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Abstract

Human behaviour is exquisitely complex, because it is staggeringly multi-facetted and
subtly varies across individuals. Characterising its yet incompletely understood underlying
biological mechanisms has profound clinical implications. Here, our goal was thus to study
inter-individual behavioural variability. To accomplish this feat, we monitored the dynamics
of brain activity through functional magnetic resonance imaging.

The acquired signals only indirectly reflect neuronal mechanisms, and can be modulated by
several confounding factors. A notorious one is head motion of the scanned volunteers. As
an initial step, we addressed to what extent such movement would relate to inter-individual
behavioural variability. We revealed strong, yet overlooked ties between a broad range of
anthropometric, cognitive, sensory and clinical measures, and spatio-temporal head motion
specificities.

Next, as behaviour is an intrinsically dynamic process, we scrutinised the literature to
pinpoint tailored time-resolved approaches for the analysis of brain activity. In a first applica-
tion, we opted to track the dynamic reconfigurations of functional interactions—or dynamic
functional connectivity—between brain regions over time in the context of an audiovisual
stimulation paradigm. To mitigate the deleterious influences of head motion, computations
were performed across subjects (a process known as inter-subject functional correlation).

We discovered that some cues from the movie would be perceived homogeneously by a
healthy population, while others would not. In addition, typically developing individuals
exhibited more homogeneous brain activity than subjects diagnosed with autism spectrum
disorder. Furthermore, the latter differed in their individual response to the movie as a
function of the extent and balance of their socio-communicative and repetitive behaviour
symptoms.

In a second step, we attempted to link behaviour and brain activity in the absence of an overt
task. We decomposed the interactions of a dorsolateral prefrontal region of interest with the
rest of the brain into a set of co-activation patterns, and observed that their expression in the
resting-state could predict attentional performance. As the spatio-temporal complexity of
functional brain dynamics transpired from this analysis, we then set to develop a novel sparse
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coupled hidden Markov model framework that enables to quantify the dynamic interplays that
take place between brain networks.

To try and minimise spurious effects driven by head motion, we also considered an alternative
methodological avenue, called graph signal processing, which enables to inject knowledge
regarding brain structure (known to constrain neuronal activity) into the analyses. By
studying functional brain dynamics from this viewpoint, we revealed an extensive array
of links to behaviour. Furthermore, we also extended the originally static approach to the
dynamic setting, and by this mean, further broadened the set of unraveled brain/behaviour
relationships.

Finally, we looked back at all the methods that we applied in theoretical terms and in their
ability to predict inter-individual differences in behaviour. We concluded that they render
complementary aspects of functional brain dynamics, and that in future years, the neuronal
significance of brain/behaviour relationships should be further strengthened by pursuing
more extended multimodal analyses.

Keywords: human behaviour, head motion, dynamic functional connectivity, inter-subject
functional correlation, co-activation patterns, sparse coupled hidden Markov models, graph
signal processing
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Résumé

Le comportement humain est infiniment complexe, car il implique de multiples facettes
en plus de varier subtilement d’un individu à l’autre. La caractérisation des mécanismes
biologiques sous-jacents, qui restent partiellement incompris, revêt de profondes implications
cliniques. Notre but ici fut donc d’étudier la variation inter-individuelle du comportement.
Pour ce faire, nous avons monitoré la dynamique de l’activité cérébrale par l’imagerie à
résonance magnétique fonctionnelle.

Les signaux acquis ne reflètent les fonctions neuronales que de façon indirecte, et peuvent
être modulés par de nombreux facteurs insidieux. Un exemple notoire est le déplacement de
la tête des volontaires scannés. Dans une étape initiale, nous avons tâché de déterminer à
quel point un tel mouvement serait lié à la variabilité comportementale inter-individuelle.
Nous avons mis en lumière des liens forts, et néanmoins encore sous-estimés, entre un large
panel de mesures anthropométriques, cognitives, sensorielles et cliniques, et les spécificités
des mouvements de tête dans le temps et dans l’espace.

Ensuite, comme le comportement est un processus intrinsèquement dynamique, nous avons
exploré la littérature existante pour isoler les approches les plus aptes à rendre la variance
temporelle de l’activité cérébrale. Dans une première application, nous avons choisi d’étudier
la dynamique des reconfigurations des interactions régionales—ou connectivité dynamique
fonctionnelle—entre régions du cerveau en fonction du temps, dans le contexte d’un paradigme
de stimulation audio-visuelle. Les calculs furent opérés entre sujets (un procédé connu sous
le nom de corrélation fonctionnelle entre sujets), afin de limiter les influences délétères des
mouvements de tête.

Nous avons découvert que certains contextes du film étaient perçus de façon homogène
par une population saine, alors que d’autres ne l’étaient pas. De plus, les individus au
développement typique montraient une activité cérébrale plus homogène que des sujets
diagnostiqués avec des troubles du spectre autistique. Par ailleurs, ces derniers différaient
dans leur réponse individuelle au film en fonction de l’étendue et de la balance entre leurs
symptômes socio-communicatifs et leurs stéréotypies.

Dans une deuxième étape, nous avons tenté de tisser des liens entre le comportement et
l’activité cérébrale en l’absence d’une tâche imposée. Nous avons décomposé les interactions
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d’une région d’intérêt dorsolatérale préfrontale avec le reste du cerveau en un ensemble de
cartes de co-activation, et avons observé que leur expression au repos pouvait prédire les
performance attentionnelles. Au vu de la complexité spatio-temporelle de la dynamique fonc-
tionnelle cérébrale ressortant de cette analyse, nous avons ensuite tâché de développer une
méthode innovative reposant sur des modèles de Markov couplés avec sparsité, permettant
de quantifier les réarrangements dynamiques entre réseaux cérébraux.

Afin de minimiser les effets non désirables dus aux mouvements de tête, nous avons égale-
ment considéré une approche alternative, appelée traitement de signal sur graphe, qui permet
d’injecter de l’information sur la structure du cerveau (celle-ci contraignant l’activité neu-
ronale) dans les analyses. En étudiant la dynamique fonctionnelle cérébrale de ce point de
vue, nous avons révélé une kyrielle de relations avec le comportement. De plus, nous avons
aussi étendu l’approche originellement statique à la scène dynamique, et par ce biais, encore
élargi l’ensemble des liens entre cerveau et comportement.

Enfin, nous avons reconsidéré toutes les méthodes appliquées dans leurs spécificités théoriques
ainsi que leur capacité à prédire les différences inter-individuelles de comportement. Nous
avons conclu qu’elles rendent compte d’aspects complémentaires de la dynamique fonc-
tionnelle cérébrale, et que dans les années à venir, la pertinence neuronale des liens entre
cerveau et comportement devrait être davantage clarifiée par des analyses multimodales plus
étendues.

Mots-clés: comportement humain, mouvements de tête, connectivité dynamique fonction-
nelle, corrélation fonctionnelle entre sujets, cartes de co-activation, modèles de Markov
couplés avec sparsité, traitement de signal sur graphe
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Chapter 1

Introduction

1.1 Of brain and behaviour

A conceptual description of behavioural variability

“What makes you stand out ?”

All of us have already been episodically faced with this typical job interview line, but beyond
its routine use, the question conveys far greater implications. Indeed, it reflects one of the
most remarkable feats of humanity: the profound behavioural diversity that distinguishes
us (Smith, 2011). Providing a convincing answer is a daunting task, as it requires to take
into account all the factors that are at stake in our interactions with our physical and social
environment, each of which may play its part in shaping inter-individual variability.

Figure 1.1 illustrates, at a conceptual level, some of the main involved aspects. From an
engineering perspective, one can conceptualise the basic unit of what defines behaviour (in
the broad sense of responding to a specific life situation) as a three-stage process: first, inputs
are provided; second, these inputs are processed; third, this processing leads to an output.
Each stage of this process may vary from an individual to the other.

In more details, it is first important to distinguish between introspective thinking (depicted in
yellow in Figure 1.1) and executive processing (highlighted in blue): in the former case (Byrne,
2005), the external environment does not matter, as the inputs are internal representations,
such as memories of past events. Processing involves the treatment of these inputs through
mechanisms such as rumination or mind wandering. Importantly, there is no end step in
the process, but rather a continuous flow of thoughts that updates dynamically, and thus
develops continuously over time (Christoff et al., 2016).

In the latter case (Hofmann, Schmeichel, and Baddeley, 2012), the focus is not the inner
self, but the outside environment, from where sensory stimuli are perceived under various
forms (e.g., visual or auditory). These distinct pieces of information are jointly analysed as
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Figure 1.1: Conceptual representation of the sources of behavioural diversity. Brain processing may regard introspective
tasks (in yellow) or executive functions (in blue), but both are mutually exclusive. Introspection arises from a set of internal
stimuli, such as past memories, and involves processes like mind wandering or rumination. Executive processing initially
requires sensory inputs, which are then integrated and analysed to generate an appropriate response. Several factors modulate
this processing stream: inherent traits make different people respond differentially to similar inputs, while external substances
or arousal state can impact all processing stages. Light grey arrows symbolise the temporal succession of distinct stages.

a function of the context by dedicated cognitive systems; eventually, a behavioural output
is elicited through a motor response. Just as in the case of introspection, this extrospective
processing is highly dynamic, since a motor response will elicit a change in sensory inputs, so
that processing loops occur in continuous succession.

