’EEG

2.3.1/ PALLIER DES CONTRAINTES DE NEUROIMAGERIE AVEC L’EEG

La mise en évidence de la corrélation d’une tâche mentale avec une variable physio-
logique cérébrale est complexe. En effet, même s’il existe une activité électrique ca-
ractéristique, celle-ci reste enfouie parmi de nombreux signaux non spécifiques dûs à
l’activité autre du cerveau, qui constitue alors une interférence.

En outre, l’activité mentale, même spécifique, donne des signaux non stationnaires car
elle dépend de l’état de l’individu au moment de la mesure : concentration, fatigue,
émotions ressenties, pensées sans rapport avec la tâche expérimentale etc... Les tâches
cognitives réalisées par le sujet doivent donc être sélectionnées de façon à induire une
activité spécifique suffisamment forte pour être enregistrable et différenciable du “bruit de
fond”.

Toutefois, définir une tâche mentale précise ne suffit pas pour obtenir un neuromarqueur
robuste. Une variation du signal EEG doit être localisée dans le temps, autrement dit
corrélée au moment où l’état mental se modifie, et dans l’espace via des électrodes et/ou
une localisation des structures cérébrales sources de courant spécifiques).
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Les caractéristiques du système de mesure EEG-HR sont essentielles pour acquérir un
signal susceptible de retranscrire l’activité cérébrale d’intérêt :

— résolution spatiale : localisation de la source de production de l’activité, dont la
précision est directement corrélée au nombre d’électrodes

— résolution temporelle : afin d’obtenir une corrélation précise entre un état mental
enregistré et le stimulus ou la réponse ayant supposément induit cet état mental.

Nos connaissances sur la fonction cérébrale ont été grandement améliorées, dans les
dernières décennies, par le développement de différentes techniques d’enregistrement,
du niveau microscopique, avec l’étude de l’activité synaptique, au niveau macroscopique
avec des méthodes de neuroimagerie telles que la MagnétoEncéphaloGraphie (MEG), la
Tomographie par Émission de Positons (PET) et l’IRM fonctionnelle (IRMf) (Figure 2.3).
Pourquoi, dès lors, continuer à se concentrer sur le prédécesseur de ces méthodes?

À l’heure actuelle, l’utilisation de l’EEG s’est répandue grâce à ses avantages in-
trinsèques : comme méthode de neuroimagerie relativement peu chère et transportable
au lit du patient.
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FIGURE 2.3 – Illustration de la résolution spatio-temporelle des technologies actuelles de
monitorage du cerveau. Adapté et traduit de Muthuswamy, Sridharan et Okandan (2016).
[95]

2.3.2/ LIMITES DE L’EEG ET machine learning POUR LE DIAGNOSTIC CLINIQUE

Lors de la mesure d’un EEG, nous disposons souvent de grandes quantités de données
correspondant à différentes conditions expérimentales, en particulier lorsque les enre-
gistrements sont effectués sur une longue période. Cependant, les procédures actuelles
de traitement, d’évaluation et de classification de ces signaux ne sont pas satisfaisantes
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car de nombreuses techniques utilisées dans la recherche ne sont pas suffisamment
standardisées pour être utilisées dans le contexte clinique. En effet, l’évaluation d’un en-
registrement EEG est généralement effectuée par des spécialistes en EEG expérimentés
qui analysent visuellement les enregistrements en particulier en EEG de sommeil et en
épileptologie [96, 97]. Il n’existe pas de critères standards pour évaluer par exemple quels
essais peuvent être rejetés pour cause d’artéfacts ou conservés pour analyse. Ce fonc-
tionnement entraı̂ne plusieurs conséquences :

— l’acquisition de l’expérience et des connaissances nécessaires au traitement des
données par un spécialiste est coûteuse en temps et en ressources,

— le processus de traitement en lui-même est également très long, impliquant de mo-
biliser un spécialiste sur un seul projet pendant un certain temps,

— la longueur du traitement peut en outre induire chez le spécialiste une fatigue ou
une habituation aux données, sources d’erreurs,

— les résultats du traitement peuvent varier d’un spécialiste à un autre, diminuant la
reproductibilité de l’étude,

— les résultats du traitement peuvent varier pour un même spécialiste entre deux ana-
lyses sur les mêmes données.

Pour extraire des informations d’une telle quantité de données, des systèmes d’analyse
automatisés sont nécessaires pour analyser et classer les données à l’aide de tech-
niques appropriées. Il est donc essentiel de développer des systèmes automatiques de
classification des signaux EEG enregistrés afin de soutenir le diagnostic des maladies
du cerveau et de contribuer à une meilleure compréhension des états mentaux pour les
applications cliniques. Dans le chapitre suivant, nous verrons comment les méthodes
d’apprentissage machine, dites “d’intelligence artificielle” peuvent trouver leur place dans
les processus de traitement du signal, d’identification des artefacts et de classification des
états cérébraux. Ces méthodes rejoindront à terme les outils de diagnostic en clinique.





3
UNE NOUVELLE APPROCHE DE

L’ANALYSE EEG : LE machine learning

Dans ce travail de thèse, l’objectif est d’appliquer ces nouvelles manières de traiter le
signal à des signaux EEG. Ces méthodes ne sont pas encore standardisées car elles
sont relativement récentes, aussi, ce chapitre a pour objet de détailler les étapes clefs
de l’application du machine learning et les spécifications particulières concernant les
signaux EEG.

3.1/ DÉFINITIONS

3.1.1/ L’ORDINATEUR ET L’ALGORITHME

“Un ordinateur est une machine, munie d’une mémoire dans laquelle on insère des
données (ou informations, d’où le nom informatique) et un algorithme, codé dans un
langage propre, qui définit le traitement à effectuer sur ces données. La machine ne peut
décider elle-même d’exécuter telle ou telle consigne, elle ne peut qu’exécuter les étapes
déterminées à l’avance par l’auteur humain de l’algorithme.” [98].

3.1.2/ L’INTELLIGENCE ARTIFICIELLE (IA)

D’après Marvin Minsky, l’intelligence artificielle est : “la discipline de l’informatique qui
s’intéresse à la construction de programmes informatiques qui s’adonnent à des tâches
qui sont, pour l’instant, accomplies de façon plus satisfaisantes par des êtres humains,
car elles demandent des processus mentaux de haut niveau tels que : l’apprentissage
perceptuel, l’organisation de la mémoire et le raisonnement critique.”

L’IA consiste donc à écrire des algorithmes plus sophistiqués, qui calculent automatique-
ment les bonnes réponses à partir des données fournies, au lieu d’écrire soi-même tout
le détail des instructions à la main. Ce principe est au cœur de la technique dite “d’ap-
prentissage machine”, ou “machine learning”. Le traitement des données est décrit dans
un programme qui est lui-même une donnée fournie à la machine. Ce programme peut
ainsi être modifié ou construit par un autre programme. Le résultat fourni n’est donc pas
créé de toutes pièces par l’IA, mais dépend des instructions données par l’informaticien
[98].

31
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Un ordinateur ne peut écrire lui-même un programme pour résoudre un problème pour
lequel il n’a pas été conçu car il y a trop de données différentes, trop de règles requises
pour que ce programme fonctionne correctement. Le programme d’IA qui résoudrait tous
les problèmes n’existe pas car, justement, chaque problème nécessite un programme
spécifique et des données adaptées [98].

L’application du machine learning à des signaux EEG nécessite la réalisation d’un certain
nombre d’étapes :

3.2/ ÉTAPE 1 : DÉFINITION DU PROBLÈME À RÉSOUDRE

Dans nos deux études, nous avons cherché à classer les enregistrements EEG en fonc-
tion de la familiarité des chansons écoutées (familières ou inconnues), d’une part ; et la
mémoire sémantique liée au contexte (congruent ou incongruent) d’autre part. Il nous a
fallu choisir un modèle d’apprentissage permettant cette classification. Dans un premier
temps, nous proposons de définir les grandes catégories de machine learning afin de
déterminer celle qui sera la plus adaptée à l’atteinte de notre objectif.

3.2.1/ TYPES D’APPRENTISSAGES

3.2.1.1/ APPRENTISSAGE NON SUPERVISÉ

L’apprentissage machine non supervisé permet de découvrir des modèles cachés ou
des structures intrinsèques dans les données. Il est utilisé pour tirer des conclusions à
partir d’ensembles de données constitués de données d’entrée sans réponses étiquetées
[99]. Le clustering est la technique d’apprentissage non supervisé la plus courante. Elle
est utilisée pour l’analyse exploratoire des données afin de trouver des modèles cachés
ou des regroupements dans les données. Les applications du clustering incluent par
exemple l’analyse des séquences de gènes, les études de marché, la reconnaissance
d’objets, etc... Dans le cas des données EEG, nous connaissons à l’avance la catégorie
à laquelle appartient chacun des essais enregistrés, puisque nous induisons les différents
états cérébraux par des stimuli externes à l’individu. L’apprentissage non supervisé n’est
donc pas a priori le plus approprié pour ce type d’études.

3.2.1.2/ APPRENTISSAGE SUPERVISÉ

L’objectif de l’apprentissage machine supervisé est de construire un modèle qui fait des
prédictions basées sur des preuves en présence d’incertitude. Un algorithme d’apprentis-
sage supervisé prend un ensemble connu de données d’entrée et de réponses connues
à ces données (étiquettes) et forme un modèle pour générer des prédictions raisonnables
pour la réponse à de nouvelles données [100, 101]. L’étiquetage va indiquer à la machine
si la valeur à prédire pour une observation précise est telle ou telle catégorie ou condition
expérimentale, ou une valeur numérique.

Régression
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Les techniques de régression permettent de prévoir des réponses numériques conti-
nues, par exemple des changements de température ou des fluctuations de la demande
d’énergie. Les applications typiques comprennent entre autres la prévision de la charge
électrique et le commerce algorithmique dans la finance.

Classification

Les techniques de classification permettent de prédire des réponses discrètes, par
exemple si une tumeur est cancéreuse ou bénigne. Autrement dit, les modèles de clas-
sification classent les données d’entrée dans des catégories prédéterminées. Ce type
de modélisation est retrouvé par exemple en imagerie médicale, en reconnaissance vo-
cale etc... En neuroimagerie, l’objectif de la classification est d’attribuer les vecteurs de
caractéristiques à l’une des n catégories discrètes, où n correspond au nombre d’états
cérébraux différents que le système est capable de détecter.

L’algorithme de classification peut être mis en œuvre pour distinguer deux classes
(problèmes binaires), ou plusieurs classes (problèmes multi classes). En ce sens, étant
donné que la difficulté de la tâche de classification augmente avec le nombre de classes,
il y a un compromis à faire entre fournir un outil plus complet mais au résultat plus hasar-
deux, ou assurer une performance efficace avec une portée limitée. Étant donné que nos
études comprennent la plupart du temps deux conditions expérimentales, un algorithme
de classification binaire est tout indiqué.

3.2.2/ ALGORITHMES DE CLASSIFICATION LES PLUS COURANTS

Il existe un grand nombre d’algorithmes de classification différents, chacun présentant
des spécificités le rendant davantage pertinent que ses homologues face à tel ou tel
problème. En EEG, les plus fréquemment utilisés sont les suivants :

3.2.2.1/ K-Nearest Neighbours

L’algorithme K-Nearest Neighbours (les K plus proches voisins) vise à déterminer à quelle
catégorie appartient un essai en se basant sur le groupe d’appartenance des K es-
sais les plus proches lorsque l’on projette le jeu d’entraı̂nement dans l’espace des ca-
ractéristiques [100, 102]. La probabilité pour un essai de faire partie d’une catégorie
est calculée comme le ratio des membres de ladite catégorie parmi les K plus proches
voisins [100, 102–104]. La valeur optimale de K est déterminée après les évaluations
expérimentales.

3.2.2.2/ Naı̈ve Bayes

Le Naı̈ve Bayes est un algorithme de classification basé sur la probabilité conditionnelle
qu’un évènement se produise en fonction d’un évènement qui s’est déjà produit. Il est
fondé sur le Théorème de Bayes qui s’appuie sur des hypothèses d’indépendance fortes
(naı̈ves) : on suppose que tous les essais et sont indépendants les uns des autres pour
une classe donnée, et généralement que leurs caractéristiques ont une distribution gaus-
sienne si elles sont continues [75, 105].
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3.2.2.3/ Linear Discriminant Analysis

Le Linear Discriminant Analysis (LDA) construit un modèle prédictif de l’appartenance
d’un essai à une catégorie en utilisant des hyperplans pour séparer les données. L’objectif
est de séparer au maximum les groupes et d’éliminer les caractéristiques extraites du
signal qui ne sont pas pertinentes pour la discrimination des données. Cette technique
nécessite très peu de calculs [100, 105].

3.2.2.4/ Support Vector Machine

Le Support Vector Machine (SVM), développé suite aux travaux de Vladimir Vapnik [106],
consiste lui aussi à trouver un hyperplan optimal de frontière entre deux classes de
données. Cependant, cette méthode est augmentée de la recherche de la marge maxi-
male de chaque côté de cette séparation, optimisant la capacité de généralisation du
modèle sur des données inconnues.

La détermination de cet hyperplan optimal passe par la détermination de la distance
minimale entre celui-ci et les essais le plus proches dans chacune des deux classes. En
d’autres termes, on recherche une frontière de décision telle que les marges soient les
plus larges possible. Ces essais qui à eux seuls permettent de définir l’hyperplan sont
appelés vecteurs supports (Figure 3.1).
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FIGURE 3.1 – Représentation à deux dimensions d’une frontière de séparation construite
par le SVM. A. Essai bien classé et pas dans la zone de la marge. Il ne représente pas
un vecteur support. B. Essai bien classé et aux frontières de la zone de la marge. Il
représente un vecteur support. C. Essai bien classé et dans la zone de la marge. Il ne
représente pas un vecteur support. D. Essai du mauvais coté de la frontière, il est mal
classé et ne représente pas un vecteur support.

Toutefois, un hyperplan n’est pas toujours la meilleure façon de séparer deux classes
de données, par exemple pour des classes réparties à l’intérieur et à l’extérieur d’une
hypersphère. La détermination d’une telle fonction non linéaire étant très difficile, voire
impossible, les données sont alors projetées dans un espace de dimension plus élevée
où cette fonction devient linéaire (Figure 3.2). Cette méthode est applicable par le SVM



3.2. ÉTAPE 1 : DÉFINITION DU PROBLÈME À RÉSOUDRE 35

par le biais de fonctions dites “de noyau” (kernel machines).

FIGURE 3.2 – Illustration de l’astuce du noyau : les données sont projetées dans un es-
pace de plus grande dimension, où les données peuvent être séparées par un hyperplan.
Cette frontière linéaire dans l’espace de grande dimension est équivalente à une frontière
non linéaire dans l’espace d’origine.

La construction de tels noyaux est largement étudiée dans [107], néanmoins, il en existe
certains qui sont très utilisés et qui sont considérés comme standards (Figure 3.3) :

— Kernel linéaire : dans le cas où les données sont linéairement séparables, et qu’un
changement de dimension n’est pas requis, la frontière de décision reste un hyper-
plan.

— Kernel polynomial : dans le cas où les données ne sont pas linéairement
séparables, et qu’un changement de dimension est nécessaire, la fonction de
séparation peut être définie sur la base de fonctions polynomiales.

— Kernel Radial Basis Function (RBF) : dans le cas où les données ne sont pas
linéairement séparables, et qu’un changement de dimension est nécessaire, la
fonction de séparation peut être définie sur la base de fonctions radiales.

a) b) c)

FIGURE 3.3 – Représentation à deux dimensions du type de frontière de séparation pos-
sible par l’utilisation de kernels. a) Kernel linéaire. b) Kernel polynomial. c) Kernel RBF.
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3.3/ ÉTAPE 2 : ACQUISITION DES DONNÉES D’APPRENTISSAGE ET

DE TESTS

3.3.1/ NÉCESSITÉ D’UNE GRAND NOMBRE DE DONNÉES

La capacité du modèle à représenter correctement une population d’essais va dépendre
en grande partie de la taille de l’échantillon qui lui sera présenté lors de l’entraı̂nement.

Nous avons vu que pour la classification, nous avons besoin de deux hyperplans de
marge à égale distance de l’hyperplan optimal qui sépare les essais. Supposons que
nous ayons un ensemble d’essais de dimension d, c’est-à-dire que chaque essai est
représenté par un vecteur de d caractéristiques. Puisque nous sommes en dimension d,
chaque hyperplan de marge peut être construit en utilisant un minimum de d vecteurs
supports.

Ainsi, pour la classification, nous aurons besoin d’un minimum de 2d vecteurs supports.
Plus le nombre de caractéristiques utilisées pour décrire les données sera élevé, plus
le nombre d’essais nécessaires pour entraı̂ner le modèle de classification sera impor-
tant. Par exemple : pour des données décrites par 4 caractéristiques, il nous faudra au
minimum 16 essais. Mais plus les données sont complexes, telles que le sont les en-
registrements de l’activité cérébrale, plus le nombre de caractéristiques nécessaires à
les décrire est grand. Toutefois, les contraintes liées aux examens EEG, notamment la
fatigue du sujet, font qu’il est difficile en pratique d’obtenir un très grand nombre d’essais.

3.3.2/ SIMILARITÉ INTRACLASSE ET DISSIMILARITÉ INTERCLASSES

Un autre point important est celui de la similarité intraclasse et de la dissimilarité in-
terclasses. Afin de pouvoir différencier au mieux les essais appartenant à la classe A
de ceux de la classe B, il est préférable que les individus regroupés au sein d’une même
classe soient le plus semblables possibles (homogénéité intraclasse), tandis que les deux
classes doivent être le plus dissemblables possible (hétérogénéité interclasses). Si ces
deux conditions ne sont pas respectées, la difficulté d’obtenir une frontière de séparation
adéquate et la probabilité de voir des données mal classées augmente.

3.3.3/ ÉQUILIBRE ENTRE LES CLASSES

Il arrive dans certains cas, en particulier dans le domaine du diagnostic, que la quantité de
données recueillie pour une classe soit bien inférieure à l’autre, par exemple lorsque l’on
dispose de peu de patients par rapport au nombre de sujets sains. Cette situation peut
également survenir à la suite du pré-traitement des données EEG, ou en fonction des
tâches effectuées par les sujets lors de l’examen EEG, où il arrive alors que le nombre
d’essais présents ne soit pas le même dans les deux conditions.

Ce déséquilibre est problématique car les classificateurs sont en général plus sensibles à
la détection de la classe majoritaire. Autrement dit, la probabilité de correctement classer
un essai au hasard n’est plus de 50%. Considérons l’exemple suivant : si l’on a 1000
essais dans une classe et 10 dans l’autre, la probabilité d’appartenance d’un essai à
la classe majoritaire est de 99%, ce qui signifie que le classificateur peut obtenir 99%
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de bonnes réponses au hasard, en étiquetant tout simplement tous les essais des deux
conditions comme appartenant à la classe majoritaire.

Pour pallier ce défaut, nous avons alors trois possibilités :

— Ignorer le problème : ce qui n’est pas recommandé, mais peut être acceptable
lorsque l’écart entre les deux classes n’est pas significatif (exemple : 200 essais
dans une classe, 210 dans l’autre).

— Sous-échantillonner la classe majoritaire : en d’autres termes, éliminer une partie
des essais de cette condition pour en ramener le nombre à un équivalent de la
classe minoritaire. Cette méthode peut toutefois avoir pour inconvénient de limiter
la quantité des données disponibles pour entrainer le modèle.

— Sur-échantillonner la classe minoritaire : divers méthodes ont été développées
en ce sens, la plus connue étant la Synthetic Minority Over-Sampling Technique
(SMOTE) [108], qui consiste à créer de nouveaux essais, synthétiques, par interpo-
lations d’essais de la classe minoritaire.

Nous avons testé ces trois méthodes dans nos études, mais les meilleures performances
ayant été obtenues dans notre cas par le sous-échantillonnage, nous ne présenterons
que les résultats liés à celui-ci.

3.4/ ÉTAPE 3 : NETTOYAGE DES DONNÉES ET EXTRACTION DES

CARACTÉRISTIQUES

3.4.1/ NETTOYAGE DES DONNÉES

Les signaux électriques présents dans l’EEG qui sont d’origine non cérébrale sont ap-
pelés artéfacts. Les données EEG sont presque toujours contaminées par de tels ar-
tefacts, dont l’amplitude est relative à celle des signaux d’intérêt. C’est l’une des raisons
pour lesquelles il faut une expérience considérable pour interpréter correctement les EEG
sur le plan clinique. La figure 3.4 présente une illustration des quatre types d’artefacts les
plus courants dans les enregistrements EEG humains.

Il existe, là encore, de très nombreuses techniques d’élimination de ces signaux para-
sites, parmi lesquels on peut notamment trouver l’inspection visuelle par un expert [109–
111], l’analyse en composantes indépendantes (Independent Component Analysis, ou
ICA) [112–114] ou plus récemment la séparation à l’aveugle des sources (Blind Source
Separation, ou BSS) [115–117], pour ne citer que les plus connues.

Nous nous sommes intéressés plus particulièrement à une méthode entièrement auto-
matisée, baptisée le débruitage xDAWN. L’objectif du filtre spatial xDAWN est d’améliorer
le potentiel lié à l’événement afin qu’il se distingue du bruit, en maximisant le rapport
signal/signal plus bruit dans les études à essai unique [118]. Cet algorithme est principa-
lement connu dans le problème de classification BCI dite de “P300-speller ”. La méthode
xDAWN non supervisée propose d’estimer d’abord un sous-espace contenant la plupart
des potentiels évoqués sur lesquels les époques EEG sont ensuite projetées, ce qui
améliore les ERP. Pour les besoins de cette thèse, nous avons écrit l’algorithme nous-
même, en suivant les recommandations de Rivet (2009) [118] et en utilisant le logiciel
Matlab R2016b® de MathWorks®.
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FIGURE 3.4 – Artéfacts les plus couramment rencontrés dans l’analyse du signal EEG.
a) Artefact électro-oculographique causé par l’excitation des muscles du globe ocu-
laire (lié au clignement des yeux, par exemple). Grande amplitude, lente, onde positive
proéminente dans les électrodes frontales. b) Artefact d’électrode causé par un mauvais
contact (et donc une plus grande impédance) entre l’électrode P3 et la peau. c) Artefact
de déglutition. d) Artefact de l’électrode de référence commune causé par un mauvais
contact entre l’électrode de référence et la peau. Onde énorme similaire dans tous les
canaux. Tiré de : https://en.wikipedia.org/wiki/Electroencephalography

3.4.2/ EXTRACTION DES CARACTÉRISTIQUES

La phase de préparation des données et d’ajustement du modèle d’apprentissage sont
les deux plus importantes. Les signaux EEG recueillis doivent en premier lieu être
analysés et préparés afin de leur donner une signification. L’objectif de l’extraction de
caractéristiques est de sélectionner des informations pertinentes à partir des signaux en-
registrés, qui confèreront un caractère distinctif à l’activité cérébrale qui est déclenchée
lors de la tâche correspondante, afin qu’elle puisse être reconnue à partir d’autres essais
[119]. Un même jeu de données peut ainsi être exploité de manières différentes.

Dans la plupart des cas, ce processus réduit la dimensionnalité des données en excluant
les informations redondantes, et il améliore les attributs du signal en exploitant les as-
pects qui sont liés aux phénomènes physiologiques. Les valeurs dérivées sont projetées
dans l’espace des caractéristiques, où l’on s’attend à ce que les éléments provenant de
différentes conditions soient situés de manière aussi séparée que possible, afin que des
groupes distincts puissent être facilement identifiés.

Cette phase est particulièrement délicate et fait l’objet d’un grand nombre de recherches
afin de déterminer quel serait la méthode idéale. En effet, si les caractéristiques des
données fournies à l’algorithme ne sont pas pertinentes, la performance de classification
s’en ressentira, selon le principe du “garbage in, garbage out”. Malheureusement, aucun
consensus ne se dégage vraiment de la littérature, car ce processus est dépendant du
type d’information recherché dans le signal, du matériel d’enregistrement EEG utilisé, et,
surtout, du protocole d’acquisition des données élaboré au départ. Plusieurs méthodes
sont le plus souvent explorées afin de déterminer laquelle donne les meilleurs résultats,
et notre étude ne fait pas exception.

https://en.wikipedia.org/wiki/Electroencephalography
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Ainsi que nous le verrons dans la section “Extraction des caractéristiques” du Chapitre
4, la fréquence est l’un des critères les plus utilisés pour évaluer les anomalies des
EEG cliniques et pour comprendre les comportements fonctionnels dans la recherche
cognitive.

La fréquence fait référence à l’activité rythmique répétitive (en Hz), soit le nombre de
cycles par seconde. Chez les adultes en bonne santé, les amplitudes et les fréquences
de signaux électriques cérébraux changent d’un état à l’autre, comme l’éveil et le som-
meil. Il existe cinq grandes ondes cérébrales qui sont généralement classées en bandes
spécifiques telles que 1-4 Hz (delta, δ), 4-8 Hz (thêta, θ), 8-12 Hz (alpha, α), 12-30 Hz
(bêta, β) et supérieur à 30 Hz (gamma, γ). Les informations fréquentielles du signal EEG
peuvent être extraites, le plus souvent par transformée de Fourier Fast Fourier Transform,
ou FFT [120], mais aussi par ondelettes [121, 122], par modèles spatiaux communs Com-
mon Spatial Patterns, ou CSP) [123–125] ou encore par le biais de l’un de leurs nombreux
dérivés.

Dans d’autres études, l’utilisation du signal temporel, brut ou non, est privilégiée [126,
127], et de très nombreuses autres méthodes d’extraction de données pertinentes ont
été développée ces dernières années. Chacun recherchant la méthode s’appliquant le
mieux à son jeu de données, il existe presque autant de sous-espèces de techniques
d’extraction des caractéristiques que d’articles.

3.5/ ÉTAPE 4 : ÉVALUATION DE LA PERFORMANCE ET AJUSTE-
MENT DU MODÈLE

3.5.1/ ÉVALUATION DE LA PERFORMANCE DU MODÈLE APPRIS

Les critères d’évaluation des performances d’une méthodologie sont une partie impor-
tante de sa conception. Dans notre étude, la stabilité de la performance d’une méthode
de classification est évaluée selon les critères standards, à savoir la précision de la clas-
sification, la sensibilité et la spécificité, qui sont définies ainsi (Figure 3.5) [128–131] :

— Précision de la classification ou accuracy : la proportion d’essais correctement
classés par rapport au nombre total d’essais. Si la précision est de 1 (100%), la
capacité de discrimination du modèle est parfaite. Si elle est égale à 0.5, le classi-
ficateur n’a aucun pouvoir discriminant et aucun classificateur approprié ne devrait
avoir une aire sous cette courbe inférieure à 0,5 [132].

— Sensibilité ou sensitivity : le nombre d’essais positifs classés comme positifs divisé
par le nombre total d’essais réellement positifs,

— Spécificité ou specificity : le nombre d’essais négatifs classés comme négatifs di-
visé par le nombre total d’essais réellement négatifs.

Il existe un grand nombre d’autres critères d’évaluation de la performance de classifica-
tion, telles que le F1-score, la g-mean, etc... que nous n’employons pas dans ces travaux
et que nous ne développerons donc pas ici.
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FIGURE 3.5 – Matrice de confusion permettant de calculer les différentes métriques
de performance. Précision = (Vrais positifs + Vrais négatifs) / Nombre total d’essais.
Spécificité = Vrais négatifs / (Vrais négatifs + Faux positifs). Sensibilité = Vrais positifs
/ (Vrais positifs + Faux négatifs).

3.5.2/ VALIDATION DE LA PERFORMANCE

Lors de l’évaluation d’un modèle d’apprentissage machine, il est important de mesurer
sa performance de généralisation, c’est-à-dire de savoir s’il est capable d’obtenir une
bonne performance sur des données qui lui sont inconnues. Pour ce faire, il est courant
de diviser les données disponibles en un ensemble destiné à l’entraı̂nement du modèle,
et en un autre destiné à le tester. Lorsque les hyperparamètres doivent être réglés, la
performance de l’ensemble de test ne peut plus être utilisée comme une évaluation im-
partiale des performances de généralisation du modèle. Par conséquent, l’ensemble de
formation est divisé pour obtenir une un troisième ensemble appelé “ensemble de valida-
tion” qui est utilisé pour sélectionner le meilleur hyperparamètre, en laissant l’ensemble
de test de côté pendant ce processus afin d’évaluer les performances du meilleur modèle
de manière impartiale. Toutefois, lorsque la quantité de données disponibles est faible, la
division des données en différents ensembles et le fait de n’utiliser qu’un sous-ensemble
pour l’entraı̂nement peuvent sérieusement nuire à la performance des modèles gour-
mands en données. Une procédure appelée ”validation croisée” est utilisée dans ces
cas, où les données sont ventilées en différentes partitions, qui seront ensuite utilisées
successivement comme données d’entraı̂nement ou de validation (Figure 3.6).

Validation 1

Validation 2

Validation 3

Validation 4

Itération 1

Itération 2

Itération 3

Itération 4

Entraînement 1

Ensemble des données

a) Validation 1
Itération 1

Itération 2

Itération 3

Itération X

Entraînement 1

Ensemble des données

...

b)

FIGURE 3.6 – Architectures de validation croisée les plus utilisées. a) Validation croisée
k-fold : le jeu d’entraı̂nement est divisé en sous-ensemble, dont chacun est utilisé à son
tour pour valider le modèle produit par l’entraı̂nement du modèle SVM sur tous les autres
sous-ensembles. b) Validation croisée Leave-One-Out, ou Leave-One-Subject-Out : cette
fois le sous-ensemble de validation du modèle ne comporte qu’un seul essai ou sujet.
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3.5.3/ AJUSTEMENT DU MODÈLE D’APPRENTISSAGE

Selon le kernel utilisé, on peut devoir ajuster un ou plusieurs plusieurs hyperparamètres
régularisant l’activité de celui-ci. Le premier est commun aux kernels linéaire et RBF : le
paramètre C permet de faire un compromis entre la classification correcte des exemples
de formation et la maximisation de la marge de la frontière de décision. Pour des valeurs
plus élevées de C, une marge plus faible sera acceptée, avec une frontière de séparation
plus complexe et qui permettra de classer correctement un maximum d’essais à l’en-
traı̂nement, tandis qu’un C plus faible encouragera une marge plus importante, donc une
fonction de décision plus simple, au détriment de l’accuracy d’entraı̂nement. Autrement
dit, C est un paramètre qui permet de faire un compromis entre la classification erronée
des essais d’entraı̂nement et la simplicité du modèle ainsi créé.

Dans le cas du kernel RBF, un second hyperparamètre entre en jeu : sigma. En termes
simples, sigma est le rayon de la zone d’influence des vecteurs de support sélectionnés :
si sigma est très faible, il ne pourra encapsuler que le vecteur support lui-même, tandis
qu’en revanche, si sigma est très grand, le vecteur de support influencera les essais plus
éloignés.

Le choix de ces hyperparamètres va donc fortement influencer la performance du modèle,
et il est extrêmement recommandé de rechercher ceux qui seront le plus adaptés, sous
peine d’obtenir un modèle sous- ou sur-ajusté aux données d’entraı̂nement, et ainsi inca-
pable de produire des résultats convenables sur les données de test. En outre, puisque
les valeurs optimales des hyperparamètres seront différentes selon le jeu de données
d’apprentissage, il est nécessaire de les ajuster séparément pour chaque tâche. Le plus
souvent, on emploie une méthode de passage au crible (gridsearch) entre deux bornes
fixées à l’avance pour chacun de ces hyperparamètres, où l’on examine les résultats et
le comportement du modèle en fonction des valeurs d’hyperparamètres retenues [133–
135].

Quelques particularités sont à noter :

— Dans le cas du RBF, différentes combinaisons de C et de sigma peuvent conduire
à des modèles complexes similaires, avec des performances similaires.

— Lorsque la performance des modèles en fonction des hyperparamètres présente
un large plateau est une excellente chose, car cela suggère qu’ils ne sont que peu
vulnérables au surajustement dans la sélection du modèle.

— A contrario, lorsque les valeurs optimales se présentent sous forme de pics, il est
plus difficile de déterminer leur emplacement avec un ensemble de données limité.

3.6/ REVUE SYSTÉMATIQUE DE LA LITTÉRATURE

Nous avons effectué une revue systématique de la littérature courant essentiellement
sur les 5 à 10 dernières années. Elle donne un aperçu de l’état de l’intersection du do-
maine EEG-classification SVM, ainsi que des recommandations tant pour les chercheurs
souhaitant passer d’une analyse traditionnelle de l’EEG à des techniques de machine
learning, que pour les spécialistes du traitement du signal qui voudraient étendre leur
domaine de compétence à l’EEG. Ces recommandations méthodologiques devraient fa-
voriser la clarté et la reproductibilité des études.
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3.6.1/ MATÉRIEL ET MÉTHODES

“Oui” Des articles de revues scientifiques en anglais, ainsi que des pré-tirages
électroniques ont été choisis comme cible de cette revue. La base de données PubMed
a été interrogée afin de recueillir une première liste d’articles, à la date du 22 mai 2020.

L’équation de recherché utilisée est la suivante : “eeg support vector machine clas-
sification NOT epilepsy NOT seizure NOT review NOT sleep”, ainsi traduite en mots-
clefs Mesh : ((“electroencephalography”[MeSH Terms] OR “electroencephalography”[All
Fields] OR “eeg”[All Fields]) AND (“support vector machine”[MeSH Terms] OR (“sup-
port”[All Fields] AND “vector”[All Fields] AND “machine”[All Fields]) OR “support vector
machine”[All Fields]) AND (“classification”[Subheading] OR “classification”[All Fields] OR
“classification”[MeSH Terms])) NOT (“epilepsy”[MeSH Terms] OR “epilepsy”[All Fields])
NOT (“seizures”[MeSH Terms] OR “seizures”[All Fields] OR “seizure”[All Fields]) NOT
(“review”[Publication Type] OR “review literature as topic”[MeSH Terms] OR “review”[All
Fields]) NOT (“sleep”[MeSH Terms] OR “sleep”[All Fields]).

Les documents ont ensuite été inclus ou exclus sur la base des critères énumérés dans
le Tableau 3.1.

Critères d’inclusion Critères d’exclusion 

• Etudes portant sur la classification des 

signaux EEG par SVM. 

• Etudes sur sujets humains uniquement. 

• Etudes portant sur l’électrocorticographie 

(ECoG) et l’EEG intracortical, ou sur la 

magnétoencéphalographie (MEG). 

• Revues de la littérature et méta-analyses. 

• Articles en langues autres que l’anglais. 

• Etudes portant sur EEG et SVM, mais pas en 

classification. 

 
Tableau 3.1 – Critères d’inclusion et d’exclusion des articles passés en revue.

L’éligibilité des articles sélectionné a été établie en examinant en premier lieu les titres,
puis les résumés, et enfin l’intégralité de l’article. Les documents ne correspondant pas
aux critères ont été rejetés.

Un tableau d’extraction de données a été conçu afin de recueillir les éléments pertinents
pour nos questions de recherche, sur la base de la revue de la littérature effectuée sur
EEG et deep learning par Roy et al. (2019) [136]. Pour chaque article sélectionné, 36
informations ont été extraites, réparties en catégories : origine de l’article, résumé de
l’étude, données utilisées, pré-traitement EEG, méthodologie SVM, résultats obtenus et
reproductibilité (Tableau 3.2).

La base de données Pubmed, lorsqu’interrogée, a renvoyé 351 articles, et 4 articles ont
été ajoutés de sources supplémentaires. 210 articles ont alors été exclus, et 145 articles
ont été inclus pour analyse dans cette revue (Figure 3.7).
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Catégorie Champs Description 
Origine de l’article Année Année de publication de l’article 

Journal Nom du journal dans lequel est paru l’article 

Facteur d’impact Facteur d’impact du journal de publication 

Pays d’affiliation du 1er auteur Pays dans lequel est situé l’université, le laboratoire ou l’institut 

de rattachement du 1er auteur 

Résumé de l’étude Domaine d’application Champ technique ou clinique auquel s’applique l’article 

Tâche Nom ou courte description des tâches effectuées par le sujet lors 

de l’enregistrement des données. 

Objectif But principal de l’étude 

Données utilisées Quantité de données Nombre d’essais par sujet utilisés pour la classification 

Matériel EEG Modèle de casque EEG utilisé et fabricant 

Nombre d’électrodes Nombre d’électrodes utilisées pour analyse. Ce peut être 

différent du nombre d’électrodes présentes sur le casque.  

Fréquence d’échantillonnage Fréquence d’échantillonnage en hertz utilisée pour l’analyse. Ce 

peut être différent de la fréquence d’échantillonnage utilisée lors 

de l’acquisition des données. 

Nombre de sujets Nombre de sujets utilisés pour analyse. Ce peut être différent du 

nombre de sujets enregistrés. 

Traitement EEG Pré-traitement Etapes de traitement appliquées aux données brutes avant 

l’extraction de caractéristiques 

Gestion des artéfacts Méthode utilisée pour éliminer les artéfacts parasitant le signal 

EEG 

Caractéristiques Type de caractéristiques extraites et utilisées pour la 

classification 

Optimisation des caractéristiques Spécifie si une méthode quelconque a été utilisée pour optimiser 

l’extraction des caractéristiques 

Nombre de caractéristiques Taille du vecteur de caractéristiques utilisé pour la classification 

Méthodologie SVM Type de SVM Méthode de calcul utilisée pour la classification 

Kernel Fonction noyau utilisée pour la classification 

Optimisation des hyperparamètres Spécifie si une méthode quelconque a été utilisée pour optimiser 

les hyperparamètres du kernel 

Hyperparamètres Hyperparamètres du kernel s’ils sont fournis 

Logiciel Logiciel utilisé pour la classification 

Gestion des sujets Analyse intra ou inter-sujets 

Normalisation des données Méthode de normalisation des données avant classification 

Résultats obtenus Mesure de performance Métrique utilisée pour juger de la performance de classification 

Procédure de validation Méthode de division des données pour l’entraînement, le test et 

l’optimisation du modèle le cas échéant 

Test statistique Test statistique utilisé pour examiner la performance de 

classification 

Comparaison des résultats Comparaison des résultats avec ceux d’autres méthodes utilisées 

dans l’article ou dans la littérature 

Autres classificateurs Si comparaison avec d’autres classificateurs dans l’article 

Tableau 3.2 – Catégories et description des informations extraites de chacun des articles
sélectionnés : origine de l’article, résumé de l’étude, données utilisées, pré-traitement
EEG, méthodologie SVM, résultats obtenus et reproductibilité.
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Articles obtenus dans Pubmed
(n = 351)

Articles additionnels obtenus via d’autres sources
(n = 4)

Articles exclus car texte non entier
(n = 29)

Articles passés au tamis
(n = 355)

Articles exclus pour autres langages que l’anglais
(n = 6)

Articles exclus car non disponibles
(n = 9)

Article exclu pour rétractation
(n = 1)

Articles éligibles
(n = 301)

Articles exclus d’après le titre
(n = 120)

Articles exclus d’après le résumé
(n = 21)

Articles exclus d’après le contenu
(n = 15)

Articles inclus dans l’analyse
(n = 145)

FIGURE 3.7 – Nombre d’articles passés au crible des critères d’inclusion et d’exclusion.
Cent quarante-cinq études ont été incluses dans notre analyse.

3.6.2/ RÉSULTATS

3.6.2.1/ ORIGINE DES ARTICLES

Nous avons constaté que la majorité des articles proviennent de Chine et dans une
moindre mesure d’Inde et de Turquie (Figure 3.8). De façon surprenante, nous n’avons
relevé que 5 articles en provenance des Etats-Unis, alors que nous nous attendions à ce
que ce pays figure en tête du classement au vu de sa politique pro-IA.

Les facteurs d’impact des journaux dans lesquels sont publiés ces études sont en
moyenne de 3.3 (± 1.9).

3.6.2.2/ RÉSUMÉ DE L’ÉTUDE

La plupart des études se concentrent sur le monitoring de l’activité cérébrale (65 articles),
tant émotionnelle [113, 115, 135, 137–158] que cognitive [109, 111, 112, 116, 126, 159–
193], tandis que 42 et 34 articles concernent respectivement les domaines de la BCI
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FIGURE 3.8 – Pays d’origine de l’affiliation (laboratoire, institut ou université) du premier
auteur. Carte générée à partir de https://mapchart.net/world.html.

[117, 133, 134, 194–232] et clinique [110, 112, 114, 233–263] (Figure 3.10). Les quatre
autres articles proviennent de champs divers [127, 264–266] (marketing, élimination des
artefacts, etc...). Cette liste confirme le riche potentiel de l’analyse EEG et motive la
nécessité des techniques avancées de traitement des signaux pour aider les cliniciens
dans leur interprétation de l’EEG.

Les dates de publication révèlent que ce champ de recherche est récent, avec un
démarrage au début des années 2010, et un réel essor à partir de 2015 (Figure 3.9 a),
le nombre de publications sur l’année 2018 seule équivalant au nombre d’articles publiés
sur 2015 et 2016 combinés.
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FIGURE 3.9 – Répartition des articles par année et domaine de publication. a) Nombre
d’articles publiés par année, de 2004 à mai 2020. b) Nombre d’articles publiés par année
et par domaine. Pour faciliter la lecture de l’histogramme, les catégories comprenant
moins de 5 publications n’ont pas été incluses dans la figure.

Nous avons également examiné le nombre de publications par domaine par an (Figure
3.9 b). Afin de faciliter la lecture, nous avons concentré l’analyse à partir de 2015 sur
les 4 catégories regroupant les plus d’articles, à savoir le diagnostic clinique, les BCI,
le monitoring cognitif et émotionnel. Il semble que ces deux dernières catégories soient

https://mapchart.net/world.html
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celles qui présentent la progression la plus forte.

3.6.2.3/ DONNÉES UTILISÉES

Quantité de données

Le fait qu’une étude porte sur un sujet particulier ou non a un impact sur la perfor-
mance de classification. Ainsi que nous l’avons vu précédemment, les modèles intra-
sujets, qui sont formés et utilisés sur les données d’un seul sujet, conduisent souvent
à des performances plus élevées puisque le modèle ne doit tenir compte que de la va-
riabilité intra-individuelle. Cependant, cela signifie que le modèle n’est entraı̂né sur les
données que d’un seul participant, et bénéficie donc le plus souvent d’un nombre d’es-
sais moindre. Dans les études inter-sujets, en particulier les études dites en “single-trial”,
les modèles reçoivent généralement plus de données, car davantage de sujets sont in-
clus, mais doivent faire face à une plus grande variabilité des données, puisque celle-ci
sera non seulement intra- mais aussi inter-individuelle.

Dans les études sélectionnées, 48% se sont concentrées uniquement sur l’approche
intra-sujet, 27% sur l’approche inter-sujets, 24% sur l’approche single-trial, et 1% (2 ar-
ticles) ont tenté une combinaison intra/inter-sujets. Il est à noter ici que les études relèvent
nécessairement de l’une de ces 3 catégories. Toutefois, la façon dont les données sont
gérées sur ce point est rarement mentionnée explicitement dans les études, essentielle-
ment car la méthode employée et la façon de présenter les résultats en dépend, ce qui
peut rendre l’information redondante, quoique parfois peu claire. Dans le cadre de cette
analyse, nous avons choisi d’examiner les protocoles et les résultats présentés afin d’at-
tribuer l’une de ces catégories aux articles qui ne la spécifiaient pas textuellement (Figure
3.11 a).

Nous nous sommes penchés sur le nombre d’essais utilisés par sujet et par classe (Fi-
gure 3.11 b), ainsi que le nombre de sujets (Figure 3.11 c) pour chaque article, selon
sa gestion des sujets. Sans surprise, le nombre moyen d’essais est le plus élevé pour
la gestion en single-trial (694 essais ± 1637), puisque le nombre de sujets est multiplié
par le nombre d’essais enregistrés pour chacun d’eux. Le nombre d’essais consacrés à
la classification est le plus bas pour l’intra-sujet (347 essais ± 581), et est de 415 essais
± 1089 pour l’inter-sujets. On notera toutefois la grande dispersion du nombre d’essais
dans une même catégorie, qui démontre qu’il n’existe pour le moment aucune règle d’or
concernant le nombre d’essais minimal à intégrer au classificateur.

De manière intéressante, on remarque par contre une différence plus marquée entre les
études ayant un protocole inter-sujets (141 sujets ± 328) et celles appartenant aux deux
autres catégories (13 sujets ± 10 et 25 sujets ± 22 respectivement). En effet, le nombre
de sujets requis pour classer justement les participants doit être suffisamment élevé pour
pouvoir entraı̂ner le SVM, tandis que la classification intra-sujet, surtout lorsqu’elle vise à
expérimenter une nouvelle méthode, peut très bien n’être pratiquée que sur un seul sujet.

Paramètres d’enregistrement

Un grand nombre d’articles (voir section Reproductibilité) repose sur des enregistrements
EEG privés, effectués expressément pour cette étude. Nous avons donc examiné les
paramètres de ces enregistrements, à commencer par le type de casque EEG utilisé
(Figure 3.12 a). Nous avons tout d’abord constaté que près d’un tiers des articles ne
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à
tD

C
S

(1
)

•A
tt

en
ti

on
d
iv

is
ée

(1
)

•C
al

cu
l

(3
)

•C
on

d
u
it

e
(6

)

•D
ét

ec
te

u
r

d
e

m
en

so
n
ge

P
30

0
(2

)

•D
is

cr
im

in
at

io
n

d
e

tâ
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FIGURE 3.10 – Domaine principal de chaque étude. Le nombre d’articles de chaque
catégorie est indiqué entre parenthèses. Les études traitant de plus d’un sujet ont été
classées selon leur thème principal.
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FIGURE 3.11 – Différentes approches sont utilisées dans la gestion des sujets : classi-
fication intra-sujet, inter-sujets ou single-trial (ST). a) Nombre de publications par type
d’approche. b) Nombre d’essais utilisés par sujet dans chacune des trois approches. c)
Nombre de sujets utilisés dans chacune des trois approches.

spécifiaient rien sur le matériel (NS = 47). Un grand nombre de ces articles a eu recours
à des jeux de données disponibles publiquement, et ont par conséquent choisi de laisser
le lecteur chercher ces informations dans la description desdites données, qu’elle soit
fournie ou non avec celles-ci. Lorsque la provenance du matériel est définie, ces appareils
proviennent en majorité des entreprises NeuroScan, Biosemi et Electrical Geodesic Inc.,
qui comprennent jusqu’à 256 canaux. Il est intéressant de constater que les casques
EEG portatifs et/ou comprenant peu d’électrodes, tels que les appareils Emotiv, InteraXon
et Enobio sont loin de représenter la majorité, alors que la Figure 3.12 b - qui montre
le nombre d’électrodes non pas enregistrées mais conservées pour analyse dans les
études - marque une nette tendance à l’utilisation de moins de 32 électrodes, autrement
dit de l’EEG basse résolution. Les enregistrements EEG sont donc fréquemment faits
avec un grand nombre d’électrodes au départ, pour n’en conserver finalement que peu.

De plus, la fréquence d’échantillonnage, qui définit le nombre de points de données
pour chaque seconde, est en moyenne de 713 Hz, mais avec un écart-type de 2830
Hz, les valeurs allant de 20 à 20 000 Hz (Figure 3.12 c). Il s’agit ici des fréquences
utilisées pour l’analyse et non pour l’enregistrement. Dans quasiment tous les cas, un
sous-échantillonnage est pratiqué afin de réduire la masse de données et de faciliter
l’analyse en termes de puissance de calcul. Bien que 35.1% des articles aient retenu
une fréquence située entre 200 et 256 Hz, on peut constater encore une fois qu’aucune
règle d’or n’existe et que le plus souvent, la fréquence de ré-échantillonnage est définie
arbitrairement.

3.6.2.4/ TRAITEMENT EEG

Pré-traitement

Le prétraitement des données EEG comprend généralement plusieurs étapes générales,
telles que l’application de filtres passe-bande, le re-référencement des électrodes,
l’élimination des artéfacts dus à la pollution électrique de la pièce et aux mouvements
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FIGURE 3.12 – Caractéristiques du matériel et fréquence d’échantillonnage. a) Nom et
fabricant du matériel EEG utilisé. b) Nombre d’électrodes conservées pour l’analyse. c)
Fréquence d’échantillonnage utilisée pour l’analyse (en Hertz).

oculaires et musculaires, la soustraction par rapport à une ligne de base, etc... Tout au
long du processus d’examen des documents, nous avons constaté qu’un nombre différent
d’étapes de prétraitement était utilisé dans les études, dans différentes combinaisons, al-
lant d’un simple filtrage notch à l’application de l’ensemble des étapes possibles.

Nous avons séparé les documents en deux catégories selon qu’ils utilisaient ou non des
étapes de prétraitement : “Oui”, dans les cas où un prétraitement a été utilisé ; ”Non”,
lorsque les auteurs n’ont mentionné aucun prétraitement (Figure 3.13 a).

Élimination des artéfacts

Les techniques d’élimination des artefacts sont dédiées au bruit spécifique issu des mou-
vements oculaires et musculaires du sujet [267].

L’élimination des artéfacts est une étape cruciale pour obtenir de bonnes performances
de classification EEG [268] comme le souligne l’adage “garbage in, garbage out”. Nous
avons donc examiné les différentes façons de s’en débarrasser (Figure 3.13 b).

Les techniques d’élimination des artefacts nécessitent généralement l’intervention d’un
expert humain [269], soit s’appuyant entièrement sur celui-ci, comme dans le cas de
l’inspection visuelle (10.3% des articles), soit exigeant son intervention pour la sélection
des composants représentant du bruit, comme dans le cas de l’analyse en composantes
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indépendantes (ICA) pour 22.8% des études.

Il existe une myriade de techniques de détection automatique des artéfacts, telles que
l’utilisation de seuils d’amplitude, la séparation aveugle des sources (BSS), l’élimination
du bruit par analyse de variance (xDAWN), etc... que nous avons simplement regroupées
sous l’appellation “automatique”.

Près de la moitié (44.1%) des articles n’ont apparemment pas jugé nécessaire de rensei-
gner une quelconque méthode de nettoyage des artéfacts.

Extraction de caractéristiques

L’extraction des caractéristiques du signal est l’une des étapes les plus exigeantes de
la chaı̂ne de traitement EEG traditionnelle. Le principal objectif d’un grand nombre des
articles examinés (45.5%) est même d’ailleurs de rechercher les caractéristiques les plus
représentatives de l’activité cérébrale des conditions à classer, et des méthodes automa-
tiques de sélection des sous-ensembles de caractéristiques les plus pertinents.

Les informations du domaine fréquentiel de l’EEG sont largement utilisées, notamment
les densités spectrales de puissance des bandes de fréquences classiques en EEG,
courant de 1 Hz à 40 Hz ont été utilisées comme caractéristiques. Plus précisément, les
auteurs ont sélectionné les bandes delta (1-4 Hz), thêta (5-8 Hz), alpha (9-13 Hz), bêta
inférieur (14-16 Hz), bêta supérieur (17-30 Hz) et parfois gamma (31-40 Hz). En outre,
d’autres études ont utilisé des combinaisons de caractéristiques spectrales, mais aussi
temporelles ainsi que l’entropie, entre autres, comme données d’entrée au SVM.

Nous avons ainsi répartis les articles en quatre catégories : “EEG brut”, “domaine
fréquentiel”, “combinaison” (dans le cas où plus d’un type de caractéristiques a été uti-
lisé), et ”autre” (pour les articles n’utilisant ni l’EEG brut ni les caractéristiques du domaine
fréquentiel). Les études qui n’indiquaient pas le type d’entrée ont été classées dans la
catégorie “NS” (non spécifié) (Figure 3.13 c). Nous pouvons remarquer que cette fois,
le nombre d’études qui ne spécifient pas ce paramètre est très faible, soulignant donc
l’importance cruciale que revêt l’extraction de caractéristiques.

Normalisation

Le SVM suppose que les données avec lesquelles on travaille se situent dans une four-
chette standard. Il est donc très important de normaliser les vecteurs de caractéristiques
avant de les introduire dans le classificateur pour l’entraı̂nement. Les caractéristiques
doivent être normalisées par dimension, et non par essai. Il existe différentes méthodes
pour ce faire : faire correspondre les valeurs minimales et maximales d’une dimension
donnée à 0 et 1, ou à -1 et 1 (normalisation min-max), ou, le plus souvent, soustraire
la moyenne des valeurs et diviser par l’écart type (aussi appelé z-score). Une absence
de normalisation peut fausser les résultats du classificateur en donnant davantage d’im-
portance à l’une des caractéristiques, en particulier pour les kernels sensibles à cette
problématique, tels que le kernel RBF.

