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Résumé

Le comportement humain est à la fois singulier et universel. La singularité serait princi-
palement due aux trajectoires de vie propre à chaque individu (variant entre autres selon
leur culture) alors que l’universalité émanerait d’une nature universelle ancrée dans un gé-
nome universel. Démêler les influences de la nature et de la culture sur le comportement
humain est le Saint Graal de l’anthropologie biologique. J’aborde cette question en explorant
les effets génétiques et environnementaux sur les bases psychiques du comportement. Plus
particulièrement, je teste l’hypothèse que la singularité et l’universalité comportementales
humaines s’observent au plan psychique par l’exploration de leur substrat neurobiologique,
et que ce substrat possède à la fois un ancrage génétique et environnemental. À l’aide de
données d’imagerie par résonance magnétique fonctionnelle (IRMf) recueillies auprès de 862
participants du Human Connectome Project (HCP), j’analyse les activations cérébrales liées
à sept tâches socio-cognitives qui recoupent diverses facultés, dont le langage, la mémoire, la
prise de risque, la logique, les émotions, la motricité et le raisonnement social. Après avoir
groupé les sujets selon la similarité de leurs patrons d’activation cérébrale (c.-à-d. leurs sous-
types neurobiologiques), j’estime l’influence génétique et environnementale sur la variabilité
interindividuelle de ces divers sous-types. Les résultats démontrent bel et bien l’existence
d’un regroupement des sujets selon la similarité de leurs cartes d’activation cérébrale lors
d’une même tâche socio-cognitive, ce qui reflète à la fois le caractère singulier et universel des
corrélats neuronaux d’un comportement observable. La variabilité interindividuelle consta-
tée dans ces regroupements cérébraux témoigne quant à elle d’effets génétiques (héritabilité)
ainsi qu’environnementaux (environnementalité), dont les ampleurs respectives varient selon
la nature de la tâche effectuée. De plus, les sous-types cérébraux mis à jour révèlent une
association avec les mesures comportementales et de performance effectuées lors des diverses
tâches à l’étude. Enfin, les sous-types neurobiologiques résultant des diverses tâches par-
tagent certaines bases génétiques. Dans leur ensemble, ces résultats appuient la notion que
le comportement humain, ainsi que les processus neurobiologiques le sous-tendant, sont des
phénotypes au même titre qu’un caractère morphologique ou physiologique, c’est-à-dire qu’ils
sont le résultat de l’expression conjointe de bases génétiques (nature) et environnementales
(culture).
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Abstract

Human behaviour is both singular and universal. Singularity is believed to be mainly due
to life trajectories unique to each individual (influenced among others by culture), whereas
universality would stem from a universal nature resulting from a panhuman genome.
Unravelling the influences of nature and nurture on human behaviour is the Holy Grail
of biological anthropology. I approach this issue by exploring genetic and environmental
influences on the neuropsychological underpinnings of behaviour. In particular, I test the
hypothesis that the singularity and universality of human behaviour are also observed at the
psychological level through the exploration of the neurobiological basis of behaviour, and
that these bases have both genetic and environmental sources. Using Functional Magnetic
Resonance Imaging (fMRI) data of 862 participants from the Human Connectome Project
(HCP), I analyze brain activation related to 7 socio-cognitive tasks covering language, mem-
ory, risk taking, logic, emotions, motor skills, and social reasoning. After grouping subjects
according to the similarity of their brain activation patterns (neurobiological subtypes), I
estimate the genetic and environmental influences on the variation between participants on
these subtypes. The inter-individual variability in cerebral groupings appears to have both
genetic (heritability) and environmental (environmentality) sources that vary according to
the particular psychological task involved. Moreover, these neurobiological subtypes show
an association with behavioural and performance measures assessed by the socio-cognitive
tasks. Finally, the neurobiological subtypes across the 7 tasks share common genetic links.
Overall, the results support the notion that human behaviour, as well as its underlying
neurobiological processes, are phenotypes in the same way as morphology or physiology, i.e.,
are the results of the integrated expression of a genetic basis (nature) and environmental
influences (nurture).

Keywords : Behaviour, universality, variability, neurobiological correlate, functional
brain imaging, quantitative genetics.
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Chapitre 1

Introduction

Le comportement humain est le résultat de l’action conjointe de la nature et de la culture. La
nature correspond au bagage génétique à la base de notre biologie, tandis que la culture fait
référence aux influences environnementales (physiques et sociales) auxquelles les individus
sont exposés depuis la conception. Comprendre comment l’action conjointe de la nature
et de la culture façonne le comportement humain constitue l’un des principaux objectifs
de l’anthropologie biologique. Cette discipline se base sur une approche évolutionnaire
du comportement. Elle formule l’hypothèse générale que le comportement est le résultat
de la sélection naturelle et sujet à évolution. Elle cherche ainsi à démêler la relation
entre l’universalité (due à la nature) et la variabilité (due à la culture) de l’ensemble des
comportements humains.

Une méthode permettant d’étudier cette relation entre universalité et variabilité est
de mesurer les activations cérébrales associées au comportement, ainsi que les influences
génétiques et environnementales sur ces dernières. L’imagerie par résonance magnétique
fonctionnelle (IRMf) est une technique non invasive permettant l’exploration des activations
cérébrales qui apparaissent liées – et qui sous-tendraient donc – le comportement. La
génétique quantitative est une discipline qui permet de discerner les influences génétiques
des influences environnementales sur le comportement. Ainsi, l’IRMf, combinée à la
génétique quantitative 1, permet (1) de remonter à la source du comportement au plan
cérébral et (2) de caractériser les influences génétiques et environnementales sur ses corrélats
neurobiologiques. L’étude du comportement humain au moyen de l’imagerie cérébrale
et de la génétique apparaît donc comme une voie particulièrement prometteuse pour
l’anthropologie biologique moderne.

1La génétique quantitative est l’une des disciplines de la génétique qui étudie les mécanisme héréditaires des
traits phénotypiques quantitatifs.



L’objectif principal de cette thèse est d’étudier la variabilité et l’universa-
lité du comportement humain à travers les lentilles de l’IRMf en estimant l’in-
fluence génétique et environnementale sur divers patrons d’activation cérébrale
en lien avec des tâches comportementales appartenant à différents domaines
socio-cognitifs d’importance.

1.1. Le comportement humain : définitions
Le dictionnaire de psychologie d’Oxford (2009) définit le comportement comme :

«The physical activity of an organism, including overt bodily movements
and internal glandular and other physiological processes, constituting the
sum total of the organism’s physical responses to its environment (Colman,
2009, p. 472)»

Le Grand Dictionnaire de la Psychologie 1999 propose quant à lui la définition suivante :
«Le comportement est une réalité appréhendable sous la forme d’unité d’ob-
servation, les actes, dont la fréquence et les enchaînements sont susceptibles
de se modifier ; il traduit en action l’image de la situation telle qu’elle est
élaborée, avec ses outils propres, par l’être que l’on étudie : le comporte-
ment exprime une forme de représentation et de construction d’un monde
particulier (Umwelt) (Bloch, 1999, p. 176)»

Ces définitions renvoient à un élément important dans le rôle du comportement à savoir
l’expression d’une dimension interne vers une dimension observable ou appréhendable. La
dimension interne correspond à la représentation construite ou perçue du monde externe.
Cette représentation du monde est propre à chaque espèce et connue sous la notion
d’Umwelt (Bueno-Guerra, 2018; von Uexküll, 2010). Chez les espèces dotées d’un système
nerveux, l’Umwelt est la façon dont l’organisme se représente le monde neurologiquement,
tel que basé sur son spectre perceptuel (Merkwelt) et moteur (Wirkwelt) (von Uexküll,
2010). Chez les espèces sociales, l’Umwelt est enrichi par la sphère sociale (Kull, 2010),
c’est-à-dire par l’ensemble des interactions entre individus. L’Umwelt chez notre espèce
serait donc particulièrement complexe et enrichi par des capacités cérébrales propres
à l’être humain, telles que l’abstraction, le langage et la fonction symbolique. Cette
complexité inégalée de l’être humain rend l’interprétation du comportement observable
difficile, de sorte qu’un simple clin d’œil, par exemple, peut s’expliquer d’une multi-
tude de façons différentes (Geertz and Others, 1973). Il devient ainsi plus aisé d’étudier
le comportement humain en faisant référence à l’état mental sous-tendant ses manifestations.

Dans cette thèse, le comportement humain est défini comme l’ensemble des
activités psychiques et motrices qui influencent ou régissent les interactions de
l’individu avec son environnement propre. Selon cette définition adaptée de
Chapais et Pérusse 1988 sur l’origine du comportement humain, la pensée, les
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émotions, les gestes, la parole, etc., sont des phénomènes comportementaux
se manifestant à des moments particuliers de la séquence allant de l’activité
neurobiologique de l’individu à ses interactions avec son environnement propre
(Umwelt).

1.2. Neurosciences du comportement humain
Les progrès considérables en techniques et méthodes d’imagerie cérébrale accomplis au

cours des dernières décennies ont permis de mieux comprendre les structures et le fonctionne-
ment du cerveau en lien avec le comportement. Une technique d’imagerie en particulier a vu
sa popularité augmenter dans le domaine des neurosciences comportementales : l’imagerie
par résonance magnétique fonctionnelle (IRMf). Il s’agit d’une technique non invasive (ne
comportant pas d’intrusion dans le cerveau d’appareillage ou de substances chimiques) qui
présente actuellement le meilleur compromis entre résolutions spatiale (la précision de la lo-
calisation de l’activité cérébrale) et temporelle (le laps de temps qui s’écoule entre l’activation
cérébrale et son enregistrement). L’IRMf peut détecter un signal localisé dans une région
cérébrale de quelques millimètres avec un délai temporel de quelques secondes. La figure 1,
tirée de Sejnowski et collègues 2014, donne une estimation des régions spatio-temporelles
étudiées par les différentes méthodes de neuroimagerie fonctionnelle utilisées jusqu’en 2014.
On remarque le vide que l’IRMf vient combler depuis quelques décennies en comparaison
d’autres techniques existant avant l’arrivée de cette dernière méthode (figure 1, en bas à
droite). Aujourd’hui, la majorité des recherches liant le comportement humain (sain ou pa-
thologique) à ses corrélats biologiques observés dans le cerveau utilisent l’IRMf, malgré le
coût élevé associé à ce type de cueillette des données.

1.2.1. IRMf

L’IRM est une technique qui permet de saisir à la fois l’anatomie (IRM structurelle) et
le fonctionnement (IRM fonctionnelle ou IRMf) du cerveau. L’IRM structurelle fournit une
image en trois dimensions (3D) de la structure anatomique du cerveau, alors que l’IRMf
produit une série d’images en 3D reflétant l’intensité de l’activité cérébrale dans une région
particulière pendant un certain laps de temps. L’IRMf se base sur l’association entre une
tâche exécutée dans l’appareil d’imagerie cérébrale (scanner) et le changement de signal
dans les régions cérébrales sollicitées. Les tâches effectuées dans le scanner peuvent être
passives telles que la visualisation d’images, de mots, de vidéos, l’écoute de sons, etc., ou
actives telles que la résolution de problèmes mathématiques, la mémorisation de mots,
l’association d’éléments, la lecture, etc.
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Fig. 1. Le domaine spatio-temporel en neurosciences et les principales méthodes
disponibles pour l’étude du système nerveux en 2014 (tiré de Sejnowski et collègues
2014). Chaque région colorée représente le domaine spatio-temporel de chaque méthode
d’imagerie fonctionnelle du cerveau jusqu’en 2014. Les régions vides illustrent l’utilisation
de techniques de mesure, et les régions pleines de méthodes de perturbation (principale-
ment invasives). En bas à droite, une représentation des méthodes disponibles en 1988 fait
remarquer le vide que l’IRMf est venue combler en moins de deux décennies. EEG élec-
troencéphalographie ; MEG, magnétoencéphalographie ; TEP, tomographie par émission
de positrons ; VSD, colorant sensible au voltage ; TMS, stimulation magnétique transcrâ-
nienne ; 2-DG, 2-désoxy-glucose.

L’IRMf évalue l’intensité de l’activité cérébrale de manière indirecte par la mesure
des variations du signal BOLD (Blood-Oxygenation-Level-Dependent signal). L’activité
neuronale dans une zone du cerveau provoque une augmentation de la consommation
d’oxygène et du débit sanguin dans les vaisseaux qui irriguent cette région. L’augmentation
du débit sanguin, chargé en oxyhémoglobine (hémoglobine porteuse d’oxygène) dans une
région du cerveau, provoque une baisse relative de la concentration en désoxyhémoglobine
(hémoglobine non chargée en oxygène) par rapport aux zones cérébrales non sollicitées
(Habas, 2002). L’oxyhémoglobine est diamagnétique de par la liaison de son atome de fer
avec des atomes d’oxygène. Inversement, la désoxyhémoglobine est paramagnétique, car
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elle ne contient plus d’oxygène. Ce changement du rapport oxy/désoxyhémoglobine dans
les vaisseaux est détecté en IRMf par une légère hausse (de 1 % à 5 %) du signal BOLD
(dépendant du niveau d’oxygène sanguin) dans une zone sollicitée du cerveau (Gore, 2003).
Au cours d’une session d’imagerie cérébrale, plusieurs images BOLD sont acquises tout au
long de l’expérience. Chaque image représente un volume du cerveau de quelques milliers
d’unités cubiques appelées voxels. Chaque voxel représente la moyenne du signal BOLD
dans une région cérébrale de quelques millimètres cubes, reflétant l’intensité de l’activité
neuronale dans cette zone(Logothetis and Wandell, 2004).

Dans cette thèse, j’utiliserai les données d’IRMf recueillies dans le cadre du
consortium Human Connectome Project (voir chapitre 2) afin d’étudier certains
corrélats neurofonctionnels du comportement humain.

1.3. Universalité et variabilité en IRMf du comporte-
ment

L’expansion du cerveau durant l’évolution de notre espèce a donné lieu à une augmen-
tation de la taille, de la complexité et de la structure des circuits cérébraux en comparaison
des autres primates. Cette expansion a principalement affecté le cortex cérébral, et plus
particulièrement le cortex associatif (Fig 2A) (Fjell et al., 2013). Mueller et collègues 2013
ont démontré que cette zone associative du cerveau présenterait aussi une forte variabilité
en termes de connectivité fonctionnelle au repos2 comparativement aux régions primaires
(Fig 2B). Ces auteurs ont aussi observé que la présence d’une variabilité entre individus
d’une même espèce (variation inter-sujets) dans la mesure de connectivité fonctionnelle était
fortement corrélée au degré d’expansion corticale durant l’évolution (Fig 2C), suggérant une
origine évolutionnaire, donc d’ordre génétique, à la variabilité cérébrale fonctionnelle.

D’autre part, Il a été démontré que la région corticale associative présente le plus
de plasticité (ou croissance) durant le développement postnatal (Buckner and Krienen,
2013; Fjell et al., 2013; Hill et al., 2010). Le cortex associatif reste immature pendant
la gestation, et devient myélinisé plus tard dans le développement (Watson et al., 2006).
Cette maturation prolongée expose le cerveau aux impacts de l’environnement pendant la
période de développement. Le cerveau en développement est donc fortement marqué par
les événements de la vie ainsi que les facteurs de stress (Lupien et al., 2009), ce qui suggère
une origine environnementale à la variabilité cérébrale dans ces aires associatives. Il est
donc important de départager les influences génétiques et environnementales à la base de la

2Cette technique consiste à scanner des sujets en IRMf en leur donnant comme directive de rester dans un
état de repos (sans tâche à exécuter)
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Fig. 2. Variabilité en connectivité fonctionnelle et expansion corticale évolutive.
A - Expansion corticale entre un macaque et un humain. B - Variabilité fonctionnelle
inter-sujets. C - Corrélation élevée (r = 0,52) entre l’expansion corticale et la variabilité
fonctionnelle. (Mueller et al., 2013)

variabilité et de l’universalité fonctionnelles cérébrales.

Les études en IRMf du comportement (voir chapitre 2) font généralement appel à
la moyenne des effets observés chez chaque sujet afin de produire des cartes d’effets
de groupe (voir figure 5). Cette méthode repose sur deux prémisses : (1) la variance
intra-individuelle (chez un même individu) des estimations de l’effet est uniforme dans
un groupe de sujets (Penny and Holmes, 2007), et (2) on suppose que les estimations de
l’effet de groupe suivent une distribution gaussienne, c’est-à-dire qu’il n’y a pas de valeurs
atypiques (Chen et al., 2012). Au plan biologique, ces prémisses laissent supposer que
chez les individus formant un groupe (p. ex. : des femmes adultes) les mêmes régions
cérébrales s’activent uniformément lorsque les membres du groupe sont exposés à une même
tâche (p.ex. : la lecture d’un texte) . Cette hypothèse a été mise à l’épreuve tant sur le
plan méthodologique que neuroscientifique. Les irrégularités du scanner ou les artefacts
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influençant la réponse BOLD peuvent conduire à la violation des prémisses susmentionnées
(Mumford and Nichols, 2009; Penny and Holmes, 2007), alors que les différences réelles entre
sujets dans les stratégies cognitives, l’attention portée à la tâche ou l’habituation à celle-
ci, peuvent également introduire une diversité dans l’estimation des effets (Chen et al., 2012).

Dans une étude d’IRMf comportementale, Miller et collègues 2009; 2012 ont manipulé
chez les sujets l’utilisation de stratégies verbales ou visuelles lors d’une tâche de mémo-
risation. Ils ont constaté que plus les sujets avaient tendance à utiliser des stratégies de
mémorisation différentes (verbales contre visuelles), plus la différence était importante dans
leurs patrons d’activation cérébrale liés à la tâche. Ces différences d’activations connexes
à des stratégies cognitives ou à des capacités différentes ont été démontrées dans plusieurs
domaines socio-cognitifs importants (Feredoes and Postle, 2007; McGonigle et al., 2000;
Heun et al., 2000; Machielsen et al., 2000; Miller et al., 2002, 2009; Parasuraman and
Jiang, 2012; Seghier et al., 2008; Seghier and Price, 2009). De telles différences d’activation
cérébrale entre individus s’observent non seulement lors de processus cognitifs complexes,
mais aussi dans le cas de tâches plus simples. Par exemple, Seghier et collègues 2016 ont
constaté que le cortex moteur primaire était absent de la carte d’activation de groupe
lors d’une tâche motrice, mais qu’il était visible dans près de 50 % des cartes d’activation
individuelles. Dans leur ensemble, ces études montrent que les cartes d’activation de groupe
ne représentent pas précisément les systèmes neuronaux engagés par les individus qui
composent ces groupes (Lebreton and Palminteri, 2016). Cependant, ces mêmes études
révèlent la présence d’une certaine concordance dans l’activation cérébrale entre individus.
En conclusion, les activations neurobiologiques de divers sujets engagés dans une même
tâche ne sont ni complètement différentes ni complètement identiques.

Le regroupement d’individus basé sur la similitude de leurs patrons d’activité cérébrale
(sous-types neurobiologiques) a récemment gagné en popularité dans le domaine clinique,
tels que par l’identification de sous-types d’atrophie corticale dans la maladie d’Alzheimer
(Badhwar et al., 2019a) et de sous-types de connectivité fonctionnelle au repos chez des
patients autistes (Easson et al., 2019; Urchs et al., 2020). Le clustering hiérarchique ainsi
que l’analyse en composantes indépendantes sont parmi les principales méthodes statistiques
ayant été utilisées avec succès pour le regroupement de sujets en fonction de la similarité
de leurs cartes d’activation cérébrale (Kherif et al., 2003). Kashyap et collègues 2019 ont
ainsi étudié les sous-types de connectivité fonctionnelle au repos chez 788 sujets du Human
Connectome Project. Ils ont estimé la composante commune à travers plusieurs sessions
d’imagerie au repos et ont classé les sujets en fonction de la similitude ou dissimilitude
de leurs patrons de connectivité cérébrale. Deux sous-groupes ont émergé qui démontrent
une association distincte avec des mesures comportementales liées, par exemple, à la
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consommation de marijuana, de drogues illicites, d’alcool, de tabac, ainsi qu’avec le trait
de personnalité antisociale. Une autre étude de Kirchhoff et Buckner 2006 a montré que
diverses stratégies cognitives (visuelles et verbales) utilisées par les sujets lors d’une tâche
de mémoire étaient corrélées avec des réseaux d’activation cérébrale distincts. Ces auteurs
ont également constaté que l’activité dans les régions du cerveau associée à l’utilisation de
ces stratégies était corrélée à la performance des sujets à une épreuve de mémoire. Ces
études démontrent que s’il existe une hétérogénéité des fonctions cérébrales, celle-ci peut
bel et bien être caractérisée en sous-types neurobiologiques par l’utilisation de méthodes
d’exploration de données non supervisées, telles que le clustering hiérarchique.

Malgré la popularité croissante des méthodes de sous-typage d’activation cérébrale en
IRMf au repos, seules quelques études ont exploré l’utilisation potentielle de ce sous-typage
dans l’IRMf de tâches. Par conséquent, plusieurs questions persistent : les sous-types
d’activation cérébrale peuvent-ils rendre compte à la fois de la variabilité et de l’universalité
des manifestations neurobiologiques dans différents domaines socio-cognitifs ? Quel est le
lien entre ces sous-types cérébraux et les différences génétiques et comportementales entre
individus ? Que représentent ces sous-types au plan comportemental ?

Dans cette thèse, j’utiliserai la méthode de sous-typage basé sur le cluste-
ring hiérarchique des activations cérébrales dans sept domaines socio-cognitifs
d’importance. J’estimerai l’influence de la génétique et de l’environnement sur
la variabilité de ces sous-types cérébraux ainsi que leur lien avec les résultats à
diverses tâches comportementales se rapportant aux domaines socio-cognitifs à
l’étude.

1.4. Objectifs spécifiques
Le chapitre 3 porte sur la mise au point d’un protocole méthodologique original

permettant de réduire le bruit lié à l’acquisition des données en IRMf, et d’augmenter par
le fait même leur fiabilité, étape indispensable à l’utilisation de ces données dans les études
neurocomportementales comme celle faisant l’objet de cette thèse.

Le chapitre 4 porte sur la mesure de corrélats neurofonctionnels des comportements
à l’étude. Il devient alors possible d’explorer à la fois la variabilité et l’universalité du
comportement par la méthode de regroupement des individus selon leurs cartes d’activation
cérébrale. Dans ce même chapitre, je procède à l’estimation des influences génétiques
et environnementales sous-tendant l’appartenance aux différents groupes de sous-types
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cérébraux, ainsi que les corrélations entre ces sous-types et les mesures comportementales.

Enfin, au chapitre 5, je procède à l’estimation des bases génétiques qui lient entre eux
les divers sous-types cérébraux, et leur association aux différents domaines socio-cognitifs à
l’étude.
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Tableau 1. Objectifs - Le tableau ci-dessous résume les objectifs spécifiques de chaque
chapitre :
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Chapitre 2

Méthodes et concepts dans l’analyse des
phénotypes neurocomportementaux

Ce chapitre présente des aspects techniques utilisés pour l’analyse des données issues de
l’IRMf. Chacun des articles qui suivent reprend certains de ces aspects en détail ; la lecture
du présent chapitre n’est donc pas essentielle à la compréhension générale de la thèse.

