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Abstract

The human brain is a complex organ. Recent progress in neuroimaging has enabled

the mapping of large-scale brain regions and their connections. In parallel, advances

in the study of complex networks and systems have impacted diverse research ar-

eas. The field of Network Neuroscience leverages these developments to model

the brain as a network where nodes and edges are estimated from neuroimaging

data. Structural networks summarize the anatomical links between delimited brain

regions, and functional networks represent the statistical links between the physi-

ological activity of the same regions. Structural and functional connectivity form

distinct and complementary components of the complex system that is the brain.

In this thesis, we first use machine learning to illustrate the complementarity

of structural and functional connectivity in the detection of schizophrenia in brain

networks. Secondly, we propose that observed functional connectivity can be ex-

plained by a controllable linear dynamics spreading on the structural network. We

derive a model in which different sets of brain regions controlling the dynamics

produce coactivation patterns corresponding to different functional states. This

model provides a principled way to identify potential control centers in the brain.

The identification of control regions is then applied in two case studies where we

show that they significantly differ i) between schizophrenic patients and healthy

controls and ii) during meditation with respect to resting-state.

Next, we focus on the individual-level variability of functional connectivity. We

build on previous work that applied data-driven methods to extract the individual

fingerprint of functional networks. We show that applying degree-normalization

to functional networks modulates the influence of strongly connected nodes and

systematically improves several fingerprinting metrics.

Eventually, we explore an information-theoretic measure called transfer entropy

in order to detect directed functional interactions between brain regions. We show

on a bivariate synthetic example that transfer entropy is able to capture time-

varying and delayed interactions in non-stationary signals. In empirical data, we

illustrate the challenge of interpreting the results provided by the estimation of

transfer entropy.
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cet enseignement continuera de m’être précieux à l’avenir.
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Anne, Florence, Ghady, James, Benôıt, Nicolas, Lise, David, Irene pour les lundis

midi en Journal Club et tous les échanges que nous avons pu avoir.

I am truly grateful for the opportunity offered by Prof. Joaqúın Goñi to join
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1
Introduction

Around 85,000,000,000 neurons.

More than 100,000,000,000,000 connections.

An intricate organization that evolves over multiple scales of time and space.

The human brain is a complex organ that forms the command center of the

central nervous system. It is the result of millions of years of evolution and con-

sumes up to 20% of the total energy required by the body everyday [Attwell and

Laughlin, 2001]. It receives, processes and transfers various types of information

in order to inform decisions and control actions. Yet, many questions about its

functioning remain unanswered and neuroscience research has become a central

topic even for governments [Insel et al., 2013].

Modern neuroscience is based on the notion introduced by Ramón y Cajal

(Nobel laureate in 1906) that individual cells – the neurons (Figure 1.1) – are the

fundamental units of the nervous system [Glickstein, 2006]. Since the emergence of

the neuron doctrine, neuroscientists understood the importance of mapping brain

cells and their connections in order to investigate how they support the processes

allowing us to move, to think and to interact with our environment. Considerable

Figure 1.1: Cerebellar neurons. Hand drawings of neurons and their connections
in the cerebellum, by Ramón y Cajal.
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4 Chapter 1. Introduction

progress has been made in an effort to build a comprehensive map of a brain. A

noteworthy example is that of the nematode worm Caenorhabditis Elegans (abbre-

viated C. Elegans) for which White and colleagues provided for the first time a list

of about 302 neurons, 5000 synapses and 2000 neuromuscular connections [White

et al., 1986]. In 2005, Sporns et al. introduced the concept of connectome to

designate such a description of all pairwise anatomical connections (or edges) be-

tween neural elements (or nodes) of the brain [Sporns et al., 2005]. In other words,

the connectome is the wiring diagram, or network, of the brain.

The level of detail obtained in the C. Elegans connectome is unfortunately still

intractable for the human brain. Nevertheless, recent years have witnessed impor-

tant advances in the field of neuroimaging such as the development of Magnetic

Resonance Imaging (MRI). These technological evolutions opened opportunities to

explore the healthy brain as well as neurological disorders such as schizophrenia

and Alzheimer’s disease. Importantly, the idea that key information in the under-

standing of the brain lies in the way different neural regions interact with each

other became central. Researchers therefore used these novel imaging methods

to map large-scale brain connections spanning the entire brain [Hagmann et al.,

2008]. These connections represent bundles of neural fibers between large brain

regions, providing a coarse-grained but meaningful description of the networks of

the brain [Bullmore and Sporns, 2009]. Motivated by the need of mathematical

methods to describe and quantify the organizational properties of brain networks,

the field of network neuroscience emerged at the crossing between neuroscience

and network science [Bassett and Sporns, 2017].

Network science is a research field that founds its origin in graph theory. In

1736, the Swiss mathematician Leonhard Euler formulated the famous problem

of the Seven Bridges of Königsberg (Figure 1.2). The question was to determine

whether it was possible to walk around the town of Königsberg (now Kaliningrad,

Russia) using a path that crosses each bridge exactly once, and to come back to

the starting point. The mathematical abstraction used by Euler to prove that such

a path doesn’t exist ignored geographical details of the town but rather focused

on the topology of landmasses and their connections (the bridges). Such a math-

ematical description of discrete elements (the vertices or nodes) and their links

(the edges) is called a graph. Important developments in the topological descrip-

tion and the statistical analysis of graphs followed Euler’s work. The use of graph

theory to describe the organization of complex physical systems became popular,

especially with the ever increasing amount of data collected from various sources in

our digital world [Newman, 2018]. The field of network science emerged with the
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Node	=	landmass
Edge	=	bridge

Graph

Figure 1.2: Seven bridges of Königsberg. The problem consists in determining
whether it is possible to walk around the town using a path that crosses each bridge
once and only once, and leading back to the starting point. The abstraction in the
form of a graph is given on the right. The colors give the correspondence between
bridges on the map and edges in the graph. Euler showed that such a path did not
exist.

aim to provide a physical interpretation to graph-theoretical results proper to each

type of system. The seminal work of Watts and Strogatz found that many real-

world networks neither have a completely random topology nor a perfectly regular

one, but rather lie between these two extremes [Watts and Strogatz, 1998]. As an

illustration, they studied the neural organization of C. Elegans. They modeled it as

a network where neuronal elements are nodes and synaptic connections are edges,

and they showed that the C. Elegans connectome features what they named the

‘small-world property’, which characterizes a dense local clustering of edges with

a short average path length between any two nodes. This finding was reassessed

on macroscale human brain networks [Bassett and Bullmore, 2006, Bassett and

Bullmore, 2017] and researchers suggested that this topological property gives the

brain a moderate wiring cost while supporting a high communication efficiency, two

qualities that are beneficial from a biological standpoint. This example showed the

potential of applying network science to study the brain and motivated researchers

to further explore the organization of brain networks.

A number of measures have been used to describe not only networks of brain

anatomy – structural connectivity – but also networks of functional interactions

between brain regions – functional connectivity [Bullmore and Sporns, 2009,Ru-

binov and Sporns, 2010]. The degree of a node in a network is a basic measure of

how strongly it is connected to its neighbors. The investigation of the degree of
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the nodes (i.e. brain regions) in structural and functional brain networks revealed

the existence of hubs i.e., brain regions that are strongly connected to many oth-

ers [van den Heuvel and Sporns, 2013]. Hubs are brain regions that are ‘central’

in the network and that facilitate an efficient neural communication. Their cen-

trality however entails that connectivity alterations in hub regions might be linked

to brain dysfunction. Studies also showed that hubs in the brain tend to be more

densely connected among themselves than with nodes of lower degree, forming a

‘rich-club’ [van den Heuvel and Sporns, 2011]. This set of brain regions constitutes

a backbone for the integration of neural signals [van den Heuvel et al., 2012]. In

addition to these measures of integration, it has been shown that the brain has a

modular organization [Meunier et al., 2010, Sporns and Betzel, 2016]. A module

is a group of regions that are more strongly connected to each other than with

regions outside the group. Modules participate in the locally specialized processing

of information in the brain. Studies of brain organization have provided insightful

descriptions of the biological trade-off between cost and efficiency [Bullmore and

Sporns, 2012]. However, many challenges in network neuroscience are still active

research questions. For instance, understanding how neural activity arises from the

nontrivial organization of brain anatomy is a fundamental goal of neuroscience,

which can be addressed with modeling approaches applied to brain networks.

The connectome of C. Elegans, as detailed as it is, does not provide informa-

tion about the physiological processes unfolding on it. The same remark is valid

for coarse-grained networks of the human brain anatomy. In contrast, functional

imaging provides localized recordings of brain activity supporting task execution

and rest. As already mentioned, the organization of functional interactions in the

brain has also been investigated with network measures [Bullmore and Sporns,

2009]. These two types of networks – structural and functional – are distinct yet

complementary and connected representations of the complex system that is the

brain (Figure 1.3). After the topological analysis of structural and functional brain

networks, a further step consists in modeling their relationship. A first observation

made by Hagmann et al. is that structural and functional brain connectivity at

rest are correlated [Hagmann et al., 2008]. This indicates that stronger anatomical

connections between two brain regions favor their functional interaction. However

the matching is not systematic and does not account for the variability of func-

tional connectivity with respect to the undergoing task. Mathematical models of

brain activity at different scales [Breakspear, 2017] have been applied to anatomical

networks in order to improve the mapping between structure and resting-state func-

tion [Honey et al., 2009]. More recently, researchers suggested to consider the brain

as a communication network and to investigate various communication dynamics in
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Figure 1.3: Structure-function relationship. A structural brain network summa-
rizes the anatomical connections between brain regions, while a functional brain
network summarizes the statistical interdependence between the activity of the
same brain regions. Structural and functional connectivity provide distinct and
complementary representations of the complex system that is the brain. The fixed,
nontrivial organization of brain anatomy produces functional interactions patterns
that vary with the ongoing task demand. Understanding the relationship between
structure and function in the brain is a fundamental challenge of neuroscience.
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order to reproduce observed functional interaction patterns [Avena-Koenigsberger

et al., 2018]. Simultaneously, researchers studied the ability of structural brain

networks to integrate external control signals in order to affect neural activity, with

the aim to characterize the variety of functional states and their transitions [Gu

et al., 2015, Gu et al., 2017]. In addition to improving our knowledge of healthy

brain functioning, modeling the relationship between structural and functional net-

works is an important research topic for the understanding and treatment of brain

injuries and disorders [Suárez et al., 2020].