Or, comme le montre la figure 3.13 d, le nombre d’articles pour lesquels aucune normali-
sation n’est mentionnée est écrasant : 74.5%. Parmi les articles restants, 13.8% ont opté
pour une normalisation z-score, et le reste se répartit sur des variantes de la normalisa-
tion min-max.
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FIGURE 3.13 – Choix effectués concernant le pré-traitement EEG. a) Pourcentage d’ar-
ticles ayant appliqué un pré-traitement (filtrage, interpolation d’électrodes etc...) ou non,
ou n’ayant rien spécifié (NS). b) Pourcentage d’articles ayant utilisé une méthode auto-
matique ou humaine, ou n’ayant rien spécifié concernant la conservation, l’élimination ou
la correction des artéfacts (NS). c) Pourcentage d’articles ayant utilisé le signal EEG brut,
extrait des caractéristiques du domaine fréquentiel, une combinaison des deux, d’autres
caracéristiques, ou n’ayant rien spécifié (NS). d) Pourcentage d’articles ayant appliqué
une normalisation des données lors de la classification (z-score ou autre), ou n’ayant pas
spécifié de normalisation quelconque (NS).

3.6.2.5/ MÉTHODOLOGIE SVM

Ainsi que nous l’avons vu précédemment, le type de kernel utilisé et les hyperparamètres
choisis pour celui-ci ont une forte influence sur les résultats de la classification SVM. Nous
avons donc voulu savoir si l’optimisation de ces paramètres, ou, à défaut, l’indication des
valeurs retenues était une pratique courante dans la classification des signaux EEG.
Les résultats présentés dans la Figure 3.14 a, b et c montrent clairement que ce n’est
pas le cas : sur 145 articles examinés, 103 n’ont usé d’aucune méthode d’optimisation
des hyperparamètres, et 112 ne fournissent pas les hyperparamètres retenus. Seules 60
études ont optimisé et/ou fourni les coefficients des kernels utilisés. Parmi les protocoles
incluant une phase d’optimisation, la méthode retenue dans 66.7% des cas était celle de
la recherche par grille.

En outre, 30 articles ne mentionnent pas même le kernel utilisé pour entraı̂ner leur
modèle SVM (Figure 3.14 d). Nous pouvons tout de même constater que les deux kernels
les plus populaires sont le linéaire et le RBF. Il nous est en revanche impossible de dire si
les auteurs n’ont pas connaissance de l’importance de ces éléments et ne les ont donc
pas appliqués du tout, ou s’ils ont utilisé une méthode ou des paramètres particuliers
mais n’ont pas jugé bon d’inclure ces informations dans leur article.
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FIGURE 3.14 – Choix effectués concernant les hyperparamètres du SVM. a) Pourcen-
tage d’articles ayant ou non utilisé une méthode d’optimisation des hyperparamètres du
SVM. b) Pourcentage d’articles ayant ou non précisé les valeurs retenues pour les hyper-
paramètres du SVM. c) Pourcentage d’articles ayant ou non proposé l’un ou l’autre. d)
Nombre d’articles ayant choisi tel ou tel kernel (NS : non spécifié).

3.6.2.6/ RÉSULTATS OBTENUS

Evaluation de la performance de classification

Sans surprise, le moyen de mesure de la performance le plus employé est l’accuracy
de classification, dans quasiment toutes les études, sauf celles privilégiant l’utilisation de
l’aire sous la courbe (AUC). Les autres métriques sont également issues de la matrice de
confusion : sensibilité, spécificité etc... (Figure 3.15 a).
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FIGURE 3.15 – Métriques de performance et méthodologie de validation croisée retenues.
a) Métriques de performance utilisées dans les articles analysés. Un même article peut
avoir employé plusieurs d’entre elles. b) Approche retenue pour la validation croisée (NS :
non spécifiée).

Procédure de validation

Les techniques de validation croisée utilisées dans les études sélectionnées sont
présentées dans la figure 3.15 b. Là encore, un assez grand nombre d’études (29 articles)
n’a pas mentionné l’utilisation de la validation croisée. La catégorie “k-fold + permuta-
tions” comprend les études qui font des permutations aléatoires entraı̂nement/validation,
entraı̂nement/test ou entraı̂nement/validation/test, ainsi que les études qui ont mentionné
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la division de leurs données en ensembles de formation, de validation et de test, mais
qui n’ont pas fourni de détails sur la méthode de validation. La procédure k-fold, avec ou
sans permutations, est la plus employée.

3.6.2.7/ REPRODUCTIBILITÉ

Nous avons repris la méthode de Roy et al. (2019) [136] pour évaluer la difficulté à repro-
duire les protocoles mis en œuvre, qui est fonction de la disponibilité des données et du
programme utilisés pour la classification :

— Facile : code et données disponibles

— Moyenne : code ou données disponibles sur demande

— Difficile : données disponibles, mais code non disponible

— Impossible : ni le code, ni les données ne sont disponibles. Ainsi que le démontre la
figure 3.16, 98.6% des études sont très difficiles ou impossibles à reproduire. C’est
un exemple criant de la crise de la reproductibilité.
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FIGURE 3.16 – Reproductibilité des études examinées. a) Disponibilité du code utilisé
pour le pré-traitement et/ou la classification. b) Disponibilité des données EEG utilisées
dans les articles. c) Estimation du niveau de reproductibilité des études (Facile : code
et données disponibles, Moyen : code ou données disponibles sur demande, Difficile :
données disponibles mais pas le code, Impossible : ni les données ni le code ne sont
disponibles.

3.6.3/ LIMITATIONS

Nous avons examiné les éléments qui nous semblaient les plus pertinents pour illustrer
l’état de l’art de la classification de signaux EEG par SVM. Toutefois, certains paramètres
relevés dans les articles de cette revue, tels que la comparaison avec d’autres classifica-
teurs, les logiciels utilisés pour l’analyse, le détail des tâches présentées aux sujets etc...
n’ont pas été inclus. Ensuite, nous avons choisi de rejeter les articles se focalisant sur les
données de sommeil et d’épilepsie, car nous travaillons sur des potentiels évoqués par
des tâches précises, et ces données n’en contiennent pas.

Troisièmement, nous n’avons interrogé que la base de données Pubmed, mais il ne fait
aucun doute que la consultation d’autres bases, telles que Google Scholar ou Springer
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aurait pu nous amener davantage d’articles à prendre en compte. Enfin, l’inclusion d’ar-
ticles en pré-publication sur la base arXiv aurait pu nous donner un aperçu des méthodes
les plus récentes utilisées en 2020, mais nous avons préféré privilégier des articles ayant
fait l’objet de relecture par un comité d’experts.

Nous estimons toutefois qu’au vu des résultats assez tranchés que nous avons obtenus,
nous présentons ici une synthèse représentative de l’état de l’art.

3.6.4/ RECOMMANDATIONS

Plusieurs recommandations émergent de cette synthèse des travaux existant sur EEG
et SVM. Tout d’abord, les données utilisées doivent être clairement décrites : nombre de
sujets, d’essais, le nombre de caractéristiques extraites et leur nature exacte, en parti-
culier dans le cas des méthodes de sélection automatiques et de combinaisons de ca-
ractéristiques. En outre, lorsque cela est possible, l’utilisation de jeux de données pu-
blics est préférable, afin que les méthodes d’extraction et de classification puissent être
aisément comparées, ou à défaut, mettre à disposition les enregistrements “maison”.

Concernant la comparaison des méthodes, le partage du programme utilisé, incluant les
choix effectués en termes d’hyperparamètres, de kernels et de détails du modèle, est
absolument nécessaire pour la vérification par les pairs et pour la reproductibilité des
résultats. L’architecture de la validation croisée doit également être clairement spécifiée,
puisque des erreurs à ce niveau peuvent mener à un surajustement du modèle, et à une
performance artificiellement meilleure.

Enfin, une comparaison systématique des résultats obtenus par de nouvelles méthodes
doit être réalisée avec les méthodes bien connues dans l’état de l’art, ou à défaut, avec
des données générées aléatoirement afin de s’assurer que les performances obtenues
ne sont pas dues au hasard.

3.6.5/ CONCLUSION

Nous avons donc, tout au long de ce travail de thèse, pris en compte autant que pos-
sible ces recommandations et présenté des travaux à la fois clairs et reproductibles sur
la classification de signaux EEG dans le cadre du diagnostic différentiel entre la ma-
ladie d’Alzheimer et la dépression d’une part, et dans le diagnostic des troubles de la
conscience liés à un traumatisme hypoxique d’autre part.
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LA MÉMOIRE MUSICALE COMME CIBLE
DU DIAGNOSTIC DIFFÉRENTIEL ENTRE

DÉPRESSION ET DÉMENCE

MUSIQUE ET MÉMOIRE

Les difficultés mnésiques de la maladie d’Alzheimer et de la dépression relevant de
mécanismes a priori différents [270], la mémoire semble être un axe de recherche perti-
nent pour des neuromarqueurs discriminants.

Parmi les fonctions mnésiques, la mémoire sémantique musicale, définie par la capacité
d’un sujet à identifier des extraits musicaux connus, sera privilégiée. Il s’agit d’une sous-
catégorie de la mémoire sémantique, soit l’encodage des concepts indépendamment des
circonstances de l’apprentissage. Elle permet l’identification des musiques entendues et
induit un sentiment de familiarité lorsque celles-ci sont bien connues du sujet, autrement
dit la reconnaissance d’une musique sans pour autant y associer systématiquement une
étiquette verbale. L’association de cette représentation perceptive à des connaissances
verbales, comme par exemple le titre ou l’interprète de la musique, implique cette fois
l’intercession de la mémoire épisodique, qui permet la mémorisation des informations
autobiographiques contextuelles aux conditions spatiales et temporelles d’exposition à la
musique [271].

Bien que la musique fasse intégralement partie de la culture humaine depuis les débuts
de l’espèce, la mémoire musicale n’a été que peu étudiée par rapport aux formes de
mémoire visuelle et verbale dans le vieillissement et la démence. Au cours de ces
dernières années, toutefois, quelques études cliniques, portant sur des patients aupara-
vant musiciens atteints de la maladie d’Alzheimer, ont mis en évidence une préservation
de la capacité musicale, contrairement aux déficits mnésiques et langagiers [272], et ont
conduit à des travaux plus systématiques chez les patients Alzheimer non musiciens.

Étant donné que la pathologie Alzheimer affecte les lobes temporaux dès le stade
précoce, il serait attendu que la mémoire musicale à long terme explicite, tant sémantique
qu’épisodique soit altérée très tôt, tandis que les régions cérébrales impliquées dans
la mémoire implicite semblent épargnées jusque dans les stades les plus avancés,
suggérant une conservation des capacités procédurales des musiciens [273]. Tou-
tefois, des études de cas [274–276] ont démontré une certaine préservation de la
mémoire sémantique dans la reconnaissance de mélodies familières ainsi que des
traces d’apprentissage de nouvelles chansons aux différents stades de progression de la
dégénérescence.

Ainsi, deux tâches d’apprentissage implicite en mémoire sémantique musicale ont été
menées par Moussard et al. (2008) [277] chez les sujets âgés sains et ceux atteints
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de maladie d’Alzheimer à un stade léger et modéré : une tâche de catégorisation
(appréciation ou non d’extraits joués au piano) et une tâche de segmentation de flux
(sons à définir comme déjà entendus ou non), dans lesquelles les patients Alzheimer
présentaient des performances équivalentes aux groupes contrôles. La mesure de la
mémoire musicale épisodique, après apprentissage explicite par discrimination de nou-
velles mélodies, a montré que la performance des patients Alzheimer était inférieure à
celle des contrôles, indiquant une atteinte précoce de la mémoire épisodique dès le stade
léger de la maladie. Ces résultats rejoignaient ceux de l’étude de Bartlett et al. (1995)
[278] sur la reconnaissance musicale chez des patients Alzheimer à un stade modéré,
au cours de laquelle les patients Alzheimer ont commis le nombre plus important de
fausses alarmes pour les mélodies familières et non familières, confirmant ainsi un déficit
dans le processus d’encodage épisodique.

D’un point de vue neurofonctionnel, l’implication d’un réseau neural plus vaste de la
mémoire sémantique musicale a été démontrée, avec des activations des aires cingu-
laires antérieure et moyenne, du gyrus frontal inférieur gauche (aire de Broca), et plus
généralement de régions temporales et préfrontales dans les deux hémisphères, im-
pliquées spécifiquement dans la mémoire sémantique musicale mais pas verbale, ce qui
pourrait contribuer à la résistance parfois extraordinaire de cette mémoire dans la ma-
ladie d’Alzheimer [279]. D’autre part, par comparaison en IRMf des régions cérébrales
impliquées dans le traitement des musiques bien connues avec l’anatomie de la pro-
gression des altérations de la maladie d’Alzheimer, [280] ont montré que les réseaux
concernés n’étaient pas les mêmes : les régions du gyrus cingulaire antérieur et de
la pré-aire sensorimotrice impliquées dans la mémoire musicale à long terme sont les
dernières touchées par la maladie d’Alzheimer et ne recoupent quasiment pas celles
touchées par la dégénérescence du cortex. Cette explication neuro-anatomique soutient
l’hypothèse de la préservation de la mémoire musicale chez les patients atteints de la
maladie d’Alzheimer, et ce même à un stade avancé.

La mémoire à long terme pourrait donc être principalement évaluée en proposant des
études en mémoire sémantique musicale, dans le but de comprendre l’organisation des
connaissances musicales en mémoire.

L’ensemble de ces études montre une préservation de la capacité de familiarisation aux
nouvelles mélodies chez les patients Alzheimer. De plus, ce sentiment est plus fort
pour les mélodies suscitant des émotions intenses (ex. joie et peur), avec la mise en
évidence d’une mémorisation plus importante des extraits musicaux enjoués associés à
des émotions positives. Autrement dit, les émotions suscitées par la musique augmente-
raient l’encodage et la consolidation des traces mnésiques [281]. À l’heure actuelle, ce-
pendant, aucune étude portant sur la mesure de la mémoire musicale n’a été effectuée
chez les patients dépressifs.

Néanmoins, il a été noté que ces patients interprètent plus facilement les mélodies dans
un sens défavorable, quel que soit le nombre d’expositions préalables ceci étant lié à un
biais de négativité [282]. Cet effet de congruence à l’humeur nous permet de supposer
que la modification des capacités d’apprentissages implicites portera essentiellement
sur les mélodies aux contenus émotionnels positifs tandis que ces capacités resteront
relativement bien préservées pour les mélodies aux contenus émotionnels négatifs.
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IMAGERIE AUDITIVE MUSICALE

La plupart des études d’évaluation de la mémoire musicale nécessite une participation
active des sujets. Cependant, les patients atteints de démence souffrent fréquemment de
troubles de compréhension et d’expression qui peuvent alors biaiser les résultats obte-
nus. Or, il est possible grâce à l’imagerie cérébrale de mesurer la mémoire musicale en
l’absence de toute instruction, grâce tout d’abord à un apprentissage implicite par simple
exposition à des musiques non familières, puis à la mesure de la rétention mnésique
par amorçage implicite. L’apprentissage implicite est l’acquisition de connaissances par
le système cognitif, sans intention ni conscience manifestées par les sujets [283].

Plusieurs études ont pu mesurer l’activation de la mémoire musicale de manière au-
tomatique, c’est-à-dire avec une participation minimale du sujet, ce qui permet d’éviter
tout problème concernant des capacités de réponse altérées. Pour cela, les auteurs sont
partis de la capacité du cerveau à provoquer la sensation d’entendre des sons, et ce
même en absence de stimulation auditive. Cette illusion a été décrite en tant qu’ “image-
rie auditive” dans la littérature. Il a été démontré par Kraemer et al. (2005) [284] en IRM
fonctionnelle que l’écoute passive d’extraits musicaux dans lesquels ont été introduites
des périodes de silence à la place du son était suffisante pour provoquer une image
auditive lors de ce silence, ainsi que le caractère obligatoire de ce phénomène. Le cer-
veau a ainsi tendance à compléter de manière automatique les blancs lors de l’écoute
de chansons familières. De plus, une différence d’activité neuronale durant ces silences
a été observée entre les musiques définies comme inconnues et celles évaluées comme
familières par les auditeurs, et ce, que les pièces soient purement instrumentales ou
qu’elles comportent des paroles. En outre, une activation neuronale des cortex auditifs
primaire et secondaire lors de l’écoute de chansons inconnues ou familières a été mise
en évidence.

L’imagerie musicale implique des représentations mentales d’une complexité similaire à
celle de la musique perçue, et est aussi limitée par les mêmes restrictions : la musique
possède un ordonnancement temporel, et la partie suivante ne peut être entendue ou
imaginée que s’il y a eu activation de la précédente. Seule l’imagerie musicale est unidi-
rectionnelle [285]. La capacité à imaginer une musique progressant dans le temps et de
scanner cette progression lors de l’écoute suggère le maintien d’un métronome interne
qui donne le tempo de la musique interne. Ce processus peut être contrôlé puisque l’on
peut imaginer la même musique à un tempo plus ou moins rapide. Toutefois, le tempo
auquel la musique aura le plus souvent été entendue est stocké dans la mémoire à
long terme et est très fiable. Ce métronome interne permet à l’imagination d’activer des
représentations mentales qui évoluent correctement dans le temps. Ainsi, lors de l’in-
sertion d’un silence dans la musique, la complétion par le cerveau se fera sur le même
tempo, permettant, lors de la reprise de la musique, d’en être exactement au même point
dans la perception et dans l’imagerie invoquée [286].

Dans cette étude, le chronomètre interne est contrôlé par la donne d’un stimulus auditif
perceptible qui fournit sa structure temporelle comme une instruction au sujet pour l’ima-
gerie musicale. L’imagerie musicale qui se produit pendant les périodes de silence dans la
musique familière apparaı̂t donc comme la continuation spontanée d’une représentation
de la mémoire à long terme. Il s’agit donc d’une tâche implicite, avec comme hameçon
les passages musicaux entre 2 silences, contrairement à une tâche où il est demandé au
sujet d’imaginer activement une musique, correspondant à une imagerie explicite.
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La perception mentale d’une musique familière apparaı̂t donc particulièrement exacte,
tant au point de vue des paroles que du tempo [285, 287], de la hauteur [288, 289], du
timbre [290] et des émotions véhiculées [291].

Afin d’éviter les problèmes de coût et de disponibilité de l’appareillage, le protocole IRMf
de Kraemer et al. (2005) [284] a ainsi été transposé vers l’électroencéphalographie
haute résolution, non invasive et transportable au lit du patient. L’analyse de ce
phénomène en EEG-HR repose sur les potentiels évoqués auditifs observables sur
le tracé de l’électroencéphalogramme après une stimulation auditive répétitive. L’excel-
lente résolution temporelle caractéristique de l’EEG rend en outre cette méthode parti-
culièrement adaptée pour l’étude des stimuli évoluant rapidement dans le temps tels que
la musique.

En 2016, cette méthode d’investigation, nommée “projet Rihanna”, a été validée en phase
préclinique par Gabriel et al. (2016) [292] sur vingt sujets sains de moins de 60 ans.
L’étude consistait à faire écouter durant un premier EEG 5 chansons bien connues du
sujet et 5 qu’il ne connaissait pas du tout, puis dans un second temps à faire apprendre
par une exposition régulière (en moyenne deux fois par jour pendant quinze jours) ces
chansons inconnues (Figure 3.17). Au terme de cette phase d’apprentissage, un second
EEG était pratiqué afin de mesurer la mémorisation. Vingt périodes de silence de deux
secondes chacune étaient insérées dans les chansons lors de l’examen EEG, et les
réponses neuronales des sujets ont été examinées durant ces arrêts du stimulus musical
(Figure 3.18).
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FIGURE 3.17 – Déroulement de la procédure expérimentale.

RÉSULTATS EN ERPS

L’analyse de la mémoire musicale par imagerie auditive en EEG-HR repose sur les poten-
tiels ERPs auditifs observables sur le tracé électroencéphalographique après une stimu-
lation auditive répétitive. Une segmentation de l’activité à court terme sur les volontaires
sains a mis en évidence l’apparition successive de cinq périodes d’intérêt à partir du
début de la période de silence.
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FIGURE 3.18 – Schéma représentant le déroulement de l’expérience EEG. Le début et la
fin de chaque silence est repéré par un marqueur différent afin de retrouver ces périodes
sur le tracé EEG. 20 silences d’une durée de 2 secondes ont été introduits, avec un délai
variant de 2.5 à 3.5 s entre les périodes de silence. Les 10 chansons sont présentées
à l’écoute de manière aléatoire, deux fois de suite. Des pauses sont proposées au sujet
entre les sessions.

Réponse cérébrale précoce : N100-off

Dans l’étude de Gabriel et al. (2016) [292], aucune différence significative n’a été notée
entre les 4 catégories considérées au niveau de la N100-off, ce qui signifie qu’elle n’est
pas liée à la familiarité de chansons. Pour cela, on pourrait supposer que cette carte
correspond à un traitement attentionnel automatique du cerveau lors de l’arrêt brusque
de la chanson. Ceci est confirmé par l’origine frontale de cette onde, qui est notamment
impliquée dans les processus attentionnels [293].

Mécanismes attentionnels : MMN et P3a

— La MMN est ici induite par un silence inattendu [294]. Son rôle est de signaler
une rupture entre le stimulus sensoriel et les représentations mentales stockées
dans la mémoire [295]. Son amplitude varie en fonction de la puissance de
la violation mnésique. L’amplitude de la MMN est significativement plus petite
pour les chansons inconnues que pour les autres chansons. Cette diminution est
reflétée par une diminution de l’activité dans le cortex préfrontal et l’aire motrice
supplémentaire (SMA) [284]. Le cortex préfrontal est une région liée aux processus
de détournement automatique de l’attention et son activité était réduite de façon
similaire pour les chansons inconnues et nouvellement apprises. Cette réduction
n’est pas perceptible à l’enregistrement de surface car la plus grande partie du si-
gnal provient de la SMA, où le signal n’est réduit que pour les chansons inconnues.
Cette structure est considérée comme un générateur de la MMN [296] et est forte-
ment activée pendant la perception [297] et l’illusion [298] de chansons familières.

— Évoquée en réponse à des stimuli rares ou nouveaux, la P3a, à distribution fronto-
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centrale, semble correspondre au troisième train d’ondes ERP observé. D’après
[299], la P3a survient en général lors d’une violation des attentes musicales, c’est-
à-dire lorsque des accords incongrus apparaissent dans la mélodie. Dans cette
étude, c’est l’absence de musique au beau milieu d’une séquence musicale qui
génère l’incongruité provoquant la P3a. Cette réorientation de l’attention semble
être ici indépendante de la familiarité, en lien avec une égale activation de la SMA,
responsable de l’effet de familiarité, dans toutes les conditions.

Réponses cognitives : P300 et N400

— La première partie de cette période de stabilité est reflétée par une activité pariétale
positive. Il s’agit d’une onde P300, connue pour son implication dans les processus
mnésiques et l’apprentissage [300, 301]. Une P300 de plus grande amplitude est
observée pour les chansons connues, confirmant les résultats de [302] dans les-
quels l’amplitude de la P300 augmente lorsque les stimuli sont mieux encodés dans
la mémoire.

— La carte fronto-centrale négative observée chez Gabriel et al. (2016) [292] semble
correspondre à l’effet de familiarité de la N400. Toutefois, bien qu’il ait été montré
que l’amplitude de la N400 diminue de façon inversement proportionnelle à la fami-
liarité [303, 304], il n’a pas été observé ici de corrélation entre le degré de familiarité
et la force de la réponse.

RÉSULTATS DANS LE DOMAINE FRÉQUENTIEL

Une analyse de la puissance spectral a été effectuée sur les neuf ROI afin d’évaluer les
mécanismes cérébraux impliqués dans les activités à long terme pendant la période de
silence. Une différence significative a été mise en évidence entre les chansons familières
et inconnues dans la ROI centro-médiane, principalement entre 5 et 10 Hz, correspondant
à la fois à la bande thêta supérieure (5-7 Hz) et à la bande alpha inférieure (8-10 Hz).

Les chapitres 4 et 5 se basent sur ces résultats, publiés par Gabriel et al. (2016) [292],
dont l’article complet est disponible dans l’annexe A.



4
MODULATION DE L’ENCODAGE ET DU

RAPPEL EN MÉMOIRE PAR LES STIMULI
AFFECTIFS

Afin d’étudier la mémoire musicale dans des conditions optimales, il est important de te-
nir compte du fait que la mémoire n’est pas qu’une somme de souvenirs, mais obéit à
des affects personnels, tels que les émotions ou le caractère plaisant ou non des stimuli
à mémoriser. Ainsi l’apprentissage, et par conséquent ces neuromarqueurs, peut être
influencé par ces paramètres, dont il est alors nécessaire de tenir compte. Une des diffi-
cultés de cette étude est de comprendre comment les auditeurs réagissent à la musique.
Il a souvent été suggéré que l’attraction exercée par la musique vient de son pouvoir
émotionnel. De plus, du fait de sa grande ubiquité, la musique a été identifiée comme un
élément important dans la construction des souvenirs autobiographiques.

4.1/ MUSIQUE, APPRENTISSAGE ET APPRÉCIATION

La musique évoque généralement des émotions grâce à la manipulation des attentes
cognitives, et la musique plaisante l’est souvent parce qu’elle construit et répond à ces at-
tentes [305]. Les préférences musicales sont connues pour être associées aux réponses
émotionnelles [306]. Il sera donc nécessaire d’explorer l’influence de l’appréciation musi-
cale sur l’apprentissage.

Une des plus importantes motivations à écouter de la musique est le plaisir induit par
cette activité. Bien que de nombreux déterminants tels que la personnalité de l’individu
[307], ou l’information contextuelle contribuent à la préférence musicale, la structure de la
chanson joue un rôle prédominant. Si un individu apprécie d’entendre une séquence de
sons organisée dans le temps, ce n’est pas uniquement à cause des propriétés acous-
tiques de ces sons (timbre, harmoniques), mais aussi parce que leur organisation en
schémas génère des attentes et des anticipations de la part du cerveau [308].

Les attentes et les anticipations sont nécessaires pour suivre l’information musicale en-
trante à de multiples niveaux [309] et pour faire des prédictions sur ce qui va être entendu
juste après [310–312]. Elles sont générées en temps réel, sous la forme d’un composant
semblable à l’imagerie inclus dans l’écoute de la musique. À cet égard, la dimension tem-
porelle est la clef de la compréhension des mécanismes neuraux menant à la préférence
musicale [309, 310].
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Comme nous sommes capables de recréer de façon interne une expérience auditive du
stimulus musical, les processus spatiaux et temporels mis en place durant l’imagination
d’une chanson sont remarquablement similaires à ceux observés pendant la percep-
tion [298, 313–315]. La structure musicale (tempo, hauteur), mais aussi les émotions
intégrées dans une chanson sont mentalement perçues avec une grande efficacité [291].
Ainsi, la préférence musicale devrait être un autre paramètre préservé pendant l’imagerie
musicale, ce qui rend nécessaire sa prise en compte lors de l’étude des ERPs, puisque
tout comme les émotions, elle est susceptible d’en influencer l’amplitude ou la latence.

4.2/ RÉSUMÉ DE L’ARTICLE

Les résultats de cette étude ont été publié dans la revue International Journal of Psycho-
physiology en 2018, sous le titre Evidence for a neural signature of musical preference
during silence. L’article en lui-même figure dans l’annexe B.

4.2.1/ INTRODUCTION

Bien que l’une des plus grandes motivations pour écouter de la musique soit le plaisir sus-
cité par cette activité, on sait peu de choses sur les mécanismes neuronaux qui suscitent
notre goût pour une chanson. La capacité à faire des prédictions sur la continuation d’une
chanson tout en l’écoutant est un déterminant important de l’appréciation musicale, mais
elle est difficile à explorer car le traitement neural de la musique en cours se produit en
même temps que les processus de prédiction sont générés. Pour éviter cette limitation,
il est possible d’explorer les mécanismes de prédiction sous-jacents du processus de
préférence musicale, non pas pendant la perception, mais pendant l’imagerie musicale
spontanée due à la complétion automatique de paroles manquantes.

4.2.2/ MATÉRIEL ET MÉTHODES

Nous avons exploré les mécanismes neuronaux de l’appréciation musicale chez vingt vo-
lontaires sains. Dans un premier temps, nous leur avons demandé d’écouter cinq chan-
sons inconnues pendant deux semaines. Par la suite, les deux chansons jugées les plus
appréciées et les deux moins aimées ont été sélectionnées.

Les corrélats neuronaux de la préférence musicale ont été étudiés par EEG-HR à l‘aide
d’un casque Geodesic Sensor Net à 256 électrodes pendant l’écoute de ces chan-
sons dans lesquelles vingt périodes de silence de deux secondes chacune avaient été
insérées.

4.2.3/ RÉSULTATS ET DISCUSSION

Plusieurs mécanismes neuronaux liés à l’évaluation ont été mis en évidence. Tout au long
de la période de silence, des activités oscillatoires spécifiques sont apparues à l’analyse
temps-fréquence, entraı̂nant des changements dans l’activité thêta et alpha au sein de
structures cérébrales particulières telles que le gyrus frontal inférieur et le gyrus temporal
supérieur, connus pour être impliqués dans la récupération de la musique. Cette étude
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Comparaison
chansons appréciées

vs non appréciées

5 chansons 
inconnues

2 chansons 
non appréciées

EEG-HR

2 chansons
 appréciées

Apprentissage
des chansons

inconnues

2 semaines

FIGURE 4.1 – Déroulement de la procédure expérimentale.

montre comment notre connaissance du stimulus constitue la base d’un jugement de
préférence.

4.3/ EVIDENCE FOR A NEURAL SIGNATURE OF MUSICAL PREFE-
RENCE DURING SILENCE

Joucla Coralie1,2, Nicolier Magali1,2,3, Giustiniani Julie1,3, Brunotte Gaelle1], Noiret
Nicolas4,5, Monnin Julie1,2,3, Magnin Eloi4,6, Pazart Lionel1,2, Moulin Thierry1,2,6, Haffen
Emmanuel1,2,3, Vandel Pierre1,2,3,4, Gabriel Damien1,2
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6 Service de neurologie, CHRU Besançon, F-25000 Besançon, France

4.3.1/ ABSTRACT

One of the most basic and person-specific affective responses to music is liking. The
present investigation sought to determine whether liking was preserved during silence
in music. To this purpose, we inserted two-second silent intervals into liked and disliked
songs, a method known to automatically recreate a mental image of these songs. Neural
correlates of musical preference were measured by high-density electroencephalography
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in twenty subjects who had to listen to a set of five pre-selected unknown songs the same
number of times for two weeks. Time frequency analysis of the two most liked and the
two most disliked songs confirmed the presence of neural responses related to liking. At
the beginning of silent intervals (400-900 ms and 1000-1300 ms), significant differences
in theta activity were originating from the inferior frontal and superior temporal gyrus.
These two brain structures are known to work together to process various aspects of
music and are also activated when measuring liking while listening to music. At the end of
silent intervals (1400 – 1900 ms), significant alpha activity differences originating from the
insula were observed, whose exact role remains to be explored. Although exposure was
controlled for liked and disliked songs, liked songs were rated as more familiar, underlying
the strong relationship that exists between liking, exposure, and familiarity.

Keywords: musical preference, auditory imagery, high density EEG

4.3.2/ INTRODUCTION

Sometimes it’s the space between the notes that makes all the difference in music. Si-
lence in music conveys information of major importance that was efficiently used by com-
posers like Mozart who said that “music is not in the notes, but in the silence between”.
Some authors have suggested that high-level musical information, such as familiarity, is
also present during silence: “When you listen to Mozart, the silence that follows is still
Mozart” [316].

In the early 2000s, neuroimagery studies confirmed that familiarity was processed during
silences, even when these silences were artificially inserted into music [284, 292]. Two
seconds of silent periods inserted in passively listened familiar music generate a neural
activity within regions of secondary auditory cortex, of the dorsolateral prefrontal cortex
and the supplementary motor area can occur [284]. In electroencephalography (EEG),
the response to familiar music is reflected by an increase in theta power during the whole
silence period [292]. Interestingly, the neural familiarity mechanisms occurring during si-
lence are similar between familiar songs and songs passively learned for two weeks,
showing the efficiency of passive learning processes in encoding musical information
[292].

To explain these neural responses in the absence of sound, it has been shown that silence
inserted in familiar music conveys the sensation of hearing a song internally without any
audible sound, which is referred to as auditory imagery. Several studies report similar
spatial and temporal processes during the musical perception and imagery of a song
[298, 313–315, 317]. The mental perception of a familiar piece of music occurs with a high
efficiency, and not only concerns the lyrics but also the tempo [285, 287], pitch [288, 289]
and timbre [290].

The present investigation sought to determine whether aesthetic musical judgement was
also present during silence in music. When we like listening to Mozart, do we still like
Mozart during the silences in its music? Music is a complex stimulus, and its affective
dimension is an integral part of the artistic and aesthetic experience, and the hedonic
appreciation of music, referred to as music liking, involves activation of areas responsible
for the feeling of pleasure [318]. The hypothesis of a preservation of liking in silence
is based on the important influence of familiarity on liking: becoming more familiar with
a particular piece of music increases the subject’s liking ratings for it [297]. Familiarity
and liking being two high level information processes often co-occurring when listening
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to music [319], they may as well co-occur during silences inserted in music. A second
argument supporting that liking may be maintained during silence is based on the fact
that emotions are preserved during auditory imagery [291].

The neural structures responsible for the mechanisms of liking have only been explored
while listening to music. Neuroimagery methods have linked the activation of several ce-
rebral areas to pleasure states when listening to music: the dorsal and ventral striatum,
right caudate nucleus, ventral putamen and nucleus accumbens in relation to dopamine
release in the reward system [320]. A functional architecture including anterior cingular
cortex, amygdala, insula, orbitofrontal cortex and nucleus accumbens as areas providing
evaluative responses such as the reward value of the stimulus has also been sugges-
ted [308, 321]. Other structures such as the inferior frontal gyrus (IFG) and the superior
temporal gyrus (STG) have been found to be specifically activated during liking/disliking
processes [297, 322].

A few recent studies have described the use of EEG in listening situations to investigate
the temporal dynamics of liking. Partially discordant results were found in terms of brains
rhythms among these studies. When comparing consonant to dissonant music, a positive
correlation between the synchronization in the mid-frontal theta band and the liking score
emerged, especially towards the end of the excerpts [323]. Two other studies [324, 325]
reported that beta and gamma bands were the best features to separate pleasant from
unpleasant music, followed by alpha et theta bands. In a recent study a biomarker of mu-
sic liking has been defined, relying on brain activations recorded over the left prefrontal
cortex and focusing on the functional coupling between high-beta and low-gamma os-
cillations [326]. The discrepancies observed in all EEG studies may be attributed to the
interference of the physical processing of sounds that impair the detection of the electro-
physiological activity related to liking. Should liking processes be present during silence,
we aimed to investigate whether the spatiotemporal dynamics would be similar to those
observed in listening situation. To study these dynamics, we chose to use high-density
EEG, whose spatial resolution allows localizing the neural structures involved in liking
processes and whose high temporal resolution is adapted to the time-frequency analysis
of these events. No predicted directions were given for time frequency analysis because
of the discordant results obtained in previous EEG studies. Because of the high-level
information that has already been shown to be preserved during silence, specific EEG
liking responses were thought to emerge, with neural activations at least partially similar
to those observed during listening situations.

4.3.3/ METHODS

The present study is a complementary analysis of the data from the study of [292] whose
primary objective was to explore the onset of the memory dynamics that lead to the
automatic completion of missing lyrics during spontaneous musical imagery.

4.3.3.1/ PARTICIPANTS

Twenty volunteers (7 male, 13 female, mean age = 32 ± 5 years old) participated in the
experiment. All participants were right handed, non-musicians (i.e. had not received any
formal musical training or had done so for less than 6 years), with no neurologic or psy-
chiatric diseases and normal audition. Written consent was obtained from participants
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prior to taking part in the study, and all received a monetary compensation of 50C. Re-
search methods were approved by the Committee for the Protection of Human Subjects
at the Clinical Investigation Center of Besançon (n°14/458).

4.3.3.2/ EXPERIMENTAL DESIGN

Five familiar songs chosen by the participant and five unfamiliar songs selected by the
experimenter among original soundtracks recorded by independent or relatively unknown
singers were used. Familiar and unfamiliar songs were paired to belong to the same
musical genre, sang by a singer of the same sex. All songs were in participants’ native
language. Loudness levels of all songs were equalized with the Replay Gain algorithm.

The first EEG recording was performed immediately after song selection. All songs were
randomly played over headphones and repeated twice. Each Song was 2 min in length
and twenty portions were replaced with two-second silent intervals randomly embedded
between 10 and 100 seconds after song onset and with a distance ranging from 2.5 to
3.5 seconds between gaps. This resulted in 200 trials within familiar songs and within
unknown songs. Silence and song presentation were accomplished using the E-Prime
software (Psychology Software Tools Inc. Sharpsburg, PA). Participants were instructed
to close their eyes and remain still while passively listened to the song. They were re-
quested to rate each song using a visual analog scale (0: unfamiliar ; 10: unfamiliar). The
knowledge of each song could thus be checked to ensure that subjects did not know any
of the unfamiliar songs. After the EEG recording, subjects were required to rate whether
they were mentally completing the gaps during the experiment.

Then there was a two-week learning period during which each subject was inquired to
listen regularly to the unfamiliar songs, and to note the frequency of song listened to per
day in a self-monitoring logbook. The participants listened to each song for an average
of 33.89 times (Average = 2.39 listening per day). All subjects listened to each of the five
unfamiliar songs the same amount of time.

The second EEG recording was scheduled after the two-week learning period. The recor-
ding had exactly the same design as for the first EEG, at the exception of the order of the
songs that was randomly selected. At the end of the recording, subjects were requested
to rate subjective liking/disliking (from 0: disliked to 10: liked a lot), emotions (from 0: very
sad to 10: very joyful) and familiarity (from 0: unfamiliar to 10: very familiar) for each song
with a visual analog scale.

4.3.3.3/ DATA ACQUISITION AND ANALYSIS

In this study, we focused on the liking of newly-learned songs, i.e. unknown songs that
were learned over the time course of two weeks, because they were controlled to be
listened to the same amount of time. Among the five newly-learned songs listened to by
participants, the two more preferred and the two least preferred songs were selected.
Only the neural responses from the second EEG were considered.

Subjects were seated in a comfortable chair in a dark quiet testing room. EEG signals
were recorded using a 256-channel Geodesic Sensor Net (Electrical Geodesics Inc. ;
EGI, Eugene, OR). Data were continuously recorded with a high-pass filter at 1 Hz, and a
sampling rate at 1000 Hz. Epochs of 2500 ms were extracted from the raw data beginning
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600 ms pre-silence onset and ending 1900 ms post-silence onset separately for liked and
disliked songs. A total of 80 trials was extracted for the more preferred and the least
preferred songs. A band-pass filter between 1 and 30 Hz and a notch of 50 Hz were
applied to remove unwanted frequency components. A baseline correction was applied
for each trial before silence onset (-600 to 0 ms). Periods with visually detectable artifacts
were removed from the analysis. Individual channels with artifacts were interpolated using
a 3-dimensional spine algorithm (maximum: 7% interpolated electrodes per subject).

Nine Regions of Interest (ROIs) were selected: left anterior, central anterior, right ante-
rior, left median, central median, right median, left posterior, central posterior and right
posterior (Figure 4.2).

Left anterior 

Central anterior

Right anterior

Left median

Central median

Right median

Left posterior

Central posterior

Right posterior

FIGURE 4.2 – The nine regions of interest. A: Anterior, M: Median, P: Posterior ; L: Left,
C: Central, R: Right.

Time-frequency analysis

To evaluate the long-term signal synchronization in the frequency domain during the en-
tire silent period, time-frequency analysis of silent was carried out in the whole time per-
iod on each ROI for liked and disliked songs. Spectral power from -50 ms pre-stimulus
to 1950 ms post stimulus (in 10 ms steps). The length of the sliding time window was
frequency dependent with 3 cycles at the minimum frequency of 3 Hz and 6 cycles at
the maximum frequency of 30 Hz. Fifty log-spaced frequencies from 3 Hz to 50 Hz were
calculated. We considered as theta the rhythmic activity occurring between 4 and 8 Hz,
alpha the activity between 8.5 and 12 Hz, and beta the activity above 12 Hz and be-
low 30 Hz. Time–frequency points were considered significant between liked and disliked
songs by a non parametric permutation-based statistical method [327]. A total of 1000
permutations were used at each frequency to assess significance at p<0.01. To increase
statistical power, only clusters of significant responses on several frequencies and several
time frames were considered as significant.

Source localization
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Based on the results of the time-frequency analysis, source localization was performed
on the frequency bands showing significant differences between liked and disliked songs.
Source localization was estimated using a distributed linear inversed solution based on
a local auto-regressive average (LAURA) model [328]. Activations obtained by source
imaging were compared for each condition and thus identified diverse regional brain acti-
vities. Voxelwise two-tailed t-tests were calculated on the mean LAURA source estimates
for liked and disliked songs. Differences in the current source density at p<0.001 are
reported.

4.3.4/ RESULTS

4.3.4.1/ BEHAVIORAL ANALYSIS

After two weeks of passive learning, the average liking rating was 5.3 ± 2.4 (range 0-10).
When separating the songs into the two most liked and the most disliked for each subject,
a 4 point difference was noted on average (Table 4.1). Since we selected the most and
less liked music for each subject, a highly significant difference was observed between
liking scores of liked and disliked songs (t(19)=9.55, p<0.001). The comparison of emo-
tions conveyed by liked and disliked songs revealed no significant difference (t(19)=0.81,
p=0.4). Although all songs were listened to for the same amount of time, a significantly
increased familiarity for a liked song was observed (t(19)=4.79 ; p<0.001).

Liking
Familiarity
Emotions

All songs Liked songs Disliked songs p value
5.4 ± 2.4
7.4 ± 1.6
4.8 ± 2.4

7.3 ± 2.1
7.8 ± 1.4
4.5 ± 2.2

3.3 ± 1.7
7.0 ± 1.7
5.0 ± 1.6

<0.000001
<0.001

n.s.

Tableau 4.1 – Musical appreciation, familiarity, and emotions for all 5 songs, as well as for
the most liked and disliked songs (mean followed by standard deviation). P value shows
the difference of scores between liked and disliked songs.

4.3.4.2/ TIME FREQUENCY RESPONSES

Time frequency analysis revealed three distinct time periods of significant differences
between liked and disliked songs: the first between 400 and 900 ms, the second between
1000 and 1300 ms, and the third between 1400 and 1900 ms (Figure 4.3). Differences
were mostly significant in the theta and alpha bands, with a desynchronization of theta
and a synchronization of alpha for liked songs. No differences were observed above 20
Hz.

Source localization was performed on the three time periods of difference. During the
first time period, a significantly stronger theta activity was observed in the left anterior
and central posterior ROIs (LA and CP in Figure 4.3). Statistics performed on source
localization could not reveal the source of the differences between both conditions, but
the right inferior frontal gyrus (IFG) was differentially activated at a lower significance
level of p<0.01 (Figure 4.4). In the second time period, a difference in theta activity was
observed in the right median ROI (RM in Figure 4.3). The main difference originated from
a stronger activation of the right superior temporal gyrus (STG) for disliked songs. In the
last time period, a difference in alpha activity was observed in the central anterior and the
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FIGURE 4.3 – Time frequency analysis performed over the nine ROIs during silence in-
serted into liked songs. Neural synchronizations (yellow) and desynchronizations (blue)
are represented at different frequency bands. Areas of significant differences (p<0.01)
between liked and disliked songs are surrounded in red.

right posterior ROIs (CA and RP in Figure 4.3). Source localization showed this difference
originated from the left Middle Temporal Gyrus and the right Insula.
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FIGURE 4.4 – Brain areas showing significant differences in activation between liked and
disliked songs. Left: source of difference in theta activity in the first time period. Middle:
source of difference in theta activity in the second time period (p<0.001). Right: source of
difference in alpha activity in the last time period (p<0.001). Areas more strongly activated
for liked songs are represented in red, and in blue for disliked songs.

4.3.5/ DISCUSSION

An original aspect of the present study was to explore the neural mechanisms of liking
during silence, thus offering the possibility of studying its emergence while removing any
acoustical interference. To study music liking in a naturalistic condition, we voluntarily
chose songs instead of using artificial excerpts of music and asked the participants to
simply listen to these songs for two weeks, as if they were hearing a new song on the
radio, for example. Moreover, we preferred using songs as material over using instrumen-
tal music because we were interested in the integrated memory representation for text
and melody in songs [329, 330]. In addition, the songs were not chosen according to
the emotions they raised. Although studies on liking usually focused on happy musical
extracts, since it is this type of music which most frequently leads to the highest liking
scores [331, 332]. It has been shown that sad music can also be highly appreciated by
listeners [333]. We thus chose the most appreciated and least appreciated songs regard-
less of their emotional valence. Moreover, since we have averaged over many different
songs, based on preference, we thereby canceling out differences related to the stimulus.

Our results show that, although participants were instructed to simply listen to the songs in
the experimental tasks, involuntary aesthetic judgements occurred during silences, which
is similar to familiar judgements that have already been noted in identical conditions [284,
292].

4.3.5.1/ ELECTROPHYSIOLOGICAL CORRELATES OF LIKING

The subjective aesthetic appreciation of a song was reflected by responses in theta and
alpha frequency bands in three time periods included in silent intervals. First responses,
frontal theta oscillations, have not only been reported in subjects listening to pleasant
musical pieces [323], but also in subjects performing a broad range of cognitive tasks
requiring attention or short term memory [334–336]. Here, it is likely that theta activity
observed in the two first time periods reflects both attentional and emotional mechanisms
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that could be part of the same process since an emotionally significant stimulus auto-
matically attracts attention [337]. It is, therefore, conceivable that participants were more
attentive during silences occurring in pleasant songs, waiting for the music to resume so
they could enjoy it again.

Variations in parieto-occipital alpha oscillations observed for liked and disliked songs
could be related to auditory attention mechanisms, and it is thus possible that liked music
attracted more attention than disliked songs, but this hardly explains why it occurred in
such a late period. A suggestion could be that participants were eager for the pleasant
songs to start again, and were attentively waiting for the end of silence gaps. However,
alternative explanations could explain the increase in alpha oscillations. For example, it
has also been suggested that alpha synchronization reflects an active process of inhibi-
tion of task-irrelevant areas [338]. As a consequence, variations in alpha oscillations may
also be related to increased relaxation consecutive to increased enjoyment and fewer
cognitive resources allocated to liked songs [339].

It should be noted that we did not find evidence that oscillations above 20 Hz were in-
volved in music liking, which contradicts some previous studies investigating music liking
through EEG signals [324–326]. In addition to the large methodological differences bet-
ween these studies and ours, the main distinction lies in that liking was measured at the
same time as music was perceived. In that respect, it is well known that frequencies above
20 Hz fluctuate during musical beat processing [340–342], a parameter especially difficult
to control in naturalistic conditions. Studying liking during silence may have reduced the
interference between beat processing and liking, even though some studies have shown
that tempo was well preserved during auditory imagery [285, 287]. Of course, it is also
possible that the processing of liking differs during silence and music perception and that
aesthetic information is not encoded the same way in both situations. However, the diffe-
rence in theta oscillations observed in our study, also found when listening to consonant
and dissonant music [323], may be more a signature of music liking.

4.3.5.2/ NEURAL SOURCES OF EEG ACTIVITY

Interestingly, sources of theta activity observed during silence were found to originate
from the IFG and the STG. These results corroborate previous fMRI studies that also
reported a stronger activation of the IFG for pleasant music and of the STG for unpleasant
music in listening situations [297, 322]. The IFG and STG are two structures known to
work together to process various aspects of music [308]. They are activated for musical
memory retrieval [298, 330, 343] and participate in the formation of a musical image [344].
The IFG is notably involved in the long-term musical memory retrieval [345], which is
essential for making accurate predictions about music. The auditory cortex in the superior
temporal region is a hub for liked, disliked and favorite music [346]. Our spatiotemporal
analysis of subjective liking/disliking during silence revealed that the IFG and the STG
do not work simultaneously but successively, increases in liking inducing first a stronger
activation of the IFG and then a reduced response of the STG. IFG being known to have
an inhibitory role on a number of brain systems and related behaviors [347], this structure
may inhibit the STG for processing information related to liked songs.

In the last period of silence, the differential activation of the insula suggests that hedonic
processes are involved. The insula contributes to the conscious experience of emotion
and its activation covaries with subjective feelings, which not only reflect physical stimulus
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intensity but also cognitive factors such as prediction [348].

There were surprisingly few cerebral areas activated for the aesthetic judgement of mu-
sic in our study, which differs from the large number of cerebral activations observed in
fMRI studies [297, 322, 346]. Since EEG surface signals are predominantly produced
by cortical structures, source localization methods have difficulties to localize deep brain
structures. This may explain why structures essential in liking processes such as the lim-
bic system structures and the hippocampus [346], could not be detected in our study.
Moreover, liking scores were not greatly different between liked and disliked songs, only
4 points on average, whereas some studies have been investigating participants’ favorite
songs [346] or compared dissonant and consonant music [323]. Finally, a possibility is
that aesthetic judgement is altered during silence compared to during music perception,
leading to a partially activated network of neural activations.

4.3.5.3/ RELATIONSHIP BETWEEN LIKING, EXPOSURE, AND FAMILIARITY

Since the liking for unfamiliar music is known to increase as a function of exposure time
[349, 350], we wanted to avoid any confounding effect by assuring that participants liste-
ned to liked and disliked songs the same number of times. Despite this control, we found
that liked songs were rated as more familiar than disliked songs, confirming that listeners
do not only like music that they remember but also remember music that they like [319].
This strong relationship between preference and familiarity is confirmed by source loca-
lization. The IFG and STG are two structures involved both in memory processes and
in liking. Moreover, emotion-related limbic and paralimbic regions as well as the reward
circuitry are known to be significantly more active for familiar relative to unfamiliar music
[297]. If musical preference depends on predictive processes based on our knowledge
of a song, it is then obvious that familiarity plays an important role. Further research is
necessary to clarify this point, although it would be extremely difficult, if not impossible, to
measure musical preference without any interference from familiarity and exposure.

4.3.6/ CONCLUSION

Results from the present study show that we like listening to a song, we still like this song
during the silences inserted inside. During silence, neural responses specific to liking
emerged under the form of oscillations in theta and alpha frequency bands originating
from the IFG and STG. These brain structures having previously been shown to be ac-
tivated when listening to liked music, similar neural networks may be involved in silence
and music. However, all liking processes may not present because there were less ce-
rebral areas activated for the aesthetic judgement of music in silence. The experimental
design used here nonetheless offer the opportunity to study the emergence of the spatio-
temporal dynamics of liking without physical interference of music.
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4.4/ COMPLÉMENT À L’ARTICLE PRÉCÉDENT : ANALYSE DES

ERPS

4.4.1/ MATERIAL AND METHODS: EVENT RELATED POTENTIAL ANALYSIS

ERP waveforms were averaged in each ROI and TW and mean amplitudes were submit-
ted to repeated measures analysis of variance (ANOVA) using the following factors: Liking
(liked/disliked), Gradient (anterior/median/posterior) and Laterality (left/central/right).

4.4.2/ RESULTS

The visual analysis revealed distinct ERPs in the four TWs of interest for both liked and
disliked songs. Statistical analysis revealed an interaction between Liking and Gradient in
TW2 (F(2,38)=3.85, p<0.05) and TW3 (F(2,38)=4.96, p<0.05).Post-hoc analysis (Fisher’s
LSD corrected) revealed that musical preference resulted in a difference in amplitude in
the anterior region for both TWs (TW2: p<0.05 ; TW3: p<0.01) (Figure 4.5). In TW2 and
TW3, statistics performed on source localization revealed that this difference mainly ori-
ginated from a stronger activity in the middle and right IFG for liked songs. Moreover, the
STG was also more strongly activated in TW2 for liked songs. No significant differences
were found between liked and disliked songs in TW1 and TW4.

4.4.3/ DISCUSSION

Inserting silent intervals resulted in the generation of an early error response occurring
at the same time as anticipation and expectations from music were processed. The error
response corresponded to a violation of the listener’s prediction and was modulated by
musical preference. Two TWs were specifically altered. The latency and topography of the
first one are similar to a mismatch negativity (MMN) component,a pre-attentive error res-
ponse that reflects a deviation from expected musical patterns [311, 312]. The duration of
the MMN was shorter for disliked songs, which could be attributed to a reduced prediction
violation. The positive distribution of TW3 was similar to a P3a, an ERP frequently evoked
after the MMN and that can also be interpreted as an error response. Because the P3a
reflects a process of selecting information within working memory, the cognitive load may
be reduced when having to spontaneously complete liked songs. For both the MMN and
the P3a, the neural source of difference was localized in the right IFG, a structure known
to be responsible for the generation of the MMN [351] and that was also involved in dif-
ferences in theta oscillations in the first time period. The IFG has multiple roles in music
processing, and we show here that it is used both in retrieving stored musical information
for a preference judgment and to indicate a violation of new musical expectancies.