2.1. La collecte de données
L’acquisition des images en IRMf est une étape importante et complexe qui requiert

la mobilisation de ressources très coûteuses telles que la machinerie en IRM, le personnel
qualifié et le recrutement des participants. Durant les années 1990 et jusqu’au début des
années 2000, les études en IRMf comptaient peu de participants par étude. Une moyenne
de 30 participants était le standard dans ce domaine. À cette époque, des données d’IRMf
propres à chaque étude étaient collectées. Ces données étaient alors analysées, puis archivées.
Ce modèle concervateur avait plusieurs désavantages. Par exemple, le petit nombre de sujets
ne permettait généralement pas d’atteindre une puissance statistique suffisante (Button et al.,
2013) mais aussi, il était difficile de répliquer les résultats d’autres équipes de recherche ou
d’analyser les mêmes données avec des nouvelles méthodes et questions de recherche.

À partir des années 2010, les membres de la communauté spécialisée en neuroimagerie
fonctionnelle prennent conscience de l’avantage du partage de données d’imagerie cérébrale
afin d’accélérer les découvertes dans le domaine des neurosciences (Biswal et al., 2010).
Des initiatives de partage voient le jour telles que OpenFMRI (aujourd’hui OpenNeuro)
(Gorgolewski et al.), Nathan Kline Institute (NKI) (Nooner et al., 2012) ou International
Neuroimaging Data-sharing Initiative (INDI) (Mennes et al., 2013). Ces initiatives partagent
les données acquises en IRMf de diverses études ou centres avec l’accord des investigateurs
principaux. Depuis, le nombre de publications utilisant les bases partagées a augmenté
considérablement. Un exemple qui illustre bien cet effet est l’étude de Milham et collègues



Fig. 1. Nombre de publications utilisant l’International Neuroimaging Data-
sharing Initiative - INDI (tiré de Milham et collègues, 2018). Le nombre de publications
scientifiques recensées entre 2010 et 2016 dans des revues à révision par les pairs dans les-
quelles les différentes bases de données partagées de INDI ont été utilisées. CORR: Consor-
tium for Reliability and Reproducibility, ABIDE: Autism Brain Imaging Data Exchange,
NKI: Nathan Kline Institute-Rockland Sample, ADHD: Attention Deficit Hyperactivity
Disorder Sample, et FCP: 1000 Functional Connectomes Project.

(Milham et al., 2018) sur l’impact du partage de données d’imagerie cérébrale sur la
littérature scientifique. Les auteurs ont quantifié le nombre de publications dans des revues
à révision par les pairs qui ont utilisé les données partagées par INDI. On observe une
augmentation nette et quantifiable d’année en année du nombre de publications utilisant les
bases de données de INDI (voir figure 1).

Cependant, il reste encore des défis envers lesquels faire face pour cette nouvelle ère
de partage, à savoir : (1) les données sont acquises dans différents sites avec des appareils
d’imagerie de différents modèles et spécificités (2) le contrôle de la qualité des images
acquise n’est pas standardisé à travers la communauté et enfin (3) l’hétérogénéité des
données, principalement les IRMf de tâches, rend une analyse groupée entre différentes
bases de données difficilement validable (David et al., 2013). Une solution serait le partage
des données de haute qualité par des consortiums en neuroimagerie qui auraient la mission
de produire des données directement partageables à la communauté (Nichols et al., 2017).
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La figure 2, tirée de l’article de Poldrack et Gorgolewski 2014, montre une estimation
de la réutilisation des données par la communauté en fonction du coût par volume de
données à partager. Ces auteurs estiment que plus les coûts de production et de partage des
données sont élevés, meilleure est la qualité des données, ce qui augmenterait le potentiel de
réutilisation par la communauté.

Fig. 2. Le potentiel de réutilisation de différents types de partage de données.
Plus le coût et le nombre de données à partager sont élevés, plus le potentiel d’utilisation
par la communauté est élevé. Tirée du texte de Poldrack et Gorgolewski 2014

Aujourd’hui, quelques grands consortiums et initiatives ont vu le jour. Ils ont pour but
principal la mise à disposition immédiate des données acquises (ou prétraitées) en IRMf
pour la communauté scientifique (Glasser et al., 2016; Sudlow et al., 2015) . Une initiative
importante dans cette lignée est le Human Connectome Project (HCP) (Van Essen et al.,
2013). Ce projet rassemble des images recueillies par IRM de haute résolution chez 1200
jeunes adultes et mises en libre accès. La richesse de cette base de données réside dans le
fait que les individus sont soit des jumeaux monozygotes ou dizygotes ainsi que leurs fratries
(les frères et sœurs). Tous les sujets scannés passent par une batterie de tests psychologiques
et comportementaux dont les résultats sont aussi mis à la disposition de la communauté
scientifique (Van Essen et al., 2013). En ce qui a trait à l’imagerie fonctionnelle, chaque
sujet a exécuté sept tâches différentes lors de la prise d’images : (1) une tâche motrice
(mouvement des doigts et des pieds), (2) une tâche émotionnelle (visualisation d’images
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présentant différentes expressions faciales), (3) une tâche langagière (compréhension d’une
histoire audio), (4) une tâche de mémoire (exercice de rappel de mémoire à court terme),
(5) une tâche de prise de risque (jeux d’argent), (6) une tâche sociale (juger des interactions
impliquant ou non une théorie de l’esprit) et (6) une tâche d’association (association entre
des formes et symboles) (Barch et al., 2013).

Dans cette thèse, je vais utiliser les données en accès libre du HCP, et plus
spécifiquement les images brutes captées par IRMf lors des sept tâches décrites
plus haut, ainsi que des données issues des tests psychologiques et comporte-
mentaux.

2.2. L’analyse des données
Les images captées par IRMf représentent des données brutes qui nécessitent un certain

nombre d’étapes de prétraitement afin d’être utilisées dans les analyses subséquentes .
Ces étapes visent d’abord à réduire les divers artefacts qui compromettent l’interprétation
des fluctuations du signal BOLD en IRMf, par exemple les artefacts physiologiques et
de mouvement. Le second objectif majeur est d’aligner les données acquises à différents
moments pour un même sujet, mais aussi d’établir une certaine correspondance entre
les cerveaux de différents sujets, de telle sorte qu’une inférence quant au rôle d’une zone
cérébrale donnée puisse être portée au niveau du groupe de sujets à l’étude. Certains
logiciels de prétraitement de données en IRMf sont disponibles en accès libre, tels que
FMRIPrep (Esteban et al., 2019) ou NIAK (Bellec et al., 2011).

Après le prétraitement, l’étape d’analyse permet de faire le lien entre les changements du
signal BOLD dans tout le cerveau et les stimuli du devis expérimental. Afin d’établir ce lien,
diverses méthodes statistiques et de calcul ont été proposées (Worsley, 1997), notamment
le modèle linéaire général (GLM) largement utilisé pour l’IRMf de tâches en raison de son
efficacité, sa simplicité et sa grande disponibilité (Friston et al., 1994). Une analyse de
premier niveau (niveau individuel) qui consiste à faire convoluer le devis expérimental avec
la réponse hémodynamique, permet de quantifier l’estimation du signal BOLD attendu pour
toute stimulation dans le devis expérimental. Le but de ce processus est de générer un
test statistique paramétrique pour chaque voxel du cerveau, ce qui permet de créer une
carte statistique paramétrique du cerveau entier, pour chaque sujet. Enfin, pour faire des
inférences au niveau du groupe, une deuxième analyse, aussi basée sur le GLM, permet de
générer des cartes SPM pour le groupe entier. Cette approche GLM modélise les séries
temporelles du signal de l’IRMf comme une combinaison linéaire de différentes composantes
du signal, afin de tester si l’activité dans une région du cerveau est systématiquement associée
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à une condition particulière d’intérêt dans le devis expérimental (Soares et al., 2016). Le
GLM se calcule comme suit:

Y = Xβ + ε (2.2.1)

Où Y correspond à la réponse BOLD enregistrée, X à la matrice du devis expérimental,
β aux paramètres estimés et ε à l’erreur. Selon le type de devis expérimental, il est possible
ensuite de soustraire les cartes SPM de différentes conditions au cours d’une même tâche.
Cette technique permet d’isoler les processus cognitifs à l’étude. Par exemple, la figure 4
représente les régions cérébrales activées et désactivées suite à l’exécution d’une tâche de
compréhension de langage moins une tâche de calcul mathématique (Barch et al., 2013).

Fig. 3. Carte d’activation cérébrale d’analyse de groupe. Les zones cérébrales acti-
vées durant cette tâche représentent les régions connues pour le traitement de l’information
auditive et du langage. Tiré de Barch et collègues 2013.

Enfin, il est important de noter que l’analyse (incluant le prétraitement) des grandes
bases de données est exigeante en termes de ressources informatiques. Il est désormais
impossible de mener une étude de l’envergure du HCP (1200 sujets) sur un ordinateur
personnel. Pour pallier cette demande en ressources, certains pays ou universités mettent à
la disposition de la communauté scientifique des installations informatiques dédiées au calcul
de haute performance. Le Canada a mis des superordinateurs accessibles aux chercheurs des
universités et collèges partout au Québec et au Canada. Ces installations permettent ainsi
aux scientifiques d’accélérer la recherche dans plusieurs domaines, dont les neurosciences.
(Baldwin, 2012)

Dans cette thèse je vais utiliser les données en accès libre du HCP, et plus
spécifiquement les images brutes captées par IRMf lors des sept tâches décrites
plus haut, ainsi que des données comportementales non issues de techniques
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de neuroimagerie. J’analyserais les données d’activation cérébrale en GLM en
utilisant les ressources de calcul Canada et Québec afin réduire le temps de
calcul.

2.3. Les sources de variabilité liées à l’acquisition et le
traitement des données en IRMf

L’IRMf en contraste BOLD est une technique largement utilisée en recherche malgré
sa complexité en termes d’isolation du signal par rapport au bruit de mesure. Le signal
est bruité par des éléments liés à la machine tels que le type d’appareil utilisé, la séquence
d’acquisition, l’intensité du champ magnétique, mais aussi des éléments liés au bruit physiolo-
gique tels que la respiration, le battement cardiaque et les mouvements de la tête (Desjardins
et al., 2001). Les facteurs liés à la machine et à l’acquisition des données provoquent des
artefacts à la fois sur les images en T1 et BOLD, qui interfèrent ensuite avec les analyses des
données. Ces artefacts sont visibles sur les images BOLD et se distinguent en trois sortes
: (1) les distorsions spatiales (figure 6; G1), (2) les pertes de signal (figure 6; G2) et (3)
les images fantômes (figure 6; G3). Les distorsions spatiales peuvent résulter de l’absence
d’homogénéité du champ statique et apparaissent sur les images sous la forme de pixels étirés
ou comprimés. La perte de signal est due à une inhomogénéité du champ dans les tissus
cérébraux adjacents à des zones remplies d’air, comme les sinus. Enfin, les images fantômes
se présentent sous la forme d’une deuxième image BOLD imprégnée dans l’image principale,
et sont principalement dues à la technique d’acquisition.

Fig. 4. Effet des artefacts sur les images BOLD - G1: Distorsion spatiale - G2:
Perte de signal - G3: Images fantômes. Figure tirée de Soares 2016.
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Un premier contrôle de la qualité (Quality Control ou QC en anglais) des images est gé-
néralement effectué lors de la séance d’acquisition dans le scanner. Cela permet de rescanner
les sujets qui échouent le QC et de minimiser la perte de données. Un deuxième QC est exé-
cuté après prétraitement des données. Le prétraitement comprend principalement le lissage
des images, la correction des mouvements de la tête et la transformation spatiale des images.
Ce QC a généralement pour but de vérifier si l’étape de transformation spatiale des images
a bien été effectuée. Cette transformation spatiale, aussi appelée normalisation, consiste à
aligner les images anatomiques (T1) et fonctionnelles (BOLD) de tous les individus dans un
même espace de référence. Si les régions homologues du cerveau ne sont pas correctement
alignées entre individus, la sensibilité est perdue, ce qui entraîne une augmentation du taux
de faux négatifs (Lu et al., 2019). Cet alignement se fait principalement de manière auto-
matique. Les algorithmes de normalisation des images sont susceptibles d’échouer (Dadar
et al., 2018), et les résultats sont donc généralement examinés visuellement pour en garantir
la qualité. La figure 7 montre des exemples de normalisation qui ont échoué de manière
significative (Figure 7a) ou subtile (Figure 7b).

Fig. 5. Contrôle de qualité visuel de l’alignement des images T1 dans l’espace
de référence. Les flèches jaunes indiquent les endroits où l’alignement a échoué. a: Sujet
avec un alignement qui a échoué de manière claire. b: Sujet avec un alignement qui a échoué
de manière subtile.

Il n’existe cependant pas de protocole standardisé et validé pour effectuer le QC visuel de
l’alignement de la T1 dans l’espace de référence ni d’études robustes permettant d’estimer
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la concordance entre évaluateurs lors d’une procédure de QC.

Dans cette thèse je vais réduire l‘impact des erreurs de recalage des images
T1 et BOLD en mettant au point un protocole de QC visuel simple à appliquer,
tout en le validant avec des évaluateurs experts et non experts en QC de recalage
des images.

2.4. Génétique quantitative du comportement humain
La génétique quantitative humaine est une discipline qui étudie les bases génétiques des

phénotypes humains. Un phénotype inclut autant les traits morphologiques (stature, cou-
leur des yeux, etc.) ou physiologiques (pression artérielle, fréquence cardiaque, contraction
musculaire, etc.) que des caractères comportementaux, cognitifs et cérébraux (personnalité,
quotient intellectuel, activité cérébrale, etc.) (Polderman et al., 2015). Le but principal de
cette discipline est d’estimer les influences génétiques qui expliquent la variabilité interindi-
viduelle des traits. Deux méthodes sont possibles pour estimer le rôle de la génétique dans
la variabilité d’un trait : (1) l’étude d’association pangénomique (en anglais genome-wide
association study, GWAS) qui consiste à comparer des séquences d’ADN entre individus
ou populations et de les associer aux variations mesurées d’un trait morphologique, phy-
siologique ou comportemental ; et (2) l’étude statistique de devis familiaux ou de jumeaux
qui consiste à estimer le degré de ressemblance phénotypique entre apparentés attribuable
à leur bagage génétique commun (Falconer et al., 1996). Dans ces deux méthodes, une mé-
trique importante est extraite pour estimer l’apport génétique : l’héritabilité au sens large
(H2). Cette métrique représente le rapport de la variation génétique (V g) relativement à la
variation phénotypique totale (V p) dans une population donnée (Falconer et al., 1996).

H2 = V g

V p
(2.4.1)

Les principaux moteurs de la variation génétique sont les mutations et les recombinaisons
génétiques (Griffiths et al., 2000). Chez les espèces sexuées, les recombinaisons génétiques
se produisent seulement lors de la transmission de l’ADN maternel et paternel vers la
progéniture. Cette recombinaison crée un nouvel arrangement des gènes chez la progéniture
qui porte un mélange aléatoire de l’ADN parental.Quant aux mutations, il s’agit d’une
altération de la séquence d’ADN qui survient par exemple au cours de sa réplication suite à
l’exposition à certains rayonnements ou substances mutagènes. Ces mutations peuvent être
bénéfiques pour l’organisme, délétères (nuisibles) ou neutres (n’ayant aucun effet sur son
aptitude). Seules les mutations qui affectent les cellules sexuelles peuvent être transmises
à la génération suivante. Dans le cas des mutations non délétères, les gènes acquièrent
plusieurs variantes, appelées allèles, dans la population. Ces allèles d’un même gène codent
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toujours le même trait (p. ex: la couleur des cheveux), mais elles diffèrent dans la manière
dont le trait est exprimé (p. ex: cheveux bruns ou blonds). Les allèles peuvent coder des
traits pour lesquels la variation est discrète (pouvant être séparée en catégories distinctes,
comme la couleur des yeux), ou continue (comme la stature). Ce sont principalement les
variations et la fréquence alléliques dans une population donnée qui sont visées par les
études de génétique quantitative. Cette variation allélique est majoritairement responsable
de la variation génétique dans une population.

En génétique quantitative les mesures et les concepts qui sont basés sur les groupes (ou
populations) à l’étude sont exprimés en termes de fréquences alléliques ou de différence quan-
titative. La notion de valeur vient opérationnaliser ces concepts sur le plan individuel, de
sorte que la mesure d‘un phénotype sur un individu représente la valeur phénotypique (P )
de cet individu (Falconer et al., 1996). Ainsi, les valeurs associées au génotype et à l’environ-
nement sont, respectivement, la valeur génétique (G) et la déviation environnementale (E).
On peut voir cette relation comme ceci : les gènes sont responsables d’une certaine valeur
du trait à l’étude, et l’environnement (tout facteur non génétique) engendre la déviation par
rapport à cette valeur. La valeur phénotypique (P ) peut donc être exprimée comme suit :

P = G+ E (2.4.2)

Quant à la valeur G, elle est composée de la somme des valeurs des gènes à effet additif
(A) sur la valeur phénotypique, des gènes à effet de dominance (D) et à effet d’épistasie ou
d’interaction (I) (Neale et al., 1992). Ainsi G peut être exprimée comme suit :

G = A+D + I (2.4.3)

En génétique quantitative, toutes ces valeurs (formule 2.4.2 et 2.4.3) individuelles sont
exprimées dans la population en tant que la somme des déviations par rapport à la moyenne
populationnelle, ce qui constitue la variance. Ainsi, la variance phénotypique (VP ) d’un trait
représente la somme des variances des gènes à effets additifs (VA), de dominance (VD) et
d’interaction (VI), ainsi que la variance engendrée par l’environnement (VE):

VP = VA + VD + VI + VE (2.4.4)

Étant donné que l’effet de VI est généralement minime et que VA correspond à la variance
de la valeur reproductive dans une population (Falconer et al., 1996), la covariance attendue
entre une paire d’apparentés biologiques y1 et y2 s’exprime comme suit :

cov(y1,y2) = rVA + uVD (2.4.5)
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r est le coefficient de VA et u celui de VD correspondant au degré d’apparentement entre
individus. Le tableau 1 affiche les valeurs que prennent ces coefficients pour les apparentés
de premier, second et troisième degrés. Par exemple, selon l’équation (4), la covariance
attendue entre une fratrie (deux frères) issue de mêmes parents est égale à 1

2VA + 1
4VD. Il est

donc possible de déduire les valeurs de VA et VD si l’on connaît les liens de parentés entre
individus. Cette approche est connue sous le nom de devis familial. Elle se distingue du
devis de jumeaux par l’inclusion des apparentés de différents degrés. Le devis de jumeau se
base seulement sur les jumeaux monozygotes et dizygotes.

Tableau 1. Coefficients de la variance dans la covariance des apparentés (Tiré du
livre de Falconer et Mackay 1996)

En génétique quantitative les gènes à effet additifs sont considérés comme ceux qui contri-
buent majoritairement à la variation phénotypique. La métrique principale qui rend compte
de cet apport à la variation globale est l’héritabilité au sens restreint (h2) dont l’équation
est donnée par :

h2 = VA

VP

(2.4.6)

L’héritabilité au sens restreint représente donc la proportion de la variance phénotypique
qui est attribuable à des différences de valeur reproductive, ce qui reflète le degré d’influence
génétique sur la ressemblance phénotypique d’un trait quelconque chez divers apparentés
(Falconer et al., 1996). L’héritabilité varie entre 0 et 1 de sorte qu’une héritabilité proche de
0 indique que la variabilité d’un trait dans une population est majoritairement attribuable
à une variabilité due aux facteurs environnementaux, et vice versa. Ceci dit, il serait erroné
d’interpréter la valeur de l’héritabilité comme le degré d’influence génétique sur un phéno-
type. Par exemple, l’héritabilité du nombre de doigts d’une main humaine est presque nulle
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alors que le trait en question est sous forte influence génétique (D. Pérusse, communication
personnelle). En effet, toute la variabilité phénotypique observée dans une population est
imputable à la variation environnementale telle que les accidents, infections ou amputation
chirurgicale. La mesure de l’héritabilité restreinte a été largement utilisée dans les études de
jumeaux et les devis de famille. Une vaste méta-analyse, menée par Polderman et collègues
(Polderman et al., 2015), a regroupé les résultats de 2 748 publications (14 558 903 sujets)
portant sur 17 804 traits incluant des caractères psychologiques, physiologiques, sociaux
et démographiques. L’héritabilité moyenne, tous traits confondus, est estimée à 0,49,
c’est-à-dire près de la moitié de la variation phénotypique. Pour la majorité des caractères
(69%), la ressemblance entre paires de jumeaux monozygotes seraient seulement dues à
l’influence de gènes à effets additifs.

Une fois l’héritabilité restreinte estimée, une autre mesure importante peut être déduite
qui est la corrélation génétique (ρg), aussi connue sous le nom de pléiotropie. Cette mesure
nous renseigne sur le lien génétique qui pourrait exister entre deux ou plusieurs phénotypes.
Des gènes sont dits pléiotropiques lorsqu’ils ont la propriété d’affecter plusieurs caractères
à la fois (p. ex. : le poids et la taille). Un exemple de pléiotropie documenté au niveau
moléculaire chez l’être humain est la phénylcétonurie. Cette maladie est causée par une
déficience de production d’une enzyme intervenant dans la cascade de transcription et de
traduction de l’ADN en protéines. Une mutation ponctuelle dans le gène qui code cette
enzyme entraîne de multiples phénotypes associés, dont une déficience intellectuelle progres-
sive, l’eczéma et des défauts de pigmentation qui rendent la peau des malades plus claire
(Paul, 2000). En génétique quantitative il est possible d’estimer la relation pléiotropique
entre deux traits phénotypiquement corrélés en quantifiant le degré de chevauchement des
effets moyens qui influencent ces traits (Boomsma, 1996; Almasy et al., 1997).

Dans cette thèse je vais estimer l’héritabilité restreinte de certains comporte-
ments humains ainsi que leurs corrélats neuronaux en utilisant un devis familial.
J’estimerai également la pléiotropie entre mesures comportementales et neuro-
nales.
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Abstract. Automatic alignment of brain anatomy in a standard space is a key step when
processing magnetic resonance imaging for group analyses. Such brain registration is prone
to failure, and the results are therefore typically reviewed visually to ensure quality. There
is however no standard, validated protocol available to perform this visual quality control.

We propose here a standardized QC protocol for brain registration, with minimal
training overhead and no required knowledge of brain anatomy. We validated the reliability
of three-level QC ratings (OK, Maybe, Fail) across different raters. Nine experts each
rated N=100 validation images, and reached moderate to good agreement (Kappa from 0.4
to 0.68, average of 0.54±0.08), with the highest agreement for “Fail” images (Dice from
0.67 to 0.93, average of 0.8±0.06). We then recruited volunteers through the Zooniverse
crowdsourcing platform, and extracted a consensus panel rating for both the Zooniverse
raters (N=41) and the expert raters.

The agreement between expert and Zooniverse panels was high (kappa=0.76). Overall,
our protocol achieved good reliability when performing a two-level assessment (Fail vs
OK/Maybe) by an individual rater, or aggregating multiple three-level ratings (OK, Maybe,
Fail) from a panel of experts (3 minimum) or non-experts (15 minimum).

Our brain registration QC protocol will help standardize QC practices across labo-
ratories, improve the consistency of reporting of QC in publications, and will open the
way for QC assessment of large datasets which could be used to train automated QC systems.

Keywords: Task-fMRI, Subtypes, Heritability, Genetic Correlation, Behavioural measures.