In this thesis, we study specific questions on the properties of structural and

functional brain networks and their relationship. We apply approaches from net-

work science, machine learning, systems theory and information theory to several

empirical neuroimaging datasets. The contributions presented in this work are ex-

pected to support future investigations on the processes underlying healthy brain

functioning as well as neuropathologies.
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Outline of the thesis and contributions

In the remaining of this introduction, we provide a brief description of the con-

tent of each chapter under the form of a 5-sentence summary. We also mention

the publications that were written in the context of this thesis. The 5-sentence

summaries are reproduced at the beginning of each chapter.

Chapter 3 : Supervised Classification of Brain Networks

• We knew that brain networks formed a meaningful representation of neural

structure and function.

• Therefore, we wondered if we could detect disease-related features in these

networks.

• In this chapter, we develop a machine learning approach in order to identify

stable biomarkers of schizophrenia in structural and functional networks.

• Our results show that a mix of structural and functional connectivity fea-

tures leads to a trade-off between prediction accuracy and biomarkers stability

in schizophrenia.

• This suggests that structure and function are distinct and complementary

components to consider in the study of brain networks.

The content of this chapter is adapted from the following publications :

1. Chiêm, B., Crevecoeur, F., & Delvenne, J. C. (2018, May). Super-

vised classification of structural brain networks reveals gender differ-

ences. In 2018 19th IEEE Mediterranean Electrotechnical Conference

(MELECON) (pp. 269-274). IEEE.

2. Gutiérrez-Gómez, L., Vohryzek, J., Chiêm, B., Baumann, P. S.,

Conus, P., Do Cuenod, K., Patric Hagmann & Delvenne, J. C. (2020).

Stable biomarker identification for predicting schizophrenia in the hu-

man connectome. NeuroImage: Clinical, 27, 102316.

The conference paper (1) was selected for publication after peer-review in the

context of the IEEE R8 Student Paper Contest. The journal paper (2) is the result

of a collaboration with multiple authors. Participants recruitment and data acqui-

sition was done at the Lausanne University Hospital by P.S. Baumann, P. Conu

and K. Do Cuenod. Both P. Hagmann and J.C. Delvenne supervised the work.



10 Chapter 1. Introduction

Chapter 4 : Structure-Informed Functional Connectivity

• We suggested that structure and function are distinct and complementary

components to consider in the study of brain networks.

• Therefore, we wondered if we could model the relationship between struc-

ture and function in human brain networks and across several tasks.

• In this chapter, we leverage systems theory in order to model functional

connectivity as the covariance matrix of a linear dynamics spreading on the

anatomical brain network, and we provide a principled approach for identify-

ing the control regions driving the dynamics.

• Our results show that well-defined, sparse and robust sets of control re-

gions, partially overlapping across several tasks and resting-state, produce

functional connectivity patterns comparable to empirical ones.

• This suggests that controllability is a fundamental feature allowing brain

anatomy to support different functional states thanks to state-specific control

regions.

The content of this chapter is adapted from the following publication:

3. Chiêm, B., Crevecoeur, F., & Delvenne, J.C. (2021). Structure-

informed Functional Connectivity Driven by Identifiable and State-

Specific Control Regions. Network Neuroscience, in press.

Chapter 5 : Control Regions in Schizophrenia and Meditation

• We suggested that controllability is a fundamental feature allowing brain

anatomy to support different functional states thanks to state-specific control

regions.

• Therefore, we wondered if control regions in the brain could form a sig-

nature that allows us to characterize disease-related or deep mental states.

• In this chapter, we apply the structure-informed functional connectivity

model in order to identify control regions in i) schizophrenia and ii) medita-

tion.

• Our results show that both schizophrenia and meditation are described by

control regions that allow their discrimination from baseline conditions.

• This suggests that control regions identified by our model form informative

features that enable the differentiation of brain states.

The meditation dataset investigated in this chapter was provided by Dr. Laurence

Dricot (UCLouvain) and Dr. Ron Kupers (UCLouvain) who also participated in

the analysis of the results. A manuscript about this chapter is in preparation.
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Chapter 6 : Functional Connectivity Fingerprinting

• We knew that functional connectivity contains an individual-specific finger-

print.

• Therefore, we wondered if we could improve existing data-driven meth-

ods for extracting these fingerprints by leveraging the degree distribution of

functional networks.

• In this chapter, we apply degree-normalization to functional networks before

extracting fingerprints and we evaluate the resulting identifiability with three

metrics.

• Our results show that degree-normalization improves the three metrics and

that extracted fingerprints are embedded in a low-dimensional space.

• This suggests that functional fingerprints can be efficiently extracted in

order to emphasize individual-specific brain features linked to behavior or

disorders.

The content of this chapter is adapted from the following publication:

4. Chiêm, B., Abbas, K., Amico, E., Duong-Tran D.A., Crevecoeur, F.,

& Goñi, J. (2021). Improving Functional Connectome Fingerprinting

with Degree-Normalization. Brain Connectivity, in press.

Chapter 7 : Exploring Brain Interactions with Transfer Entropy

• We knew that the exchange of information in the brain is directed and

evolves with time during the execution of a task.

• Therefore, we wondered if we could build a network of directed and time-

resolved brain interactions without assumption on the dynamical model gov-

erning the information transfer.

• In this chapter, we apply an information theoretic measure known as Trans-

fer Entropy (TE) both on a synthetic example and on brain signals recorded

during a motor task.

• Our results show that TE successfully detects non-linear, time-varying and

delayed interactions in the synthetic example but identifies multiple signif-

icant interaction delays between the motor cortex and the muscles of the

hand, which hinders the interpretation of subsequent results.

• This suggests that TE is a promising approach that requires further devel-

opments in order to provide impactful insights into brain mechanisms.
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2
Preliminaries

The topics addressed in this thesis lie at the intersection of several research fields

including network science, neuroimaging, systems theory, data science and machine

learning. In this chapter, we cover background material related to these fields and

introduce terms and notations that are used in the following chapters.

The initial idea of modeling neural connections as a network, called connec-

tome [Sporns et al., 2005] or simply brain network, was promoted by the important

progress made in neuroimaging in last years. This line of research gave rise to a

specific and dedicated area applying network science to the study of the brain,

known as network neuroscience [Bassett and Sporns, 2017]. For a thorough intro-

duction to network science and its applications in general, we refer the reader to

Mark Newman’s reference book [Newman, 2018]. For an introduction to brain net-

works analysis, we suggest two reference books [Sporns, 2010,Fornito et al., 2016]

as well as two review papers [Bullmore and Sporns, 2009,Bassett and Sporns, 2017].

2.1 Networks

A network is a model of the interactions among discrete elements of a physical

system. Various types of networks are studied in the literature such as social net-

works [Newman and Park, 2003], protein-protein interaction networks [Vidal et al.,

2011] or transportation networks [Guimera et al., 2005]. The purpose of network

modeling and analysis is to account for the relationships among all elements of

the system in one model instead of studying the behavior of particular instances or

connections in isolation. The mathematical tool used for the analysis of networks

is graph theory. In this thesis, we will use the word network to refer to both the

mathematical object and its physical realization, although graph is sometimes used

in the literature to distinguish the first from the latter.

A network is an ordered pair (V, E) formed by a set of nodes V of cardinality

13
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Figure 2.1: Examples of networks. Examples of weighted/unweighted and di-
rected/undirected networks with the corresponding adjacency matrix. Nodes are
shown in orange and edges in purple. In weighted networks, weights are overlayed
on the edges. In the third network, edges are directed and the adjacency matrix is
not symmetric.
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|V| = N that are connected by a set of edges E ⊆ V × V. Examples of networks

are shown in Figure 2.1. The adjacency matrix of a network is the N ×N matrix

A indicating the presence of an edge between two nodes i ∈ V and j ∈ V:

Aij =

{
1 if (i, j) ∈ E
0 otherwise

(2.1)

If the edges represent a reciprocal relationship between the nodes i.e., (i, j) ∈ E
and (j, i) ∈ E , the network is undirected and the corresponding adjacency matrix

is symmetric : Aij = Aji. When the edges are associated with a weight wij
representing the strength of the relationship between nodes i and j, the network

is weighted. The weighted adjacency matrix is written

Aij =

{
wij if (i, j) ∈ E
0 otherwise

(2.2)

A weighted undirected network verifies wij = wji. In this thesis, we will always

consider networks with positive weights wij ∈ R+. In chapters where distinct net-

works are considered, specific notations are introduced in order to distinguish their

respective adjacency matrix (e.g. S for a structural network and F for a functional

network).

A number of coefficients can be used to describe the topology of a network

(see [Rubinov and Sporns, 2010] for an overview of common coefficients and their

interpretation in the context of brain networks). Among them, the degree of a

node is a fundamental measure that summarizes how connected is that node to its

neighbors. In undirected networks, the degree di of node i is computed as

di =

N∑

j=1

Aij (2.3)

The degree matrix D is the N ×N diagonal matrix defined as

Dij =

{
di if i = j

0 otherwise
(2.4)

The definition of the degree of a node generalizes to weighted networks by con-

sidering the weighted adjacency matrix in Equation 2.3. The weighted degree of a

node is also called the strength.
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2.2 Building brain networks

The human brain shows a network structure at different spatial scales, from neu-

rons to regions and systems. The important progress made in neuroimaging in last

years enabled the large-scale mapping of neural connections. However, a complete

map of all neurons and connections is still beyond reach with the notable excep-

tion of the Caenorhabditis Elegans nematode worm [White et al., 1986]. In this

thesis, we restrict our analysis to the human brain at the macroscale i.e., using a

parcellation that covers the entire brain in order to define the nodes of the network.

We first provide elements of neuroanatomy and introduce technical terms used

to describe brain structure in following chapters. Then we present the parcellation

procedure used to define the nodes of a brain network and we introduce brain

parcellations that are used in this thesis. After that we summarize the steps to build

brain networks from empirical data. This procedure widely varies across studies ;

we cover the main concepts necessary for the understanding of the reader. Finally,

we provide a summary table of the datasets used in this work along with their

parameters.

2.2.1 Elements of neuroanatomy

The human nervous system is divided into several subcomponents (see Figure

2.2A). The Central Nervous System (CNS) is connected to the limbs and organs

of the body through the peripheral nervous system. The CNS comprises the brain

that is located in the head, and the spinal cord that lies along the vertebral column.

The brain is composed of two main volumes called hemispheres (left and right).