All the steps mentioned above are prone to inter-individual variability: for example, episodic
memory performance differs between genders (Herlitz and Rehnman, 2008); daydreaming in-
volves highly diverse content from person to person (Starker, 1974); and visual abilities (Ward
et al., 2017) or general intelligence (Deary, Penke, and Johnson, 2010) are strongly specific to
each individual.

This immense behavioural diversity partly arises from a series of modulatory influences
(depicted in green in Figure 1.1). First, even if put in the same situation with identical
inputs, two individuals are very unlikely to react similarly, in large part because of inherent
constitutive traits, such as affect or personality, which are partly inherited and partly acquired
through experience (Loehlin, 1992). Second, all discussed steps may be influenced by more
punctual sources, such as arousal state or potent molecular agents (e.g., drugs).

Importantly, an understanding of the sources of behavioural variability addresses more than
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just a fundamental research question: indeed, the mechanisms mentioned above are also
altered in a broad set of diseases, which span the whole course of life. To take two examples
that will be further discussed later, in autism spectrum disorders, a neurodevelopmental
condition, sensory inputs are perceived at abnormal levels, and introspective processes such
as theory of mind are impaired (Seltzer et al., 2003). In essential tremor, which declares in the
elderly, motor outputs are impaired by uncontrollable trembling (Elble, 2000). In sum, there
is thus also an immense clinical potential of establishing the underpinnings of individual
behavioural variability. To do so, we must first examine the most influential driving agent of
all behaviours: the brain.

Brain structure and function at different scales

At the whole-brain scale (Figure 1.2A, black panel), the different steps involved in a typical
behavioural response are encoded at spatially distinct locations: for example, visual inputs
are encoded occipitally (see the red shade), in a way that neighbouring cortical surface
patches respond to stimulations of neighbouring locations of the visual field—a process
known as retinotopy (Tootell et al., 1998), and that increasingly complex information is
processed along a hierarchy of visual processing areas (Grill-Spector and Malach, 2004).
Similar organising principles govern the encoding of auditory (Romani, Williamson, and
Kaufman, 1982; Formisano et al., 2003) or somatosensory (Baumgartner et al., 1991; Hluštík et
al., 2001) inputs (respectively colour-coded in magenta and green). In addition, the elicitation
of motor responses at various body locations is also associated to a precise spatial mapping
on the cortical surface—see blue colour coding (Lotze et al., 2000).

Introspective processing is supported by posterior brain activation (see the yellow colour
coding), in ways that depend on the exact underlying process. Self-processing operations,
episodic memory processing and mind wandering all recruit distinct spatial locations in
ways that remain subject to ongoing research (Vann, Aggleton, and Maguire, 2009; Leech and
Sharp, 2013; Cavanna and Trimble, 2006).

Executive processing can, similarly, be associated to prefrontal brain activation (see cyan
colour coding), with distinct spots associated to the facets of executive functions that are goal
formation, planning, executive performance or response inhibition, to name a few (Alvarez
and Emory, 2006; Stuss, 2011).

At any neocortical location associated to the aforementioned processes, one finds a char-
acteristic arrangement into cell layers (see Figure 1.2A, right side). In the most prominent
mechanism, information typically flows in layer IV, is relayed to more superficial layers,
and eventually exits from the deepest layers towards neighbouring cortical locations, for
local signal propagation, or towards more distant brain centres (Petersen and Sakmann, 2001;
Lübke and Feldmeyer, 2007). Communication between remote processing centres is enabled
by insulated fibre bundles (see Figure 1.2A, black panel, bottom row).
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Figure 1.2: The brain viewed at different scales. (A) (Top row) Sagittal (left slice) and horizontal (right slice) structural brain
representations acquired by magnetic resonance imaging, upon scanning of the same individual 27 times to improve signal-
to-noise ratio and structure definition. Colour coding denotes the regions recruited upon visual stimulation (red), auditory
stimulation (magenta), somatosensory stimulation (green), introspective processing (yellow), executive functions (cyan), or
a motor response (blue). Adapted from Holmes et al. (1998). (Bottom) Brain dissection and subsequent Klinger fixation
showing the large fascicles connecting remote brain region. Adapted from Bammer, Acar, and Moseley (2003). (Right) Nissl-
stained visual cortex of an adult human, with overlaid arrows denoting information flow. Adapted from Cajal (1899). (B)
Elicited [Ca2+] (left column) and total haemoglobin (right column) changes upon stimulation of the mouse hindpaw cortex.
Time runs from top to bottom. Adapted from Gu et al. (2018). (C) (Left) Golgi-stained human cortical pyramidal cell, with
encircled example synapse. Adapted from Garey et al. (1998). (Right) Electron microscopy picture of a tripartite synapse,
with presynaptic neuron, postsynaptic neuron and astrocyte colour-coded in red, blue and yellow, respectively. Adapted
from Hines and Haydon (2014). [Ca2+]: calcium concentration. HBT: total haemoglobin. Pre: presynaptic neuron. Post:
postsynaptic neuron. Astro: astrocyte.

In sum, behaviour is elicited by a combination of segregated, localised processing along
cortical layers, and integration of these individual responses by means of long-range connec-
tions. When recalling the sophisticated temporal dynamics of the behavioural response, the
patterns of brain activity that underlie behaviour are thus likely to involve spatio-temporal
waves of activity (Kelso, 1995).

At the finer spatial resolution of a few hundreds of micrometres (Figure 1.2B), a local electrical
activation (as quantified in the left column) is associated to changes in blood oxygenation
level (as depicted in the right column). This mechanism, known as neurovascular coupling,
arises from the need of energy and oxygen to enable sustained electrical activation, and
involves several brain cell types (Petzold and Murthy, 2011; Hillman, 2014).

The tight relationship between blood vessels and cellular networks explains the ability
of exogenous compounds to modulate some facets of behaviour: indeed, the underlying
biological mechanisms will be directly exposed to the compounds that can permeate into
the brain. This is how, for example, immune signalling molecules (Dantzer et al., 2008) or
compounds secreted by the microbiome (Stilling, Dinan, and Cryan, 2014) can modulate
behaviour.

At the scale of a few tens of micrometres, cortical cellular networks involve excitatory (Mohan
et al., 2015) and inhibitory (Markram et al., 2004) cells with strikingly diverse morphology
(Figure 1.2C, left panel, highlights an example pyramidal cell, the main type of excitatory
neocortical cell). Electrical inputs target specific locations of a cell’s arborescence, which
enables complex summation of inputs as a function of biophysical cell properties (London and
Häusser, 2005). When a sufficient amount of inputs is combined, a short-lived millisecond-
long depolarisation, the action potential, is elicited—see Bean (2007) for a review of the
underlying molecular principles. Action potentials propagate towards the physical interfaces
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between cells, the synapses, and are the basic elements of information transmission along a
cortical network.

At the micrometre level (Figure 1.2C, right panel), a synapse can be seen to involve a presy-
naptic (emitting) cell, a postsynaptic (receiving) cell, and also an ensheathing astrocytic glial
cell, which enables the homeostasis of what has then come to be termed the tripartite synapse—
see Perea, Navarrete, and Araque (2009) and Santello, Calì, and Bezzi (2012) for details.
The conversion of an incoming action potential into an output hypo- or hyperpolarisation
involves a complex cascade of chemical processes that have been comprehensively reviewed
elsewhere (Südhof, 2004; Südhof and Malenka, 2008). Whereas the overall structural ar-
chitecture of the brain is relatively fixed following neurodevelopment, synapses constantly
reconfigure in number and strength as a function of experience (Abbott and Nelson, 2000); as
such, behavioural changes elicited by environmental factors likely involve them.

Aside from the spatial factor, it is also interesting to briefly address the major temporal
landmarks of brain function: synaptic delay, the time for information to be transmitted between
two neurons, is in the order of half a millisecond (Katz and Miledi, 1965); propagation of an
action potential along a typical pyramidal cell also takes around half a millisecond (Stuart,
Schiller, and Sakmann, 1997); activity within a cortical column unit is sustained for around
50 ms (Petersen and Sakmann, 2001); and assuming a conduction velocity of roughly 20
m/s (Reutskiy, Rossoni, and Tirozzi, 2003), propagation of electrical activity from the front to
the back of the brain would takes roughly 7.5 ms.

Any component of the aforementioned processes has the potential to modulate behaviour:
for example, differences in cellular density or in the integrity of cross-regional tracts have
been linked to inter-individual variability in action and decision making or conscious percep-
tion (Kanai and Rees, 2011). With this information in mind, the next question is how human
brain activity can accurately be measured.
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1.2 Measuring brain function

Non-invasive brain activity monitoring methods

Non-invasive monitoring of human brain activity can be achieved through different recording
techniques: amongst the most widely applied ones, scalp electroencephalography measures
the summation of electrical activity within localised neuronal populations, with typical
temporal and spatial resolutions of around 1 ms and 3 cm, respectively (Henry, 2006). Mag-
netoencephalography measures the magnetic fields produced by electrical currents between
neurons—1 ms, 3 mm (Hämäläinen et al., 1993). Functional near-infrared spectroscopy indi-
rectly quantifies neuronal activity through changes in blood haemoglobin levels—100 ms, 3
cm (Ferrari and Quaresima, 2012).