1. Introduction
Aligning individual anatomy across brains is a key step in the processing of structural

magnetic resonance imaging (MRI) for functional MRI (fMRI) studies. This brain regis-
tration process allows for comparison of local brain measures and statistics across subjects.
A visual quality control (QC) of brain registration is crucial to minimize incorrect data in
downstream analyses of fMRI studies. However, no standardized, validated protocol has
yet been developed to streamline this QC. Here, we present a standardized procedure for
visual QC of brain registration and describe the reliability of QC ratings from both expert
raters and a large panel of non-experts recruited through an online citizen science platform
(www.zooniverse.org).

1.1. Brain registration

MRI is a non-invasive technique that can be applied to study brain structure (sMRI)
and function (fMRI). Multiple steps are required to transform raw MRI data to processed
images ready for downstream statistical analyses. One critical preprocessing step is brain
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registration; this involves aligning 3D brain images to a standard stereotaxic space, such as
the MNI152/ICBM2009c template (Fonov et al., 2009). State-of-the-art registration proce-
dures use non-linear optimization algorithms such as ANIMAL (Collins and Evans, 1997),
DARTEL (Ashburner, 2007) or ANTS (Avants et al., 2009). Dadar and colleagues (Dadar
et al., 2018) compared 5 publicly available, widely used brain registration algorithms in med-
ical image analysis and found a failure rate of 16.8% ± 3.13% on their benchmarks. This
lack of robustness is mainly due to differences in image quality, shape and cortical topology
between individual brains. A visual QC of registered brain images is thus required to ensure
good data quality for subsequent analyses.

1.2. Visual QC

The specific focus of the visual QC for sMRI registration depends on the intended use
of the data. Voxel-based analysis of brain morphology typically calls for a highly accurate
registration, as this step can impact brain tissue segmentation. In contrast, fMRI studies
usually rely on larger voxel size and spatial blurring, and are less likely to be affected by
small registration errors. To our knowledge, as of yet, there are no standardized criteria for
tolerable errors in sMRI registration for fMRI processing pipelines. Many fMRI analytical
software packages present users with images to assess the quality of T1 image registration.
In one of the most recent packages developed by the community, fMRIprep (Esteban et al.,
2019), the registered T1 image is presented across 21 brain slices, along with images for three
other processing steps (skull stripping, tissue segmentation, and surface reconstruction),
yielding a total of 84 brain slices for visual inspection. Established processing tools like
FMRIB Software Library (Jenkinson et al., 2012) or the Statistical Parametric Mapping
Matlab package (Wellcome Centre for Human Neuroimaging) also present users with reports
that often include more than ten brain slices for visual inspection for each subject. This
makes visual inspection tedious and time-consuming. Critically, none of these packages offer
guidelines on how to assess the quality of structural brain registration for fMRI studies.
Without such guidelines and with a large number of images to review, QC is likely to vary
significantly across raters.

1.3. Inter-rater agreement

QC studies of preprocessed images rarely report inter-rater reliability, and no such study
examined brain registration to our knowledge. Pizarro and colleagues (Pizarro et al., 2016)
applied a support vector machine algorithm on visually rated (N=1457 usable/unusable)
sMRI data from 5 to 9 investigators who rated the same 630 images, but did not report
agreement metrics. White and colleagues (White et al., 2018) compared automated QC
metrics and manual QC from 6,662 sMRI data from 4 different cohorts/sites, merging visual
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inspection across sites, raters, protocols and scan quality but without presenting agreement
statistics. Studies that do report inter-rater agreement mostly focus on issues related to
raw MRI images (e.g., signal-to-noise ratio or susceptibility artifacts), head motion (e.g.,
ghosting or blurring), brain extraction, and tissue segmentation. Inter-rater agreement in
these studies is found to vary considerably. For example, Backhausen and colleagues (Back-
hausen et al., 2016) reported high agreement for two trained raters who visually inspected
the same 88 sMRI,achieving an intra-class correlation of 0.931 for two categories of quality
(pass-fail) on issues related to MRI acquisition and head motion. Esteban and colleagues
(Esteban et al., 2017) reported a Kappa of 0.39 between two raters for three quality cate-
gories (Exclude/Doubtful/Accept) on 100 images when ratings were based on the quality of
the MRI acquisition, head motion, brain extraction and tissue segmentation. Table 2 shows
recent (2010 onwards) studies reporting inter-rater agreements on visual QC of sMRI for a
variety of issues. Only one study, Fonov and colleagues (Fonov et al., 2018), included brain
registration for visual QC assessment. These authors reported a test-retest Dice similarity
of 0.96% from one expert rater who evaluated as pass or fail 1000 images twice, but no
inter-rater reliability estimate. Variability in reliability across studies may be due to two
types of factors: user- and protocol-related factors. Protocol-related factors (e.g., clarity,
levels of rating or training set) can be addressed by multiple iteration and refinement of the
protocol. Factors related to the rater (e.g., level of expertise, fatigue, motivation, etc.) are
more difficult to constrain or control. One solution to circumvent individual rater variability
is to aggregate multiple ratings from a large pool of raters.

1.4. Crowdsourced QC

Crowdsourcing can be used to achieve multiple QC ratings on large collections of
images rapidly. Crowdsourcing, as first defined by Howe in 2016, is “... the act of taking
a job traditionally performed by a designated agent (usually an employee) and outsourcing
it to an undefined, generally large group of people in the form of an open call” (Howe,
2006). Crowdsourcing can be used in citizen science research projects where a large
number of non-specialists take part in the scientific workflow to help researchers (Franzoni
and Sauermann, 2014; Simpson et al., 2014). Crowdsourcing labor-intensive tasks across
hundreds or thousands of individuals has proven to be effective in a number of citizen
science research projects, such as modeling complex protein structures (Khatib et al., 2011),
mapping the neural circuitry of the mammalian retina (Kim et al., 2014), and discovering
new astronomical objects (Lintott et al., 2009; Cardamone et al., 2009).

In brain imaging, recent work by Keshavan and colleagues (Keshavan et al., 2018b)
showed the advantages of using citizen science to rate brain images for issues related to
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Table 2. Reported agreement in visual inspection of sMRI data on QC studies -
QC studies since 2010 that uses sMRI and reported their inter/intra-raters agreement (Dadar
et al., 2018; Esteban et al., 2017; Fonov et al., 2018; Klapwijk et al., 2019; Pizarro et al.,
2016; Rosen et al., 2018)

head motion and scanner artifacts. These authors were able to gather 80,000 ratings on
slices drawn from 722 brains using a simple web interface. A deep learning algorithm was
then trained to predict data quality, based on the gathered rating from citizen science. The
deep learning network performed as well as the specialized algorithm MRIQC (Esteban
et al., 2017) for quality control of T1-weighted images. QC of large open access databases
like HCP (Glasser et al., 2016), UKbiobank (Alfaro-Almagro et al., 2018) or ABCD (Casey
et al., 2018) is challenging and time-consuming task if done manually. Using crowdsourced
rating could be a key element to rate huge databases and possibly use these ratings to
efficiently train a machine learning models to perform QC.

Here we propose a novel, standardized visual QC protocol for the registration of T1
images by non-experts. We formally assessed protocol reliability, first with “expert” raters
familiar with visual inspection of brain registration, and second with a large pool of
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“non-expert” raters with no specific background in brain imaging. These citizen scientists
contributed via the world’s largest online citizen science platform, called Zooniverse
(Simpson et al., 2014). Zooniverse enabled the enrollment of more than 2000 volunteers
from around the globe, thus enabling the evaluation of consensus between non-expert raters
on a large scale. Specific aims and hypotheses of the study were as follows:

• To establish a QC procedure for MRI brain registration that does not require exten-
sive training or prior knowledge of brain anatomy. Our hypothesis was that such a
procedure would help raters achieve more reliable visual QC.
• To quantify the agreement between a consensus panel composed of non-expert raters
and that of experts. Our hypothesis was that the consensus of non-experts would
be consistent with experts’ assessments, since the protocol requires no knowledge of
brain anatomy.

2. Method
2.1. QC protocol building

The QC protocol was developed iteratively over the past 5 years, with several rounds of
feedback from users. Initially, the protocol was used internally in our laboratory (Yassine
and Pierre, 2016), and required a visual comparison of T1 slices against a template using the
Minctool register (Janke and Fonov, 2012). Although the protocol achieved good consistency
of ratings between two expert users (Kappa = 0.72), it was time consuming and hard to teach.
We then switched from an interactive brain viewer to a static mosaic comprised of 9 different
slices (3 axial, 3 sagittal, 3 coronal, see fig 1-b), and we highlighted anatomical landmarks
using a precomputed mask. These landmarks were selected because we expected all of them
to align well in the case of a successful registration, and the precomputed mask served as
an objective measure to decide on the severity of a misalignment. We established guidelines
on how to rate a registered image on a three-level scale (“OK”, “Maybe” or “Fail”) using
these landmarks. The new protocol limited the need for extensive training for new users
and potentially reduced the subjectivity of decision, notably for edge cases. The following
sections describe the details and the validation of the final protocol (brain slices, landmarks
and rating guidelines).
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Fig. 6. QC protocol for brain registration- a: brain slices - he rater is presented with
two sets of brain slices (3 axial, 3 sagittal and 3 coronal), one of them showing the template
in stereotactic space and the other showing an individual T1 brain after registration. In the
interface, the two images are superimposed and the rater can flip between them to visually
assess the registration. b: anatomical landmarks - The landmarks for QC included:
the outline of the brain (A), tentorium cerebelli (B), cingulate sulcu s(C), parieto-cingulate
sulcus occipital fissure (D), calcarine fissure (E), the lateral ventricles (F), central sulcus (G)
and the hippocampal formation (H) bilaterally. The landmarks were outlined in stereotaxic
space. c: rating guidelines - The boundaries of red landmarks act as “confidence interval”
for registration: an area is tagged as a misregistration only if the target structure falls outside
the boundaries. d: tags - Raters put tags on each misregistered brain structure. e: final
rating - A final decision is reached on the quality of registration: an image with no tags is
rated OK, one or more nonadjacent tags are rated Maybe, two or more adjacent tags are
rated Fail. An image that is excessively blurry is also rated Fail.

48



2.2. Brain slices

A mosaic view of 9 brain slices was extracted from each registered brain. The x, y and
z coordinates, corresponding to axial, coronal and sagittal views, were as follows:

x (sagital) y (coronal) z (axial)
-50 -65 -6
-8 -20 13
30 54 58

Two images were generated: one using the individual T1 image of a subject, after brain
registration, and one using the MNI2009c MRI T1 template averaged from 152 adults after
iterative non-linear registration (Fonov et al., 2011b), see Figure 6a.

2.3. Anatomical landmarks

Notable anatomical landmarks included the central sulcus, cingulate sulcus, parieto-
occipital fissure, calcarine fissure, tentorium cerebelli, lateral ventricles, bilateral hippocam-
pal formation and the outline of the brain (see Figure 6b). To highlight these landmarks,
we hand-drew a red transparent outline inside the brain with the MRIcron drawing tool
(Rorden, 2014) using the MNI 2009 gray matter atlas as a reference. For the outline of the
brain, a mask was generated using a 4-mm dilation of the template brain mask (as available
in the MNI 2009c release, from which we subtracted a 4-mm erosion of the brain mask.
This process resulted in a roughly 8-mm thick mask centered on the outline of the brain in
template space. The landmark boundaries served as the “confidence interval” of acceptable
registration. The width of this confidence interval was somewhat arbitrary, but critically
helped raters to consistently assess what amount of misregistration was acceptable. The
scripts to generate the mosaic brain images with highlighted landmarks have been made
available in the GitHub repository (Brainmatch).

2.4. Rating guidelines

We instructed raters to focus on the brain structures within the red anatomical land-
marks, comparing the individual brain, after registration, with the MNI 2009c template.
The two images were presented superimposed with each other, and raters were able to flip
manually or automatically between the individual and the template brain. For a given
anatomical landmark, raters were asked to tag any part of the brain structure that fell out-
side of the anatomical landmark for the individual brain. The template acted as a reference
for what the structure looked like, and where it was supposed to be. Figure 1c provides ex-
amples of acceptable and unacceptable registration of brain structures within the landmarks.
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Raters were instructed to click all misregistered brain structures, which resulted in a series
of tag spheres with 4 mm radius (Figure 6d). After an image was fully tagged, the overall
registration quality was evaluated by the rater as follows:

• “OK” if no tag was reported,
• “Maybe” if one or several regions were tagged, yet no tag spheres overlapped (less
than 8 mm apart),
• “Failed” if two tag spheres overlapped, meaning that an extensive brain area (>8
mm) was misregistered. Alternatively, a “Failed” rating was also issued if the entire
image was of poor quality due to motion or a ringing artifact (Figure 6e)

2.5. Zooniverse platform

We used the online citizen science platform Zooniverse (Simpson et al., 2014) as an inter-
face to perform the validation of our QC protocol1. Zooniverse offers a web-based infrastruc-
ture for researchers to build citizen science projects that require a human visual inspection
and possibly recruit a large number of zooniverse volunteers, who are not familiar with neu-
roimaging and have no formal requirements to participate (Franzoni and Sauermann, 2014;
Simpson et al., 2014). Our project, called “Brain match” was developed with the support
of the Zooniverse team, to ensure compliance with Zooniverse policies and appropriate task
design for an online audience2, and the project was also approved by our institutional review
board. Note that the raters were considered part of the research team, and not participants
of the research project, and thus they were not required to sign an informed consent form.
The project underwent a “beta review” phase on zooniverse, where we collected feedback
on the clarity and difficulty level of the task. Rating was performed by Zooniverse raters
and expert raters. All ratings were performed on the zooniverse platform through the Brain
Match dashboard . The rating workflow was the same for the 2 types of raters. Note that
individuals participating in Zooniverse choose to voluntarily dedicate some of their time to
science and thus do not constitute a representative sample of the general population.

2.6. Brain images validation and training sets

We used a combination of two publicly available datasets, COBRE (Mayer et al.,
2013) and ADHD-200 (Bellec et al., 2017), for both the beta and the full launch of the
project. These datasets have been made available after anonymization by a consortium of
research teams, each of which received ethics approval at their local institutional review
board, as well as informed consent from all participants. Each individual sMRI scan was
first corrected for intensity non-uniformities (Sled et al., 1998) and the brain extracted

1https://www.zooniverse.org/projects/simexp/brain-match
2https://www.zooniverse.org/lab-policies
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using a region growing algorithm (Park and Lee, 2009). Individual scans were then
linearly registered (9 parameters) with the T1 MNI symmetric template (Fonov et al.,
2011b). The sMRI scans were again corrected for intensity non-uniformities in stereotaxic
space, this time restricted to the template brain mask. An individual brain mask was
extracted a second time on this improved image (Park and Lee, 2009) and combined
with template segmentation priors. An iterative non-linear registration was estimated
between the linearly registered sMRI and the template space, restricted to the brain mask
(Collins et al., 1994). The processed data were finally converted into mosaics and merged
with a mask of anatomical landmarks using in-house scripts. Two expert raters (PB,YB)
rated each 954 preprocessed images in ADHD-200, achieving a kappa of 0.72 (substantial
agreement) from a random subset of 260 images. The COBRE dataset was rated by YB only.

On Zooniverse, raters were first invited to read a tutorial (Supplementary material
Figure S2) explaining the protocol, and then completed a QC training session, featuring 15
selected images (5 rated OK, 5 rated Maybe and 5 rated Fail, as rated by YB). Because the
COBRE structural images were of higher quality, OK images were selected from COBRE
while Maybe and Fail were selected from ADHD-200. For each training image, the rater
was first asked to assess the image, and was then able to see the tags and the final ratings
by an expert rater (YB).

After completing the training session, raters were presented a series of 100 “open label”
cases, and were free to rate as many of these images as they wanted. We chose to present
only 100 images in order to ensure we would have many ratings by different raters for each
image, within a relatively short time frame. We arbitrarily selected a subset of 100 images
with a ratio of 35 Fail, 35 Maybe, and 30 OK images based on one expert rater (YB). Once
again, the OK images were drawn from COBRE, while the Fail and Maybe were drawn from
ADHD-200.

2.7. Raters

More than 2500 volunteers took part in our Brain Match project. They performed
approximately 21,600 ratings of individual images over 2 beta-testing phases and two full
workflows for a total of 260 registered brain images (see Brain images section). We used
a retirement of 40 ratings, which means each image was rated by 40 different Zooniverse
raters before being removed from the workflow. Only individuals who rated more than 15
images were kept in the final study. After data cleaning, 41 Zooniverse volunteer raters were
kept. The distribution of rating per image showed a mean number of ratings of 21.76±2.75
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(see supplementary material Figure S1).

A group of 9 expert raters were also recruited for this study and each asked to rate all
of the 100 validation images using the Brain Match interface. They were instructed to first
start with the training session and to carefully read the tutorial before starting the main
QC workflow. All raters had prior experience with QC of brain registration in the past.
Each rater was free to perform the QC task at her pace without any specific direction on
how to do it. The process was completed once all ratings were submitted.

Finally, a radiologist was also recruited for the study. He rated the same 100 images
using Brain Match interface, also undergoing the training session before the rating process.
Although the radiologist had no prior experience in QC of brain registration, that participant
had very extensive experience in examining brain images following a standardized protocol,
and served as a gold standard about what to expect from a fully compliant rater, trained on
QC solely through available online documentation.

2.8. Agreement statistics

We used Cohen’s kappa (Cohen, 1960) to assess inter-rater reliability across all 9 experts
(ratings R1 to R9). The kappa metric measures the agreement between two raters who rate
the same amount of items into N mutually exclusive categories. The kappa is based on the
difference between the observed agreement (po, i.e. the proportion of rated images for which
both raters agreed on the category) and the probability of chance or expected agreement
(pe). Kappa is computed as follows:

k = po − pe

1− pe

(2.1)

In this work we used a weighted kappa metric, which assigns less weight to agreement
as categories are further apart (Cohen, 1968). In our QC cases disagreements between OK
and Maybe, and between Maybe and Fail count as partial disagreements; disagreements
between OK and Fail, however, count as complete disagreements. We used the R package
irr (Gamer, 2012) to estimate the weighted kappa and Landis and Koch’s (Landis and Koch,
1977) interpretation of the strength of agreement for kappa ≤ 0 =poor , .01 to .20=slight,
.21 to .40=fair, .41 to .60=moderate, .61 to .80=substantial, and .81 to 1=almost perfect.

We also used the Sørensen–Dice coefficient (Dice) to assess the agreement within the
rating categories of OK, Maybe and Fail (Sørensen et al., 1948), as follows:

DSC = 2 |X ⋂
Y |

|X|+ |Y | (2.2)
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where X is the set of images rated “OK” by one rater and Y is the set of images rated
“OK” by a second rater, ⋂ is the intersection between two sets, and |X| is the number of
images. In plain English, the Dice between two raters for the OK category is the number of
images that both raters rated “OK”, divided by the average number of images rated “OK”
across the two raters. The same Dice measure was generated as well for “Maybe” and “Fail”
images. We interpreted Dice coefficients using the same range of strength of agreement as for
the Kappa coefficient (≤ 0 =poor, .01 to .20= slight, .21 to .40=fair, .41 to .60= moderate,
.61 to .80= substantial, and .81 to 1= almost perfect).

2.9. Consensus panels

We also evaluated the reliability of QC ratings after pooling several raters into a
consensus panel. The panel consensus was generated by counting the number of OK, Maybe
and Fail attributed to an image from different raters (number of votes). The category with
the highest vote count was selected as the consensus on that specific image for the panel. If
there was a tie between 2 or 3 categories, the worst category was selected (Fail < Maybe <
OK).

We tested different panel configurations, large and small, for expert and Zooniverse raters
separately. Large panels were composed either by all 9 experts (panel Ec) or 41 Zooniverse
users (panel Zc). We compared the agreement between Ec and Zc versus each individual
expert rater (R1 to R9) as well as the ratings from the radiologist (Ra). For small panel,
experts were arbitrarily split into three panels of three raters (panels Ec1, Ec2 and Ec3).
The Zooniverse users were also arbitrarily split into two independent consensus panels of
roughly equal size (Zc1 and Zc2). We quantified the agreement between small panels, as well
as small vs large panels.
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3. Results

Fig. 7. Between-expert agreement - a: Matrix of Kappa agreement between raters
(top). Note that R1 to R9 are identification codes for the different expert raters. The
distribution of agreement is also presented (bottom). For example, the boxplot for R1 shows
the agreement between R1 and R2-R9. b-d: Matrix and distribution for the Dice agreement
between raters in the OK (b), Maybe (c) and Fail (d) categories.

3.1. Expert raters achieved moderate agreement, with “Fail” rating
being the most reliable

Agreement between expert raters across the three classes (OK, Maybe, Fail) was moderate
to substantial (range 0.4 to 0.68, average of 0.54± 0.08), see Figure 7. However, there were
marked differences in agreement across the three rating classes. The highest reliability was
for “Fail”, with between-rater Dice agreement ranging from substantial to almost perfect
(0.67 to 0.93, average of 0.8± 0.06). The second class in terms of reliability was “OK”, with
Dice ranging from fair to strong (0.38 to 0.76), and the least reliable class was “Maybe”,
with Dice agreements ranging from slight to strong (0.23 to 0.72 ).
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Fig. 8. Zooniverse, expert and radiologist agreements - a: Matrix of Kappa agree-
ment between consensus of experts (Ec), zooniverse users (Zc) and radiologist (Ra) raters,
in rows, vs individual experts (R1-R9), in column (top). The distribution of agreement is
also presented (bottom). b-d: Matrix and distribution for the Dice agreement in the OK
(b), Maybe (c) and Fail (d) categories.

3.2. Large panels of expert or zooniverse raters give convergent,
reliable QC ratings

We found that the kappa between Ec and individual expert raters was, as expected,
improved over comparison between pairs of individual experts, with a range from moderate
to strong (0.56 to 0.82), see Figure 8. As observed before, the Dice scores for Ec were highest
in the “Fail” category (almost perfect agreement, range of 0.76 to 0.98), followed by the “OK”
category (from substantial to almost perfect: range 0.66 to 0.85) and finally “Maybe” (fair
to almost perfect, ranging from 0.38 to 0.8). These findings confirmed our previous expert
inter-rater analysis, with “Fail” being a reliable rating, “Maybe” being a noisy rating, and
“OK” being a moderately reliable rating. When comparing the individual experts with the
Zooniverse panel Zc, we only observed a slight decrease in average Kappa compared with
the Expert panel (0.61 for Zc vs 0.7 for Ec), mostly driven by the “Fail” (0.82 for Zc vs
0.88 for Ec) and “Maybe” (0.58 for Zc vs 0.68 for Ec) ratings. When directly computing
the agreement between the two consensus panels Ec and Zc, the kappa was substantial
(0.76), with almost perfect agreement for “Fail” (Dice 0.9) and “OK” (0.82), and substantial
agreement for “Maybe” (0.77), see Fig. 8. This comparison demonstrated that aggregating
multiple ratings improved the overall quality, and that expert and zooniverse raters converged
to similar ratings. The radiologist achieved a level of agreement with panels similar to what
was observed with expert raters, and was substantially lower than the agreement between
panels. This shows that the QC training material alone was enough for a radiologist to agree
with QC experts, but a single user can likely not achieve high quality QC ratings by herself.
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Fig. 9. Agreement between small panels of raters for both experts and Zooni-
verse panels - a: Matrix of Kappa agreement between large panel consensus of experts
(Ec), zooniverse users (Zc) and a small panel of expert (Ec1 = 3 rater, Ec2 = 3 rater, Ec3
= 3 rater) and small panel of Zooniverse raters (Zc1 = 20 rater, Zc2 = 21 rater) (top). The
distribution of agreement is also presented (bottom). b-d: Dice distribution between group
consensus in the OK (b), Maybe (c) and Fail (d) categories.