It also comprises the diencephalon (thalamus and related structures) and the cere-

bellum, and it is connected to the spinal cord through the brain stem. The external

part of the hemispheres is made of gray matter, which mostly consists of neu-

ronal body cells and glia cells (Figure 2.2B). The internal part of the hemispheres

is made of white matter, which is composed of bundles of axonal fibers (also

called tracts) that link gray matter areas. The corpus callosum is a wide bundle

of white matter fibers that connects both hemispheres. At the center of the hemi-

spheres, close to the corpus callosum, lie several nuclei collectively referred to as

subcortical structures. The peripheral gray matter of the hemispheres forms the

cerebral cortex. The cortex has a folded surface where gyri designate ridges and

sulci designate grooves. The cortex is subdivided into four bilateral lobes: frontal,

temporal, parietal and occipital (Figure 2.2C).
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Figure 2.2: Anatomical organization of the human nervous system. A) Sub-
divisions of the human nervous system. The brain is part of the Central Nervous
System (CNS). B) Coronal view of the hemispheres. The external part of the
hemispheres is made of gray matter (dark gray) and the internal part is made of
white matter (light gray). C) Lateral view of an hemisphere. Colors indicate the
four cortical lobes : frontal (green), temporal (orange), parietal (blue) and occipital
(purple).
(Source: brain images are freely available from the website https://smart.

servier.com/ under a Creative Commons 3.0 licence.)

https://smart.servier.com/
https://smart.servier.com/


18 Chapter 2. Preliminaries

A)

B)

Figure 2.3: Magnetic Resonance Imaging. A) Examples of anatomical MRI
images. From left to right: axial slice, coronal slice, parasagittal slice and 3D
reconstruction of the left cortical hemisphere (inflated view). B) Examples of
functional MRI results during the execution of a motor task (average activation
over time). From left to right: left lateral, left medial, right lateral and right
medial views of the 3D cortical reconstruction. The voxels showing high activation
(yellow) correspond to motor areas.

2.2.2 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) is a medical imaging modality leveraging the

magnetic properties of hydrogen atoms found in biological tissues. In this regard,

it is distinct from computational tomography (CT) that uses X-rays and from

positron emission tomography (PET) that uses ionizing radiations. With a strong

and permanent magnetic field, the MRI scanner aligns the nuclear spins of hydrogen

atoms, leading to the magnetization of tissues. Magnetic field gradients oriented

along perpendicular axes are used to locally alter the magnetic field in a thin slice

of the tissue. Then, a radio-frequency impulse excites the atoms that in turn emit a

relaxation signal. This signal is recorded and contains information about the tissue

type and its precise spatial location, which enables the reconstruction of an image

(Figure 2.3A). This process is repeated for multiple slices in order to reconstruct

the volume under study.

The timing and duration of the gradients activation, impulse and relaxation

forms an MRI acquisition sequence. There exist many MRI sequences that allow

us to obtain different contrasts, for example between gray matter, white matter and
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cerebrospinal fluid in the brain. Advanced MRI sequences enable the recording of

particular properties of the tissues. For instance, diffusion-weighted MRI sequences

inform us on the preferential diffusion direction of water molecules, which enables

the reconstruction of white matter pathways (see ‘Structural networks’ below). Us-

ing fast multi-slices sequences also allows the recording of the Blood-Oxygenation-

Level Dependent (BOLD) signal over time, which provides an estimate of the

activity in gray matter (functional MRI, see Figure 2.3B and ‘Functional networks’

below).

The ability of MRI to inform researchers on many aspects of brain structure and

function with a high spatial resolution made it popular among scientists studying

brain networks [Van Essen et al., 2012]. In this thesis, we use MRI data acquired

in different sites, with different types of scanner and with various acquisitions

sequences. Acquisition and processing details are provided with the description of

the dataset in each chapter.

2.2.3 Parcellation

In order to build a brain network, one must first define the nodes. To this end,

the standard approach consists in associating a node to a gray matter area, or par-

cel. In this thesis, we will use the expressions ‘node’, ‘area’, ‘region’ and ‘Region

of Interest’ (ROI) interchangeably to refer to the nodes of a brain network. The

seminal work of Kerbinian Brodmann in 1909 [Brodmann, 1909] defined 52 areas

based on the cytoarchitectural organization of cortical neurons. In order to enable

the in-vivo comparison of brain networks across individuals, automatic parcellation

methods based on non-invasive neuroimaging data became popular [Desikan et al.,

2006, Destrieux et al., 2010, Cammoun et al., 2012, Fan et al., 2016, Glasser et al.,

2016]. These methods seek to identify non-overlapping regions that are repro-

ducible in the brain of multiple individuals, either based on anatomical similarities

(such as gyri and sulci folding, see [Desikan et al., 2006]), on functional proper-

ties [Yeo et al., 2011] or on a combination of modalities [Glasser et al., 2016].

Other approaches to brain parcellation including voxel-wise and random parcella-

tions exist in the literature [Stanley et al., 2013] but are not considered in this thesis.

Figure 2.4 shows four examples of parcellations (or atlas) that are used in the

following chapters. We observe that the number of parcels varies from 84 to 374.

The fact that these atlases are based on different modalities and assumptions hin-

ders the direct comparison of regions across parcellations. The heterogeneity of

brain atlases across studies is a current limitation of brain network studies [Zalesky
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A) B)

D)C)

Figure 2.4: Examples of brain parcellations. A) Desikan-Killiany parcellation
[Desikan et al., 2006], 84 regions. B) Destrieux parcellation [Destrieux et al.,
2010], 164 regions. C) Brainnetome parcellation [Fan et al., 2016], 246 regions.
D) Glasser parcellation [Glasser et al., 2016], 374 regions. All panels show an
inflated view of the cortex reconstructed from MRI data.
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et al., 2010, Stanley et al., 2013, Messé, 2020], and the results presented in this

thesis should be interpreted in relation to the parcellation employed.

Once the nodes of a brain network are determined, one must define the edges

and their weight (and possibly their direction) between each pair of nodes. Edges

can be derived from several imaging modalities and represent different aspects of

brain connectivity. In the following, we present the two most common types of

brain networks i.e., structural (or anatomical) and functional networks. By abuse

of language we will use the terms ‘brain network’ and ‘connectome’ interchangeably

to designate a network of brain connectivity of either type, although ‘connectome’

has been first introduced by Sporns and colleagues [Sporns et al., 2005] to refer to

a structural description of the brain.

2.2.4 Structural networks

The most common imaging modality used to estimate anatomical connectivity

in-vivo, non-invasively and at the macroscale is diffusion-weighted Magnetic Reso-

nance Imaging (dMRI). The signals recorded during a dMRI acquisition inform on

the preferential direction of diffusion of water molecules inside the brain. In gray

matter, water molecules are mostly unconstrained and the diffusion is isotropic.

In contrast in white matter, neural fibers such as axons constrain water to diffuse

along the fibers orientation ; the diffusion is anisotropic. During a dMRI scan,

several images are acquired in different directions in order to estimate the fiber

orientation distribution in each white matter voxel (Figure 2.5).

With the diffusion information, tractography algorithms seek to propagate

streamlines across voxels following the preferential diffusion orientation. While

deterministic tractography stricly follows the principal diffusion orientation, prob-

abilistic tractography determines the likelihood that a streamline propagates in a

certain direction according to the fiber orientation distribution. In order to esti-

mate the whole-brain anatomical connectivity, we reconstruct a large number of

streamlines starting and ending in gray matter areas spanning the brain surface.

The set of reconstructed streamlines is called a tractogram. There exist many pro-

cessing pipelines, tractography algorithms and further options in order to model

the brain anatomical connectivity, and active research aims at improving existing

methods [Oldham et al., 2020].

Eventually, pairs of nodes linked by at least one reconstructed streamline are

connected by an edge in the structural network, and the associated weight repre-
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Figure 2.5: Building a structural brain network. Nodes are defined as gray
matter (GM) areas identified in the anatomical MRI data. Using the diffusion MRI
data, we first estimate the fiber orientation distribution in each voxel, which reflects
the preferential diffusion direction of water molecules in white matter (WM) fibers.
With that information, the tractography algorithm reconstructs a large number
of streamlines representing white matter pathways. Finally, the structural brain
network (or connectome) summarizes the contribution of reconstructed streamlines
to the anatomical connectivity between the nodes previously defined.
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Figure 2.6: Building a functional brain network. Nodes are defined as gray
matter areas identified in the anatomical MRI data. Functional imaging (fMRI,
EEG, MEG) records brain activity in the neural sources formed by the nodes.
Functional Connectivity (FC) measures the statistical interdependence between the
time series of neural activity to weight the edges of the functional brain network.
The most common FC measure is Pearson’s correlation coefficient, denoted r.
The matrix of pairwise FC values forms the weighted adjacency matrix of the
functional brain network. In the case of Pearson’s correlation coefficient, this
matrix is symmetric (undirected network) and possibly contains negative entries.

sents the number of streamlines connecting the nodes (Figure 2.5). An alternative

is to normalize the weight by the volume of the gray matter areas represented by the

nodes in order to mitigate the bias towards large areas receiving many streamlines.

Other weighting possibilities exist, and which is the most accurate in represent-

ing anatomical connectivity in the brain remains an open question [Oldham et al.,

2020].

2.2.5 Functional networks

Functional neuroimaging estimates brain activity either at rest or during the ex-

ecution of a task. Among non-invasive imaging modalities, functional MRI (fMRI),

ElectroEncephaloGraphy (EEG) and MagnetoEncephaloGraphy (MEG) are the most
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commonly used for estimating functional connectivity. Functional MRI records the

Blood-Oxygenation-Level Dependent (BOLD) signal that reflects the local varia-

tions of hemoglobin oxygenation due to neural activity. It is therefore an indirect

measure of the electrical activity of the neurons. EEG and MEG are electrophys-

iological methods that respectively measure electrical or magnetic activity with

sensors located at the surface of the brain. On the one hand, both EEG and MEG

have better temporal resolution than fMRI (millisecond vs. second). On the other

hand, EEG and MEG have a lower spatial resolution (centimeter vs. millimeter)

and face the problem of signal mixing. Because sensors are located at the surface

of the brain, the signal produced by a neural source is recorded by multiple sensors

and conversely, a sensor records a mix of signals from several sources. Source re-

construction methods such as beamforming offer approximate solutions but involve

modeling assumptions and parameters, and require a separate anatomical MRI ac-

quisition. Moreover, reconstructing sources located far from the sensors such as

subcortical structures remains challenging. In sum fMRI, EEG and MEG have pros

and cons, and the choice of a modality is driven by the context of the study. In

this thesis we use mostly fMRI data except in Chapter 7 where we leverage the

high temporal resolution of MEG to estimate cortico-muscular delays.