4.5/ CONCLUSION

Cette étude a permis de mettre en évidence une activité cérébrale spécifique liée à
l’appréciation musicale, qui se traduit par des réponses spécifiques à court terme (MMN
et P3a), et par une activité à long terme (synchronisation/désynchronisation de l’activité
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FIGURE 4.5 – ERPs for liked and disliked songs in the three anterior ROIs. A significant
effect of gradient was obtained, with neural differences in musical preference on anterior
ROIs for both TW2 and TW3.

rythmique Thêta et Alpha). Ce protocole nous permet de distinguer de manière auto-
matique les chansons appréciées de celles qui ne le sont pas, ouvrant des perspectives
concernant l’amélioration de l’encodage et du rappel par neurofeedback pour moduler ces
rythmes cérébraux, ou en stimulant artificiellement les structures cérébrales concernées.



5
SVM APPLIQUÉ AU PROJET RIHANNA

Dans ce chapitre, nous appliquons la classification SVM aux données issues du projet
Rihanna. Nous souhaitons examiner la possibilité de discriminer automatiquement l’acti-
vité cérébrale issu de l’imagerie musicale sur chansons familières et inconnues, de façon
individuelle.

Cette étude fera l’objet d’un article, actuellement en préparation sous le titre de travail
Machine learning individual differences in the detection of electrophysiological responses
of musical familiarity.

5.1/ RÉSUMÉ DE L’ARTICLE

5.1.1/ INTRODUCTION

La prévalence de la maladie d’Alzheimer et de la dépression, qui touchent fortement la
population âgée, est en constante augmentation, mais des symptômes communs, en par-
ticulier au niveau des fonctions mnésiques, rendent difficile leur discrimination. Un proto-
cole combinant musique et imagerie cérébrale a été développé par Gabriel et al. (2016)
[292] pour estimer objectivement les capacités mnésiques par EEG-HR. Le principe est
d’écouter passivement des chansons familières et inconnues du patient, dans lesquelles
sont insérées de courtes périodes de silence. Si la chanson est connue, le cerveau tente
automatiquement de combler le silence, ce qui n’est pas le cas si la chanson est in-
connue. Toutefois, si ce protocole donne des différences significatives sur l’analyse de
groupe, sa transposition à l’échelle individuelle, nécessaire pour le diagnostic, est plus
délicate. Nous nous sommes donc dirigés vers le SVM, une méthode d’apprentissage
machine récente, pour discriminer automatiquement les essais des deux conditions.

5.1.2/ MATÉRIEL ET MÉTHODES

L’activité cérébrale de vingt volontaires sains a été enregistrée par EEG-HR pen-
dant l’écoute de 20 chansons familières ou inconnues, chacune entrecoupée de 21
périodes de silence. Nous proposons un pipeline consistant en une étape préliminaire
de prétraitement des données à l’aide de la méthode xDAWN, puis en l’exploration de
la meilleure façon d’extraire les informations pertinentes des enregistrements EEG tant
dans le domaine temporel que fréquentiel.

77
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5.1.3/ RÉSULTATS ET DISCUSSION

Les résultats montrent des différences significatives de la performance de classifica-
tion en fonction de la méthode d’extraction des caractéristiques du signal utilisée. Une
différence de performance est également observée d’un sujet à l’autre, confirmant la
présence d’une forte variabilité inter-individuelle. Enfin, notre étude souligne la nécessité
d’optimiser les hyperparamètres du SVM pour chaque sujet d’intérêt.

5.2/ MACHINE LEARNING INDIVIDUAL DIFFERENCES IN THE DE-
TECTION OF ELECTROPHYSIOLOGICAL RESPONSES OF MU-
SICAL FAMILIARITY

Joucla Coralie1, Gabriel Damien1, 2, Ortega Juan-Pablo3, 4, Haffen Emmanuel1, 2, 5 and
Grigoryeva Lyudmila6

1 Neurosciences intégratives et cliniques EA 481, Université de Franche-Comté, F-25000
Besançon, France
2 INSERM CIC 1431, CHRU Besançon, F-25000 Besançon, France
3 Centre National de la Recherche Scientifique (CNRS)
4 Faculty of Mathematics and Statistics, University of St. Gallen, Switzerland
5 Service de Psychiatrie de l’adulte, CHRU, F-25000 Besançon, France
6 Department of Mathematics and Statistics, Universität Konstanz, Germany

5.2.1/ ABSTRACT

Brain electrical activity can be observed by simply putting on ElectroEncephaloGraphic
(EEG) electrodes on the scalp. Identification of this activity allows to single out brain areas
and temporal decay triggered by a specific stimulus. However, each and every though a
subject has in the mind, independently of the experimental tasks, elicits electrical acti-
vations within different parts of the brain. These activities represent a noise often more
important than the signal we ought to detect. In conventional studies, this problem is over-
come by averaging a great number of trials across subjects. Random activity disappears
while activity of interest emerges. However, while these methods allows for fundamen-
tal studies, they are difficult to transpose to a clinical approach where a single subject
examination is needed. In recent years, machine learning methods based on EEG mea-
surements rose in popularity in medicine fields. Machine learning methods have the ability
to discriminate patterns in data that are hardly or even not distinguishable with conven-
tional techniques, with the potential outcome of moving from group-level statistical results
to personalized diagnosis in neuro-psychiatric pathologies.

However, applying machine learning on EEG data can be challenging, because of the low
signal-to-noise ratio and of a high inter-individual variability. Thus, we propose a pipeline
using the xDAWN method for data cleaning, as well as an exploration of the best way to
extract relevant information from EEG recordings. Support Vector Machine (SVM) being
the most commonly used machine learning technique with EEG, we chose to apply it on
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our data to build individual classification models. Finally, SVM comes with several hyper-
parameters that are often not taken into account in literature. Results show a significant
difference in classification accuracy and pValue depending on the chosen features and
hyper parameters. Moreover, the optimum features and parameters may vary subject to
subject. Our study highlights the necessity for these hyperparameters and features to be
tuned for each test subject.

5.2.2/ INTRODUCTION

Diagnostic difficulties are frequent in medicine, regardless of the medical field concerned.
This difficulty is exacerbated in psychiatry and neurology, due to the lack of robust diag-
nostic criteria such as pathognomonic biological or physiological markers. In addition,
borderline, progressive and comorbid pathologies are often observed [2]. The implemen-
tation of effective therapeutic strategies requires rapid and reliable diagnosis, as there
is often insufficient time to limit the evolutionary risks, as is the case for Alzheimer’s di-
sease and depression. The prevalence of these two pathologies, which strongly affect
the elderly population, is constantly increasing, but common symptoms, particularly in
terms of memory functions, make it difficult to discriminate between them [270]. Indeed,
the memorisation difficulties of Alzheimer’s disease and depression obey totally different
mechanisms. Alzheimer’s disease is characterised by an impairment of the hippocampal
pathway, i.e. a deficit in recording information [3, 4]. In subjects suffering from depres-
sion, and more particularly in subjects suffering from pseudo-dementia, the difficulties
are related to the retrieval of information but not to its storage [25].

To overcome these drawbacks, an original protocol combining music and brain imagery
has been developed at the Clinical Investigation Centre of Besançon (France) to estimate
memory impairment without the active participation of the patient [292]. The principle is
to passively listen to songs familiar or unknown to the subject, in which short periods of
silence are inserted. If the song is known, the brain automatically tries to fill the silence,
while it is not the case if the song is unknown. Thus, by measuring the brain activity when
listening to these songs and especially to the silences, it would be possible to objectively
measure the memory capacities. This identification of specific neuromarkers would be
potentially more effective and safer than the behavioural assessments used in clinical
examinations, since the same behaviour can result from various cognitive dysfunctions.

To evaluate the effectiveness of the protocol, twenty healthy volunteers underwent an ini-
tial high-resolution electroencephalography (HR-EEG) examination during which they lis-
tened to 20 familiar or unknown songs, each interspersed with 21 periods of silence. The
effects of familiarity appeared in two different forms during the beginning of the silence:
firstly, in the form of lower amplitude evoked potentials for unknown songs, reflecting an
inability to make accurate predictions about the song. And secondly, a decrease in power
on the theta band of interest was observed fpor unknown sons throughout the duration of
the silence. This second variation would reflect greater difficulty in activating areas of the
brain related to memory.

However, while significant differences were reported at the group level, most of these
results do not distinguish between patients at the level of a single subject. Indeed, the
EEG suffers from some limitations that hinder its effective analysis and treatment. Firstly,
the EEG has a low signal-to-noise ratio, as recorded brain activity is often stacked with
multiple sources of environmental, physiological and activity-specific noise of similar or
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greater amplitude, called “artifacts”. Although various noise filtering and reduction tech-
niques have been developed [150, 185, 192, 236], EEG researchers still often rely on
averaging tests to extract actual brain activity from the signal. This works very well for
group studies, but induces issues when trying to use it at the level of a single subject, as
it involves using fewer trials. Secondly, brain activity can vary considerably from subject
to subject [352]. This wide inter-subject variability is one of the main drawbacks of using
the EEG in the clinical field.

In recent years, machine learning methods, especially the Support Vector Machine
(SVM), have gained popularity in EEG signal processing because of their success in
discriminating patterns in data that are difficult or even impossible to distinguish with
conventional techniques. SVM has the potential to move from statistical results at the
group level to personalised results.

We therefore examined which SVM protocols were most commonly applied to EEG re-
cordings in order to draw lessons for our study. We found that the features used are often
extracted from the frequency domain [114, 194, 210], but that the time domain could also
be useful in the classification of evoked potentials [126, 127, 225]. We also found that
the selection of the most relevant features was important for good classification accuracy
[115, 154, 184, 191]. We therefore chose to explore different feature extraction methods,
on all electrodes and on groups of electrodes based on the regions of interest that showed
significant differences in our previous study [292].

Moreover, it seems that the choice of the SVM architecture and the cross-validation para-
meters are paramount for the classification performance. We examine in detail the mecha-
nisms and hyperparameters of SVM that can affect classification performance, in addition
to the data itself.

5.2.3/ MATERIAL AND METHODS

5.2.3.1/ PARTICIPANTS

Twenty healthy right-handed subjects (7 male, 13 female, mean 32±5 y.o.) participated
in this study. All reported normal hearing, with no neurologic or psychiatric disorders.
Neuropsychological evaluations revealed no memory deficits.

The Committee for the Protection of Human Subjects of Besançon (France) approved
this experiment under N° 14/458, and written informed consent was obtained from all
participants.

5.2.3.2/ EXPERIMENTAL DESIGN

Full experimental design was first reported in Gabriel et al. (2016) [292], which data are
used in this study. It consisted of 3 main phases: a first EEG recording, a two weeks long
learning period, and a second EEG recording. Only the data from the first recording was
processed for this paper, thus the methodology about the learning period and the second
EEG will not be detailed here.

Prior to the first recording, participants freely chose 5 familiar songs in their native lan-
guage (French). The researchers then selected 5 songs, unfamiliar to the subject, but
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matched in terms of musical genre and singer’s gender.

The Replay-Gain algorithm was then used to normalize the songs to the same loudness
level. Two seconds silent periods were randomly inserted in place of music between 10
and 110 s after song onset, and interspaced of 2.5 to 3.5 seconds from each other. Songs
were then cut to last 2 minutes and include 21 silences, and repeated twice, resulting in
210 trials (21 gaps x 5 songs x 2 repetitions) for each condition (familiar versus unfamiliar).

5.2.3.3/ DATA ACQUISITION

During the EEG recording, the songs including the silent gaps were presented in a ran-
dom fashion and played through headphones. Subjects settled the volume to be at ease,
passively listening to the musics, eyes closed, in a quiet experiment room. The recording
lasted about 50 minutes. A break was taken every 5 songs to allow the subject to stretch
and rest, and thus ensure their alertness. All EEG channels were recorded using a 256
channels Geodesic Sensor Net (Electrical Geodesics Inc ; EGI, Eugene, OR), a high im-
pedance amplifier NetAmp 300 Amplifier (Electrical Geodesics Inc.) and collected via the
NetStation 4.5 software (Electrical Geodesics Inc.). A sampling frequency at 1000 Hz and
a high-pass filter at 1 Hz were set. All channels were referenced to the vertex electrode
(Cz).

5.2.3.4/ PREPROCESSING

Preprocessing steps were performed as follow: epochs ranging from 600 ms pre-silent
gap onset to 1900 ms post-silent gap inset were extracted for each condition and par-
ticipant. A second order Butterworth filter (roll-off -12 dB/oct) band-passed the signals
between 1 and 30 Hz and a notch of 50 Hz eliminated the power supply artifacts. Epochs
were finally baseline corrected using the average EEG voltage ranging from 600 ms to
100 ms before silence onset, for each trial and channel. Electrodes exhibiting voltages
more than 100 µV were interpolated using a 3D spine algorithm, with no more than 7%
interpolated channels per participant. Channels were then recomputed to common ave-
rage reference.

It appeared for 7 subjects that the stimuli markers of the last song of each recording
session shifted because of desynchronization between the recording and the stimulating
software, leading to class imbalance. Thus, we carried out an undersampling method as
follows: as trials from entire songs were missing, trials from the last song from the majority
class to be heard were chopped off to balance the two classes.

The xDAWN spatial filter purpose is to enhance the Event Related Potential so that it
stands out of the noise, by maximizing the signal to signal-plus-noise ratio in single trial
studies. We wrote the algorithm following the Rivet et al. (2009) [118] recommandations,
using the MathWorks® software Matlab R2016b®.

5.2.3.5/ FEATURES EXTRACTION

Features were extracted in several ways to explore which one would be the most repre-
sentative of the two classes, and thus the most efficient for the classification (Tableau
5.1).
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— To deal with the huge number of channels (257) while keeping the time course of
the ERP, we chose to compute the Global Field Power (GFP) [72], a well-known
spatial filter in EEG field. The GFP can be understood as the standard deviation of
the mean of all voltage values across averaged referenced electrodes at each time
point, for each trial.

— The log-power values of each of the coefficients obtained from the Fast Fourier
Transform (FFT) were computed for the signals coming from each of the selected
channels between 1 and 30 Hz with a resolution of 0.49 Hz.

— After the whole FTT was computed, the log-power values were averaged over the
four following frequency ranges: 4-8 Hz, 8.5-12 Hz, 12.5-18 Hz, and 18.5-30 Hz.

— In Gabriel et al. (2016) [292], electrodes were apportioned into 9 regions of interest
(ROI), each one of them composed of 8 electrodes: left anterior, central anterior,
right anterior, left median, central median, right median, left posterior, central pos-
terior and right posterior (Figure 5.1). We chose to apply the feature extraction me-
thods not only to the 257 available channels, but also to each one of the ROI, as the
following: GFP, mean, whole FFT and 4 frequency bands FFT on each electrode
individually and on the mean of each ROI.

Left anterior 

Central anterior

Right anterior

Left median

Central median

Right median

Left posterior

Central posterior

Right posterior

FIGURE 5.1 – Regions of Interest (ROIs) used for classification, based on Gabriel et al.
(2016). [292]

5.2.3.6/ SVM CLASSIFICATION

Among classifiers, SVM have been widely implemented for EEG data thanks to their
robustness with non-stationary and high dimensional data. A SVM uses a linear decision
boundary to classify new samples. There are typically many lines that separate the data,
and training the SVM corresponds to choose the decision boundary, i.e. the hyperplane
presenting the largest margin between the two conditions.

The Matlab function svmtrain allows for different methods to solve the SVM regression
problem. The quadratic programmation method was selected for both linear and RBF
kernels, for it is higher in precision when solving the SVM regression problem.
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Features Abbreviation Type Features vector size 

All 257 electrodes 

GFP computed on 257 

channels 
allGFP Temporal 1900 (1 x 1900 ms) 

FFT computed on 4 

frequency bands on 

each one of the 257 

channels 

all4bFFT Frequency 1028 (4 x 257 chans) 

Whole FFT computed 

on each one of the 257 

channels 

allWhFFT Frequency 15163 (59 x 257 chans) 

9 ROIs of 8 channels each 

GFP computed on 8 

channels 
roiGFP Temporal 1900 (1 x 1900 ms) 

Mean computed on 8 

channels 
roiMean Temporal 1900 (1 x 1900 ms) 

FFT computed on 4 

frequency bands on 

each one of the 8 

channels 

roi4bFFT Frequency 32 (4 x 8 chans) 

FFT computed on 4 

frequency bands on the 

mean of 8 channels 

roiMean4bFFT Frequency 4 (4 x 1 chans) 

Whole FFT computed 

on each one of the 8 

channels 

roiWhFFT Frequency 472 (59 x 8 chans) 

Whole FFT computed 

on the mean of 8 

channels 

roiMeanWhFFT Frequency 59 (59 x 1 chans) 

 
Tableau 5.1 – Summary of feature extraction methods: method, name abbreviation, fea-
ture type and features vector size.

Kernels and gridsearch

Kernel methods map the data into higher dimensional spaces in the hope that the data
could become more easily separated in this new space. The Linear kernel for example is
the simplest kernel function, which depends on the hyperparameter C. Radial Basis Func-
tion (RBF) allows to pick out circles (or hyperspheres) – in contrast with the Linear kernel,
which allows only to pick out lines (or hyperplanes), and depend on two hyperparameters,
C and sigma.
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EEG data being characterized by high levels of noise and outliers, data is most of the
time non-linearly separable. In that case, SVM will produce a model that allows the diffe-
rentiation of many, but not all trials, called soft margin SVM.

— The regularization parameter C allows modulating the penalty associated by the
classifier to these errors. The higher the C, the stricter the classifier is during trai-
ning, leading to a better training accuracy but also to a very complex model that
takes into account all the training points. By searching for the optimal value of C,
the user is thus able to trade the training set accuracy off for better generalization
ability, ensuring a better testing accuracy.

— Sigma determines the width for Gaussian distribution. For a larger sigma, the de-
cision tends to be flexible and smooth, it tends to make wrong classification while
training, but avoids the hazard of overfitting in testing set.

The choice of C and sigma being critical, and as no optimal criteria are given to set the
value, we considered grid search and cross-validation to optimize the hyperparameters,
i.e. we systematically evaluate performance of each possible combination of hyper para-
meters within a given range: from 10-7 to 105 for C and from 1 to 103 for Sigma. SVM by
default sets the C and Sigma to be 1.

We will do this for each test subject individually, on each type of features extracted, on all
257 channels or on ROIs.

Crossvalidation

In machine learning, cross-validation consists in holding out a certain percentage of
samples to validate the performance of the model on unseen trials. Here we use a clas-
sical approach consisting in dividing the data into 20 folds, 19 of them being used to train
the model, and the spared one to validate it. This training-validation operation is repeated
on each of the 20 folds, and the whole cross-validation is done for each combination of
hyper parameters. The validation performance can be assessed through the mean of the
chosen metric, i.e. accuracy and pValue over the 20 validation sets.

However, if this division of the whole dataset allows assessing the best combination of
hyper parameters, one must test the best learned function on unseen data to avoid over-
fitting and assess the generalization ability of the model. We therefore keep 10% of the
samples outside of the cross-validation loop to constitute the test set, and we chose to do
50 permutations to assess the overall performance on different test sets (Figure 5.2).

5.2.3.7/ STATISTICAL SIGNIFICANCE: PERMUTATION TESTS

As the number of tests retained is almost identical from one class to another, the hypo-
thesis H0 in a statistical test on the classification results is that the accuracy is 50%. We
therefore used a permutation test which consists in constructing an empirical distribution
of the accuracies evaluated for the different possible re-labelling of the trials, in cross-
validation. In other words, we performed a cross-validation again by randomly modifying
the class of tests, out of 1000 permutations. With such a test, the probability of obtaining
better classification accuracy than that achieved when using the correct labels is a sign
of a lack of statistical significance.
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FIGURE 5.2 – Preprocessing and classification pipeline proposed for each subject indivi-
dually.
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5.2.4/ RESULTS

5.2.4.1/ CLASSIFICATION ACCURACIES

When looking at the results based on validation (Figure 5.2), participants achieved a
mean performance accuracy of X = 62.8% (SD = 4.5%; range = [55.1% - 70.6%]). Eigh-
teen participants obtained accuracies higher than chance level, estimated to be 55.6% of
correct classification accuracy for binary classification with more than 160 trials per class
and α = 0.05 [353] for both linear and RBF kernels.

For the linear kernel, mean performance accuracy was X = 61.8% (SD = 4.8%; range =
[54.63% - 70.6%]) (Table 5.2), and while for the RBF kernel it was X = 62.6% (SD = 4.4%;
range = [54.57% - 70.1%]) (Table 5.2).

 
Best accuracy based on validation 

Subject 
Linear kernel RBF kernel 

Features Accuracy Acc.< 55,6 Features Accuracy Acc.< 55,6 

1 all4bFFT 70,6% 1 roiMean4bFFT 68,0% 1 
2 roiMean 59,8% 1 roiMean 60,8% 1 
3 roiWhFFT 69,4% 1 roiWhFFT 70,1% 1 
4 allGFP 63,3% 1 roiGFP 62,4% 1 
5 roi4bFFT 64,0% 1 all4bFFT 64,2% 1 
6 roi4bFFT 54,6% 0 roi4bFFT 55,1% 0 
7 roi4bFFT 61,1% 1 roi4bFFT 61,9% 1 
8 roi4bFFT 59,3% 1 all4bFFT 62,6% 1 
9 roi4bFFT 68,1% 1 roi4bFFT 69,1% 1 
10 roi4bFFT 65,0% 1 allWhFFT 65,7% 1 
11 roiMean4bFFT 58,7% 1 roi4bFFT 62,3% 1 
12 roiMeanWhFFT 64,2% 1 allWhFFT 63,9% 1 
13 roiMean 57,2% 1 roiMean 60,3% 1 
14 roiMean 58,5% 1 roiMean 59,7% 1 
15 roi4bFFT 58,6% 1 roi4bFFT 59,6% 1 
16 allGFP 69,0% 1 roiMean 68,9% 1 
17 roi4bFFT 55,3% 0 roiMean 54,6% 0 
18 roiMean4bFFT 61,4% 1 roiMean4bFFT 62,6% 1 
19 roi4bFFT 61,2% 1 roiMean 63,4% 1 
20 roi4bFFT 55,9% 1 roiMean 56,5% 1 

 
Mean 61,8% pValue Mean 62,6% pValue 

 
STD 4,8% < 0,05 STD 4,4% < 0,05 

 
Min 54,63% < 0,01 Min 54,57% < 0,01 

 
Max 70,6% < 0,001 Max 70,1% < 0,001 

 
Tableau 5.2 – Best testing accuracy based on validation for each subject and kernel. The
best accuracy is determined across all ROIs and features extraction methods examined.
Third and sixth columns: in blue colour, significance of the pValue obtained by permutation
test. Logical indicator, if the accuracy is higher than 55.6%, flag = 1, otherwise flag = 0,
according to the Müller-Putz (2008) accuracy significance test [353].
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5.2.4.2/ KERNELS

For 15 subjects, RBF kernel gave accuracies superior than did linear kernel, for a mean
improvement of X = 0.8% (SD = 1.5%; range = [0.2% - 2.6%]) (Table 5.3).

Mean CPU times across participants to compute all classification cycles for each features
extraction methods was X = 68 hrs 22 min (SD = 14 hrs 40 min ; range = [40 hrs 0 min –
93 hrs 15 min]) for linear kernel and X = 2546 hrs 23 min (SD = 202 hrs 38 min ; range =
[2238 hrs 40 min – 2922 hrs 0 min]) for RBF kernel. CPU times for RBF kernel were 39
times longer than those obtained for linear kernel in average (X = 39 ; SD = 10 ; range =
[26 - 61]) (Table 5.3).

Best kernel Maximal 
accuracy 

Difference of 
accuracy 
(linear - 

RBF) 

CPU computation times (h) Quotient (CPU time 
RBF / CPU time 

linear) Linear kernel RBF kernel 

Linear 70,6% 2,6% 40:00 2421:48 61 
RBF 60,8% -1,0% 60:04 2704:57 45 
RBF 70,1% -0,6% 53:13 2382:43 45 
Linear 63,3% 0,9% 70:33 2538:43 36 
RBF 64,2% -0,2% 82:35 2374:38 29 
RBF 55,1% -0,5% 82:01 2238:40 27 
RBF 61,9% -0,8% 56:44 2580:40 45 
RBF 62,6% -3,3% 52:56 2444:04 46 
RBF 69,1% -1,0% 53:53 2452:59 46 
RBF 65,7% -0,7% 75:45 2379:13 31 
RBF 62,3% -3,6% 55:56 2791:58 50 
Linear 64,2% 0,3% 65:13 2681:00 41 
RBF 60,3% -3,2% 63:37 2922:00 46 
RBF 59,7% -1,2% 64:28 2878:59 45 
RBF 59,6% -1,0% 84:19 2355:10 28 
Linear 69,0% 0,1% 87:32 2270:44 26 
Linear 55,3% 0,7% 91:00 2663:39 29 
RBF 62,6% -1,1% 93:15 2405:34 26 
RBF 63,4% -2,2% 67:48 2762:25 41 
RBF 56,5% -0,6% 66:32 2677:45 40 
Mean 62,8% -0,8% 68:22 2546:23 39 
STD 4,5% 1,5% 14:40 202:38 10 
Max 70,6% 2,6% 93:15 2922:00 61 
Min 55,1% 0,2% 40:00 2238:40 26 
 

Tableau 5.3 – Best testing accuracy and kernel based on validation for each subject.
Computation times ratio between kernels is given by RBF kernel CPU time divided by
linear kernel CPU time.
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5.2.4.3/ FEATURES EXTRACTION METHODS

We examined which features extraction methods gave the highest accuracy for each sub-
ject, kernel and for the use of all channels or ROIs (Table 5.2, Figure 5.3).

5%
7.5%

5% 2.5%

25%37.5%

10%

5%
2.5%

22.5% 25%

52.5%

5%

27.5%

40%

17.5%
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allGFP
roiGFP
roiMean

all4bFFT
roi4bFFT
roiMean4bFFT

allWhFFT
roiWhFFT
roiMeanWhFFT

a) b) c)

FIGURE 5.3 – Proportion of subjects for whom a particular features extraction method is
best regarding classification accuracy, for both linear and RBF kernels. a) Methods using
all of the 257 channels. b) Methods using ROIs. c) Best over 257 channels and ROIs.

When considering the use of all 257 available electrodes, the use of FFT on 4 frequency
bands is the most effective method for 52.5% of the subjects, while the other two methods
(GFP and full FFT) are more effective for 25% and 22.5% of the subjects respectively
(Figure 5.3 a).

The pie chart from Figure 5.3 b shows the proportion of subjects for whom a particular
method is best when using ROI (regardless of which ROI is given as the best). The
majority of the subjects (57.5%) obtain the best results by using the Fourier transform on
4 frequency bands, 40% by taking the 8 ROI electrodes individually, and 17.5% by taking
the average of the electrodes. 32.5% of the subjects are best represented by the features
in the time domain: 27.5% for the average of the electrodes, and 5% for the GFP. Finally,
only 10% of the subjects obtain the best results using the complete Fourier transform:
7.5% when taking the electrodes individually, and 2.5% when taking the average of the
electrodes.

Finally, the pie chart from Figure 5.3 c shows the proportion of subjects for whom the best
accuracy is obtained, depending on the features extraction method and regardless of the
number of electrodes used (all electrodes or ROI). A vast majority (82.5%) of subjects
have a better performance when a ROI is used. Of these, 37.5% are best represented by
the Fourier transform over 4 frequency bands on the individual electrodes of a ROI and
25% are best represented by the average of the ROI electrodes in the time domain.

5.2.4.4/ REGIONS OF INTEREST

Moreover, in order to confirm which ROI and which method gives the best results in
classification, we performed 3-factor ANOVAs (Frontal position, Sagittal position, Features
extraction method) for each subject and for each of the 2 kernels.

Table 5.4 shows the statistical results of the 3-factor ANOVA performed for the linear
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kernel. On 20 subjects, 19 reach the significance threshold (p<0.05) for the “features ex-
traction method” factor, including 18 whose pValue is lower than 0.001. The pValue is
significant for 2 subjects for the “frontal position” factor and for 1 subject for the “sagittal
position” factor. The interactions between sagittal and frontal position and between fron-
tal position and type of features were significant only for 2 and 1 subjects respectively
(p<0.05). However, when Bonferroni-correcting these analyses, we found that only the
”features extraction method” factor reached the significance threshold (α <0.025).

Subject Frontal 
position 

Sagittal 
position 

Features 
extraction 

method 

Frontal 
position x 
Sagittal 
position 

Frontal 
position x 
Features 

extraction 
method 

Sagittal 
position x 
Features 

extraction 
method 

1 0,339 0,938 0,288 0,354 0,945 0,618 
2 0,280 0,394 0,034 0,340 0,234 0,782 
3 0,479 0,588 1,20E-15 0,843 0,584 0,894 
4 0,003 0,091 8,29E-10 0,387 0,029 0,646 
5 0,645 0,584 1,56E-11 0,600 0,829 0,445 
6 0,345 0,679 5,36E-10 0,812 0,055 0,228 
7 0,554 0,925 2,44E-11 0,623 0,428 0,404 
8 0,249 0,570 5,75E-12 0,046 0,393 0,112 
9 0,481 0,821 4,18E-13 0,032 0,153 0,318 
10 0,902 0,701 5,81E-06 0,275 0,297 0,396 
11 0,015 0,116 6,51E-17 0,486 0,136 0,096 
12 0,821 0,283 8,72E-13 0,906 0,879 0,676 
13 0,695 0,711 2,51E-13 0,809 0,223 0,393 
14 0,623 0,575 3,50E-05 0,455 0,958 0,907 
15 0,677 0,510 5,44E-14 0,347 0,450 0,800 
16 0,399 0,159 1,05E-09 0,860 0,382 0,681 
17 0,061 0,240 4,30E-08 0,489 0,052 0,814 
18 0,782 0,036 4,94E-14 0,896 0,123 0,669 
19 0,972 0,531 3,08E-04 0,348 0,677 0,624 
20 0,513 0,204 5,33E-04 0,805 0,792 0,135 

TOTAL 2 1 19 2 1 0 
 

Tableau 5.4 – Linear kernel: a 3-factor analysis of variance (ANOVA) was performed on
each subject for each ROI: Frontal position (3 levels: front, median and back), Sagittal
position (3 levels: left, central and right), features extraction method (6 levels: roiGFP,
roiMean, roi4bFFT, roiMean4bFFT, roiWhFFT and roiMeanWhFFT). The post-hoc com-
parison of inter-category interactions was performed with a Bonferroni correction. The
significance of the results was set at p<0.05.

Table 5.5 shows the statistical results of the 3-factor ANOVA performed for the RBF kernel.
All of 20 subjects reach the significance threshold (p<0.001) for the “features extraction
method” factor. The pValue is significant for 1 subject for the “frontal position” factor and
for 2 subjects for the “sagittal position” factor. The interactions between sagittal and frontal
position, between frontal position and type of features, and between sagittal position and
type of features were significant only for 1, 2 and 1 subjects respectively (p<0.05). Again,
when Bonferroni-correcting these analyses, we found that only the ”features extraction
method” factor reached the significance threshold (α <0.025).
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Subject Frontal 
position 

Sagittal 
position 

Features 
extraction 

method 

Frontal 
position x 
Sagittal 
position 

Frontal 
position x 
Features 

extraction 
method 

Sagittal 
position x 
Features 

extraction 
method 

1 0,744 0,214 3,08E-24 0,956 0,398 0,765 
2 0,134 0,768 2,79E-21 0,305 0,357 0,605 
3 0,648 0,919 1,75E-30 0,298 0,817 0,191 
4 0,510 0,510 5,83E-23 0,222 0,632 0,230 
5 0,899 0,011 4,23E-27 0,127 0,029 0,092 
6 0,065 0,054 3,81E-18 0,238 0,123 0,623 
7 0,007 0,257 1,69E-24 0,275 0,333 0,202 
8 0,132 0,028 2,90E-27 0,002 0,005 0,029 
9 0,450 0,443 1,11E-25 0,407 0,910 0,941 
10 0,641 0,146 7,62E-20 0,518 0,076 0,108 
11 0,368 0,457 1,35E-27 0,289 0,132 0,630 
12 0,726 0,600 3,51E-23 0,850 0,842 0,924 
13 0,789 0,765 6,96E-23 0,648 0,924 0,716 
14 0,568 0,570 1,12E-18 0,597 0,313 0,493 
15 0,749 0,540 9,62E-23 0,431 0,916 0,941 
16 0,695 0,758 2,27E-20 0,422 0,516 0,885 
17 0,991 0,576 8,09E-15 0,943 0,951 0,474 
18 0,589 0,129 1,85E-26 0,121 0,720 0,185 
19 0,789 0,834 4,84E-17 0,454 0,654 0,614 
20 0,136 0,708 6,24E-05 0,820 0,882 0,843 

TOTAL 1 2 20 1 2 1 
 

Tableau 5.5 – RBF kernel: a 3-factor analysis of variance (ANOVA) was performed on
each subject for each ROI: Frontal position (3 levels: front, median and back), Sagittal
position (3 levels: left, central and right), features extraction method (6 levels: roiGFP,
roiMean, roi4bFFT, roiMean4bFFT, roiWhFFT and roiMeanWhFFT). The post-hoc com-
parison of inter-category interactions was performed with a Bonferroni correction. The
significance of the results was set at p<0.05.

5.2.4.5/ EVOLUTION OF HYPERPARAMETERS

We explored the influence of the variation of the hyperparameters on the accuracy obtai-
ned, both on the training data and on the validation and test data.

Linear kernel

Figure 5.4 represents the evolution of the training, validation and testing accuracies as a
function of the hyperparameter C for the linear kernel, according to the type of features
used on all 257 electrodes. Figure 5.4 a represents the typical evolution for the use of
the GFP, Figure 5.4 b for the use of the Fourier transform over 4 frequency bands, while
Figure 5.4 c shows the variations in accuracy induced by the change in C for a complete
Fourier transform. On the 3 graphs, the training accuracy is always higher than the valida-
tion accuracy, which itself is higher than the testing accuracy. Figure 5.4 a and 5.4 c show
that as C decreases, training accuracy decreases and validation and testing accuracy
increases, until they are almost equivalent around C = 10-6 (depending on the subject ob-
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served). These results illustrate the fact that the higher the C, the more rigid and complex
the data separation boundary is during training and the less the model thus created has
the ability to generalize on unknown data and to perform well on test data.

On Figure 5.4 b, on the contrary, the 3 accuracies stay equivalent between training, vali-
dation and testing, and that, moreover, these results remain remarkably stable in the face
of C variations.

It is remarkable that all subjects, independently of the method or ROI used, systematically
belong to one of these two profiles. Therefore, we have tallied the number of participants
in each profile for each method considered (Figure 5.4 c). We thus show that only the
extraction methods based on 4 frequency bands fall into profile B, and this for all subjects
except 6 and 17 when using the 257 electrodes. All subjects for all other methods belong
to profile A.
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FIGURE 5.4 – Linear kernel: evolution of training, validation and testing accuracies as a
function of the hyperparameter C. a) Profile A. b) Profile B. c) Number of subjects who
belong to profile A or B for each features extraction method.

RBF kernel

Two different profiles can be distinguished by looking at the heatmaps obtained after
gridsearch of the hyperparameters (Figure 5.5).

The accuracy of training (Figure 5.5 a and b), validation (Figure 5.5 c and d) and testing
(Figure 5.5 e and f) is plotted as a function of C and sigma for the RBF kernel. Accuracy
is represented by the colorbar, ranging from 50 to 100% accuracy.

Heatmaps in Figures 5.5 c and e, and in Figure 5.5 d and f are almost identical, meaning
that the validation and test accuracies are very similar for each profile. However, heat-
maps in Figures 5.5 a and b show that the accuracy obtained during training is generally
higher, and even punctually reaching 100% for some pairs of hyperparameters.

On profile A, as much as the testing accuracy (Figure 5.5 e) varies significantly as a
function of C, for a given C, few variations as a function of sigma can be observed. Addi-
tionally, the standard pair (C = 1, sigma = 1) gives a result close to random, but by keeping
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the standard C and varying the sigma, better results are obtained, with a great stability
between sigma = 50 and sigma = 1000 (0.05% difference only).

On profile B, the variation of the hyperparameters does not give a significant change in
validation and testing accuracy (Figures 5.5 d and f), which remain close to 50% over the
entire grid.

All subjects, regardless of the method and ROI considered, systematically fall into one or
the other of these profiles. We have therefore counted the number of subjects that corres-
pond to either profile (Figure 5.5 g). Concerning the features based on the time domain
(GFP all elec, ROI mean and ROI GFP), 14 subjects correspond to profile B, displaying
a test accuracy close to 50%, which does not increase with the hyperparameters. For the
methods using the Fourier transform on 4 frequency bands, 15 subjects belong here to
profile A, with an improvement of the test accuracy on part of the hyperparameter pairs.
Finally, for methods using the whole Fourier transform, the subjects are spread equally
on profile A and B.

5.2.4.6/ DENSITY OF HYPERPARAMETERS

Linear kernel

We examined the results achieved based on the best validation accuracy for each of the
50 permutations. However, the hyperparameters selected as the best are not necessarily
the same each time. We wondered how often each pair of hyperparameters was selected,
and whether one or more of them came out more frequently. Results for linear and RBF
kernel, and for the following methods are given in Figures 5.6, 5.7 and 5.8 and in Figures
5.9, 5.10 and 5.11 respectively: roiMean, roi4bFFT and all4bFFT.

The sum of occurencies for which a hyperparameter was chosen over all 50 permutations
for all subjects is shown as a histogram for the linear kernel. In Figure 5.6 a and the
roiMean method,we show that the preferred C values are very low, between 10-5 and
10-6, and that for most of the subjects the dispersion is low (Figure 5.6 b). The standard
C = 1 is hardly chosen, and hyperparameters higher than 10 are non-existent.

In Figure 5.7 a, for the roi4bFFT method, two peaks can be observed, one again around
10-6, and another wider one between 10-3 and 1. Values of C above 10 are again not
chosen. Interestingly, the subject-by-subject dispersion shows two groups of subjects with
a small standard deviation for each of these peaks, and 5 subjects with a large dispersion
from one peak to its neighbour (Figure 5.7 b).

In Figure 5.8 a, on the other hand, the same two peaks as in Figure 5.7 a can be observed,
but while C values close to 1 are very sparsely chosen, this is not the case for C greater
than 10, where an increase in the sum across subjects is observed from C = 10-2 onwards.
This phenomenon is due to subjects 5, 7, 10, 14 and 18, whose dispersion is extremely
high, as well as to subjects 6 and 17, whose standard deviation is low but whose mean is
concentrated on very high C values (Figure 5.8 b).

RBF kernel

We performed the same analysis on the same feature extraction methods on the hyper-
parameters of the RBF kernel (Figures 5.9, 5.10 and 5.11).
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FIGURE 5.5 – RBF kernel: evolution of training, validation and testing accuracies as a
function of the hyperparameters C and sigma. a) Training accuracy, profile A. b) Training
accuracy, profile B. c) Validation accuracy, profile A. d) Validation accuracy, profile B.
e) Testing accuracy, profile A. f) Testing accuracy, profile B. g) Number of subjects who
belong to profile A or B for each features extraction method.

A large number of combinations is never chosen. For C between 10-4 and 10-3, any sigma
can be chosen to form the pair. This is also the case in Figures 5.10 b and 5.11 b for C
between 102 and 103. For Figure 5.9 b, on the other hand, this phenomenon is much
more spread out and runs from C = 1 to C = 105. This spiking density phenomenon on
some C is similar to the one we have seen for C in the linear kernel.

It is worth noting that the most selected combinations always have a sigma less than or
equal to 50, and are distributed over the two peaks of C.
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FIGURE 5.6 – Linear kernel: density of chosen hyperparameter C across 50 permuta-
tions, for roiMean method. a) Number of times a hyperparameter was chosen over all 50
permutations for all subjects. b) Number of times a hyperparameter was chosen over all
50 permutations for each subject individually.

Figures 5.9 a, 5.10 a and 5.11 a plot the average sigma density subject by subject, and
show that for most subjects, the dispersion is low and is rather concentrated on sigmas
below 200.

Conversely, Figures 5.9 c, 5.10 c and 5.11 c describe subjects with a high dispersion of
C density between 10-4 and 104.

5.2.4.7/ COMPARISON WITH STANDARD HYPERPARAMETERS

Since we are looking for the best hyperparameters for our classification problem, it makes
sense to compare the results then acquired with those obtained using standard hyperpa-
rameters, i.e. C = 1 for the linear kernel, and C = 1 and sigma = 1 for the RBF kernel
(Table 5.6, Table 5.7).

On average, the difference is 0.5% (SD = 1.4%; range = [-1.2% - 3.7%]) for the linear
kernel, and 4.8% (SD = 3.5%; range = [-0.8% - 13.7%] for the RBF kernel. In general,
standard hyperparameters produce a lower accuracy than optimised hyperparameters,
and the difference is greater for the RBF kernel than for the linear. This tends to corro-
borate the need for tuning kernel parameters. However, for some subjects, the accuracy
is higher with standard hyperparameters. Although this may seem counter-intuitive, it is
understandable given that the best hyperparameters are selected based on validation ac-
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FIGURE 5.7 – Linear kernel: density of chosen hyperparameter C across 50 permuta-
tions, for roi4bFFT method. a) Number of times a hyperparameter was chosen over all 50
permutations for all subjects. b) Number of times a hyperparameter was chosen over all
50 permutations for each subject individually.

curacy. Indeed, the best hyperparameter pair based on the performance of the validation
set does not guarantee good performance on the test data, highlighting heterogeneity in
our dataset.

5.2.4.8/ COMPARISON WITH BEST HYPERPARAMETERS BASED ON TEST

It is easy, when using cross-validation in classification for features or hyperparameters
optimization, to make the mistake of basing our selection on the test result. We chose
to examine the results obtained by this means and compare them, kernel by kernel, with
those obtained by the rigorous method we presented above (Table 5.6, Table 5.7).

For the linear kernel, mean performance was X = 79.5% of accuracy (SD = 5.2%; range
= [68.3% - 89.7%]) (Table 5.6), and for the RBF kernel it was X = 79.3% (SD = 9.2%;
range = [54.4% - 96.0%]) (Table 5.7). We observe that the accuracy based on the test is
for all subjects (except 19 and 20 with the RBF) much higher than the accuracy based
on the validation: there is a difference of 17.7% on average for linear kernel (SD = 3.2%;
range = [9.4% - 21.7%]), and of 16.7% on average for RBF kernel (SD = 7.0%; range =
[-2.0% - 25.9%]).
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FIGURE 5.8 – Linear kernel: density of chosen hyperparameter C across 50 permutations,
for all4bFFT method. a) Number of times a C value was chosen over all 50 permutations
for all subjects. b) Number of times a C value was chosen over all 50 permutations for
each subject individually.

5.2.4.9/ VERIFICATION OF RESULTS WITH RANDOMLY GENERATED DATA

In order to verify that our classification pipeline does not obtain these results on our data
by chance, we have reproduced our classification scheme on randomly generated data.
We therefore generated a dataset for each feature extraction method used, in such a way
as to have the same number of features each time. The results are summarized in Table
5.8, and show that the performance of the random data is much lower than that of our data
and does not exceed 50% accuracy, both with optimized and standard hyperparameters.

However, when looking at the accuracy based on the test, the random data are able to
achieve up to 62.2% accuracy (RBF kernel, roiMean4bFFT), demonstrating that method
error in cross-validation is to be avoided at all costs.

Interestingly, the feature extraction method that obtains the best performance regardless
of the kernel or hyperparameters considered is roiMean4bFFT, i.e. the one with the shor-
test feature vectors - only 4 features.

5.2.4.10/ RESULTS OF PERMUTATION TESTS

In parallel with the Müller-Putz’s evaluation of the performance reliability [353], we
conducted statistical tests of labels permutation. If the accuracy obtained with random
class labels is higher than that obtained with real labels, then the performance of the
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FIGURE 5.9 – RBF kernel: density of chosen pair of hyperparameters C and sigma across
50 permutations, for roiMean method. a) Number of times a sigma value was chosen over
all 50 permutations for each subject individually. b) Number of times a pair (C, sigma) was
chosen over all 50 permutations for all subjects. c) Number of times a C value was chosen
over all 50 permutations for each subject individually.
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FIGURE 5.10 – RBF kernel: density of chosen hyperparameter C across 50 permutations,
for roi4bFFT method. a) Number of times a sigma value was chosen over all 50 permuta-
tions for each subject individually. b) Number of times a pair (C, sigma) was chosen over
all 50 permutations for all subjects. c) Number of times a C value was chosen over all 50
permutations for each subject individually.

classifier is not reliable. These results are given as pValue in Tables 5.2 and 5.8. They
are similar to those given by the Müller-Putz method, except for subjects 17 and 20 for
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FIGURE 5.11 – RBF kernel: density of chosen hyperparameter C across 50 permutations,
for all4bFFT method. a) Number of times a sigma value was chosen over all 50 permuta-
tions for each subject individually. b) Number of times a pair (C, sigma) was chosen over
all 50 permutations for all subjects. c) Number of times a C value was chosen over all 50
permutations for each subject individually.

the linear kernel, and subjects 6 and 17 for the RBF kernel.

5.2.5/ DISCUSSION

This study aimed to investigate the possibility of classifying EEG data from musical ima-
gery. We explored 9 features extraction methods and the influence of electrode selection
first, and then the influence of the SVM architecture employed on performance, subject
by subject.

5.2.5.1/ INFLUENCE OF THE SELECTED ROI

Thanks to the results of the 3-factor ANOVA, we showed, for both the linear and RBF
kernels, what was the respective influence of the position of the ROI on the scalp and of
the feature extraction method on the accuracies obtained. For the two kernels, all subjects
present a highly significant pValue for the “features extraction method” factor. On the other
hand, it appears that the position of the ROI, whether frontal or sagittal, has no significant
influence, as after a post-hoc Bonferroni correction, no pValue is significant anymore.

This observation goes against our hypothesis that some ROIs would perform better than
others. Indeed, in Gabriel et al. (2016) [292], the temporal and central ROIs showed a
significant difference in amplitude, correlated with the sources of brain activity (temporal
areas and SMA). While we expected that at the individual level the ROIs concerned might
differ from the group average, and from one subject to another, it is surprising that no ROI
emerges from the whole. Indeed, it is highly unlikely that all brain areas are activated in
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Linear kernel 

Subject 
Based on validation Standard hyperparameters Based on test 

Accuracy Accuracy Difference val-standard Accuracy Difference test-val 
1 70,6% 69,4% 1,2% 80,0% 9,4% 
2 59,8% 56,2% 3,6% 79,3% 19,5% 
3 69,4% 69,5% -0,1% 88,0% 18,6% 
4 63,3% 59,7% 3,7% 79,3% 16,0% 
5 64,0% 65,0% -1,0% 83,3% 19,3% 
6 54,6% 53,3% 1,3% 68,3% 13,7% 
7 61,1% 61,5% -0,4% 82,8% 21,7% 
8 59,3% 60,6% -1,2% 75,9% 16,6% 
9 68,1% 68,6% -0,4% 89,7% 21,5% 
10 65,0% 65,1% -0,1% 81,0% 16,0% 
11 58,7% 58,2% 0,5% 78,8% 20,1% 
12 64,2% 63,2% 1,0% 84,8% 20,7% 
13 57,2% 55,7% 1,5% 75,8% 18,6% 
14 58,5% 56,8% 1,7% 78,8% 20,3% 
15 58,6% 59,2% -0,7% 76,2% 17,6% 
16 69,0% 67,4% 1,6% 81,0% 12,0% 
17 55,3% 56,2% -1,0% 71,4% 16,1% 
18 61,4% 62,0% -0,5% 81,0% 19,5% 
19 61,2% 60,4% 0,7% 81,8% 20,7% 
20 55,9% 56,5% -0,6% 72,7% 16,8% 

Mean 61,8% 61,2% 0,5% 79,5% 17,7% 
SD 4,8% 4,9% 1,4% 5,2% 3,2% 
Min 54,6% 53,3% -1,2% 68,3% 9,4% 
Max 70,6% 69,5% 3,7% 89,7% 21,7% 
 

Tableau 5.6 – Linear kernel, for each subject: best testing accuracy based on validation,
testing accuracy based on standard C = 1 and best testing accuracy based on test.

the same way between the two conditions for all subjects, when the group study shows
differently.

On the other hand, the fact that the feature extraction method has an influence and that
this influence is identical for both kernels indicates a certain robustness of the data and
features from one kernel to the other.

5.2.5.2/ IMPACT OF THE FEATURES EXTRACTION METHOD ON PERFORMANCE

Although the position of the ROI does not seem to be critical here, the use of one ROI
or all 257 electrodes does affect the performance. Indeed, methods using ROI are more
prevalent when looking for the best performing method. Having fewer features would be
more efficient, and would therefore favour in theory ROI 4b mean methods which only
have 4. This hypothesis is logical if we consider that a larger number of trials than features
is required to create an optimal decision frontier between the two classes [354, 355].

But music is a complex stimulus, involving high level cognitive processes [356]. EEG data
obtained by this process are therefore complex and shaded, and with small number of
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 RBF kernel 

Subject 
Based on validation Standard hyperparameters Based on test 

Accuracy Accuracy Difference val-standard Accuracy Difference test-val 
1 68,0% 65,0% 3,0% 92,0% 24,0% 
2 60,8% 51,0% 9,8% 82,8% 21,9% 
3 70,1% 63,2% 6,9% 96,0% 25,9% 
4 62,4% 55,7% 6,7% 79,3% 16,9% 
5 64,2% 62,3% 1,9% 85,7% 21,6% 
6 55,1% 52,7% 2,4% 70,7% 15,6% 
7 61,9% 58,1% 3,8% 82,8% 20,9% 
8 62,6% 61,2% 1,4% 79,3% 16,7% 
9 69,1% 66,5% 2,7% 82,8% 13,6% 
10 65,7% 66,5% -0,8% 85,7% 20,0% 
11 62,3% 61,2% 1,1% 78,8% 16,5% 
12 63,9% 57,5% 6,4% 81,8% 17,9% 
13 60,3% 51,0% 9,3% 78,8% 18,4% 
14 59,7% 55,9% 3,7% 78,8% 19,1% 
15 59,6% 54,7% 4,8% 81,0% 21,4% 
16 68,9% 62,3% 6,6% 83,3% 14,4% 
17 54,6% 50,0% 4,6% 73,8% 19,2% 
18 62,6% 57,3% 5,2% 76,2% 13,6% 
19 63,4% 49,7% 13,7% 62,5% -0,9% 
20 56,5% 54,4% 2,0% 54,4% -2,0% 

Mean 62,6% 57,8% 4,8% 79,3% 16,7% 
SD 4,4% 5,5% 3,5% 9,2% 7,0% 
Min 54,6% 49,7% -0,8% 54,4% -2,0% 
Max 70,1% 66,5% 13,7% 96,0% 25,9% 
 

Tableau 5.7 – RBF kernel, for each subject: best testing accuracy based on validation,
testing accuracy based on standard C = 1 and sigma = 1, and best testing accuracy
based on test.

trials it is difficult to represent them. It is the 4-band features on ROI (mean of electrodes
and electrode by electrode), together with the average ROI that are the best method for
the majority (Figure 3), i.e. 2/3 of the subjects. This partly contradicts our hypothesis that
it is better to work with a reduced number of features, because we move from 4 and
32 features to 1900 respectively, and methods with a number of features between these
limits represent a minority. So the performance is not directly proportional to the number
of features.

This shows that while the frequency content is more relevant for some subjects, for others
the essential information is better embedded in the temporal signal [357].

As there is a high degree of inter-individual variability, we expected that the optimal me-
thods would change from one individual to another. However, sometimes the difference
in performance between the best method and the second one for the same subject is not
large, and here the size of this difference is not taken into account.
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Kernel Features Based on validation Standard hyperparameters Based on test 

Linear 

allGFP 42,9% 49,2% 53,3% 
all4bFFT 43,0% 49,5% 53,0% 
allWhFFT 41,7% 47,1% 50,6% 
roiGFP 42,9% 49,2% 53,3% 
roiMean 42,9% 49,2% 53,3% 
roi4bFFT 42,1% 44,4% 51,2% 
roiMean4bFFT 50,2% 54,2% 56,6% 
roiWhFFT 43,0% 46,6% 53,7% 
roiMeanWhFFT 49,6% 52,2% 59,2% 
Best method roiMean4bFFT roiMean4bFFT roiMeanWhFFT 

RBF 

allGFP 51,9% 42,0% 55,1% 
all4bFFT 52,7% 42,0% 55,6% 
allWhFFT 51,3% 44,6% 52,4% 
roiGFP 53,9% 42,2% 57,7% 
roiMean 51,9% 42,0% 55,1% 
roi4bFFT 51,9% 42,0% 55,1% 
roiMean4bFFT 55,4% 51,5% 62,2% 
roiWhFFT 53,0% 41,6% 56,0% 
roiMeanWhFFT 54,7% 42,6% 60,5% 
Best method roiMean4bFFT roiMean4bFFT roiMean4bFFT 

 
Tableau 5.8 – Results of classification pipeline on randomly generated data, for both li-
near and RBF kernels, for each features extraction method. Size of features vectors were
preserved for each features extraction method for fair comparison. Best testing accuracy
based on validation, testing accuracy based on standard hyperparameters and best tes-
ting accuracy based on test.