3.3. Small consensus panels of expert (N=3) or Zooniverse (N=20)
raters achieve reliable QC ratings

Once we established that large panels of raters lead to high levels of agreements, our next
question was to determine whether small panels could also lead to reliable assessments. The
small expert panels Ec1-3 reached lower agreement with Zc than the full Ec. Specifically,
kappa was 0.64, 0.64 and 0.73 for Ec1 to Ec3 (with respect to Zc), compared to kappa of
0.76 for Ec vs Zc. Similar observations were made when breaking down the comparison
per category with Dice, with a decrease of 5% to 10% in this coefficient (see Figure 9).
Comparing small zooniverse panels Zc1-2 with the full expert panel Ec, a slight decrease in
reliability was observed, very similar in magnitude with comparisons between Ec1-3 and Zc.
The agreements Ec1-3 vs Zc, as well as Zc1-2 vs Ec, remained substantial. This suggests
that reliable three-level QC assessments can be performed by small panels of three experts
(n=3), or moderate panels of zooniverse users, with roughly 20 assessments by image (see
Supplementary Material Figure S01 for distribution).

4. Discussion
This project proposes a standardized QC protocol with minimal training overhead and no

required knowledge of brain anatomy. Our goal was to quantify the reliability of QC ratings
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between expert raters, as well as panels of expert or Zooniverse raters. Overall, our results
demonstrated that our protocol leads to good reliability across individual expert raters, in
particular for “Fail” images, and good reliability across panels of raters (both experts and
Zooniverse), even for panels featuring only three experts. To our knowledge, this is the first
quantitative assessment of between-rater agreement on QC of brain registration.

4.1. Visual QC

Our protocol was designed to be simple enough that even a rater without brain anatomy
knowledge or prior QC experience could generate meaningful ratings. The mosaic view of 9
slices used in our protocol is similar to display images used in fMRI preprocessing tools like
MRIQC (Esteban et al., 2017), fMRIPrep (Esteban et al., 2018) or CONN (Whitfield-Gabrieli
and Nieto-Castanon, 2012). These QC tools also use an overlay that highlights brain borders
or tissue segmentation. Differentiating aspects of our protocol are (1) fewer number of brain
slices in the mosaic view, so that raters can more easily examine all presented images; (2)
the overlay provides an objective confidence interval to assess the severity of misregistration
in key anatomical landmarks. We believe that these two design principles helped reduce the
subjectivity of brain registration QC, and increase between-rater agreement, although we
did not formally test these hypotheses.

4.2. Inter-rater Agreement

Table 1 shows that the visual QC agreement reported in recent studies ranged from 0.39
to 0.9. Interestingly, the studies which reached high levels of agreement (0.93-0.96) used
ratings with only two levels (ex: pass, fail). Studies with 3 or more rating levels reported
lower agreement scores (0.39-0.85), which were in line with our findings (average of 0.54 for
experts). The most challenging rating in our protocol appeared to be the “Maybe” class,
featuring mild, spatially limited registration errors. In contrast, good and failed registrations
were easily detectable by expert raters. When working with three levels of ratings, the
reliability of our protocol is not high enough to work with a single rater. We found that a
consensus panel of 3 experts was sufficient to reach a good level of agreement (average of 0.64),
which appears as a minimum panel size to generate high quality QC scores. Aggregating
rating between expert or non-expert is a good solution to overcome the variability among
human observers on the QC task.

4.3. Crowd sourced QC

Crowdsourcing QC rating could be one solution to generate high quality QC ratings in big
datasets like the UK biobank (Alfaro-Almagro et al., 2018). A recent work from Keshavan
and colleagues (Keshavan et al., 2018b) showed that crowdsourced QC ratings on raw brain
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images can reach the performance of an automated state-of-the-art machine learning QC tool
(Esteban et al., 2017). This work relied on a large pool (N=261) of participants, many of
whom had prior experience in neuroimaging. We recruited more than 2000 zooniverse non-
expert raters, and found that a consensus panel of non-experts with adequate size (about 40
ratings per image) leads to QC ratings of similar quality to a panel of three experts.

4.4. Limitations of the study

Our study has a number of limitations. First, our protocol is intended to be used with
anatomical brain registration in the context of fMRI analyses in volumetric space, rather
than surface. Structural brain imaging studies (i.e. cortical thickness) or surface-based
fMRI analyses need other protocols that examine more closely fine anatomy and tissue
segmentation. Also, our primary use case is large-scale research studies, and not clinical
applications. Some clinical applications may require more stringent standards being applied
on brain registration. Our protocol was validated with a specific brain registration tool, the
CIVET pipeline, and may not be well suited for other algorithms.

Second, we did not control for screen size, screen resolution or fidelity of colour
representations in our validation, be it with experts or zooniverse individuals. The main
use case for our protocol is the review of thousands of brain registration (e.g. in the
ABCD sample (Casey et al., 2018)) in a relatively short span of time. The quality control
procedure only examines coarse anatomical landmarks, and the required precision of the
alignment is on the order of a couple of millimetres. For that reason, we think that the
characteristics of the screen will not affect significantly between-rater agreement. This is
however a potential source of variations which may have decreased the observed agreement,
both between experts and zooniverse raters.

Third, the success rate of our registration tool varies widely as a function of the imaging
protocol. The Cobre dataset has almost only OK registration, while the ADHD has a
lot of Maybe and some Fail. So we decided to mix two datasets, in order to assemble
representative examples of the three classes. This may influence the results by increasing the
potential agreement if subjects learned to recognize which datasets the examples originated
from.

Fourth, our choice on the number of rated images (N=100) was selected arbitrarily. We
checked the appropriateness of that choice by assessing the minimum number of rated cases
with a 3-choice decision using the R package “irr” (Gamer, 2012), that uses the minimum
sample size estimation formula from Flack and colleagues (Flack et al., 1988). We estimated
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the minimum sample size under the following scenario. The vector of marginal probability
was given by rates for the 3 categories, OK = 0.3, Maybe =0.35 and Fail =0.35. These
marginal probabilities were decided by our team when designing the dataset, based on
an initial QC assessment performed by YB and PB. The value of kappa under the null
hypothesis was set equal to 0.5 (k0=0.5) - i.e. we want to demonstrate an improvement
over a baseline kappa of 0.5. The true kappa statistic estimated between two experts was
set equal to 0.72 (k1=0.72), as was observed in our sample. The type I error test was set
equal to 0.05 (alpha=0.05). The desired power to detect the difference between the true
kappa and the null kappa was investigated at 0.8 and 0.9, separately. The required number
of ratings was estimated at N=54 for a power of 0.8, and N=72 for a power of 0.9. In our
case, the number of images rated per expert was N=100, which is more than required by
the power analysis.

Fifth, we were unable to access to what degree this protocol improves or not over current
best practices in the fMRI community, in the absence of other standardized protocols
available for comparison. We still produced preliminary evidence while developing the
current protocol. During the beta phase of our project, we tested the agreement between
consensus of Zooniverse raters and expert raters (on 29 images). The protocol used during
that phase was different from the present one. In particular, we did not instruct raters
on how to take the final decision on the quality of registration (Figure 6 c-e), and we did
not offer a training set. The kappa measure between consensus Zooniverse raters and an
expert during phase 1 was 0.34, by contrast with 0.61 using the current protocol. We regard
these results as preliminary evidence that our protocol improves over our previous iteration.
These results are to be interpreted with caution, as the number of images rated was low
and we used only one expert rating. Note that the feedback received by beta testers helped
us identify the importance of steps described in Figure 6 c-e, and we suspect that protocols
that do not include such detailed explanation have poor reliability. But we did not attempt
to demonstrate this formally within the scope of the present study.

Finally, our protocol is missing an evaluation of another key registration step, i.e. align-
ment between functional images and the structural scan (Calhoun et al., 2017). We are
currently working on an extension of our protocol for functional registration.

4.5. Future work: impact of QC on downstream analyses

Despite the ubiquity of visual brain registration QC in the neuroimaging research com-
munity, the impact of visual QC of brain registration on statistical analyses remains poorly
characterized. Gilmore and colleagues (Gilmore et al., 2019) used a multi-site dataset of
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structural MRI images with different age ranges to show how automated image quality met-
rics impacted regional gray matter volumes and their relationship with age. Ducharme and
colleagues (Ducharme et al., 2016) showed a significant impact of visual QC on the estima-
tion of cortical trajectories. They demonstrated that, when omitting to discard subjects that
did not pass QC, the developmental trajectory of cortical thickness followed a quadratic or
cubic trend. By contrast, after filtering those subjects, the trajectory followed a linear trend.
Standardizing the QC protocol will allow different laboratories to join their effort of rating
and open up new opportunities to systematically investigate the impact of visual QC on the
relationship between the brain and various phenotypes. This represents an important area
of future work for brain registration.

5. Conclusion
Our QC protocol is the first reliable visual protocol for brain registration in fMRI

studies. The protocol is easy to implement and requires minimum training effort. This
protocol demonstrates a good reliability when performing a two-level assessment (Fail
vs OK/Maybe) by an individual rater, or aggregating multiple three-level ratings (OK,
Maybe, Fail) from a panel of experts (3 minimum) or non-experts (15 minimum). The
images necessary to apply the protocol can be generated using an open-source tool,
called dashQC,_fmri (Urchs et al., 2018) and a live version can be tested on this link
https://simexp.github.io/dashQC_BrainMatch/index.html. We hope this new protocol will
help standardize the evaluation and reporting of brain registration in the fMRI community.
This standardization effort will also enable the generation of high quality QC ratings
on large amounts of data, which will in turn allow training machine learning models to
automatically perform brain registration QC, alleviating the need for visual reviews.

6. Contribution to the Field Statement
Automatic alignment of brain anatomy in a standard space is a key step when processing

magnetic resonance imaging for group analyses. Such brain registration is prone to failure,
and the results are therefore typically reviewed visually to ensure quality. There is, however,
no standard, validated protocol available to perform this visual quality control. In this work,
we proposed the first standardized and validated QC protocol for brain registration. We hope
this new protocol will help standardize the evaluation and reporting of brain registration in
the fMRI community. This standardization effort will also enable the generation of high
quality QC ratings on large amounts of data, which will in turn allow training machine
learning models to automatically perform brain registration QC, alleviating the need for
visual reviews.

60



7. Acknowledgement
We would like to acknowledge the following people for their contributions to the project.

The 9 expert raters: Perrine Ferre, Aman Badhwar, Angela Tam, Jeni Chen, Cole Zweber,
Sebastian Urchs, Carolina Makowski, Elizabeth DuPre and Paule Joanne Toussaint. Also
we thank Andrew Doyle, Sara Dupont, Benjamin De Leener and Maxime Pelland for their
contribution on the beta testing phase. We would like to thank the Zooniverse team, es-
pecially Helen Spiers and Laura Trouille, for their feedback and support along the process.
Finally, we thank all the citizen-scientists on Zooniverse who participated in our project
Brain Match. We are very grateful for your contributions.

61



Supplementary material

Fig. S 10. Distribution of images as a function of the number of ratings (mean
of 21.76 ± 2.75, range 15 to 27).



Fig. S 11. Brain Match tutorial interface - a: A tutorial popup when first accessing
the brain match interface showing the main goal of the task. b: A panel of annotated
examples of what is a good and bad match between highlighted brain areas. More examples
follows on how to tag images and how to decide the final rating of each image (for more
detailed tutorial visit brain-match)
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Abstract.
Many imaging and genetic studies have aimed to clarify whether the brain acts as

an intermediate phenotype mediating the influence of genes in human behaviour. Brain
activation in response to task demand are heterogeneous at the individual level, but also
follow common patterns at the group level. Some studies have addressed this tension
between heterogeneity and homogeneity by identifying groups of individuals that share the
same brain activation patterns, called brain activation subtypes.

In this work, we aimed to assess the viability of brain subtypes as endophenotypes
between genes and behaviour. We extracted brain activation subtypes separately for seven
fMRI tasks, in 842 participants from the Human Connectome Project (HCP). We estimated
the heritability of these subtypes and their genetic correlation with behavioural measures
obtained inside and outside the scanner.

Across all tasks, subtypes ranged from a predominantly ‘deactivating’ pattern toward
a more ‘activating’ pattern of brain activity, with heritability estimates ranging from 0 to
0.62. We observed high genetic and phenotypic correlation between behavioural measures
and brain activation subtypes only for language and working memory tasks.

Our results showed a significant genetic grounding of brain activation subtypes and
they appear as a simple yet effective technique to tackle heterogeneity into imaging genetic
studies.

Keywords: Task-fMRI, Subtypes, Heritability, Genetic Correlation, Behavioural measures.

1. Introduction
Human actions and interactions are influenced by a hierarchy of factors such as genetic

make-up, environmental influences, culture, individual values and attitudes. Within this
hierarchical system, functional brain organization is an intermediate phenotype, and could
be the key to understanding how factors of nature and nurture drive variations in human
behaviour. Activation maps generated using non-invasive functional magnetic resonance
imaging (fMRI) offer a window into the individual functional organization for a specific cog-
nitive context. It is well established that these activation maps exhibit substantial variability
across individuals (Van Horn et al., 2008), which may explain inter-individual differences in
observable behaviour. However, it is still unclear how this functional brain variability re-
lates to behavioural differences in terms of genetic and environmental influences. The main
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objectives of the present study were to (1) estimate the heritability of brain activation sub-
types, i.e. groups of individuals who reliably share similar activation maps and, (2) to assess
whether these subtypes share their genetic basis with behavioural measures across a broad
range of cognitive tasks.

1.1. Inter-individual differences in brain activation

Task fMRI activation maps exhibit substantial inter-individual differences that likely re-
flect both fundamental differences in the anatomo-functional organization of brain networks,
and differences in cognitive strategies. An early electrophysiological study comparing profi-
cient and poor readers showed that proficient readers had more efficient neural processes, as
reflected by lower power spectra in EEG (Maxwell et al., 1974). In a more recent fMRI study
using a sentence-picture verification paradigm, Miller and colleagues (Miller et al., 2012) ma-
nipulated the use of either verbal or visual strategies in a memory retrieval task in healthy
subjects. They found that larger differences between two individuals in their tendency to
visualize highly imageable word stimuli were associated with larger differences between their
patterns of brain activity across the whole brain. Differences in brain activation related to
either cognitive strategies or individual abilities have been demonstrated across a wide range
of cognitive domains (Heun et al., 2000; Machielsen et al., 2000; McGonigle et al., 2000;
Miller et al., 2009, 2002; Feredoes and Postle, 2007; Seghier and Price, 2009; Seghier et al.,
2008; Parasuraman and Jiang, 2012). Such inter-individual differences in brain activation
have not only been observed for complex cognitive processes but even for simple tasks. For
example, Seghier and colleagues 2016 found that the primary motor cortex was missing from
the group activation map in a motor task, but was visible in nearly 50% of individual activa-
tion maps. Taken together, these observations show that average group activation maps do
not accurately represent the neural systems engaged by the individuals that make up that
group (Lebreton and Palminteri, 2016).

1.2. Brain subtypes

Clustering strategies such as hierarchical clustering have the potential to study the
inter-individual heterogeneity in brain activation. A cluster analysis summarizes the
heterogeneity of brain maps using a finite number of subtypes (See Figure 1). Hierarchical
clustering was for instance applied to aggregate subjects based on the similarity of their
brain activation maps (Kherif et al., 2003), and to identify atypical subjects (Seghier et al.,
2007). Clustering-based subtyping has recently gained popularity for the dissection of
brain heterogeneity, for example the delineation of cortical atrophy subtypes in Alzheimer’s
disease (Badhwar et al., 2019a), and resting-state connectivity subtypes in the autism
spectrum (Easson et al., 2019; Urchs et al., 2020). In the non-clinical domain, some studies
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have linked brain functional subtypes with normal behavioural and demographic measures.
A recent study by Kashyap and colleagues (Kashyap et al., 2019) investigated resting-state
connectivity subtypes of 788 healthy subjects from Human Connectome Project (HCP).
They estimated the common component of each subject from the four resting states runs,
and classified the subjects based on the similarity/dissimilarity of their components. Two
subgroups emerged, one with high similarity and another with high dissimilarity between
components. Both subgroups associated with behavioural measures related to the use of
marijuana, illicit drugs, alcohol, and tobacco, and antisocial personality. Another study
by Smith and colleagues (Smith et al., 2015) showed that a positive-negative mode of
population covariation links brain connectivity, demographics, and behaviour. Finally, a
study by Kirchhoff and Buckner (Kirchhoff and Buckner, 2006) reported that different
cognitive strategies (visual vs verbal) used by subjects in the scanner to perform a memory
task were correlated with distinct brain activation networks. They also found that activity
in brain regions associated with the use of these strategies was also correlated with memory
performance. These studies demonstrate that heterogeneity in brain function exists and
may be characterized as subtypes using unsupervised data mining tools.

Despite the growing literature on resting-state-based brain subtyping, only few studies
explored the potential use of task-based brain subtyping (activation subtpes). Therefore, it
is unclear if activation subtypes could serve as a relevant intermediate phenotype between
genes and behaviour. In particular, are brain activation subtypes genetically driven? And, if
yes, are the same genes driving inter-individual variations in behaviour and brain subtypes?

1.3. Genetic of brain activation subtypes

A quantitative phenotype, or trait, depends on the cumulative actions of many genes and
of the environment. The quantitative genetic analysis uses either family-based quantitative
data or twins-based data to partition the observed covariance among related individuals
into genetic and environmental components. Heritability is defined as the contribution
of additive genetic variance to the total variance of a trait (Falconer et al., 1996) and
can be estimated for any quantitative phenotype. A meta-analysis from imaging genetics
showed that variations in neuroimaging phenotypes, and in particular activation maps, are
substantially (ex: up to 0.75% on visuomotor task) explained by additive genetic factors
(Blokland et al., 2012). Current methods in quantitative genetics to estimate the heritability
of fMRI activation maps, however, suffer from important limitations. The large number of
voxel- and vertex-wise measurements in imaging genetics make heritability estimates very
challenging in terms of computational load and the need to account for multiple testing
(Ganjgahi et al., 2015). Studies that estimated heritability of brain activation tended to
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mitigate multiple comparisons by targeting regions of interest (Blokland et al., 2008, 2011,
2017; Rao et al., 2018; van der Meulen et al., 2018; Chen et al., 2018; Babajani-Feremi,
2017; Pinel and Dehaene, 2013). To our knowledge, there is no study that investigated
heritability of brain activation subtypes in healthy samples. Investigations of the heritability
of brain activation maps will thus benefit from the subtyping approaches reviewed earlier, as
they provide compact summaries of the variations in brain activity across subjects, making
it easier to interpret what specific characteristics of activation maps are under genetic control.

Some studies attempted to estimate whether brain activation maps and behavioural
measures are influenced by similar groups of genes. This concept is called pleiotropy or
genetic correlation between phenotypes. Le Guen and colleagues (Le Guen et al., 2018) used
HCP data to perform bivariate genetic analyses between the fMRI activation maps and fluid
intelligence, as well as the performance of subjects on working memory and language domain
tasks. Regions of the language network along the superior temporal sulcus and the angular
gyrus were significantly genetically correlated with indicators of cognitive performance (fluid
intelligence, working memory, vocabulary comprehension and reading decoding). Rao and
colleagues (Rao et al., 2018) also provided evidence for the genetic correlation between risk-
taking behaviour and risk-related brain activation. Those studies used a voxel-level analysis
on regions of interest in order to estimate the genetic correlation between brain phenotypes
and behavioural phenotypes. In this work we used subtypes weights as brain phenotype to
capture genetic link with behavioural measures.

1.4. Aims and hypotheses

In this work, we aimed to demonstrate the viability of activation subtypes as an
intermediate endophenotype between genes and behaviour. We implemented a clustering
approach to identify subtypes of brain activation in the fMRI tasks of the HCP sam-
ple. Our two main objectives were 1) to test the heritability of these brain activation
subtypes 2) to test the association and shared genetic variance between brain activation
subtypes and a battery of behavioural measures. The clustering technique proceeded
by aggregating individual brain activation maps into a limited number of subtypes.
The similarity between each individual map and each subtype was then estimated with
a continuous subtype weight. Using these subtype weights as a trait, we specifically aimed to:

(1) Test the association of subtypes weights with behavioural measures, collected outside
of the scanner, as well as in-scanner task performance. Our hypothesis was that
the performance of each task would be associated mainly with the brain activation
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subtypes derived from this task, while behavioural measures would be associated with
tasks drawn from a related cognitive domain.

(2) Evaluate if these activation subtypes are heritable, using a twin family design. Our
hypothesis was that subtype of brain activation would show moderate to high heri-
tability.

(3) Quantify the genetic correlation between subtypes of brain activation and behavioural
measures in several domains, as well as with the in-scanner task performance. Our
hypothesis was that these genetic correlations would be moderate to high between
behavioural and brain phenotypes that were related to similar cognitive abilities.

2. Method
2.1. Subjects

We used the S900 data release from the HCP open access database (Van Essen et al.,
2013). The S900 release includes behavioural and imaging data from 897 healthy adult
participants collected August 2012–March 2015, out of which 862 healthy adults (aged
22–35 y) successfully completed at least one of the 7 fMRI tasks. Post quality control, 842
subjects were selected for the analysis - included 278 families (742 individuals), and 100
unrelated subjects. Families were either monozygotic twins (genetically identical, 84 pairs,
168 individuals) or dizygotic/fraternal twins (genetically no more related than ordinary full
siblings, 77 pairs, 154 individuals) and 89 families of non-twin siblings (209 individuals)
(Van Essen et al., 2013).

The HCP sample reflects the ethnic diversity of American families (White non-Hispanic,
Hispanic, Asian and African-American). HCP provides the required ethics and consent
needed for study and dissemination. This study went through further internal institutional
data analysis approval.

2.2. Imaging data

MRI data for the S900 release was collected on a customized Siemens MAGNETOM
Connectom 3T scanner at Washington University. The data is composed of multiple imaging
sessions covering four modalities: structural (T1w and T2w), resting-state fMRI , task fMRI
(tfMRI, 7 tasks) and diffusion MRI (dMRI) (Hodge et al., 2016). In this work we only used
T1w and tfMRI modalities. For T1w images a 32 min was spent acquiring each MPRAGE
image. An MPRAGE sequence with 0.7 mm isotropic resolution (FOV = 224 mm, matrix
= 320, 256 sagittal slices in a single slab), TR = 2400 ms, TE = 2.14 ms, TI = 1000 ms,
FA = 8°, Bandwidth (BW) = 210 Hz per pixel, Echo Spacing (ES) = 7.6 ms, see (Glasser
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et al., 2013) for more detail. For each subject and task, 2 runs of tfMRI time series data
were collected, 1 run in each phase encoding direction, left-to-right (LR) then right-to-left
(RL), with a temporal resolution of 0.73 s and a spatial resolution of 2-mm isotropic, using
a standard 32-channel Siemens coil (Van Essen et al., 2013).

All participants included completed 7 tasks in the MRI scanner - Working Memory
(405 frames/scan), Gambling (253 frames/scan), Motor (284 frames/scan), Language (316
frames/scan), Social Cognition (274 frames/scan), Relational Processing (232 frames/scan),
and Emotion Processing (176 frames/scan) (Hodge et al., 2016).