Functional Connectivity (FC) measures the statistical interdependence between

the time series of neural activity derived from functional imaging (Figure 2.6). A

standard statistical measure is Pearson’s correlation coefficient r ∈ [−1, 1] that

quantifies the linear relationship between two time series. Other measures have

been used in FC studies such as partial correlation [Marrelec et al., 2006], coher-

ence [Sun et al., 2004] and mutual information [Hlinka et al., 2011]. The choice

of an FC measure is driven by the context of the study, by the underlying assump-

tions and by the nature of the data. While some authors argue in favor of one

measure compared to others, there is no consensus on which one to use as they

provide complementary insights into functional brain connections [Korhonen et al.,

2021]. The subsequent results must therefore be interpreted with respect to the

chosen statistical measure. The default FC measure used in this thesis is Pearson’s

correlation coefficient.

The matrix of pairwise FC values between neural time series can be interpreted

as the adjacency matrix of a functional brain network (Figure 2.6). This network

associates brain regions that have a statistically dependent activity, and its topol-

ogy changes with the condition under study (task or rest). Because the association

between brain regions is statistical and not physical, the interpretation of an FC

matrix as a network is not straightforward. For instance when FC is measured as
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a correlation coefficient, negative values might appear. These values can either

be preserved, thresholded or taken in absolute value, and the subsequent analysis

must account for this methodological choice. Moreover, network metrics quanti-

fying a physical property (e.g. the shortest path between two nodes [Rubinov and

Sporns, 2010]) must be interpreted with caution in functional networks as edges

represent statistical rather than physical connections. In this context, we consider

the network modeling approach as a mathematical tool – as opposed to a physical

communication network – for analyzing the organization of brain functional inter-

actions, which are the result of neural processes constrained by the anatomical –

hence physical – network of brain anatomy.

In addition to undirected FC, functional recordings are also used for estimating

directed FC i.e., directed functional interactions in the brain. When directed FC is

estimated using a generative model, we refer to it as effective connectivity [Fris-

ton, 2011] although this appellation is commonly used for ‘model-free’ estimation

methods too [Vicente et al., 2011]. The estimation of directed FC is challenging

and is expected to provide important insight into the neural mechanisms supporting

cognition and behavior. Chapter 7 investigates one method to estimate directed

FC in non-stationary MEG data.

2.2.6 Datasets summary

We provide in Table 2.1 a summary of the datasets used in this thesis and their

main properties. Further details are provided in each chapter. All datasets also

contain an anatomical MRI acquisition for each individual that is not mentioned in

the Table. Note that several brain parcellations, imaging modalities and functional

conditions are leveraged throughout the chapters.

2.3 Machine learning

Machine learning is a field of artificial intelligence that studies and designs numeri-

cal algorithms able to learn from data [James et al., 2013]. It lies at the intersection

of several research fields including computer science, applied mathematics and sta-

tistics. The information learnt by machine learning algorithms is used to make

predictions about unseen data samples or to inform decisions. One distinguishes

three main subfields in machine learning: unsupervised learning, supervised learn-

ing and reinforcement learning (Figure 2.7A).

Unsupervised learning is used for exploratory data analysis. It learns patterns
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Table 2.1: Summary of the datasets. Denomination and properties of the
datasets used in the thesis. All datasets also contain an anatomical MRI acquisition
for each individual. LAU: Lausanne [Cammoun et al., 2012]. DES: Destrieux [De-
strieux et al., 2010]. BN: Brainnetome [Fan et al., 2016]. MMP: Glasser multi-
modal [Glasser et al., 2016]. DK: Desikan-Killiany [Desikan et al., 2006]. (*) The
analysis in Chapter 7 is limited to two variables and does not leverage the N = 84
nodes.

Dataset Imaging	
modality Parcella3on Individuals Condi3ons Chapter(s)

Schizophrenia dMRI 
fMRI

27	pa+ents	
27	controls Res+ng-state 3	and	5

HCP	100 dMRI 
fMRI

100	healthy	
par+cipants

Res+ng-state	and	
7	tasks 4

Medita3on dMRI 
fMRI 50	meditators Res+ng-state	and	

medita+on 5

HCP	409 fMRI 409	healthy	
par+cipants

Res+ng-state	and	
7	tasks 6

HCP	MEG MEG 18	healthy	
par+cipants

Motor	task	  
(right	hand) 7

BN 
�N = 246

DES  
�N = 164

LAU 
�N ∈ {83,129,234}

DK 
� 	(*)N = 84

MMP 
�N = 374
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Machine	learning

A) B)

C)

Supervised	learning

Unsupervised	
learning

Reinforcement	
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Classifica:on Regression

Discrete	output Con:nuous	output

Feature	1
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2
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Figure 2.7: Supervised classification. A) Machine learning is divided into several
fields among which supervised classification aims at predicting a discrete output (or
class) from labelled data. B) Data points lie in a feature space and are associated
to a class. In this thesis data points represent individuals, features are derived
from brain connectivity data and classes are used to differentiate either patients
from controls (Chapters 3 and 5) or two functional states (Chapter 5). C) The
classification algorithm learns a decision boundary from labelled data during the
training phase. Then, the class of unseen samples is predicted according to this
boundary during the test phase.
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and structure from data without a priori knowledge. Unsupervised learning tasks

include clustering and dimensionality reduction. Reinforcement learning algorithms

leverage past experience and current knowledge in order to select actions that op-

timize a cumulative reward along time. It is rooted into the formalism of Markov

decision processes. Supervised learning methods learn an input-output mapping.

Given data points associated with an output variable, supervised algorithms approx-

imate the function linking the points to their output in order to predict the output

of new samples. Among supervised learning tasks, regression aims at predicting a

continuous output variable while classification aims at predicting a discrete output

variable, or class (Figure 2.7A).

2.3.1 Supervised classification

In this thesis we apply a supervised classification method known as Support Vector

Machine (SVM, see Chapter 3) in order to predict the class (or group) of individ-

uals on the basis of their brain connectivity data. From the brain networks of each

individual, we extract a vector of variables called features. In the space spanned by

these features, individuals are data points belonging to a class (Figure 2.7B). The

classification algorithm learns a decision boundary that separates classes in the fea-

ture space (training phase) in order to predict the class of new samples (test phase).

Figure 2.7C shows the particular case of a linear decision boundary used to separate

two non-linearly separable classes. Note that the feature space is represented in

two dimensions for visualization, although it is of much higher dimension in general.

2.3.2 Feature selection

Using very high-dimensional feature vectors to describe data points can result in

unexpected and poor behaviors of the machine learning algorithm, a phenomenon

named the curse of dimensionality [James et al., 2013]. It is therefore important

to select relevant features beforehand via feature selection methods. Alongside

standard univariate approaches based on correlation or mutual information, some

classification algorithms are designed such that a feature selection is embedded

in the training phase. For instance when the decision boundary is linear in the

original feature space (Figure 2.7C), the coefficients of the hyperplane inform us

on the importance of each feature in the classification outcome. This information

allows us to select a subset of relevant features in a multivariate fashion. This

observation is leveraged in the Recursive Feature Elimination (RFE) method that

is used in combination with a linear SVM classifier in Chapters 3 and 5.
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2.3.3 Validation

In order to validate the performance of a classification model, one must use differ-

ent samples for the training phase and the test phase (out-of-sample testing). The

goal is to measure the ability of the trained model to generalize to new data. A

popular approach for the statistical validation of a classification model is the k-fold

cross-validation [James et al., 2013].

The method consists in randomly dividing the complete dataset into k groups

of equal size. In turn, each group is used as an independent set of unseen samples

(test set) while the remaining k−1 groups are used to train the classification model

(training set). At the end, the k measures of performance obtained on the test

sets are averaged in order to provide an estimate of the general performance of the

model. Standard choices for k are k = 5 or k = 10. A k-fold cross-validation can

also be performed internally on the training set in order to fix parameters of the

classification model. This procedure is called nested k-fold cross-validation and is

detailed in Chapter 3.

2.4 Network controllability

A network is a mathematical representation of the elements of a physical system

and their connections. Each element (or node) is associated with a state that

evolves over time according to the dynamics governing the system. In addition,

control nodes integrate external signals in order to alter the overall state of the

system (Figure 2.8A). Controllability refers to the ability of a system to be driven

from any initial state to any final state by appropriate control signals (Figure 2.8B).

In a network of N nodes, we note x ∈ RN the vector of the states of the nodes.

The class of discrete-time Linear Time Invariant (LTI) systems is described by the

equation

x(k + 1) = Ax(k) + Bu(k) (2.5)

where k is a discrete time index, A is the N×N matrix representing the transition

dynamics among the states of the systems, B is the N×m input matrix indicating

the identity of the m control nodes and u(k) contains the control signals at time

k. A fundamental result on the controllability of an LTI system states that if the
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A)

B)

C)

w14
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x4 w
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w
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u1

u2

x1

x3

x4

Ini+al 
state

Final 
state

x2

x(k + 1) = Ax(k) + Bu(k)

A =
0 0 0 0

w12 0 0 0
w13 0 0 w43
w14 0 0 0

B =
1 0
0 1
0 0
0 0

C = [B AB A2B A3B]

rank(C) = N

Figure 2.8: Network controllability. A) Example of a weighted directed net-
work with state variables x = [x1, x2, x3, x4]T and control signals u(k) =
[u1(k), u2(k)]T . B) Illustration of the concept of controllability. In the state-
space of the system, controllability refers to the ability to reach any final state
from any initial state. C) The standard rank criterion indicates that the network
in A) is controllable, without information on the control energy required. (This
figure is adapted from [Liu et al., 2011])
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controllability matrix

C =
[
B AB A2B · · · AN−1B

]
(2.6)

has full rank, then the system is controllable [Liu et al., 2011]. An example of a

controllable system is shown in Figure 2.8. This criterion does not inform us on the

energy that is required in order to control the system. For instance, a networked

system might be theoretically controllable while featuring states that would require

a prohibitive amount of control energy in order to be reached, which precludes

controllability in practice.

In order to derive quantitative measures of the controllability of a system, we

consider the controllability Gramian Σ defined as

Σ =

∞∑

i=0

AiBBT (AT )i (2.7)

This N×N matrix is also the solution of the following discrete Lyapunov (or Stein)

equation :

Σ−AΣAT = BBT (2.8)

Several results in the literature show that the spectrum of Σ is linked to energy of

control signals required to reach the states of the system [Pasqualetti et al., 2014].

Studies applied these results to brain networks [Gu et al., 2015] and suggested

that the human connectome is theoretically controllable through any single node,

although this would require an unrealistic amount of control energy.