Functional magnetic resonance imaging (fMRI) is the imaging modality considered throughout
this thesis. It also capitalises on neurovascular coupling by quantifying the ratio between
oxygenated and deoxygenated haemoglobins (Logothetis and Pfeuffer, 2004); compared to
the above techniques, a better spatial resolution is enabled—typically around 3 mm, but it can
go up to less than 1 mm (Yacoub, Harel, and Uğurbil, 2008), at the cost of a worse temporal
resolution (around 1 s). These numbers imply that a typical fMRI analysis can disentangle
activity within distinct brain regions, but cannot resolve layer-specific effects.

In light of our above neural dynamics temporality estimates, it is important to keep in mind
that many events of cross-regional information exchanges are likely to take place in-between
two consecutive fMRI measurements. Furthermore, each of the involved patterns of electrical
activity will be resolved in a strongly temporally blurred fashion, given the sluggishness
of the haemodynamic response compared to neural activity—typically, a 5 s lag until peak
response is achieved (Logothetis et al., 2001).

Basics of nuclear magnetic resonance

In what follows, we elaborate on the physical principles that underlie the acquisition of
fMRI (and other MR-based) images—for a didactic review, see Currie et al. (2013). The
hydrogen nucleus is the typically used signal-producing element in MR brain imaging, given
its elevated tissue concentration. Each hydrogen nucleus can be conceived as a spinning
positive charge, and is thus associated to a small magnetisation.

The static magnetic field of the magnet B0, directed along the anteroposterior direction or
Z-axis, triggers the precession of individual hydrogen magnetisations around it at the Larmor
frequency ωL = γB0, where γ is the gyromagnetic ratio—in the case of hydrogen, γ = 42.57
MHz/T (Larmor, 1897). Because individual spins are out of phase in the transverse (X/Y)
plane, the net magnetisation points longitudinally along B0. We will denote its magnitude by
M0.



CHAPTER 1. INTRODUCTION 7

When an electro-magnetic radio-frequency (RF) pulse—which oscillates in the transverse
plane at the Larmor frequency to optimise energy transfer to the hydrogen nuclei by reso-
nance (Purcell, Torrey, and Pound, 1946)—is applied, a nutation of the net magnetisation
is induced. As the hydrogen nuclei become synchronised, a transverse magnetisation MT

forms over time, while longitudinal magnetisation ML progressively decreases. The extent of
nutation can be controlled by the amplitude and the duration of the RF pulse. If we consider
the end of the RF pulse as time t = 0, and assuming for now a 90◦ nutation into the transverse
plane for simplicity, we have ML(0) = 0 and MT(0) = M0.

When the RF pulse is stopped, MT starts decreasing: this is because the introduction of
tissue in B0 will lead to small variations in magnetic field as a function of local magnetic
susceptibility. As a result, the magnetisations of individual hydrogen nuclei will precess at
slightly different frequencies around ωL, resulting in progressive dephasing and subsequent
loss of transverse magnetisation.

Time-varying inhomogeneities are also additionally created, by mutual influences between
hydrogen nuclei, and their random motion (i.e., their diffusion) along the aforementioned B0

inhomogeneities, further exacerbating the MT decay. When only this second set of effects
is considered, one speaks of T2 relaxation; when combined with the above, it is referred to
as T∗2 relaxation (Chavhan et al., 2009). The decrease of transverse magnetisation follows an
exponential relationship, with time constant T2 (or T∗2 ), as MT(t) = M0e−t/T2 (Bloch, 1946).

Another phenomenon occurs at a longer time scale: the gradual recovery of longitudinal
magnetisation, due to the dissipation of the energy transmitted by the RF pulse into the
surrounding lattice (Goldman, 2001); it is termed T1 relaxation, and is characterised by an
exponential rise of ML with time constant T1: ML(t) = M0(1− e−t/T1) (Bloch, 1946).

Acquisition of magnetic resonance images

The end goal of an MR acquisition is the obtention of an image, with different intensity values
at each location in the three-dimensional space (or voxel). Following an RF pulse excitation
as described above, transverse magnetisation can be recorded over time; the challenge is
then to convert this one time course into a distinct set of voxel intensities. We describe the
main required steps below in the specific case of fMRI acquisitions: recall that the goal is
then to gain indirect insight into neural activity thanks to neurovascular coupling. Because
oxygenated and deoxygenated haemoglobins have different magnetic susceptibilities, the
interest is in quantifying T∗2 relaxation, as pioneered by Ogawa, Lee, and Kay (1990) and
Ogawa et al. (1992).

Linear magnetic field gradients along the X, Y and Z directions, which we will respectively
refer to as GX, GY and GZ, are used. The purpose of GZ is to selectively excite only one cross-
sectional slice (Garroway, Grannell, and Mansfield, 1974): indeed, the resulting modulation
of the local magnetic field induces precession at distinct frequencies along Z. If applied at
the same time as the RF pulse (which always has a frequency ωL), only one slice of tissue
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Figure 1.3: The echo-planar imaging sequence. (A) A radio-frequency (RF) pulse enables selective slice excitation when
coupled with a slice-encoding gradient GZ . Measurements are then performed at increasing phase-encoding gradient (GY)
values, with the frequency-encoding gradient (GX) polarity reversals enabling to exactly counterbalance dephasing at the
measurement times. When performed sequentially for each slice, a full fMRI volume is acquired. Note that the application
of a positive polarity GZ gradient at the end of a slice acquisition enables to counterbalance the dephasing induced in not
yet recorded slices by the negative polarity GZ gradient that follows the RF pulse application. (B) Comparison of a typical
fMRI cross-sectional image resulting from a gradient echo echo-planar imaging (EPI) sequence (top), and one acquired with
a T1-weighted Magnetisation Prepared Rapid Gradient Echo (MPRAGE) sequence (bottom). The images are obtained from a
subject of the fMRI dataset analysed in Chapter 4. TE: echo time.

(whose thickness will depend on the gradient magnitude) will precess close enough to ωL to
be excited, and undergo nutation, while others will remain unaffected. Because the applied
gradient will have induced a dephasing that will vary along the slice thickness, it is typically
counterbalanced by the successive application of another gradient of opposite polarity (see
Figure 1.3, second row).

By cascading this process, different slices of the volume at hand can be acquired sequentially.
Alternatively, more advanced settings also enable to image several slices in parallel, rather
than sequentially, and thus speed up overall acquisition time, a process known as multiband
imaging (Barth et al., 2016).

Using the above slice selection process, transverse magnetisation that solely arises from the
excited X/Y plane can be recorded. The remaining challenge is to derive a specific pixel
intensity value for each location in this X/Y plane. GX and GY, respectively referred to as
the frequency-encoding and phase-encoding gradients, are used for this purpose (Kumar, Welti,
and Ernst, 1975). By modifying their intensity in a precise temporal sequence (see third
and fourth rows in Figure 1.3 for an example), different locations of the so called k-space,
which characterises the image in the frequency domain, can be sampled. A subsequent
inverse Fourier transform then enables, from these discrete measurements, to reconstruct an
approximated two-dimensional image of the excited plane—for more details, see Felmlee
et al. (1989) and Plewes and Kucharczyk (2012).

Note that because the application of GX induces a dephasing (and thus a magnetisation
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TE [ms] Resolution [mm × mm × mm] Slices TR [s] Volumes (Duration [min]) Where used

50 3 × 3 × 3 40 2 340/155 (11.3/5.2) 4.2, 4.3, C.4

33.1 2 × 2 × 2 72 0.72 1200 (14.4) 5.2, 6.2, 6.4, E.1

27 3.75 × 3.75 × 5.63 21 1.1 440 (8.1) 5.3

40 3.2 × 3.2 × 3.84 32 2.1 450 (15.8) 5.3

30 3 × 3 × 3 64 1.5 320 (8) 6.2

30 4 × 4 × 4 46 3.3 300 (16.5) D.1

35 2.5 × 2.5 × 4 32 2 180 (6) D.2

Table 1.1: Summary of fMRI acquisition parameters across datasets. In the case of the second reported dataset—from the
Human Connectome Project (Van Essen et al., 2013), the low TR was partly enabled by resorting to multiband imaging. All
datasets were acquired with a gradient echo echo-planar imaging sequence. Two values are provided for volume number and
duration in the first dataset case, as two acquisitions subtypes of different duration were conducted.

decay), an opposite polarity gradient is applied beforehand, so that the measurement time
(termed the echo time or TE) occurs when dephasing has been totally counterbalanced. This
process is called gradient echo imaging (Winkler et al., 1988).

In practice, the above steps are typically compacted so that a full fMRI volume can be acquired
within a short enough repetition time (TR). To do so, in the widely applied echo-planar imaging
(EPI) sequence (Mansfield, 1977; Howseman et al., 1988), the steps highlighted in Figure 1.3
are employed. GX is applied successively with opposite polarity each time, so that dephasing
is always counterbalanced for the next measurement, while at the same time, phase encoding
by GY is gradually increased by gradient blips. The process is then repeated for each slice.
Table 1.1 summarises the most informative parameters that were used to acquire all the fMRI
datasets investigated throughout this thesis; it can be seen that TE values are very similar
across cases, because they were chosen in the order of magnitude that best enables to assess
T∗2 relaxation in particular.