5.2.5.3/ SVM ARCHITECTURE: INFLUENCE OF KERNELS, HYPERPARAMETERS AND

CROSSVALIDATION

The methods using 4 frequency bands present a plateau in the evolution of the hyper-
parameters according to profile B, for both linear and RBF kernels. This reveals a high
stability of the model with respect to hyperparameter variations.

Furthermore, it shows that the selected hyperparameters are reliable, as the presence of
the plateau guarantees the absence of any accuracy peak potentially present between
the two combinations examined.

Thus, the 4-band methods not only provide better classification accuracy, but are also
more robust. They could represent a more reliable way to carry out classification by ensu-
ring that the correct accuracy is not accidental. The same observation can be made with
the RBF kernel.

We observe a variation in the hyperparameter density for the top 3 feature extraction
methods. Overall the most selected hyperparameters are chosen in the smaller C (10-6 to
10-2). The standard C is rarely chosen. Despite the robustness of the methods examined
to hyperparameters variations, picking the best hyperparameter at each permutation may
provide a better amortization of the data heterogeneity problem. This information supports
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the need for hyperparameters to be optimised.

Regarding the RBF kernel, operating on two hyperparameters instead of just one may
result in different combinations leading to the same SVM model. The peak effect observed
on the 3 feature extraction methods suggests that C influences performance more than
sigma, partly matching the phenomenon observed for the linear kernel. A standard sigma
may be sufficient on our data, and that may allow us to tune the C only, which would
save computing time. Another possibility would be to explore a smaller sigma range, for
example between 1 and 50.

5.2.5.4/ STANDARD HYPERPARAMETERS

If standard hyperparameters are selected for each permutation (without optimisation),
the difference with the result optimised for the linear kernel is very slight, and sometimes
even the standard parameters are more efficient. A difference of 5% on average and 14%
maximum is observed for the RBF kernel. Therefore, optimising the hyperparameters
appears to be more essential for the RBF kernel than for the linear kernel.

Theoretically, RBF should give better results, for our data are complex and difficult to
linearly separate: 2 hyperparameters are available to tune instead of one, making the
method more flexible. Best test The performance improvement is extremely substantial
when using this cross-validation method. But although very satisfying in terms of accu-
racy, this approach is a methodological error. We would like to emphasize that this error
provides fairly credible numbers, and is therefore difficult for the novice to recognise.

5.2.5.5/ RANDOMLY GENERATED DATA

The results obtained with random data do not exceed 55.4% accuracy for both the linear
and RBF kernel for the optimization best accuracy based on validation and standard
hyperparameters.

In contrast, with the cross-validation best test, we reach 65%, so RBF can classify bet-
ween noise from random data. We thus recommend a systematic comparison between
the results achieved on the dataset and those obtained on random data to ensure that
statistical noise is indeed eliminated.

5.2.5.6/ STATISTICAL ANALYSIS OF CLASSIFICATION ACCURACIES

We applied 2 different approaches: test permutation and Müller-Putz’s threshold [353].
Subjects 6, 17 and 20 are not statistically significant, but we expected them to be nega-
tive because their knowledge of their familiar songs was insufficient, thus reducing the
difference between well-known and new songs. The two methods always agree, except
for these 3 subjects. This demonstrates first of all that the SVM, even after optimisation, is
not able to classify subjects for whom the protocol did not really succeed, i.e. it does not
make a classification on the background noise. This confirms that our pipeline is reliable.
Moreover, the discrepancy between the statistical performance evaluation methods for
these subjects shows that these data are not purely random, but rather borderline cases.

17 out of 20 subjects significantly emerge from statistical noise. In any case, despite the
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optimisation of the hyperparameters, the pValue is never significant for random data,
once again confirming the pipeline we propose is robust against overfitting.

As a general matter, our data are quite heterogeneous, with high intra-class variability.
The reason for this is that we chose a protocol that reflects what happens in natural
conditions when people are confronted with an unknown song, compared to songs that
are very familiar to them. The songs are therefore all different, and variations in the sti-
muli are consequently present (tempo, human voice, emotion conveyed, etc...). Moreover,
within the same song, each stimulus is unique because the silent periods are scattered
at different moments in the song. The complexity of our data largely explains why the
accuracy remains relatively low compared to what can be observed in the literature: the
training data are not properly representative of the test data, so the result obtained on
these two sets is uneven.

Finally, the RBF kernel is a little more performant in terms of accuracy than the linear one,
but not more efficient because it is very long. Under these circumstances, it would be
more relevant to consider the linear kernel. Concomitant work from Wainer and Fonseca
(2020) [358] comparing 18 different methods of hyperparamters tuning for RBF is also an
interesting lead to increase performance of RBF kernel in future works.

5.3/ CONCLUSION

In this study, we aimed at classify EEG recordings of brain activity during musical ima-
gery induced by silences inserted in songs. We used features from the Fourier Transform
or from 4 frequency bands of interest, and from Global Field Power to compare their re-
levance subject by subject. We also considered the use of all electrodes or individual
regions of interest. Classification was performed by SVM, and we tuned the hyperpara-
meters of two different kernels by nested crossvalidation and gridsearch.

Results showed that while the use of ROI give best results than all electrodes for most
subjects, the spatial position of those is not important for classification performance. Fea-
tures extraction methods involving the 4 frequency bands reached higher accuracies and
were more stable against hyperparameters variations for both linear and RBF kernels,
thus more reliable for classification. While both kernels provided comparable accuracies,
a way shorter computation time for linear kernel makes it more attractive.

Finally, comparison with randomly generated data and statistical tests results demons-
trate that our pipeline is robust and reliable for this kind of data.





III
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6
LE TRAITEMENT SÉMANTIQUE COMME

INDICATEUR DE CONSCIENCE
RÉSIDUELLE

6.1/ INTRODUCTION

Les états de conscience altérée témoignent d’un dysfonctionnement cérébral sévère pou-
vant avoir diverses origines : le traumatisme crânien créant une hémorragie cérébrale est
la plus courante, mais un trouble métabolique faisant suite à une hypoglycémie sévère
ou à l’exposition à des agents toxiques, tels que drogues, médicaments, insecticides ou
alcool peut également en être responsable, tout comme une infection ou une tumeur.
Enfin, la cause du coma peut être d’origine hypoxique ou anoxique lorsque le cerveau
a manqué d’oxygène, soit à cause d’un arrêt cardio-circulatoire (infarctus du myocarde,
trouble du rythme cardiaque) soit à la suite d’une insuffisance respiratoire aigüe (bron-
chopneumopathie chronique et de surinfection ou pneumopathie d’inhalation).

Bien que l’EEG conventionnelle soit couramment employée dans la pratique clinique, le
faible nombre d’électrodes utilisées pose un problème majeur qui est celui de leur place-
ment : l’ERP recherché peut être présent mais non détecté à cause d’un positionnement
des électrodes mal adapté au sujet. Il est donc impossible de conclure à l’absence réelle
de l’ERP. Or, une forte corrélation a pu être établie entre la présence de certains ERPs
cognitifs et la récupération du patient [359]. Ainsi, la détection d’ERPs tels que la N100,
la MMN, la P300 et la N400 est annonciatrice de meilleure chances de rétablissement :
75% des patients qui décèdent ne présentaient pas ces ondes [360]. Toutefois, elles n’ont
pu être enregistrées que sur 58,5% des patients ayant récupéré seulement, traduisant un
taux élevé de faux-négatifs : l’absence de détection ne signifiant pas nécessairement la
détection formelle de l’absence d’ERP.

L’étude Cométique est un essai clinique dont l’objectif principal est d’étudier si l’EEG-HR
augmente la fiabilité de la prédiction de récupération des patients dans le coma par rap-
port à l’EEG normal. L’utilisation de l’EEG-HR se justifie donc par la possibilité d’obtenir
un tableau clinique de l’activité électrique sur l’ensemble du scalp et non plus seulement
sur des régions d’intérêt définies selon la littérature, grâce à un maillage d’électrodes
serré et régulier [361–363]. Cet essai est concentré sur les patients en état de coma non
traumatique issu d’une anoxie. En effet, l’EEG-HR comme outil de diagnostic est davan-
tage adapté à ce type de coma, la pose d’électrodes pouvant poser des difficultés chez
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certains patients ayant des lésions au niveau du scalp suite à un traumatisme d’une part,
et les structures cérébrales internes sont moins fréquemment endommagées, permettant
la localisation des sources d’activité cérébrale d’autre part.

L’évaluation de la conscience dans cet essai est divisé en différentes sous tâches, pour
une évaluation du niveau de conscience par approche hiérarchique :

— Étape 1 : évaluation de la capacité de traitement de l’information auditive et pré-
attentionnelle, via l’élicitation des ERPs N100 et MMN. Le but est de déterminer en
premier lieu si le sujet perçoit les sons, et est capable de les différencier. Il a donc
été donné à écouter au sujet, de manière passive, deux types de stimuli auditifs,
un son pur de fréquence 1000 Hz, fréquent, et un son pur à 2000 Hz, qualifié de
“déviant” (15% des sons).

N100 : Sa présence chez les patients dans le coma suggère que les voies audi-
tives sont fonctionnellement préservées. Certaines études indiquent que l’absence
de l’onde N100 est un signe de mauvaise récupération [364, 365]. La présence
d’une onde N100 est parfois considérée comme prédictif de récupération de la
conscience [366, 367], mais pas toujours [365, 368].

MMN : Chez les patients dans le coma, la présence de la MMN est signe de
récupération dans l’étiologie anoxique [369–372]. Bien que cet ERP soit plus sou-
vent observé chez les patients UWS que chez les patients MCS (65% vs 34% des
patients respectivement) [373–375] ont montré une augmentation de l’amplitude de
la MMN lors de la transition UWS vers MCS.

— Étape 2 : évaluation de la capacité langagière et attentionnelle du sujet, via l’onde
P300. Il a été présenté au sujet huit stimuli auditifs : le prénom du sujet, un autre
prénom cible, et 6 autres prénoms non familiers, afin d’établir si l’attention du parti-
cipant peut se porter automatiquement ou non vers un stimulus familier.

P300 : Chez les patients dans le coma, il est impossible de savoir si la capacité
à suivre des instructions verbales est préservée, et donc si l’allocation des res-
sources attentionnelles est consciente ou non. La majorité de la littérature sur P300
et coma ne dissocie donc pas les composantes P3a et P3b et conserve la termino-
logie P300. Dans l’optique de pallier cette limitation, il était demandé à des patients
en MCS et UWS de compter activement le nombre de fois qu’ils entendaient leur
prénom ou un autre prénom [376]. Cette étude a montré que l’onde P300 des pa-
tients MCS était d’amplitude similaire à celle de sujets sains, alors qu’aucune onde
n’était détectée chez les patients UWS.

— Étape 3 : évaluation de la capacité de traitement pré-sémantique, grâce à la N400.
L’objectif est de caractériser la compréhension du sujet des sons perçus. 120
quatuors de mots ont ainsi été présentés, les trois premiers mots définissant un
contexte sémantique, et le quatrième étant congruent ou non à ce contexte.
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N400 : Bien que l’intérêt pour la N400 soit relativement nouveau dans le cadre de
l’étude des états de conscience, des travaux menés chez des patients en UWS ou
en MCS suggèrent que certains processus sémantiques pourraient être préservés
[377]. En ce qui concerne le stade précoce de coma, Daltrozzo et al. (2009) [378]
ont montré qu’un certain nombre de patients présentait une onde de type N400
lorsque des paires de mots sémantiquement incongruentes étaient présentées.

Notre objectif est d’évaluer la réponse sémantique obtenue lors d’enregistrements EEG
sur sujets sains pour l’étape 3 de cette étude. Nous effectuons dans un premier temps
une analyse de groupe conventionnelle, puis le second objectif est de classer l’activité
cérébrale au niveau individuel en fonction de la congruence des sons perçus.

6.2/ MATÉRIEL ET MÉTHODES

6.2.1/ PROTOCOLE EXPÉRIMENTAL

Le paradigme utilisé pour induire la N400 repose sur l’utilisation de 120 quatuors de
mots. Dans tous les cas, les trois premiers mots des quatuors sont se rapportent au
même champ sémantique et servent à instaurer un contexte. Le quatrième et dernier
mot est également congruent à ce contexte pour la moitié de ces quatuors, tandis qu’il
est incongruent pour les soixante autres, ayant été permuté d’un quatuor à un autre
(Figure 6.1). En effet, la présence d’un mot ne se rapportant pas au contexte mis en place
crée une discordance cognitive observable sous la forme d’une onde N400 en EEG. Ce
quatrième mot a été choisi de façon à ce que sa prononciation ne puisse pas induire une
confusion quant à son sens (tel que “mal” et “mâle”) et sa durée est systématiquement
comprise entre 500 et 950 ms. L’espace entre deux mots d’un même quatuor était de 800
ms et deux quatuors différents étaient séparés par un intervalle de 1100 ms. Enfin, la
présentation des quatuors a été randomisée sous la forme d’une liste unique, ayant donc
un ordre de passage identique pour tous les sujets.

6.2.2/ PARTICIPANTS

Trente sujets droitiers en bonne santé ont été inclus dans cette étude et ont reçu une
compensation financière. Les données de l’un des sujets ont été exclues en raison d’un
défaut d’équipement. Les 29 autres personnes étaient âgées de 19 à 65 ans (âge moyen :
32.52 ans ± 13.30), et 10 étaient des hommes. Tous ont déclaré avoir une audition nor-
male, et ne présentaient aucun trouble neurologique ou psychologique. Le Comité pour la
Protection des Personnes de Besançon a donné son approbation éthique à cette étude
sous le numéro 12/653, et le consentement éclairé a été obtenu par écrit de tous les
participants.

6.2.3/ ACQUISITION DES DONNÉES

Les participants ont été assis sur une chaise confortable dans une salle d’expérimentation
calme, avec pour instruction d’écouter passivement les quatuors de mots qui leur auront
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1er mot 3ème mot2ème mot 4ème mot

… …
TurquoiseDanseur Chorégraphe Choriste

… …
Danseur Chorégraphe Choriste Chanteur

1er mot 3ème mot2ème mot 4ème mot

a) Mots congruents

b) Mots incongruents

FIGURE 6.1 – Exemple de deux quatuors de mots. a) Le quatrième mot est congruent
au contexte sémantique fixé par les trois premiers, ici les arts musicaux. b) Le quatrième
mot est incongruent au contexte sémantique : c’est une couleur.

été présentés, sans bouger, et en gardant les yeux fermés. Le logiciel Presentation®

(Neurobehavioral Systems, Inc., Berkeley, CA, www.neurobs.com) a été utilisé pour
délivrer les stimuli via un casque audio. Le volume sonore a été ajusté individuellement
de façon à être confortable. Les données EEG ont été acquises à partir d’un bonnet EEG
à 64 canaux suivant le système standard 10/10 (Easycap, EasycapGmbh, Ammersee,
Allemagne), à une fréquence d’échantillonnage de 1000 Hz, pour un seuil d’impédance
fixé à 20 kΩ. Tous les canaux ont été enregistrés à l’aide de l’équipement numérique
OSG (BrainRT, OSG bvba, Rumst, Belgique) avec deux amplificateurs Schwarzer AHNS
epas à 44 canaux (Natus, Munich, Allemagne). La durée de l’enregistrement proprement
dit était de 20 minutes environ.

6.2.4/ PRÉ-TRAITEMENT

Les données ainsi acquises ont été filtrées dans le logiciel Cartool (version 3.55 ; http:
//brainmapping.unige.ch/Cartool.php) à l’aide d’un filtre passe-bande Butterworth d’ordre
2, entre 1 et 30 Hz et un filtre coupe-bande en encoche a été appliqué afin d’éliminer les
artefacts dus à l’alimentation électrique à la fréquence de 50 Hz.

Nous avons ensuite segmenté les données filtrées de toutes les électrodes pour
construire des epochs d’une longueur de 900 ms verrouillés temporellement sur le début
de chaque stimulus, chaque epoch allant de -100 ms avant le stimulus à 800 ms après
le stimulus. Les epochs associés à des électrodes dont la tension dépassait 100 µV ont
été éliminés. Les électrodes présentant un signal bruité ont été interpolées à l’aide d’un
algorithme de spline tridimensionnel pour l’un des participants (7 électrodes interpolées
(sujet 18)). Les epochs ont enfin été corrigés par rapport à la ligne de base en utilisant
les 100 ms de signal pré-stimulus.

Une moyenne de 47 epochs par condition (±2) a été conservée pour chaque sujet.

www.neurobs.com
 http://brainmapping.unige.ch/Cartool.php
 http://brainmapping.unige.ch/Cartool.php
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6.2.5/ SEGMENTATION

Dans l’optique d’examiner la topographie et la latence des ERPs sans a priori sur la
grande moyenne de groupe, une segmentation en micro-états a été effectuée afin de
diviser le signal en périodes de temps pendant lesquelles l’activité électrique est stable
en termes de configuration spatiale, en se basant sur le GFP dans les deux conditions,
avant de changer brutalement pour une autre cartographie [70, 72]. Un test t de Student
apparié a en outre été conduit sur les grandes moyennes individuelles afin de déterminer
les régions et les périodes de temps susceptibles de présenter une différence significative
(p<0.05) entre les deux conditions congruence / non congruence.

6.2.6/ ANALYSE TEMPS-FRÉQUENCE

Afin d’évaluer la synchronisation à long terme des ondes cérébrales dans le domaine
fréquentiel, une analyse temps-fréquence a été menée sur l’ensemble de la longueur
du GFP de la grande moyenne, de 1 ms à 800 ms post-stimulus. Cinquante fréquences
espacées en échelle logarithmique ont été calculées entre 3 et 30 Hz par transformée
de Fourier à fenêtre glissante de Hamming, avec un pas de 10 ms et un ratio de “zero-
padding” fixé à 4 [379].

6.2.7/ EXTRACTION ET OPTIMISATION DES CARACTÉRISTIQUES

L’extraction de caractéristiques du signal EEG permet au modèle à développer de se
concentrer sur les caractéristiques les mieux corrélées avec le résultat souhaité. Trop
de données entrantes sans qualités prédictives produit du bruit et réduit la capacité du
modèle à obtenir de bons résultats.

6.2.7.1/ CARACTÉRISTIQUES DU SIGNAL TEMPOREL

Dans un premier temps, nous avons effectué la classification SVM sur les signaux EEG
du domaine temporel, sur les paramètres spatio-temporels ressortant comme significatifs
lors des tests de Student sur les grandes moyennes de l’ensemble des sujets.

6.2.7.2/ TRANSFORMÉE DE FOURIER À FENÊTRE GLISSANTE

Dans leur format brut, les signaux EEG sont enregistrés dans le domaine temporel. Ainsi,
quand on trace un EEG on obtient une représentation temps-amplitude de ce signal. Mais
cette représentation n’est pas toujours la meilleure. Dans de nombreux cas, l’information
la plus intéressante est cachée dans le contenu fréquentiel du signal. En appliquant une
transformée de Fourier (FFT) à un signal brut, on obtient la représentation fréquence-
amplitude. Toutefois, si la FFT informe sur la puissance de chaque fréquence présente
dans le signal, elle ne dit pas à quel moment cette fréquence existe. Cette informa-
tion n’est pas nécessaire lorsque le signal est stationnaire, c’est-à-dire si son contenu
fréquentiel ne change pas au cours du temps (toutes les fréquences du signal existent
à tout moment). Cependant, l’EEG, comme presque tous les signaux biologiques, n’est
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pas stationnaire. Pour obtenir la localisation temporelle des composants spectraux, une
transformée donnant la représentation temps-fréquence du signal est pertinente.

Nous partirons ainsi du principe que le signal peut être divisé en segments suffisamment
petits où il sera considéré comme stationnaire. Dans cet objectif, une fonction fenêtre
de Hamming est choisie. Cette fenêtre est au départ localisée tout au début du signal.
On suppose que la largeur de la fenêtre est de T ms, et aura un chevauchement de
X ms. La fonction fenêtre et le signal sont alors multipliés entre eux. Par la suite, ce
produit est considéré comme un autre signal, dont la FFT est calculée. Le résultat de
cette transformation est donc la FFT des T premières millisecondes, et si le signal était
bien stationnaire, c’est une vraie représentation fréquentielle de ces T premières millise-
condes. L’étape suivante consiste à décaler la fenêtre (de t1 ms), multiplier par le signal
et calculer la FFT, et ainsi de suite jusqu’à la fin du signal. En résumé, nous calculons la
FFT du signal multipliée par une fonction fenêtre glissante (Figure 6.2).

Ligne de base Intervalle post-stimulus

Chevauchement

Chevauchement

Période d’intérêt

Fenêtre
glissante

1

2

3

FIGURE 6.2 – Extraction des caractéristiques fréquentielles du signal EEG par FFT à
fenêtre glissante. La fenêtre se déplace tout au long de la période d’intérêt sélectionnée
dans l’essai EEG, avec un certain chevauchement entre deux fenêtres. Cette méthode
permet d’avoir une représentation temps-fréquence et non uniquement fréquentielle du
signal.

Le choix d’une bonne fenêtre est particulièrement difficile, et dépend des données : si les
composants fréquentiels sont bien séparés les uns des autres dans le signal d’origine,
alors on peut sacrifier un peu de résolution fréquentielle pour une meilleure précision
temporelle. Mais si ce n’est pas le cas, il sera alors très difficile de trouver une fenêtre
optimale. La largeur de l’intervalle de temps considéré fait varier la fréquence minimale
observable, pour une fréquence d’échantillonnage fixe. En d’autres mots, plus la fenêtre
choisie sera longue dans le temps, plus la fréquence minimale observable sera basse :
il est souhaitable d’avoir au moins deux cycles pour extraire une fréquence donnée ; or,
plus la fréquence est basse, plus sa période est longue.
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Il est donc nécessaire, pour une bonne classification, de déterminer le début et la fin de
la période de temps d’intérêt pour l’étude, afin d’éliminer les données inutiles présentes
avant et après. D’autre part, le choix de la longueur de la fenêtre glissante pour la
FFT et le choix de la longueur du chevauchement seront cruciaux pour extraire les ca-
ractéristiques fréquentielles du signal de façon convenable.

6.2.7.3/ UNE OPTIMISATION INDIVIDUELLE

La plupart des études se basent sur la littérature pour déterminer quelles électrodes et
quelles périodes de temps sont les plus pertinentes pour obtenir la meilleure accuracy
de classification. La N400 est un potentiel négatif dont le pic se présente environ 400 ms
post-stimulus, observable entre environ 250 et 550 ms. Ainsi, la période de temps allant
de 250 à 550 ms post-stimulus semble la plus pertinente pour la classification, et ce pour
tous les sujets.

Cependant, il existe dans l’activité cérébrale de grandes variations d’un sujet à l’autre, y
compris chez les sujets sains, comprenant des fluctuations en latence mais également en
topographie. Nous avons donc estimé qu’il était nécessaire de personnaliser l’extraction
de ces paramètres afin de s’adapter au profil de chaque sujet testé.

Ainsi, nous allons utiliser un algorithme dit “génétique” pour rechercher les valeurs op-
timales de chacun de ces quatre paramètres : le début et la fin de la période d’intérêt,
sur laquelle sera effectuée la FFT, la longueur de la fenêtre glissante, et la longueur du
chevauchement lors du déplacement de la fenêtre glissante (Figure 6.3).

6.2.7.4/ ALGORITHME GÉNÉTIQUE

Les algorithmes génétiques sont une famille de méthodes de calcul de recherche
aléatoire basée sur les principes de la génétique naturelle et de l’évolution. Ils permettent
de résoudre des problèmes d’optimisation globale en faisant évoluer une population de
solutions candidates.

Chaque individu de la population de solutions potentielles est représenté par un vec-
teur appelé “chromosome”, constitué d’un ensemble de caractéristiques à optimiser, les
“gènes”. Ces caractéristiques à optimiser sont ici le début et la fin de la période d’intérêt,
la longueur de la fenêtre glissante de la FFT et le chevauchement entre deux fenêtres
glissantes. La première population est initialisée en remplissant de façon aléatoire les
vecteurs de caractéristiques. Une fonction d’aptitude du modèle est utilisée pour évaluer
chaque chromosome de la population. Nous considérons le taux d’erreur du classifica-
teur comme la fonction d’aptitude que le GA s’efforcera de minimiser. Par conséquent,
pour chaque chromosome, un SVM est créé, entraı̂né et testé pour obtenir ce taux d’er-
reur. À chaque étape, le GA créera des “enfants” destinés à faire partie de la prochaine
génération de la population. Toutefois, la probabilité qu’un chromosome particulier soit
choisi pour créer la prochaine génération dépend des performances obtenues lors de la
classification.

Trois types d’enfants peuvent être créés : les enfants élite, qui ont le plus faible taux
d’erreur pour cette génération, survivent automatiquement pour la prochaine. Cela réduit
le risque de perdre les meilleurs chromosomes par croisement ou mutation et permet une
convergence plus rapide vers une solution optimale. Parmi les chromosomes restants, les
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meilleurs sont sélectionnés pour être parents et se recombinent, donnant naissance à des
descendants potentiellement supérieurs, les enfants issus de croisement. Pour chaque
couple de parents, des gènes (valeurs des paramètres à optimiser) sont choisis au hasard
dans l’un ou l’autre et attribués au chromosome de l’enfant. Un même individu peut être
sélectionné plus d’une fois pour être parent, auquel cas ses gènes contribuent à créer
plus d’un enfant. Enfin, des mutations peuvent être introduites en changeant au hasard
une valeur dans un chromosome pour créer un enfant muté. Ces mutations contribuent à
la diversité de la population, et augmentent la probabilité que le GA génère des individus
capables d’atteindre un meilleur taux d’erreur. En outre, ces modifications permettent
également à l’algorithme d’explorer de nouveaux domaines du problème.

L’ensemble du processus est répété jusqu’à ce que la variation moyenne du meilleur taux
d’erreur obtenu soit inférieure à la tolérance fixée à 10-6, ou que l’on atteigne un taux
d’erreur de zéro, soit une discrimination parfaite. Après la dernière itération, le meilleur
chromosome, c’est-à-dire les valeurs des paramètres pour la FFT offrant la meilleure
performance de classification, est retenu et considéré comme la solution optimale pour
ce problème.

Ce processus d’optimisation a été répété pour chacun des 29 sujets sains et 5 patients
afin d’obtenir les meilleures paramètres de façon personnalisée.

6.2.8/ SUPPORT VECTOR MACHINE

Le SVM implique de déterminer, lors de la phase d’entraı̂nement l’hyperplan optimisant la
distance aux points les plus proches de chaque classe, séparant au mieux les données.
Lors de la phase subséquente de test, le reste des essais est présenté au modèle appris,
qui les classera alors selon les paramètres définis précédemment.

Une validation croisée “k-fold” a été effectuée sur ce SVM : les essais ont été rando-
misés et divisés en quatre groupes, chacun d’entre eux servant d’échantillon de test
pendant que les trois autres constituaient l’échantillon d’entraı̂nement. Cette opération a
été répétée 1000 fois, et un pourcentage de discrimination (accuracy ) ainsi qu’une valeur
de p-value ont alors été calculés. Dans un premier temps, le résultat obtenu à l’issue de
ce procédé imbriqué dans l’algorithme génétique a été considéré.

Dans un second temps, 10 essais ont été mis de côté et ne sont pas passés par le proces-
sus d’optimisation par l’algorithme génétique. A l’issue de l’optimisation des paramètres
de la FFT, ces 10 essais tenus secrets pour l’algorithme de recherche ont été testés sur
le modèle optimisé obtenu, afin de comparer le résultat obtenu lorsque l’algorithme avait
eu accès à l’ensemble des données ou non.

6.3/ RÉSULTATS

La segmentation effectuée sur les ERPs a révélé six micro-états de topographie cérébrale
stable (Figure 6.4). Les deux premiers présentent nettement des ERPs dans les deux
conditions congruence et non-congruence. Le premier micro-état, allant de 16 à 74 ms
post-stimulus présente une distribution fronto-centrale positive pour la condition “mots
non congruents” et davantage centrale pour la condition “mots congruents” (p<0.001). Le
premier intervalle, courant de 74 à 149 ms, montre une carte avec une forte négativité
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FIGURE 6.3 – Pipeline incluant l’extraction des caractéristiques et la classification des
essais au sein de l’algorithme d’optimisation génétique pour chacun des sujets.

centro-pariétale, puis une composante positive centrale a pu être observée dans le se-
cond micro-état, entre 150 et 253 ms, et une troisième onde, négative et centro-pariétale
était présente de 254 à 406 ms. Aucune différence significative n’a pu être mise en
évidence entre les deux conditions pour ces trois cartes. Les micro-états quatre et cinq
montrent une différence significative (p<0.001) dans la région centro-pariétale. En effet,
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entre 407 et 505 ms, on observe une onde négative fronto-centrale évoluant vers une
forme frontale entre 506 et 663 ms lorsque les mots sont congruents, tandis que cette
négativité est débute dans la zone centro-pariétale avant de devenir fronto-centrale dans
la seconde condition. Enfin, la sixième cartographie, de 664 à 800 ms, est à nouveau
commune aux deux conditions, avec un complexe positif en centro-pariétal et négatif
dans la région frontale.
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FIGURE 6.4 – Grandes moyennes de l’ensemble des sujets pour les conditions
congruente et incongruente et cartographies du signal des 63 électrodes. Six topogra-
phies ont été établies après la réalisation de la segmentation, montrant l’émergence de
différentes périodes de stabilité, correspondant à des mécanismes cognitifs particuliers
à un moment donné.

Une analyse de la densité spectrale de puissance a été exécutée afin d’examiner les to-
pographies sur le long terme sur 4 différentes fréquences situées respectivement dans
les bandes thêta, alpha, bêta 1 et bêta 2 (Figure 6.5). Aucune différence significative n’a
pu être mise en évidence entre les mots congruents et incongruents dans ces cartogra-
phies.

L’analyse temps-fréquence du GFP de la grande moyenne (Figure 6.6) révèle une syn-
chronisation plus forte de l’activité cérébrale, entre 5 et 15 dB, dans les bandes de
fréquence thêta, alpha et bêta 1 pour les mots congruents dans une première période
allant de 150 à 400 ms après le début du stimulus, ainsi que dans les bandes bêta 1 et
bêta 2 entre 430 et 620 ms. Deux périodes distinctes montrent en revanche une synchro-
nisation plus forte pour les mots incongruents, dans les bandes thêta et alpha de 560 à
620 ms, et dans les fréquences alpha et bêta 1 entre 800 et 900 ms.

La figure 6.7 montre que l’utilisation des paramètres issus du test de Student effectué
dans le domaine temporel suite à la segmentation en micro-états donne des précisions
de test proches de l’aléatoire, avec une moyenne de 49.5% ± 4.2% sur l’ensemble des
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FIGURE 6.5 – Cartographies du signal EEG dans le domaine fréquentiel, obtenues sur
les grandes moyennes de l’ensemble des sujets, pour chacun des bandes de fréquences
considérées et pour a) la condition congruente et b) la condition incongruente.

sujets. La précision maximale obtenue est de 58.4%, pour le sujet 8.

La même figure (Figure 6.7) montre que la performance en termes de pourcen-
tage de précision lors de l’utilisation de paramètres “standards” d’extraction de ca-
ractéristiques basés sur la littérature est de 48.47% en moyenne (± 5.20%). En revanche,
la précision après optimisation individuelle des paramètres via l’algorithme génétique est
systématiquement plus élevée que la précision standard pour tous les sujets, avec une
moyenne de 67.70% (± 3.74%). Il est intéressant de constater que la performance varie
fortement d’un sujet à l’autre lorsque ces paramètres sont testés sur des essais mis de
côté et inconnus de l’algorithme d’optimisation. En effet, le processus a conduit à une
amélioration de la performance chez 14 sujets, tandis que pour 7 d’entre eux aucune va-
riation significative de la précision n’a eu lieu, et que pour 10 sujets enfin, la performance
s’est même dégradée (moyenne : 49.14% ± 15.72).

Le nombre de sujets dont la période d’intérêt optimale inclut un temps donné est figuré
par la ligne orange de la Figure 6.8. La proportion de sujets excédant 75% concerne une
fenêtre de temps comprise entre 312 et 563 ms après la survenue du stimulus. Toutefois,
on peut constater de grandes disparités entre les fenêtres optimales sélectionnées pour
chacun des sujets, tant en termes de longueur (moyenne : 448 ± 145 ms), que du temps
de début (moyenne : 252 ± 124 ms) et de fin (moyenne : 700 ± 145 ms).
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FIGURE 6.6 – Analyse temps-fréquence sur le GFP de chacune des deux conditions ( a)
mots congruents et b) mots incongruents). Une forte synchronisation (rouge) suivie d’une
désynchronisation (jaune et bleu) est clairement observée pour chaque catégorie. Une
différence dans la synchronisation entre les deux conditions est observée en c).



6.3. RÉSULTATS 119

1 2 3 4 5 6 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
0

10

20

30

40

50

60

70

80

90

100 Algorithme génétique
Essais mis de côté

Sujets

Pr
éc

is
io

n 
(%

)
Standard
Domaine temporel

FIGURE 6.7 – Précision de test obtenue pour chacun des sujets avec une méthode de
classification utilisant :

— dans le domaine temporel : les électrodes (C3, Cz, CP5, CP1, P3, Pz, C1, C2,
CP3, CPz, P1, P2) et la période d’intérêt (de 407 à 653 ms) significatives lors de la
segmentation (étoile violette),

— dans le domaine fréquentiel : des paramètres de FFT standards, identiques pour
tous les sujets (triangle bleu), précision de validation obtenue par optimisation avec
algorithme génétique (carré orange), précision de test obtenue sur les essais mis
de côté et inconnus de l’algorithme génétique afin de vérifier la performance (rond
vert).
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FIGURE 6.8 – Position de la période d’intérêt optimale retenue pour chaque sujet par l’al-
gorithme génétique. La courbe orange représente le pourcentage de sujets pour lesquels
chaque milliseconde fait partie de la période optimale.

La Figure 6.9 donne pour chaque sujet, puis sous forme d’histogrammes, les longueurs
respectives de la période d’intérêt (en vert), de la fenêtre glissante (en bleu) et du chevau-
chement (en orange) optimaux obtenus par algorithme génétique. Là encore, une forte
dispersion des valeurs peut être observée d’un participant à l’autre concernant les pa-
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ramètres de la transformée de Fourier, suggérant que l’emploi de paramètres standards
communs à tous les sujets ne serait pas judicieux.
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FIGURE 6.9 – Paramètres optimaux obtenus par algorithme génétique. a) Longueur en
temps de la période d’intérêt, de la fenêtre glissante et du chevauchement optimaux
pour chaque sujet. b) Nombre de sujets par longueur optimale de la période d’intérêt.
c) Nombre de sujets par ratio longueur optimale de la fenêtre glissante sur longueur
optimale de la période d’intérêt. d) Nombre de sujets par longueur optimale du chevau-
chement sur longueur optimale de la fenêtre glissante.

Un test statistique de Spearman (rho) a été opéré sur les différents résultats obte-
nus. Plus la corrélation est forte et positive, plus le coefficient est proche de 1, plus la
corrélation est forte et négative, plus le coefficient est proche de -1, et lorsque la tendance
n’est pas monotone, il est proche de zéro. La Table 6.1 démontre qu’aucune corrélation
ne peut être faire entre les paramètres déterminés comme optimaux par l’algorithme
génétique et la performance obtenue tant par l’algorithme qu’en test sur les essais incon-
nus de celui-ci par la suite.

La Figure 6.10 montre l’évolution de la précision obtenue lors de l’application du pro-
cessus d’optimisation par algorithme génétique à des données aléatoires, en fonction
du nombre d’essais par classe. On constate qu’en deçà de 300 essais par classe, la
performance est inversement proportionnelle au nombre d’essais par classe, suggérant
que l’algorithme génétique est capable de distinguer deux classes d’après des motifs
aléatoires lorsque le nombre d’essais est trop faible. Il serait donc recommandé d’en-
registrer un nombre important d’essais lors des études afin de se prémunir contre cet
effet.
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 Size of 
period of 
interest  

Ratio size 
sliding 
window/period 
of interest (%)  

Ratio size 
overlap/sliding 
window (%)  

Précision 
algorithme 
génétique  

Précision de 
test  

Size of period 
of interest  

     

Ratio size 
sliding 
window/period 
of interest (%)  

-0.06     

Ratio size 
overlap/sliding 
window (%)  

0.13 -0.22    

Précision 
algorithme 
génétique  

0.12 0.11 0.36   

Précision de 
test  

-0.02 0.06 -0.26 -0.02  

 
Tableau 6.1 – Corrélations de Spearman (rho) entre les différents paramètres optimisés
et la précision de test obtenue sur les essais préservés.
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FIGURE 6.10 – Optimisation sur données générées aléatoirement. Précision de validation
obtenue par optimisation par algorithme génétique en fonction du nombre d’essais par
classe.
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6.4/ DISCUSSION

La présente investigation avait pour objectif d’examiner la possibilité de classer automati-
quement et de façon individualisée les potentiels évoqués liés au traitement sémantique.
Nous avons opposé des quatuors de mots dont le dernier élément était ou non relié au
contexte sémantique mis en place par les trois premiers, en formulant l’hypothèse que
l’institution dudit contexte via des quatuors de mots plutôt que par des paires induirait
une différence marquée en électrophysiologie entre les deux conditions, et donc une
meilleure performance de classification. Notre seconde hypothèse était que l’optimisa-
tion individualisée de l’extraction des caractéristiques utilisées pour le SVM améliorerait
nettement la précision de la classification.

La N400 est un potentiel évoqué négatif, apparaissant dans les régions centro-pariétales
du scalp, dont le pic est atteint environ 400 ms après le début du stimulus. L’amplitude de
cette onde serait spécifiquement sensible à la composante sémantique de l’information
auditive reçue. L’intérêt majeur de cet ERP dans notre étude est que l’observation d’un
effet N400 chez le sujet reflète un accès au sens du discours, dont la préservation serait
corrélée à un diagnostic favorable chez le patient en état de conscience altérée.

Dans cette étude, nous observons une série d’activations cérébrales lors de la
présentation du quatrième mot du quatuor. Ces activations comprennent tant des
réponses attentionnelles que cognitives, dont la N400 recherchée. Nos analyses ont
révélé que l’amplitude et la durée de ce potentiel évoqué sont bien sensibles à l’incon-
gruence au contexte du quatrième mot. L’utilisation de l’algorithme génétique couple au
SVM permet une augmentation drastique de la performance de classification, mais la
précision obtenue en test n’étant pas en rapport, nous avons fait l’hypothèse que l’optimi-
sation pouvait être parasitée par le faible ratio signal sur bruit des enregistrements EEG,
menant à un phénomène de surajustement.

6.4.1/ POTENTIELS ÉVOQUÉS

La segmentation du signal EEG nous a permis d’étudier l’activité transitoire corres-
pondant au traitement à court terme de l’information sémantique. Nous avons mis en
évidence l’apparition successive de 6 périodes d’intérêt après l’apparition du stimulus.

6.4.1.1/ RÉPONSE CÉRÉBRALE PRÉCOCE

Aucune différence significative n’a pu être mise en évidence au niveau de la première car-
tographie, courant de 74 à 149 ms. Nous supposons que cette topographie à la négativité
centro-pariétale correspond à une onde N100, comme le suggère le pic d’amplitude à en-
viron 100 ms. L’amplitude de la N100, élicitée par des stimuli auditifs discernables, a été
interprétée comme reflétant l’allocation de l’attention sensorielle auditive de façon spon-
tanée [380].

6.4.1.2/ MÉCANISMES ATTENTIONNELS

La seconde cartographie (150 - 253 ms) ne présente pas non plus de différence significa-
tive entre les deux conditions. Le maximum d’amplitude pouvant être observé à environ
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200 ms et la distribution fronto-centrale positive pointent vers une onde P200, supposée
représenter le traitement perceptuel secondaire des stimuli. L’amplitude est proportion-
nelle à la quantité de ressources attentionnelles consacrées à la tâche et au degré de
traitement de l’information requis [381].

Présente de 254 à 406 ms, la troisième topographie représente une déflection négative
en centro-pariétale semblable à celle de la N100, mais avec une amplitude bien plus
faible. Cette carte est plus difficile à interpréter, car nous nous serions attendus à ob-
server plutôt un pic positif de P300 à ce stade. Cette distribution, qui ne montre pas
de différence significative entre les deux conditions, ressemble à une période de tran-
sition entre la P200, avec une positivité antérieure forte et une négativité postérieure
également forte, vers une négativité frontale et une positivité pariéto-occipitale élevées,
pour les mots congruents, observables sur les micro-états 6 et 7 ; ou vers une négativité
centro-pariétale forte présente dès le micro-état 4 dans le cas des mots incongruents.

6.4.1.3/ RÉPONSES COGNITIVES

Comparé à la condition congruente, les mots non-congruents ont clairement élicité un
potentiel négatif centro-pariétal reflétant l’incongruité sémantique présente dans cette
circonstance [382] entre 406 et 505 ms. Il semble que l’utilisation de quatuors plutôt que
de paires de mots induise une attente forte en termes de contexte, induisant une N400
fiable.

La question de savoir si la N400 est automatique ou contrôlée par l’attention est sujette
à débat, (voir par exemple [383–385]. Toutefois, ici nous n’observons pas de différence
dans la réallocation préalable de l’attention dans les processus attentionnels précédant
la survenue de la N400.

Le dernier micro-état, couvrant la période de temps 663 - 800 ms, montre une négativité
frontale et une positivité pariéto-occipitale fortes, la topographie pouvant correspondre
à la Late Positive Component (LPC). Il est probable que la LPC reflète ici l’intégration
sémantique et la confiance dans l’intégration d’un mot dans son contexte [386]. Il a été
suggéré [387, 388] que la LPC dépend d’un rappel en mémoire conscient [389] de la
relation entre la cible et l’amorce, ici entre le quatrième mot et le contexte précédemment
établi.

Il est intéressant de constater que la dernière cartographie ne montre pas de différence
significative entre les deux conditions. Il semble que dans la condition congruente, une
phase de transition précède une arrivée de la LPC dès la cinquième carte et se prolon-
geant sur la dernière, tandis que le décours temporel en condition incongruente distingue
d’abord une N400 sur les quatrième et cinquième cartes, avant l’apparition enfin de la
LPC sur le dernier micro-état, provoquant cette différence significative (p<0.001) dans la
zone centro-pariétale.

6.4.2/ ACTIVITÉ FRÉQUENTIELLE : CONSÉQUENCES POUR LA CLASSIFICATION

L’examen de l’activité fréquentielle dans les bandes Thêta, Alpha, Bêta 1 et Bêta 2 sur
l’ensemble de l’epoch, soit de 0 à 800 ms après le début du quatrième mot, n’a révélé
aucune région d’intérêt significative pour distinguer les deux conditions. Nous avons donc
choisi de conserver l’ensemble des électrodes pour la classification, afin de ne pas perdre
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d’information pouvant être pertinente.

En revanche, l’analyse temps fréquence a révélé des fenêtres de temps intéressantes,
pouvant concerner l’ensemble des quatre bandes de fréquence. Il nous a donc semblé
pertinent, dans un premier temps, d’opérer la classification sur une fenêtre de temps
typique de la N400 et susceptible de contenir une différence significative. Dans un se-
cond temps, au vu des résultats obtenus et connaissant les variations inter-individuelles
susceptibles de survenir en terme de latence de l’activité cérébrale, nous avons choisi
d’optimiser la fenêtre de temps de façon personnalisée pour chacun des sujets.

6.4.3/ UNE FORTE VARIABILITÉ INTER-INDIVIDUELLE

L’ensemble des résultats obtenus lors de la classification pointe vers la confirmation d’une
forte variabilité inter-individuelle, comme en témoignent plus particulièrement les fluctua-
tions de période d’intérêt, de taille de celle-ci, ainsi que de longueur de la fenêtre glis-
sante et du chevauchement d’un sujet à l’autre. Il semblerait donc que l’utilisation d’une
optimisation personnalisée soit pertinente dans cette étude. En outre, le fait qu’aucune
corrélation n’ait pu être établie entre la performance et les valeurs obtenues pour les pa-
ramètres optimisés tend à confirmer que ceux-ci dépendent essentiellement du sujet en
question.

6.4.4/ UN SURAJUSTEMENT DU MODÈLE

6.4.4.1/ SURAJUSTEMENT DÛ À L’OPTIMISATION DES PARAMÈTRES

La méthode de classification avec EEG-HR que nous présentons ici prend en compte
toutes les régions, pas seulement celles où la N400 est supposée apparaı̂tre, et la période
de temps est optimisée individuellement, rendant cette façon de faire particulièrement
adaptée pour les patients souffrant de lésions cérébrales, dont les potentiels évoqués
peuvent être répartis selon d’autres topographies que les sujets sains dues aux dysfonc-
tionnements cérébraux des patients [361, 362].

Toutefois, conserver l’ensemble des 63 électrodes signifie inévitablement introduire da-
vantage de données non pertinentes pour éviter de manquer celles qui le sont. La clas-
sification prend en compte toutes les données entrées dans le SVM, y compris celles
qui ne sont pas pertinentes pour différencier les deux classes. Ainsi, d’autres proces-
sus cérébraux que la N400, ou du bruit lié à l’enregistrement, peuvent avoir contribué
à la création du modèle. Le nombre d’essais dont nous disposons est très faible, l’in-
fluence du bruit augmente donc. Or, ainsi que le démontre la Figure 6.10, lorsque l’on
augmente le nombre d’essais générés aléatoirement, la précision de validation obtenue
via l’algorithme génétique diminue pour se rapprocher des 50% attendus, signifiant que
les données sont classées au hasard et qu’aucun pattern dû au bruit n’est responsable
de la performance du modèle. Plus la taille du jeu d’entraı̂nement s’amenuise, plus le
pourcentage de précision au-delà duquel on peut considérer que la performance n’est
pas due au hasard augmente. De plus, si l’utilisation de 120 quatuors de mots différents
permet de varier les stimuli et d’éviter ainsi tant l’habituation du sujet que l’anticipation
du quatrième mot, nous ne connaissons pas l’influence que peut avoir l’usage de stimuli
tous différents. Il est probable que cette méthode introduise une variance supplémentaire
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dans l’activité cérébrale, qui s’annule lors de l’utilisation des moyennes de groupe mais
qui resurgirait lorsque l’on revient à une classification essai par essai.

Ces différents facteurs nous permettent d’expliquer que l’efficacité du modèle SVM créé
varie autant de l’entraı̂nement au test : si des données représentatives de la réalité sont
utilisées pour l’entraı̂nement, la précision de test est une alors estimation non biaisée de
la réelle capacité de généralisation du SVM.

La généralisation est la capacité d’un modèle à donner de bons résultats sur des essais
inconnus. Atteindre une bonne généralisation est l’un des objectifs les plus importants de
toute méthode d’apprentissage automatique. On dit qu’il y a surajustement (overfitting)
lorsqu’un modèle de classification obtient de bons résultats sur les essais d’entraı̂nement
mais pas sur les essais de test : il perd sa capacité de généralisation de l’apprentis-
sage et produit des résultats trompeurs. Cela indique que les relations sous-jacentes de
l’ensemble des données n’ont pas été apprises, et qu’au lieu de cela, un ensemble de
relations existant uniquement sur les données d’entraı̂nement a été appris, mais celles-
ci n’ont aucune correspondance sur l’ensemble des cas connus. En d’autres termes, le
classificateur créé lors de l’apprentissage s’adapte si bien aux essais d’entraı̂nement que
le bruit et les particularités de ce jeu de données sont mémorisés, et que ce modèle est
limité à quelques données spécifiques au lieu de données générales [390, 391].

Les caractéristiques particulières des données EEG, c’est-à-dire le petit nombre
d’échantillons (moins de 100 par sujet dans notre cas) et le grand nombre de ca-
ractéristiques extraites, dû notamment au grand nombre d’électrodes conservées, aug-
mentent donc théoriquement la probabilité d’un surajustement du SVM.

Afin d’obtenir davantage d’essais, les stimulations passives pourraient être divisées en
plusieurs sessions. Toutefois, cela ouvre la porte à d’autres défis, puisque l’état de base
de l’activité cérébrale et les conditions dans lesquelles se trouve le sujet varient d’une
session à l’autre, introduisant davantage de variabilité intra-individuelle.

6.4.4.2/ SURAJUSTEMENT DÛ À DES HYPERPARAMÈTRES DU SVM TROP RIGIDES

“STANDARDS”

D’autre part, nous avons fait le choix ici d’utiliser un kernel linéaire, avec un hyperpa-
ramètre de régulation C standard, fixé à 1. Les hyperparamètres sont très importants
pour construire des modèles robustes et précis et donc éviter que le modèle ne soit trop
ou pas assez ajusté. Plus C est grand, plus le SVM va tenter d’améliorer la performance
à l’entraı̂nement, menant à un surajustement du modèle aux données d’entraı̂nement
et donc une performance plus faible lors du test. Dans cette étude, il est possible que
le surajustement observé soit en partie dû à un C trop élevé. Toutefois, cette division en
paramètres et hyper-paramètres nécessite d’ajuster le modèle de manière itérative en uti-
lisant une paire de boucles imbriquées, les hyperparamètres étant ajustés dans la boucle
extérieure (sélection du modèle) et les paramètres étant réglés dans la boucle intérieure
(ajustement du modèle), ce qui est très coûteux en ressources computationnelles et très
long. D’autre part, d’après Cawley & Talbot (2007) [392], le recours à cette méthode prête
le flanc à un surajustement dû à l’optimisation des hyperparamètres, en sus de celui lié à
l’optimisation des paramètres d’extraction des caractéristiques.

Ainsi, nous montrons que certains protocoles d’évaluation des performances, en appa-
rence bénins, utilisés couramment par la communauté du machine learning en EEG,
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sont susceptibles de cette forme de biais et donnent donc potentiellement des résultats
erronés.

Afin d’éviter ce biais, l’optimisation des paramètres et hyperparamètres doit être traitée
comme une partie intégrante du processus d’ajustement du modèle et doit être renou-
velée chaque fois qu’un modèle est ajusté à un nouveau set d’entraı̂nement. Cependant,
cela signifie qu’une évaluation robuste et impartiale des performances nécessitera proba-
blement des protocoles plus rigoureux et plus gourmands en calculs, comme la validation
croisée emboı̂tée ou “double croix” [393].

De toute évidence, une mauvaise performance de classification ne doit pas être prise
comme une preuve de l’absence de conscience chez des patients en état de conscience
altérée, puisque même les potentiels évoqués d’intérêt peuvent rester indétectés même
chez des sujets sains.

6.5/ CONCLUSION

Il apparaı̂t extrêmement difficile de définir quelle serait la meilleure méthode d’analyse du
signal, tant elle dépend du sujet, du design du protocole, du nombre d’essais disponibles,
pour ne citer que quelques uns des nombreux facteurs d’influence. Il semble, de plus, que
l’utilisation d’une méthode plus complexe et, ou personnalisée, ne suffise pas à résoudre
l’incertitude du diagnostic, voire puisse éventuellement compliquer la prise de décision
quant à la prise en charge médicale. Une comparaison systématique des différentes
techniques d’analyse et de machine learning sur un même jeu de données, puis sur
différents jeux de données issus de protocoles différents pourrait permettre de dégager
une vision d’ensemble claire des prérequis nécessaires à l’obtention d’une performance
de classification à la fois haute et fiable, et devra faire l’objet de futures études.
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7
DISCUSSION GÉNÉRALE

7.1/ CONTRIBUTIONS DE CETTE THÈSE

Nous avons débuté ce manuscrit par une revue systématique de la littérature, qui a mis
principalement en relief un manque de reproductibilité des études sur le SVM appliqué à
l’EEG. Cet état de fait est retrouvé largement dans la littérature depuis quelques années,
à tel point que l’on parle maintenant de “crise de la reproductibilité” [394–396].

Dans notre revue, comme de manière plus générale, cette problématique trouve ses
sources dans un manque d’accessibilité des données et des programmes d’analyse.
Nous avons notamment mis en lumière que 98.6% des articles de notre panorama étaient
très difficiles ou impossible à reproduire.

Pour ce qui est du code servant à l’analyse, il devrait être relativement aisé de le mettre
en ligne sur des plateformes telles que GitHub, ou en tant que matériel supplémentaire
accompagnant la publication de l’article. Dans tous les cas, le logiciel et/ou le langage
de programmation, ainsi que les éventuelles boites à outils numériques utilisées et leurs
versions devraient être explicitement mentionnés dans le corps de texte.