2.5 Brain fingerprinting

Functional connectivity describes the statistical interdependence between the ac-

tivity of brain regions, during task execution or at rest. Recently, it has been

shown that Functional Connectivity matrices or equivalently Functional Connec-

tomes (both denoted FCs) contain a fingerprint that is proper to each individ-

ual [Finn et al., 2015]. This entails that in a dataset composed of two FCs per

individual, it is possible to retrieve the pairs of matched FCs by measuring their

similarity. This observation underlined the importance of individual-level analyses

in the study of brain connectivity and its relation to individual behavior. Moreover,

it motivated researchers to develop methods for extracting fingerprints from FCs

in order to accentuate individual properties of brain functional connectivity.
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Figure 2.9: Functional connectivity fingerprinting. The framework is based on
the work of Amico and Goñi [Amico and Goñi, 2018]. First, Functional Connectivity
matrices (FCs) are vectorized in order to form the data matrix. Second, we apply
Principal Component Analysis (PCA) to the data matrix in order to identify the
orthogonal axes capturing most of the variance of the data. Third, we reconstruct
FCs with an increasing number of components and compute a fingerprinting metric
that quantifies the identifiability of reconstructed FCs. This allows us to identify
the optimal number of components generating maximally identifiable FCs.
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The framework developed by Amico and Goñi for FC fingerprinting [Amico and

Goñi, 2018] is based on group-level data decomposition. It is illustrated in Figure

2.9. Starting from a dataset containing two FCs per individual (test and retest)

and assuming that matrices are symmetric, we vectorize the upper triangular part

of each FC in order to form the data matrix. This matrix represents the coordinates

of data points that correspond to edge weights (or connectivity strength) in the

space spanned by individual FCs. Principal Component Analysis (PCA) is a data

decomposition method that identifies the orthogonal axes (called principal com-

ponents) capturing most of the variance of the data points in this space [James

et al., 2013]. By selecting a number of principal components, we can project data

points on these new axes and reconstruct the data matrix. This procedure is used

for data denoising or dimensionality reduction for instance. Here, Amico and Goñi

proposed to compute a fingerprinting metric of the dataset as a function of the

number of principal components used for FCs reconstruction. They showed that

there exists an optimal number of components and that this procedure allows us

to optimize the identifiability of FCs.
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3
Supervised Classification of Brain Networks

• We knew that brain networks formed a meaningful representation of neural

structure and function.

• Therefore, we wondered if we could detect disease-related features in these

networks.

• In this chapter, we develop a machine learning approach in order to identify

stable biomarkers of schizophrenia in structural and functional networks.

• Our results show that a mix of structural and functional connectivity fea-

tures leads to a trade-off between prediction accuracy and biomarkers stability

in schizophrenia.

• This suggests that structure and function are distinct and complementary

components to consider in the study of brain networks.

This chapter in 5 sentences

The content of this chapter is adapted from the following publications :

1. Chiêm, B., Crevecoeur, F., & Delvenne, J. C. (2018, May). Supervised clas-

sification of structural brain networks reveals gender differences. In 2018 19th

IEEE Mediterranean Electrotechnical Conference (MELECON) (pp. 269-

274). IEEE.

2. Gutiérrez-Gómez, L., Vohryzek, J., Chiêm, B., Baumann, P. S., Conus, P.,

Do Cuenod, K., Patric Hagmann & Delvenne, J. C. (2020). Stable bio-

marker identification for predicting schizophrenia in the human connectome.

NeuroImage: Clinical, 27, 102316.

35
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3.1 Introduction

The development of neuroimaging techniques such as Magnetic Resonance Imag-

ing (MRI) enabled the mapping of both anatomical and functional connections

in the human brain [Sporns et al., 2005, Hagmann et al., 2008, Bullmore and

Sporns, 2009]. The study of brain networks provided important insights into

the brain organizational principles in healthy individuals [Bassett and Bullmore,

2006, Rubinov and Sporns, 2010, van den Heuvel and Sporns, 2011, Stam and

Van Straaten, 2012, Sporns and Betzel, 2016]. In turn, researchers suggested that

certain brain disorders can be characterized in terms of brain connectivity alter-

ations [Supekar et al., 2008, Ponten et al., 2009, Bassett and Bullmore, 2009, See-

ley et al., 2009, Gilson et al., 2020]. Among these neuropathologies, schizophrenia

is a severe psychiatric condition characterized by hallucinations and delusions, as

well as impairments in memory, attention, executive and other high-order cognitive

functions [Van Os et al., 2010]. Several studies showed reproducible connectivity

alterations in schizophrenic patients and marked a shift in support of the concep-

tualization of schizophrenia as a dysconnectivity syndrome [Bullmore and Sporns,

2009, Lynall et al., 2010, Griffa et al., 2013, Griffa et al., 2015]. In this context,

deriving novel biomarkers of schizophrenia is essential for both diagnosis and treat-

ment [Bassett et al., 2008, Kim et al., 2010].

From the connectivity standpoint, anatomical studies showed decreased white

matter integrity in frontal, temporal and parietal regions in schizophrenic patients,

while functional studies showed changes in activation of frontal and parietal ar-

eas [van den Heuvel and Fornito, 2014]. The analysis of the structure-function

relationship in schizophrenia also revealed aberrant behaviors in fronto-striatal,

fronto-thalamic and fronto-temporal couplings [Cocchi et al., 2014]. Topological

studies found alterations that are characterized by a lower global efficiency and

a limited capacity of functional integration [Griffa et al., 2013]. Further research

using diffusion spectrum imaging reported brain areas mainly responsible for the

loss of global integration and segregation properties with prefrontal, pericentral,

superior, left temporal-occipital and thalamic areas as well as striatum [Griffa et al.,

2013,Griffa et al., 2015,Griffa et al., 2019]. However, these anomalies were identi-

fied using conventional univariate techniques performing a separate statistical test

at each edge of the brain network under scrutiny, which requires stringent correc-

tions for multiple comparisons. In contrast, multivariate methods offer a powerful

alternative, provided that specialized approaches are used when the number of

parameters dominates the number of observations [Bühlmann and Van De Geer,

2011].
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Here, we address the problem of identifiying biomarkers related to schizophre-

nia using a machine learning framework. We apply a multivariate classification

method known as Support Vector Machine (SVM) [Boser et al., 1992, Cortes and

Vapnik, 1995] on brain connectivity data, either structural or functional, or a com-

bination of both. The SVM classifier presents an embedded multivariate feature

selection method called Recursive Feature Elimination (RFE), which allows us to

identify the set of features most informative for the discrimination between pa-

tients and controls. The combination of the SVM classifier with RFE (SVM-RFE)

has been introduced to perform gene selection for cancer diagnosis on microarray

data [Guyon et al., 2002]. It has also been used for the mapping and classification

of fMRI voxelwise spatial patterns [De Martino et al., 2008] and functional connec-

tivity data [Pallarés et al., 2018]. More recently, it has been used on human brain

networks to identify differences in structural connectivity related to gender [Chiêm

et al., 2018]. A key challenge in feature selection lies in the fact that selected fea-

tures may widely vary from one subsample of the dataset to another, or between

different datasets. In the perspective of future experimental or clinical applications,

identified biomarkers must be robust to data variations. This underlines the need

to assess the stability of the feature selection process when investigating biomarkers

in a machine learning framework [Kuncheva, 2007].

In this chapter, we propose an approach that not only identifies biomarkers of

schizophrenia in brain connectivity data, but also evaluates their stability across in-

dependent tests on different data samples. Our results show that a mix of structural

and functional features leads to the best trade-off between prediction accuracy and

feature selection stability. From the identified connectivity biomarkers, we derive

the Regions of Interest (ROIs) most affected by the disease and find an overlap

with ROIs reported in previous structural studies. In sum, we provide a systematic

method for detecting stable biomarkers of brain connectivity, and we underline that

structure and function are distinct and complementary components to consider in

the study of brain networks in health and disease. Our findings are expected to

encourage future research applying machine learning to characterize neurological

disorders on the basis of multimodal brain connectivity data, although the clinical

utility of the proposed method remains to be assessed and compared to existing

clinical biomarkers.
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3.2 Materials and Methods

3.2.1 Dataset

The cohort consists of two groups: 27 schizophrenic patients (41.9 ± 9.6 years

old) in one group and 27 healthy controls (35 ± 6.8 years old) in the other group.

Patients were recruited from the Service of General Psychiatry at the Lausanne

University Hospital, and they met DSM-IV criteria for schizophrenic and schizoaf-

fective disorders [DSM-IV-TR., 2000]. Out of the 27 patients, 24 were under medi-

cation with chlorpromazine equivalent dose (CPZ) (average medication 431 ± 288

mg) [Andreasen et al., 2010]. Healthy controls were recruited through advertise-

ment and assessed with the Diagnostic Interview for Genetic Studies [Preisig et al.,

1999]. Among controls, individuals with major mood, psychotic or substance-use

disorders, and having a first-degree relative with a psychotic disorder were excluded.

A history of neurological disease was an exclusion criterion for all participants. Writ-

ten informed consent from all participants was obtained following the institutional

guidelines approved by the Ethics Committee of Clinical Research of the Faculty

of Biology and Medicine, University of Lausanne, Switzerland.

3.2.2 Brain networks reconstruction

Anatomical, diffusion-weighted and resting-state functional MRI scans were ac-

quired for each participant. The acquisition protocol is detailed in Appendix D.

Structural and diffusion MRI data were used to estimate the weighted and

undirected structural connectivity matrices in the Connectome Mapping Toolkit

[Daducci et al., 2012, Cammoun et al., 2012, Griffa et al., 2015]. White matter,

gray matter and cerebrospinal fluid segmentation was performed on the structural

data. The resulting image was linearly registered to the diffusion-weighted images.

The first three scales of the Lausanne multi-scale atlas were used to parcellate

the gray matter. The first scale consisted of 68 cortical brain regions and 15

subcortical regions, with scale two and three subdividing the first scale into 114

and 219 cortical regions [Cammoun et al., 2012]. The number of nodes therefore

verifies N ∈ {83, 129, 234}. Deterministic tractography with 32 diffusion directions

per voxels was used to reconstruct white matter streamlines from the diffusion-

weighted data [Wedeen et al., 2005]. The normalized connection density quantifies
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the structural connectivity between brain regions and is defined as

sij =
2

SiSj

∑

f∈Ef

1

`(f)
(3.1)

where sij is the weight of a connection between brain regions i and j, Si and Sj
are the surface areas of regions i and j, f ∈ Ef represents a streamline f in the

set of streamlines E and `(f) is a length of a given streamline f [Hagmann et al.,

2008, Griffa et al., 2015]. The normalization by brain region surfaces accounts

for their varying size and the streamline length normalization accounts for a bias

towards longer connections imposed by the tractography algorithm.

Functional connectivity matrices were computed from fMRI BOLD time series.

The first four time points of each time series were excluded, yielding a total of

276 time points [Jenkinson et al., 2002]. Rigid-body registration was applied to

individual timeslices for motion-correction. The signal was then linearly detrended

and corrected for physiological confounds and motion artifacts by regressing white

matter, cerebrospinal fluid, and six motion (translations and rotations) signals.