In the cases of structural and diffusion MRI, adjustments are made at the level of parameter
choices and sequence details in order to focus on the relaxation phenomenon of interest: to
mention a few notable points, in structural MRI, the goal is to distinguish different tissue
types: grey matter, which is composed of the regional neuronal circuitries discussed above;
white matter, which consists in the insulated fibre tracts that link different brain regions, or
descend towards the periphery; and cerebrospinal fluid. For this purpose, one typically aims
at capturing tissue differences arising from T1 relaxation. The Magnetization Prepared Rapid
Gradient Echo (MPRAGE) sequence (Mugler III and Brookeman, 1991) is an often applied
acquisition scheme, in which longitudinal magnetisation (reflective of T1 relaxation) is tilted
in the transverse plane to be probed.

In diffusion MRI—see Minati and Węglarz (2007) for a review, the goal is to quantify the
ease with which diffusion of water (comprising hydrogen spins) occurs along each direction,
so that fibre tracts can subsequently be reconstructed. Instead of gradient echo, spin echo
imaging (Hahn, 1950) is used: an RF pulse antiparallel to B0 is applied at time TE/2, enabling
to cancel out the part of dephasing due to magnetic susceptibility effects (which are here
undesirable). In addition, strong diffusion-sensitising gradients are applied on both sides of
the pulse (Stejskal and Tanner, 1965).
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1.3 Quantifying brain function

Following the acquisition of fMRI data as highlighted above, the experimenter is left, for each
scanned volunteer, with a temporal series of three-dimensional volumes that indirectly reflect
neural activity. For a typical isotropic spatial resolution of 3 mm, a whole-brain coverage will
amount to a few hundred thousandths separate intensity values at each time point.

The traditional approach has been to investigate functional brain changes induced by an
applied task paradigm—see Smith (2004) and Davis and Poldrack (2013) for comprehensive
reviews, and the most influential tool in doing so has been the General Linear Model (Friston
et al., 1995b; Worsley and Friston, 1995). Briefly, the idea is to assess voxel time courses
individually and determine which show significant evidence to have been induced by the
paradigm at hand—see Poline and Brett (2012) for a contemporary review. Because it enables
to directly draw links to an applied experimental paradigm—which should be carefully
established (Wager and Nichols, 2003), many of the facets of behaviour highlighted in
Section 1.1 can be studied (e.g., response to sensory stimulation, executive functions or motor
response), which enables to attribute functional roles to brain regions as shown in Figure 1.2.

The General Linear Model framework in its simplest form is already a powerful tool (Mum-
ford and Nichols, 2009), but suffers from several limitations. First, the underlying white noise
assumption does not square well with the content of fMRI data (Lund et al., 2006). Second, a
common haemodynamic response function (HRF) is hypothesised across subjects and along
space, despite evidence of considerable variability (Aguirre, Zarahn, and D’esposito, 1998;
D’Esposito et al., 1999; Handwerker, Ollinger, and D’Esposito, 2004); more extensive models
have thus been suggested (Friston et al., 1995a; Woolrich et al., 2004a). Third, second-level analy-
ses that attempt to retrieve shared effects across subjects do not properly handle some sources
of variance, such as in the case of multiple sessions per subject (Beckmann, Jenkinson, and
Smith, 2003; Woolrich et al., 2004b). Fourth, only the amplitude of the response is analysed,
and onset latency or duration are usually assumed constant across subjects (Lindquist et al.,
2009). Fifth, how to properly correct for multiple comparisons across voxels has remained the
source of lively discussions (Penny and Friston, 2003; Eklund, Nichols, and Knutsson, 2016).

A different approach that avoids this last caveat has been the application of machine learning
tools to decode cognitive states (i.e., determine the multi-dimensional voxel patterns that best
discriminate distinct conditions). Initial applications involved the extraction of multivariate
patterns specific to a subtype of visual stimulus (Haxby, 2001; Wang, Hutchinson, and
Mitchell, 2004; Ji et al., 2004), and subsequent works have gradually broadened the range
of possibilities, as reviewed in Formisano, De Martino, and Valente (2008), Pereira, Mitchell,
and Botvinick (2009), Haxby (2013), and Varoquaux and Thirion (2014). Although the task
paradigm information is important in both cases, multivariate pattern analysis is conceptually
different from General Linear Models in that one attempts to decode the state matched to a
given brain activation pattern, while in the General Linear Model case, stimuli are used to
predict activity—encoding (Naselaris et al., 2011).
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Both of the above approaches have greatly contributed to reveal the neural underpinnings of
sensory, executive or motor functions in dedicated task studies. As depicted in Figure 1.1,
however, the other facet of human behaviour is introspection, which can be addressed
through the acquisition of resting-state (RS) fMRI sessions in which scanned subjects are
simply asked to let their minds wander over the course of a few minutes (typically, 6 or more).
Because of the unconstrained nature of introspection and the lack of associated task time
course, different analytical tools are required. Below, we survey the most important RS fMRI
findings, but more extensive reviews can be found in Heuvel and Hulshoff Pol (2010) and
Rosazza and Minati (2011).

Independent component analysis (ICA), a data-driven approach that derives spatially inde-
pendent multi-dimensional sources and associated subject-specific expression time courses (Hyväri-
nen and Oja, 2000), has been a prominently applied approach. Aside from its task-based
applications (Calhoun et al., 2001; Calhoun and Adalı, 2006), ICA has been heavily adjusted
to optimise its applicability to RS data1, by enabling group-level analyses (Beckmann and
Smith, 2005), the generation of subject-specific spatial maps (Beckmann et al., 2009), or by
jointly optimising the independence of separate components within subjects as well as their
similarity across subjects (Du and Fan, 2013).

Regardless of exact methodological choices, ICA has revealed the existence of a set of large-
scale resting-state networks (RSNs), outlined in Figure 1.4, which are consistent across
subjects (Beckmann et al., 2005; Damoiseaux et al., 2006). In other words, even at rest, dif-
ferent areas from the brain undergo synchronised signal fluctuations. Furthermore, RSN
patterns are broadly consistent with the sets of regions that are recruited upon performing a
given task (Smith et al., 2009)—although there also exist some differences (Di et al., 2013).
Actually, activation across a range of tasks can accurately be predicted from RS brain configu-
rations (Tavor et al., 2016), further highlighting the strong links between the task and rest
settings.

The complementary assessment of functional connectivity (FC), defined as the statistical in-
terdependence between activation time courses (Friston, 1994; Friston, 2011), has provided
converging evidence for this view of the brain as a set of RSNs. Biswal et al. (1995) were
the first to reveal the existence of a somatomotor network at rest, from a seed-based com-
putation of FC with the rest of the brain, and later FC-based investigations at the voxel
level (Van Den Heuvel, Mandl, and Pol, 2008), or following atlasing into a subset of regions
of interest (Power et al., 2011), also confirmed the existence of other RSNs.

The application of graph theoretical tools (Fornito, Zalesky, and Breakspear, 2013; Fornito,
Zalesky, and Bullmore, 2016), in which pair-wise FC relationships stand as the edges that link
different brain regions, further clarified the meaning of RSNs: it revealed the organisation
of the brain as a small world network (Achard et al., 2006; Achard and Bullmore, 2007), in
which information efficiently flows locally and globally. While efficient local information flow

1Yet another popular application of ICA is in preprocessing of the fMRI data (Griffanti et al., 2014; Pruim et al.,
2015), given its ability to isolate and discard non-neuronal signal sources (Kiviniemi et al., 2003).
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Figure 1.4: Main resting-state brain networks. The eight most consistently retrieved resting-state networks across studies are
displayed. Note the similarity with the areas activated upon different task paradigms as highlighted in Figure 1.2A. Adapted
from Heuvel and Hulshoff Pol (2010).

reflects within-RSN interactions, global transmission further implies that different RSNs do
not activate in isolation, but also interact. This has been demonstrated in many ways, of which
the most notorious instance is certainly the anticorrelation between the default mode network
(DMN), which has been linked to many facets of introspective processing—see Buckner,
Andrews-Hanna, and Schacter (2008) for a comprehensive review, and the task-positive network
(TPN), which activates when performing cognitively demanding tasks (Fox et al., 2005).

While the importance of understanding RS brain function at the network level has been firmly
acknowledged (Bressler and Menon, 2010), what the resting condition exactly encompasses
remains a fascinating question. Introspective processes, such as mind wandering, are likely
involved; for example, thought sampling experiments have drawn a link between mind
wandering and fluctuations in activity of the DMN (Mason et al., 2007).

At the same time, links can also be made to the overall state of consciousness (one of the
broad modulatory factors of behaviour that we described in Figure 1.1): for instance, sleep
deprivation modifies RS FC within the DMN (De Havas et al., 2012), and sleep, anaesthesia or
coma lead to strong RS FC modulations (Heine et al., 2012)2. Mental exhaustion also increases
the relative importance of the DMN compared to attentional networks (Esposito et al., 2014).