La question des enregistrements EEG est, en revanche, d’une toute autre complexité.
En effet, les données en rapport avec la santé de l’humain acquises à l’hôpital, et même
dans le cadre de toute recherche, sont protégées par le Règlement Général sur la Pro-
tection des Données 1 en Europe, et par des équivalents dans d’autres pays. Il n’est donc
pas toujours possible de les mettre à disposition d’autres équipes de recherche. C’est no-
tamment le cas des données exploitées dans ce travail de thèse. Cette situation entraı̂ne
deux conséquences :

— L’étude n’est pas reproductible directement par une autre équipe, ce qui nuit à sa
portée et à la robustesse de ses conclusions. Toutefois, dans la plupart des cas, les
études cliniques de neuroimagerie sont d’abord validées sur sujets sains. Il devrait
être possible de partager ces enregistrements anonymes afin que la communauté
scientifique puisse entériner la fiabilité des nouveaux protocoles.

— Lorsque l’on veut tester cette fois une nouvelle méthode d’analyse, par exemple
en machine learning, il est difficile de trouver en ligne des bases de données EEG
qui soient adaptées aux problématiques cliniques visées. En effet, la plupart des
banques proposent surtout des données de BCI (compétitions BCI), ou en rapport
avec les émotions (jeu de données DEAP), qui sont les deux champs les plus ex-

1. Loi n° 78-17 du 6 janvier 1978 relative à l’informatique, aux fichiers et aux libertés, JORF n° 0006 du 7
janvier 1978 ; modifiée par l’ordonnance n° 2018-1125 du 12 décembre 2018.
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plorés. Nous soulignons donc ici la nécessité de pouvoir compter sur un catalogue
plus vaste pour tester la fiabilité des techniques de traitement du signal émergentes.

Concernant en outre les informations fournies sur la méthodologie SVM employée, 58.6%
des articles n’indiquent ni une optimisation, ni les valeurs des hyperparamètres des ker-
nels, ce qui nuit également à la reproductibilité. Il convient toutefois de nuancer cette
observation : dans un grand nombre d’articles (cf par exemple [160, 233, 260] – liste
non exhaustive), la méthodologie EEG employée et le protocole d’enregistrement, de la
description de la tâche aux consignes données, et jusqu’au matériel dont on se sert,
sont abondamment détaillés. Cette disparité dans les renseignements fournis dénote
non pas une volonté de dissimuler des informations, mais plutôt un manque d’éducation
aux nouvelles méthodes de machine learning. En effet, les neuroscientifiques ne sont
que rarement formés aux techniques de traitement du signal et a fortiori aux méthodes
les plus récentes, car ces items ne figurent pas dans les cursus universitaires de bio-
logie. Ces lacunes dans la formation entraı̂nent une certaine méconnaissance des pa-
ramètres critiques de la méthode expérimentale, et quant à la pertinence des informations
nécessaires à la reproductibilité de leur étude.

Ce travail de thèse a consisté à se placer à la frontière entre trois domaines, les neu-
rosciences, les mathématiques et l’informatique, en tâchant de faire le lien entre les
méthodes décrites par les mathématiciens et les ingénieurs et l’interprétation biologique
des résultats obtenus en machine learning de manière plus générale.

Notre choix s’est porté spécifiquement sur le SVM car c’est une méthode développée
en mathématiques depuis 1992 [397], arrivée dans le domaine de la neuromagerie par
électroencéphalographie au début des années 2010. C’est une méthode qui donc com-
mence à être bien connue, et qui est très utilisée, comme le montre notre revue de la
littérature (cf Chapitre 3). De plus, si le SVM est si prisé, c’est qu’il en existe déjà des fonc-
tions dans plusieurs langages de programmation, tels que Matlab ou Python. A contrario
des techniques plus récentes telles que le deep learning ou les réseaux de neurones, le
SVM est donc moins complexe à prendre en main et surtout moins coûteux en termes
de ressources de calcul nécessaires. Enfin, les collaborations précédentes des labora-
toires de neurosciences et de mathématiques avaient déjà portés sur le SVM, ce qui
nous donnait un certain recul par rapport à cette expérience. Nous souhaitions appliquer
le SVM sur de nouvelles données cliniques afin d’examiner leur potentiel, mais aussi afin
de bénéficier d’un point de comparaison lorsque nous utiliserions des méthodes de ma-
chine learning certes plus puissantes, mais aussi plus récentes, et donc plus difficiles à
évaluer. Nous avons du toutefois effectuer un travail conséquent de programmation pour
accompagner ces algorithmes à l’usage voulu en EEG.

Au cours de nos travaux, nous nous sommes également penchés sur des méthodes de
visualisation des données, afin de savoir s’il était possible d’anticiper ou de confirmer les
résultats du SVM.

Le t-SNE est une méthode récente, apparue dans Matlab en 2017, qui a comme particu-
larité de pouvoir prendre en compte un grand nombre de dimensions, qui est dans notre
cas la taille du vecteur de caractéristiques d’un essai, et d’en faire une projection en trois
dimensions, donc visualisable. Cette façon de faire nous permet d’estimer la séparabilité
des deux classes. En effet, si les deux nuages de points sont bien distincts, nous pou-
vons nous attendre à de bons résultats en classification, tandis que si nous constatons
une forte interpénétration, les données seront plus difficilement séparables.
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On peut quelque part se demander, puisqu’un simple contrôle visuel semble suffire, quel
est l’intérêt d’utiliser le SVM. Le t-SNE est un algorithme très utile, car l’humain n’est pas
capable de concevoir des projections dans un grand nombre de dimensions, mais qui ne
permet cette projection 3D que par une certaine compression, qui peut engendrer une
perte d’informations. Or le SVM, lui, peut calculer cette frontière en prenant en compte
tous les espaces, ce qui lui permet de refléter l’entière réalité des données qui lui sont
fournies.

Dans le chapitre 5, nous évoquons le fait que finalement, sur les EEG Rihanna, le ker-
nel linéaire et l’hyperparamètre C standard suffisaient pour obtenir une performance de
classification comparable à celle obtenue après optimisation. Dans ces conditions, est-il
bien intéressant de toujours optimiser, au vu du temps et des ressources de calcul re-
quises? En réalité, la réponse à cette question va dépendre des données elles-mêmes.
Dans les cas où, visuellement déjà, les données sont bien distinctes, et où nous avons
donc une forte similarité intraclasse et une grande différence interclasses, il n’est pas cer-
tain qu’une optimisation puisse faire gagner beaucoup en termes de performance. Mais
dans les cas où les nuages de points sont en partie superposés, l’optimisation a là un
rôle à jouer pour assouplir le modèle SVM et classer correctement les données. Dans
le dernier cas où nous aurions des données très peu séparables, et ce quelle que soit
la méthodologie employée, l’optimisation par contre ne donnerait rien de plus probant.
Mais c’est justement parce qu’il est quasiment impossible de distinguer à l’œil humain
les cas limites des cas non séparables que le machine learning et l’optimisation des pa-
ramètres prennent toute leur place, car ils vont permettre de différencier ces deux cas.
Nos tests montrent en effet que le SVM n’obtient pas une bonne performance sur les
données aléatoires, et donc qu’il ne fait pas de classement sur le bruit de fond de l’EEG,
lorsqu’il est bien employé. Cela est rassurant, car cela prouve que le SVM ne trouve pas
des informations où il n’y en a pas. Sur le plan clinique, cela peut par exemple faire la
différence entre un patient comateux dont le pronostic de réveil est mauvais et un patient
dont l’état est meilleur mais indétectable avec les méthodes habituelles.

Cela soulève aussi un certain nombre de questions : quel est notre but avec le machine
learning ? Davantage qu’un processus complètement automatique, le SVM est pour l’ins-
tant une méthode statistique qui donne un score, comme peut l’être la p-valeur pour les
autres tests, mais il faut encore l’interpréter et le mettre en contexte, car seul il ne suffit
pas.

Souhaite-t-on prouver qu’il y a au moins un certain nombre d’essais présentant une
différence dans l’activité cérébrale? Se contenter de détecter une différence quelconque
entre les deux conditions? Veut-on détecter un potentiel évoqué particulier? Dans 100%
des essais? Chez 100% des volontaires sains? Accepte-t-on de surdétecter ou de sous-
détecter une des conditions par rapport à l’autre?

Il est nécessaire de s’interroger sur ces points à chaque étude menée, afin d’être certains
de se servir du machine learning à bon escient, car ce n’est pas une simple boı̂te noire
avec données à l’entrée et score en sortie. Le médecin aura donc toujours un rôle crucial
dans l’interprétation du résultat obtenu.

Outre les résultats présentés dans les chapitres précédents, nous avons également testé
une technique de machine learning plus récente : l’Echo State Network. Il s’agit d’une
méthode d’apprentissage machine bio-inspirée, basée sur l’utilisation d’un réservoir de
neurones artificiels (reservoir computing) associés en réseaux avec différents types de
connexions, dont le “poids synaptique” est modulé par le jeu de données d’entraı̂nement
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fourni au modèle [398]. Ce réservoir permet notamment l’encodage temporel et contex-
tuel de l’information et est pour cette raison souvent assimilé à un “SVM temporel”. Cette
notion est très prometteuse pour l’analyse du signal EEG, de part l’excellente résolution
temporelle qui fait la particularité de cette technique de neuroimagerie [399, 400]. Tou-
tefois ces travaux en sont encore au stade préliminaire, et vont nécessiter des bases de
données plus adaptées que celles dont nous disposons à l’heure actuelle.

En effet, à partir du moment où l’on travaille sur l’humain, voire le vivant d’une manière
générale, un certain nombre de difficultés surgissent.

Tout d’abord, la quantité de données est assez faible. En effet, les lois de bioéthique, tout
autant que les ressources allouées aux projets de recherche, ne permettent de recruter
qu’un nombre limité de sujets. D’autre part, il peut être difficile d’incorporer des per-
sonnes souffrant de pathologies, en particulier mentales, pour des expériences, à cause
de la rareté relative de ladite pathologie – nous avons vu notamment que les patients en
état de conscience modifiés ne sont pas légion –, du stress engendré par les examens
nécessités par l’étude, voire, par exemple dans le cas de la maladie d’Alzheimer, de la
mise sous tutelle des patients. Ces contraintes limitent la capacité de l’échantillon de su-
jets à représenter la population générale, ainsi que la puissance des tests statistiques
généralement pratiqués, en raison de l’existence de fortes variations inter-individuelles.

En outre, le faible ratio signal/bruit de l’EEG nous oblige à répéter un certain nombre de
fois chaque tâche ou stimulation afin de pouvoir en extraire les informations essentielles.
Cependant, ce processus est encore une fois coûteux et long. L’allongement de la durée
de l’expérience, en particulier, représente une complication car l’humain, et surtout le
patient, est fatigable. La répétition du même stimulus un grand nombre de fois est donc
susceptible de provoquer une diminution de l’attention portée à celui-ci, ce qui ne fera
que dégrader le ratio signal/bruit au fur et à mesure de l’enregistrement, et engendrera
une différence entre les essais recueillis au début et à la fin de l’expérience [401, 402].

Une solution pourrait consister à répartir les enregistrements sur plusieurs sessions dans
la même journée ou sur différents jours, comme cela a déjà été tenté dans le domaine
des BCI [403]. Toutefois, ce moyen comporte lui aussi des inconvénients, dont le principal
est la variation intra-individuelle : selon la température, l’humeur, l’heure de la journée,
le jour etc..., le sujet ne présente pas la même activité cérébrale de base, ce qui conduit
à un bruit de fond différent, qui est susceptible de conduire le classificateur à considérer
les essais d’une même session comme semblables, par opposition à ceux d’une autre
session, et ce bien que ces enregistrements soient issus de stimuli différents.

Le résultat en est que la plupart des enregistrements EEG sont à moins de 100 es-
sais par classe, ce qui est certes raisonnable lorsque l’on a recours à des méthodes de
moyennage des essais et des sujets, comme cela se fait dans les analyses de groupe
traditionnelles, mais très insuffisant dès lors que l’on souhaite pratiquer une classification
automatique des données.

D’autre part, si les fonctions cérébrales dites de bas niveau sont relativement aisées à
explorer, les fonctions cognitives plus complexes sont plus difficiles à appréhender et
nécessitent des protocoles impliquant des stimuli plus nuancés que les précédentes,
comme c’est le cas dans ce travail de thèse, tant pour les études utilisant des chansons
que pour celle recourant aux quatuors de mots. Ces deux tâches ont en effet deux points
communs.

Le premier est que nos essais correspondent tous à des stimuli différents : dans le
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cas des chansons, dans la condition “chansons connues”, nous avons cinq musiques
différentes, dont les seuls points communs sont d’être chantées en langue française, et
d’être connues du sujet (cf Partie II). Á cela s’ajoute le fait que nous avons vingt périodes
de silence à chaque fois, et que celles-ci sont placées à différents moments. Ainsi, deux
essais “chansons connues” n’appartiennent pas nécessairement à la même chanson, et
même lorsque c’est le cas, ils ne sont pas strictement identiques. La même chose a lieu
avec les quatuors de mots, puisque les tétrades sont toutes différentes. Ce phénomène
peut potentiellement desservir la performance de classification de par son impact sur la
similarité intra-classe (cf Chapitre 3 section 3.3.2).

Le second point commun a trait aux consignes dispensées aux sujets lors de l’enregistre-
ment EEG. Nous avons en effet choisi de leur demander d’effectuer la tâche de manière
passive, sans se concentrer particulièrement, ceci dans le but de pouvoir plus aisément
transposer le protocole aux patients, dont il est difficile de déterminer le niveau d’atten-
tion. Or il est maintenant connu que la condition attentionnelle a un impact sur l’amplitude
de la réponse en potentiels évoqués [404], qui peut à son tour influencer l’accuracy de
classification.

Ces limitations mettent en lumière un impératif d’évolution des protocoles de recherche
en EEG afin de bénéficier de données plus nombreuses et plus facilement séparables.
Nous envisageons pour cela d’utiliser dans un premier temps les enregistrements EEG
réalisés quotidiennement au centre du sommeil du CHU de Besançon dans le cadre des
examens cliniques polysomnographiques des patients.

Ainsi, tant les méthodes d’analyse que les tâches effectuées par les sujets pour
les examens EEG seront amenées vers de nouvelles normes, marquant une étape
supplémentaire dans l’évolution de l’EEG (cf Chapitre 2.1). Il est à se demander
également si l’appareil EEG lui-même ne tirerait pas avantage de certaines améliorations,
notamment dans l’élaboration de nouvelles électrodes moins vulnérables au bruit envi-
ronnant, qui permettraient d’augmenter le ratio signal sur bruit à la racine. Des tentatives
ont déjà été effectuées dans ce sens [405], mais sont encore récentes et doivent être
soumises à davantage de tests avant de pouvoir être commercialisées.

7.2/ QUELQUES CONSIDÉRATIONS SUR L’IA EN MÉDECINE

7.2.1/ VERS UNE ANALYSE DES DONNÉES PLUS PERFORMANTE ET REPRODUC-
TIBLE

Malgré ces limitations, les systèmes basés sur l’apprentissage machine ont fait leurs
preuves dans divers essais de recherche, et leur impact potentiel sur les soins de
santé est profond, en particulier dans des domaines tels que le diagnostic et l’image-
rie médicale.

Leur principal avantage est de faciliter des tâches certes intellectuelles mais répétitives,
telles que l’étiquetage des différentes phases du sommeil en EEG, qui nécessitent une
réelle expertise de la part du clinicien, mais qui sont difficilement reproductibles en rai-
son des variations inter-individuelles existant d’un expert à un autre, mais aussi intra-
individuelles, un même expert n’étant pas assuré, face aux même données, de les évaluer
chaque fois à l’identique. Cette problématique est connue depuis longtemps [406, 407],
mais aujourd’hui l’apprentissage machine obtient des résultats tout à fait honorables,
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parfois même en concurrence avec ces experts [408, 409]. De plus, et c’est loin d’être
négligeable, plus les modèles sont formés à reconnaı̂tre des cas spécifiques et précis,
meilleure est alors leur performance.

D’autre part, l’utilisation de ces nouvelles méthodes d’analyse permet de dégager un
temps précieux pour le clinicien, et est moins coûteuse à terme que la formation et la
mobilisation d’un expert humain.

7.2.2/ DES DISCOURS ALARMISTES DANS LES MÉDIAS, MAIS FINALEMENT PEU
FONDÉS

L’intelligence artificielle et son impact sur l’avenir des soins de santé font l’objet d’un
grand battage médiatique et suscitent beaucoup de craintes dans certaines professions
médicales, notamment que l’IA, et l’automatisation en général, ne leur prennent leur em-
ploi. Dans le domaine de l’imagerie médicale en particulier, de nombreux radiologues se
sont mis à paniquer. Dans sa présentation à la GPU Tech Conference à San José (USA)
en mai 2017, Curtis Langlotz 2, professeur de radiologie et d’informatique biomédicale à
l’université de Stanford, mentionne comment il a reçu un courriel de l’un de ses étudiants,
disant qu’il pensait se lancer dans la radiologie mais ne sait pas si c’est encore une pro-
fession viable.

L’investisseur Vinod Khosla, de la Silicon Valley, est allé jusqu’à déclarer que les ma-
chines remplaceront 80% des médecins à l’avenir, dans un secteur de la santé dirigé par
des entrepreneurs, et non par des professionnels de la santé 3.

Toutefois, les investisseurs tels que Vinod Khosla ne comprennent pas entièrement le
secteur des soins de santé, et selon Frey et al. (2013) [410], il semble que sa vision ne
se concrétisera pas, puisque si les transcripteurs médicaux, les techniciens des dossiers
médicaux et de l’information sanitaire et les secrétaires médicales sont les emplois les
plus susceptibles d’être informatisés à l’avenir, les médecins et les chirurgiens n’ont en
revanche que 0,42% de chances que leur profession soit automatisée.

Ainsi, cette vision des choses ne prend pas forcément en compte la complexité du diag-
nostic et de la relation humaine s’établissant entre le soignant et le soigné.

7.2.3/ POURQUOI LE MÉDECIN N’EST TOUT SIMPLEMENT PAS REMPLAÇABLE

Créativité et capacité d’interprétation

Bien que les données, les mesures et les analyses quantitatives soient une partie cruciale
du travail d’un médecin, l’établissement d’un diagnostic et le traitement d’un patient sont
des processus non linéaires qui requièrent une créativité et des capacités de résolution
de problèmes que les algorithmes et les robots ne possèdent pas. Jusqu’à l’émergence
de solutions numériques complexes, les médecins traduisaient les données provenant de
simples appareils médicaux en décisions médicales. À l’avenir, la tâche sera la même, ils
n’utiliseront que des technologies plus perfectionnées.

2. GTC conference S7508 (2017), par Curtis Langlotz, https://blogs.nvidia.com/blog/tag/gtc-2017/
3. Do we need doctors or algorithms? (2012), par Vinod Khosla, https://techcrunch.com/2012/01/10/

doctors-or-algorithms/

https://blogs.nvidia.com/blog/tag/gtc-2017/
https://techcrunch.com/2012/01/10/doctors-or-algorithms/
https://techcrunch.com/2012/01/10/doctors-or-algorithms/
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Nécessité d’experts formés aux nouveaux outils

Des solutions de santé numériques de plus en plus sophistiquées nécessiteront la
compétence de professionnels médicaux qualifiés. Par exemple, le logiciel d’IBM Watson
destiné aux oncologues offre aux cliniciens des options de traitement fondées sur des
preuves. Néanmoins, seuls les médecins et leurs patients peuvent choisir le traitement,
et seuls les médecins peuvent évaluer si l’algorithme a fourni des suggestions poten-
tiellement utiles. Aucun algorithme ne peut interpréter clairement des défis complexes
impliquant la psyché. S’ils fournissent les données, l’interprétation restera toujours un
territoire humain.

7.2.4/ MAIS UN OPTIMISME BIEN PRÉSENT CHEZ LE PERSONNEL MÉDICAL

Afin de savoir ce que les médecins pensent de la mise en œuvre potentielle de l’IA en
médecine, Sarwar et al. (2019) [411] ont mené une enquête auprès de 487 pathologistes
dans 54 pays.

Dans l’ensemble, les médecins interrogés se sont montrés optimistes quant à l’intégration
de l’IA et n’ont guère eu peur de perdre leur emploi. Au contraire, 42,4% des médecins
interrogés ont estimé que l’introduction de l’IA en médecine créerait de nouveaux postes
et augmenterait l’emploi.

La plupart des praticiens interrogés estiment que les outils d’IA pourraient accroı̂tre l’effi-
cacité du diagnostic. Bien qu’ils soient très optimistes quant à la capacité de la technolo-
gie, 48,3% estiment que le diagnostic des patients devrait toujours être effectué principa-
lement par le médecin et 25,3% pensent que la tâche pourrait être partagée de manière
égale entre l’homme et l’IA. Seule une minorité de répondants estime que l’IA devrait
jouer un rôle dominant dans le processus décisionnel. De nombreuses réponses indi-
quant qu’elles reconnaissent le risque d’erreur mécanique, le consensus semble être que
l’IA devrait être appliquée comme un outil supplémentaire dans le processus de diagnos-
tic.

7.2.5/ VERS UNE TRANSFORMATION DE L’EXERCICE DE LA MÉDECINE

Autrement dit, il ne semble pas se profiler de confrontation entre la technologie et l’hu-
main, mais plutôt une collaboration. Une étude visant à identifier le cancer du sein
métastatique grâce à du deep learning montre que lorsque les prédictions du système
d’apprentissage profond ont été combinées aux diagnostics du médecin humain, la per-
formance de classification des images, ainsi que le score de localisation de la tumeur,
ont augmenté de manière significative, tandis que le taux d’erreur humaine diminuait de
85% [412].

Il ne fait aucun doute que les algorithmes joueront un rôle croissant dans la routine quo-
tidienne des soins de santé pour diagnostiquer les cas les plus simples et prendre en
charge des tâches répétitives. Cela devrait permettre de dégager davantage de temps
pour le praticien afin de tirer parti de son expérience clinique et émotionnelle pour établir
des relations approfondies avec ses patients. En effet, un diagnostic, même s’il est posé
avec une rapidité stupéfiante, ne suffit pas. Nous commençons à peine à comprendre
dans quelle mesure la guérison du patient peut être influencée positivement par le lien
entre le patient et le médecin, mais un nombre croissant de recherches suggère que
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cette possibilité pourrait être importante [413]. La grande majorité des gens continue au-
jourd’hui d’accorder une grande importance à la possibilité de se faire soigner par un
médecin qu’ils connaissent et avec lequel ils ont une relation de confiance.

C’est dans cet état de fait que réside une importante opportunité : utiliser la technologie
pour rendre le temps passé avec les patients beaucoup plus significatif et cliniquement
efficace que jamais auparavant.



8
CONCLUSION

Les objectifs de ce travail de thèse étaient de transposer les méthodes d’apprentissage
machine au traitement du signal EEG, et plus particulièrement le Support Vector Ma-
chine ; et d’évaluer dans quelles mesures ces nouvelles méthodes permettent un niveau
individuel d’analyse des données par rapport aux méthodes traditionnelles pour le diag-
nostic différentiel.

Dans le chapitre 3, nous avons passé en revue 145 articles appliquant le SVM à l’EEG,
couvrant différents domaines tels que les BCI, le diagnostic, le monitoring cognitif et
émotionnel etc... afin d’en dégager les tendances et d’évaluer les limites des méthodes
déjà employées pour formuler des recommandations. Notre analyse révèle que plus de
70% des études utilisent des données privées, recueillies spécifiquement pour l’étude
en question et donc non accessibles au public. Si les processus de pré-traitement des
données sont relativement transparents, fournis et discutés dans les articles, nous avons
constaté en revanche que les paramètres liés à la structure de classification, i.e. la
méthode de validation croisée, les valeurs retenues pour les hyperparamètres et le choix
d’optimiser ceux-ci ou non ne sont que rarement fournis (60 études sur 145 seulement).
Mais surtout, nous avons remarqué que les études souffrent souvent d’une mauvaise
reproductibilité : une majorité d’articles serait difficile, voire impossible à reproduire étant
donné l’indisponibilité de leurs données et de leur code.

Le projet Rihanna, présenté en chapitre 4, avait pour objectif de discriminer les patients
atteints de la maladie d’Alzheimer des patients souffrants de la dépression. Dans ce but,
les capacités mnésiques de sujets sains ont été mesurées lors de l’écoute de 5 chan-
sons connues et de 5 chansons inconnues dans lesquelles avaient été insérés des si-
lences, l’étude de Gabriel et al. (2016) [292], menée au sein de notre laboratoire, ayant
montré qu’il était possible d’évaluer la familiarité musicale à l’aide de l’imagerie musi-
cale. S’agissant d’un protocole novateur, une des plus importantes étapes nous semblait
être d’explorer les biais influençant possiblement l’apprentissage de nouvelles chansons.
Dans ce contexte, l’objectif de cette étude était d’étudier si les neuromarqueurs de l’ap-
prentissage sont affectés ou non par l’appréciation musicale. Nous avons ainsi exploré
les mécanismes neuronaux de l’appréciation musicale chez vingt volontaires sains. Nous
avons mis en évidence une réponse spécifique à court terme, impliquant une modula-
tion de l’amplitude des potentiels évoqués MMN et P3a par l’appréciation musicale. Sur
l’ensemble de la période de silence, des activités oscillatoires spécifiques sont apparues,
se traduisant par des synchronisations/désynchronisations de l’activité thêta et alpha au
sein de structures cérébrales particulières telles que les gyri frontal inférieur et temporal
supérieur.

137
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Dans le chapitre 5, nous avons appliqué la classification SVM aux données du projet
Rihanna afin de discriminer automatiquement l’activité cérébrale induit par l’écoute de
chansons connues et inconnues. Nous avons proposé un pipeline consistant en une
étape préliminaire de prétraitement des données à l’aide de la méthode xDAWN, puis
en l’exploration de la meilleure façon d’extraire les informations pertinentes des enregis-
trements EEG tant dans le domaine temporel que fréquentiel. Enfin, notre étude souligne
la nécessité d’optimiser les hyperparamètres du SVM pour chaque sujet d’intérêt.

Dans le chapitre 6, nous avions pour objectif d’examiner la possibilité de classer au-
tomatiquement et de façon individualisée les potentiels évoqués liés au traitement pré-
sémantique. Notre hypothèse était que l’optimisation individualisée de l’extraction des ca-
ractéristiques par le biais d’un algorithme génétique améliorerait nettement la précision
de la classification. Nous avons confirmé la présence au niveau de l’analyse de groupe
des réponses attentionnelles et cognitives attendues, dont la N400. Nos analyses ont
révélé que l’amplitude et la durée de ce potentiel évoqué sont bien sensibles à l’incon-
gruence au contexte du quatrième mot. L’ensemble des résultats obtenus lors de la clas-
sification pointe vers la confirmation d’une forte variabilité inter-individuelle, comme en
témoignent plus particulièrement les fluctuations de période d’intérêt, de taille de celle-ci,
ainsi que de longueur de la fenêtre glissante et du chevauchement d’un sujet à l’autre.

Le chemin est encore long avant que nous soyons capables de proposer des méthodes
efficaces et surtout fiables, utilisables en routine clinique dans le cadre du diagnostic
différentiel des pathologies neuropsychiatriques.

Il apparaı̂t indispensable de définir des protocoles d’investigation adaptés aux contraintes
spécifiques du machine learning : un bien plus grand nombre d’essais, et des stimuli dont
les permettant l’induction d’activités cérébrales plus aisément détectables.

Mais surtout, nous insistons sur la nécessité pour la communauté scientifique d’investir
ses efforts non seulement dans de nouvelles techniques de traitement du signal, mais
également dans la compréhension et la formation des neuroscientifiques à l’utilisation de
celles-ci.

Dans ce contexte, la mise à disposition des données enregistrées et des programmes
d’analyse et de classification peut sans aucun doute participer à une meilleure repro-
ductibilité des études menées en machine learning, en offrant la possibilité à d’autres
équipes de recherche de tester et de discuter des performances de classification obte-
nues sur des bases communes.

Une fois ces bases posées, nous pourrons alors travailler à établir un consensus autour
des protocoles et des techniques de traitement du signal les mieux adaptées au diagnos-
tic de telle ou telle pathologie.

Enfin, les expérimentateurs appliquant du machine learning à des données de santé
doivent s’engager à davantage vulgariser leurs travaux afin de les démystifier. Les
médecins tout autant que les patients doivent exiger d’être tenus au courant des
bénéfices potentiels comme des limitations de cette technologie dans le diagnostic et
les soins, afin de réduire l’anxiété liée à la dramatisation médiatique de l’intelligence arti-
ficielle.

Une fois ces considérations ancrées, les avancées technologiques de
l’électroencéphalographie, couplées à ces méthodes de traitement et de classifica-
tion automatique du signal ouvrent pour le monde médical de tout nouveaux horizons,
qu’il ne nous reste plus qu’à explorer.
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monitorage du cerveau. Adapté et traduit de Muthuswamy, Sridharan et
Okandan (2016). [95] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
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port. D. Essai du mauvais coté de la frontière, il est mal classé et ne
représente pas un vecteur support. . . . . . . . . . . . . . . . . . . . . . . . 34

3.2 Illustration de l’astuce du noyau : les données sont projetées dans un es-
pace de plus grande dimension, où les données peuvent être séparées par
un hyperplan. Cette frontière linéaire dans l’espace de grande dimension
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3.3 Représentation à deux dimensions du type de frontière de séparation pos-
sible par l’utilisation de kernels. a) Kernel linéaire. b) Kernel polynomial. c)
Kernel RBF. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.4 Artéfacts les plus couramment rencontrés dans l’analyse du signal EEG.
a) Artefact électro-oculographique causé par l’excitation des muscles du
globe oculaire (lié au clignement des yeux, par exemple). Grande ampli-
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tefact de l’électrode de référence commune causé par un mauvais contact
entre l’électrode de référence et la peau. Onde énorme similaire dans tous
les canaux. Tiré de : https://en.wikipedia.org/wiki/Electroencephalography . 38

3.5 Matrice de confusion permettant de calculer les différentes métriques de
performance. Précision = (Vrais positifs + Vrais négatifs) / Nombre total
d’essais. Spécificité = Vrais négatifs / (Vrais négatifs + Faux positifs). Sen-
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3.6 Architectures de validation croisée les plus utilisées. a) Validation croisée
k-fold : le jeu d’entraı̂nement est divisé en sous-ensemble, dont chacun
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Leave-One-Out, ou Leave-One-Subject-Out : cette fois le sous-ensemble
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3.7 Nombre d’articles passés au crible des critères d’inclusion et d’exclusion.
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3.8 Pays d’origine de l’affiliation (laboratoire, institut ou université) du premier
auteur. Carte générée à partir de https://mapchart.net/world.html. . . . . . . 45

3.9 Répartition des articles par année et domaine de publication. a) Nombre
d’articles publiés par année, de 2004 à mai 2020. b) Nombre d’articles
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tion intra-sujet, inter-sujets ou single-trial (ST). a) Nombre de publications
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3.12 Caractéristiques du matériel et fréquence d’échantillonnage. a) Nom et fa-
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ces périodes sur le tracé EEG. 20 silences d’une durée de 2 secondes ont
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[86] NÄÄTÄNEN, R., PAAVILAINEN, P., RINNE, T., AND ALHO, K. The mismatch negati-
vity (MMN) in basic research of central auditory processing: A review. Clinical
Neurophysiology 118, 12 (2007), 2544–2590.

[87] COURCHESNE, E., HILLYARD, S. A., AND GALAMBOS, R. Stimulus novelty, task
relevance and the visual evoked potential in man. Electroencephalography and
Clinical Neurophysiology 39, 2 (1975), 131–143.

[88] COLES, M., AND RUGG, M. Event-related brain potentials: An introduction. In
Electrophysiology of Mind: Event-Related Brain Potentials and Cognition, M. Rugg
and M. Coles, Eds. Oxford University Press, London, 1995, pp. 1–26.

[89] POLICH, J. Meta-analysis of P300 normative aging studies. Psychophysiology
33, 4 (1996), 334–353.

[90] KUTAS, M., AND HILLYARD, S. A. Event-related brain potentials to semantically
inappropriate and surprisingly large words. Biological Psychology 11, 2 (1980),
99–116.

[91] CHAO, L., NIELSEN-BOHLMAN, L., AND KNIGHT, R. Auditory event-related po-
tentials dissociate early and late memory processes. Electroencephalography
and Clinical Neurophysiology/Evoked Potentials Section 96, 2 (1995), 157–168.

[92] VANPETTEN, C., AND RHEINFELDER, H. Conceptual relationships between
spoken words and environmental sounds: Event-related brain potential mea-
sures. Neuropsychologia 33, 4 (1995), 485–508.

[93] CONNOLLY, J. The effects of processing requirements on neurophysiological
responses to spoken sentences. Brain and Language 39, 2 (1990), 302–318.

[94] PERRIN, F., MAQUET, P., PEIGNEUX, P., RUBY, P., DEGUELDRE, C., BALTEAU, E.,
FIORE, G. D., MOONEN, G., LUXEN, A., AND LAUREYS, S. Neural mechanisms
involved in the detection of our first name: a combined ERPs and PET study.
Neuropsychologia 43, 1 (2005), 12–19.

[95] MUTHUSWAMY, J., SRIDHARAN, A., AND OKANDAN, M. MEMS Neural Probes. In
Encyclopedia of Nanotechnology, B. Bhushan, Ed. Springer, Dordrecht, 2016.

[96] KUTLU, Y., KUNTALP, M., AND KUNTALP, D. Optimizing the performance of an
MLP classifier for the automatic detection of epileptic spikes. Expert Systems
with Applications 36, 4 (2009), 7567–7575.
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[142] BĂLAN, O., MOISE, G., MOLDOVEANU, A., LEORDEANU, M., AND MOLDOVEANU,
F. Fear Level Classification Based on Emotional Dimensions and Machine
Learning Techniques. Sensors 19, 7 (2019), 1738.

[143] IACOVIELLO, D., PETRACCA, A., SPEZIALETTI, M., AND PLACIDI, G. A real-time
classification algorithm for EEG-based BCI driven by self-induced emotions.
Computer Methods and Programs in Biomedicine 122, 3 (2015), 293–303.

[144] IACOVIELLO, D., PETRACCA, A., SPEZIALETTI, M., AND PLACIDI, G. A Classifica-
tion Algorithm for Electroencephalography Signals by Self-Induced Emotio-
nal Stimuli. IEEE Transactions on Cybernetics 46, 12 (2016), 3171–3180.

[145] JAHROMY, F. Z., BAJOULVAND, A., AND DALIRI, M. R. Statistical algorithms for
emotion classification via functional connectivity. Journal of Integrative Neu-
roscience 18, 3 (2019), 293.

[146] LIN, Y.-P., WANG, C.-H., JUNG, T.-P., WU, T.-L., JENG, S.-K., DUANN, J.-R.,
AND CHEN, J.-H. EEG-Based Emotion Recognition in Music Listening. IEEE
Transactions on Biomedical Engineering 57, 7 (2010), 1798–1806.

[147] LIU, S., ZHANG, D., XU, M., QI, H., HE, F., ZHAO, X., ZHOU, P., ZHANG, L.,
AND MING, D. Randomly dividing homologous samples leads to overinflated
accuracies for emotion recognition. International Journal of Psychophysiology
96, 1 (2015), 29–37.

[148] LIU, S., CHEN, L., GUO, D., LIU, X., SHENG, Y., KE, Y., XU, M., AN, X., YANG,
J., AND MING, D. Incorporation of Multiple-Days Information to Improve the
Generalization of EEG-Based Emotion Recognition Over Time. Frontiers in
Human Neuroscience 12 (2018), 267.

[149] LIU, X., WANG, Q., LIU, D., WANG, Y., ZHANG, Y., BAI, O., AND SUN, J. Human
emotion classification based on multiple physiological signals by wearable
system. Technology and Health Care 26 (2018), 459–469.
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repetition suppression alterations in relation to cognitive functioning in fra-
gile X syndrome: a combined EEG and machine learning approach. Journal of
Neurodevelopmental Disorders 10, 1 (2018), 4.

[249] LI, X., HU, B., SHEN, J., XU, T., AND RETCLIFFE, M. Mild Depression Detection
of College Students: an EEG-Based Solution with Free Viewing Tasks. Journal
of Medical Systems 39, 12 (2015), 187.

[250] LI, X., HU, B., SUN, S., AND CAI, H. EEG-based mild depressive detection
using feature selection methods and classifiers. Computer Methods and Pro-
grams in Biomedicine 136 (2016), 151–161.

[251] LIAO, S.-C., WU, C.-T., HUANG, H.-C., CHENG, W.-T., AND LIU, Y.-H. Major De-
pression Detection from EEG Signals Using Kernel Eigen-Filter-Bank Com-
mon Spatial Patterns. Sensors 17, 6 (2017), 1385.



166 BIBLIOGRAPHIE

[252] MAHATO, S., AND PAUL, S. Classification of Depression Patients and Normal
Subjects Based on Electroencephalogram (EEG) Signal Using Alpha Power
and Theta Asymmetry. Journal of Medical Systems 44, 1 (2020), 28.

[253] MOHAGHEGHIAN, F. Computer-Aided Tinnitus Detection based on Brain Net-
work Analysis of EEG Functional Connectivity. Journal of Biomedical Physics
and Engineering 9, 6 (2019).

[254] MUMTAZ, W., ALI, S. S. A., YASIN, M. A. M., AND MALIK, A. S. A machine
learning framework involving EEG-based functional connectivity to diagnose
major depressive disorder (MDD). Medical and Biological Engineering and Com-
puting 56, 2 (2018), 233–246.

[255] MUMTAZ, W., SAAD, M. N. B. M., KAMEL, N., ALI, S. S. A., AND MALIK, A. S. An
EEG-based functional connectivity measure for automatic detection of alco-
hol use disorder. Artificial Intelligence in Medicine 84 (2018), 79–89.

[256] PIRYATINSKA, A., DARKHOVSKY, B., AND KAPLAN, A. Binary classification of
multichannel-EEG records based on the ε-complexity of continuous vector
functions. Computer Methods and Programs in Biomedicine 152 (2017), 131–
139.
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KER, E., AND DORFFNER, G. Interrater reliability between scorers from eight
european sleep laboratories in subjects with different sleep disorders. Journal
of Sleep Research 13 (2004), 63–69.

[408] MUTO, V., BERTHOMIER, C., SCHMIDT, C., VANDEWALLE, G., JASPAR, M., DEVIL-
LERS, J., CHELLAPPA, S., MEYER, C., PHILLIPS, C., BERTHOMIER, P., PRADO, J.,
BENOIT, O., BRANDEWINDER, M., MATTOUT, J., AND MAQUET, P. Inter- and intra-
expert variability in sleep scoring: Comparison between visual and automatic
analysis. Sleep 41, suppl 1 (2018), A121.

[409] ABOU JAOUDE, M., SUN, H., PELLERIN, K. R., PAVLOVA, M., SARKIS, R. A.,
CASH, S. S., WESTOVER, M. B., AND LAM, A. D. Expert-level automated sleep
staging of long-term scalp electroencephalography recordings using deep
learning. Sleep (2020).

[410] FREY, C., AND OSBORNE, M. The future of employment: How susceptible are
jobs to computerisation? Oxford Martin 114 (2013).

[411] SARWAR, S., DENT, A., FAUST, K., RICHER, M., DJURIC, U., OMMEREN, R., AND

DIAMANDIS, P. Physician perspectives on integration of artificial intelligence
into diagnostic pathology. NPJ Digital Medicine 2 (2019), 28.



178 BIBLIOGRAPHIE

[412] WANG, D., KHOSLA, A., GARGEYA, R., IRSHAD, H., AND BECK, A. H. Deep lear-
ning for identifying metastatic breast cancer. arXiv, 1606.05718 (2016).

[413] GENET, M., LHEUREUX, F., AND TRUCHOT, D. La relation soignant–soigné dans
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a b s t r a c t

The vast majority of people experience musical imagery, the sensation of reliving a song in absence of any
external stimulation. Internal perception of a song can be deliberate and effortful, but also may occur
involuntarily and spontaneously. Moreover, musical imagery is also involuntarily used for automatically
completing missing parts of music or lyrics from a familiar song. The aim of our study was to explore the
onset of musical imagery dynamics that leads to the automatic completion of missing lyrics. High-density
electroencephalography was used to record the cerebral activity of twenty healthy volunteers while they
were passively listening to unfamiliar songs, very familiar songs, and songs previously listened to for two
weeks. Silent gaps inserted into these songs elicited a series of neural activations encompassing percep-
tual, attentional and cognitive mechanisms (range 100–500 ms). Familiarity and learning effects emerged
as early as 100 ms and lasted 400 ms after silence occurred. Although participants reported more easily
mentally imagining lyrics in familiar rather than passively learnt songs, the onset of neural mechanisms
and the power spectrum underlying musical imagery were similar for both types of songs. This study
offers new insights into the musical imagery dynamics evoked by gaps of silence and on the role of famil-
iarity and learning processes in the generation of these dynamics. The automatic and effortless method
presented here is a potentially useful tool to understand failure in the familiarity and learning processes
of pathological populations.

� 2016 Elsevier Inc. All rights reserved.

1. Introduction

Almost everyone has already experienced the sensation of hear-
ing a song in their mind without explicitly hearing it (Liikkanen,
2008). This internal perception can be based on a song we already
know, or thinking it up as we go along. Tunes sometimes stay with
us throughout the day, and are pleasant for majority of us but they
can also be disturbing (Beaman & Williams, 2010). The internal
recall and replay of a song engages memory mechanisms that
require a substantial allocation of resources and is subsequently

cognitively demanding. The ability to recreate a musical experi-
ence when no audible sounds are present is referred to as musical
imagery.

Various neuroimaging methods have been used to explore the
musical imagery of individuals who deliberately imagine a piece
of music or a song. Practically all studies reported similar spatial
and temporal processes during the imagination of a song and its
perception (Halpern & Zatorre, 1999; Linke & Cusack, 2015;
Schaefer, Vlek, & Desain, 2011; Vlek, Schaefer, Gielen, Farquhar, &
Desain, 2011; Zatorre, Halpern, Perry, Meyer, & Evans, 1996). The
mental perception of a familiar piece of music occurs with a strik-
ing accuracy, not only the lyrics but also the tempo (Halpern, 1988;
Levitin & Cook, 1996), pitch (Halpern, 1989; Janata & Paroo, 2006),
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timbre (Halpern, Zatorre, Bouffard, & Johnson, 2004) and emotions
(Lucas, Schubert, & Halpern, 2010).

Apart from being voluntary and effortful, music imagery can
also be involuntary, as commonly reported by a large proportion
of the general population, who experience an internal perception
of music spontaneously, while doing nothing. For example when
hearing the beginning of a familiar song or of a catchy advertising
jingle, it seems as if we cannot help but complete the lyrics of the
song, even if we do not like it or when the advertising slogan is
annoying. Pathological manifestations of this sometimes happen
in schizophrenia and epilepsy, in the form of musical hallucina-
tions. Involuntary musical imagery can be triggered by inserting
gaps of noise or silence of several seconds into familiar songs
(Kraemer, Macrae, Green, & Kelley, 2005; Muller et al., 2013). In
this situation, and without giving any specific instructions to par-
ticipants, the continuation of a song is automatically internally
heard during the silence. A network of brain regions similar to
the one observed during effortful musical imagery is observed,
with an activation of the auditory association areas, of the dorso-
lateral prefrontal cortex, and the supplementary motor area
(Kraemer et al., 2005).

Compared to voluntary musical imagery, one advantage to
investigate spontaneous imagery with this type of design is that
the onset of musical imagery is time-locked to the occurrence of
silence. This offers the opportunity to explore the neural mecha-
nisms that trigger an internal perception of music with millisecond
accuracy, which was the main aim of our study. We chose to
explore the temporal and spatial dynamics by means of high den-
sity EEG, whose high temporal resolution is specifically adapted to
the investigation of the onset of cerebral events and whose spatial
resolution allows localizing the neural generators of these events.

Our main goal was to determine when, where and how familiar-
ity processes occurred to trigger musical imagery. We hypothe-
sized that the unexpected silent gaps inserted into the songs
would generate distinct neural events, both in the short-term
and the long-term, some of these events being related to familiar-
ity and musical imagery processes. In the short-term, we expected
to detect attentional neural responses reflecting a violation of par-
ticipants’ prediction about the following lyrics, melody and rhythm
(Vuust & Witek, 2014). Several brain potentials, such as the mis-
match negativity (MMN) and P3a are known to represent precon-
scious, memory-based comparison processes (May & Tiitinen,
2010; Polich, 2007). Unexpected variations of pitch, timbre, or
rhythm in melodies (Tervaniemi, Huotilainen, & Brattico, 2014),
for example, are known to generate such potentials. Some authors
advocate that musical imagery is necessary to generate these pre-
dictions about the continuation of a songs (Schaefer, 2014). This
type of imagery may also be present during the perception of a
song, which would explain the shared neural structures observed
during music imagination and music perception. In the long term,
we measured imagery mechanisms during the whole gap of silence
by analyzing the EEG spectral response. During the gaps, we
expected a decrease of neural synchronization in the theta (5–
8 Hz) and alpha (8–12 Hz) bands for familiar songs. A similar
response has previously been observed when gaps of noises were
inserted into familiar songs, and was interpreted as a plausible
cerebral mechanism responsible for musical hallucinations
(Muller et al., 2013), a pathological manifestation of spontaneous
musical imagery,

To explore further familiar processes, the influence of different
levels of familiarity on spontaneous musical imagery was also
measured. In most studies using familiar content to study musical
imagery, the selected pieces of music were very familiar to the lis-
teners in order to obtain the highest number of discrepancies with
unfamiliar content. Although songs running through our head are
not necessarily songs heard during childhood or songs that we

know very well. They can be songs heard a few times on the radio
without paying any special attention to them. It is well known that
the passive exposure to music can alter the neuronal responses to
musical sounds, even in nonmusicians (Koelsch, Gunter, Friederici,
& Schroger, 2000; Skoe & Kraus, 2010; Wong, Perrachione, &
Margulis, 2009). Consequently, we explored whether the passive
exposure to music for two weeks was sufficient to induce similar
spontaneous imagery mechanisms for familiar songs.

2. Methods

2.1. Participants

Twenty volunteers (7 male, 13 female, mean age = 32 ± 5 years
old) participated in the experiment. All participants were right
handed, nonmusicians (i.e. who did not receive any formal musical
training or did so for less than 6 years), with no neurologic or psy-
chiatric diseases, reported normal hearing and were native French
speakers. All subjects gave their written consent prior to partici-
pate in the study and received compensation. None of the partici-
pants had memory deficits, as evaluated by neuropsychological
evaluation. Research methods were approved by the Committee
for the Protection of Human Subjects at Clinical Center Investiga-
tion of Besançon (number 14/458), where the experiment was
performed.

2.2. Experimental design

The experiment consisted of three main phases: selection visit,
first EEG recording, second EEG recording after a two-week learn-
ing period.

2.2.1. Selection visit
One week prior to the first data recording, participants were

asked to freely choose 5 familiar songs in their native language
from different singers. Five unfamiliar songs in subjects’ native lan-
guage were then selected by the experimenter among the original
soundtracks recorded by independent or relatively unknown sing-
ers. Each of the unknown songs was carefully matched to be sim-
ilar to one of the 5 familiar songs as regards musical genre and
singer’s gender. Once familiar and unfamiliar songs were selected,
all were normalized to the same loudness level with the Replay-
Gain algorithm.

2.2.2. First EEG recording
At the beginning of this session, subjects were informed about

the experimental procedure that was divided into three parts:
familiarity judgment of known and unknown songs, data recording
and evaluation of musical imagery. After listening to a 10-s excerpt
of the 10 selected songs (5 familiar and 5 unfamiliar), subjects
were requested to rate each song using a visual analog scale rang-
ing from 0 (unfamiliar) to 10 (very familiar). The knowledge of
lyrics for each song could thus be checked for familiar songs (i.e.
subjects were certain to know the song and thought that they
might be capable of recalling most of the lyrics) as well as for
unknown songs (i.e. subjects did not know any of the songs).

During the EEG recording, participants had to passively listen to
the 5 familiar songs (referred to as familiar1) and the 5 unknown
songs, each song being repeated twice in a random order. Songs
were 2 min in length and some portions were extracted and
replaced with two-second silence sections (20 � 2 s sections per
song). These silent gaps were randomly embedded between 10
and 110 s after song onset and with a distance ranging from 2.5
to 3.5 s between sections. This resulted in 200 trials within familiar
songs (20 gaps � 5 familiar songs � 2 repetitions) and within

D. Gabriel et al. / Neurobiology of Learning and Memory 132 (2016) 18–28 19
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unknown songs. Silence generation and song presentation were
accomplished using the E-Prime software (Psychology Software
Tools Inc. Sharpsburg, PA). Audio streams embedded with gaps
were played through a headphone with the volume adjusted to a
comfortable listening level for each subject.

After the EEG recording, subjects were required to rate whether
they were mentally completing the gaps during the experiment
(0 = not at all, 10 = very well).

2.2.3. Learning period and second EEG recording
The unknown songs were then burnt onto a CD and given to

each participant after the experiment. Each subject was required
to listen regularly to the unknown songs for two weeks and note
the frequency of song listened to per day in a self-monitoring log-
book which was then collected during the second EEG recording.
Then, the same experiment was repeated by using the same famil-
iar (referred to as familiar2) and previously unfamiliar, now
referred to as newly learned songs in order to assess the song
learning capacity. Since the order of the songs was randomly
selected, it was likely to differ from the first EEG recording. After
the second EEG recording, subjects were also required to rate
whether they had mentally completed the gaps during the presen-
tation of the songs.

2.3. Data acquisition

Subjects were seated in a comfortable chair in a dark quiet test-
ing room. EEG signals were recorded using a 256-channel Geodesic
Sensor Net (Electrical Geodesics Inc.; EGI, Eugene, OR). The net is
constructed to cover the skull as well as face and neck, with 20–
25 mm inter-electrode distances in order to measure the arising
electrical potentials from basal brain regions, thus improving/max-
imizing the spatial resolution of EEG. All channels were referenced
to the vertex (Cz) and collected via a high impedance amplifier Net
Amp 300 amplifier (Electrical Geodesics) and Net Station 4.5 soft-
ware (Electrical Geodesics). Data were continuously recorded with
a high-pass filter at 1 Hz, and a sampling rate at 1000 Hz. During
the recording, subjects were instructed to close their eyes and
remain still while passively listened to the song but they could
blink and stretch as much as they wanted between each song. Sub-
jects were not explicitly requested to complete the gaps in order to
ensure that musical imagery was spontaneously/effortlessly pro-
duced. The recording time was approximately fifty minutes with
a break for every 5 songs to ensure alertness and comfort of
participants.

2.4. Data analysis

2.4.1. Preprocessing
Electrophysiological data were analyzed using Cartool software

(version 3.55; http://brainmapping.unige.ch/Cartool.php). Epochs
of 2500 ms were extracted from the raw data beginning 600 ms
pre-silence onset and ending 1900 ms post-silence onset sepa-
rately for the four conditions. A band-pass filter between 1 and
30 Hz and a notch of 50 Hz were applied to remove unwanted fre-
quency components. The application of a baseline correction was
re-considered because the real issue was to choose exactly when
to apply the baseline period. We had the possibility of either apply-
ing it before silence onset (�600 to 0 ms) or toward the end of the
silent period (1500–1900 ms), or using no correction at all, as
advocated by some authors (see (Michel, Koenig, Brandeis,
Gianotti, & Wackermann, 2009) for a discussion on baseline correc-
tion). The use of a baseline correction prior to the silence period
may introduce biases due to the presentation of music and the
use of a baseline correction toward the end of the silent period
may conceal long-term imagery-related cognitive activities. We

decided to select the one that had been selected in a prior MEG
study using a similar design (Muller et al., 2013) ranging from
�600 ms to �100 ms in order to prevent any confusion over the
baseline period with the silent periods. We nevertheless compared
the two possible baseline corrections on a few subjects but found
no real difference in the resulting signal.

Periods with visually detectable artifacts (e.g. blinks, eye move-
ments and gross movements) were removed from the analysis. The
remaining data for each subject were averaged and individual
channels with artifacts were interpolated using a 3-dimensional
spine algorithm (maximum: 7% interpolated electrode per
subject).