Lastly, the signal was spatially smoothed and bandpass-filtered between 0.01-0.1

Hz with Hamming windowed sinc FIR filter. Linear registration was performed

between the average fMRI and anatomical images to obtain the regional time series

[Jenkinson et al., 2002]. The absolute value of Pearson’s correlation coefficient was

computed between regional time series in order to obtain functional connectivity

matrices. All of the above was performed in the participants native space with

Connectome Mapper Toolkit and personalized Python and Matlab scripts [Daducci

et al., 2012, Griffa et al., 2017].

3.2.3 Embedded feature selection

We consider a set of n feature vectors of dimension p representing data points

xi ∈ Rp, i = 1, . . . , n, and a vector y ∈ {−1, 1}n indicating the class of each point.

The Support Vector Machine (SVM) classifier seeks the hyperplane maximizing

the margin between classes in the space spanned by the feature vectors. The

mathematical formulation is

min
w,b

||w||22 + C

n∑

i=1

ζi

subject to yi(w
Txi + b) ≥ 1− ζi, ∀i ∈ {1, 2, ..., n}

ζi ≥ 0, ∀i ∈ {1, 2, ..., n}

(3.2)
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Figure 3.1: Support Vector Machine. Illustration of the margin width maximiza-
tion principle leveraged by the SVM. Data points are described by two features
: x = [x1, x2]. The color of data points indicates their class. The dashed line
represents the decision hyperplane. Solide lines show the margin width between
classes.

where w ∈ Rp is a vector normal to the hyperplane, ζi are slack variables control-

ling the overlapping between classes cased by noisy examples and the parameter

C trades-off the margin width and the misclassifications. An illustration of the

margin width maximization principle is shown in Figure 3.1.

After optimization, the coefficients in w indicate the contribution of each fea-

ture to the orientation of the decision hyperplane. Recursive Feature Elimination

(RFE) leverages these coefficients as a ranking criterion in order to iteratively dis-

card non-informative features [Guyon et al., 2002]. This procedure involves two

parameters: the step size i.e., the fraction of features to discard at each iteration,

and the final number of features desired. These parameters determine the total

number of trained SVMs and thus govern the global computational cost of the

feature selection. We used Python 2.7 with the SVM-RFE implementation of the

Scikit-learn module [Pedregosa et al., 2011].

3.2.4 Statistical evaluation

Our evaluation methodology is based on the work of Abeel and colleagues [Abeel

et al., 2010]. We perform a nested 5-fold cross-validation (CV) as shown in Figure
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Table 3.1: Dimension of feature vectors. We consider 3 brain parcellations (N ∈
{83, 129, 234}) and 3 feature modalities : structural connectivity (SC), functional
connectivity (FC) and multimodal (MM) i.e., the concatenation of structural and
functional feature vectors.

Parcellation resolution: N 83 129 234

Dimension of structural or functional feature vector: N(N−1)
2 3403 8256 27261

Dimension of multimodal feature vector: N(N − 1) 6806 16512 54522

3.2. The inner CV is used for model training and parameter selection on 80% of the

original data, whereas the outer CV is used to provide an estimate of the classifier

performance on unseen instances in the remaining 20% of the data. We generate

100 subsamples of the original dataset, shuffling the outer 5-fold CV scheme 20

times. The model achieving the best performance on the validation set is selected

together with the features retained by the RFE. This model is used to predict the

class of unseen instances in the test data and assess the accuracy of the classifier.

The prediction accuracy is defined as the fraction of correct predictions on the

test data. The global accuracy reported in our results is the mean accuracy across

subsamples.

3.2.5 Connectivity features and stability assessment

In order to encode a symmetric brain connectivity matrix in a feature vector, we

vectorize the upper triangular part of the matrix. For a matrix of dimension N ,

the resulting feature vector has dimension N(N−1)
2 . The combination of structural

and functional features is obtained as the concatenation of the respective feature

vectors and is denoted as a multimodal feature vector. For the brain parcellations

that we consider (N ∈ {83, 129, 234}), the dimension of the structural, functional

or multimodal feature vectors are shown in Table 3.1.

Considering feature vectors of dimension p, applying RFE on two subsamples

of the data produces two sets of selected features S1 and S2 with fixed cardinality

s = |S1| = |S2| and overlap r = |S1 ∩ S2|. The stability index KI introduced

by Kuncheva et al. [Kuncheva, 2007] quantifies the overlap of two sets having

the same cardinality and corrects for the probability that elements are found in

both sets by chance. The expected size of the overlap, assuming a hypergeometric

distribution for the random drawing of elements in both sets, is E{r} = s2

p .
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The stability index KI is defined as

KI(S1,S2) =
Observed r − Expected r

Maximum r − Expected r
(3.3)

=
r − s2

p

s− s2

p

(3.4)

=
rp− s2
s(p− s) (3.5)

The global stability index KI for k subsamples is the average over pairwise stability

indices:

KI =
2

k(k − 1)

k−1∑

i=1

k∑

j=i+1

KI(Si,Sj) (3.6)

The stability index is in the range KI ∈ [−1, 1] where KI = 1 indicates a perfectly

stable overlap among sets of selected features, and increases monotonically with

the overlap r.

In our experiments, we fix the number s of features selected by RFE as a

percentage of the total number of features for each brain parcellation. Because

multimodal feature vectors are twice longer than structural or functional ones,

we adapt the percentage of selected features accordingly. Table 3.2 summarizes

the number of selected features for each parcellation, with respect to the RFE

parameter. In order to assess the role of the feature selection procedure, we also

compute the classification accuracy and the Kuncheva index for a randomly selected

set of features with the same cardinality as the one selected by RFE.

3.3 Results

3.3.1 Classification and stability performance

First, we investigate the effect of different brain connectivity features and parcel-

lations in the discrimination between schizophrenic patients and healthy controls.

For each case, we control the RFE step size and the percentage of selected fea-

tures (see Methods), assessing their impact on the classification accuracy and the

stability of the selected features. Figures 3.3, 3.4 and 3.5 show the average classifi-

cation accuracy and the stability of structural, functional and multimodal features

respectively. We observe that the RFE step size has a limited influence on the
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Table 3.2: Number of selected features. We fix the number of features to be
selected by RFE as a percentage of the total number of feature for each resolution
(see Table 3.1). The percentage is adapted in the multimodal case combining
structural and functional features in order to balance the twice larger number of
features.

Number of selected features Parcellation resolution

Percentage of structural or func-
tional features

Percentage of multimodal features 83 129 234

0.5 % 0.25 % 17 41 136

1 % 0.5 % 34 82 272

2 % 1 % 68 165 545

5 % 2.5 % 170 412 1363

10 % 5 % 340 825 2726

25 % 12.5 % 850 2064 6815

50 % 25 % 1701 4128 13630

results.

In Figure 3.3, we observe that structural features produce accuracy scores that

are essentially constant across parcellations and percentages of selected features.

Moreover these scores are close to that achieved with randomly selected features

especially for the 234 × 234 parcellation. The Kuncheva index lies in the range

KI ∈ [0.4, 0.6] with the exception of the 234 × 234 parcellation with 50% of

selected features where KI > 0.8. Note that in this specific case the prediction

accuracy is almost equal to the chance level. Because the feature selection and the

accuracy assessment are performed on different folds of the datasets (respectively

the training set and the test set), the variability of the accuracy score across differ-

ent tests is not necessarily reduced when the feature selection stability increases.

In Figure 3.4, we observe that functional features generate accuracy scores that

increase with the percentage of selected features and reach 0.69 in the 234 ×
234 parcellation with 50% of selected features. Again, this score is close to the

score obtained with a random set of features. The Kuncheva index is in the range

KI ∈ [0.2, 0.5]. In Figure 3.5, we observe that multimodal features achieve the

best accuracy score (0.73) in the 234 × 234 parcellation with 50% of selected

features and that this score is above the chance level. The Kuncheva index at this

point reaches KI > 0.5. In order to evaluate the complementarity of structural

and functional features at the level of each individual, we provide in Figure 3.5

an additional baseline where we randomly re-assign the structural features of each

individual to the functional features of a different individual of the same group,
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Figure 3.6: Repartition of selected multimodal features. Share of structural
(SC, blue) and functional (FC, red) features selected in the multimodal case, across
parcellations.

before applying the classification model. We observe that this approach generates

a higher prediction accuracy than that obtained with a random set of features.

Preserving the individual correspondence of structure-function pairs in multimodal

data provides significantly higher accuracies than the additional baseline when at

least 12.5% of the features are selected in the 83 × 83 resolution, and when at

least 0.5% of the features are selected in the 129 × 129 and 234 × 234 resolutions

(unpaired t-tests, α=0.005). Because the features are selected by the RFE and

not randomly in this baseline, the Kuncheva index in comparable to that obtained

with the preserved structure-function pairs. Figure 3.6 quantifies the respective

involvement of structural and functional features selected in the multimodal case

with preserved structure-function pairs. We observe that a non-zero proportion of

both structural and functional features are selected, with a dominance of functional

features over structural ones.

3.3.2 Brain regions affected in schizophrenia

Because multimodal features provide the best classification accuracy and a good

feature selection stability (Figure 3.5), we focus on the multimodal case and turn

to the problem of relating the selected features (or edges) to the brain regions (or

nodes) most involved in the contrast between schizophrenic patients and healthy

controls. We consider the share of structural and functional edges of the multi-

modal case separately. We define the degree of relevance di of a brain region i, in
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both structural and functional cases, as

di =

N∑

j=1

fij (3.7)

where fij is the frequency at which the edge (i, j) was selected across the 100

subsamples. In other words, di is the degree of node i in a network with edges

weighted by their selection frequency. Figures 3.7 and 3.8 show the degree of

relevance of brain regions in the 83 × 83 parcellation, according to structural and

functional features respectively. In Figure 3.7, we highlight in blue the set of regions

identified by Griffa and colleagues [Griffa et al., 2015] in structural data using the

same parcellation. We observe an overlap of these regions with those having the

highest degree of relevance.

3.4 Discussion

In this chapter, we investigated a machine learning approach to identify biomarkers

of schizophrenia in brain networks. Our results showed that a combination of struc-

tural and functional features provides a trade-off between prediction accuracy and

feature selection stability. The selected features allowed us to detect brain regions

involved in the discrimination between schizophrenic patients and healthy controls.

Theses regions form a set that overlaps with previously identified regions linked to

the disease. Overall, we illustrated that biomarkers derived from network models

of multimodal neuroimaging data are useful for researchers studying schizophrenia.

Further validation is however required in order to leverage this approach along with

existing biomarkers in future clinical applications.