Substance intake impinges on RS function as well, since nicotine induces lowered DMN
activity (Tanabe et al., 2011), and executive and frontoparietal FC enable to distinguish
smokers from non smokers (Pariyadath, Stein, and Ross, 2014). In addition, prefrontal inter-
hemispheric FC is reduced in cocaine addicts (Kelly et al., 2011). The left prefrontal cortex

2Somehow worryingly, it was actually found that early sleep stages are often entered upon RS acquisi-
tions (Tagliazucchi and Laufs, 2014).
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was also shown more active in people dependent to a substance (Krmpotich et al., 2013), and
alcohol uptake lowers activity within ventral visual and reward brain systems (Spagnolli
et al., 2013).

Even personality has been linked to brain activity at rest: for example, the more impulsive
individuals show more random time courses of activation in the ventral striatum and or-
bitofrontal cortex (Hahn et al., 2012). Thus, while the resting-state is partly reflective of
introspective functions, it also renders trait-like defining features of an individual, state-like
conditions, and reflects past environmental interactions.

In addition to all the above, the classical inputs/executive processing/output behavioural
loop that is probed by task-based settings is also reflected in RS brain features, as repeatedly
shown: for example, response inhibition is facilitated if inferior frontal cortex and DMN
activity are more homogeneous, while posterior insula and middle occipital cortex ones are
less homogeneous (Tian, Ren, and Zang, 2012); at the same time, a greater amplitude of low
frequency fluctuations (ALFF) in middle cingulate areas is also beneficial (Mennes et al.,
2011).

Working memory abilities as quantified by an n-back task positively correlate with the
strength of anticorrelation between the DMN and dorsolateral prefrontal cortex (Sala-Llonch
et al., 2012). Meanwhile, in old subjects, associative memory is better if FC between the
hippocampus and posteromedial cortex is larger (Wang et al., 2010). The ability to recall the
location of various objects in a virtual reality environment has also been linked to RS signal
variability across a broad array of regions (Wong et al., 2014).

Language learning abilities are enhanced by greater ALFF in the superior temporal gyrus,
and lower ALFF in the DMN; at the same time, anticorrelation between the DMN and
attentional networks is a worsening factor (Deng et al., 2016b). Reading abilities are also
impacted by RS FC: indeed, the ability to read Chinese characters positively correlates with
FC between parietal and fusiform/occipital/temporal areas (Wang et al., 2012), and between
dorsal stream and visual regions (Qian et al., 2016). As for more global perceptual abilities,
they are modulated by FC with the visual cortex (Baldassarre et al., 2012).

At the broader cognitive level, executive control positively correlates with ALFF in the
precuneus and superior frontal gyrus (Xu et al., 2014), and distractibility is lowered in
subjects with larger FC within DMN regions, as well as a lower FC between DMN and
attentional areas (Poole et al., 2016). In a continuous psychomotor vigilance task, subjects
with higher ALFF in the posterior cingulate cortex and medial prefrontal cortex, two DMN
hubs, also showed the lowest decrease in performance along the task (Gui et al., 2015).

Finally, intelligence has been related to the resting-state: using the bilateral dorsolateral
prefrontal cortex as a seed, Song et al. (2008) found several areas whose seed FC correlated
with intelligence (Song et al., 2008), and more recently, RS FC enabled to predict 20% of
general intelligence in cross-validated fashion: locations throughout the brain mattered,
highlighting the importance of the whole network (Dubois et al., 2018).
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While the above clearly demonstrates that the resting-state condition influences task perfor-
mance, the converse also holds true: indeed, RS FC differs along the learning of cognitive
tasks (Waites et al., 2005; Lewis et al., 2009), highlighting an evolution as a function of experi-
ences resulting from synaptic plasticity (Guerra-Carrillo, Mackey, and Bunge, 2014). Another
interesting example of how resting-state activity can be influenced by experience in the
broader sense is found in the study of overweight individuals: obese subjects have stronger
activation in the putamen (García-García et al., 2013), and when undergoing a six-month
exercise intervention, lowered activity within the precuneus correlates with the decrease in
perceived hunger (McFadden et al., 2013).

All in all, extensive evidence ties RS brain function to inter-individual behavioural variabil-
ity (Fox and Raichle, 2007), be it at the level of introspective processing, executive functions,
sensory perception, personality traits or arousal state. We shall add that although it is not
the main focus of this thesis, extensive clinical applications have also been unraveled, as
reviewed elsewhere (Greicius, 2008; Fox and Greicius, 2010; Lee, Smyser, and Shimony, 2013).
As elegantly summarised by Buckner and Vincent (2007), spontaneous activity patterns
“consolidate the past, stabilize brain ensembles, and prepare us for the future”.
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1.4 Thesis objectives

In this thesis, the goal has been to advance the study of inter-individual behavioural variabil-
ity, and of how it relates to resting-state brain function. The overall content is summarised in
Figure 1.5.

In Chapter 2, I focus on the links between the spatio-temporal characteristics of head motion
in the scanner, and a range of behaviours spanning all the domains highlighted in Figure 1.1
(Sections 2.2 and 2.3). I also touch upon the effects exerted by such relationships at the level
of fMRI signals, in the specific context of FC estimates (Section 2.4).

In Chapter 3, I consider the recent development of pushing RS FC analyses to the dynamic
setting, so that statistical interdependence is probed over subsequent time windows. I pro-
vide a comprehensive review of this emerging field, and highlight directions of outstanding
interest. In Chapter 4, I then explore how the most widespread dynamic approaches in-
troduced in Chapter 3 can be translated from the resting-state to the task-based setting, to
explore inter-individual variability at the level of a naturalistic stimulation paradigm; the
developed methodology for this purpose has been released publicly as a toolbox (detailed
in Section C.4). I consider differences within a population of typically developing subjects,
and a set of patients diagnosed with autism spectrum disorders, in two successive studies
resorting to different analytical approaches (Sections 4.2 and 4.2).

In Chapter 5, I explore the relevance of advanced state-based descriptions of brain function
that operate at a frame-wise temporal resolution. I show how co-activation pattern analysis,
such a seed-based approach, enables to characterise attentional performance (Section 5.2; the
content also includes the description of an associated, publicly released toolbox). Two clinical
applications of the same technique are presented in Sections D.1 and D.2. I then propose
a novel mathematical framework that leverages temporal modelling tools to quantify the
interactions between different RSNs (Section 5.3).

In Chapter 6, I consider the combination of fMRI data with diffusion MRI information, and
how this injected knowledge regarding anatomical brain structure can inform resting-state
functional analyses of inter-individual behavioural variability. An alternative application of
similar concepts to the task-based setting can be found in Section E.1.

Finally, in Chapter 7, I discuss the commonalities and differences between all the explored
methodologies, in theoretical terms and when brought back to the context of inter-individual
behavioural differences (Section 7.1). I conclude by highlighting more global lines of re-
search that can complement the fMRI-based dynamic analysis of resting-state brain function
(Section 7.2).
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Chapter 3

Chapter 4 Chapter 6

Section 5.2 Section 5.3

Figure 1.5: Thesis content overview. From raw blood oxygenation level-dependent (BOLD) signals, sliding window correla-
tion can be computed in dynamic fashion to generate a dynamic functional connectivity (dFC) time course. In Chapter 3, I
broadly review this field of research. Similar techniques can be translated to the study of naturalistic stimulation, when cross-
subject computations are performed; such investigations are described in Chapter 4. The axis of window-based approaches is
symbolised by a blue arrow underneath. Alternatively, frame-wise states that compactly summarise functional brain dynam-
ics can be derived; an application is described in Section 5.2. From a state-based representation, temporal modelling tools can
be deployed; a novel framework for this purpose is described in Section 5.3. The state modelling analytical axis is denoted
by a read arrow underneath. Finally, diffusion-weighted imaging knowledge can be injected, and enable the obtention of
refined functional time courses reflecting different aspects of the structure/function relationship. This graph signal processing
axis is reflected by a green arrow underneath, and presented in Chapter 6. In addition to this content linked to the BOLD time
courses, relationships between head motion and behaviour are also studied in Chapter 2.
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Chapter 2

The head motion, behaviour and
functional connectivity triad

2.1 Culprits responsible for non-neuronal sources of functional
connectivity

As highlighted in Chapter 1, FC is computed from blood oxygenation level-dependent
(BOLD) time courses, which are only an indirect reflection of localised neural activity. This
means that any non-neuronal signal source inducing correlated signal changes across the
brain has the potential to corrupt FC measurements. Non-neuronal contributions actually
account for more than half of the BOLD signal (Bianciardi et al., 2009): one first such influence
is the thermal and system-related noise, but given its lack of clear spatial covariance structure
and its little relative importance compared to other factors, deleterious effects at the level of
FC estimates are expected to remain minimal.

Physiological signal sources have a much greater impact, which is exerted in several over-
lapping ways (Murphy, Birn, and Bandettini, 2013; Caballero-Gaudes and Reynolds, 2017):
first, breathing will be associated to localised alterations of the B0 magnetic field (Van de
Moortele et al., 2002). Then, non-stationary changes in respiratory and cardiac instantaneous
frequency strongly contribute to modulate the BOLD signal: such changes at the level of the
respiratory cycle lead to changes in oxygenation levels, as well as in arterial CO2 levels, a
potent vasodilator (Wise et al., 2004; Birn et al., 2006; Chang and Glover, 2009). From the
cardiac side, heart rate fluctuations will also modulate oxygenation levels (Shmueli et al.,
2007). Finally, heart rate variability induced by the interplay between the sympathetic and
parasympathetic nervous systems (Chang et al., 2013a), and vasomotion (the continuous
regulation of arterial vessel diameter) also have a modulatory activity on the BOLD signal.