2.3. Image preprocessing

From HCP S900 data release, we used the unprocessed tfMRI data. Each subject
was preprocessed using the NeuroImaging Analysis Kit version dev-0.14.0 (NIAK3), under
CentOS with Octave4 version 3.8.1 and the Minc toolkit5 version 0.3.18. Analyses were
executed in a high-performance computing environment6, using the pipeline system for
Octave and Matlab (PSOM) (Bellec et al., 2012).

Each tfMRI image was corrected for differences in timing of slice acquisitions; a rigid-
body motion was then estimated using Minctracc (Collins and Evans, 1997) for each time
frame, both within and between runs, as well as between one fMRI run and the T1 scan
for each subject. The T1 scan was itself non-linearly co-registered to the Montreal Neu-
rological Institute (MNI) ICBM152 stereotaxic symmetric template (Fonov et al., 2011a),
using the CIVET pipeline (Ad-Dab’bagh et al., 2006). The rigid body, fMRI-to-T1 and
T1-to-stereotaxic transformations were all combined to resample the fMRI in MNI space at
a 3 mm isotropic resolution. To minimize artifacts due to excessive motion, all time frame
showing an average frame displacement (FD) greater than 0.5 mm were removed (Power
et al., 2012). The following nuisance covariates were regressed out from the tfMRI time
series: slow time drifts (basis of discrete cosines with a 0.01 Hz high-pass cut-off), average
signals in conservative masks of the white matter and the lateral ventricles as well as the first
principal components (accounting for 95% variance) of the six rigid-body motion parameters
and their squares (Giove et al., 2009). Finally, the tfMRI volumes were spatially smoothed
with a 6 mm isotropic Gaussian blurring kernel. A more detailed description of the pipeline
can be found on the NIAK website7.

3http://niak.simexp-lab.org/
4https://www.gnu.org/software/octave/
5http://bic-mni.github.io/
6https://www.calculquebec.ca/
7http://niak.simexp-lab.org/build/html/PREPROCESSING.html
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2.4. Registration and motion quality control

We used a structured visual quality control procedure (Benhajali et al., 2020a) to assess
the registration between the individual T1 scans and the stereotaxic template space, as
well as registration between the individual T1 and the median functional image. The
quality control procedure included a series of key anatomical landmarks and associated
confidence intervals. The quality control procedure is publicly available as a tutorial on the
Zooniverse platform (noa, 2015a). Subjects were excluded from the analysis in cases of failed
coregistration with the template space or were fewer than 100 time points had acceptable
amounts of head motion after scrubbing (see next section). A total of 843 subjects (477
female) passed quality control criteria for inclusion in the analysis.

In scanners head motion is a critical confounding factor in functional MRI and tends to act
as a relatively stable, heritable phenotype (Couvy-Duchesne et al., 2014; Engelhardt et al.,
2017; Couvy-Duchesne et al., 2016). Removing time points affected by large head motion, a
technique known as scrubbing, is efficient at reducing the effect of head motion on fMRI time
series (Caballero-Gaudes and Reynolds, 2017). Average framewise displacement (FD) (Power
et al., 2012) is a summary measure of head displacement throughout an fMRI acquisition, and
can be estimated both before and after scrubbing. We assessed the heritability of average
FD motion measure before and after removal of time frames with excessive motion (time
frames with FD greater than 0.5 mm). Heritability analysis was implemented using the
SOLAR Eclipse software, as described in the dedicated Methods section below. Figure Sup
18 (supplementary material) shows that FD measures before scrubbing had substantial (and
significant) heritability estimates, ranging from 0.22 to 0.52 across tasks, which is consistent
with previous reports (Couvy-Duchesne et al., 2014; Engelhardt et al., 2017; Couvy-Duchesne
et al., 2016). After scrubbing, the heritability estimates of FD ranged from 0 to 0.13 across
tasks. We concluded that using scrubbing as a preprocessing step was beneficial for further
heritability analysis of fMRI activation maps, as it reduced the potential confounding effects
of heritable motion artifacts.

2.5. Task fMRI

2.5.1. Working Memory. N-back tasks were used as follows: the participant was presented
with a series of pictures, drawn from different categories (faces, tools, places and body parts).
Half of the blocks were used for a 2-back memory trial, where the participant was asked to
respond each time whether the current stimulus was the same as the one from two back. The
other half of the blocks were used for a 0-back working memory task, where the individual
had to recognize a single ’target’ for any stimulus during the block.
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2.5.2. Incentive Processing (gambling). Participants played a game of card guessing, and
were asked to guess the number on a mystery card (question mark card) to win or lose
money. The potential number on the mystery card was an integer between 1 and 9. Pressing
one of two buttons, the participants had to guess if the number was over or below 5. A
successful guess was rewarded by 1$, the participants lost 0.50$ for bad guesses, and nothing
for neutral guesses (where the number was exactly 5). The task was presented in blocks of
8 trials that were either mostly reward (6 reward trials pseudo randomly interleaved with
either 1 neutral and 1 loss trial, 2 neutral trials, or 2 loss trials) or mostly loss (6 loss trials
interleaved with either 1 neutral and 1 reward trial, 2 neutral trials, or 2 reward trials). In
each of the two runs, there were 2 mostly reward and 2 mostly loss blocks, interleaved with
4 fixation blocks (15 s each)

2.5.3. Motor. Participants were presented with visual cues that asked them to tap their
left or right fingers, squeeze their left or right toes, or move their tongue, in order to generate
maps of different motor areas. Each block of a movement type lasted 12 s (10 movements),
and was preceded by a 3 seconds cue. In each of the two runs, there were 13 blocks, with 2
blocks of each body part and three blocks of 15 s fixation.

2.5.4. Language Processing. The task consisted of two runs that each interleave 4 blocks
of a story condition and 4 blocks of a math condition. The task was designed so that the
math blocks match the length of the story blocks, without fixation between block transitions.
The story blocks presented participants with brief auditory stories (5–9 sentences) adapted
from Aesop’s fables, followed by asking participants to select the topic of the story among
two alternatives (button press response). The math blocks required subjects to complete
addition and subtraction problems (auditory instructions, and select the right answer among
two alternatives (button press response).

2.5.5. Social Cognition (Theory of Mind). Participants were presented with short video
clips (20 s) of objects (squares, circles, triangles) either interacting in some way, or moving
randomly. Participants were asked to judge whether a social or a random interaction was
happening between these objects on the video. Each of the random and social conditions
had 5 video blocks (2 Mental and 3 Random in one run, 3 Mental and 2 Random in the
other run) and 5 fixation blocks (15 s each).

2.5.6. Relational Processing. In the relational processing condition, participants were pre-
sented with 2 pairs of objects, with one pair at the top of the screen and the other pair at the
bottom of the screen. They were told that they should first decide what dimension differed
across the top pair of objects (shape or texture) and then they should decide whether the
bottom pair of objects also differed along that same dimension.
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2.5.7. Emotion Processing. Participants were presented with blocks of trials that either
asked them to decide which of two faces presented on the bottom of the screen matched the
face at the top of the screen, or which of two shapes presented at the bottom of the screen
matched the shape at the top of the screen. The faces had either angry or fearful expressions.

For more details on tfMRI in the HCP, see Barch and colleagues (Barch et al., 2013).

2.6. Activation maps

For each of the 7 tasks, individual activation maps were extracted from block design
conditions using the statistical analysis toolbox FMRISTAT (Worsley et al., 2003). Different
conditions were included in some of the tasks (e.g. foot, hand and tongue for the motor
task), resulting in a total of 21 conditions. For each of the 7 tasks, the stimuli in the design
matrices were convolved with a hemodynamic response function modelled as a difference of
two gamma functions. Temporal drift was removed by adding a cubic spline in the frame
times to the design matrix, and spatial drift was removed by adding a covariate in the whole
volume average. The autocorrelation parameters were estimated at each voxel and used to
whiten the data and design matrix.

2.7. Subtypes of activation maps and weights extraction

For each of the 21 task conditions, a nuisance regression was applied on stacked acti-
vation maps (Figure 12a). The nuisance aggressors are frame displacement (FD), systolic
blood pressure, diastolic blood pressure (Sys Dias) and body mass index (BMI) (Figure
12b). Then, a subject by subject similarity (Pearson’s correlation) matrix summarized the
between-subject similarity of activation maps (Figure 12c). Next, a hierarchical cluster
analysis was applied on all individual activation maps, which identified homogeneous
subgroups of maps for each condition. Within each activation map subgroup, we estimated
the average activation map across all subgroup members, or subtype map (Figure 12d).

Finally, we computed the spatial similarity (correlation) of each individual activation
map in the discovery sample with each of the identified activation subtypes (Figure 12e).
The estimated spatial correlation coefficient was called the ‘subtype weight’ and each indi-
vidual had a subtype weight for each subtype, ranging from -1 (perfect anticorrelation of the
individual and the subtype map) to +1 (perfect correlation of the individual and subtype
map). The subtype weights represent a continuous measure of similarity between a given
individual activation map and a given subtype map. Unlike discrete assignments made by
the hierarchical clustering, the weights are a soft assignment and can be seen as a dimension
reduction of the individual maps, rather than pure categorical summary. It has been argued
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Fig. 12. Activation subtypes maps generation and weights extraction- a. From
each subject, an un-thresholded statistical parametric map (SPM) is vectorized then stacked.
b. Nuisance regression from stacked SPM (FD: Frame Displacement, Sys: Systolic blood
pressure, Dias: Diastolic blood pressure, BMI: Body Mass Index). c. From the residual
stack, a subject by subject correlation matrix is clustered into subgroups of activation maps
(subtypes). d. Each subtype is represented spatially by a mean activation map of all subjects
within the same cluster . e. Each subtype is represented on the subject level by its weight
(correlation between a vectorized subject activation map and a vectorized subtype map). f.
Individual weights are correlated genetically (ρg) and phenotypically (ρp) with behavioural
measures.

by several prior studies that such continuous summaries are more appropriate than discrete
assignments (Zhang et al., 2016; Badhwar et al., 2019b), and we used the subtype weights
as our primary metric for all subsequent statistical analyses (Figure 12f).

2.8. Clustering Behavioural measures

The majority of out-of-scanner HCP behavioural measures were composed of items from
the NIH toolbox (noa, 2015b). The behavioural measures were categorized into several do-
mains that included measures of alertness, cognition, emotion, personality, motor and sensory
processes in healthy individuals for a total of 74 items (supplementary figure Sup 19 gives
details of individual behavioural measures). Since behavioural measures belonged to differ-
ent categories, we reduced the number of items from 74 into 13 categories using a K-means
clustering technique. Because participants were not statistically independent, but clustered
into families, we first extracted the correlation between each behavioural measure using the
Solar Eclipse polygenic model8. This model allowed us to control for the effect of the family,
8http://solar-eclipse-genetics.org/
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Fig. 13. Behavioural dimensionality reduction- a. A correlation matrix of a collec-
tion of 74 behavioural tests are clustered using k-means. The Silhouette plot shows 4 local
maxima of cluster separation. The 13 clusters cut off are Speed: task reaction time mea-
sures, Physio: physiological measures, Mix2 and Mix1: a mixed category of measures,
Executive: working memory and cognitive flexibility measures, AcadSkil: language and
vocabulary test along with academic completion measure, FluInt: fluid intelligence mea-
sures, SelfReg: working memory and cognitive flexibility measures, PosAff : positive affect
measures, NegAff : negative affect measures, DisorInt: internalized disorders, Somatic:
symptoms, problems or sensory manifestations related to the body, DisorExt: dysregulated
externalized behaviour.

which could otherwise bias the correlation between phenotypes. The number of categories
was derived by a silhouette analysis, that characterized how well separated categories were
for different numbers. The silhouette plot identified 4 local maxima of cluster separation,
and we used the richest cluster solution, featuring 13 categories (see Figure 13). A first set of
categories included behavioural assessments related to negative affect (NegAff), dysregulated
externalized behaviour (DisorExt), symptoms, problems or sensory manifestations related to
the body (Somatic), and internalized disorder (DisorInt). A second set of categories included
physiological measures like blood pressure and body mass index (Physio), as well as reaction
time measures (Speed). The third set of categories included items related to self-regulation
(SelfReg), working memory and cognitive flexibility (Executives), fluid intelligence groups
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(FluInt), language and vocabulary test along with academic completion measure (AcadSkil),
and two mixed categories (Mix1, Mix2). The fourth and final category was composed of
measures related to positive affect (PosAffect), which was identified robustly using 4, 6 or
13 clusters. Overall, the out-of-scanner behavioural assessments collected by HCP seemed
to cluster into 13 easily interpretable categories, and we performed further analyses on the
average scores within each category (after normalization of the scores for zero mean and unit
variance across subjects).

2.9. Phenotype definitions for heritability and pleiotropy estimates

Brain phenotypes: Subtype weight measures were considered as a brain phenotype
since they represented how spatially similar or dissimilar an individual activation map was
to the subtype maps. These subtype weights were used as traits to estimate heritability,
phenotypic correlation and genetic correlation. Each subject had 5 subtypes weights (Figure
12e) for each task condition (total of 105 brain phenotypic measures per subject).

Out-of-scanner behavioural phenotype: We used the 13 clustered out-of-scanner be-
havioural measures (Figure 13) to first estimate their heritability, and then to associate with
brain phenotypes (subtypes weights) in terms of phenotypic correlation followed by genetic
correlation (See supplementary material figure Sup 19 for detailed individual behavioural
measures).

In-scanner tasks performance phenotype: In-scanner tasks performance (15 measures)
were also used to estimate heritability and to associate with brain phenotypes. For each task
condition, we used the in-scanner accuracy measure and the reaction time, except the motor
one which does not have accuracy measure. Supplementary Table 1 shows the complete list
of in-scanner task performance measures used in this study.

2.10. Univariate analysis of additive genetic variance.

For the heritability estimates, we used the Sequential Oligogenic Linkage Analysis Rou-
tines (SOLAR) Eclipse software package 9). SOLAR uses maximum likelihood variance
decomposition methods. The covariance matrix Ω for a pedigree is given by equation (1):

Ω = 2 · Φ · σ2
g + I · σ2

e (2.1)

Where σ2
g is the genetic variance due to the additive genetic factors, φ is the kinship matrix

representing the pairwise kinship coefficients among all individuals, σ2
e is the variance due

to individual — unique environmental effects and measurement error, and I is an identity
9http://www.nitrc.org/projects/se_linux
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matrix (under the assumption that all environmental effects are uncorrelated among family
members). Narrow sense heritability is given by equation (2.2) and is defined as the fraction
of phenotypic variance σ2

p attributable to additive genetic factors:

h2 = σ2
g/σ

2
p (2.2)

The variance parameters are estimated by comparing the observed phenotypic covariance
matrix with the covariance matrix predicted by kinship (Almasy and Blangero, 1998) .
Significance of the heritability estimate is tested by comparing the likelihood of the model
in which σ2

g is constrained to zero with that of a model in which σ2
g is estimated. Twice

the difference between the log-likelihoods of these models yields a test statistic, which is
asymptotically distributed as a 1/2:1/2 mixture of χ2 variables with 1 degree-of-freedom
and a point mass at zero. Prior to the heritability estimation, all phenotype (brain and
behavioural phenotypes) were adjusted for covariates including sex, age and FD. Inverse
Gaussian transformation was also applied to ensure normality of the distribution. Outputs
from SOLAR included the heritability estimate (H2r), the significance value (p), and the
standard error for each trait (SE).

2.11. Bivariate genetic analyses

We used equation (2.3) to simultaneously quantify the shared genetic variance and the
phenotypic correlation between brain phenotypes (weights) and behavioural measures (in
and out-of-scanner behavioural measures). To assess this relationship, we used SOLAR,
relying on the following model:

ρp =
√
h2

a

√
h2

b · ρg +
√

1− h2
a

√
1− h2

b · ρe (2.3)

Where Pearson’s phenotypic correlation ρp is decomposed into ρgandρe. ρg is the pro-
portion of variability due to shared genetic effects and ρe that due to the environment, while
h2

a and h2
b correspond to the previously defined narrow sense heritability for phenotypes a

and b, respectively. In our case, one corresponds to the heritability of subtypes weight while
the second is the heritability of one of our behavioural scores.

3. Results
3.1. Activation maps for each of the 7 tasks have good face validity

are consistent with previous studies

Activation group maps from each task condition showed the expected pattern of acti-
vation/deactivation related to each condition, and were visually similar to HCP maps from
an introductory paper on tfMRI that were generated on a subset of the sample used here,
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and a different preprocessing strategy (Barch et al., 2013). Due to space limitations, we
report here only activation maps for the Motor and Language tasks, (see Supplementary
Material Figure Sup 20 for all of the 7 tasks). In the Motor task, group functional activation
patterns had cortical activation peaks located in the primary sensorimotor cortex, with a
gradient of activation along the central sulcus that followed know principles of somatotopic
organization: tongue in medio-dorsal position, hand in the area located next to the superior
frontal sulcus, and foot in ventral position. Importantly, cortical activation peaks were lo-
cated in the left hemisphere for right foot or hand movement, and in the right hemisphere,
for left foot or hand movement, replicating the known decussation of motor cortico-spinal
tract. These observations were all consistent with previous works (Grodd et al., 2001). The
language group activation map (contrast of story condition against math condition) revealed
a large fronto-temporo-parietal system, mostly left lateralized, with prominent activation in
Brodman’s areas 44/45 (Broca’s area, associated with language production) and Brodman’s
area 22 (Wernicke’s area, associated with language comprehension), as well as the medial
temporal cortex and the temporal pole, in accordance with previous descriptions of the lan-
guage network (Price, 2012). Overall, the group-level activation maps identified distributed
brain networks with excellent biological plausibility, and were consistent with previous re-
sults from the literature, including those which directly examined HCP data using different
analytical choices.

3.2. Individual activation maps cluster in subgroups with similar
spatial distribution

We clustered the individual activation maps for each fMRI task condition separately
in order to form subgroups of individuals that share similar spatial distribution within
the same fMRI task condition. A subtype map was defined as the average activation
map of each subgroup (Figure 1d). Figure 14 shows the 5 subtypes for the language and
working memory tasks along with the group activation maps, which is the grand mean
of all available subjects. For the language task (Figure 14a), the group map revealed a
typical fronto-temporo-parietal system, but the subtype maps showed systematic deviations
from this pattern. Subtype S1 exhibited stronger activation of fronto-parietal cortices, and
underactivation of the bilateral temporal cortices, which mirrored the grand mean. Subtype
S2 showed hyper activation of the temporo-parietal junction, along with smaller clusters
along the bilateral superior temporal gyri and inferior frontal gyri. Subtype S3 closely
resembled S1. Subtype S4 showed a high activation cluster in the superior occipital and
superior parietal lobes, while deactivating the main regions of the grand mean. Subtype
S5 showed similarity to the grand mean, and was thus composed of subjects who shared
a prototypical spatial distribution of activation, yet more strongly activated these regions

78



Fig. 14. Subtypes of activation maps - a: Language subtypes - The grand mean for
the language statistical parametric maps revealed a cluster of high activation in the superior
temporal gyrus during the “Story minus Math” condition. Subtype maps 1 to 5 (S1-5) was
defined as the average map of each subgroup or cluster. Subtypes show systematic deviation
from the grand mean that range from a predominantly ‘deactivating’ pattern toward a more
‘activating’ pattern of brain activity b: Working memory subtypes - The grand mean for
the working memory statistical parametric maps revealed a cluster of high activation in the
shows bilateral activation in the superior frontal gyrus, middle frontal gyrus, inferior frontal
gyrus and the inferior parietal lobule during the “0-Back minus 2-Back” condition. Subtype
maps 1 to 5 (S1-5) was defined as the average map of each subgroup or cluster. They show
activation and deactivation patterns along the superior frontal gyrus (BA 6), middle frontal
gyrus (BA 9 and 10), inferior frontal gyrus (BA 47) and the inferior parietal lobule (BA 40).

than other subjects.

For the working memory task (Figure 14b), subtypes showed bilateral activa-
tion/deactivation in the superior frontal gyrus (BA 6), middle frontal gyrus (BA 9 and
10), inferior frontal gyrus (BA 47) and the inferior parietal lobule (BA 40). The difference
observed within subtypes from the same task are highlighted by the difference of activation
or deactivation within these brain regions. For example, subtypes S1 and S2 are mirrored
versions of the grand mean activation map of the working memory task, while subtypes S3
and S4 present the same pattern of activation as the grand mean with slight difference in the
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intensity. Overall, group activation maps appeared to be an aggregation of heterogeneous
activation subgroups. This conclusion generalized to all tasks, and is illustrated in more
detail in the supplementary material figure Sup 20 for the remaining 5 tasks.

Fig. 15. Phenotypic correlation between brain subtypes and behavioural mea-
sures - a: Correlation between language subtypes and in-scanner task perfor-
mance. The highest correlation estimates are between the language task accuracy (LanAcc)
measure and subtypes weights (S1-S5). See supplementary material Table 3 for a list of ab-
breviations used for the in-scanner task performance. b - Correlation between language
subtypes and out-of-scanner behavioural measures: The highest correlation estimates
are between the academic skills (AcadSkil) behavioural cluster and subtypes weights. See
supplementary material figure Sup 19 for a list of abbreviations used for the behavioural
clusters. c - Correlation between working memory subtypes and in-scanner task
performance. The highest correlation estimates are between the working memory task ac-
curacy measures and all subtypes weights. d - Correlation between working memory
subtypes and out-of-scanner behavioural measures. The highest correlation estimates
are between the academic skills (AcadSkil) behavioural cluster and all subtypes weights.

3.2.1. Language and working-memory subtypes weights associate with Behavioural phe-
notypes. We associated subtypes weights from the 7 tasks with behavioural measures, col-
lected both inside and outside the scanner. Only the weights of the language and the working
memory task subtypes showed significant correlations with behavioural phenotypes (See fig-
ures Sup 20 and Sup 20 in supplementary material). Notably, subtype weights of both
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tasks associated most strongly with performance during these tasks inside the scanner. For
example, the language subtype weights showed the highest association with language accu-
racy performance (figure 15a), and the working memory subtype weights associated most
strongly with working memory-related task performance (figure 15c). Subtypes weights were
also associated with meaningful outside-of-the-scanner behavioural measures. For example,
subtype weights of the language task associated most strongly with the cluster of academic
skills (figure 15b), and working memory subtype weights associated most strongly with clus-
ters of fluid intelligence, Mix1, academic skills and executive measures (figure 15d). None of
the remaining tasks subtype weights showed significant correlation with their corresponding
in-scanner task performance (see supplementary material figures Sup 20 and Sup 20).

3.3. Heritability of subtypes weights ranges from weak to strong

We then estimated the heritability of brain subtypes weights. We first quantified the
intersubject spatial similarity (correlation) between individual activation maps for all MZ
twins, DZ twins, sibling pairs and unrelated pairs of subjects, separately. The similarity
measures ranged from r = 0.05 — 0.25, with a marked variability between tasks. The tasks
with the highest inter-subject similarity (social, language, working memory, relational, emo-
tion) showed a clear dosage effect of shared genetics (MZ > DZ > siblings and unrelated, see
figure 16a), suggesting genetic control over activation maps. We then tested the heritability
of subtypes weights. Significant estimates of additive genetic components were found on
subtype weights for all 7 tasks. The heritability strength varied widely across tasks, from
close to h2 = 0 — 0.62 (see figure 16b). Some tasks had all associated subtypes highly
heritable, e.g. the language task presented the strongest heritability estimates, above h2 =
0.6 for all 5 subtypes, followed by relational, working memory and social tasks. As expected,
these activation tasks were also the ones with the highest inter-subject spatial similarity of
activation maps and the clearest dosage effects. The gambling task presented the lowest
estimate of heritability among all 7 tasks, particularly on the win versus loss contrast (h2 =
0 — 0.18, Figure 5b). The same task also presented the lowest intersubject correlation (r =
0.05 — 0.08, Figure 16a). Overall, some subtypes weights were found to be highly heritable,
and the level of heritability was markedly heterogeneous across tasks and across subtypes.