3.4.1 Machine learning and biomarker identification

Translating the problem of biomarker identification into a machine learning frame-

work is beneficial in several regards. The use of a feature selection procedure

embedded in the classifier allowed us to detect features of interest in an auto-

mated, multivariate and data-driven fashion. The fact that we identified not only

regions that were previously linked to the disease but also additional regions (Figure

3.7) suggests that supervised classification and feature selection together are able

to detect relevant brain areas that have been underlooked in previous work. The

accuracy obtained with multimodal data (Figure 3.5), though above the chance

level, is moderate due to the biological nature of the data, to the limited sample

size and to the fact that we restricted our analysis to a linear classifier. Future
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work should investigate the performance of other classifiers with embedded feature

selection such as regularized logistic regression or random forests. Note that the

recursive feature elimination used in this chapter assumes linearly separable classes.

The linearity of the classifier enables the interpretation of selected features in the

original feature space. On the other hand, extensions to non-linear classifier, for

instance using kernel methods, are expected to produce better classification ac-

curacies but would require a separate feature selection procedure at the possible

expense of a loss of interpretability.

Because feature selection relies on the data under consideration, evaluating

the robustness of retrieved features to variations in the data is required in order

to generalize the findings to external datasets. On the one hand, the values of

the Kuncheva index obtained in our analysis indicate that identified features are

consistent across subsamples (KI > 0), as confirmed by the overlap found with

previous work (Figures 3.3, 3.4, 3.5 and 3.7). On the other hand, these values do

not reveal a perfect stability. This suggests that selected features are still sensitive

to data variations, an effect that might be emphasized by the small number of

instances included in the dataset considered here (54 participants). Further work

assessing feature stability on larger samples is required to validate the relevance of

identified biomarkers.

The framework developed in this chapter is not restricted to the study of

schizophrenia. Future studies on datasets related to other pathologies such as

Alzheimer’s disease might benefit from our approach to detect disease-specific bio-

markers. This framework should be extended in order to account for different

stages of the disease, either by considering multi-class classification or continuous

regression from early to late stages of the disease. These investigations could in

turn enable a shift from diagnosis to prognosis. Moreover, future work should

assess additional performance metrics along with the classification accuracy, in or-

der to account for the repartition of misclassifications into the false positive or

false negative category and to provide a more exhaustive view of the classification

performance.

3.4.2 Complementary effects of structure and function

Our results showed that mixing structural and functional connectivity features al-

lows us to achieve a trade-off between significant classification accuracy and fea-

ture selection stability (Figure 3.5), with a majority of functional features (Figure

3.6). While obtaining a better or equal classification accuracy was expected when
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increasing the number of features, we illustrated here that the classifier system-

atically selects a mix of structural and functional features. On the one hand,

most studies on the detection of disease-related biomarkers consider either one of

these modalities, or both but in separate experiments. On the other hand, re-

searchers have shown that structural and functional connectivity are related yet

distinct. Our observations suggest that structural and functional connections pro-

vide complementary pieces of information that are valuable for the characterization

of schizophrenia in brain networks.

The nature of the link between structure and function in the human brain

remains elusive [Suárez et al., 2020]. Active research has proposed modeling ap-

proaches in order to explain the structure-function relationship based on the idea

that the anatomical network forms a ‘backbone’ for the transfer of information

among brain regions that is ultimately reflected in functional connectivity [Goñi

et al., 2014,Abdelnour et al., 2014,Avena-Koenigsberger et al., 2018,Seguin et al.,

2018]. While we proposed in this chapter to mix structural and functional con-

nections in a feature vector ignoring their relationship, we suggest that models of

the structure-function relationship can be leveraged in order to derive features that

characterize this relationship and that summarize the complementary information

necessary for the discrimination between patients and controls. This possibility is

explored in the next two chapters of this thesis.

3.4.3 Limitations

The small sample size (54 participants) is responsible for the large variance of the

prediction accuracy across test subsamples (Figures 3.3, 3.4 and 3.5). Further in-

vestigation on larger datasets is required in order to confirm the relevance of the

biomarkers derived in this study. In addition, fMRI data was only acquired at rest

(resting-state fMRI). In a similar way as structural and functional connectivity (at

rest) were found complementary, integrating task-fMRI data or behavioral scores

to the proposed approach could provide supplementary insights into the character-

ization of the disease. Finally, we note that most patients were under medication

at time of data acquisition (see Methods), which could affect their classification

outcome.

3.4.4 Conclusion

We proposed a machine learning framework in order to classify brain networks

based on their connectivity values. We illustrated the performance of our approach

on brain networks of schizophrenic patients and healthy controls and we suggested
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brain regions affected by the disease. Our results underlined the complementary

roles that structure and function play in the characterization of schizophrenia. We

suggested several areas of improvement including the refinement of the classifica-

tion problem in order to detect different stages of the disease, and the derivation

of features specific to the structure-function relationship in brain networks.



4
Structure-Informed Functional Connectivity

• We suggested that structure and function are distinct and complementary

components to consider in the study of brain networks.

• Therefore, we wondered if we could model the relationship between struc-

ture and function in human brain networks and across several tasks.

• In this chapter, we leverage systems theory in order to model functional

connectivity as the covariance matrix of a linear dynamics spreading on the

anatomical brain network, and we provide a principled approach for identify-

ing the control regions driving the dynamics.

• Our results show that well-defined, sparse and robust sets of control re-

gions, partially overlapping across several tasks and resting-state, produce

functional connectivity patterns comparable to empirical ones.

• This suggests that controllability is a fundamental feature allowing brain

anatomy to support different functional states thanks to state-specific control

regions.

This chapter in 5 sentences

The content of this chapter is adapted from the following publication:

• Chiêm, B., Crevecoeur, F., & Delvenne, J.C. (2021). Structure-informed

Functional Connectivity Driven by Identifiable and State-Specific Control Re-

gions. Network Neuroscience, 5(2), 591-613.
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4.1 Introduction

Recently, approaches combining Magnetic Resonance Imaging (MRI) and network

science emerged in order to characterize links among neural Regions of Interest

(ROIs) [Bassett and Sporns, 2017]. Most studies focus either on structural con-

nections or on functional interactions, which capture two distinct aspects of brain

connectivity. On the one hand, diffusion MRI (dMRI) with tractography [Mori

and Zhang, 2006] enables the mapping of white matter pathways and describes

the anatomical links between ROIs. This structural description of the human brain

forms a network called the connectome [Sporns et al., 2005,Hagmann et al., 2008].

On the other hand, the Blood-Oxygenation-Level Dependent (BOLD) signal in

functional MRI (fMRI) provides an estimate of brain activity in gray matter ar-

eas [Ogawa et al., 1990]. The matrix of pairwise Pearson’s correlation coefficients

between regional BOLD time series is a common tool to quantify functional con-

nectivity (FC) among ROIs [Bassett and Sporns, 2017]. Unlike the connectome

that is a fixed network of anatomical links, functional connectivity varies over short

timescales and across resting-state and task conditions (see Figure 1.3 and [Cole

et al., 2014]).

An important challenge in neuroscience is to characterize the relationship be-

tween the connectome and functional connectivity [Honey et al., 2010, Batista-

Garćıa-Ramó and Fernández-Verdecia, 2018, Suárez et al., 2020]. Several ap-

proaches have been proposed in the literature in order to elucidate this relationship

in macroscale brain networks and understand the importance of the anatomical or-

ganization in promoting particular patterns of activity. Along with methods based

on graph signal processing and spectral decompositions [Preti and Van De Ville,

2019, Tewarie et al., 2020], it has been proposed that describing the link between

structural and functional connectivity requires a model of information flow between

ROIs [Avena-Koenigsberger et al., 2018]. For instance, models based on random

walks and diffusion on the connectome have been able to partly reproduce resting-

state FC [Abdelnour et al., 2014,Goñi et al., 2014,Mǐsić et al., 2015]. Viewing the

brain as a dynamical system allows us to study the controllability of this system

i.e., its ability to account for context-dependent control signals in order to affect

the overall state of the brain [Gu et al., 2015, Medaglia, 2019]. The framework of

network controllability requires to define input nodes i.e., control regions capable

of integrating external signals in order to modify the state of the network [Liu

et al., 2011]. Earlier work in macroscale brain networks showed that any isolated

brain region was theoretically sufficient to get controllability of the connectome [Gu

et al., 2015, Tu et al., 2018, Pasqualetti et al., 2019]. One shortcoming is that al-
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though controllable in theory, some configurations are practically unfeasible as they

would require excessive control energy. Moreover, several pieces of evidence from

the fields of motor and cognitive control suggest that sets of regions are respon-

sible for the control of brain activity [Dosenbach et al., 2007, Power and Petersen,

2013, Cole et al., 2014, Omrani et al., 2016, Eisenreich et al., 2017]. Despite these

advances in brain communication modeling and connectome controllability, an in-

tegrated explanation for the emergence of multiple FC patterns from the static

structure of the connectome is still lacking.

In this chapter, we develop a principled approach for identifying potential con-

trol centers in the brain by modeling state-specific FC as the correlation matrix

of a controllable dynamics unfolding on the connectome. We leverage the obser-

vation that the Gramian matrix used in controllability studies [Pasqualetti et al.,

2014, Gu et al., 2015] corresponds to the covariance matrix of the activities in the

different nodes of a network, assuming a linear transition dynamics among them.

This observation brings us to introduce the concept of structure-informed FC i.e.,

the pairwise functional correlation matrix derived from the structure of the con-

nectome. Since this matrix depends on the choice of input nodes, we show that it

is possible to identify the set of control regions maximizing the mapping between

structure-informed and empirical FC in different states. Using dMRI and fMRI data

(resting-state and 7 tasks) from the Human Connectome Project [Van Essen et al.,

2013], we find that sparse input sets produce FC matrices that are comparable to

empirical ones. Moreover, we show that the identified sets are well defined, stable,

and state-specific. We discuss their properties and the fact that the method is

able to capture the singularity of resting-state compared to the other task-related

conditions. Along with the numerical assessment of control regions identified with

our model, we suggest that they may have an important physiological role in driv-

ing neural activity towards a desired state. In addition to the experiments of this

chapter, we provide in Chapter 5 two case studies illustrating the relevance of the

identified control regions for characterizing brain states. Overall, our approach re-

lies on a model linking structure and function in brain networks in order to identify

possible subsets of brain regions underlying task-specific control.