In sum, a range of cardiac and respiratory influences are exerted on the BOLD signal, in ways
that remain to be fully characterised. On top of localised BOLD signal alterations that have
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sometimes been identified (Glover, Li, and Ress, 2000), a large fraction of physiology-related
BOLD fluctuations appears to lie in what is commonly referred to as the global signal; that
is, the fraction of the BOLD signal that varies similarly along the whole grey matter (Liu,
Nalci, and Falahpour, 2017). The global signal has been a vividly debated measure (Fox et al.,
2009; Murphy et al., 2009): it encompasses not only physiological or motion-induced (Power
et al., 2017) components, but also neural (Chang et al., 2016; Falahpour, Wong, and Liu, 2016)
contributions, and thus, whether to conserve it or not in the preprocessing of fMRI data
remains subject to discussion (Murphy and Fox, 2017). In any case, however, the at least
partly spatially uniform nature of physiology-induced alterations of the BOLD signal implies
that FC should be expected to be artificially enhanced at the whole-brain level.

Motion is another historically problematic (Friston et al., 1996) and still highly contempo-
rary (Maknojia et al., 2019) confound. Part of motion effects are actually due to physiological
processes: indeed, cardiac pulsatility induces movement of the brain tissue, resulting in
noisy signal contributions (Bhattacharyya and Lowe, 2004). Both the respiratory and cardiac
cycles also induce bulk displacements of large brain regions, such as the brainstem (Brooks
et al., 2013), and as the small head motions elicited by respiration, will alter the BOLD
signal through spin history effects. To briefly touch upon this terminology with respect to
the concepts described in Section 1.2, tissue locations that physically move in the middle of
acquisition may already have been excited by a prior RF pulse (if moving perpendicularly to
the transverse plane), or may have been encoded by phase- or frequency-encoding gradients
that do not match their newest position anymore.

In addition to motion induced by cardiac pulsations or respiration, short-lived translational
and rotational head motions of the subjects also lead to severe BOLD artefacts with a complex
spatio-temporal structure (Power et al., 2014; Power et al., 2017), whose precise origin remains
poorly understood. As shown in a triad of seminal coincident research articles, these artefacts
remain despite regressing out linear fits to motion parameter estimates (Power et al., 2012;
Satterthwaite et al., 2012; Van Dijk, Sabuncu, and Buckner, 2012), calling for more stringent
quality control methods.

The consensual motion-related preprocessing steps to enable artefact-free functional connec-
tivity analysis are summarised in Figure 2.1: first, BOLD time points associated to excessive
motion as assessed through a composite framewise displacement (FD) measure (Power et al.,
2012; Van Dijk, Sabuncu, and Buckner, 2012; Jenkinson et al., 2002) are excised, or interpolated
over. Note that this step involves an aggregated FD estimate, which collapses the six different
motion degrees of freedom into a single measure at each time point. Following this first
step, traditional regression-based strategies are applied to the remaining time points, where
individual motion time courses were previously derived from realignment of functional
volumes based on a mean square error cost function. Functional connectivity can then be com-
puted, either by excluding censored frames, or by using their interpolated counterparts. As a
third step, a recommended practice is the quality control of obtained FC measurements, in
order to verify that pervasive motion-related artefacts (typically seen as distance-dependent
correlations between average FD along time and FC) do not remain—see Ciric et al. (2018)
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Figure 2.1: Summary of links between behaviour, head motion and functional connectivity. (Top left panel) Several scores
enable to quantify diverse aspects of human behaviour (left depiction), and each human being stands out by his/her individ-
ual behavioural profile (right depiction). (Top right panel) In-scanner head motion is typically considered at three distinct
levels of complexity: at the level of individual translational (red, green and blue traces) or rotational (cyan, magenta and
yellow traces) contributions; at the level of a spatially-averaged framewise displacement time course; or at the level of a scalar
value reflecting temporally averaged, spatially aggregated motion. (Bottom left panel) Framewise displacement is used to
discard BOLD frames associated to excessive motion (represented, for the two example regional time courses, by vertical grey
bars). Individual motion parameter time courses are then regressed out (as such or in extended models including their deriva-
tives/quadratic forms). (Bottom right panel) Statistical interdependence can be assessed between properly cleaned BOLD
time courses to generate a functional connectome. Quality control is advised to assess the extent of remaining mean FD/FC
dependencies in the data. The FC measurements of the considered subject population can then be analysed to study a be-
haviour of interest; because individual behaviour also influences head motion, group-level regression of a mean FD covariate
in brain/behaviour analyses has been questioned. FD: framewise displacement. BOLD: blood oxygenation level-dependent.
FC: functional connectivity.

for a recent extended discussion. Of note is that this particular step is conducted using only
one scalar (mean FD) to summarise motion. Finally, it is also advised to include mean FD as
a covariate in group-level FC/behaviour analyses.

On top of the fact that motion is included in the preprocessing of BOLD data in a somewhat
eclectic manner, previous works have questioned the relevance of group-level use of mean FD
as a covariate (Kong et al., 2014; Wylie et al., 2014): in short, the goal is to study a behaviour of
interest through FC measurements, but subject-specific behaviour also influences head motion
(e.g., more inattentive subjects will move to a greater extent). Hence, using a motion-related
covariate may actually lead to an underestimation of the true effect of interest.

Such concern has so far been raised for a scarce set of behaviours, at the level of mean FD;
in Sections 2.2 and 2.3, we assess whether an influence of behaviour on head motion can
be established at the level of individual translational and rotational motion parameters. By
behaviour, we broadly refer to all the possibly contributing factors introduced in Section 1.1.
Importantly, we perform our analyses by solely considering time points that are typically



CHAPTER 2. HEAD MOTION/BEHAVIOUR/FUNCTIONAL CONNECTIVITY TRIAD 20

not scrubbed out during preprocessing (that is, linked to acceptable FD). In Section 2.4, still
focusing only on non-scrubbed, good quality measurements, we then explore whether spatio-
temporal head motion is nonetheless potent enough to elicit artefacts at the level of the BOLD
signals.
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2.2 Agito ergo sum: correlates of spatio-temporal motion
characteristics during fMRI

Co-authors’ contributions

Valeria Kebets helped in the interpretation of the behavioural saliences, and provided part
of the data used for validation purposes. Enrico Glerean largely contributed in reworking
the initial abstract version into its final form, and provided part of the validation data.
Daniela Zöller provided a Partial Least Squares MATLAB implementation from which the
performed analyses were developed, and gave extensive feedback about several aspects of
the manuscript. Jingwei Li and B. T. Thomas Yeo provided the behavioural scores used
in the analyses. César Caballero-Gaudes suggested how to adjust the manuscript content
according to the fMRI motion state-of-the-art. Dimitri Van De Ville offered continuous
guidance. All authors reread the manuscript.

Abstract

The impact of in-scanner motion on functional magnetic resonance imaging (fMRI) data has
a notorious reputation in the neuroimaging community. State-of-the-art guidelines advise to
scrub out excessively corrupted frames as assessed by a composite framewise displacement
(FD) score, to regress out models of nuisance variables, and to include average FD as a
covariate in group-level analyses.

Here, we studied individual motion time courses at time points typically retained in fMRI
analyses. We observed that even in this set of putatively clean time points, motion exhibited
a very clear spatio-temporal structure, so that we could distinguish subjects into four groups
of movers with varying characteristics.

Then, we showed that this spatio-temporal motion cartography tightly relates to a broad
array of anthropometric, behavioural and clinical factors. Convergent results were obtained
from two different analytical perspectives: univariate assessment of behavioural differences
across mover subgroups unraveled defining markers, while subsequent multivariate analysis
broadened the range of involved factors and clarified that multiple motion/behaviour modes
of covariance overlap in the data.

Our results demonstrate that even the smaller episodes of motion typically retained in
fMRI analyses carry structured, behaviourally relevant information. They call for further
examinations of possible biases in current regression-based motion correction strategies.
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Introduction

Resting-state functional magnetic resonance imaging (RS fMRI) has been a vibrant and
flourishing research topic. Since its advent (Biswal et al., 1995), the assessment of statistical
interdependence between brain regions, or functional connectivity (FC), has enabled the
determination of large-scale functional brain networks (Damoiseaux et al., 2006; Power et al.,
2011; Yeo et al., 2011), and the harvesting of their spatio-temporal properties towards a
refined understanding of a constellation of brain disorders (Fox and Greicius, 2010).

One of the most remarkable features of RS fMRI is that such analyses are already feasible from
a few minutes of acquisition (Van Dijk et al., 2009). However, the reliance on low amounts
of data also requires that the acquired time courses be impeccably cleaned from potential
confounding signals. This is even more of a concern as the field starts moving towards
time-varying and -resolved analyses, such as dynamic FC (Laumann et al., 2016)—see Preti,
Bolton, and Van De Ville (2017) for a review—or real-time neurofeedback (Watanabe et al.,
2017).