3.4. In-scanner and Out-of-scanner behavioural measures are her-
itable

Before testing for shared genetic control over brain activation and behaviour, we tested
for genetic control over behavioural measures alone. Both in-scanner and out-of-scanner
behavioural measures showed significant estimates of additive genetic effects. Regarding
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Fig. 16. Heritability estimate - a: Similarity between activation maps by re-
lationship. Average correlation of brain activation maps between pairs of MZ twins, DZ
twins, siblings and unrelated individuals. The magnitude of correlations varied substantially
across task domains, but a dosage effect was observed in almost every task, with correla-
tion for MZ twins greater than DZ twins, greater than siblings or unrelated individuals. b:
Heritability of subtype weights for all HCP tasks. Significant heritability was iden-
tified for the 7 HCP tasks: gambling task (W: Win, L: Loss, W-L: Win vs Loss), language
task (S-M: Story vs Math), motor task (LH: Left Hand, LF: Left Foot, T: Tong, RF: Right
Foot, LF: Left Foot), social task (Mt: Mental, Mt-R: Mental vs Random), working memory
task (2B: 2-Back, 0B: 0-Back, 2B-0B: 2-Back vs 0-Back). Relational task (M: Match, R:
Relational, M-R: Match vs Relational) and the emotional task (F-N: Fear vs Neutral). Each
task condition was represented by 5 subtypes’ weights. Heritability estimate (H2r) on these
subtype weights ranged from 0 to 0.62. c: Heritability of in-scanner task performance.
Heritability ranged from 0.12 to 0.57 with the highest estimates for working memory and
relational accuracy scores. See supplementary material Table 1 for a detailed description of
in-scanner behavioural labels. d: Heritability of out-of-scanner behavioural clusters.
Heritability ranged from 0.15 to 0.75 with the highest estimate for academic skills (AcadSkil).
See supplementary material figure Sup 19 for a list of abbreviations used for the clustered
behavioural measures.
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the in-scanner performance measures, the highest heritability measures were for the rela-
tional task (h2RelAcc = 0.57) and working memory task (h2WM2bkAcc=0.57), while the
heritability of the remaining measures ranged from h2 = 0.12 — 0.5 (lowest SocRand), see
Figure 16c. Among the out-of-scanner behavioural skills, the Academic skills subgroup had
the highest heritability estimate (h2AcadSkil= 0.77), followed by Mix1 (h2Mix1= 0.52) and
SelfReg (h2SelfReg = 0.50). The remaining subgroups had heritability estimates ranging
from h2 = 0.12 — 0.40 (lowest Mix2), see Figure 16d.

Fig. 17. Genetic correlation between brain phenotypes and behavioural pheno-
types. a - Genetic correlation between language subtypes and in-scanner be-
havioural tests: The highest genetic associations are between the working memory reac-
tion time and the five language subtypes weights. See supplementary material Table 1 for
a list of abbreviations used for the in-scanner task performance. b - Genetic correlation
between language subtypes and out-of-scanner behavioural measures. All five
language subtypes weights are genetically correlated with Executive function behavioural
cluster, but the highest genetic correlation is between Mix2 and subtypes S1,S3 and S5 (ρgS1
= -0.5, ρgS3= -0.5 and ρgS5= 0.5). See supplementary material figure Sup 19 for a list of
abbreviations used for the behavioural tests. c - Genetic correlation between working mem-
ory subtypes and in-scanner behavioural tests. Working memory subtypes are genetically
correlated with all tasks either with reaction time or accuracy measures. Genetic correla-
tion range from -0.8 to 0.7. d - Genetic correlation between working memory subtypes and
out-of-scanner behavioural measures: Genetic correlation estimate between working memory
subtypes weights and out-of-scanner task performance shows the highest value for Executive
function behavioural cluster followed by academic skills.
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3.5. Subtypes weights are genetically associated with behaviour

We performed a bivariate genetic analysis to quantify the shared genetic influence
(genetic correlation) between subtypes weights for each of the 7 tasks and the behavioural
measures inside and outside the scanner. We found significant genetic correlations between
the subtypes weights and behavioural measures, especially for the language and working
memory tasks (Figure 17), that we report in this section. Other genetic association tests
are reported in Supplementary Material Sup 20 and Sup 20.

Figure 17a summarizes the genetic correlation between the language brain activation
subtype weights and in scanner task performance. The five language subtypes showed
significant shared genetic variance with in-scanner language performance (LanAcc, ρg

= -0.4 — 0.3), Emotional task reaction time (EmoRT, g = -0.4 — 0.4) and working
memory reaction time (WM0bkRT, ρg = -0.5 — 0.5). Figure 17b shows the genetic
correlation between the language subtype weights and out-of-scanner behavioural clusters.
The behavioural measures of executive functions were genetically correlated with all 5
subtype weights (ρg = -0.3 — 0.4), and the AcadSkil behavioural measures were genetically
correlated with weights of 4 of subtypes (AcadSkil,ρg = -0.4 — 0.4). Mix2 (sensory-motor
and emotion) showed the highest genetic correlations with subtypes S1, S3 and S5 (ρgS1=
-0.5, ρgS3= -0.5 and ρgS5= 0.5), yet this behavioural subtype was not highly heritable (h2 =
0.12). Finally, subtype weight S4 of the language task (figure 17b) shared genetic influences
with 6 of the behavioural clusters (SelfReg, FluInt, Mix1, AcadSkil, Executive and Physio).

The five working memory subtypes weights (figure 17c) also showed significant shared
genetic variance with in-scanner language (LangAcc,ρg= -0.7 — 0.7), relational (RelAcc,
ρg = -0.6 — 0.6) and working memory 2back (WM2bkAcc, ρg = -0.6 — 0.7) tasks
performances. Figure 17d shows genetic correlation between the working memory subtype
weights and clusters of out-of-scanner behavioural measures. Executive, AcadSkil and Mix1
behavioural clusters were genetically correlated with all 5 WM subtype weights (-0.8 to 0.7).
The remaining tasks did not present any significant associations between subtype weights
and other behavioural measures inside and outside the scanner.

In summary, we found moderate to strong genetic associations between brain subtypes
weights and behavioural measures (in-scanner and out-of-scanner). These associations were
particularly strong only for the language and working memory subtypes weights. Subtypes
weights from the remaining tasks did not reach significant associations with behavioural
measures inside and outside the scanner.
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4. Discussion
The goal of this work was to identify subtypes of brain activation and test their phe-

notypic and genetic association with behavioural measures. Our results demonstrated that
subtypes were moderately to highly heritable. Only the language and working memory sub-
types associated with behavioural measures, phenotypically and genetically. Our findings
emphasize the importance of considering both inter-individual differences and commonali-
ties for the understanding of task-related brain activation, and call into question the validity
of using group averages of brain activation patterns.

4.1. Brain subtypes are associated with Behavioural measures

Unsupervised clustering methods are a practical means of characterizing heterogeneous
data by delineating homogeneous subpopulations. Subtyping has been predominantly
applied to investigate brain subtypes linked to brain disorders but little is known about
brain subtypes in a healthy population. Our results on subtypes of brain activation in a
healthy sample show that we could distinguish subtypes of similar brain activation with
good face validity. Moreover, the weights of these subtypes were shown to be correlated with
some behavioural measures. Our results on brain activation subtype are hardly comparable
with studies that used group activation maps, but some consistency could be observed in
terms of the core regions activated in both studies. For example, in the comprehension
language task, our results replicated involvement of bilateral temporal areas in speech
comprehension, which has been shown in prior studies (Hickok and Poeppel, 2007). As
expected, the superior temporal gyrus/sulcus and medial temporal gyrus were involved in
narrative comprehension symmetrically in both hemispheres (AbdulSabur et al., 2014) in
the group activation map (see figure 14a grand mean). The 5 subtypes of the language
task also presented resemblance with the group average map with marked differences in
the combination of regions activated or deactivated that is specific to each subtype. For
example, in figure 14a, S1 and S5 are mirrored versions of one another and show opposing
association with in-scanner language task performance measures (figure 15a, correlation for
S1=-0.2 and S5=0.2).

In this study, only the language and working memory subtypes were associated with a
set of behavioural measures. The language subtypes showed the highest correlation with
in-scanner performance accuracy for the language task (correlation range from -0.25 to 0.3).
Le Guen and colleagues found the same associations between the median activation of the
contrast STORY-MATH maps from HCP language task and the behavioural measure inside
the scanner (RoP, range from -0.23 to 2.28). They also found correlation with behavioural
measures like fluid intelligence, working memory, vocabulary comprehension and reading
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decoding (correlation range from -0.25 to 0.25). Their results are consistent with our finding
about the correlation on subtypes of language and clustered behavioural measures (figure
14b). Figure 14b shows that language subtypes are associated mostly with AcadSkil clusters
(correlation range from -0.3 to 0.2) but less with fluid intelligence cluster (correlation =
0.1). Since our behavioural measures are clustered, it is hard to make a direct comparison
with other studies that used HCP behavioural measures to associate with brain activation.
Nevertheless, we still find some concordance in the association between some behavioural
phenotype and brain phenotypes for language and working memory tasks. For the working
memory task, group activation maps (figure 14b, Grand mean) showed typical activation
in bilateral dorsal and ventral prefrontal cortex, dorsal parietal cortex and dorsal anterior
cingulate. Further, we also see deactivation in the default mode network, including medial
prefrontal cortex, posterior cingulate, and the occipital-parietal junction, same as shown in
the HCP Consortium paper for task activation (Barch et al., 2013). The working memory
subtypes also resemble the grand mean but with notable differences in the combination of
activation and deactivation for the above-mentioned regions. As we mentioned above for
language subtypes, it is hard to compare our working memory subtypes to other studies since
they used group activation maps. Nevertheless, our results for working memory subtypes
are consistent with Miller and colleagues (Miller et al., 2009) who used memory retrieval
tasks on 14 subjects and looked at intra and inter-individual variability in brain activation
patterns. They found that activity patterns of the same individual performing different
tasks were more similar than activity patterns of different individuals performing the
same task. They also found that individual differences in decision criteria on a recognition
test predicted the degree of similarity between any two individuals’ patterns of brain activity.

Our working memory subtypes also showed phenotypic association with behavioural mea-
sures. In-scanner task performance showed the highest associated with working memory
reaction time and accuracy (figure 4c), which is consistent with results from Saliasi (Saliasi
et al., 2014) and colleagues who found higher BOLD response in the VLPFC was associated
with increased performance accuracy in older adults, in both the baseline and the more com-
plex task condition. Literature on association with working memory brain activation and
behaviour, mostly found age-related difference (Yaple et al., 2019). In our study, we cannot
test significant age differences since age in the HCP sample ranges from 22 to 35, which is
considered a young adult. But we did find associations with behavioural measures outside
the scanner. These associations were mainly composed of measures related to cognitive func-
tioning (fluid intelligence, academic skills and executive functions). To our knowledge this is
the first study showing association between brain activation from the n-back memory task
and behavioural measures outside the scanner. The remaining 5 task activation subtypes
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(motor, relational, gambling, emotional and social) did not show any association either with
task performance or with any behavioural measures.

4.2. Heritability of brain subtypes and Behavioural measure

Our results showed that most subtypes of brain activation from the 7 tasks had moderate
to high genetic influence. The language task showed the highest heritability estimate (mean
h2 = 0.52) which is in line with previously reported non-imaging studies on heritability of the
language ability (Stromswold, 2001). A meta-analysis of the available evidence concerning
a genetic basis for language (Stromswold, 2001) concluded that genetic factors continue to
be a predictive element of language ability into adulthood. Brain imaging heritability of
language studies likewise indicates a large heritability. We found that superior temporal
gyrus and sulcus, inferior frontal gyrus, supplementary motor area, medial superior frontal
gyrus, precuneus and middle frontal gyrus were overall highly activated in the 5 subtypes of
the language task and these subtypes were heritable. This is in line with previous findings
on the heritability of the HCP language task activation maps. Le Guen and colleagues
2018, using the 900 release of HCP, found heritability of language brain activation to
range from 0.22 to 0.55 in brain areas overlapping with our study. Abbas Babajani-Feremi
((Babajani-Feremi, 2017) also found high heritability for HCP language tasks (h2 = 0.36).
Although our own heritability estimates are higher (h2 = 0.52), we should note that there is a
difference on the nature of brain phenotype used (subtypes weights vs voxelwise heritability).

For working memory brain activation subtypes, heritability (0.38 to 0.46) is in line with
previous studies showing that a significant proportion of the variance in working memory
activation maps may be attributed to genes (Blokland et al., 2011, 2017). These studies
from Blokland and colleagues used voxelwise heritability estimate on the region of interest
and showed that there is a significant and substantial genetic influence on working memory
task-related activation across the brain, with genes accounting for up to 65% of the variance,
averaging 33%. For the social, emotional, gambling, motor and relational tasks, we are
not aware of any fMRI studies that estimated heritability of activation maps using these
same tasks as HCP one. Nevertheless, in the social and gambling domains, some studies
explored heritability of task activation fMRI. Van der Meulen and colleagues 2018 showed
that children experiencing self-inclusion was associated with activity in anterior cingulate
cortex, insula and striatum, but this was not significantly explained by genetics or shared
environment. Our results for the social task (mental minus random contrast) showed low to
high heritability estimates (0.1 to 0.55), depending on the subtype. This difference between
our study and Van Der Meulen results could be attributed to the nature of social tasks
used. Our study used a social task designed to capture the neural correlates of theory of
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mind, while the other study was interested in social inclusion/exclusion aspects. For the
gambling task, Rao and colleagues 2018 investigated the heritability of risk taking and
the genetic influence on individual variation in risk-related brain activation. They used a
balloon analogue risk task to assess individual risk-taking behaviour in a sample of 244
pairs of young adult twins. They found that there was a moderate heritability (41%) of
risk taking. Their results were consistent with only two subtypes (S4 win condition and
S1 loose condition, figure 14a), the other subtypes had lower heritability estimates. This
difference between their results and our results could be, first, attributed to the difference
in tasks used and second, our gambling task showed the lowest intersubject correlation
between individual brain maps compared to the other tasks. This lack of correlation may
be interpreted as the gambling task used in HCP is less engaging than the other tasks. This
phenomenon is largely revealed by the field of neuro-cinematic, where studies use movies as
a stimulus for the tfMRI, see (Hasson et al., 2008).

Our results on heritability of behavioural measures are also consistent with the litera-
ture. For the out-of-scanner behavioural measures, a previous study (Han and Adolphs, 2019)
identified nine latent factors among the HCP behavioural measures (positive social ability,
negative affect, general intelligence, self-regulation, attention and processing speed, agree-
ableness, self-efficacy, language and communication, and competitiveness). The estimated
heritability for these nine latent factors ranged from 0.1 to 0.6, using Falconer’s formula.
Their results are close to our findings, since we also reduced dimensionality of our data and
found 13 latent variables (out of 74 measures) and found heritability that ranged from 0.2
to 0.8. In-scanner task performance heritability estimates were also consistent with studies
that used the same HCP data (Le Guen et al., 2018; Babajani-Feremi, 2017).

4.3. Genetic correlation between brain subtypes and Behavioural
phenotypes

The last goal of this work was to estimate the shared genetic influence between brain
phenotypes and behavioural phenotypes. Our results showed significant genetic correla-
tion between brain phenotypes and behavioural phenotypes. Le Guen and colleagues 2018
used HCP data to perform bivariate genetic analyses between the neural activation of the
language task and behavioural scores, corresponding to the fMRI task accuracy, fluid intelli-
gence, working memory and language performance. They observed that several parts of the
language network along the superior temporal sulcus, as well as the angular gyrus belonging
to the math processing network, are significantly genetically correlated with these indicators
of cognitive performance. Their findings are consistent with our result of genetic correlation
between brain activation and behavioural measures. We both found significant association
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between language brain phenotypes and in scanner language task performance accuracy,
and with cognitive abilities. In addition we found that some of our language subtypes were
also associated with task performances and reaction time from other non-language tasks,
namely the working memory, emotional social and the relational tasks. The same genetic
association also happened between working memory brain phenotypes and behavioural ones.
The observed genetic correlation between brain and behavioural phenotypes in this work
shed light on the genetic root of individual variability. Subtypes are shown to have shared
genetic aetiologie with behavioural measures. Our results are a step forward to understand
the nature of inter-individual brain variability in relation to behavioural manifestation and
their genetic link.

4.4. Cognitive factors underlying brain subtypes?

There are many possible factors that could be contributing to individual heterogeneity in
brain activity, including individual differences in cognitive processing, psychological states or
traits, physiology, anatomy, personality, and genetics. Kirchhoff and colleagues 2006 tested
the neural correlates of different memory encoding strategies and found that self-reported
use of strategies did capture significant variation in memory performance and regional brain
activity. This suggests that different cognitive strategies used by the individuals to execute
a given task may be reflected by homogeneous subgroups of activation patterns. Our finding
on the correlation between subtypes and behavioural measures supports that hypothesis, in
which brain phenotype (only for the language and working memory task) associated with
the task performance of the related task. For example, in the language task (figure 15a),
subjects who exhibited spatial brain activation patterns similar to the subtype activation
map S1 have positively correlated behavioural scores of the in-scanner language task, while
subjects who exhibited brain activation patterns similar to subtype 2 (S2), have negatively
correlated behavioural scores for the in-scanner behavioural language task. We can speculate
that subjects associated with subtype 1 have used different cognitive strategies to perform
the language task compared to subjects associated with subtype 2. This strategy shifting and
differences in normal population could be extended to brain disease studies. For example, is
it possible that certain subtypes are more at risk for a specific brain disorder and are indeed
using a less efficient cognitive strategy to get the task done. More direct characterization of
cognitive strategies employed during tasks will be needed to shed more light on the cognitive
and physiological basis of interindividual heterogeneity in brain activation.

4.5. Limitations

This study has some limitations. First, in this work we made the choice of preprocessing
the HCP data and not using the HCP preprocessed data mainly to implement motion
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censoring. Since head motion is highly heritable, we opted for using the scrubbing method
to ensure that time points with excessive motion are removed. Figure Sup 18 in the
supplementary material shows the decreased heritability estimate of head motion after
applying scrubbing. Despite our efforts to reduce the effects of head motion, we still need to
be careful in the interpretation of our result, since some effects of head motion may remain
in the data and bias heritability estimate (Bolton et al., 2020).

Second, in this work, we could not accurately estimate the effect of the shared environ-
ment between siblings, since HCP did not provide the household information necessary to
model it. We opted for using the mother ID as a household ID. This is not ideal, since split
families (ex: divorced) are still considered to share the same familial environments, which is
not necessarily the case. Our heritability estimates could be slightly overestimated for that
reason.

Third, we should caution about the possibly limited generalizability of our study since
the majority of participants were Caucasian (European origin). HCP did offer information
about the ethnicity of the participants but this information was not sufficient to use as
confounding elements in our analysis.

4.6. Future directions

The recent efforts in associating subpopulation of brain disorders and brain patterns has
led to a shift in the way we conceive a disease. These studies helped clarify the marked
heterogeneity that exists in psychiatric illnesses by associating structural and functional
subtypes with different clinical diagnostics for the same disorder. Studies showed significant
associations between brain subtypes from structural measures and clinical diagnosis, but
they lacked the explanation behind these associations. Our work on healthy populations
could explain better the nature of those subgroups in the normal population by pointing to
the biological underpinning of their manifestation, and their relationship with behaviour. As
a future direction, one could compare the distribution of the subtypes of activation maps
with gene expression in the Allen brain atlas (Sunkin et al., 2013). A work by Grasby 2020
and colleagues explored a similar relationship by associating between cortical thickness and
neurological, psychological, and behavioural traits. The highly polygenic architecture of
the cortex suggests that distinct genes are involved in the development of specific cortical
areas. Moreover, they found evidence that brain structure is a key phenotype along the
causal pathway that leads from genetic variation to differences in general cognitive function.
Similar work could be performed by focusing on the functional organization of brain maps
from subtypes. The results will help make sense of the relation between subtypes of brain
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activation, genetic and behavioural measure in our work. This will guide other studies on
brain disorder, and what variables are worth looking for to explain subgroups of the same
disease and their relation to behavioural phenotypes.
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Supplementary material

Fig. Sup 18. Heritability of framewise displacement (FD) measure before and
after scrubbing on the 7 tasks. WM: working memory, SOC: social, REL: relational,
MOT: motor, LAN: language, GAM: gambling and EMO: emotional. Heritability of FD
was estimated before and after scrubbing to shows how motion reduction used in this paper
is efficient in reducing the heritability estimate that is known to affect further estimate of
heritability on brain phenotypes.



Table 3. In-scanner task performance description - In-scanner accuracy and reaction
time measures used in this study.
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Fig. Sup 19. Behavioural measures clusters. Group activation maps for motor
and language tasks - 74 behavioural test are clustered using k-means. The dendrogram
show 13 clusters cut off that are Speed: task reaction time measures, Physio: physiological
measures, Mix2 and Mix1: a mixed categories of measures, Executive: working memory
and cognitive flexibility measures, AcadSkil: language and vocabulary test along with aca-
demic completion measure, FluInt: fluid intelligence measures, SelfReg: working memory
and cognitive flexibility measures, PosAff: positive affect measures, NegAff: negative af-
fect measures, DisorInt: internalized disorders, Somatic: symptoms, problems or sensory
manifestation related to the body, DisorExt: dysregulated externalized behaviour.
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Fig. Sup 20. Group activation maps for the 7 HCP tasks - Emotion task: Group
activation maps for neutral condition (Neut), fear condition (Fear) and the contrast Neut
vs Fear. Working memory task: Group activation maps for 0-back (0bk), 2-back (2bk) and
the contrast 0bk vs 2bk. Gambling task: Group activation maps for win (Win), loss (Loss)
and the contrast Win vs Loss. Relational task: Group activation maps for Match, relational
(Rel) and the contrast Match vs Rel. Social task: Group activation maps for Mental, random
(Rnd) and the contrast Mental vs Rnd. Motor task: Group activation maps for left hand
(LH), right hand (RH), left foot (LF), right foot (RF), tongue (T), contrast RF vs LF and
contrast RH vs LH. Language task: Group activation maps for story.
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Fig. Sup 20. Task activation subtypes: Fives subtypes maps (S1 to S5) for each of
the social, motor, emotion, gambling and relational tasks. Working memory and language
subtypes are shown on the manuscript figure 14
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Fig. Sup 20. Genetic and phenotypic correlation for in-scanner behavioural per-
formance: Left column represents genetic correlation between in scanner behavioural perfor-
mance and brain subtypes weights. Right column represents phenotypic correlation between
in scanner behavioural performance and brain subtypes weights.
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Fig. Sup 20. Genetic and phenotypic correlation for in-scanner behavioural per-
formance: Left column represents genetic correlation between in scanner behavioural perfor-
mance and brain subtypes weights. Right column represents phenotypic correlation between
in scanner behavioural performance and brain subtypes weights.
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Abstract.
Brain activation maps have been shown to exhibit high heritability estimates, using

functional magnetic resonance. These works examined a range of different tasks indepen-
dently. However little is known about common genetic influence on brain activation across
different cognitive tasks.