2.4.2. Segmentation
To analyze event-related potentials (ERP) data, we chose not to

select a priori based Time Windows (TW) of interests based on the
previously reported literature. In fact, because of the unusual
design of this experiment, we could not obtain any preconceived
predictions regarding the time-course of ERPs obtained by the
gaps. Furthermore, since conventional ERP analyses are not specif-
ically well designed to show variations of the global electric field
configuration (Michel, Seeck, & Landis, 1999), a spatiotemporal
analysis that takes into account all 256 surface electrodes was car-
ried out simultaneously. This type of procedure allows the deter-
mination of differences in electrocortical configurations between
unknown, known and newly learned songs. Spatiotemporal analy-
sis relies on a temporal segmentation based on cluster analysis
(Lehmann, 1987; Michel et al., 2004), a tried and tested method
for analyzing cortical networks in healthy subjects (Martinovic
et al., 2014; Vocat, Pourtois, & Vuilleumier, 2008) and pathological
populations (Barcellona-Lehmann et al., 2010). Time periods of
stable electric configuration were first determined by segmenting
together grand-mean EEG signals under the four conditions: famil-
iar before, unfamiliar before, familiar after, newly learned songs. By
testing the global field power from all electrodes, the segmentation
revealed TW of interest where map topography remained stable for
a certain period of time and then abruptly switches to a new con-
figuration in which it remains stable again.

2.4.3. Regions of interest (ROIs)
Nine ROIs were selected based on the topography of ERP

responses observed in previous research on auditory imagery in
which they were statistically evaluated: left anterior, central ante-
rior, right anterior, left median, central median, right median, left
posterior, central posterior and right posterior (Fig. 1). Mean
amplitude for each condition was computed for each TW selected
on the basis of the microstate segmentation.

2.4.4. Source imaging
Intracranial source locations that accounted for different elec-

trocortical map configurations were estimated using a distributed
linear inversed solution based on a local auto-regressive average
(LAURA) model (de Peralta et al., 2001). LAURA estimates three-
dimensional current density distributions using a realistic head
model with a solution space of 4024 nodes equally distributed
within the gray matter of the Montreal Neurological Institute’s
average brain. Source imaging was performed during each TW of
interest resulting from the segmentation. Activations obtained by
source imaging were compared for each condition and each TW
and thus identified diverse regional brain activities.

2.4.5. Spectral analysis
To evaluate the long-term distribution of the signal strength in

the frequency domain during the entire silent period, power spec-
trum analysis was carried-out on each ROI using EEGlab software.
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A permutation test was used for statistical evaluation. The thresh-
old of significance used in all analyses was p 6 0.05.

3. Results

3.1. Behavioral results

To verify the knowledge of lyrics for both familiar and unknown
songs, familiarity judgment was first analyzed which resulted in
obtaining a notion of subjects’ ability to complete the gaps of
silence (Table 1). Two-way repeated measures ANOVAs were per-
formed: familiarity (2 levels: familiar and unknown songs) and
learning (2 levels: before and after learning). A significant differ-
ence was found in terms of familiarity (F(19) = 384.21;
p < 0.0001) between unknown and familiar songs. During the first
data recording, unknown songs were not recognized by any partic-
ipant compared to the familiar songs which were rated as ‘‘very
familiar”. By contrast, after passive listening to unknown songs
twice a day for two weeks (Average = 2.39 listening per day), a sig-
nificant difference was observed between unknown and learned
songs during the second EEG recording, indicating a genuine learn-
ing effect in subjects. However, learned songs were still rated as
less familiar than familiar songs by the participants. Similar statis-
tical results were obtained for the subjects ability to complete the
gaps (F(19) = 123.50; p < 0.0001) between unknown and familiar
songs, which showed that subjects were having difficulties com-
pleting the gaps while listening to unknown songs (Table 1). They
remained less capable of completing the gaps in learned songs than
in familiar songs after a two-week learning phase.

3.2. Event-related brain potentials results

The segmentation procedure revealed 6 TW of stable topogra-
phy in the 500 ms following the gap of silence (Fig. 2). The three
first TWs showed clearly distinguishable ERPs under the four con-
ditions of the study. The component on the first TW (TW1) referred
to a negative component, with a latency range/an interval from 91
to 145 ms, at frontocentral sites. On the second TW (TW2), the sec-
ond negative component ranged from 151 to 206 ms and was
clearly evident in the central region. Then, on the third TW
(TW3), a positive and centrally located component was observed,
extending from 216 to 343 ms. From 350 to 510 ms a fourth TW
(TW4) was also observed for all types of songs. However, for
unknown songs, the segmentation revealed two additional compo-
nents on the fifth TW (TW5, latency range = 372–441 ms) corre-
sponding to a negative ERP present on central electrodes only;
and on the sixth TW (TW6, latency range = 459–499 ms) which
corresponded to a transition period specific to unknown songs.

To analyze these TWs, mean amplitudes of each ROI were sub-
mitted to repeated measures analysis of variance (ANOVA),
repeated measures factors i.e. Familiarity (familiar/unknown),
Training (before/after), Gradient (anterior/median/posterior) and
Laterality (left/central/right). TW5 and TW6 was embedded into
TW4, this latter window was not analyzed. A summary of the sta-
tistical results for all TWs is presented in Table 2.

Statistical analysis of TW1 only showed an interaction between
Familiarity, Training, Gradient and Laterality (F(4,76) = 3.32,
p < 0.05), ERP for unknown songs which were more negative on
the CM ROI compared to newly learned songs (p < 0.01; see Fig. 3).

Analysis of TW2 revealed an interaction between Familiarity
and Training (F(1,19) = 7.78, p < 0.05), unknown songs having a dif-
ferent pattern of activity than newly learned songs. An interaction
between Familiarity, Training, and Laterality was also found (F
(2,38) = 11.7; p < 0.001), revealing that there was a major differ-
ence between unknown songs and all other categories of songs
on the central ROIs (p < 0.05 for all comparisons). Finally, an inter-
action between Familiarity, Training, Gradient and Laterality (F
(4,76) = 10.02, p < 0.001) revealed differences between unknown

Fig. 1. Selection of the 9 regions of interest. A: Anterior, M: Median, P: Posterior; L: Left, C: Central, R: Right.

Table 1
Familiarity and gap completion scores for the four categories of songs. Mean scores
are presented, followed by the standard deviation.

Familiar1 Unknown Familiar2 Newly learned

Familiarity 8.73 ± 1.06 0.01 ± 0.05 9.01 ± 0.68 7.42 ± 1.44
Gap completion 8.53 ± 0.78 2.03 ± 1.70 8.71 ± 0.79 7.40 ± 0.94
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songs and all other categories of songs on the CM ROI (p < 0.001),
as well as a difference between unknown songs and newly learned
songs on the RM and CP ROIs (p < 0.05 for all), and differences
between unknown songs and familiar1 songs on the LM, RM and
CP ROIs (p < 0.01 for all).

No significant differences between conditions were found in
TW3.

In TW5, an interaction between Familiarity, Training, and Gradi-
ent was found (F(2,38) = 4.47; p < 0.05), revealing differences of
amplitude between unknown songs and familiar1 songs on poste-
rior ROIs (p < 0.05). More specifically, an interaction between
Familiarity, Training, Gradient and Laterality (F(4,76) = 4.21,
p < 0.01) showed differences between unknown songs and all other
types of songs on the CM and CP ROIs (p < 0.01 for both). Unknown

Fig. 2. Time course and topography of neural responses evoked by gaps of silence in familiar and unknown songs, as well as in familiar and newly learned (i.e., previously
unknown) songs after a two-week of passive listening period. Six time windows (TW) of interest were selected after the segmentation procedure. The first three are common
to all songs whereas the last three are specific to some conditions.

Table 2
Summary of the significant interactions between each type of songs in the five TWs of interest. U: Unknown songs. F1: Familiar1 songs. NL: Newly Learned songs. F2: Familiar2
songs. n.s.: not significant.

Familiarity � training Familiarity � training � laterality Familiarity � training � gradient Familiarity � training � laterality � gradient

TW1 (91–145 ms) n.s. n.s. n.s. U vs NL

TW2 (151–206 ms) U vs NL U vs NL
U vs F1
U vs F2

n.s. U vs NL
U vs F1
U vs F2

TW3 (216–343 ms) n.s. n.s. n.s. n.s.

TW5 (372–441 ms) n.s. n.s. U vs F1 U vs NL
U vs F1
U vs F2

TW6 (459–499 ms) n.s. n.s. U vs NL U vs NL
U vs F1
U vs F2
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songs were also specifically different from newly learned songs on
the CP ROI (p < 0.05) and different from familiar2 songs on RM ROI
(p < 0.01).

Similarly to TW5, an interaction between Familiarity, Training,
and Gradient (F(2,38) = 4.47; p < 0.05) was observed in TW6. Elec-
trophysiological responses for unknown songs were different from
newly learned songs on posterior ROIs (p < 0.05). An interaction
between Familiarity, Training, Gradient and Laterality (F(4,76)
= 4.15, p < 0.01) was also found and revealed differences between
unknown songs and all other types of songs on the LP and CP ROIs
(p < 0.01 for both). Differences between unknown songs and newly
learned songs were also observed on the LA (p < 0.001), CA
(p < 0.01), and RP (p < 0.01) ROIs. A specific difference between
unknown and familiar1 songs was also observed on the CM ROI
(p < 0.001).

3.3. Source localization

Source localization was performed in order to distinguish
between the brain mechanisms related to each category and each
TW of interest. Visually, the source localization performed in
TW1 confirmed the activation of mostly temporal but also frontal
regions under all conditions. Activation of frontal and temporal
regions was observed in TW2 for both familiar and learned songs,
with stronger activations for familiar songs compared to learned
songs. Supplementary motor area (SMA) was also activated under
all conditions except for unknown songs (Fig. 4). A strong activa-
tion of SMA was observed under all conditions as regards TW3.
Source localization in TW4 primarily showed the activation of
SMA and a slight response from prefrontal region for familiar and
newly learnt songs. Although a specific cerebral activity was
observed for unfamiliar songs at TW5, source localization did not
show any clear differences with TW6, albeit a slightly more poste-
rior activation of SMA. In TW5, no clear generators of cerebral
activity were detected.

3.4. Spectral analysis

Power spectrum analysis was carried out over the nine ROIs in
order to assess brain the mechanisms involved in long-term activ-

ities during the silent period. A significant phase difference
between familiar and unfamiliar songs, predominantly between 5
and 10 Hz, corresponding to both higher theta (5–7 Hz) and lower
alpha (8–10 Hz) band, was observed in the central region (Fig. 5).
Note that power modulations were derived after baseline correc-
tion indicating that the differences were not simply due to a differ-
ential processing of familiar and unknown songs, but that they
were specific for the period of silence. After a two-week learning
phase, no significant difference was found between familiar and
unknown songs in the same region (central region) in alpha, but
a difference was present in theta. No difference in power spectrum
was found between familiar and newly learned songs.

4. Discussion

The present study investigated the onset of cognitive processes
evoked by unexpected silent gaps in familiar and passively learnt
songs. Our main objective was to resolve the dynamics of activa-
tion of the cerebral structures involved during spontaneous ima-
gery. To map functional brain areas engaged in musical imagery,
we chose to use original songs instead of simplifying them into
simple and artificial material such as playing notes of a piano.
Although such stimuli engages different acoustic features related
to both music and speech, this is a more realistic approach that
reliably replicates the musical environment our brain has adapted
to (Burunat, Alluri, Toiviainen, Numminen, & Brattico, 2014). One
main original feature of the design presented here is that musical
imagery was spontaneously evoked by the unexpected appearance
of a gap of silence inserted into the song, without the previous
knowledge of the participants. This paradigm is adapted for neu-
roimaging investigations of musical imagery since the onset of
cerebral mechanisms is time-locked into the beginning of the
silence. However, this type of a design conceptually differs from
most of neural investigations of musical imagery where its initia-
tion and cessation is under conscious control of participants.
Behaviorally, if some association between musical expertise and
voluntary musical imagery has been shown, such a relationship
between voluntary and involuntary musical imagery could not be
demonstrated (Weir, Williamson, & Müllensiefen, 2015). As a con-
sequence, depending on whether musical imagery occurs in the

Fig. 3. Response waveforms elicited by silent gaps on the 3 median ROIs (LM, CM, RM). The 6 time windows are displayed below the ERPs of each ROI. ⁄ represent significant
ERP differences (p < 0.05) in a specific TW between unknown songs and at least one other category of songs.
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presence or absence of direct volitional control, different cerebral
networks may be involved.

In this study, the appearance of silent gaps triggered a whole
range of cerebral activations within the first 500 ms. These activa-
tions encompass both sensory responses automatically evoked by
the appearance of silence, pre-attentional and attentional
responses, and more cognitive mechanisms.

4.1. Early cerebral response

In all conditions, the first brain response was evoked approxi-
mately 100 ms after the appearance of silence and had a negative
distribution mostly over the frontocentral region of the scalp. Its
latency and topography closely matches one of the N100 ERP, a
potential involved in auditory perception, at the difference that it

Fig. 4. Source localization of brain response in the second time windows (151–206 ms). An activation of the prefrontal cortex and the SMA is observed for familiar songs. The
prefrontal cortex was less activated for newly learned songs. Unknown songs elicited only a minor activation of the SMA and prefrontal cortex.

Fig. 5. Differences in the power spectrum during the period of silence in the central median ROI. Top: Representation of each curve for the four types of songs. Down:
Statistical comparisons between each type of song. Significant frequency differences (p < 0.05) between each condition are displayed by the black bar.
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was not engendered by the onset of a sound but the offset of music.
The N100-Off response occurs at the cessation of sounds longer
than 100 ms (Clynes, 1969) and shares many characteristics with
the larger and more easily elicited onset response (Hillyard &
Picton, 1978). Both -On and -Off responses appear to indicate
changes in the auditory environment and thus index pre-
attentive auditory processing underlying stimulus detection.
Whether the neural populations responsible for the N100
responses occurring at the onset or the offset of a sound overlap
or not remains debated (Noda et al., 1998; Wakai, Lutter, Chen, &
Maier, 2007). However, we show here that the N100-Off response
is dependent on familiarity processes, contrary to what has been
previously observed with the N100-On (Purhonen, Paakkonen,
Ypparila, Lehtonen, & Karhu, 2001). Since this effect was only
noticeable between unknown and newly learned songs on the
CM ROI, this will have to be further investigated in future studies.

4.2. Attentional mechanisms

4.2.1. Mismatch negativity (MMN)
The negative central distribution occurring around 150–200 ms

after the appearance of silence is typical of a MMN. This assump-
tion is supported by the presence of prefrontal and auditory gener-
ators that are typical for the elicitation of this potential (Giard,
Perrin, Pernier, & Bouchet, 1990; Gomot, Giard, Roux,
Barthelemy, & Bruneau, 2000; Maess, Jacobsen, Schroger, &
Friederici, 2007). While MMN is usually reported to signal a mis-
match between sensory input and stored memory representations
(Folstein & Van Petten, 2008), the elicitation of this ERP can also by
based on a purely imagined memory trace (Herholz, Lappe, Knief, &
Pantev, 2008, 2009). Here, the MMN was obtained by silences
interspersed within the songs, and was elicited by the unexpected
absence either of lyrics, melody, rhythm, or all these parameters
together. These results are consistent with theories of predictive
coding, which suppose that during the song the brain was contin-
uously extracting structural regularities to make predictions of
what would be heard next (Friston, 2002; Vuust, Ostergaard,
Pallesen, Bailey, & Roepstorff, 2009; Vuust & Witek, 2014). The vio-
lation of these predictions by the appearance of silence generated
an error response from the brain.

Interestingly, we found that familiarity affected the MMN to
some extent since its amplitude was significantly smaller for
unknown songs compared to other songs. This differs from previ-
ous results obtained with melody alone (Neuloh & Curio, 2004),
although it does support findings on speech processing where
familiar phonemes (Beauchemin et al., 2006; Naatanen, 2001)
and prosody (Ylinen, Strelnikov, Huotilainen, & Naatanen, 2009)
typically leads to enhanced MMN amplitude. A similar effect was
also reported in the neural investigations of rhythmic incongru-
ence, where an enhanced MMN was observed in expert musicians
compared to nonmusicians (Vuust et al., 2009). Compared to unfa-
miliar songs, listening to familiar songs may elicit stronger
expectancies related to its rhythmic progression.

Source localization showed a stronger activation in the pre-
frontal area and the SMA for familiar compared to unknown songs,
two regions involved in the imagery of familiar songs (Herholz,
Halpern, & Zatorre, 2012). These regions are activated during the
perception (Pereira et al., 2011) but even more during illusion
(Halpern & Zatorre, 1999; Kraemer et al., 2005) of familiar songs,
underlying the increased processing demands of imagery
(Herholz et al., 2012). The SMA region is also considered as a
potential generator of the MMN (Huang et al., 2010).

4.2.2. P3a
The positive frontocentral distribution observed around 300 ms

under all conditions is similar to a P3a, an ERP evoked in response

to infrequent or novel stimuli (Squires, Squires, & Hillyard, 1975).
This is supported by source localization, whose generators were
mostly localized around the SMA, corroborating previous observa-
tions (Rektor et al., 2003; Rusiniak et al., 2013). In the musical con-
text, a P3a was reported when a sequence of chords is followed by
harmonically improbable chords (Janata, 1995). The response is
independent from familiarity and learning, an absence of effect
previously observed with melody (Neuloh & Curio, 2004). How-
ever, this differs from speech studies that found differences in
P3a between unfamiliar and familiar voices (Beauchemin et al.,
2006), as well as between unfamiliar and the subject’s own voice
(Graux et al., 2013), and in rhythmic incongruity between musi-
cians and nonmusicians (Vuust et al., 2009).

It is puzzling that whereas the MMN and the P3a are both
related to attentional processes and share similar generators, it is
the earlier and not the later ERP that is related to familiarity, and
that the P3a process occurs independently from the amplitude of
the MMN response. Although the P3a is in many ways related
the MMN, it can be seen as a correlate of the processes that accom-
panies the redirection of voluntary attention, as detected by the
MMN (Chennu & Bekinschtein, 2012). The reorientation of atten-
tion thus occurs whether the song is familiar or not.

4.3. Cognitive responses

Between 350 ms and 500 ms, the segmentation procedure
revealed a long period of stability for all familiar and newly learned
songs but not for unknown songs. This TW is reflected by negative
frontocentral and positive parietal brain activity. For unknown
songs, the beginning of this TW showed a similar activity but
was quickly replaced by two distinct TWs, one with a central neg-
ativity and the other that is more a transition with a less defined
cortical activity.

Processes occurring between 350 and 500 ms are known to be
associated with memory performance. A number of neurocognitive
studies have been reported on correlations between a component
of this TW, the P300, and the memory processes and learning
(Friedman & Johnson, 2000; Jongsma, Gerrits, van Rijn, Quiroga,
& Maes, 2012). Several studies have found a relationship between
recall probability and increased P300 amplitude (Curran & Cleary,
2003; Karis, Druckman, Lissak, & Donchin, 1984; Paller,
McCarthy, & Wood, 1988; Rushby, Barry, & Johnstone, 2002). A lar-
ger P300 is observed when stimuli are well encoded and stored in
memory compared to less successfully encoded and stored stimuli
(Polich, 2007).

Also, the frontocentral negative topography observed in this TW
could well be related to a N400 familiarity effect that has previ-
ously been observed elsewhere (Daltrozzo, Tillmann, Platel, &
Schon, 2010). However, no difference was observed between famil-
iar and newly learned songs. One may hypothesize that either
newly learned songs were familiar enough to engender the maxi-
mum activation in this TW compared to moderately familiar music
used in previous study (Daltrozzo et al., 2010), or that the associa-
tion of words has potentialized the strength of the response, even
for less familiar songs.

It is noteworthy that similar to some other TW, prefrontal cor-
tex and SMA were activated in this TW. The activation of these
structures confirms previous results obtained in spontaneous
musical imagery with fMRI in a similar paradigm (Kraemer et al.,
2005). For example, the SMA was activated in all TWs except the
first and the last one for unfamiliar songs. This structure is known
to be involved in various auditory processes such as attention and
working memory (Rama et al., 2001; Wager & Smith, 2003; Zhang,
Leung, & Johnson, 2003), in mental imagery (Halpern, 2001;
Halpern & Zatorre, 1999; Halpern et al., 2004; Kraemer et al.,
2005), as well as in the perception (Pereira et al., 2011) and antic-
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ipation (Leaver, Van Lare, Zielinski, Halpern, & Rauschecker, 2009)
of familiar music. Since all these functions contribute to the inter-
nal perception of music, the activated SMA in each TW may have
played different roles in the generation of involuntary musical ima-
gery and will need to be further investigated.

Compared to other songs, unknown songs elicited a clear cen-
tral negative ERP at approximately 400 ms that might reflect a
reaction to the unexpected and inappropriate appearance of
silence. This would define the typical N400, an electrophysiological
index of the processing of meaningful information. In this case it
would be related to the increased difficulty to complete the lyrics,
even if it has an access to some information. However, the fact that
the same topography as TW5 was present for familiar1 songs for a
short duration (24 ms) suggests that other processes may be
involved, such as the familiarization to the task, but this has to
be further explored. For unknown songs, the topography of the
sixth TW typically reflects a transition phase related to impossibil-
ity to further complete the gap of silence.

4.4. Whole-silence cerebral activity

The transient activity generated by the appearance of silence
lasted only 500 ms and did not provide any information about
the long-term musical imagery dynamics engaged during this per-
iod. In situations where a continuous auditory stimulus is
employed, such as listening to a song, the EEG is primarily ana-
lyzed in the frequency domain (Sammler, Grigutsch, Fritz, &
Koelsch, 2007). The same applies here to understand the mecha-
nisms engaged during the whole period of silence. Our assumption
was that mental song completion would be associated with a sus-
tained and stable pattern of neural activity. The central ROI exhib-
ited alpha power desynchronization observed as well as theta
power synchronization when gaps of silence were embedded in
familiar songs as compared to unknown songs. This confirms pre-
vious results obtained during gaps of noise with MEG in healthy
participants and intracranially recorded activity in epilepsy
patients (Muller et al., 2013). In these patients, the alpha power
reduction was found to originate from both auditory regions,
essentially from the secondary auditory cortex, and non-auditory
regions such as the inferior and medial frontal cortex. Reduced
alpha power in the auditory cortex is similar to modulations occur-
ring during auditory perception (Weisz, Hartmann, Muller, Lorenz,
& Obleser, 2011), confirming that the processes involved in sponta-
neous imagery and perception share similar mechanisms. A desyn-
chronization in alpha power is also present during cognitive
processing invoked by task conditions requiring attention and
memory (Boiten, Sergeant, & Geuze, 1992; Pfurtscheller &
Klimesch, 1991, 1992; Sergeant, Geuze, & van Winsum, 1987). A
recent study showed that the frequency of spontaneous imagery
was related to cortical thickness in several regions and notably
temporal regions, suggesting the important role of these structures
in the generation of this phenomenon (Farrugia, Jakubowski,
Cusack, & Stewart, 2015). Although it has been suggested that a
reduction in an alpha band is a basis for the generation of auditory
percepts (Muller et al., 2013), we did not observe any differences in
alpha modulations between unfamiliar and newly learned songs.
This suggests that musical imagery for newly learned songs was
not as vivid as for familiar songs, as confirmed by the use of various
questionnaires.

The increase in theta power found between familiar and unfa-
miliar songs confirms a previous observation made with invasive
electrophysiological recordings (Muller et al., 2013). According to
that study, the increase was related to the activation of memory-
related regions such as the medial temporal lobe, a structure that
communicates with other regions through phase synchronization
in low frequency bands (Fuentemilla, Penny, Cashdollar, Bunzeck,

& Duzel, 2010; Lega, Jacobs, & Kahana, 2012). It has thus been sug-
gested that theta modulations permit communication between the
auditory cortex and medial temporal structures, allowing the gath-
ering of relevant song information to effectively perform imagery
(Muller et al., 2013).

5. Conclusion

In summary, the present study aimed to elucidate the neural
dynamics of spontaneous musical imagery, more specifically when,
where and how familiarity triggers the mental representation of
songs. The design used, which automatically induces an internal
musical experience by inserting precisely time-locked gaps of
silence, allowed exploring the spatiotemporal dynamics underly-
ing the mental representation of songs. Among the series of neural
activations occurring in range 100–500 ms and encompassing per-
ceptual, attentional and cognitive mechanisms, we showed that
familiarity mechanisms emerged under two different forms that
may reflect two distinct types of imagery (Schaefer, 2014). The first
response corresponds to event-related potentials of varying ampli-
tude occurring as early as 100 ms after the beginning of silence. In
the context of predictive coding, we consider the reduction of
amplitude of the MMN as a reduced capacity to make accurate pre-
dictions about the continuation song. For unknown songs, one can
hypothesize that only harmonic and rhythmic predictions were
possible but future studies taking into account the multi-leveled
structure of music are necessary to verify such a hypothesis.
Whether predictive coding is part of an imagery process or not is
still discussed (Schaefer, 2014), but other neuroimaging studies
have shown that the neural structures involved in the generation
of the prediction process (SMA, prefrontal and temporal auditory
regions) play a considerable role in musical imagery. However, it
is important to point out that the paradigm used in the present
study is conceptually different to the majority of studies on musi-
cal imagery where participants are explicitly requested to conjure
up a musical sequence in their mind. In that respect, special care
has to be taken when wishing to extend the neural dynamics we
observed to voluntary imagery investigations.

The second neural response to familiarity was an increase in
theta power during the whole silence period. The modulations of
this frequency band are known to reflect a communication
between the auditory cortex and medial temporal structures,
which is essential to mentally retrieve missing lyrics in familiar
songs. Interestingly, we showed that the neural familiarity mecha-
nisms were similar between familiar songs and songs passively
learned for two weeks. This shows the efficacy of passive learning
processes in encoding musical information and may partly explain
why a catchy piece of music can continually repeat through a per-
son’s mind after being heard a few times on radio before
(Liikkanen, 2008).

If the musical design presented here was devoted to explore the
neural dynamics of familiarity in healthy subjects, we firmly
believe that it could also benefit pathological populations. Indeed,
this method of investigating the neural responses to familiarity
and learning is effortless, automatic, and does not require giving
any instructions, which is often a critical aspect in the evaluation
of mnesic mechanisms in pathological populations. Therefore, this
could be a useful tool applied to evaluate the integrity of musical
memory in unresponsive populations with suspected memory
disorders
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A B S T R A C T

One of the most basic and person-specific affective responses to music is liking. The present investigation sought
to determine whether liking was preserved during spontaneous auditory imagery. To this purpose, we inserted
two-second silent intervals into liked and disliked songs, a method known to automatically recreate a mental
image of these songs. Neural correlates of musical preference were measured by high-density electro-
encephalography in twenty subjects who had to listen to a set of five pre-selected unknown songs the same
number of times for two weeks. Time frequency analysis of the two most liked and the two most disliked songs
confirmed the presence of neural responses related to liking. At the beginning of silent intervals (400–900ms
and 1000–1300ms), significant differences in theta activity were originating from the inferior frontal and su-
perior temporal gyrus. These two brain structures are known to work together to process various aspects of music
and are also activated when measuring liking while listening to music. At the end of silent intervals
(1400–1900ms), significant alpha activity differences originating from the insula were observed, whose exact
role remains to be explored. Although exposure was controlled for liked and disliked songs, liked songs were
rated as more familiar, underlying the strong relationship that exists between liking, exposure, and familiarity.

1. Introduction

Sometimes it's the space between the notes that makes all the dif-
ference in music. Silence in music conveys information of major im-
portance that was efficiently used by composers like Mozart who
mentioned that “music is not in the notes, but in the silence between”.
Some authors have suggested that high-level musical information, such
as familiarity, is also present during silence: “When you listen to
Mozart, the silence that follows is still Mozart” (Guitry, 1947).

In the early 2000s, neuroimagery studies confirmed that familiarity
was processed during silences, even when these silences were artifi-
cially inserted into music (Kraemer et al., 2005; Gabriel et al., 2016).
When inserted in familiar music, these silences automatically convey
the sensation of hearing a song internally without any audible sound, in
continuation of what had just been heard before. This is referred to as
spontaneous auditory imagery. As a consequence of spontaneous ima-
gery, a neural activity within regions of secondary auditory cortex, of

the dorsolateral prefrontal cortex and of the supplementary motor area
is generated (Kraemer et al., 2005). In electroencephalography (EEG),
the response to familiar music is reflected by an increase in theta power
during the whole silence period (Gabriel et al., 2016). Interestingly, the
neural familiarity mechanisms occurring during auditory imagery are
similar between familiar songs and songs passively learned for two
weeks, showing the efficiency of passive learning processes in encoding
musical information (Gabriel et al., 2016).

The present investigation sought to determine whether aesthetic
musical judgement is also present during silence in music. When we like
listening to Mozart, do we still like Mozart during the silences in its
music? Music is a complex stimulus, and its affective dimension is an
integral part of the artistic and aesthetic experience, and the hedonic
appreciation of music, referred to as music liking, involves activation of
areas responsible for the feeling of pleasure (Blood and Zatorre, 2001).
The hypothesis of a preservation of liking during auditory imagery is
based on the important influence of familiarity on liking: becoming
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more familiar with a particular piece of music increases the subject's
liking ratings for it (Pereira et al., 2011). Familiarity and liking being
two high level information processes often co-occurring when listening
to music (Stalinski and Schellenberg, 2013), they may as well co-occur
during musical imagery. A second argument supporting that liking may
be maintained is based on the fact that emotions are preserved during
auditory imagery (Lucas et al., 2010).

The neural structures responsible for the mechanisms of liking have
only been explored while listening to music. Neuroimagery methods
have linked the activation of several cerebral areas to pleasure states
when listening to music: the dorsal and ventral striatum, right caudate
nucleus, ventral putamen and nucleus accumbens in relation to dopa-
mine release in the reward system (Salimpoor et al., 2011). A functional
architecture including anterior cingular cortex, amygdala, insula, or-
bitofrontal cortex and nucleus accumbens as areas providing evaluative
responses such as the reward value of the stimulus has also been sug-
gested (Salimpoor et al., 2015; Clark et al., 2014). Other structures such
as the inferior frontal gyrus (IFG) and the superior temporal gyrus
(STG) have been found to be specifically activated during liking/dis-
liking processes (Pereira et al., 2011; Koelsch et al., 2006).

A few recent studies have described the use of EEG in listening si-
tuations to investigate the temporal dynamics of liking. Partially dis-
cordant results were found in terms of brains rhythms among these
studies. When comparing consonant to dissonant music, a positive
correlation between the synchronization in the mid-frontal theta band
and the liking score emerged, especially towards the end of the excerpts
(Sammler et al., 2007). Two other studies (Hadjidimitriou and
Hadjileontiadis, 2012, 2013) reported that beta and gamma bands were
the best features to separate pleasant from unpleasant music, followed
by alpha and theta bands. In a recent study a biomarker of music liking
has been defined, relying on brain activations recorded over the left
prefrontal cortex and focusing on the functional coupling between high-
beta and low-gamma oscillations (Adamos et al., 2016). The dis-
crepancies observed in all EEG studies may be attributed to the inter-
ference of the physical processing of sounds that impair the detection of
the electrophysiological activity related to liking.

Should liking processes be present during spontaneous auditory
imagery, we aimed to investigate whether the spatiotemporal dynamics
would be similar to those observed in listening situation. Such a pre-
servation of high-level information processes has already been observed
during deliberate auditory imagery. Several studies report similar spa-
tial and temporal processes during the musical perception and the vo-
luntary imagery of a song (Halpern and Zatorre, 1999; Linke and
Cusack, 2015; Schaefer et al., 2011; Vlek et al., 2011; Zatorre et al.,
1996). The mental perception of a familiar piece of music occurs with a
high efficiency, and concerns not only the lyrics but also the tempo
(Halpern, 1988; Levitin and Cook, 1996), pitch (Halpern, 1989; Janata
and Paroo, 2006) and timbre (Halpern et al., 2004). To study these
dynamics, we chose to use high-density EEG, whose spatial resolution
allows localizing the neural structures involved in liking processes and
whose high temporal resolution is adapted to the time-frequency ana-
lysis of these events. Our main hypothesis was based on the presence of
similar spatiotemporal mechanisms during imagery to those found
during music perception. However, no predicted directions were given
for time frequency analysis because of the discordant results obtained in
previous EEG studies investigating liking during the perception of
music. Specific EEG liking responses were thought to spontaneously
emerge, especially in the theta band, with neural activations at least
partially similar to those observed during listening situations.

2. Methods

The present study is a complementary analysis of the data from the
study of (Gabriel et al., 2016) whose primary objective was to explore
the onset of the memory dynamics that lead to the automatic comple-
tion of missing lyrics during spontaneous musical imagery.

2.1. Participants

Twenty volunteers (7 male, 13 female, mean age=32 ± 5 years
old) participated in the experiment. All participants were right handed,
non-musicians (i.e. had not received any formal musical training or had
done so for< 6 years), with no neurologic or psychiatric diseases and
normal audition. Written consent was obtained from participants prior
to taking part in the study, and all received a monetary compensation of
50€. Research methods were approved by the Committee for the
Protection of Human Subjects at the Clinical Investigation Center of
Besançon (n°14/458).

2.2. Experimental design

Five familiar songs chosen by the participant and five unfamiliar
songs selected by the experimenter among original soundtracks re-
corded by independent or relatively unknown singers were used.
Familiar and unfamiliar songs were paired to belong to the same mu-
sical genre, sang by a singer of the same sex. All songs were in parti-
cipants' native language. Loudness levels of all songs were equalized
with the Replay Gain algorithm.

The first EEG recording was performed immediately after song se-
lection. All songs were randomly played over headphones and repeated
twice. Each Song was 2min in length and twenty portions were re-
placed with two-second silent intervals randomly embedded between
10 and 100 s after song onset and with a distance ranging from 2.5 to
3.5 s between gaps. This resulted in 200 trials within familiar songs and
within unknown songs. Silence and song presentation were accom-
plished using the E-Prime software (Psychology Software Tools Inc.
Sharpsburg, PA). Participants were instructed to close their eyes and
remain still while passively listened to the song. They were requested to
rate each song using a visual analog scale (0: unfamiliar; 10: un-
familiar). The knowledge of each song could thus be checked to ensure
that subjects did not know any of the unfamiliar songs. After the EEG
recording, subjects were required to rate whether they were mentally
completing the gaps during the experiment. As expected, all reported
mentally completing the gaps except for unknown songs.

Then there was a two-week learning period during which each
subject was inquired to listen regularly to the unfamiliar songs, and to
note the frequency of song listened to per day in a self-monitoring
logbook. The participants listened to each song for an average of 33.89
times (average=2.39 listening per day). All subjects listened to each of
the five unfamiliar songs the same amount of time.

The second EEG recording was scheduled after the two-week
learning period. The recording had exactly the same design as for the
first EEG, at the exception of the order of the songs that was randomly
selected. At the end of the recording, subjects were requested to rate
subjective liking/disliking (from 0: disliked to 10: liked a lot), emotions
(from 0: very sad to 10: very joyful) and familiarity (from 0: unfamiliar
to 10: very familiar) for each song with a visual analog scale.

2.3. Data acquisition and analysis

In this study, we focused on the liking of newly-learned songs, i.e.
unknown songs that were learned over the time course of two weeks,
because they were controlled to be listened to the same amount of time.
Among the five newly-learned songs listened to by participants, the two
more preferred and the two least preferred songs were selected. Only
the neural responses from the second EEG were considered.

Subjects were seated in a comfortable chair in a dark quiet testing
room. EEG signals were recorded using a 256-channel Geodesic Sensor
Net (Electrical Geodesics Inc.; EGI, Eugene, OR). Data were con-
tinuously recorded with a high-pass filter at 1 Hz, and a sampling rate at
1000 Hz. Epochs of 2500ms were extracted from the raw data begin-
ning 600ms pre-silence onset and ending 1900ms post-silence onset
separately for liked and disliked songs. A total of 80 trials were

C. Joucla et al. International Journal of Psychophysiology xxx (xxxx) xxx–xxx

2



194

extracted for the more preferred and the least preferred songs. A band-
pass filter between 1 and 30 Hz and a notch of 50 Hz were applied to
remove unwanted frequency components. A baseline correction was
applied for each trial before silence onset (−600 to 0ms). Periods with
visually detectable artifacts were removed from the analysis. Individual
channels with artifacts were interpolated using a 3-dimensional spine
algorithm (maximum: 7% interpolated electrodes per subject).

Nine Regions of Interest (ROIs) were selected: left anterior, central
anterior, right anterior, left median, central median, right median, left
posterior, central posterior and right posterior (Fig. 1).

2.3.1. Time-frequency analysis
To evaluate the long-term signal synchronization in the frequency

domain during the entire silent period, time-frequency analysis of silent
was carried out in the whole time period on each ROI for liked and
disliked songs. Spectral power from −50ms pre-stimulus to 1950ms
post stimulus (in 10ms steps). The length of the sliding time window
was frequency dependent with 3 cycles at the minimum frequency of
3 Hz and 6 cycles at the maximum frequency of 30 Hz. Fifty log-spaced
frequencies from 3Hz to 50 Hz were calculated. We considered as theta
the rhythmic activity occurring between 4 and 8 Hz, alpha the activity
between 8.5 and 12 Hz, and beta the activity above 12 Hz and below
30 Hz. Time–frequency points were considered significant between
liked and disliked songs by a nonparametric permutation-based statis-
tical method (Delorme and Makeig, 2004). A total of 1000 permutations
were used at each frequency to assess significance at p < 0.01. To
increase statistical power, only clusters of significant responses on
several frequencies and several time frames were considered as

significant.

2.3.2. Source localization
Based on the results of the time-frequency analysis, source locali-

zation was performed on the frequency bands showing significant dif-
ferences between liked and disliked songs. Source localization was es-
timated using a distributed linear inversed solution based on a local
auto-regressive average (LAURA) model (Grave de Peralta Menendez
et al., 2001). Activations obtained by source imaging were compared
for each condition and thus identified diverse regional brain activities.
Voxelwise two-tailed t-tests were calculated on the mean LAURA source
estimates for liked and disliked songs. Differences in the current source
density at p < 0.001 are reported.

3. Results

3.1. Behavioral analysis

After two weeks of passive learning, the average liking rating was
5.3 ± 2.4 (range 0–10). When separating the songs into the two most
liked and the most disliked for each subject, a 4 point difference was
noted on average (Table 1). Since we selected the most and less liked
music for each subject, a highly significant difference was observed
between liking scores of liked and disliked songs (t(19)= 9.55,
p < 0.001). The comparison of emotions conveyed by liked and dis-
liked songs revealed no significant difference (t(19)= 0.81, p= 0.4).
Although all songs were listened to for the same amount of time, a
significantly increased familiarity for a liked song was observed (t

Fig. 1. The nine regions of interest. A: anterior, M: median, P: posterior; L: left, C: central, R: right.

C. Joucla et al. International Journal of Psychophysiology xxx (xxxx) xxx–xxx

3



195

(19)= 4.79; p < 0.001).

3.2. Time frequency responses

Time frequency analysis revealed three distinct time periods of
significant differences between liked and disliked songs: the first be-
tween 400 and 900ms, the second between 1000 and 1300ms, and the
third between 1400 and 1900ms (Fig. 2). Differences were mostly
significant in the theta and alpha bands, with a desynchronization of
theta and a synchronization of alpha for liked songs. No differences
were observed above 20 Hz.

Source localization was performed on the three time periods of
difference. During the first time period, a significantly stronger theta

Table 1
Musical appreciation, familiarity, and emotions for all 5 songs, as well as for the most
liked and disliked songs (mean followed by standard deviation). p value shows the dif-
ference of scores between liked and disliked songs.

All songs Liked songs Disliked songs p value

Liking 5.4 ± 2.4 7.3 ± 2.1 3.3 ± 1.7 < 0.000001
Familiarity 7.4 ± 1.6 7.8 ± 1.4 7.0 ± 1.7 < 0.001
Emotions 4.8 ± 2.4 4.5 ± 2.2 5.0 ± 1.6 n.s.

Fig. 2. Time frequency analysis performed over the nine ROIs during silence inserted into liked songs. Neural synchronizations (yellow) and desynchronizations (blue) are represented at
different frequency bands. Areas of significant differences (p < 0.01) between liked and disliked songs are surrounded in red. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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activity was observed in the left anterior and central posterior ROIs (LA
and CP in Fig. 2). Statistics performed on source localization could not
reveal the source of the differences between both conditions, but the
right inferior frontal gyrus (IFG) was differentially activated at a lower
significance level of p < 0.01 (Fig. 3). In the second time period, a
difference in theta activity was observed in the right median ROI (RM in
Fig. 2). The main difference originated from a stronger activation of the
right superior temporal gyrus (STG) for disliked songs. In the last time
period, a difference in alpha activity was observed in the central
anterior and the right posterior ROIs (CA and RP in Fig. 2). Source
localization showed this difference originated from the left Middle
Temporal Gyrus and the right Insula.

4. Discussion

An original aspect of the present study was to explore the neural
mechanisms of liking during spontaneous auditory imagery, thus of-
fering the possibility of studying its emergence while removing any
acoustical interference. To study music liking in a naturalistic condi-
tion, we voluntarily chose songs instead of using artificial excerpts of
music and asked the participants to simply listen to these songs for two
weeks, as if they were hearing a new song on the radio, for example.
Moreover, we preferred using songs as material over using instrumental
music because we were interested in the integrated memory re-
presentation for text and melody in songs (Crowder et al., 1990; Peretz
and Zatorre, 2005). In addition, the songs were not chosen according to
the emotions they raised. Although studies on liking usually focused on
happy musical extracts, since it is this type of music which most fre-
quently leads to the highest liking scores (Hunter et al., 2008;
Vuilleumier and Trost, 2015). it has been shown that sad music can also
be highly appreciated by listeners (Brattico et al., 2015). We thus chose
the most appreciated and least appreciated songs regardless of their
emotional valence. Moreover, since we have averaged over many dif-
ferent songs, based on preference, we thereby canceling out differences
related to the stimulus.

Our results show that, although participants were instructed to
simply listen to the songs in the experimental tasks, specific neural
responses related to aesthetic judgements occurred during spontaneous
auditory imagery, which is similar to familiar judgements that have
already been noted in identical conditions (Gabriel et al., 2016;
Kraemer et al., 2005).

4.1. Electrophysiological correlates of liking

The subjective aesthetic appreciation of a song was reflected by
responses in theta and alpha frequency bands in three time periods
included in silent intervals. First responses, frontal theta oscillations,
have not only been reported in subjects listening to pleasant musical
pieces (Sammler et al., 2007), but also in subjects performing a broad
range of cognitive tasks requiring attention or short term memory
(Burgess and Gruzelier, 1997; Inanaga, 1998; Smith et al., 1999). Here,
it is likely that theta activity observed in the two first time periods
reflects both attentional and emotional mechanisms that could be part
of the same process since an emotionally significant stimulus auto-
matically attracts attention (Lang et al., 1997). It is, therefore, con-
ceivable that participants were more attentive during silences occurring
in pleasant songs, waiting for the music to resume so they could enjoy it
again.

Variations in parieto-occipital alpha oscillations observed for liked
and disliked songs could be related to auditory attention mechanisms,
and it is thus possible that liked music attracted more attention than
disliked songs, but this hardly explains why it occurred in such a late
period. A suggestion could be that participants were eager for the
pleasant songs to start again, and were attentively waiting for the end of
silence gaps. However, alternative explanations could explain the in-
crease in alpha oscillations. For example, it has also been suggested that
alpha synchronization reflects an active process of inhibition of task-
irrelevant areas (Klimesch et al., 2007). As a consequence, variations in
alpha oscillations may also be related to increased relaxation con-
secutive to increased enjoyment and fewer cognitive resources allo-
cated to liked songs (Caldwell and Riby, 2007).

It should be noted that we did not find evidence that oscillations
above 20 Hz were involved in music liking, which contradicts some
previous studies investigating music liking through EEG signals
(Adamos et al., 2016; Hadjidimitriou and Hadjileontiadis, 2012, 2013).
In addition to the methodological discrepancies, a major difference
between these studies and ours lies in the fact that they measured liking
at the same time as music was perceived. In that respect, it is well
known that frequencies above 20 Hz fluctuate during musical beat
processing (Fujioka et al., 2009; Edagawa and Kawasaki, 2017; Gordon
et al., 2011), a parameter especially difficult to control in naturalistic
conditions. Studying liking during silence may have reduced the in-
terference between beat processing and liking, even though some stu-
dies have shown that tempo was well preserved during auditory

Fig. 3. Brain areas showing significant differences in activation between liked and disliked songs. Left: source of difference in theta activity in the first time period. Middle: source of
difference in theta activity in the second time period (p < 0.001). Right: source of difference in alpha activity in the last time period (p < 0.001). Areas more strongly activated for liked
songs are represented in red, and in blue for disliked songs. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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imagery (Halpern, 1988; Levitin and Cook, 1996). Of course, it is also
possible that the processing of liking differs during silence and music
perception and that aesthetic information is not encoded the same way
in both situations. However, the difference in theta oscillations ob-
served in our study, also found when listening to consonant and dis-
sonant music (Sammler et al., 2007), may be more a signature of music
liking.

4.2. Neural sources of EEG activity

Interestingly, sources of theta activity observed during silence were
found to originate from the IFG and the STG. These results corroborate
previous fMRI studies that also reported a stronger activation of the IFG
for pleasant music and of the STG for unpleasant music in listening
situations (Pereira et al., 2011; Koelsch et al., 2006). The IFG and STG
are two structures known to work together to process various aspects of
music (Salimpoor et al., 2015). They are activated for musical memory
retrieval (Halpern and Zatorre, 1999; Peretz and Zatorre, 2005; Platel
et al., 2003) and participate in the formation of a musical image (Satoh
et al., 2006). The IFG is notably involved in the long-term musical
memory retrieval (Altenmuller et al., 2014), which is essential for
making accurate predictions about music. The auditory cortex in the
superior temporal region is a hub for liked, disliked and favorite music
(Wilkins et al., 2014). Our spatiotemporal analysis of subjective liking/
disliking during silence revealed that the IFG and the STG do not work
simultaneously but successively, increases in liking inducing first a
stronger activation of the IFG and then a reduced response of the STG.
IFG being known to have an inhibitory role on a number of brain sys-
tems and related behaviors (Swann et al., 2009), this structure may
inhibit the STG for processing information related to liked songs.

In the last period of silence, the differential activation of the insula
suggests that hedonic processes are involved. The insula contributes to
the conscious experience of emotion and its activation covaries with
subjective feelings, which not only reflect physical stimulus intensity
but also cognitive factors such as prediction (Suzuki, 2012).

There were surprisingly few cerebral areas activated for the aes-
thetic judgement of music in our study, which differs from the large
number of cerebral activations observed in fMRI studies (Wilkins et al.,
2014; Pereira et al., 2011; Koelsch et al., 2006). Since EEG surface
signals are predominantly produced by cortical structures, source lo-
calization methods have difficulties to localize deep brain structures.
This may explain why structures essential in liking processes such as the
limbic system structures and the hippocampus (Wilkins et al., 2014),
could not be detected in our study. Moreover, liking scores were not
greatly different between liked and disliked songs, only 4 points on
average, whereas some studies have been investigating participants'
favorite songs (Wilkins et al., 2014) or compared dissonant and con-
sonant music (Sammler et al., 2007). Finally, a possibility is that aes-
thetic judgement is altered during silence compared to during music
perception, leading to a partially activated network of neural activa-
tions.

4.3. Relationship between liking, exposure, and familiarity

Since the liking for unfamiliar music is known to increase as a
function of exposure time (Schellenberg et al., 2008; Szpunar et al.,
2004), we wanted to avoid any confounding effect by assuring that
participants listened to liked and disliked songs the same number of
times. Despite this control, we found that liked songs were rated as
more familiar than disliked songs, confirming that listeners do not only
like music that they remember but also remember music that they like
(Stalinski and Schellenberg, 2013). This strong relationship between
preference and familiarity is supported by source localization. The IFG
and STG are two structures involved both in memory processes and in
liking. Moreover, emotion-related limbic and paralimbic regions as well
as the reward circuitry are known to be significantly more active for

familiar relative to unfamiliar music (Pereira et al., 2011). If musical
preference depends on predictive processes based on our knowledge of
a song, it is then obvious that familiarity plays an important role.
Further research is necessary to clarify this point, although it would be
extremely difficult, if not impossible, to measure musical preference
without any interference from familiarity and exposure.

5. Conclusion

Results from the present study show that when we like listening to a
song, we still like this song during the silences inserted inside. Silences
trigger auditory imagery and neural responses specific to liking under
the form of oscillations in theta and alpha frequency bands originating
from the IFG and STG. These brain structures having previously been
shown to be activated when listening to liked music, similar neural
networks may be involved in imagery and music. However, all liking
processes may not be present because there were less cerebral areas
activated for the aesthetic judgement of music during auditory imagery.
The experimental design used here nonetheless offer the opportunity to
study the emergence of the spatiotemporal dynamics of liking without
physical interference of music.
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Group emotional dynamics are a central concern in the study of human interaction
and communication. To study group emotions, the social context of a musical event
in natural conditions may overcome several limits of laboratory experiments and
could provide a suitable framework. This study aimed to evaluate if cultural events
such as a conductor competition could welcome scientific research for the study
of group emotional sharing. We led an observational study, which suggests that in
this particular context, public, musicians and jury would agree to participate and to
wear neurophysiological and physiological devices to monitor their emotional state
during the competition. Self-administrated scales showed that, in the context of a
musical competition, members of the public felt strong musical emotions such as
music chills. Our results suggest that such a specific competition design is a suitable
experimental model to lead an experiment under ecological conditions to effectively
investigate collective emotional synchronization. In the future, with the implementation
of an acquisition system recording synchronous neurophysiological data for a large
group of participants, we may be able to highlight mechanisms involved in emotional
synchronization in a natural musical setting.

Keywords: emotional synchronization, EEG, hyperscanning methods, music, conductor competition

INTRODUCTION

Most people listen to music for its emotional effect (Nieminen et al., 2012) and research has
shown the pleasurable effect of music (Grewe et al., 2007; Salimpoor et al., 2009, 2011). The social
connection with other people and being connected to the performers are the main factors that
motivate people to attend live performances and enjoy them (Burland and Pitts, 2014; Leante, 2016;
Swarbrick et al., 2019). Music is a form of cultural communication (McCormick, 2009). According
to the model of the Share Affective Motion Experience (Molnar-Szakacs et al., 2011), which claims
music as “a series of intentional, expressive motor acts, recruiting similar neural networks in both
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agent and listener” (Overy, 2012: 66), music can enhance
emotions and create a sense of social bonding (Overy, 2012;
Chanda and Levitin, 2013).

Considering research that has investigated the effect of music
listening in groups, some points out that context (laboratory
or natural conditions) and the social environment (being alone
or with other people) could greatly influence the experience
of listening to music (Lamont, 2009; Liljeström et al., 2013).
Being in the context of a concert in the presence of other
people can enhance the listening experience by eliciting at least
a rhythmic synchronization when people move together (Desmet
et al., 2010). Live conditions provide listeners with the strongest
musical experiences (Lamont, 2011), with a greater effect on
physiological variables as heart rate (Shoda et al., 2016). However,
contradictory results have emerged from several studies. On the
one hand, more “pleasure enjoyment” was experienced during
music listening with a close friend or a partner versus alone
(Juslin et al., 2008), and people who listened to music alone
were less likely to experience intense emotions compared to
people listening with a close friend or a partner (Liljeström et al.,
2013). On the other hand, an intra-individual variability has
been demonstrated. Some people were more likely to experience
chills when listening to music alone, whereas others experienced
more when they were with others in daily life situations
(Nusbaum et al., 2013). Furthermore, in a laboratory setting, the
social context negatively affected the emotional experience: the
experience of chills, and thus emotional arousal, was lower in
groups (Egermann et al., 2011). The social context, particularly
in this laboratory setting experiment, influenced participants’
concentration, altering the emotional arousal (Egermann et al.,
2011; Koehler and Broughton, 2017). However, these studies in
laboratory or natural contexts with dyads or groups involved
major differences in implementation.

Ecological conditions may be of great importance when
considering the precise mechanisms of human interactions
(Acquadro et al., 2016). An ecological context should clarify and
help generalize previous laboratory findings (Egermann et al.,
2013), surpassing dyadic interactions (Tarr et al., 2014) and
going beyond some of the experimental laboratory limits in
the study of group emotions. Collective music performances
are a suitable tool through which to study interactions in
ecological conditions (D’Ausilio et al., 2015). Thus, to study
interpersonal synchronization and the mechanisms involved in
social interactions, it is possible to simulate research protocols
that are as realistic as possible whilst maintaining ecological
validity. Ecological experiments in the musical context have
already measured head movement synchronization by simulating
a live concert in a living lab (Swarbrick et al., 2019), or
measured the heart rate of a few people among a large audience
listening to a piano performance in an auditorium (Shoda et al.,
2016). Otherwise, when natural settings are not reproducible in
ecological conditions, it is possible to benefit from the specific
design arising from a natural situation.