Amongst confounding signal sources, in-scanner head motion of volunteering participants
has been a leading cause of investigation. Its deleterious impacts may take many forms, and
remain incompletely understood—see Power, Schlaggar, and Petersen (2015) and Caballero-
Gaudes and Reynolds (2017) for reviews. Some years ago, it was discovered that even
short-lived episodes of motion might greatly bias FC analyses (Power et al., 2012; Van Dijk,
Sabuncu, and Buckner, 2012; Satterthwaite et al., 2012), and lead to erroneous interpretations
in clinical or developmental studies (Deen and Pelphrey, 2012; Makowski, Lepage, and Evans,
2019). These observations of motion-biased results further fueled the development of robust
post-processing strategies to free fMRI time courses from confounding motion effects.

Thanks to many rigorous and extensive studies (Satterthwaite et al., 2013; Yan et al., 2013;
Power et al., 2014; Burgess et al., 2016; Ciric et al., 2017; Parkes et al., 2018), the field has
reached a consensus as to what general steps are essential for a viable RS fMRI denoising
pipeline. Their specificities, however, remain debated. In short, following the linear realign-
ment of functional images, estimates of motion over time are obtained along three trans-
lational directions (left/right, anterior/posterior and dorsal/ventral, respectively termed
X, Y and Z in what follows) and three rotational planes (roll, pitch and yaw, respectively
referred to hereafter as α, β and γ). Framewise displacement (FD) is then computed as an
aggregated measure across these 6 motion parameters1, in order to tag data points corrupted
by excessive instantaneous motion and exclude them from subsequent analyses.

Estimated motion time courses are then linearly regressed out from the remaining fMRI data2,
in a matrix of regressors that can be extended to include their quadratic expansions, their

1Here, we will be discussing the FD metric suggested by Power et al. (2012), but other alternatives have also
been put forward in the past literature (Jenkinson et al., 2002; Van Dijk, Sabuncu, and Buckner, 2012).

2Scrubbed data points can be accounted for in two ways: either by modelling them as individual single-point
regressors (Lemieux et al., 2007), or by extracting fitting weights from solely non-scrubbed data points, and then
applying the regression to the whole data (Power et al., 2014).
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derivatives, and/or their squared derivatives. More parsimonious models lead to a greater
amount of retained degrees of freedom in the data, while more exhaustive models may
remove signal of interest (Bright and Murphy, 2015), but enable to account for biophysically
relevant nonlinear motion effects (Friston et al., 1996).

Finally, the addition of a covariate for group-level analyses has also been warranted (Ciric
et al., 2018). However, this last step has been criticised for its risk of biasing some RS fMRI
analyses: indeed, if the behavioural feature of interest in the study positively correlates with
the extent of head motion, the investigated metric will be more strongly attenuated in larger
movers, thus potentially lowering the true magnitude of the effect of interest.

To date, such concerns have been raised in attention or impulsivity studies (Kong et al., 2014;
Wylie et al., 2014). Head motion has been posited to be a marker of cognitive control abilities
(Zeng et al., 2014), showing clear heritability (Couvy-Duchesne et al., 2014), even if solely
non-scrubbed frames are considered (Engelhardt et al., 2017), and sharing genetic influences
with hyperactivity (Couvy-Duchesne et al., 2016) or body mass index (Hodgson et al., 2016).
Very recently, an extended multivariate assessment isolated body mass index and weight as
the major predictors of head motion, with mild additional impacts of impulsivity levels and
alcohol/nicotine consumption (Ekhtiari et al., 2019). Thus, in light of current knowledge, the
span of behavioural or clinical measures subject to bias remains limited.

A major limitation of all the above studies, however, is the use of average FD over time to
quantify head motion levels. In other words, it is implicitly assumed that motion properties
remain similar along the course of a scanning session, and do not differ across translational
directions or rotational planes—an assumption that does actually not square well with the
information available to date; see Wilke (2014). It is likely that the true spatio-temporal
complexity of motion is so far overlooked, and that its relationship to behaviour is thus
only poorly understood. Since even the most sophisticated motion correction approaches
summarised above are still unable to fully remove deleterious motion influences (Yan et al.,
2013; Siegel et al., 2016), filling such possible gaps of knowledge is a critical question.

Our first question in the present work was thus whether we could find, consistently across
subjects, spatio-temporal head motion properties going beyond time- and space-invariance.
Our second question was then whether these more subtle motion profiles would consist in
endophenotypes characterised by specific anthropometric, behavioural or clinical properties.

Materials and methods

Motion data acquisition and preprocessing

We considered a set of 224 healthy subjects from the Human Connectome Project—HCP (Smith
et al., 2013), scanned at rest (eyes open) over four separate 15-minute sessions at a TR of
0.72 s. For each session, motion was estimated using rigid-body transformation with three
translation parameters (along the X, Y and Z axes) and three rotation angles (in the α, β
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and γ planes respectively highlighting roll, pitch and yaw) with respect to a single-band
reference image acquired at the start of each session, and FSL’s FLIRT (Jenkinson et al., 2012).
It resulted in 6 time courses (one per motion parameter) with 1200 time points each.

In the present work, we solely analysed the motion time courses (not the fMRI data) from the
first acquired session. Individual motion time courses were differentiated so that our analyses
would focus on instantaneous displacement from time t to time t + 1. Further, since time
points linked to excessive displacement are typically removed from RS fMRI analyses, we
only considered non-scrubbed motion instances according to Power’s FD definition (Power
et al., 2012) at a threshold of 0.3 mm. Resorting to a more conservative (0.2 mm) or more
lenient (up to 1 mm) threshold, or censoring not only tagged time points (time t) but also the
following ones (time t + 1), did not modify our findings (see Section A.2 for a more detailed
description).

Spatio-temporal motion characterisation

We wished to assess whether different subjects would present distinct spatio-temporal motion
characteristics in the data points that are typically conserved in RS fMRI analysis (i.e., not
scrubbed out).

For each motion time course, we computed absolute valued instantaneous displacement.
Thus, we did not consider the sign of the changes (e.g., moving positively as opposed to
negatively in the X direction); this is because initial analyses indicated that positive-valued
and negative-valued movements always compensated, to the exception of the X case (two-
sided Wilcoxon rank sum test, p = 0.0001).

Then, we averaged motion values within each motion type (X, Y, Z, α, β and γ), and each of 6
even-duration time intervals along the scanning sessions (2.4 min = 144 s each). This resulted
in a total of 36 conditions. We chose 6 temporal sub-bins to give equal weight to spatial and
temporal domain information in our decomposition of the data. Eventually, the values were
z-scored across subjects for each condition so that positive values highlight strong movers (at
a given time and for a given motion parameter) with respect to the mean, and vice versa. It
also follows that an equal weight is given to each condition.

Next, we used these 36 motion summary measures to separate subjects into different sub-
groups of movers through spectral clustering (Von Luxburg, 2007), a nonlinear dimensionality
reduction approach—see Section A.3 for details. By taking into account such precise motion
characteristics, we exploit complex motion profiles rather than simply dividing into high-
and low-motion subjects, as is classically done on the basis of average FD.

To evaluate whether there was any significant effect of scanning duration, motion parameter
or mover subtype, or any interaction between these factors, we conducted a three-way
ANOVA (factor 1: scanning duration [time], factor 2: motion parameter [space], factor 3:
mover subtype [group]) and assessed significance by comparing the obtained F-values with
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a null distribution generated non-parametrically over 10000 folds, shuffling the three factors
independently from each other.

To assess motion changes along time within a given group of subjects, a linear model was
fitted along the six time bins (including a constant regressor of no interest), and the null
hypothesis that the mean value across subjects would be equal to 0 was assessed. To examine
differences in motion along space, we conducted pair-wise two-tailed t-tests between all
group pairs.

Behavioural data acquisition and processing

For each subject, a battery of behavioural and demographic scores was also quantified. A
list of all the investigated scores in the present study can be found in Section F.2. They were
subdivided into several key sub-domains, largely following the original classification found
in the HCP Data Dictionary3:

• Demographic parameters, including race, ethnicity, employment status, income or
education level.

• Physical health, such as weight, height, body mass index (weight/height2), blood
pressure, hormonal levels.

• Alertness levels, assessed in terms of cognitive status—MMSE Folstein, Lee, and Helzer
(1983)—and sleep quality—PSQI Buysse (1989).

• Cognitive abilities (in terms of accuracy, response time or errors) across various tasks
spanning different cognitive domains—see Barch et al. (2013) for details.

• Emotional level in terms of anger, fear, stress or life satisfaction—assessed through the
NIH toolbox (Gershon, 2010).

• Motor abilities, including endurance, gait speed, dexterity and strength measurements.

• Sensory levels, quantified in terms of responses to noise, odour, pain, taste, or contrast.

• Personality traits, as assessed by the NEOFAC questionnaire (McCrae and Costa Jr,
2004).

• Psychiatric and life function, including for example measures of anxiety, aggressiveness,
withdrawal or inattention (Achenbach, 2009).

• Substance use, that is, intake of alcohol, tobacco or drugs (partly from the SSAGA
questionnaire).