We used the Human Connectome Project (HCP) fMRI task dataset, featuring 7
cognitive domains and 842 participants. We first grouped brain maps into subtypes of
activation maps that share the same brain activation patterns. Then we estimated the
genetic correlation between brain subtypes across tasks, as well as their association with
behavioural measures.

Our results showed a high genetic correlation between brain subtypes from different
cognitive domains as well as modular organizations of these shared genetic influences. Two
main modules (meta-subtype) emerged that associate with behavioural measures, more
genetically and phenotypically than environmentally. Finally, each module is linked either
to a positive or negative dimension of behavioural measures.

These two dominant gradients of genetic influence on brain activation seem to be linked
either to a positive or negative dimension of behavioural measures. Future work could link
these gradients to gene expression.
Keywords: Task-fMRI, Subtypes, Heritability, Genetic Correlation, Behavioural measures.

1. Introduction
Brain function is highly variable across individuals, and driven in large part by genetic

factors (Polderman et al., 2015). Modes of this variation (“subtypes”) can be identified
across individuals using cluster analysis (Drysdale et al., 2016). In previous work, we
extracted brain subtypes for each of the 7 Human Connectome Project (HCP) fMRI tasks
(Benhajali et al., 2020b). We investigated each task separately and we found that subtype
membership for a given task has a strong genetic basis and is linked to behavioural measures
inside and outside the scanner. In the present work, we question whether there is link
across subtypes from different tasks and domains. We specifically aimed to explore subtypes
between the 7 HCP tasks by (1) testing whether a genetic link between subtypes from
unrelated cognitive domains (meta-subtypes) exists, and to (2) measure the association
between meta-subtypes and behavioural measures.
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1.1. Inter-individual differences in brain activation and brain acti-
vation subtypes

Task activation maps exhibit substantial inter-individual differences (Hawco et al., 2020).
These differences likely reflect both differences in the anatomo-functional organization of
brain networks (Llera et al., 2019; Kanai and Rees, 2011), and differences in cognitive
strategies implemented by different subjects (Seghier and Price, 2018). Differences in
brain activation related to either cognitive strategies or individual abilities have been
demonstrated across a wide range of cognitive domains such as memory tasks (Heun et al.,
2000; Feredoes and Postle, 2007; Miller et al., 2009), language task (Seghier et al., 2008)
or visual task (Machielsen et al., 2000). In a study using sentence-picture verification
paradigm in fMRI, Miller and colleagues (Miller et al., 2012) manipulated the use of either
verbal or visual strategies in a memory retrieval task in healthy subjects. They found
differences between individual brain activations patterns are largely explained by their
retrieval strategies. These observations show that average group activation maps do not
accurately represent the neural systems engaged by the individuals that make up that group
(Lebreton and Palminteri, 2016).

Cluster analysis has the potential to reveal the inter-individual heterogeneity in brain ac-
tivation. A cluster analysis summarizes the heterogeneity of brain maps using a finite number
of prototype maps, or subtypes (See Figure 1). Hierarchical clustering was for instance ap-
plied to aggregate subjects based on the similarity of brain activation maps (Kherif et al.,
2003), and identify atypical subjects (Seghier et al., 2007). In the non-clinical domain, some
studies have linked activation subtypes with normal behavioural and demographic measures.
A recent study by Kashyap and colleagues (Kashyap et al., 2019) looked at resting state brain
subtypes from 788 healthy subjects from HCP. They estimated the common component of
each subject from the four resting states runs, and then classified the subjects based on the
similarity/dissimilarity of their components. Two subgroups emerged, one with high compo-
nents similarity and another with high component dissimilarity. Both subgroups associated
with behavioural measures related to the use of marijuana, illicit drugs, alcohol, tobacco, and
a measure of antisocial personality. In a previous work (Benhajali et al., 2020b), we showed
that the language and working memory task activation subtypes, from the HCP sample, are
correlated genetically and phenotypically with behavioural measures. These studies demon-
strate that heterogeneity exists between participants even in healthy control populations and
could be characterized as subtypes using unsupervised data mining tools. A key question
left unanswered in these previous works is: do subtypes captured from different cognitive
domains have a common intrinsic functional pattern (meta-subtypes)? And, if so, is there a
shared genetic basis for these meta-subtypes and individual variations in behaviour?
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1.2. Genetic correlation

Despite the great literature on inter-individual differences in brain activation, and the
growing literature on brain subtyping, it is still unclear whether brain activation subtypes
could serve as a useful intermediate phenotype between genes and behaviour. Having estab-
lished the heritability of brain activation, some studies attempted to estimate whether brain
functional activation maps are under the influence of similar groups of genes as behavioural
measures, a concept called pleiotropy or genetic correlation between phenotypes (Paaby and
Rockman, 2013). Le Guen and colleagues (Le Guen et al., 2018) used HCP data to perform
bivariate genetic analyses between the fMRI activation maps and fluid intelligence, as well
the performance of subjects on tasks in the working memory and language domains. They
observed that several parts of the language network along the superior temporal sulcus, as
well as the angular gyrus belonging to the math processing network, are significantly genet-
ically correlated with these indicators of cognitive performance. Rao and colleagues (Rao
et al., 2018) provided evidence for the genetic correlation between risk-taking behaviour and
risk-related brain activation. They found a moderate genetic correlation between risk-taking
behaviour and risk-related brain activation in the left insula, right striatum, and right su-
perior parietal lobule. In previous work (Benhajali et al., 2020b), we used HCP task-fMRI
data to identify subtypes of brain activation and test their phenotypic and genetic associa-
tion with behavioural measures. We found that subtypes from 7 HCP tasks were moderately
to highly heritable, with the language and memory task subtypes genetically correlated with
behavioural measures. A key question remains largely open: do subtypes across different
cognitive domains share the same genetic influences? And how do they associate with be-
havioural measures?

1.3. Aims and hypotheses

In this work, by combining subtypes from different cognitive domains (7 HCP tasks) and
exploring their genetic association, our specific aims and hypothesis are:

(1) Estimate the genetic correlation between subtypes from different cognitive domains
and test the existence of modular genetic influence on brain subtypes across the 7
HCP tasks by clustering techniques. Our hypothesis was that subtypes from different
cognitive domains will show high genetic correlation, and will cluster into modular
meta-subtypes.

(2) Estimate the genetic, environmental and phenotypic correlation between weights
meta-subtypes and behavioural measures. Our hypothesis is that weight meta-
subtype will show an association of genetic, environmental or phenotypic nature
with behavioural measures outside of the scanner.
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2. Method
2.1. Subjects

We used the S900 data release from the HCP open access database (Van Essen et al.,
2013). The S900 release includes behavioural and imaging data from 897 healthy adult
participants collected between August 2012 and March 2015, out of which 862 healthy
adults (aged 22–35 y) successfully completed at least one of the 7 fMRI tasks. Following
quality control of the preprocessed imaging data, we selected 842 healthy adults (composed
of 742 individuals from 278 families, and 100 unrelated individuals) for inclusion in the
analysis. Individuals from the same family were either monozygotic twins (genetically
identical, 84 pairs, 168 individuals) or dizygotic/fraternal twins (genetically no more related
than ordinary full siblings, 77 pairs, 154 individuals) and 89 families of non-twin siblings
(209 individuals) (Van Essen et al., 2013).

The HCP sample reflects the ethnic diversity of American families (White non-Hispanic,
Hispanic, Asian and African-American). HCP provides the required ethics and consent
needed for study and dissemination. This study went through further internal institutional
data analysis approval.

2.2. Imaging data

MRI data for the S900 release was collected on a customized Siemens MAGNETOM
Connectom 3T scanner at Washington University. The data are composed of multiple
imaging sessions covering four modalities: structural (T1w and T2w), resting-state fMRI,
task fMRI (fMRI, 7 tasks) and diffusion MRI (dMRI, (Hodge et al., 2016). In this work
we only used T1w and fMRI modalities. For T1w images a 32 min was spent acquiring
each MPRAGE image. An MPRAGE sequence with 0.7 mm isotropic resolution (FOV
= 224 mm, matrix = 320, 256 sagittal slices in a single slab) (Mugler and Brookeman,
1990), TR = 2400 ms, TE = 2.14 ms, TI = 1000 ms, FA = 8°, Bandwidth (BW) = 210
Hz per pixel, Echo Spacing (ES) = 7.6 ms (see (Glasser et al., 2013) for more detail). For
each subject and task, 2 runs of fMRI time series data were collected, 1 run in each phase
encoding direction, left-to-right (LR) then right-to-left (RL), with a TR of 0.73 s and a
spatial resolution of 2-mm isotropic, using a standard 32-channel Siemens coil (Van Essen
et al., 2013)

All included participants completed 7 tasks in the MRI scanner - Working Memory
(405 frames/scan), Gambling (253 frames/scan), Motor (284 frames/scan), Language (316
frames/scan), Social Cognition (274 frames/scan), Relational Processing (232 frames/scan),
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and Emotion Processing (176 frames/scan). An in depth description of the experimental
design can be found in the original publication (Hodge et al., 2016).

2.3. Image preprocessing

From HCP S900 data release, we used the unprocessed tfMRI data. Each subject was
preprocessed using the NeuroImaging Analysis Kit version dev-0.14.0 (NIAK10), under
CentOS with Octave11 version 3.8.1 and the Minc toolkit12 version 0.3.18. Analyses were
executed in a high-performance computing environment13, using the pipeline system for
Octave and Matlab (PSOM) (Bellec et al., 2012).

Each tfMRI image was corrected for differences in timing of slice acquisitions; a rigid-
body motion was then estimated using Minctracc (Collins and Evans, 1997) for each time
frame, both within and between runs, as well as between one fMRI run and the T1 scan
for each subject. The T1 scan was itself non-linearly co-registered to the Montreal Neu-
rological Institute (MNI) ICBM152 stereotaxic symmetric template (Fonov et al., 2011a),
using the CIVET pipeline (Ad-Dab’bagh et al., 2006). The rigid body, fMRI-to-T1 and
T1-to-stereotaxic transformations were all combined to resample the fMRI in MNI space at
a 3 mm isotropic resolution. To minimize artifacts due to excessive motion, all time frame
showing an average frame displacement (FD) greater than 0.5 mm were removed (Power
et al., 2012). The following nuisance covariates were regressed out from the tfMRI time
series: slow time drifts (basis of discrete cosines with a 0.01 Hz high-pass cut-off), average
signals in conservative masks of the white matter and the lateral ventricles as well as the first
principal components (accounting for 95% variance) of the six rigid-body motion parameters
and their squares (Giove et al., 2009). Finally, the tfMRI volumes were spatially smoothed
with a 6 mm isotropic Gaussian blurring kernel. A more detailed description of the pipeline
can be found on the NIAK website14.

2.4. Registration and motion quality control

We used a structured visual quality control procedure (Benhajali et al., 2020a) to assess
the registration between the individual T1 scans and the stereotaxic template space, as
well as registration between the individual T1 and the median functional image. The
quality control procedure included a series of key anatomical landmarks and associated
confidence intervals. The quality control procedure is publicly available as a tutorial on the

10http://niak.simexp-lab.org/
11https://www.gnu.org/software/octave/
12http://bic-mni.github.io/
13https://www.calculquebec.ca/
14http://niak.simexp-lab.org/build/html/PREPROCESSING.html
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Zooniverse platform (noa, 2015a). Subjects were excluded from the analysis in cases of failed
coregistration with the template space or were fewer than 100 time points had acceptable
amounts of head motion after scrubbing (see next section). A total of 843 subjects (477
female) passed quality control criteria for inclusion in the analysis.

In scanners head motion is a critical confounding factor in functional MRI and tends to act
as a relatively stable, heritable phenotype (Couvy-Duchesne et al., 2014; Engelhardt et al.,
2017; Couvy-Duchesne et al., 2016). Removing time points affected by large head motion, a
technique known as scrubbing, is efficient at reducing the effect of head motion on fMRI time
series (Caballero-Gaudes and Reynolds, 2017). Average framewise displacement (FD) (Power
et al., 2012) is a summary measure of head displacement throughout an fMRI acquisition, and
can be estimated both before and after scrubbing. We assessed the heritability of average
FD motion measure before and after removal of time frames with excessive motion (time
frames with FD greater than 0.5 mm). Heritability analysis was implemented using the
SOLAR Eclipse software, as described in the dedicated Methods section below. Figure Sup
24 (supplementary material) shows that FD measures before scrubbing had substantial (and
significant) heritability estimates, ranging from 0.22 to 0.52 across tasks, which is consistent
with previous reports (Couvy-Duchesne et al., 2014; Engelhardt et al., 2017; Couvy-Duchesne
et al., 2016). After scrubbing, the heritability estimates of FD ranged from 0 to 0.13 across
tasks. We concluded that using scrubbing as a preprocessing step was beneficial for further
heritability analysis of fMRI activation maps, as it reduced the potential confounding effects
of heritable motion artifacts.

2.5. Activation maps

For each of the 7 tasks, individual activation maps were extracted from block design
conditions using the statistical analysis toolbox FMRISTAT (Worsley et al., 2003). Different
conditions were included in some of the tasks (e.g. foot, hand and tongue for the motor
task), resulting in a total of 21 conditions. For each of the 7 tasks, the stimuli in the design
matrices were convolved with a hemodynamic response function modelled as a difference of
two gamma functions. Temporal drift was removed by adding a cubic spline in the frame
times to the design matrix, and spatial drift was removed by adding a covariate in the whole
volume average. The autocorrelation parameters were estimated at each voxel and used to
whiten the data and design matrix.

2.6. Meta-subtypes from the 7 HCP tasks

For each of the 21 tasks and conditions, a nuisance regression is applied on stacked
activation maps (Figure 21a). Nuisance regressors are frame displacement (FD), systolic
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Fig. 21. meta-subtypes generation and association with behavioural measures-
aFrom each subject, an un-thresholded statistical parametric map (SPM) is vectorized then
stacked. b. Nuisance regression from stacked SPM (FD: Frame Displacement, Sys: Systolic
blood pressure, Dias: Diastolic blood pressure, BMI: Body Mass Index). c. From the residual
stack, a subject by subject correlation matrix is clustered into subgroups of activations maps
(subtypes). d. Each subtype is represented spatially by a mean activation map of all subjects
within the same cluster . e. Each subtype is represented on the subject level by its weight.
The subtypes weight is the correlation between a vectorized subject activation map and a
vectorized subtype activation map. f. All subtypes weights from the 7 tasks are stacked
into subjects by subtypes’ weight matrix. g. A subtypes weight by subtypes weight genetic
correlation matrix is clustered into subgroups of genetic meta-subtypes. h. Each meta-
subtype is represented spatially by a mean map of all subtypes within the same cluster. i.
Mean weights of genetic meta-subtypes are genetically, environmentally and phenotypically
associated with behavioural measure.

blood pressure, diastolic blood pressure and body mass index (Figure 21b). Then, a
subject by subject similarity (Pearson’s correlation) matrix summarized the between-subject
similarity of activation maps (Figure 21c). Next, a hierarchical cluster analysis was applied
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on all individual activation maps, which identified homogeneous subgroups of maps for each
condition. Within each activation map subgroup, we estimated the average activation map
across all subgroup members, or subtype map (Figure 21d). We repeated steps (a) to (d) for
each task and condition in order to generate 5 subtype maps from each task and condition
for a total of 105 subtypes brain maps.

We compute the spatial similarity (correlation) of each individual activation map in the
discovery sample with each of the identified activation subtypes (Figure 21e). The estimated
spatial correlation coefficient is called the subtype weight and each individual has one for
each subtype, ranging from -1 (perfect anticorrelation of the individual and the subtype
map) to +1 (perfect correlation of the individual and subtype map). The subtype weights
represent a continuous measure of similarity between a given individual activation map and
a given subtype map. Unlike discrete assignments made by the hierarchical clustering, the
weights are a soft assignment and can be seen as a dimension reduction of the individual
maps, rather than pure categorical summary. It has been argued by several prior studies that
such continuous summaries are more appropriate than discrete assignments (Zhang et al.,
2016; Badhwar et al., 2019b).

2.7. Meta-subtype generation and association with behavioural
measures

After generating individual subtypes weights for each task separately (Figure 21e), we
stack all subtypes weights across the 7 types of cognitive tasks into subjects by subtypes’
weight matrix (Figure 21f). Then, we estimate genetic correlation between all subtypes
and cluster the resulting correlation into subgroups of genetic meta-subtypes (Figure 21g).
Each meta-subtype is represented spatially by a mean map of all subtypes within the same
cluster (Figure 21h). Finally, the mean weights of genetic meta-subtypes are genetically,
environmentally and phenotypically associated with behavioural measures (Figure 21h-j).
We estimated genetic, phenotypic and environmental correlation between meta-subtypes
weights and behavioural measure (Figure 21h-j) using the Sequential Oligogenic Linkage
Analysis Routines Eclipse (SOLAR) software package (Almasy and Blangero, 1998). We used
equation (2.1) to simultaneously quantify the shared genetic variance and the phenotypic
correlation between brain phenotypes (weights) and behavioural measures (in and out-of-
scanner behavioural measures). To assess this relationship, we used SOLAR, relying on the
following equation:

ρp =
√
h2

a

√
h2

b · ρg +
√

1− h2
a

√
1− h2

b · ρe (2.1)
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Where Pearson’s phenotypic correlation ρp is decomposed into ρgandρe. ρg is the pro-
portion of variability due to shared genetic effects and ρe that due to the environment, while
h2

a and h2
b correspond to the previously defined narrow sense heritability for phenotypes a

and b, respectively. In our case, one corresponds to the heritability of subtypes weight while
the second is the heritability of one of our behavioural scores.

3. Results
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Fig. 22. Genetic meta-subtypes - a - Dendrogram of clustered subtypes: Sub-
types from different tasks are clustered into 8 meta subtypes according to the distance of
their genetic correlation. b - Genetic correlation matrix: The matrix of genetic corre-
lation between weights subtypes from all 7 tasks shows 8 clusters of genetic meta-subtypes
(GenMetSub1-8). c - FDR estimate for genetic correlation: FDR estimate shows that
GenMetSub 2 and 8 are the most significant clusters. d - Spatial distribution of genetic
Meta-Subtypes: Spatial meta-subtypes maps composed of the man subtypes maps that
constitute each group.

3.1. Subtypes are genetically correlated across tasks and cluster
into meta-subtypes

The main goal of this work was to assess the genetic correlation between subtypes
across the 7 HCP tasks. First, we estimated the genetic correlation between each pair
of subtypes’ weights from all 7 tasks. Then, we used hierarchical clustering technique
on the matrix of genetic correlation to reveal the underlying organization. The resulting
matrix of genetic correlation (Figure 22b) was strikingly organized into two clusters (Gen-
MetSub 2 and 8), with high values of negative and positive associations (-1 to 1) between
the two clusters. These two genetic meta-subtypes were the most significant (figure 22c)
and both composed of a mixture of subtypes weights coming from all the 7 tasks (Figure 22a).

These meta-subtypes can be visualized on the spatial domain by averaging the subtypes
maps that make up each meta-subtype. Figure 22d shows the spatial maps of each meta-
subtype and their composition in terms of different tasks wise composition. GenMetSub 2
and 8 shows the most heterogeneous task composition and are spatially mirrored versions of
each other.
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Fig. 23. Genetic meta-subtypes association with behavioural measures - a - Phe-
notypic association between genetic meta-subtypes and behavioural measures:
Phenotypic correlation between genetic meta-subtypes (2,8) and clusters of behavioural mea-
sures. GenMetSub 2 and 8 shows a significant association with behavioural clusters related
to self-regulation, executive function, positive effects and speed processing. b - Genetic
association between genetic meta-subtypes and behavioural measures: Genetic
correlation between genetic meta-subtypes (2,8) and clusters of behavioural measures. Gen-
MetSub 2 and 8 shows a significant association with behavioural clusters related to self-
regulation and executive functions. c - Environmental association between genetic
meta-subtypes and behavioural measures: Environmental correlation between genetic
meta-subtypes (2,8) and clusters of behavioural measures. GenMetSub 2 and 8 shows a no
significant association with behavioural clusters.

3.2. Genetic meta-subtypes are associated with Behavioural mea-
sures

The second goal of this work is to expose the genetic and environmental link between
meta-subtypes and behavioural measures. We estimated the genetic, phenotypic and en-
vironmental correlation between GenMetSub 2 and behavioural measures, then we did the
same with GenMetSub 8. Figure 23a shows phenotypic correlation between genetic meta-
subtypes (GenMetSub 2, 8) and clusters of behavioural measures. SelgReg have the highest
and most significant association with both GenMetSub 2 and 8 (ρp = 0.25), followed by
Execut, PosAff and Mix2 (ρp = 0.23, ρp = 0.20andρp = 0.19). Since phenotypic correlation
is known to follow the genetic correlation (Cheverud, 1988; Sodini et al., 2018; van Rheenen
et al., 2019), our results in figure 23b show the same trend were genetic correlation between
genetic meta-subtypes (GenMetSub 2,8) and behavioural measures is also high for Execut
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(ρg = 0.37) and SelfReg (ρg = 0.25). Finally, the environmental correlation between genetic
meta-subtypes and behavioural measure are nonsignificant except for the cluster Physio
(ρe = 0.32).

4. Discussion
Inter-individual variability in brain activation is partly explained by genetic and environ-

mental variability (Elliott et al., 2018). However, it is unclear how this variability is organized
across cognitive domains. In this work, three main findings: first, we showed genetic correla-
tion between subtypes from seven cognitive domains (emotional, language, relational, social,
memory, motor and risk taking). Second, these correlations between subtypes were clustered
into two main meta-subtypes that were anticorrelated, showing mirror activation patterns.
Finally, these core meta-subtypes were associated with behavioural measures.

4.1. Genetic correlation between subtypes

Brain subtypes (from 7 HCP tasks) used as brain endophenotypes are an effective way
to capture variability in the brain (Benhajali et al., 2020b). These subtypes appear to have
a biological grounding (high heritability). We extended these results by showing that these
cognitive domains brain subtypes share a common genetic component, suggesting pleiotropy
mechanisms.