By definition natural experiments are studies conducted in
a natural everyday life context seeking to measure variations
in natural processing without the manipulation of variables
(Salkind, 2010). To set up a study in natural conditions,

the setting should be stable over time and should include
natural exogenous variations without any interventions from the
experimenters (Meyer, 1995; Craig et al., 2012). The drawback
of such natural conditions is that the selection of participants,
the adherence of subjects with the research, the implementation
of subjective measures, the adaptability of the paradigm to
environmental conditions and so on need to be evaluated
precisely before implementing a study. In this respect, we
hypothesized that the specific context of a conductor competition
would bring an advantageous framework to study the spread
of emotions and emotional synchronization within and between
groups (music performers and listeners) in natural conditions. In
this context, both cerebral activity, in terms of natural activation
of the autonomic nervous system, and subjective feeling could be
recorded among the different participants (orchestra performers,
jury, candidates, and public) during the competition.

In the specific context of the conductors’ competition,
the same orchestra performing the same musical pieces in
the same concert hall in front of the same public offers
favorable live setting conditions. The spread of emotions can
be assessed within and between groups of performers and
listeners. Contrary to laboratory settings, the musical material is
ecological in this context. Direct reports of emotional responses
from participants and neurophysiological recordings should give
objective and subjective measures for the evaluation of groups’
emotional synchronization. In this context, any intervention of
the experimenter would influence the responses. Furthermore,
the natural response of the participants should be controlled at
a physiological level. Music chills can be defined as a strong
transient emotional phenomenon triggered by specific musical
features and involving reactions of the brain and body in the
form of goose bumps and thrills, and which can provoke intense
pleasure (Goldstein, 1980; Salimpoor et al., 2011). Chills present
the advantage of being identified both by physiological measures
and directly reported by the participant (Grewe et al., 2009a,b,
2011). Blood and Zatorre (2001) suggest that pleasantness and
emotional intensity must increase to a certain level before the
occurrence of a chill. Musical chills that are the climax of an
increase in emotion (Grewe et al., 2009a) should be a reliable
indicator of a strong emotional state. They can be generated
in a social situation such as a concert, movie theater, or other
gathering where people are involved in the same action and
focused on the same target (Schoeller, 2015). In that respect,
music chills could indirectly be an indicator of common emotions
between several participants when chills are experienced at the
same time. Using this observational approach should allow
experimenters to record a set of data on different interacting
populations, wherein synchronization can be evaluated in a
natural way, without no intervention required, throughout
the competition.

Volpe et al. (2016) insisted on acquiring large data samples
in valid ecological conditions using multimodal tools to assess
synchronization. Measuring subjective feelings and peripheral
arousal during live concerts provides a great opportunity to
study the influence of other people on emotional responses to
music (Egermann et al., 2013). The new ambulatory monitoring
techniques of physiological recording could highlight numerous
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as yet unknown fundamental mechanisms and datasets related
to information in the field of emotion research, especially in
studies in ecological conditions (Wilhelm and Grossman, 2010;
Shoval et al., 2018). Some musical research has already been
coordinated in both passive and active conditions. A number of
studies have shown the effect of listening to music in terms of the
emotional response using physiological recording, considering
both cardiac and electrodermal activities (Craig, 2005; Grewe
et al., 2011; Mori and Iwanaga, 2014; Colver and El-Alayli, 2016).
Moreover, the development of electroencephalographic (EEG)
hyperscanning methods allows researchers to record EEG data
on several participants simultaneously, providing an appropriate
tool for the study of brain processes involved in social interactions
(Dumas et al., 2010; Acquadro et al., 2016; Toppi et al., 2016;
Balconi and Vanutelli, 2017).

In line with this approach, we led an observational study
that is a first step in the implementation of natural experiments
using neurophysiological sensors in natural conditions. The
overall goal was to assess the appropriateness of using a
conductor competition to study emotional synchronization
within and between groups (music performers and listeners) in
natural conditions. Three dimensions were assessed during this
observational study: the acceptability for listeners (public, jury)
and performers (musicians, conductors) of wearing different
sensors during the competition; the emotional sensitivity of the
public in a such context; and the suitability of competition
settings to replicate an experimental design in natural conditions.

MATERIALS AND METHODS

Ethics Statement
The research met the local ethical rules provided by French
law on non-invasive protocols involving healthy participants,
and was classified as a psychological observational study outside
the Jardé law (Article R1121-1 of the French Law Code of
Public Health amended by decree n◦ 2017-884 of May 2017).
It was submitted to the Ethics Committee CPP Est II, which
exempted the study from the full ethics review process. Each
participant was informed of the observational nature of the study.
Participants freely filled out questionnaires and gave their implicit
consent by returning the questionnaire. The questionnaires were
anonymous, and no participants can be identified. Participants
who were interviewed gave their explicit oral consent before
answering the investigator’s questions.

Presentation of the International
Competition for Young Conductors
The 55th Besançon International Competition for Young
Conductors in France is a musical event based on the musical
direction of various styles and various ensembles (two pianos,
opera, symphonic orchestra, etc.). From the pre-selection to
the final phase, every candidate has to perform the musical
direction of the same musical extracts. Our study concerns only
the final phases. The final rounds of the competition lasted
several days and were composed of two sessions per day, the
first during the afternoon and the second in the evening. We

named data collection sessions according to the day (Monday:
Mon; Tuesday: Tue; Wednesday: Wed) and according to the time
of day: afternoon session [1] or evening session [2]. We collected
data in five sessions: during the 1/8 elimination round (Mon1
and Mon2), the 1/4 final round (Tue1 and Tue2), and the first
semi-final round (Wed1). To identify the candidates engaged in
the competition, letters from A to T were assigned to each of
the 20 conductors.

The 1/8 elimination round took place at the Grand Kursaal
on Monday, 11 September 2017. Ten candidates during the first
session (Mon1) and ten candidates during the second session
(Mon2) conducted the Orchestre Victor Hugo de Besançon
Franche-Comté using three extracts of approximately 10 min
from the musical piece “Appalachian’s Spring Orchestral Suite”
by Aaron Copland. The 1/4 elimination round took place at the
Ledoux Theater on Tuesday, 12 September. Six candidates during
the first session (Tue1) and six candidates during the second
(Tue2) conducted the Orchestre Victor Hugo de Besançon
Franche-Comté using three extracts of approximately 20 min
from “Carmen” by Georges Bizet. The first semi-final round
took place at the Grand Kursaal and included six candidates,
all of whom participated in both sessions. First, they conducted
the Orchestre National de Lyon using two extracts lasting
approximately 25 to 30 min from the ‘Concerto No.2 for Piano
and Orchestra in F minor, Op.21’ by Frédéric Chopin (Soloist:
Philippe Cassard) (Wed1). For further details on the last rounds
of the competition, see Supplementary Data 1.

Location
The final rounds took place in two concert halls in Besançon: the
Grand Kursaal and the Ledoux Theater. The Grand Kursaal is a
480 m2 concert hall containing two balconies and a great stage;
it is able to accommodate approximately 800 people. The Ledoux
Theater is a classic theater composed of a stage and a pit for the
orchestra; it is able to accommodate 1,000 persons on three levels.

Hypothesis and Objectives
We hypothesized that the specific context of this conductor
competition would provide an advantageous framework to
measure the emotional synchronization within and between
groups (music performers and listeners) in natural conditions
using neurophysiological devices.

To test this hypothesis, three requirements must be addressed:

1. Acceptability of further study: Will participants agree to
wear neurophysiological sensors during the competition?
(Feasibility for recruitment).

2. Public’s emotional sensitivity and public profile: Will public
members be sensitive to musical emotions and to music
chills? Will they be representatives of the general public of
classical concert? (External validity).

3. Suitability of competition setting: Will the extracts from
each music piece be performed by each conductor for a
minimal duration of 1 min/30 s? (Reproducibility of similar
conditions) Could some confounding factors (e.g., types
of music piece, orchestra, architecture of the concert hall)
be managed to avoid measurement bias? Will a significant
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number of conductors produce music chills in the public?
(At least 30% should experience chills).

Study Design
In this observational study, different activities were conducted to
answer our three main requirements.

1. Acceptability for a Further Study
We conducted face to face interviews to assess the

willingness of some public members, jury members,
musicians, and conductors to wear sensors (EEG headsets
and wristbands recording physiological data) during the
conductor competition.

2. Public’s Emotional Sensitivity and Public Profile
We distributed self-reported questionnaires to evaluate

personality profiles and public emotions in the specific
context of the competition, involving a lot of repetitions of
the same short extract of music pieces.

3. Suitability of Competition Setting
We did observations of the competition setting to ensure

the right reproducibility of each candidate’s performance for
further statistical analysis.

Population
To assess the acceptability of the research protocol, the different
groups were jury members (n = 7), public members (around
300 to 400 per session), musicians (n = 45), and conductors
(n = 20) engaged in the competition. See Table 1 for demographic
information about the participants involved. Interviewees were
selected based on their availability during the breaks (before,
during and after the performance). To test the public’s musical
emotional sensitivity, the only eligibility criterion considered
for the distribution of all questionnaires and for collecting
opinions was to be aged over 18 years. Participation was on a
voluntary basis.

Variables, Data Sources and
Measurement
Acceptability of Further Study
A sample of the four groups (orchestra performers, jury,
candidates, and public) was questioned orally about the
acceptability of both the type of mobile EEG headset and the
tools that could be used in such conditions (three different mobile
devices were presented in pictures), along with whether they
would agree to participate in a similar study about emotions

TABLE 1 | Public sample by session.

Session Questionnaires
distributed

Questionnaires
returned (%)

Males/
Females (%)

Mean age
(SD)

Mon1 90 45 (50) 34/66 60.9 (15)

Mon2 71 23 (32.3) 24/76 54.5 (16.4)

Tue1 120 21 (17.5) 19/81 67.5 (8.4)

Tue2 150 39 (26) 25/75 50.7 (16.6)

Wed1 150 38 (25.3) 30/70 63.5 (14)

in the next edition of the competition. The interviews were
conducted individually by TC and LP, mainly during the
intermissions, detailing our aim, the setting for the study and
the different requirements involved in participation. Because
of competition conditions, interviews were conducted directly
in the concert rooms and personal information about age
and gender were not collected during oral interviews. The
only criterion was to be aged over 18 years, with no further
discrimination. The mobile tools presented were EEG wireless
headsets – namely Emotiv Insight, Emotiv Epoc+ and Imec’s
wireless EEG headset – and connected wristbands such as
Jawbone UP3 and Fitbit. Oral interviews were conducted
individually with candidates, musicians and members of the jury
during intermissions. The interviews were conducted with the
musicians and with the conductors during the 1/8 final round
(Mon1, Mon2). They were conducted with members of the public
during the five data collection sessions (Mon1, Mon2, Tue1,
Tue2, and Wed1).

Public’s Emotional Sensitivity: A Public Profile
Self-reported questionnaires were used to ascertain the public
profile. Each questionnaire gave only the age and sex of the
responder. Questionnaires were distributed at each entrance to
the concert hall before the performance. Participants freely filled
out and returned the questionnaire at the end of the session.

Many psychology studies have pointed out the positive link
between the personality trait of openness to experience and
sensitivity to aesthetic/music chills (Grewe et al., 2007; McCrae,
2007; Nusbaum and Silvia, 2011a; Silvia and Nusbaum, 2011;
Sumpf et al., 2015; Colver and El-Alayli, 2016). We chose to
assess the emotional sensitivity of responders and their sensitivity
to music chills with a French adaptation of the Aesthetic
Experiences Scale in Music or AES-M (Nusbaum and Silvia,
2011b; Sachs et al., 2016). Finally, we used an adaptation of the
AES-M by candidate (emotional scale by candidate, ESC) to make
comparisons between each candidate and each performance.
Since musical emotional sensitivity could be linked with the
personality profile, we also used the French adaptation of the
Ten Item Personality Inventory (TIPI), extracted from the Big
Five personality domains (BFI) (Gosling et al., 2003). Using the
personality profile increased the internal validity of our data.
Finally, the classification of the French Orchestra Association
(AFO, Association Française des Orchestres, 2014) was used to
compare public from the conductor competition with public
from classical concert. All these scales are presented in brief below
and in Supplementary Appendices 1–3.

Ten Item Personality Inventory
The TIPI (see Supplementary Appendix 1) is composed of
ten items, five of which are opposed to the other five.
This allows the researchers to calculate five personality trait
scores: extraversion, agreeableness, conscientiousness, emotional
stability, and openness to experience. Each personality trait score
is calculated by averaging the score of one item with the reverse
score of its opposite item on a seven-point Likert scale. The
reverse score corresponds to the reverse rating of the score (for
example, if the score is one, the reverse score will be seven;
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if the score is two, the reverse score will be six, etc.). The
item “extraverted, enthusiastic” is opposed to the item “reserved,
quiet,” giving a score for the extraversion personality trait. The
item ‘critical, quarrelsome’ is opposed to the item “sympathetic,
warm,” giving a score for the agreeableness personality trait.
The item “dependable, self-disciplined” is opposed to the item
“disorganized, careless,” giving a score for the conscientiousness
personality trait. The item “anxious, easily upset” is opposed
to the item “calm, emotionally stable,” giving a score for the
emotional stability personality trait. Finally, the item ‘open to
new experiences, complex’ is opposed to the item “conventional,
uncreative,” giving a score for the openness to experience
personality trait.

Aesthetic experience scale in music
Based on Nusbaum and Silvia’s previous work (Nusbaum and
Silvia, 2011b) (see Supplementary Appendix 2), four factors
were calculated for the AES-M from ten items: the chill factor, the
touched factor, the absorption factor and the global factor. The
chill factor is composed of the items “Feel chills down your spine,”
“Get goose bumps” and “Feel like your hair is standing on end,”
giving scores out of three. The absorption factor is composed of
the items “Feel absorbed and immersed,” “Completely lose track
of time,” “Feel like you’re somewhere else,” “Feel detached from
your surroundings” and “Feel a sense of awe and wonder,” giving
scores out of five. The touched factor is composed of the items
“Feel touched” and “Feel like crying,” giving scores out of two.
The score for a factor indicates how many items of this factor
had a response greater than or equal to four on a seven-point
Likert scales (corresponding to “sometimes”). The global factor
score out of ten was calculated for each participant by adding the
three factor scores.

Emotional scale by candidate
This scale (see Supplementary Appendix 3) tests whether people
can feel different emotions or musical chills according to the
conductor. The scale by candidate is composed of the items
extracted from the AES-M that participants checked off for each
candidate. This allows the researchers to calculate four factors
similar to those of the AES-M. The chill factor gives scores out
of three, the absorption factor gives scores out of five, and the
touched factor gives scores out of two. A global factor score out of
ten was calculated for each participant by adding the three factor
scores. The absence of a response was considered as no feeling for
the item by a candidate.

French Orchestra Association (AFO) Classification
During the semi-final, people were asked to define their auditor
profile by choosing between the profiles extracted from a
classification of the French Orchestra Association (Association
Française des Orchestres, 2014). These categories were “classical
music lover”: first, interested in classical music and then,
sharing a moment in a beautiful place; “curious music lover”:
focused on a musical experience, interested in discovering new
musical works and searching for new emotions aroused by
musical work; “sociable”: concert experience is a pleasurable
moment shared with friends and family in the musical emotion
register; “occasional layman”: infrequent musical and concert
practice, came with family or friend and enjoyed the spectacular
dimension of the event; “distanced amateur”: concerts are an
uncommon opportunity and not a usual practice.

Course of the observational study
The schedule of different activities is presented in Table 2.

Suitability of Competition Settings
Finally, direct observations of the concert hall and of the
competition process were performed by noting the timing
of the performance and by analyzing the musical work
to determine whether the competition was adapted to
neurophysiological recordings.

Statistical Analysis
Statistical analysis only covers self-reported questionnaires to
describe the public profile.

A Shapiro–Wilk test was used to check that the data as
a whole followed a normal distribution. Descriptive statistics
were analyzed for the age, gender and size of the sample to
determine the characteristics of the public who responded to the
questionnaires during each session (presented in Table 3). For all
statistical tests, the p-value was fixed with α = 0.05 and analysis
involved a Bonferroni’s correction based on the multiplicity of
the tests. The comparison between sessions for TIPI scores was
analyzed for all participants using analysis of variance (ANOVA)
for extraversion and emotion traits, and a Kruskal–Wallis test for
agreeableness, consciousness and openness to experience traits
(correction of the p-value threshold to p = 0.01).

Emotional Sensitivity According to Candidates
A non-parametric repeated measures ANOVA GLIMMIX
procedure under SAS was applied for each ESC factor for Tue2

TABLE 2 | Schedule of activities.

Activities Mon1
First 1/8 elimination round

(10 conductors)

Mon 2
Second 1/8 elimination
round (10 conductors)

Tue 1
First 1/4 round
(6 conductors)

Tue 2
Second 1/4 round

(6 conductors)

Wed 1
First semi-final
(6 conductors)

Interviews X X X X

AES-M X X X

ESC X X

TIPI X X X X

AFO X

Direct observation of setting X X X X X
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TABLE 3 | Acceptability of further study.

Categories Size of the
population

Size of the
sample

Agreement,
number (%)

Jury 7 5 5 (100)

Public 400 36 34 (94)

Musicians 45 15 15 (100)

Conductors 20 13 9 (70)

Total 69 63 (91)

and Wed1 conductors (correction of the p-value threshold to
p = 0.0125) to compare the ratings for each of the conductors
(random effect), followed by a post hoc contrast analysis with a
p-value correction (p-value threshold: 0.0033). Effect size were
calculated with Kendall coefficient of concordance (W). For the
ESC, a descriptive analysis of the chills felt (indicating the number
of people who reported at least one item of the chill factor) and
the number of people who reported chills for other candidates are
presented in Table 4.

AFO Classification
Chi2 tests were applied to compare the results of the AFO
classification in our study and in the AFO survey. Effect size were
calculated with Cramer’s V.

RESULTS

Acceptability of Further Study
Sixty-nine individuals were questioned orally during the whole
competition. Table 3 shows the sample size of the different
groups (members of the jury, members of the public, members
of the orchestra and conductors engaged in the competition) that
agreed to wear sensors for a future study.

Among the 20 conductors, 13 were interviewed, of whom
eight gave their agreement; one more agreed as long as devices
were worn by all candidates. Among the four conductors
who refused to wear sensors, three of them indicated the
possible discomfort of the EEG headset as they already wear
a microphone, and the fourth cited the distraction the sensor
could cause. All of them agreed to participate in the study if
the research protocol was included in the competition without
wearing sensors. In summary, 91% of people interviewed agreed
to wear sensors to participate in a future study during the
conductor competition.

Public’s Emotional Sensitivity and Public
Profile
Five hundred and eighty one questionnaires were distributed
during five sessions of the competition, of which 166 were
returned, giving a response rate of 28.6%. See Table 1 for details.

Regarding the TIPI scales, 128 questionnaires were returned.
There were no significant differences in sessions for any
items of the TIPI.

Regarding the AES-M, 89 questionnaires were returned.
Descriptive results indicate that the factor “touched” was rated

greater than or equal to four for 85 participants during
the competition. This suggests that 95.6% of the participants
indicated that they felt “touched” during the competition. In the
same way, 70 participants (78.7%) indicated being “absorbed”
and 29 (32.6%) indicated feeling chills. Finally, the global factor
indicated that there were 26 participants (29.2%) who rated at
least one item of each factor greater than or equal to four.

Regarding the ESC, 77 questionnaires were returned and
76 were analyzed (for the analysis, a letter from A to T was
assigned to each candidate). For the Tue2 session, public reports
showed significant differences between candidates for the global
factor [F(5,190) = 5.13; p < 0.0001; W = 0.12585] and post hoc
analysis revealed differences between candidates S (M = 1.54;
SD = 1.5) vs. L (M = 2.64; SD = 1.8; p < 0.001), I (M = 1.41;
SD = 1.43) vs. L (p < 0.0001) and L vs. P (M = 1.26; SD = 1.33;
p < 0.0001). Candidate L had a higher global factor rating
than the other candidates. For the Tue2 session, there were also
significant differences for the absorption factor [F(5,190) = 3.65;
p < 0.0125; W = 0.07608]. The post hoc analysis revealed
differences between candidates S (M = 1.13; SD = 1.06) vs. L
(M = 2; SD = 1.52; p < 0.01), I (M = 1.33; SD = 1.36) vs. L
(p < 0.001) and L vs. P (M = 1.08; SD = 1.20; p < 0.001). For
more details, see Supplementary Appendix 4. Candidate L had
a higher global factor rating than the other candidates. There
were no significant differences for chill factor between candidates
[F(5,190) = 2.04; p = 0.069; W = 0.06533) or for the touched
factor [F(5,190) = 2.25; p = 0.0464; W = 0.07506]. For Wed1,
there were no significant differences between candidates for any
factor of the AES-M [touched factor F(5,180) = 5,180; p = 0.696;
W = 0.01679; absorption factor F(5,180) = 1.51; p = 0.182;
W = 0.04666; chill factor F(5,180) = 0.70; p = 0.626; W = 0.0288]
or global factor [F(5,180) = 1.41; p = 0.222; W = 0.0486].
Table 4 presents the number of people reporting chills (at least
one item of the chill factor) by candidate for both Tue2 and
Wed1. The phrase “I felt chills for other candidates” indicates
the number of people who also indicated experiencing chills for
other candidates.

During the Tue2 session, 15 participants (38.4%) indicated
feeling chills, and during the Wed1 session, 14 participants
(37.8%) indicated feeling chills. During the whole competition
(Mon1, Mon2, Tue1, Tue2, and Wed1), 58 participants (34.9%)
indicated feeling chills.

Regarding the AFO classification, 32 members of the public
completed the self-reported AFO categories. The results indicate
that there are significantly more “curious music lovers” compared
to the AFO public survey (53.1% vs. 15.7%; p < 0.0001;
V = 0.00542); there are significantly fewer “sociable” respondents
in our study than in the AFO survey (9.4% vs. 29.6%; p < 0.05;
V = −0.0234) and there are significantly fewer “distanced
amateurs” in our study than in the AFO survey (3% vs.
20.9%; p < 0.05; V = −0.0231). There are no significant
differences between the “occasional layman” and “classical music
lover” profiles.

Suitability of Competition Settings
For Mon1 and Mon2, the candidates’ performances were
timed; they had precisely 10 min. During each performance,
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TABLE 4 | The number of people reporting feeling chills, by candidate (Tue2 and Wed1).

Tue2 N = 39

Candidate S E O I L P

Felt chills, n (%) 7 (17.9) 9 (23.1) 5 (12.8) 3 (7.7) 9 (23.1) 2 (5.1)

Felt chills for other candidates, n 6 6 5 3 5 2

Wed1 N = 37

Candidate O C R H I F

Felt chills, n (%) 5 (13.5) 7 (18.9) 9 (24.3) 5 (13.5) 5 (13.5) 4 (10.8)

Felt chills for other candidates, n 3 6 4 3 2 3

TABLE 5 | Movements, rehearsal and timing for each candidate’s performance during the first semi-final round (Wed1) for the second movement.

Order (candidates) Duration of the whole
performance (mins)

Conducting time for the 2nd
movement (mins)

Rehearsal work of the 2nd movement (mins)

First (O) 29 18 From measure 27 (6)

Second (C) 23 15 From measure 27 (6)

Third (R) 23 12 From measure 27 (4)

Fourth (H) 23 15 From measure 42 (5)

Fifth (I) 24 13 From measure 37 (5)

Sixth (F) 17 8 Discussion with the pianist and rehearsal (4)

they conducted two extracts for every session, with at least
one common extract. For the first semi-final round (Wed1),
the candidates had, on average, 23.8 min (SD = 2.7) to
perform. They all conducted the second movement during
this round. Table 5 indicates that, except for candidate
F, they all had approximately 5 min for free rehearsals,
and all rehearsed the second movement with the orchestra.
During all the elimination rounds, a real time video of a
front view of each conductor’s performances was projected
onto a large screen. In this way, the audience and the
jury could follow the gestures, skills and facial expressions
of the candidates.

The segmented part of the competition should enable suitable
monitoring of physiological recordings and an analysis of little
portions of signal. We identified some suitable spaces to prepare
participants, for the positioning of the computers, and for the
monitoring of the recordings. For the theater, recordings on
musicians would be more complex because of the reduced space
in the pit, but was still feasible.

DISCUSSION

The results of this study show the suitability of using a conductor
competition as a testbed to study emotional synchronization
within and between groups (music performers and listeners) in
a natural setting. The conductor competition provides a natural
experimental design: during a session, the same orchestra plays
the same extract many times in the same place in front of the
same public. Thus, every conductor conveyed a different musical
interpretation and different emotional content in a randomized
running order that constituted natural variation.

Would People Agree to Wear the Sensors
During the Competition?
Interestingly, 91% of the interviewees in the different groups
agreed to participate by wearing mobile devices. All the
people from the jury and the musicians that were interviewed
agreed. Only two people from the public were inconsistent
with our approach. This result suggest that our research is
well accepted by the public, jury and musicians. Even though
the organizers of the competition gave their consent and
more than 71% of the interviewed conductors agreed, there
were four conductors that refused to wear sensors during
the competition. For conductors, it might be complicated
to implement neurophysiological recordings in terms of the
management of technical constraints and not disturb their
performance. They may have been afraid of the devices.
Nevertheless, all conductors agreed to participate in a study
if the research protocol was acceptable for all candidates and
was included in the competition rules. However, these results
should be carefully considered: agreements in principle are
more easily given when people are not directly engaged in the
experiment thereafter.

Did the Public Experience Emotions
During the Competition?
More than 95% of the participants indicated feeling touched
during the competition, according to AES-M questionnaires.
Our analysis of the general emotions reveals that a sufficient
proportion of the public (29.2%) were able to feel emotions
during the first few sessions of the competition. These results also
confirm that in the particular context of the competition, even if
the musical pieces are repeated and performed with completely
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different interpretations than the public’s expectations, people
can feel emotions. Furthermore, a high percentage of respondents
(34.9%) reported feeling chills during the competition. This result
strengthens the validity of our approach to the investigation
of strong musical emotions. Our evaluation of the public’s
emotional sensitivity was positive for the first sessions, so we
used the ESC on Tue2 and Wed1 to make deeper comparisons
between each candidate and each performance. We used the
ESC especially when the number of candidates was reduced to
six and thus comparisons were easier to make. We confirmed
that some candidates conveyed greater emotions to the public
than other candidates. In a future natural experiment, conductors
conveying greater emotions should also elicit greater emotional
synchronization between the musicians and the audience. Less
emotional performances could be used as control. During a
single performance, some candidates succeeded in triggering
chills in almost a quarter of our respondent sample. This
suggests that future experiments in natural conditions might
highlight an emotional synchronization between participants
during a conductor’s performance. In sum, our public was
sensitive to musical emotion in the natural context of the
competition. Furthermore, people that are not sensitive to
musical emotions should be a necessary control group for
the measurement of emotional synchronization in the future
natural experiment.

Music chills area well-established marker of musical emotional
peaks and a quite large majority of humans should be sensitive
to music chills – as high as 86%, according to Panksepp
(1995) – while some (anhedonics) are not. Music chills do
not occur systematically, and many factors are implicated
(personality profile, conditions of listening, musical pieces,
social atmosphere, temperature of the room, and so on). Our
study shows that music chills occurred in a third of the
listeners that completed the self-reports under the specific
conditions of the contest. The importance of this rate is certainly
debatable, but the sample of respondents was not selected
on their predisposition to feel chills. This criterion should
probably be introduced in a subsequent research study. The
current observation simply shows that chills occurred quite
frequently despite the conditions of the conductor competition,
with short musical excerpts and frequent interruptions of the
orchestra. Considering the future naturalistic experiment, this
result indicates that an adequate sample can be selected from the
public at the competition.

Could Competition Settings Facilitate
Experiments?
Considering the competition setting, our observations of
the concert halls’ characteristics show that neurophysiological
recording can be set up in these natural conditions. During all
the sessions, each candidate conducted at least one common
extract over a sufficient time period and had at least 20 min of
rehearsal (except for one candidate). It would allow statistical
comparisons of future neurophysiological data to be made.
Thus, neurophysiological recordings could be set up to give
enough time to obtain comparable data. As they are not directly

engaged in the competition as jury members or musicians,
we can hypothesize that members of the public would be
cognitively unfettered and thus more able to concentrate
on their emotional state for the continuous reporting. With
their stationary position allowing for easy control of technical
constraints, the public appear to be most able to endure
neurophysiological recording. Our population was homogeneous
between the sessions: in the different sessions, no significant
differences were highlighted for the rating of each item of
the TIPI. Since personality profiles are similar between each
session, neurophysiological recordings could be implemented in
all phases of the competition. This is a strong argument for the
feasibility of a future study.

The natural environment lets the public have the flow of
natural auditory and visual information matching with the
context (Williamon et al., 2014). Moreover, the issue of a
conductor or a music competition, impossible to reproduce
in simulated contexts, reinforces the immersive experiment
and keeps motivation and attention throughout the sessions.
This context allows the public to judge every performance.
Considering the musical material, the stimuli are ecological
and not simulated. To broadcast repeated stimuli many times
for neurophysiological recordings in a laboratory experiment
is inappropriate. Furthermore, in the condition of a classical
concert, classical orchestras’ rehearsals are impossible to
reproduce, while numerous repetitions are necessary to make
comparisons and thus obtain neurophysiological data with a
valid statistical analysis. A conductor or a music competition
overcomes this difficulty. A stationary instrumental ensemble,
in particular a classical one, performing the same musical score
several times in the same conditions limits the uncertainty
and limits the influence of different natural variables on the
neurophysiological data collection. This specific design sets
a fixed frame with natural control of musical stimuli in
natural conditions. This is essential in studies using music
and EEG, since the different features of music (pitch, tone,
beat, rhythm) can influence brainwaves in a different way.
The conductors will influence the whole orchestra in different
ways, conveying different emotional interpretations of musical
pieces and producing the aesthetic quality of the ensemble
(Boerner and von Streit, 2007). Finally, the participants’
responses are a reliable indicator of emotion that needs to be
recorded. The natural feedback of participants should not be
influenced by any element of the experiment other than the
performance itself.

Limitations
Some biases might be implied. Some members of the public
might not have fully understood all the terms of the TIPI scale.
This kind of questionnaire is most often used in a general
context, so our case study context was not totally appropriate.
Moreover, though our response rate was reasonable, the sample
size remains too small to draw comprehensive conclusions.
Our population is slightly different from the general public for
classical music performance: in the context of the competition,
our sample has significantly more “curious music lovers” and
fewer “sociable” respondents than the AFO public survey. These
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characteristics limit the external validity of our results. However
the “curious music lovers,” defined as particularly interested
in the music offered in the context and searching for new
musical works, experiences and emotions, are of particular
interest in relation to our emotional approach. Furthermore,
as mentioned, some people should not have the same opinion
about our approach if that implicate to be directly engaged
in the competition instead of giving a simple agreement in
principle. Because of the competition timing, we could not gather
the opinions of all respondents regarding the wearable devices:
this meant we were unable to correlate the agreement of the
participants and scales. Finally, since one aim of the study was
to evaluate the feasibility of neurophysiological recordings in
natural conditions, we did not record audio and video motion
that would be appropriate for study of the orchestra and public
(Swarbrick et al., 2019). Audio and video motion, combined with
neurophysiological recordings, could offer a unique approach in
the understanding of emotional synchronization and should be
included in future research.

Perspectives
These results are part of a larger work investigating emotional
synchronization in groups in a natural framework. Our
project gathers many facets of non-verbal human interactions
(emotional, physical, aesthetic and sensorimotor) and several
kinds of interaction in terms of directional categorization:
observation condition, turn-based interaction and continuous
interaction (Acquadro et al., 2016) in a particular context.
Including both the audience and the musicians in a
multidirectional interaction increases the ecological validity;
unfortunately, though, it also increases the uncertainty of
the ongoing measures (D’Ausilio et al., 2015). However,
the recording of EEG hyperscanning and physiological data
synchronized with the direct behavioral response of multiple
participants on a smartphone through different groups will be a
huge source of inter-related data, giving complex and precious
information about human interactions in passive and active
musical contexts. Some studies using EEG hyperscanning have
investigated the synchronization between musicians playing
in groups (Babiloni et al., 2006; Lindenberger et al., 2009;
Müller et al., 2012, 2013). The technological progress provided
by recently developed portable EEG equipment combined
with increasingly powerful artifact detection methods (Stone
et al., 2018) facilitates realistic experiments, especially those
studying several musicians simultaneously (Babiloni et al.,
2011, 2012; Müller et al., 2012, 2013, 2018). As previously
emphasized, classical musicians performing a musical score
in a relatively stationary position allows researchers to record
EEG data with a high signal-to-noise ratio (Babiloni et al.,
2011; D’Ausilio et al., 2015), as well as a good physiological
recording. However, though a few studies have recorded
EEG and physiological data during musical performances
(Babiloni et al., 2011; Ichihashi et al., 2012; Müller et al.,
2012, 2013, 2018), one of the main experimental limits is still
the control of motor execution, greatly disrupting the signal.
Musicians are often instructed to limit their musical execution
movements as much as possible. Considering this difficulty,

musicians’ neurophysiological recordings have to be tested
and managed before the competition to ensure good signal
and minimal noise.

In a future natural experiment, we aim to recruit regulars
and people interested primarily in the competition and not in
the scientific study. This experiment in natural conditions may
highlight as yet unknown cerebral and physiological mechanisms
between an active group of musicians and a passive public.
We suggest that good synchronization between musicians might
have an influence on public emotions. The higher the emotional
synchronization in the musician’s group, the more public
members should be synchronized. Such a hypothesis will be
assessed by objective and subjective measures.

CONCLUSION

These results confirm that this specific conductor competition
is a suitable model to investigate collective emotions in
natural conditions using neurophysiological devices. Almost
all of the people interviewed agreed in principle to wear
a sensor; the competition’s emotional content is appropriate
for the study of collective emotions; and the settings of
the competition fit our neurophysiological approach. The
competition design is similar to a natural standard experimental
design. Thus, the conductors conveying different emotional
performances constitute the intervention, with a randomized
running order. Particular attention must be paid to participants’
musical emotional sensitivity. This competition context –
particularly an audience gathering in a concert hall – may
highlight a number of undiscovered mechanisms involved in
emotional synchronization.
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Abstract: The aim of the present study was to investigate the relationship between trait impulsivity,
risk-taking, and decision-making performance. We recruited 20 healthy participants who performed
the Iowa Gambling Task (IGT) and the Balloon Analog Risk Task (BART) to measure decision-making
and risk-taking. The impulsivity was measured by the Barratt Impulsiveness Scale. Resting-state
neural activity was recorded to explore whether brain oscillatory rhythms provide important
information about the dispositional trait of impulsivity. We found a significant correlation between
the ability to develop a successful strategy and the propensity to take more risks in the first trials
of the BART. Risk-taking was negatively correlated with cognitive impulsivity in participants who
were unable to develop a successful strategy. Neither risk-taking nor decision-making was correlated
with cortical asymmetry. In a more exploratory approach, the group was sub-divided in function of
participants’ performances at the IGT. We found that the group who developed a successful strategy at
the IGT was more prone to risk, whereas the group who failed showed a greater cognitive impulsivity.
These results emphasize the need for individuals to explore their environment to develop a successful
strategy in uncertain situations, which may not be possible without taking risks.

Keywords: decision-making; IGT; BART; impulsivity; risk-taking; theta oscillations

1. Introduction

Decision-making is a complex cognitive process that is used, in part, to solve open and
risky problems in daily life, the outcomes of which are often unpredictable [1,2]. Impairments
in decision-making can have harmful direct consequences on the social and personal aspects of one’s
daily life. Such impairment has been observed in many neuropsychiatric disorders [3–5], such as
behavioral addictions [6] and substance addictions [7–9].

The Iowa Gambling Task (IGT) is a psychological task designed to assess impairments in
decision-making under conditions of uncertainty by simulating real-life economic decisions [10].

Brain Sci. 2019, 9, 248; doi:10.3390/brainsci9100248 www.mdpi.com/journal/brainsci
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The IGT is principally used to describe neurophysiological and clinical differences between pathological
and healthy populations [7–11], however, within-group differences are frequent and expected on this
task. Indeed, several studies have reported a failure rate of up to 55% on the IGT in healthy populations
for both the original and adapted versions [7,12–15].

If the IGT was originally designed to support the somatic marker hypothesis [1,16], several other
factors appear to have a major impact on decision-making. Since the IGT was founded on the principle
that real-life decision-making involves choices that are based on expected but uncertain rewards and
penalties, and that optimal choices are based on well-considered strategies, one can suggest that impulse
control problems may alter our decisions. Impulsivity appears to be one factor that could explain the
differences in IGT performance. Impulsivity is considered an important element in the decision-making
process; however, it is a complex construct with several components, making the discernment of its
exact role difficult. Impulsivity is nevertheless known to be related to risk-taking and a lack of reflection
between environmental stimuli and the behavioral response during decision-making [17]. Impulsivity
is often measured by self-report, such as the Barratt Impulsiveness Scale (BIS) [18]. Self-report scales
can provide valuable information about impulsivity as a stable trait in individuals [19]. Impulsivity is
a trait known for being able to influence decision-making performance [20,21], however, the influence
of impulsive personality traits on IGT performance remains unclear [22,23]. Although self-report
scales can measure relatively stable characteristics, they are subjective and cannot directly measure the
biological foundations of impulsivity. To provide a more objective and biologically based measure,
the Balloon Analogue Risk Task (BART) was specifically designed to measure the propensity for
risk-taking [24,25]. Impulsivity is indeed closely related to risk-taking. High levels of impulsivity often
result in risky behaviors, such as the initiation of alcohol or drug use [26]. At the same time, almost
any human decision carries some risk. Decision-making and risk are two inter-related factors, both
being related to various uncertainties [27]. Tests of performance on the IGT and BART in subjects with
high and low trait impulsivity revealed that trait impulsivity did not lead to different scores on the IGT
or BART. Nevertheless, participants with low trait impulsivity were seemingly more risk averse on
the BART, although they made more advantageous selections at the IGT [28]. Clarifying how these
concepts are entangled appears to be important in both theoretical and clinical aspects. Changes in
decisions are frequently justified by an important feeling, led by impulsivity or risk-taking with a lack
of distinction of how each of these constructs specifically influences behaviors and decisions. Indeed,
the somatic marker hypothesis refers to the collection of signals related to the body and the brain that
characterize the emotional and affective responses [29]. In this sense, the impact of impulsivity or
risk-taking on decision-making does not contradict the somatic marker hypothesis.

In this context, the aim of the present study was to further investigate the relationship between
impulsivity, risk-taking, and IGT performance. We examined whether the ability to develop a
correct strategy on the IGT requires specific levels of trait impulsivity and risk-taking on the BART.
To provide important additional information about impulsivity as a dispositional trait, we also recorded
neural activity at rest. With resting-state electroencephalography (EEG), tonic cortical activity prior
to task performance can be measured, reflecting individual behavioral and cognitive disposition,
which has shown to be stable for several years [30]. Therefore, baseline anterior asymmetries can
be used as a predictor of performance on behavioral tasks [31]. The left prefrontal cortex (PFC)
was previously associated to individual predisposition to respond in terms of approach-related and
reward-related motivations and emotions [32–35]. Based on these previous results, we hypothesized
that hemispheric asymmetry predicts behavioral profiles with regard to performance on the BART,
potentially explaining IGT performance. Exploring such a neural and behavioral relationship may
have direct implications on the understanding of mechanisms underlying many neuropsychiatric
disorders in which decision-making is altered.
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2. Materials and Methods

2.1. Participants

Twenty healthy, right-handed subjects (10 male and 10 female, mean age = 38.7 years,
SD = 18.3 years, range = 21–59 years) participated in the study. Participants had no previous medical
history of psychiatric disorders, substance abuse, alcohol abuse, neurological disease, traumatic brain
injury, or stroke, and did not take any medication.

The participants received information regarding the aims and procedures of the study and were
provided with written informed consent to participate. Because of the influence of real money on
motivation, the subjects were informed that the monetary payment would be proportional to their
gains in the game, with an exchange rate of 1%. Because of ethical considerations, regardless of their
performance, all of the participants received 75€ at the end of the study. The protocol was approved
by the Committee of Protection of Persons (CPP-Est II) and was conducted in accordance with the
principles of the Declaration of Helsinki (ClinicalTrials.gov identifier: NCT02873572) (for details, see
Giustiniani et al., 2015 [14]).

2.2. Experimental Tasks

2.2.1. Iowa Gambling Task

We used an electronic version of the IGT [10], which was adapted to study event-related potentials
and to analyze brain activity. The aim of the IGT was to win as much money as possible by making
successive selections between four decks [10,36].

A full description of the study is presented elsewhere [14]. Minimal changes were made to adapt
the IGT to EEG. First, to extend electrophysiological recordings of the exploration phase, the number
of trials was increased from 100 to 200 and the subjects were given no hints about the presence of
advantageous or disadvantageous decks. Second, the design of the trials was modified to minimize
ocular artifacts. In each trial, subjects were instructed to fix their gaze on a cross or letter while making
their selection by pressing a key. After the selection, feedback regarding the deck that was chosen and
total credit amount was displayed, followed by the amount of money won in the trial. A fixation point
then appeared to orient the eyes to the center of the screen, followed by a fixed letter that announced
the result.

Once the task was complete, the subjects’ performance and psychometric test response were
analyzed (for details, see Giustiniani et al., 2015 [14]), and sub-groups were constituted. The sub-groups
did not differ with regard to age (p = 0.21), level of education (p = 0.62), or sex (p = 0.37). Additionally, no
differences were found between groups in various psychometric tests that evaluated neuropsychiatric
disorders, addiction, or personality dimensions. Namely, there were no differences on the South
Oaks Gambling Screen (SOGS) [37], Alcohol Use Disorder Identification Test AUDIT [38], Diminuer
Entourage Trop Cannabis/Cut-down Annoyed Guilty Eye-opener DETC/CAGE [38], Fagerström
test [38], Beck Depression Inventory, abbreviated version (BDI) [39], Liebowitz scale [40], or the Big
Five Inventory-French (BFI-Fr) [41] (see Table 1). Sub-groups were analyzed in a more exploratory
approach, to get more insight into the mechanisms observed on the whole group of participants.



224

Brain Sci. 2019, 9, 248 4 of 15

Table 1. Psychometric data. Self-report scales were used to measure pathological gambling with
the South Oaks Gambling Screen (SOGS) [37], alcohol dependence with the Alcohol Use Disorder
Identification Test (AUDIT) [38], the noxious use of cannabis with the Diminuer Entourage Trop
Cannabis/Cut-down Annoyed Guilty Eye-opener DETC/CAGE [38], addiction to nicotine with the
Fagerström test [38], the existence and intensity of depressive symptoms with the Beck Depression
Inventory abbreviated version (BDI) [39], anxiety with the Liebowitz scale [40], impulsivity with the
Barratt Impulsiveness Scale version 10 (BIS-10) [42], and individual differences in the five personality
dimensions with the Big Five Inventory-French (BFI-Fr) [41].

Favorable Groups Undecided Group Favorable versus Undecided Group

Average Average t-Value p-Value
(SD) (SD) (Two Tailed)

BDI 1.11 (0.93) 2 (2.14) −1.15 0.26
BFI-Fr

Neuroticism 21.33 (5.36) 18.63 (7.03) 0.95 0.36
Extraversion 27.33 (5.70) 26.09 (6.11) 0.47 0.65

Openness to experience 36.33 (6.12) 35.54 (5.64) 0.29 0.77
Agreableness 41.55 (5.08) 42.18 (6.29) −0.24 0.81

Conscientiousness 33.67 (7.50) 36.45 (4.99) −0.99 0.33
LIEBOWITZ SCALE 6.36 (1.49) 5.20 (1.08) 0.64 0.53

Performance 6.05 (1.96) 5.91 (0.77) 0.08 0.93
Anxiety 7.44 (4.27) 6.45 (5.14) 0.46 0.65

Avoidance 4.67 (3.74) 5.36 (4.13) −0.39 0.7
Social interaction 6.67 (1.57) 4.50 (0.96) 1.06 0.3

Anxiety 7.78 (5.47) 5.18 (4.64) 1.15 0.27
Avoidance 5.55 (5.34) 3.81 (4.24) 0.81 0.43

AUDIT 4.55 (3.74) 2.36 (2.16) 1.64 0.12
Fagerström Scale 0.44 (1.33) 0.18 (0.60) 0.59 0.56

DETC/CAGE 0 0 - -
SOGS 0 0.09 (0.30) −0.9 0.38

2.2.2. EEG Recording at Rest

An EEG recording at rest was performed immediately after the IGT. During the recording, subjects
were instructed to close their eyes and remain still. Resting-state EEGs were recorded for four minutes
using OSG digital equipment (BrainRT, OSG bvba, Rumst, Belgium) with two Schwarzer AHNS epas
44-channel amplifiers (Natus, Munich, Germany). A 64-channel electrode cap (Easycap, easycapGmbh,
Ammersee, Germany) with electrodes positioned in the 10/10 system was used to get the EEG signals.
EEG data were continuously recorded with a band pass of 0.05–100 Hz and sampling rate of 1000 Hz.
All electrode impedances were below 30 kΩ before recording was started.

Two electrodes (AF3 and AF4) were placed over the left and right dorsolateral PFC. Signal
processing was performed using EEGlab and Cartool software (http:/brainmapping.unige.ch/Cartool.
php). Raw EEG data were digitally low-pass filtered and corrected for eye movements. Raw EEG data
were offline re-referenced to a common average. Channels with excessive noise (due to malfunctioning
or bad signal during data collection) were replaced using topographic interpolation. EEG signals that
contained residual muscle movements or other forms of artifacts at >50 µV were removed prior to
further analysis. Each artifact-free period was further segmented into epochs of 2 s A fast-Fourier
transform (Hamming window: length 10%) was used to estimate spectral power in the θ (4–7 Hz) and
α (8–12 Hz) frequency bands. Finally, frontal brain asymmetry was calculated by subtracting the mean
power densities (AF3–AF4) in each frequency band.

2.2.3. Balloon Analog Risk Task

The BART is an informatic-based measure of the propensity for risk-taking [24]. During the
BART, the participants were required to sequentially press a button to inflate a series of 30 balloons
that were displayed on the computer screen. The computer screen showed a small simulated balloon
accompanied by a balloon pump, a reset button labeled “Collect $$$,” and a permanent display of
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money earned, labeled “Total Earned”. Each pump corresponded to 5 cents that accrued in a temporary
reserve (the amount of money in this reserve was never indicated to the participant). At any point
during each balloon inflation, the participant could stop pumping the balloon and click the “Collect
$$$” button. Clicking this button transferred all of the money from the temporary reserve to the
permanent bank, at which time the new total that was earned was incrementally updated cent-by-cent
while a slot machine payoff sound effect played. The balloon could either grow larger or explode.
A larger balloon was simultaneously associated with a greater probability of explosion and a larger
virtual monetary reward. Once a balloon was pumped past its individual explosion point, it exploded
with a “pop” sound, at which time all of the money in the temporary reserve was then lost. After each
balloon explosion or money collection, the participant’s exposure to that balloon ended and a new
balloon appeared, until all 30 balloons had been displayed. All of the balloons had a different explosion
threshold. Balloon breakpoints ranged from 1 to 128 pumps. The participants were instructed to
maximize the amount of virtual reward during the experiment. Risk-taking behavior on the BART was
measured by calculating the total and mean adjusted number of pumps across balloons (only trials in
which the balloons did not explode were included in the calculations).

2.3. Data Analyses

To compare the IGT with other parameters (trait impulsivity, BART scores, and frontal asymmetry),
the individual net score was calculated by subtracting the number of disadvantageous decks from the
number of advantageous decks that were selected in the last 60 trials. We chose not to focus on the
total net score because some studies have proposed that performance at the IGT is more reliable when
participants have developed a certain strategy [43]. The last 60 trials was the chosen cutoff point at
which we considered that participants had started developing a strategy because the net score for the
last 60 trials was significantly higher than the net score in the first trials (see Giustiniani et al., 2015 for
more details [14]). The subjects were classified into two groups according to their net score on the IGT.
Based on classifications set in previous studies [7,10,29], nine subjects were classified as favorable (net
score > 10) and 11 subjects were classified as undecided (net score = 10 to −10). No subject had a net
score less than −10.

Trait impulsivity was measured by the BIS-10 [18,42] and included total and subscale scores
(cognitive, motor, and non-planning). There were two parameters of the BART considered for analysis,
namely total number of adjusted pumps, which was directly related to money earned at the end of the
experiment (each adjusted pump corresponded to 5 cents earned), and average number of adjusted
pumps, which was calculated by dividing the number of completed trials by the total number of
adjusted pumps. As a greater average suggests a greater inclination of participants to take risks, the
second parameter is more related to risk-taking.

The performance on the BART as it pertains to trials was taken into account by analyzing the
task in three blocks with 10 trials each [24,25]. To determine if data from the favorable and undecided
groups had a common mean during throughout their participation in the BART, repeated-measures
analysis of variance (ANOVA) were performed. The threshold of significance was set to 5% and post
hoc analyses were performed using Fischer’s Least Significant Difference (LSD) test.

Relationships between net score on the IGT, trait impulsivity, risk-taking, and frontal asymmetry
were assessed using nonparametric Spearman rank-order correlations. To consider multiple
comparisons, the threshold of significance was set to 1%. We performed the analysis using Statistica
11.0 for Windows (StatSoft, Inc., Tulsa, OK).

Given significant relationships for the participants as a whole, additional correlations were then
evaluated specifically in the favorable and undecided groups.
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3. Results

3.1. Relationship between the Participants’ Strategy on the IGT and Risk-Taking on the BART

We investigated whether risk-taking would influence performances on the IGT by studying the
relationship between IGT scores and presses on the BART. We observed that both the average adjusted
number of pumps and the total number of pumps were reduced in the first ten trials of the BART
compared to the other blocks. A repeated-measures analysis of variance (ANOVA), with block (trials
1–10, trials 11–20, trials 21–30) as factor, confirmed these observations by showing significant differences
on the average adjusted number of pumps during the different blocks (F2,38 = 10.9982, p < 0.001), with
reduced performances in trials 1–10 compared to 11–20 (p < 0.05, Bonferroni corrected) and 21–30
(p < 0.001, Bonferroni corrected).

To study whether the reduced performances in the first 10 trials could be imputable to the
development of an efficient strategy, we explored their relationship with IGT performances. The first
trials of the BART display an uncertainty level which confers a structure close to the last trials of the
IGT [44]. A significant correlation was found between the net score on the IGT during the last 60 trials
and the total adjusted number of pumps in the first 10 trials of the BART (Spearman R = 0.48, t18 = 2.38,
p = 0.03; Figure 1). No such relationship was found between the total net score nor the net score during
the first 40 trials and the average adjusted number of pumps. Furthermore, no relationship was found
between the IGT net score during the last 60 trials of the IGT and the total adjusted number of pumps in
the trials 11–20 (Spearman R = −0.03, t18 = −0.15, p = 0.88) and 21–30 (Spearman R = −0.02, t18 = −0.07,
p = 0.94) of the BART.
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To explore further the observations made on the whole group of participants, we investigated
whether risk-taking at the BART was more pronounced in participants able to develop a successful
strategy. The data were analyzed using repeated-measures ANOVA, with block (trials 1–10, trials 11–20,
trials 21–30) and group (favorable, undecided) as factors. A significant block x group interaction (F2,36

= 6.2811, p < 0.01; Figure 2) was observed. The group who failed to develop a favorable strategy
showed less risk-taking, i.e. fewer presses compared to the Favorable group in the first 10 trials of the
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BART (Fisher LSD test, p < 0.05). Risk-taking of the undecided group was also reduced in the first
10 trials compared to trials 11–20 and trials 21–30 (p < 0.01 for both comparisons). No relationship
between the BART and the IGT was found on the average number of adjusted responses.
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3.2. Relationship between the Participants’ Strategy on the IGT and Impulsivity

No relationship was found between net score on the IGT and BIS-10 global (Spearman R = −0.08,
t18 = −0.35, p = 0.73) as well as the subscale scores. This absence of relationship could also be observed
for the favorable and the undecided groups.

3.3. Relationship between Impulsivity and Risk-Taking

We also evaluated whether risk-taking could be defined as a component of impulsivity by
studying the relationship between impulsivity scales and risk-taking (Table 2). Surprisingly, there was
a significant negative correlation between the average number of adjusted pumps on the BART and
cognitive impulsivity on the BIS-10 in the whole group (Spearman R = −0.68, t18 = −3.89, p < 0.01),
suggesting that cognitive impulsivity is associate with a decreased propensity in risk-taking. This
negative correlation particularly strong in the undecided group (Spearman R = −0.77, t9 = −3.59,
p < 0.01) but not in the favorable group (p > 0.05). No correlation was found between the total number
of adjusted pumps on the BART and the global BIS score and all subscales (all ps > 0.05).
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Table 2. Spearman’s correlation between BART scores (average and total number of adjusted pumps)
and (Barratt Impulsiveness Scale version 10) BIS -10 scores. Spearman R values are followed by t values
in brackets. * p < 0.01. When significance was obtained for the overall group of participants, additional
significance was analyzed for the favorable and undecided groups.