3https://wiki.humanconnectome.org/display/PublicData/HCP+Data+Dictionary+Public-+Updated+
for+the+1200+Subject+Release

https://wiki.humanconnectome.org/display/PublicData/HCP+Data+Dictionary+Public- +Updated+for+the+1200+Subject+Release
https://wiki.humanconnectome.org/display/PublicData/HCP+Data+Dictionary+Public- +Updated+for+the+1200+Subject+Release
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For some scores, several entries were not acquired in a sub-fraction of subjects (mean: 1.52%,
median: 0.89%, maximum: 21.43%). This was taken into account in behavioural data pro-
cessing so that it would exert a minimal effect on the described findings. Some scores were
also discarded due to various criteria, and the remaining ones were processed as in Smith
et al. (2015), yielding a total of 45 scores for subsequent analyses, reflective of anthropometric
properties, cognitive abilities or clinical features. Details are provided in Section F.2.

Univariate link between motion subgroups and anthropometry/behaviour

To determine whether some anthropometric/behavioural scores would differ across mover
subgroups, we performed a univariate assessment. For each of the 45 assessed domains, we
computed a score indicative of cluster-to-cluster distinction. Formally, following Gu, Li, and
Han (2012):

F(xi) =
∑K

k=1 nk(µk,i − µi)
2

∑K
k=1 nk(σk,i)2

, (2.1)

where xi is the vector of the ith domain scores across subjects, µi is its average regardless
of group classification, µk,i is its average within group k, and σk,i is the standard deviation
within group k. A large score value indicates that the assessed behavioural domain shows
distinct values between clusters.

To non-parametrically extract significant scores, we used permutation testing, by randomly
shuffling subject motion entries 1000 times. P-values were Bonferroni corrected for 45 tests.
Scores were considered significant at a corrected p-value of 0.05.

Multivariate links between motion features and anthropometry/behaviour

To go beyond univariate comparisons and test for multivariate patterns of motion-behaviour
interactions, we conducted a Partial Least Squares (PLS) analysis (McIntosh and Lobaugh,
2004; Krishnan et al., 2011). We summarise the gist of the approach below, and additional
details can be found in Section A.3.

We considered the matrix of behavioural scores (size 224 x 45) on the one hand, and the
matrix of spatio-temporal motion features (size 224 x 36) on the other. Using PLS, we derived
a set of so-called components. Each consists in a linear combination of motion scores, and
a linear combination of behavioural scores, with maximised covariance. The associated
weights are termed motion saliences and behavioural saliences, and are respectively arranged in
U and V, two matrices of size 36 x 36 and 45 x 36. Motion saliences (i.e., the columns of U)
are orthonormal, and so are behavioural saliences. Successive components explain gradually
less of the covariance present in the data, as quantified by their singular values. Finally, the
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extent to which a motion salience or a behavioural salience is expressed in a given subject is
termed the motion latent weight or behavioural latent weight, respectively.

To assess significance of the PLS components, we compared their singular values to a null
distribution constructed from 1000 shuffled datasets, following Zöller et al. (2017). We focused
our interpretation on the components significant at p = 0.02. To determine the stability of the
saliences, we performed bootstrapping with 80% of the data.

For interpretation, we converted the 36-element motion saliences obtained from PLS analysis
into a 6-element space and a 6-element time representation, by averaging across all time points
or across all spatial directions, respectively. Stability was assessed on these summarising
values. Each behavioural or motion salience element was considered significant above a
bootstrap score (mean salience across bootstrapping folds divided by the associated standard
deviation) of 3, corresponding to a confidence interval of approximately 99% (Garrett et al.,
2010; Zöller et al., 2017).

In addition, we performed correlation analyses between motion (or behavioural) latent
weights of the analysed components and FD or age, using Spearman’s correlation and non-
parametric significance assessment. We also performed a Wilcoxon rank sum test to probe
for possible differences in motion (or behavioural) latent weights across gender. Results were
Bonferroni-corrected for 18 tests (3 components examined in terms of 3 separate parameters
for 2 types of latent weights) and judged significant at a corrected p-value of 0.05.

Results

Spatio-temporal motion diversity

Average motion across six even-duration time bins, and the 6 motion parameters, was
quantified. This spatio-temporal motion profile characterisation revealed the existence of
four separate subgroups of movers (Figure 2.2A): in the first one (n1 = 70, red patches),
subjects showed low motion across all time and motion dimensions (negative z-score values
in Figure 2.2C). In the second (n2 = 51, dark blue patches), subjects moved little, and less
following the first sixth of the session, with stronger motion along the α and β rotational
components. The third group (n3 = 67, orange patches) showed very strong motion spatio-
temporally, which increased after the first sixth of the session, while the fourth one (n4 = 36,
cyan patches) showed particularly strong motion in the γ rotational plane, which slightly
attenuated after the first sixth of the session.

In addition, we also individually plotted scanning duration or motion parameter against
cluster assignments (Figure 2.2C), averaging over all entries from the other factor (e.g., the
bar labeled “X” denotes the average of motion along the X direction from t1 to t6).

Statistical analysis confirmed the above observations: on top of a significant effect of group
(F = 1414.41, p < 10−5), there was a significant time× group interaction (F = 3.11, p < 10−5),
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Figure 2.2: Groups of spatio-temporal movers. (A) (Top) Proportion of ambiguously clustered pairs (PAC) across different
evaluated numbers of clusters. The colour gradient from black to yellow denotes PAC evaluation for an increasingly narrow
distribution range. Lower values highlight stronger robustness of clustering, and the optimum (K = 4) is labeled by an arrow.
(Bottom) Dimensionally reduced representation of all 224 subjects, each depicted by a three-dimensional box. Box widths
along the first, second and third dimension are proportional to the average motion extent, across all 6 considered time bins, in
the X, Y and Z directions. Colours denote the four different subgroups of movers. Edge thickness of the boxes is proportional
to the slope of a linear fit to average spatial motion over the 6 temporal bins, while red/blue symbolises increased/decreased
motion over time. (B) Similar representation, with colour coding in RGB scale proportional to the extent of motion in the α
(red), β (green) and γ (blue) rotational planes. Black/white denotes uniformly low/high motion along the three rotational
planes. (C) Simplified representation of the data along time and clusters (top row), or along space and clusters (bottom row).

and post-hoc assessment revealed that while groups 1, 2 and 4 showed a decrease in mo-
tion over time (β1 = −0.007 [−0.01,−0.003], p = 0.0026; β2 = −0.0194 [−0.027,−0.012],
p < 10−5; β4 = −0.025 [−0.031,−0.019], p < 10−9), group 3 exhibited an increase (β3 =

0.0354 [0.014, 0.057], p = 0.0013). Thus, different mover subgroups displayed varying tempo-
ral changes in their extent of motion.

In terms of spatial properties, there was a significant effect of space (F = 5.92, p < 10−5), as
well as a significant space × group interaction (F = 83.88, p < 10−5). Exhaustive results from
a post-hoc assessment are displayed in Section A.1. They show that subjects in group 4 moved
the most in the γ plane (hence their blue shade in Figure 2.2B), while subjects from group 2
moved the least on that plane (hence their red and green tones). Group 1 featured the lowest
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Figure 2.3: Univariate links between spatio-temporal motion and anthropometry/behaviour/clinical scores. Across all 45
considered domains, Fisher score in terms of discriminability across the four spatio-temporal mover groups. Black horizon-
tal bars denote significance thresholds, derived non-parametrically and Bonferroni-corrected for 45 tests. Grey bars denote
significance thresholds upon FDR correction. (Inset) For the 7 significant domain scores, post-hoc comparison of Fisher score
values across mover subgroups. Positive values highlight stronger scores for the row group. One star (*) highlights signifi-
cance without multiple testing corrections, and two stars (**) highlight significance upon Bonferroni correction for 42 tests (6
pair-wise comparisons for 7 scores). RT: response time. ADHD: attention-deficit hyperactivity disorder.

movers in Y, Z, α and β, while in group 3, subjects moved most in X, Y, Z, α and β (thus, they
appear in white in Figure 2.2B). Overall, each group could thus be clearly distinguished on
the basis of spatial motion properties.

Univariate links between motion and anthropometry

Next, we related the spatio-temporal motion characteristics of the subjects (as summarised
by their mover group assignment) to their anthropometric, behavioural and clinical features.
Weight, Height, Blood pressure and Cognitive flexibility scores were significantly different across
mover subtypes following Bonferroni correction (Figure 2.3). When applying FDR correction
instead, Endurance, Somatic problems and Inattention also became significant.

Subsequent inspection of pair-wise group relationships (Figure 2.3, inset) showed that group
3 (i.e., the largest movers) showed greater weight, lower height, more elevated blood pressure
and reduced endurance compared to all other groups, highlighting that they largely stand
out in terms of anthropometric features. Members from group 4 (that is, the γ movers) mostly
differed from groups 1 and 2 through larger somatic problems and inattention scores; hence,
they can rather be distinguished on the basis of clinical measures (note that no pair-wise
comparison survived Bonferroni correction in this case; this is unsurprising given that clinical
scores were only found significant upon FDR correction in the above evaluations). Finally,
subjects from group 1 (the lowest movers) showed significantly larger cognitive flexibility
compared to groups 2 and 3.
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