Most studies used pleiotropy to link brain functional phenotype (activation or resting
state) to behavioural measures (Le Guen et al., 2018). In our work, we estimated pleiotropy
between subtypes from different domains. We showed that pleiotropy is high within subtypes
from the same task as well as between tasks. This finding is consistent with gene expression
studies on brain networks (Richiardi et al., 2015; Patania et al., 2019). These studies rely
on the mapping of microarray-based gene expression data from human brain samples onto
functional and anatomical brain networks. A study by Bertolero and colleagues (Bertolero
et al., 2019) combined gene expression from six postmortem brains from the Allen Brain
Institute, functional and structural brain connectivity, genotyping, and cognitive and be-
havioural testing of more than 1000 young adults. They identified a modular pleiotropic
genetic map of the human brain’s network architecture. A modular pleiotropy occurs when
the genotypes-phenotypes relationship typically is determined by mostly non-overlapping
sets of genes (Wagner and Zhang, 2011). This modular pleiotropy was also reported to be
more strongly related to functional connectivity than to structural connectivity. Our results
in figure 22b might also relate to this concept.
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4.2. Across tasks meta-subtypes

After estimating genetic correlation between all subtypes of the 7 HCP tasks, we clustered
them according to their Euclidean distance. This technique captures aggregation patterns
across all 7 tasks. We identified eight meta-subtypes that aggregate heterogeneous subtypes
from the 7 HCP tasks. Two significant meta-subtypes emerged: GenMetSub2 and Gen-
MetSub8. Each of these two clusters contains at least one subtype from each of the 7 hcp
tasks (figure 22a). This finding is consistent with the modularity concept described in the
section above. The heterogeneity of the two modules are, furthermore, inconsistent with
the pleiotropic modularity observed in brain connectivity studies (Richiardi et al., 2015;
Bertolero et al., 2015, 2018; Patania et al., 2019). The modularity observed in Bertolero
studies (Bertolero et al., 2018, 2019) showed that gene expression is organized into mostly
non-overlapping sets, where each set encodes the connectivity of a single brain network com-
munity. Specifically, the coexpression of a particular gene set could statistically explain the
connectivity of one brain community but not the connectivity of any other brain community.
The modularity observed in our study shows heterogeneous task composition (Figure 22c) on
the two significant modules (GenMetSub 2 and 8). Modularity might be state-specific (rest-
ing state based networks versus task-based networks). Brain networks exhibit community
structure that reconfigures during cognitively demanding tasks (Cole et al., 2014). Betzel
and colleagues (Betzel et al., 2018) studied the community structure of functional brain
networks while subjects either rest or perform tasks. They found evidence that the resting
brain is largely assortative, while this assortative structure breaks down during tasks and is
supplanted by core, periphery, and disassortative communities. This may help to disentangle
the cognitively heterogeneous composition of our 2 modules.

4.3. Association with Behavioural measures

Our final goal was to link the meta-subtypes to behavioural measures. We estimated
the phenotypic, genetic and environmental correlation between the significant pleiotropic
modules (GenMetSub 2, 8) and behavioural measures. The results show mirror associations
between the two pleiotropic modules. When sorting behavioural association with GentMet-
Sub 2 and 8 from the highest to the lowest, a positive-negative axis appeared with as nearly all
the positively correlated behaviours are commonly considered as positive personal qualities
or indicators (for example, positive affect, executive performance, academic achievement),
and all negatively correlated behaviour relate to negative traits (for example, internalized
and externalized disorder, negative affect, somatic). This finding is consistent with the
work of Smith and colleagues (Smith et al., 2015), where they found one significant mode
(positive-negative) of population variation that links a specific pattern of brain connectiv-
ity to a specific pattern of covariance between many behavioural and demographic subject
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measures. Importantly, the work of Smith and colleagues had only considered resting-state
fMRI, and did not consider task activation maps. They also relied on a different type of
modelling (factor analysis). Like in our result for the GenMetSub 8, the vast majority of
the subject’s measures that correlate positively with this mode where positive subject traits
and measures; those that correlate negatively are mostly negative subject measures. For
GenMetSub 2, we observed the same relation with behaviour but the association is a mir-
rored correlation value compared to GenMetSub 8. These results suggest that the modular
pleiotropy observed in brain activation maps is associated with two modes of population on
the behavioural level (positive-negative).

4.4. Limitations

This study has some limitations. First, in this work we made the choice of preprocessing
the HCP data and not using the HCP preprocessed data mainly to implement motion
censoring. Since head motion is highly heritable, we opted for using the scrubbing method
to ensure that time points with excessive motion are removed (Figure Sup1). Despite our
efforts to reduce the effects of head motion, we still need to be careful in the interpretation
of our result, since some effects of head motion may remain in the data and bias heritability
estimate (Bolton et al., 2020).

Second, in this work, we could not accurately estimate the effect of the shared environ-
ment between siblings, since HCP did not provide the household information necessary to
model it. We opted for using the mother ID as a household ID. This is not ideal, since split
families (ex: divorced) are still considered to share the same familial environments, which is
not necessarily the case. Our heritability estimates could be slightly overestimated for that
reason.

Third, we should caution about the possibly limited generalizability of our study since
the majority of participants were Caucasian (European origin). HCP did offer information
about the ethnicity of the participants but this information was not sufficient to use as
confounding elements in our analysis.

4.5. Future directions

Our work on healthy populations could explain better the nature of those subgroups in
the normal population by pointing to the biological underpinning of their manifestation, and
their relationship with behaviour. As a future direction, one could compare the distribution
of the meta-subtypes of activation maps with gene expression in the Allen brain atlas (Sunkin
et al., 2013).
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5. Conclusions
Two major subtypes of brain activation with high pleiotropic association can be found

across cognitive domains. These meta-subtypes of activation also show high levels and mirror
pleiotropic associations with behaviour. Individual maps of task activation follow simple
principles of variations, both spatially and genetically. This suggests that a large portion of
inter-individual variations in brain activity and behaviour could be explained by a common
set of genes, irrespective of the type of cognitive tasks under consideration.
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Supplementary material

Task fMRI

Working Memory. N-back tasks were used as follows: the participant was presented with
a series of pictures, drawn from different categories (faces, tools, places and body parts).
Half of the blocks were used for a 2-back memory trial, where the participant was asked to
respond each time whether the current stimulus was the same as the one from two back. The
other half of the blocks were used for a 0-back working memory task, where the individual
had to recognize a single ’target’ for any stimulus during the block.

Incentive Processing (gambling). Participants played a game of card guessing, and were
asked to guess the number on a mystery card (question mark card) to win or lose money.
The potential number on the mystery card was an integer between 1 and 9. Pressing one of
two buttons, the participants had to guess if the number was over or below 5. A successful
guess was rewarded by 1$, the participants lost 0.50$ for bad guesses, and nothing for neutral
guesses (where the number was exactly 5). The task was presented in blocks of 8 trials that
were either mostly reward (6 reward trials pseudo randomly interleaved with either 1 neutral
and 1 loss trial, 2 neutral trials, or 2 loss trials) or mostly loss (6 loss trials interleaved with
either 1 neutral and 1 reward trial, 2 neutral trials, or 2 reward trials). In each of the two
runs, there were 2 mostly reward and 2 mostly loss blocks, interleaved with 4 fixation blocks
(15 s each)

Motor. Participants were presented with visual cues that asked them to tap their left or
right fingers, squeeze their left or right toes, or move their tongue, in order to generate maps
of different motor areas. Each block of a movement type lasted 12 s (10 movements), and
was preceded by a 3 seconds cue. In each of the two runs, there were 13 blocks, with 2 blocks
of each body part and three blocks of 15 s fixation.

Language Processing. The task consisted of two runs that each interleave 4 blocks of a
story condition and 4 blocks of a math condition. The task was designed so that the math
blocks match the length of the story blocks, without fixation between block transitions.
The story blocks presented participants with brief auditory stories (5–9 sentences) adapted



from Aesop’s fables, followed by asking participants to select the topic of the story among
two alternatives (button press response). The math blocks required subjects to complete
addition and subtraction problems (auditory instructions, and select the right answer among
two alternatives (button press response).

Social Cognition (Theory of Mind). Participants were presented with short video clips (20
s) of objects (squares, circles, triangles) either interacting in some way, or moving randomly.
Participants were asked to judge whether a social or a random interaction was happening
between these objects on the video. Each of the random and social conditions had 5 video
blocks (2 Mental and 3 Random in one run, 3 Mental and 2 Random in the other run) and
5 fixation blocks (15 s each).

Relational Processing. In the relational processing condition, participants were presented
with 2 pairs of objects, with one pair at the top of the screen and the other pair at the
bottom of the screen. They were told that they should first decide what dimension differed
across the top pair of objects (shape or texture) and then they should decide whether the
bottom pair of objects also differed along that same dimension.

Emotion Processing. Participants were presented with blocks of trials that either asked
them to decide which of two faces presented on the bottom of the screen matched the face
at the top of the screen, or which of two shapes presented at the bottom of the screen
matched the shape at the top of the screen. The faces had either angry or fearful expressions.

For more details on tfMRI in the HCP, see Barch and colleagues (Barch et al., 2013).
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Fig. Sup 24. Heritability of framewise displacement (FD) measure before and
after scrubbing on the 7 tasks. WM: working memory, SOC: social, REL: relational,
MOT: motor, LAN: language, GAM: gambling and EMO: emotional. Heritability of FD
was estimated before and after scrubbing to shows how motion reduction used in this paper
is efficient in reducing the heritability estimate that is known to affect further estimate of
heritability on brain phenotypes.
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Fig. Sup 25. Group activation maps for the 7 HCP tasks - Emotion task: Group
activation maps for neutral condition (Neut), fear condition (Fear) and the contrast Neut
vs Fear. Working memory task: Group activation maps for 0-back (0bk), 2-back (2bk) and
the contrast 0bk vs 2bk. Gambling task: Group activation maps for win (Win), loss (Loss)
and the contrast Win vs Loss. Relational task: Group activation maps for Match, relational
(Rel) and the contrast Match vs Rel. Social task: Group activation maps for Mental, random
(Rnd) and the contrast Mental vs Rnd. Motor task: Group activation maps for left hand
(LH), right hand (RH), left foot (LF), right foot (RF), tongue (T), contrast RF vs LF and
contrast RH vs LH. Language task: Group activation maps for story.

Spatial meta-subtypes
Spatial meta-subtypes generation

After identifying 5 subtypes maps for each of the 18 contrasts (Figure 21d), we reached
a total of 90 subtypes brain maps from the 7 tasks. Then, a subtype by subtype similar-
ity (Pearson’s correlation) matrix summarized the between-subtypes similarity of activation
maps. Next, a hierarchical cluster analysis was applied on all subtypes activation maps
from all tasks, which identified homogeneous subgroups of subtypes maps across all tasks
(Figure 21f). Then, we generated a mean brain map from each subgroup, called spatial
meta-subtypes maps. We compared these metasubtypes maps with a multi-resolution par-
cellation of functional brain networks (MIST) (Urchs et al., 2017). We used Dice coefficient
(Sørensen et al., 1948) to compare the overlap between our spatial meta-subtypes maps and
the MIST parcellations.

Meta-subtypes spatially overlap with resting state net-
works

The first goal was to explore the spatial distribution of meta subtypes from the 7 HCP
task and compare them with resting state networks. We clustered subtypes of activation
maps from the 7 HCP tasks in order to form subgroups of subtypes that share similar spatial
distribution between all HCP tasks and conditions. A meta-subtype map was defined as the
average activation map of each subgroup (Figure 21f). Figure Sup 26 shows 7 meta-subtypes
maps and their composition in terms of the tasks that make up the subgroups. The resulting
distribution shows that meta-subtypes are very heterogeneous in terms of tasks composition.
This may suggest that meta-subtypes grouping is not task driven. In the figure Sup 26 we
tested if meta-subtypes grouping is driven by intrinsic brain activation by comparing them
with the resting state network from MIST parcellation. Figure Sup 26 shows substantial
spatial overlap between the meta-subtypes and the resting state parcellations. The dice
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coefficients represent the similarity between the spatial meta-subtypes distributions and the
MIST parcellations. We estimated the dice coefficients between MIST parcellation and both
activation and deactivation meta-subtypes distribution (Figure Sup 26a,b). The highest
spatial overlap between the MIST parcels and the meta-subtypes are the visual networks,
the default mode network and the fronto-parietal network (Figure Sup 26c).
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Fig. Sup 26. Spatial meta-subtypes networks - a - Dice activation overlap with
MIST networks: Dice coefficient for overlap between activated brain region from meta-
subtypes and the MIST parcellation. b - Dice deactivation overlaps with MIST net-
works: Dice coefficient for overlap between deactivated brain region from meta-subtypes and
the MIST parcellation. c - MIST and meta-subtypes maps overlap: Spatial overlap
between MIST networks scale 7 and the 7 spatial meta-subtypes.

Fig. Sup 27. Spatial meta-subtypes maps

129



Chapitre 3

Discussion

Le but principal de cette thèse était d’étudier la variabilité et l’universalité du comportement
humain à travers les lentilles de l’imagerie cérébrale et de la génétique quantitative. Afin
d’examiner l’existence d’un phénotype cérébral qui soit à la fois universel et unique,
l’hypothèse voulait que si un tel phénotype existait il devait présenter un ancrage à la fois
génétique, environnemental et comportemental.

Dans cette thèse, une étape préalable était nécessaire pour analyser les données en
imagerie cérébrale, c’est-à-dire la mise au point d’une méthode pour parvenir à réduire la
variabilité dans les données liée à la qualité du prétraitement en IRMf. Dans le chapitre 3, le
but de l’étude était de réduire cette variabilité à travers la conception d’un protocole de QC
simple et concis. Le protocole développé dans cette étude ne requiert pas de connaissance
préalable de l’anatomie du cerveau ni une expertise dans le domaine du QC des images
en IRMf. Les résultats montrent qu’indépendamment du niveau d’expertise en QC, les
évaluateurs s’accordent sur la qualité de la majorité des images évaluées. Cette étape a
permis d’éliminer la variabilité dans les données liée à la méthodologie.

Il s’agissait ensuite d’explorer la variabilité des activations cérébrales parmi un groupe
important de sujets. En utilisant 7 tâches cognitives et motrices exécutées dans le scanner
d’IRM, j’ai pu estimer la variabilité et l’universalité des activations cérébrales au sein d’un
échantillon de 862 jeunes adultes. J’ai regroupé les individus selon la ressemblance de leurs
patrons d’activité cérébrale afin de former des sous-groupes homogènes (sous-types), et ce
pour chaque tâche. Ainsi, lors d’une même épreuve, les sujets qui forment chaque sous-type
neurofonctionnel démontrent un schéma d’activation cérébrale similaire entre eux, mais
différent du reste des individus formant les autres sous-types (chapitre 4). Cette technique
a permis de rendre compte à la fois de la variabilité et de l’universalité de certains corrélats



neurofonctionnels du comportement humain.

L’étape suivante consistait à étudier l’effet des facteurs génétiques sur les sous-types,
ainsi que leurs influences sur le comportement, afin de valider le statut de phénotype in-
termédiaire de ces sous-types neurofonctionnels entre gènes et comportement. Les résultats
montrent que les sous-types sont bel et bien associés à des mesures comportementales telles
que la performance à un ensemble d’épreuves socio-cognitives et de personnalité (chapitre
4). Sur le plan génétique, les résultats montrent que les sous-types ainsi que les mesures
comportementales affichent une héritabilité variant de modérée à élevée, et que ces derniers
présentent aussi une relation pléiotropique (chapitre 4). Ceci indique que certains sous-types
d’activation cérébrale et certaines mesures comportementales sont partiellement influencés
par les mêmes gènes.

Enfin, la dernière étape consistait à vérifier l’existence d’un lien génétique entre
sous-types neurofonctionnels appartenant à différents domaines socio-cognitifs. Ainsi, j’ai
examiné la présence de pléiotropie entre les sous-types lors de diverses épreuves psycho-
logiques Les résultats démontrent une pléiotropie élevée intra et inter tâches (chapitre 5)
et laisse apparaître deux grands modules d’influence génétique. Plus précisément, deux
importants modules pléiotropiques (meta-sous-types) partagent des influences génétiques
antagonistes et présentent aussi une association avec les épreuves comportementales. Ce
résultat démontre qu’il y aurait deux grands modes de variation génétique à travers les
tâches qui sépareraient l’échantillon à l’étude, de sorte qu’un individu qui appartient au
premier mode serait associé positivement à des traits comportementaux qualifiés dans un
spectre positif. À l’inverse, un individu qui appartient au deuxième mode de variation
génétique présenterait une association positive avec des traits comportementaux qualifiés
dans un spectre négatif.

La contribution globale de cette thèse est de démontrer qu’il est possible de réunir va-
riabilité et universalité dans un même phénotype possédant à la fois un ancrage génétique,
environnemental et comportemental. Les contributions spécifiques sont les suivantes :

Réduction de la variabilité liée au prétraitement des données en
IRMf

Dans le chapitre 3, L’apport principal de l’étude est une démonstration de l’efficacité
d’un protocole simple permettant de détecter une multitude de problèmes liés à l’acquisition
et au prétraitement des images en IRMf. Certaines auteurs ont proposé des protocoles
similaires tels que MRIQC (Esteban et al., 2017), fMRIPrep (Esteban et al., 2018) ou
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CONN (Whitfield-Gabrieli and Nieto-Castanon, 2012), mais notre étude est la seule qui
teste la validité du protocole en estimant l’accord au sein d’un large éventail d’évaluateurs.

Un autre apport de cette thèse réside dans la démonstration de la possibilité de faire
du QC en IRMf à travers des plateformes de science participative (Simpson et al., 2014).
Les évaluateurs non experts de notre étude sont des volontaires de la plateforme Zooniverse
(noa). Une étude de Keshavan et collègues (Keshavan et al., 2018a) en QC d’images en
IRM a tenté une pareille initiative de science participative avec succès. L’originalité de
notre approche relativement à cette étude consiste en l’utilisation de volontaires sans aucun
bagage neuroscientifique, alors que dans l’étude de Keshavan et al. 2018a les évaluateurs
font partie de la communauté de neuroimagerie.

Enfin, le protocole développé dans cette thèse est devenu le standard dans le laboratoire
de SIMEXP pour chaque donnée prétraitée (Urchs et al., 2018). Il a ainsi permis de détecter
des anomalies liées au prétraitement des données en IRMf et de les corriger afin de réduire la
variabilité induite dans les images, qui nuirait considérablement aux analyses subséquentes.

Les sous-types d’activation cérébrale ont un ancrage génétique et
associé avec le comportement.

Dans le chapitre 3, le but était de valider le statut des sous-types d’activation cérébrale en
tant que phénotype intermédiaire entre gènes et comportement. Un phénotype intermédiaire
doit avoir une base biologique (être héritable), mais aussi partager des influences génétiques
avec le phénotype observable (Crosbie et al., 2008; Vrieze et al., 2012). Les résultats de cette
partie de la thèse montrent une héritabilité élevée à la fois de certains sous-types et des
mesures comportementales. Ainsi, les sous-types neurofonctionnels peuvent être considérés
comme des phénotypes intermédiaires entre les gènes et le comportement observable.

Il est important de noter que chacun des participants à l’étude ont exécuté exactement
les mêmes tâches pendant les mêmes durées expérimentales. Dans une étude classique
en IRMf de tâche, les analyses de groupe se basent sur la prémisse que les corrélats
d’activation cérébrale d’un groupe d’individus sains, et dans la même tranche d’âge, vont
activer les mêmes régions cérébrales pour une même tâche dans le scanner (universalité
des activations) (Gore, 2003; Mumford and Nichols, 2009). Certaines études ont démontré
que cette prémisse n’est pas toujours avérée et que la variabilité cérébrale inter-sujets pour
une même tâche est assez considérable (Seghier et al., 2007, 2008; Kherif et al., 2009). La
méthode de sous-typage utilisée dans cette thèse concilie à la fois universalité et variabilité
des activations inter-sujets. La question qui s’est imposée par la suite était la suivante :
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quels sont les facteurs qui lient les sujets en un même sous-type, et quels sont ceux qui les
différencient du reste des sujets ? En d’autres termes, quelle est l’influence de la variabilité
génétique et de l’environnement dans cette organisation en sous-types neurofonctionnels
observée dans notre étude ?

L’héritabilité faible à élevée des sous-types démontre une assise biologique à cette division
des groupes en sous-types d’activation cérébrale. Les individus qui constituent les sous-
types partageraient, en quelque sorte, une signature biologique commune qui aurait des
bases à la fois génétiques et environnementales. Les tâches dont les sous-types présentent
une héritabilité élevée nous informent quant à l’importance de l’influence de la variabilité
génétique dans le façonnement des activités cérébrales lié à ces sous-types, alors que les tâches
présentant une faible héritabilité témoignent d’une influence environnementale comme étant
la cause principale de la variabilité des sous-types de cette tâche. Dans notre étude, la
tâche motrice est un exemple de sous-types à faible héritabilité, alors que la tâche de langage
présente une héritabilité élevée. Ces résultats vont dans le sens de l’hypothèse évolutionnaire
de l’expansion corticale du cerveau humain, qui porte elle-même à penser à l’existence de
bases évolutionnaires à la variabilité fonctionnelle des différentes régions cérébrales (Mueller
et al., 2013). Ainsi, les zones cérébrales qui ont connu une expansion récente dans le cours
phylogénétique de notre espèce présentent plus de variabilité inter-sujets. Ces régions sont
les aires associatives, qui incluent les zones responsables du langage, alors que les zones
motrices et visuelles primaires présentent moins de variabilité interindividuelle. La pensée
évolutionnaire en biologie soutient que les gènes qui codent un phénotype crucial pour la
survie et la reproduction (fitness) de l’individu sont stabilisés à travers l’évolution de l’espèce
(Pérusse and Gendreau, 2005). Ainsi, la variabilité génétique d’un tel trait diminue au fil
des générations, alors que les caractères dont l’influence sur la fitness est moins importante
peuvent accumuler une plus importante variabilité génétique au cours de l’évolution.

Deux grands modes de variation génétiques influencent les mesures
comportementales dans notre échantillon.

Dans le chapitre 5, le but était d’explorer les influences génétiques communes à travers
les différents domaines cognitifs des 7 tâches à l’étude. L’influence génétique commune, ou
pléiotropie, est significativement élevée entre les sous-types de différents domaines cognitifs,
mais aussi, l’organisation de la pléiotropie laisse émerger deux grands modules (meta-sous-
types) qui expliquent la majorité de la variabilité génétique dans notre échantillon. Ces deux
grands modes de variation génétique sont associés aux mesures comportementales de sorte
qu’ils divisent les sujets selon leurs scores comportementaux qui s’inscrivent dans un spectre
positif-négatif. Les sujets se trouvant dans la partie « positive » du spectre ont des scores

133



élevés dans les mesures considérées comme des qualités ou des indicateurs personnels positifs,
par exemple, des performances élevées aux épreuves de mémoire, aux tâches cognitives et à la
mesure de satisfaction dans la vie. De leur côté, les participants se retrouvant dans la partie «
négative » du spectre témoignent de scores élevés pour les traits négatifs, par exemple, affects
négatifs et troubles intériorisés. Cette division positive-négative a été aussi révélée par une
étude de Smith et collègues (Smith et al., 2015) qui ont associé des patrons de connectivité
cérébrale avec des mesures comportementales et démographiques. Ces auteurs ont identifié
un mode de variation des mesures selon un spectre positif-négatif semblable au nôtre. Ceci
dit, il faut être prudent quant à la généralisation de ces résultats à la population, car nos
deux études ont porté sur la même base de données du HCP. Les résultats de ce chapitre
portent à croire à l’existence d’un substrat neuro-fonctionnel du comportement humain qui
serait à la base des différences inter-sujets dans les activations cérébrales observées dans
notre étude.

Interdisciplinarité neuroscience, anthropologie et géné-
tique

Les travaux de cette thèse s’inscrivent dans la mouvance multidisciplinaire entre la l’an-
thropologie, la neuroscience et la génétique. Le but général était de démêler les influences
génétiques et environnementales (culturelles) sur les corrélats neurobiologiques liés à des
tâches cognitives, émotionnelles, sociales et motrices. L’anthropologie biologique propose
qu’une nature humaine universelle, sous-tendue par un génome largement universel, s’ex-
primant de façon culturellement variable, engendre cette variabilité observable du compor-
tement. La neuroscience donne accès aux sources organiques du comportement, alors que
la génétique renvoie aux origines de la variation comportementale. Les comportements à
l’étude dans cette thèse ne représentent qu’une infime partie de l’éventail comportemental
humain. Néanmoins, il est apparu possible de mettre à jour une origine à la fois génétique et
environnementale qui expliquerait en partie la variabilité comportementale au sein de notre
espèce.
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