BART

Average Total

Whole
Subjects Advantageous Undecided Whole

Subjects Advantageous Undecided

N = 20 N = 9 N = 11 N = 20 N = 9 N = 11

BIS-10 motor −0.16 (−0.69) - - 0.39 (1.80) - -
BIS-10 cognitive −0.68 (−3.89) * 0.16 (0.44) −0.68 (−3.59) * −0.33 (−1.50) - -

BIS-10 no planning −0.35 (−1.58) - - −0.27 (−1.20) - -
BIS-10 total −0.50 (−2.43) - - −0.03 (−0.14) - -

3.4. Relationship between Cortical Asymmetry and Behavioral Scores

Frontal asymmetry was measured to examine how the dispositional trait of impulsivity could
affect risk-taking behavior. No significant relationship was observed between IGT net scores and theta
asymmetry (p = 0.81) or alpha asymmetry (p = 0.12). There was also no relationship between BART,
theta (total number of pumps: p = 0.83; average number of pumps: p = 0.16) and alpha asymmetry
(total number of pumps: p = 0.37; average number of pumps: p = 0.42).

We nevertheless questioned whether a subgroup of subjects could be affected by cortical asymmetry.
Nonparametric Spearman rank-order correlation analysis on sub-groups revealed a very strong,
significant relationship between the mean adjusted number of balloon pumps and theta asymmetry
in favorable subjects (Spearman R = 0.9, t7 = 5.462793, p < 0.001). Figure 3 shows the relationship
between frontal theta asymmetry and risk-taking behavior. No significant relationship was found for
either the alpha frequency range or undecided subjects. Additionally, no significant relationship was
found between the BIS-10 global and subscale scores and theta asymmetry (all ps > 0.1).
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We investigated whether participants who were able to develop the correct strategy on the IGT
presented differences in impulsivity compared with undecided subjects. Favorable and undecided
participants did not differ in any components of the BIS-10 (all ps > 0.1 for global BIS score and all
subscales). No significant relationship was found between BIS-10 global and subscale scores and theta
asymmetry (p > 0.1).

4. Discussion

The present study explored the role of impulsivity and risk-taking on decision-making performance
on the IGT and the impact of frontal lobe asymmetry on decision-making.

4.1. Association between Decision-Making, Risk-Taking, and Impulsivity

Although the sensitivity of the IGT in detecting impairments in decision-making under conditions
of uncertainty is well established and numerous studies have highlighted the complexity of this
task and challenge this pretense for understanding the functions or dysfunctions it purportedly
measures [16,45,46]. A positive correlation was found between the net score on the IGT during the
conceptual phase (the last 60 trials) and the propensity to inflate the balloon during the first block of
the BART. Differences in impulsivity and risk-taking were found between participants who were able
to develop a correct strategy and those who could not; indeed, we found that the undecided group
made significantly fewer pumps than the favorable group in the first block of the BART. Differences
in impulsivity and risk-taking were found between participants who were able to develop a correct
strategy and those who could not. The undecided group made significantly fewer pumps than the
favorable group in the first block of the BART. The undecided group was more cautious than the
favorable group at the beginning of the task, even if both groups had the same level of performances
in the following blocks. Compared to the undecided group, favorable group took more risk at the
beginning of the task, to achieve more rapidly a high level of performance.

To understand this association between the later stage of the IGT and BART scores, risk-taking in
the early and late stages of the IGT should be considered separately [45]. This is different from the
BART, which was specifically designed to measure the propensity for risk-taking from the beginning
of the task [24,25]. Nevertheless, the correlation observed between the IGT and the first block of the
BART is not inconsistent with the literature. During the BART, participants did not know about the
probability distribution of explosions which confers an uncertainty level at the task in addition to the
risk, mostly on the first trials [44]. In this context, the first trials of the BART share similar mechanisms
as the last trials of the IGT. In contrast to the early stages of the IGT, during which risk-taking is not a
deliberate act but rather reflects a failure to recognize risk, risks are explicit in the later stages of the
IGT. Thus, the propensity for risk-taking can be measured only at the end of the IGT and only if the
subject develops explicit knowledge of the risk profile [28].

Participants who make advantageous decisions in the later trials of the IGT are those who have
developed explicit knowledge of the risky decks and the development of such knowledge may be
more related to the propensity for risk-taking than trait impulsivity [28]. Our initial hypothesis that
we would observe increased risk-taking in the undecided group was not confirmed. It was actually
quite the opposite that was observed, the undecided group showing a reduced risk propensity at the
beginning of the BART. The subjects in the undecided group were unable to develop the appropriate
strategies and consequently did not consciously take risks [28]. Low impulsivity has been previously
shown to be correlated with better performance on the IGT and fewer pumps on the BART [28].
Converse to the previous study, in which the groups were formed based on the subjects’ impulsivity,
group assignment in the present study was based on IGT performance. Furthermore, we did not find a
link between the net score on the IGT and impulsivity. This suggests that impulsivity alone cannot
explain decision-making abilities, suggesting a complex process. The difference observed in the total
number of adjusted pumps in the first block suggests that the favorable group took more risk at the
beginning of the BART. These risks accelerated the learning process, thereby allowing the favorable
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group to earn more money at the start of the game. Since subjects of the undecided group showed
a reduced propensity to take risk in the different tasks, they consequently learned more slowly the
probability of explosions at the BART and decks composition at the IGT. More risk-taking is therefore
not necessary related to a pathological process and, in this case, a lower level of risk-taking could
lead to bad decision-making. Impact of risk-taking during the IGT appears to be more complex than
only unidirectional.

4.2. Association between Impulsivity and Risk-Taking

We found a strong, negative relationship between a high impulsivity level as rated by the cognitive
subscale of the BIS-10 and risk-taking. When we continued analysis on sub-group, we found this
correlation in the undecided group, but not in the favorable group. The cognitive subscale is related to
attentional impulsiveness (i.e., difficulty maintaining attention to relevant details) [47]. Although no
correlation was found between impulsivity and IGT performance, the association between impulsivity
and risk-taking in the undecided group suggests an indirect link between cognitive impulsivity and
the inability to develop an appropriate strategy on the IGT. The difficulty maintaining attention to
relevant details may explain why these subjects were unable to develop a correct strategy on the IGT.
The lack of a significant relationship between impulsivity on the BIS-10 and risk-taking on the BART in
the favorable group does not necessarily imply that there are no impulsive components to this group.
The impulsivity construct proposed by Dickman [48] and the two types of impulsivity: Functional and
dysfunctional [49] may help explain why differences were found only in the first block of the BART in
the group who developed a correct strategy. Functional impulsivity is related to a tendency to make
decisions quickly and is principally relevant in situations with personal gain, whereas dysfunctional
impulsivity is related to a lack of reflection, resulting in negative consequences. In the first block
of the BART, the subjects in the favorable group presented a stronger propensity to inflate. In the
other blocks, the subjects in the undecided group tended to pump more to further inflate the balloon,
as opposed to subjects in the favorable group, who adjusted their strategy as a function of the risk
they perceived. Subjects with the individual trait of functional impulsivity tended to make impulsive
decisions when they perceived that strategy high level of risky behavior would result in positive
outcomes [48]. Moreover, functional impulsivity has been associated with Gray’s concept of reward
reactivity [50]. Functional impulsivity is positively related to measures of the Behavioral Approach
System (BAS) and negatively related to measures of the Behavioral Inhibition System (BIS). Consistent
with this concept, subjects with high levels of functional impulsivity appeared to be more motivated
by and reactive to situations that likely lead to reward [50]. Risk-taking has often been associated with
motivational drives and behavior [51], measured by a high score on the BAS [52]. Here, we propose
that risk-taking is impacted by both impulsivity and motivation, because participants are willing to
take risks for the potential of the associated reward. Increased motivation in the favorable group may
explain why their behavioral performances were improved following each task. The subjects in the
favorable group may have exhibited functional impulsivity and greater motivation to explore the game,
therefore leading to development of the correct strategy.

4.3. Association between Neural Activity and Behavioral Performance

The neural response at rest supports the positive influence of risk-taking on behavior to a certain
extent. Consistent with a previous study, we found that individual differences in risky choice behavior
could be predicted by the hemispheric balance of resting-state PFC activity [30,53,54]. Higher theta-band
power detected by the left electrodes was associated with a greater mean adjusted number of pumps
in the favorable group. A negative correlation was previously reported between resting-state theta
oscillations and glucose metabolism, in which theta oscillations at rest indicated a low level of neural
activity [54]. Right theta oscillations may reflect right hypoactivity, which has been associated with a
lack of regulatory ability to suppress a more seductive choice, due to immediate higher payoffs [30].
The right PFC is involved in withdrawal-related emotions [55,56] and a logical assumption is that
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hypoactivity in the right PFC is negatively correlated with BIS scores. We may postulate that left
hemisphere hypoactivity reflects activity of the right hemisphere. Thus, the favorable group should
have had better regulatory abilities to suppress immediate appealing options. Thus, subjects who can
develop a successful strategy may, therefore, be likely to have lesser left prefrontal activity, favoring
right hemisphere activity, which may indicate a better ability of this group to avoid more immediately
attractive options with negative consequences in the long term.

An alternative hypothesis is that theta oscillations are also involved in learning and emotion
regulation and may be involved in the encoding of information, particularly during active exploratory
phases [57]. This specific theta activity shows that the quality of emotional regulation impacts
performance. Theta activity has been associated with emotion regulation and encoding information,
with both elements being particularly important for the somatic marker hypothesis, which states
that emotions affect information encoding and the decision-making process. According to theories
of emotion and motivation, the right PFC is related to negative emotions and drives withdrawal
behavior, whereas the left PFC is related to positive emotions and drives approach behavior [34,58].
Prior studies have demonstrated a negative correlation with BIS scores and right theta oscillations [54].
This cortical asymmetry is a well-known correlate of approach motivation and risk-taking [52]. Somatic
markers traduced an unconscious and conscious knowledge of the risk. This is reflected by a change
in the autonomic arousal before decks selections [1,7]. However, the risk anticipation does not seem
to imply strategy differences and differences in risk-taking in healthy subjects [14]. Furthermore,
risk-taking requires a conscious or unconscious knowledge of the risk level [44]. In the present study,
the participants in the favorable group exhibited a dominant approach behavior and consequently
took more risks, resulting in positive consequences for their decision-making under conditions of
uncertainty. Finally, absence of a significant correlation between theta asymmetry and net score on the
IGT confirms that this theta asymmetry exclusively reflected risk-taking and that understanding the
results of IGT performances cannot only be explained by differing levels of risk-taking or impulsivity.

4.4. Impulsivity, Risk-Taking, and Decision-Making

Risk-taking and decision-making under conditions of uncertainty are two behaviors in which the
likelihood of outcomes is uncertain, but these differ with regard to decisions about probability [59].
Uncertainty and risky decision are related but distinct concept [44]. Indeed, under risky conditions,
subjects can use probability models to evaluate the level of danger, reflected by an increase in the
number of pumps on the BART. In the beginning stages of the IGT, information on probability is
unknown and unusable until the development of specific knowledge of the IGT. The distinction
between risk-taking and impulsivity is also difficult to assess [51]. The link between impulsivity that
is measured by psychometric tests and BART scores is still debated [48]. The present study showed
that the BART may have several indicators of risk-taking (total score and average score), which is one
of the elements that comprises impulsivity. Contrary to some observations, risk-taking as evaluated
by the BART should not be considered synonymous with impulsivity. Since a risk-taking is not
synonymous of pathological process, several aspects of behavior must be taken into account before
hastily concluding a pathological trait in a specific population.

4.5. Limitations and Recommendations for Future Works

Although there are considerable conclusions to be considered from this study, limitations must be
noted. The main limitation of the present study is the relatively small number of volunteers in our
subgroups classified according to their net score at the IGT. In that respect, results on subgroups are
exploratory and toned to be confirmed on a larger scale.

Future works should also take into account any possible age and gender differences in
decision-making and risk management, which were not considered in our analysis. It is unclear
whether gender may have a repercussion on the results of the current study, as men and women
tend to perform at the same level on the IGT, although women tend to take additional trials before
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selecting long-term advantageous decks [60] However, it is worth note that women tend to take less
risks than men do in a wide range of behaviors [61]. Age is also an important parameter to take into
account, as older adults tend to make more risky decisions relative to younger adults on the IGT, but
are more risk averse relative to younger adults on the BART [62]. Future studies should consider how
decision-making, risk-taking and impulsivity interact in a pathological population to more clearly
define each pathological behavior.

5. Conclusions

In conclusion, we propose that the development of correct decision-making under uncertain
conditions is mediated by individuals’ predisposition to perceive and orient themselves with their
emotions and ability to encode information and use it to explore. In uncertain situations, risk-taking is
sometimes necessary to explore the environment and different options that are available. Right/left theta
asymmetry may reflect an individual predisposition to be motivated and quickly explore strategies to
achieve better performance at the beginning of the BART.
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Abstract 
Decision-making is a conserved evolutionary process enabling us to choose one option among 
several alternatives, and relies on reward and cognitive control systems. The Iowa Gambling 
Task allows the assessment of human decision-making under uncertainty by presenting four card 
decks with various cost-benefit probabilities. Participants seek to maximise their monetary 
gain by developing long-term optimal-choice strategies. Animal versions have been adapted 
with nutritional rewards, but interspecies data comparisons are scarce. Our study directly 
compares the non-pathological decision-making performance between humans and wild-type 
C57BL/6 mice. Human participants completed an electronic Iowa Gambling Task version, while 
mice a maze-based adaptation with four arms baited in a probabilistic way. Our data shows 
closely matching performance between both species with similar patterns of choice behaviours. 
However, mice showed a faster learning rate than humans. Moreover, both populations were 
clustered into good, intermediate and poor decision-making categories with similar propor- 
tions. Remarkably, mice characterised as good decision-makers behaved the same as humans 
of the same category, but slight differences among species are evident for the other two 
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subpopulations. Overall, our direct comparative study confirms the good face validity of the 
rodent gambling task. Extended behavioural characterisation and pathological animal models 
should help strengthen its construct validity and disentangle the determinants in animals and 
humans decision-making. 
© 2019 Elsevier B.V. and ECNP. All rights reserved. 

1. Introduction 

Do animals gamble for food just like humans gamble for 
money? Most species, including human beings, have to 
make accurate assessments of the cost-benefit trade-off in 
reward-driven contexts. For example, the longer an animal 
is searching for food, the more likely it is to accumulate 
more and better rewards, however, the more likely it is 
to encounter a predator. Thus, decision-making (DM) is an 
essential mechanism for survival in partly predictable situ- 
ations ( de Froment et al., 2014 ). The underlying principles 
of how living beings achieve efficient DM are still not fully 
understood, and assessing human DM using animal models 
requires further validation. Laboratory tests simulating 
real-life DM, such as gambling tasks, have been developed. 
Particularly, the Iowa Gambling Task (IGT) is widely used 
to assess human DM under uncertainty. Participants are 
required to maximise the monetary gains by selecting 
cards from four decks with various cost-benefit probabil- 
ities ( Bechara et al., 1994 ). Players face a choice-conflict 
between playing from long-term disadvantageous decks 
yielding higher gains but frequent losses, or from advan- 
tageous ones associated with smaller immediate rewards 
and less frequent penalties. Thus, optimal decisions involve 
the animal refraining from the preferred large immediate 
rewards whilst opting for lower but more frequent gains, 
leading to long-term benefits. 

The IGT was originally created to study DM impairments 
in patients with ventromedial prefrontal cortex damage. 
Compared to healthy participants who progressively learn 
to select the advantageous decks, the impaired patients 
decisively underperform by being unable to set the optimal 
strategy from repeated negative outcomes. Besides this, 
many IGT studies with healthy populations have shown a 
high interindividual performance variability ( Bechara and 
Damasio, 2002 ; Bechara et al., 2002 ; Steingroever et al., 
2013 ). Indeed, several clinical reports indicated that, while 
a majority of healthy participants develop the optimal 
strategy (good DM individuals), others do not acquire a 
preference for one deck over the others, which is indicative 
of a lack of learning (poor DM individuals) ( Bechara et al., 
2001 , 2002 ; Glicksohn et al., 2007a ). The literature has 
shown that many factors may account for this variability in 
gambling performance. For example, Bechara et al. explain 
the poor IGT performance in terms of atypical sensitivity 
to the reward or punishment. Mechanisms underlying this 
atypical sensitivity are numerous and still not fully elu- 
cidated. Among the potential contributors to IGT failure, 
the presence of personality characteristics associated with 
risky behaviour ( Buelow and Suhr, 2009 ), of weaknesses in 
executive functioning ( Brand et al., 2007 ), a low motivation 
( Giustiniani et al., 2015 ), a negative affect at the time of 
task ( Suhr and Tsanadis, 2007 ) as well as low educational 

( Davis et al., 2008 ) and low intellectual levels ( Barry and 
Petry, 2008 ) have been reported. These data illustrate a be- 
havioural continuum with an overlap in choice strategies be- 
tween human non-pathological and pathological conditions. 

Interestingly, animal versions of the IGT with species- 
appropriate adjustments to assess DM in a design compa- 
rable to humans ( van den Bos et al., 2006 ; van Enkhuizen 
et al., 2013 ; Heilbronner, 2017 ; Pittaras et al., 2016 ; 
Rivalan et al., 2009 , 2013 ; de Visser et al., 2011 ; 
Young et al., 2011 ; Zeeb et al., 2009 ) have been de- 
veloped. For example, in rodent gambling tasks the decks 
of cards have been replaced by mazes or operant cham- 
bers equipped with different options of varying outcomes; 
monetary gains are replaced with nutritional rewards since 
money and food are thought to drive similar behaviours 
( Lehner et al., 2017 ). 

Similar to human studies, rodents with lesions per- 
form sub-optimally in adapted IGT versions and show 

a delay in adopting a consistent strategy compared to 
healthy individuals ( Rivalan et al., 2011 ; Winstanley and 
Clark, 2015 ). For the majority of healthy rodents, as the 
task progresses a raise in advantageous choices is observed, 
which is commonly accompanied by individuals clustering 
in three subpopulations who reflect the variable choice 
strategies ( van Enkhuizen et al., 2014 ; Pittaras et al., 2016 ; 
Rivalan et al., 2009 ). Good DM individuals quickly develop a 
strong preference for the advantageous options, while poor 
DM individuals display the worst performances, either not 
showing any preference for neither advantageous nor dis- 
advantageous options or displaying a long-term preference 
for the disadvantageous ones. Intermediate DM individuals 
perform between the other two subgroups. Whether these 
interindividual variabilities observed in both healthy human 
and animal populations are similar has never been directly 
assessed to substantiate the face validity of the models. 

Animal and human versions of gambling tasks usually 
evaluate performance with different analytical methods 
( Bechara et al., 2001 ; Zeeb and Winstanley, 2013 ) and are 
hence not compared in a direct manner even if animal gam- 
bling tasks have been specially created to simulate human 
DM processes. However, direct comparative research will be 
a valuable approach allowing clinicians and researchers to 
bridge their findings, rendering translational studies as a di- 
rect tool genuinely meaningful ( van Enkhuizen et al., 2014 ). 

Here, we bridge the clinical and preclinical findings on 
DM processes featuring uncertainty by directly comparing 
the performance of healthy humans and mice for the 
first time in the same study using IGT-adapted tasks and 
identical analytical methods. 

Based on the recent literature addressing the valid- 
ity of mouse gambling tasks (mGT) ( van den Bos et al., 
2013 ; van Enkhuizen et al., 2014 ; Heilbronner, 2017 ; 
Pittaras et al., 2016 ; Winstanley and Clark, 2015 ), we 
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forecasted a good face validity of our animal model with 
a similar overall performance regarding the human popu- 
lation ( Giustiniani et al., 2015 ). To check for the existence 
of a similar variability in the choice strategies among 
the species, we then compared the stratification of both 
populations according to the endpoint performances. To 
evaluate the construct validity, we further studied the be- 
havioural indexes of the cognitive processes sub-serving the 
optimal choices. Finally, we sought to find the correlations 
with an endpoint performance, focusing on the parameters 
of rigidity ( Pittaras, 2013 ), flexibility ( van Enkhuizen et al., 
2014 ) and win-stay and lose-shift choices ( de Visser et al., 
2011 ). We also analysed the psychometric scores from 

human participants and reward sensitivity data in mice, to 
relate the performance or choice strategies to additional 
behavioural traits. 

2. Experimental procedures 

2.1. Participants 

To reduce conceptual and methodological differences between the 
tasks, we controlled factors known to interfere with the results 
such as sex differences and the presence of instructions, especially 
in humans. In that respect, we recruited only male subjects 
because they have been described as less risky than females, 
choosing the advantageous options more frequently in the IGT 
( Singh, 2016 ) and its rodent adaptations ( van den Bos et al., 2006 ). 
Further characterisations will include both genders, allowing us to 
take into account the variability we accepted to overlook in the 
present study ( Prendergast et al., 2014 ). 

2.2. Humans 

Forty healthy right-handed participants (mean age ±
SEM = 24.7 ± 5.1; range 19–38) were involved in the study. 
None reported a previous medical history of psychiatric disorders, 
substance or alcohol abuse, neurological diseases, traumatic brain 
injury or stroke, and none reported taking any medication. 

Participants received information regarding the aim of the task 
and gave their written informed consent to take part in the study. 
Given the influence of real money playing a significant role on mo- 
tivation, subjects were informed that the monetary payment would 
be proportional to the global gain obtained in the task ( Meyer, 2004 ; 
Meyer et al., 2000 ; Miedl et al., 2010 ). Due to the ethical consider- 
ations and independent of individual performance, all participants 
received the maximum amount of €85 at the end of the experi- 
ment. The protocol was approved by the Committee of Protection 
of Persons (CPP-Est-11; authorisation given by the General Health 
Administration (ANSM 2016-A00870-51 and NCT 02862821)). 

2.3. Mice 

Forty C57BL/6JRj mice (Ets Janvier Labs, Saint-Berthevin, France) 
were used for this study. Inbred animals such as C57BL/6J are 
known to behave uniformly and display low interindividual vari- 
ability ( Festing, 2014 ) (but see recent work by Tuttle et al., 
2018 ). All animals were 3–5 months old at the time of testing, 
group-housed and maintained under a 12 h-circadian cycle with a 
constant temperature (22 ± 2 °C). Water was available ad libitum 

and all mice were food-restricted at 80–90% of their free-feeding 
weight (mean weight (g) ± SEM = 22.2 ± 0.2) in order to motivate 

exploration and completion of the nutritionally rewarding task 
( Rivalan et al., 2009 ). Experiments were performed in behavioural 
rooms with tight luminous intensity. All procedures met the NIH 

guidelines for the care and use of laboratory animals and were 
approved by the University of Franche-Comte Animal Care and Use 
Committee (CEBEA-58). All efforts were taken to minimise animal 
suffering during the testing according to the Directive from the 
European Council on the 22nd of September 2010 (2010/63/EU). 

2.4. Human gambling task 

The task was an adapted electronic version of the IGT 
( Giustiniani et al., 2015 ), whose aim was to maximise monetary 
gain through successive selections between four decks. The decks’ 
composition, values and scheduled reward-penalty were prede- 
termined identically to match the original IGT ( Bechara, 1997 ; 
Bechara and Damasio, 2005 ; Bechara et al., 1994 ). The decks 
looked identical, but differed in composition. Decks A and B 
were disadvantageous, yielding immediate rewards but involved 
major economic losses on the long run. Decks C and D were 
advantageous, yielding frequent small wins and smaller long-term 

penalties, resulting in long-term gain. The decks also varied in 
their schedule of losses, with decks B and D featuring infrequent, 
decks A and C frequent losses, respectively. All decks contained 
an infinite number of cards in this computerised version of the IGT. 
The monetary reward was converted from US Dollars to Euros in 
order to match the currency of the test subjects. At the beginning 
of the task, participants had a loan of €2000. 

Contrary to most IGT experiments, participants were not pro- 
vided with information regarding the presence of advantageous or 
disadvantageous decks and the number of trials. This ensured that a 
somewhat partial advantage compared to the animals was avoided 
( Macphail, 1996 ) (but see Rivalan et al., 2011 work). In the absence 
of such information the final performance usually worsen; there- 
fore, the exploration phase typically lenghtens and the optimal 
strategy is hardly found in 100 trials ( Balodis et al., 2006 ; Fernie and 
Tunney, 2006 ; Glicksohn et al., 2007 ). However, when more trials 
are allowed, many individuals performing poorly in the first 100 tri- 
als are able to achieve good final performance ( Balodis et al., 2006 ; 
Buelow et al., 2013 ; Bull et al., 2015 ). To that purpose, the number 
of trials was increased from 100 to 200. A full description of the 
electronic version of the IGT is given in Giustiniani et al. (2015) . 

2.5. Mouse gambling task 

DM was evaluated using an mGT adapted from published protocols 
( Pittaras et al., 2016 ; de Visser et al., 2011 ). The experiment took 
place in a completely opaque four-arm radial maze (identical and 
equidistant arms, 37 cm long and 5.7 cm wide), with the common 
central zone used as a start-point. Mice were rewarded with 
grain-based pellets (20 mg Dustless Precision Pellets® Grain-Based 
Diet, PHYMEP s.a.r.L., Paris, France) or punished with grain-based 
pellets previously treated with quinine (180 mM quinine hydrochlo- 
ride, Sigma-Aldrich, Schnelldorf, Germany). Quinine pellets were 
poorly palatable but edible. 

Prior to every experimental session, the animals were acclima- 
tised to the behavioural room for 30 min. The experimental design 
was composed of 5 blocks of 20 trials over five days (a total of 
100 trials per animal). The first ten trials of each block took place 
during the morning, the second ten trials during the afternoon. 
Before the first trial of the first block, mice had 3 min to explore 
and eat inside the maze ( first habituation period ). From the second 
block, mice had 2 min to explore the maze before the first trial, 
but no food was available ( general habituation period ). These 
habituation periods aimed to reduce the stressing effect of the 
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animals’ first exposure to the dispositive. After this habituation, 
mice were placed at the start-point inside an opaque cylindrical 
structure to avoid early orientation. The cylinder was removed 
after 5 s and animals were allowed to choose an arm. Mice had 
one minute to choose an arm, explore it and eat the reward. An 
extra-minute was given if the choice was not made in time. 

Our mGT was adapted in order to minimise the effect of satiety 
during the task. For that, two arms gave access to a small reward 
(1 pellet) in the first trial of each half block (trials 1, 11, 21, 31, 41, 
51, 61, 71, 81 and 91) and bigger rewards (3–4 pellets) in the other 
18 choices of each block with a small probability of presenting 
a punishment (3–4 quinine pellets, twice in 18 possible choices) 
( advantageous arms C’ and D’ ). Arm C’ and D’ provided a maximal 
amount of 50 and 66 rewards per block, respectively. 

The other two arms ( disadvantageous arms A’ and B’ ) gave 
access to a bigger reward (2 pellets) during the first trials of each 
half block, but bigger punishments (4–5 quinine pellets) and a 
smaller reward-possibility (4–5 pellets, once in 18 possible choices) 
in the block’s remaining 18 choices. Arm A’ gave access to a 
maximal amount of 10 rewards per block, arm B’ until 14. Between 
consecutive trials, the animals were placed in their home cages for 
90 s. The localisation of advantageous and disadvantageous arms 
was randomised with different award and punishment sequences 
for each animal. 

2.6. Determination of interindividual differences 

A k-mean clustering method, already used in mouse gambling 
tasks ( Pittaras, 2016 ; Pittaras et al., 2016 ), was applied to identify 
interindividual differences in both, human and mice populations. 
This enabled the automatic identification of the objects’ op- 
timum partition into a specific number of clusters, minimising 
and maximising the intra and inter-cluster variance, respectively 
( Timmerman et al., 2013 ). In accordance with the literature 
( Pittaras et al., 2016 ), the mean percentage of advantageous 
choices was calculated for the tasks’ final 30% when performance 
was highly stable ( W: p < 0.01 in mice and humans). The indi- 
vidual performances were then divided into three groups: good, 
intermediate and poor decision-makers (DMs) . 

2.7. Choice behaviours: rigidity, flexibility, lose-shift 
and win-stay scores 

Maximisation of benefits and the reduction of costs, which 
characterise optimal performances, require flexibly adapting 
contingencies in order to favourably orient future choices. To 
compare different DM strategies, behavioural measures of cog- 
nitive processes at the beginning and the end of the task have 
been calculated. We measured our populations’ rigidity score by 
calculating the highest percentage of choice of a deck or arm. The 
flexibility score is then the proportion of switches from one deck 
or arm to another. The lose-shift score, as a measure of negative 
outcome aversion, was assessed by calculating the proportion of 
switches after a penalty outcome. Win-stay scores likewise reflect 
the choice of the same option after receiving a reward. Each 
behavioural measure was calculated at the beginning (first 40% of 
the task) and at the end of the experiment (last 40% of the task), 
according to previous studies ( Pittaras et al., 2016 ). 

2.8. Reward sensitivity 

In humans, the Behavioural Inhibition and Activation System 

scales (BIS/BAS) allowed us to approach behavioural motivation 
( Rizvi et al., 2016 ). In mice, reward sensitivity was evaluated at 

the end of the mGT using the sucrose preference test (adapted 
from Lutz et al., 2013 ). For details, see Supplementary data. 

3. Data analysis 

3.1. Whole group analyses 

A population’s overall performance in terms of the advan- 
tageous choices for the gambling tasks was analysed with 
Bayesian and frequentist approaches. To consider learning 
rates, the relative risk (the ratio of the ‘risk’ of success 
in both populations (humans/mice) – RR) was measured. 
The resulting proportions were compared by Beta laws, 
whose parameters are interpreted in terms of the number 
of successes and failures, establishing the probability law 

of success rates’ ratio. A credibility interval, inside which a 
parameter has a given probability (CI), was then calculated. 

Hereafter, in order to address the behavioural kinetics 
the performance was divided into five blocks, each repre- 
senting 20% of the task. The performance of each block was 
compared to the chance level using Student’s tests ( t -tests). 
The evolution of the performance was assessed by the anal- 
ysis of variance (ANOVA), with the factor being 20%-blocks. 
Differences between populations were analysed using a par- 
tially repeated ANOVA with species as the between-subject 
variable and 20%-blocks as the within-subject variable. 

The evolution of choice behaviours scores was first 
compared for each group using a t -test, followed by a 
comparison of the overall population’s scores by two-way 
repeated-measures ANOVA with factors species and time 
course (first and last 40% of the task). 

BIS/BAS data in humans and sucrose preference in mice 
were analysed using the Kruskal–Wallis (KW) test (see 
Supplementary data). Correlations between the endpoint 
performance (percentage of advantageous choices in the 
last 30% of the task) and choice behaviours were also 
carried out. Comparisons were Bonferroni corrected when 
necessary to account for the multiple comparisons. 

3.2. Interindividual data analysis 

For each group, the evolution of the gambling performance 
was assessed by repeated-measures ANOVAs, with the 
factors being 20%-Blocks and clusters ( good, intermediate 
and poor DMs ), followed by Mann Whitney U (MW) tests to 
show subgroup differences two by two. Each interindividual 
distribution was also compared between mice and humans 
using an MW test. 

We used Wilcoxon (W) tests to compare, for each sub- 
group, the evolution of the gambling performance relative 
to the chance level. The subgroup’s proportions of each 
population were compared using the Chi-square test. 
Differences in the choice behaviour scores between the 
subgroups in mice and humans were assessed by KW tests 
for the beginning and the end of the task. These measures 
were also compared between the species using MW tests. 
All MW and W tests were Bonferroni corrected. 

The statistical significance threshold of all the tests was 
set at p < 0.05. 
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Fig. 1 Gambling performance in human and mice populations. 
(A) Performances expressed as percentage of advantageous choices (mean ± SEM) during task progression (blocks of 20 trials). After 
100 trials, mice performed better than humans did (CI 95% = 1191 to 1.277), but final performances were similar (CI 95% = 0.956 
to 1.016). (B) No significant (ns) differences between species when comparing performance in 20% trial-blocks (repeated measures 
ANOVA). Human performance differed from chance level from the 3rd 20%-block onwards, while mice performance was already 
different from the 2nd block ( t -test: mice: #### , p < 0.0001; human: ∗∗, p < 0.01: ∗∗∗∗, p < 0.0001). 

4. Results 

4.1. Overall gambling performance: mice learn 

faster than humans ( Fig. 1 and Supplementary 

Analysis 1) 

The Bayesian analysis revealed a difference in the learning 
rate between the species ( Fig. 1 (A)), showing that mice 
learned faster than humans did: after 100 trials, mice had 
better overall gambling performance (CI 95% = 1.191 to 
1.277). However, comparing the last 100 mice and human 
trials shows similar performances (CI 95% = 0.956 to 1.016). 

In order to circumvent variations in the gambling tasks’ 
designs and to allow for the direct comparison of data, we 
analysed performance as a function of task progression, 
expressed as percentages. Splitting all trials into five 20% 

trial-blocks ( Fig. 1 (B)) clearly shows that humans acquired 
the task contingencies after completion of 40% of the task, 
performing above the chance level from the third 20%-block 
onwards ( t -test, p < 0.01). A learning effect has been 
evidenced as the performance gradually improved over 
time ( F (4,156) = 15.4; p < 0.0001) after 20% of the task 
was completed and till the end ( p < 0.0001, above the 
behavioural output of the 1st 20%-block). 

Mice, however, performed above the chance level already 
after the first 20% of the task, thus, orientating towards the 
favourable choices earlier than humans ( t -test, p < 0.0001). 
The performance progressively improved over time ( F 
(4,195) = 11.9; p < 0.0001) from the second 20%-block (2nd 
block: p < 0.05, 3rd block: p < 0.001, 4th and 5th blocks: p 

< 0.0001) and compared to the beginning of the task. 
The comparison of the IGT and mGT performances shows 

no significant effect of the species in the percentage of 
advantageous choices ( F (1,78) = 3.1; p = 0.80). Both 
populations performed similarly along the task progression, 
as shown by the absence of a statistical difference in the 
interaction between factors (species and 20%-Blocks) ( F 
(4,312) = 0.06; p = 0.99). 

These results show that both species learn the task 
contingencies, however demonstrating that mice are faster 

learners than humans are. When compared as function 
of task progression, both populations display a similar 
improvement in performance and reach equivalent final 
performance despite the design differences. 

4.2. Comparable categories of good, 
intermediate and poor DMs with similar 
proportions among the species ( Fig. 2 and 

Supplementary Fig. 1 and Analyses 2 and 3) 

In Figs. 2 , A1 and B1 we plot individual data showing larger 
dispersion in humans than in mice. Intraspecies variability 
was investigated using k-mean clustering stratification 
according to the endpoint performance, discriminating 
three subpopulations: good, intermediate and poor DMs. 
Individuals majoratively displaying the optimal strategy 
were referred to as good DMs and represent 42.5% of 
the human population (mean percentage of advantageous 
choices ± SEM: 97.4 ± 0.8) and 40% of the mice population 
(91.3 ± 1.5). Poor DMs remained at around 50% of advanta- 
geous choices, hence showing no significant preference for 
advantageous nor for disadvantageous options, represent 
25% of humans (34.3 ± 5.2) and 22.5% of mice (54.1 ± 2.5). 
The third subpopulation corresponds to individuals that 
developed a preference towards some options -although 
they did not find the optimal strategy. These intermediate 
DMs represent 32.5% of humans (64.5 ± 2.4) and 37.5% of 
mice (73.8 ± 1.0). The proportions of each subpopulation 
in humans and mice were compared, and no significant 
differences were found (Chi-square test = 0.011, p = 0.99; 
confirmed by Bayesian analysis, see Supplementary Analysis 
2) ( Figs. 2 , A2 and B2). 

In humans, good DMs performed above the chance level 
after 40% of the task was completed ( W, p < 0.01), while 
intermediate and poor DMs differed from the chance level 
only in the last 20%-block ( p < 0.05). Furthermore, the 
ANOVA revealed a significant interaction between the clus- 
ters and 20%-blocks ( F (8,148) = 16.2; p < 0.0001). Good 
DMs performed differently than poor DMs from the second 

Please cite this article as: L. Cabeza, J. Giustiniani and T. Chabin et al., Modelling decision-making under uncertainty: A direct comparison 
study between human and mouse gambling data, European Neuropsychopharmacology, https://doi.org/10.1016/j.euroneuro.2019.11.005 



241

6 L. Cabeza, J. Giustiniani and T. Chabin et al. 

ARTICLE IN PRESS 

JID: NEUPSY [m6+; December 11, 2019;12:15 ] 

Fig. 2 Comparable categories of good, intermediate and poor DMs with similar proportions among species. 
Distribution in humans (A1) and mice (B1) of individual performance at the end of the task used for k-mean clustering. 
Proportions in humans (A2) and mice (B2) of individuals in good (red), intermediate (pink) and poor (grey) DM subpopulations (Chi 2 , 
p = 0.99). 
Gambling performance in human (A3) and mice (B3) during task progression (20% trial-blocks). W tests to show group performance 
different from chance level (50%) ( ∗, p < 0.05; ∗∗, p < 0.01). MW tests to show group differences (good vs intermediate: &, p < 

0.05; &&, p < 0.01; &&&, p < 0.001; &&&&, p < 0.0001; good vs poor: ¤; intermediate vs poor: §). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 

20%-block onwards (MW, 2nd block: p < 0.05, 3rd to 5th 
blocks: p < 0.0001), and differently than intermediate DMs 
in the last 60% of the task (3rd block: p < 0.001, 4th and 5th 
blocks: p < 0.0001). Intermediate and poor DMs performed 
differently from the third block onwards (3rd block: p < 

0.01, 4th block: p < 0.05, 5th block: p < 0.0001) ( Figs. 2 
and A3). 

Regarding mouse data, intermediate and good DMs 
performed above the chance level soon after 20% of the 
task was completed ( W , good 2nd to 5th blocks: p < 0.01; 
intermediate 2nd and 3rd blocks: p < 0.05, 4th and 5th 
blocks: p < 0.01), while poor DMs did not differ from 

the chance level ( p > 0.05). The ANOVA also revealed a 
significant interaction between the factors ( F (8,185) = 5.3; 
p < 0.0001). Mice from the good DM category performed 
differently than poor DMs after 40% of the task was com- 
pleted (MW, 3rd block: p < 0.05, 4th and 5th blocks: p < 

0.0001), and differently from the intermediate DMs later on 
(4th block: p < 0.001; 5th block; p < 0.0001). Mice from the 
intermediate and poor DM categories performed differently 
only during the last 20% of the task ( p < 0.0001). 

When comparing the gambling performance in mice and 
humans for each subpopulation, differences were found 
for intermediate DMs (MW, p < 0.05), with mice making 
more advantageous choices than humans. On the contrary, 
humans from the good DM category achieved more ad- 

vantageous choices than mice of the same subgroup ( p < 

0.01). Furthermore, humans from the poor DM category 
made worse decisions than mice ( p < 0.01). In addition, 
mice from the intermediate subgroup developed a weaker 
preference for the most advantageous option (D’) than 
good DMs did, whilst humans from the same category chose 
the best deck (D) as good DMs did (see Supplementary 
Fig. 1 and Analysis 3). 

Collectively these data reveal that both mice and human 
populations clustered into three comparable DM categories 
with closely matching proportions. However, the perfor- 
mance dispersion was more pronounced in the human 
population. 

4.3. Relationship between the DM performance 

and choice behaviours in humans and mice ( Fig. 3 

and Supplementary Figs. 2 and 3) 

4.3.1. Correlations between the endpoint performance 

and behavioural determinants of DM (Supplementary 
Fig. 2) 
In humans, rigidity scores significantly correlated with the 
final performance at the beginning ( r = 0.428, p < 0.05) 
and at the end of the task ( r = 0.489, p < 0.01). Flexibility 
scores showed a negative correlation with the endpoint 

Please cite this article as: L. Cabeza, J. Giustiniani and T. Chabin et al., Modelling decision-making under uncertainty: A direct comparison 
study between human and mouse gambling data, European Neuropsychopharmacology, https://doi.org/10.1016/j.euroneuro.2019.11.005 



242

Comparing Human versus Mouse Decision-making 7 

ARTICLE IN PRESS 

JID: NEUPSY [m6+; December 11, 2019;12:15 ] 

Fig. 3 Evolution of choice behaviors during task progression. 
Significant progression of the rigidity, flexibility, lose-shift and win-stay choices for human and mice populations, between the 
beginning and the end of the task. Comparison of choice strategies at the population level by repeated measures ANOVA and post 
hoc t -tests (beginning vs end of the task: #, p < 0.05; ##, p < 0.01; ####, p < 0.0001; humans vs mice: ∗, p < 0.05). 

performance at the beginning of the task ( r = −0.509, 
p < 0.01), which disappeared at the end ( p > 0.05). No 
significant correlation was found for the lose-shift choices 
and the endpoint performance, independently of the mo- 
ment of the experiment. However, the win-stay choices at 
the beginning of the task significantly correlated with the 
endpoint performance ( r = 0.518, p < 0.01). 

In mice, like in humans, rigidity scores significantly 
correlated with the endpoint performance at the end of 
the task ( r = 0.669, p < 0.001) but not at the beginning 
( p > 0.05). On the contrary, no correlation was found for 
flexibility and the endpoint performance at the beginning 
of the task ( p > 0.05), but a negative correlation was found 
at the end ( r = −0.595, p < 0.001). In the same way as 
humans, no correlation was found regarding the lose-shift 
choices ( p > 0.05), but a significant correlation between 
the win-stay choices and endpoint performance at the end 
of the task ( r = 0.582, p < 0.001). 

In brief, DM strategies in humans and mice seem to rely 
on comparable adaptive choice behaviours that correlate 
with the endpoint performance. 

4.3.2. Evolution of choice behaviours during task 

progression ( Fig. 3 and Supplementary Fig. 3) 
In both populations, a significant effect of the time course 
was found for flexibility ( F (1,78) = 48.4, p < 0.0001), 
lose-shift ( F (1,78) = 15.8; p < 0.001) and the win-stay 
scores ( F (1,78) = 51.9, p < 0.0001) ( Fig. 3 ). 

Whereas no global difference among the species was 
found for any parameters, a significant interaction between 
the factors (species and time course) was found for rigidity 
( F (1,78) = 4.6, p < 0.05). Both populations became more 
rigid along the task ( t -test, p < 0.0001), humans were 
significantly less rigid than mice at the beginning ( p < 0.05) 
but not at the end of the experiment ( p = 1) ( Fig. 3 ). 

The interspecies comparisons in all subpopulations re- 
vealed that, at the beginning of the task, humans from the 
intermediate and poor DM categories were significantly less 
rigid than the corresponding mice (MW, intermediate: p < 

0.0001; poor: p < 0.01) but not good DMs ( p > 0.05). At the 
end of the task, this property only remained preserved for 
humans from the intermediate DM subgroup ( p < 0.01). 

Flexibility scores were similar in both species for the in- 
termediate and poor DMs at the beginning and the end of the 
experiment ( p > 0.05). However, humans from the good DM 

category remained less flexible than mice of the same sub- 
group throughout the experiment (beginning: p < 0.05; end: 
p < 0.001). No subgroup differences in the lose-shift and 
win-stay choices were observed between the populations at 
the beginning of the task ( p > 0.05). In the end, only mice 
from the good DM category were more prone to switch from 

an option after a penalty than humans ( p < 0.05). However, 
humans from the good DM category continued choosing the 
same option after a positive outcome more frequently than 
mice ( p < 0.01). No differences were found for the other 
subgroups ( p > 0.05) (see Supplementary Fig. 3). 
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Overall, these data show that humans and mice do not 
differ in their choice strategies at the population level, but 
suggest there are slight differences in the intermediate and 
poor DMs subpopulations among the species. Remarkably, 
mice and humans from the good DM category behaved alike. 

5. Discussion 

The goal of this study was to directly compare DM under 
uncertainty between humans and mice using IGT adapta- 
tions according to the literature ( van den Bos et al., 2006 ; 
Giustiniani et al., 2015 ; Pittaras et al., 2016 ). Our study 
shows closely related performance curves when comparing 
data as a function of task progression, suggesting that our 
animal model is a suitable candidate to bridge the findings 
between preclinical and clinical data. Therefore, our study 
offers a chance to get a better insight into the common 
conserved cognitive processes among mammals. 

Humans rewarded with money and mice rewarded with 
food started the task with an explorative search, displaying 
an equal preference for either the advantageous or disad- 
vantageous options. A preference for advantageous choices 
progressively emerged in both populations during what has 
been referred to as the exploitation phase ( Daniel et al., 
2017 ; Rivalan et al., 2013 ; de Visser et al., 2011 ). The 
overall performance was very similar, however, mice more 
promptly selected advantageous options than humans. The 
learning curves observed in our mice confirm previous an- 
imal results obtained in similar conditions ( Pittaras, 2013 ; 
Pittaras et al., 2016 ) and in other variants of rodent gam- 
bling tasks ( van Enkhuizen et al., 2014 ; de Visser et al., 
2011 ). 

Mice being faster than humans in developing a favourable 
strategy could be explained in terms of the rewards’ nature, 
which is considered a major limitation for animal versions 
of gambling tasks. Modelling loss of reward in animals in 
a similar manner as in humans is a challenge. Food aids 
in the survival of species: it is a primary reinforcer since 
it strengthens behaviour and satiates the basic biological 
drives. Money, however, is a secondary reinforcer: its value 
is relative to the primary reinforcer. Hunger and satiety are 
factors difficult to control, which patently influence ani- 
mals motivational state ( van den Bos et al., 2014 ; Brevers 
et al., 2013 ). However, due to its subjective nature, the 
interest in money is also difficult to control, which raises 
similar concerns and can lead to similar consequences. This 
is the reason why the performance alignment in our mice 
and human participants is relevant. 

In addition to the challenge associated with the re- 
ward nature and processing, the internal state (see the 
somatic marker theory, Verdejo-García and Bechara, 2009 ) 
and context also generate differences in behaviour. 
Animal automated operant testing would also help 
deepen the analysis of motivational aspects for instance 
( Nithianantharajah et al., 2015 ). 

A good validity of the model should also be substantiated 
by similar choice strategies, which can be investigated 
from additional cognitive proxies sub-serving behaviour 
( Winstanley and Clark, 2015 ). A closer look at the endpoint 
performance revealed that they correlated with the choice 
behaviours similarly but not identically in both popula- 

tions. In fact, as advantageous choices increased along the 
task progression, preference for one option progressively 
emerged (increased rigidity), while fewer options were 
explored (decreased flexibility) with individuals becoming 
more sensitive to the reward (increased win-stay choices) 
and tending to more easily cope with penalties (decreased 
lose-shift choices). 

Our results also highlighted close common interindividual 
variability in mice and humans when clustered into three 
subgroups of individuals, ranging from good over intermedi- 
ate to poor DMs. Whether this clustering reflects the speed 
of acquiring a favourable strategy, or actually to different 
behavioural strategies could be further investigated (by a 
computational modelling analysis, for instance). However, 
the similar matched proportions of these subgroups for both 
species strengthen the face validity of our animal model. 

Good DMs composed the largest subgroup in both 
species. Several human studies correlate a good perfor- 
mance predominantly with the development of an optimal 
strategy, accepting risky options ( Barbalat et al., 2010 ; 
Charpentier et al., 2017 ). In mice studies a good perfor- 
mance is related to a secure strategy ( Pittaras et al., 2016 ). 
Interestingly, mice from this category needed less time 
than humans to perform above chance level. Regarding 
the other subgroups, humans from the good DM category 
developed a stronger preference for one option over the 
intermediate and poor DMs, whereas mice of the same 
category differed only from the poor DMs. The evolution 
of the penalty aversion was also similar for both species, 
suggesting that the cognitive strategies underlying the DM 

performance might be similar in both species, at least for 
the good DM subgroup. 

Individuals conforming to the intermediate DM cate- 
gory, while selecting advantageous choices more often, 
maintained a high level of exploration of all the options 
but did not achieve the best strategy to maximise their 
rewards. However, IGT studies have shown that the per- 
formance can be significantly enhanced with additional 
trials ( Overman and Pierce, 2013 ). Furthermore, mice 
from this category became more sensitive to a reward 
along the task progression, whereas humans did not. This 
suggests that intermediate categories might not completely 
overlap between the species. 

The subgroup with the worst performance, poor DMs, 
maintained the exploration of all the available options, 
exhibiting high behavioural flexibility. Nevertheless, they 
did not manage to find a favourable strategy along the 
task, suggesting an ineffective exploration of options. 
However, humans from this category ended the task per- 
forming significantly below the chance level in terms of 
the advantageous choices, which did not happen in the 
animal population. This kind of deleterious preference has 
also been described in mice following singled-session mGT 
protocols ( van Enkhuizen et al., 2014 ) and other rodent 
IGT versions ( Rivalan et al., 2009 , 2013 ). Mice perform- 
ing poorly in the gambling tasks have been proposed as 
models for the vulnerability of pathological gambling or 
addiction ( van den Bos et al., 2013 ; Pittaras et al., 2016 ), 
in the same line of clinical studies seeking behavioural 
markers of pathological predisposition or endophenotypes 
( Cavedini et al., 2010 ; Zhang et al., 2015 ). Indeed, these 
animals seem less risk-averse, a trait that has been already 
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interpreted as an indicator of weaker cognitive control over 
immediate loss ( de Visser et al., 2011 ). 

Concerning the endpoint performance, interindividual 
variabilities show a larger spread in the human population, 
accounting for better and worse decisions. The extreme 
upper scores in humans might be a consequence of a longer 
gambling design ( Balodis et al., 2006 ; Buelow et al., 2013 ; 
Bull et al., 2015 ). Food restriction in our animals could 
also explain why they never preferred the disadvantageous 
options. Noticeably, very low performance more reminis- 
cent of human data than ours ( Rivalan et al., 2009 , 2013 ), 
illustrates that performance output highly depends on task 
design. 

A general common pattern between humans and mice 
subpopulations has not been fully revealed when the end- 
point performance is correlated with choice behaviours. By 
themselves, rigidity, flexibility and sensitivity to positive 
and negative outcomes cannot explain the evolution of 
the performance, neither their emergence, in the three 
subgroups equally. The IGT alone, unfortunately, does not 
allow to distinguish reward maximisation from ambiguity 
aversion for instance; its output is insufficient to determine 
why a participant selected an option. In this perspective, 
further behavioural characterisation has been attempted. 
In humans, we evaluated the motivation to avoid aversive 
and to approach goal-oriented outcomes, respectively by 
the behavioural inhibition and activation system’s scales 
(BIS/BAS). The endpoint performance did not correlate with 
the BIS/BAS scores in humans (data not shown). In parallel, 
the reward sensitivity assessed by the sucrose preference 
task in mice did not significantly differ between the sub- 
groups (see Supplementary Fig. 4). These results contrast 
with those from Pittaras et al. (2016) , who described 
a stronger sucrose preference for good decision-makers 
("safe") compared to mice which perform poorly ("risky"). 
Moreover, reward sensitivity did not correlate with the end- 
point performance either (data not shown), whereas poor 
performance was likely mediated by sensitivity to a high 
reward in a single session mGT ( van Enkhuizen et al., 2014 ). 
These apparent discrepancies could be accounted for by 
protocol variations and suggest complex relationships be- 
tween reward sensitivity and DM strategies ( van Enkhuizen 
et al., 2014 ). 

A similar overall performance and comparable gambling 
strategies observed between both species suggest that they 
share conserved cognitive processes essential for successful 
DM. A wide range of comparative approaches, in rodents 
and in humans, have been proposed to discern between 
these processes during cognitive tasks, both at the atten- 
tional and the mnemonic level ( Steckler and Muir, 1996 ). 
The literature has also shown that there is a strikingly 
similar range of cognitive abilities between rodents and 
humans, as well as a remarkably high degree of anatomical 
overlap in their brain functions ( Woolley et al., 2013 ). Ro- 
dents are even able to outperform humans in some learning 
tasks ( Vermaercke et al., 2014 ), but we do believe that our 
slightly differing kinetics are mainly accounted for by the 
task design variability (including the rewards’ nature, the 
number of trials and the tasks ‘probabilistic schedule). 

To conclude, our data thus far suggest that in DM, mice 
behave in a way similar to humans: they tend to choose 
the option with the best long-term payoff more often as 

the task progresses. Our results point to close patterns of 
choice behaviours present across species, but the parame- 
ters we evaluated are insufficient to draw a firm conclusion 
for the relationship between reward maximisation and risk 
aversion. Extensive behavioural characterisations and val- 
idated animal models will be crucial to study brain regions 
and circuits involved in DM, and the relationships between 
reward and cognitive control systems. Nonetheless, our 
results directly support good face validity of the mouse 
version of IGT. Future studies including pathological animal 
models, manipulations with pharmacological tools or brain 
stimulation techniques and computational modelling should 
help disentangle processes sub-serving choice strategies, 
clarifying DM in animals and humans. 
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