4.2 Materials and Methods

4.2.1 Dataset

We retrieved the preprocessed ‘100 unrelated subjects’ dataset of the Human Con-

nectome Project (HCP) database (https://db.humanconnectome.org/), HCP

https://db.humanconnectome.org/
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1200 release [Van Essen et al., 2013]. All individuals (54 females, 46 males, 22-36

y.o.) gave written informed consent to the HCP consortium. Scanning protocols

were approved by the local Institutional Review Board at Washington University in

Saint Louis. Acquisition parameters are detailed in previous HCP reports [Van Es-

sen et al., 2012, Van Essen et al., 2013, Glasser et al., 2013]. Preprocessing con-

sisted of HCP minimal preprocessing pipelines [Glasser et al., 2013]. We applied

further processing steps in agreement with previously published studies using HCP

data [Amico et al., 2019, Tipnis et al., 2018, Rosenthal et al., 2018].

4.2.2 Brain networks reconstruction

We used the cortical parcellation introduced by Destrieux and colleagues [Destrieux

et al., 2010] and composed of 148 non-overlapping Regions of Interest (ROIs). Sub-

cortical structures (thalamus, caudate nucleus, putamen, pallidum, hippocampus,

amygdala, accumbens nucleus) and cerebellum were extracted using the FMRIB

Software Library [Jenkinson et al., 2012] and added to the parcellation for com-

pleteness, bringing the number of ROIs to N = 164.

The processing of diffusion data was conducted for each individual using state-

of-the-art methods implemented in the MRtrix3 toolbox [Tournier et al., 2019].

In summary, a tissue-segmented image was generated (MRtrix command 5ttgen)

in order to perform Anatomically-Constrained Tractography [Smith et al., 2012].

Then, multi-shell, multi-tissue response functions were computed (MRtrix com-

mand dwi2response msmt 5tt) in order to inform the Constrained Spherical De-

convolution (MRtrix command dwi2fod msmt csd) [Jeurissen et al., 2014]. Prob-

abilistic tractography (MRtrix command tckgen) was performed using a second-

order integration over fiber orientation distributions (iFOD2 method, [Tournier

et al., 2010]) to allow for a more precise fiber tracking through crossing regions.

This produced an initial tractogram composed of 10 millions streamlines. The trac-

togram was corrected (SIFT2 approach, MRtrix command tcksift2) by assigning

a weight to each streamline such that the weighted contribution of all streamlines

to the spherical deconvolution diffusion model matches as well as possible the fiber

orientation distribution lobe integrals of the diffusion data [Smith et al., 2015].

This posthoc operation produced a more biologically meaningful representation of

white matter tracts. Eventually, we built the adjacency matrix S of the connectome

by computing the fiber density between each pair of previously defined ROIs (MR-

trix command tck2connectome with option -scale invnodevol). The group-

average adjacency matrix is obtained as the entrywise average of the K = 100

individual-level adjacency matrices. Both group-average and individual matrices
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were kept unthresholded. Tractograms composed of 1 million or 100,000 stream-

lines were shown to produce a group-level matrix that is highly correlated (r > 0.99)

with that used in the main analysis (see Appendix A.2.12).

We included fMRI data acquired during resting-state and seven tasks. The

emotional processing task (EMOTION) consisted in recognizing which of the two

faces (resp. shapes) presented at the bottom of a screen matched the one pre-

sented at the top of the screen. Faces were aimed to represent either anger or fear.

In the gambling task (GAMBLING), participants played a card guessing game in

order to win or loose money. The acquisition comprised neutral blocks, blocks with

mostly reward trials and blocks with mostly loss trials. The language processing

task (LANGUAGE) alternated story blocks and math blocks. In story blocks, par-

ticipants had to answer a 2-choice question after the hearing of a brief story. In

math blocks, participants had to choose the right answer out of two after hearing

an arithmetic operation. In the motor task (MOTOR), participants had to move

either their fingers (left or right), their toes (left or right) or their tongue following

visual cues on a screen. In the relational processing task (RELATIONAL), partici-

pants are presented with pairs of objects on a screen. Each object is one shape filled

with one texture. Participants were asked to determine what dimension (shape or

texture) differs between the objects. The social cognition task (SOCIAL) consisted

in video clips presenting objects (squares, circles, triangles) either interacting in

some way or moving randomly. Participants were asked to decide whether objects

had an interaction or not, or not sure. In the working-memory task (WM), partic-

ipants were presented with pictures to be memorized (0-back and 2-back trials).

Separate blocks presented pictures of places, tools, faces and body parts. Full

details about the fMRI tasks protocols along with the references from which they

are derived are available in the HCP 1200 reference manual.

The preprocessing of fMRI data included distortion correction, subject motion

correction, intensity normalization and registration to standard MNI space [Glasser

et al., 2013]. Resting-state Blood-Oxygenation-Level Dependent (BOLD) time se-

ries were filtered in forward and reverse directions (1st-order Butterworth, bandpass

= [0.001,0.08] Hz, see [Power et al., 2014]). We did not regress out the global

signal in the main analysis ; the impact of global signal regression is discussed

in Appendix A.1.3. For both resting-state and task fMRI, the voxel time series

were then z-scored and averaged in each ROI using the Connectome Workbench

toolbox [Marcus et al., 2011] and excluding outlier time points outside 3 standard

deviations from the mean (Workbench command -cifti-parcellate). Empirical

functional connectivity (FC) matrices Femp were obtained by computing Pearson’s
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correlation coefficient between each pair of resulting time series. For each task, FC

matrices of both fMRI phase encoding directions (left-to-right and right-to-left)

were averaged in order to reduce the effect of artifactual noise. For resting-state,

the four resulting matrices (2 scans, 2 phase encoding directions) were averaged for

the same reason. The group-average FC matrix (for each task and resting-state)

is obtained as the entrywise average of the K = 100 individual-level FC matrices.

Both group-average and individual matrices were kept unthresholded.

4.2.3 Structure-informed functional connectivity

In order to investigate how the connectome shapes Functional Connectivity (FC),

we study the covariance matrix of a linear dynamics defined on the connectome.

In a network of N nodes, let x(k) be the N -dimensional state-vector containing

the activity level of each node at time k. The trajectory of x is governed by the

following equation:

x(k + 1) = Ax(k) + Bu(k) (4.1)

The N × N system matrix A describes the interactions among the nodes of the

network, the columns of the N ×m input matrix B are canonical vectors identi-

fying the m input nodes and u(k) is an m-dimensional vector providing the value

of external input signals at time k.

We excite the system with white noise signals u, and we assume that x is

centered, A is stable (see section 4.2.4), the input signals are not correlated with

the initial state of the system (i.e. E{x(0)uT (k)} = 0, ∀k) and input signals in

u have unit variance. The steady-state covariance matrix Σ = Cov(x) of System

4.1 is

Σ(k + 1) = E
{
x(k + 1)xT (k + 1)

}

= E
{

(Ax(k) + Bu(k)) (Ax(k) + Bu(k))
T
}

= AE
{
x(k)xT (k)

}
AT + AE

{
x(k)uT (k)

}
BT

+ BE
{
u(k)xT (k)

}
AT + BE

{
u(k)uT (k)

}
BT

= AΣ(k)AT + BBT using the assumptions on u(k)

⇒ Σ = AΣAT + BBT in steady-state

Notice that excitation signals with non-unit variance would result in a scaling of

matrix B, which would not affect further results.
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The solution Σ is known as the controllability Gramian (see Section 2.4). Here,

in contrast to previous studies where Σ is used to derive quantitative control

properties of individual nodes in the network [Pasqualetti et al., 2014, Gu et al.,

2015,Karrer et al., 2020], we interpret the Gramian as the state-covariance matrix

obtained by stochastic excitation of the system through a set of control nodes. This

allows us to relate it to the concept of functional connectivity. Denoting P as the

diagonal matrix containing only the diagonal entries of Σ (i.e. the states variances),

we apply a symmetric normalization to the steady-state covariance matrix to obtain

a pairwise correlation matrix that we use as a model of functional connectivity:

Σ̃ = P−1/2ΣP−1/2 (4.2)

FSI = Σ̃ (4.3)

The Structure-informed FC, FSI , is the FC matrix associated with the structural

network, its dynamics and its control regions. This model of functional brain inter-

actions assumes a correlation-based definition of functional connectivity [Korhonen

et al., 2021] and ignores the internal processing of neural signals performed indi-

vidually by brain regions.

Using the mathematical expression of structure-informed FC, we turn to the

problem of identifying the set of control regions defined by B, that maximizes the

similarity between FSI and an empirical FC matrix Femp obtained from external

recordings of the system. For that, we formulate the optimization problem

B∗ = arg max
B

sim (FSI ,Femp)

such that m ≤ U (4.4)

where FSI is a function of B, m is the number of columns of B i.e., the cardinality

of the input set, and U is an upper bound to be fixed in order to control the number

of input nodes.

4.2.4 Normalized Laplacian diffusion

We consider a diffusion process unfolding on the connectome, as proposed by

Abdelnour and colleagues in order to model the communication dynamics among

brain regions [Abdelnour et al., 2014]. The state transition matrix A has the
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following form:

A = e−βL (4.5)

Here, with D being the diagonal matrix of the weighted degree of the nodes in the

connectome, the matrix L = D−1/2(D− S)D−1/2 is the normalized Laplacian of

the connectome. The parameter β = β̄∆T accounts for the diffusion time constant

β̄ and the sampling time ∆T of the process. We chose to hold this parameter out

of the optimization and to set β̄ = 1 and ∆T = TR, where TR= 0.72s is the

repetition time of the fMRI data [Van Essen et al., 2013]. This choice is arbitrary

and the optimal β is state-dependent (see Appendix A.2.14), although choosing

β ∈ [0.1, 4.0] has a weak impact on the results (see Appendix A.2.15). Note that

other dynamics can be investigated and that any hyperparameter coming with the

chosen transition matrix can be included in the optimization, at the expense of a

possibly prohibitive computational cost.

In order to ensure that System 4.1 unforced dynamics is intrinsically stable so

that the activities decay to zero in the absence of control signals (see [Gu et al.,

2015], [Kim et al., 2018] and the detailed discussion in [Karrer et al., 2020]), the

entries of matrix A were further divided by 1 + λmax(A), where λmax(A) is the

largest eigenvalue of A. In our case, the smallest eigenvalue of L is always 0 since

the Laplacian of an unsigned graph is positive semi-definite, and always possesses

a zero eigenvalue [Mohar et al., 1991]. Therefore, λmax(e−βL) is always equal to

1.

4.2.5 Correlation score

The similarity between FSI and Femp (Problem 4.4) is computed as the entry-

wise Pearson’s correlation coefficient r, following previous work [Abdelnour et al.,

2014, Goñi et al., 2014, Mǐsić et al., 2015, Finn et al., 2015, Tipnis et al., 2018].

Denoting
4
FSI (resp.

4
Femp) as the vectorized version of the upper triangular part

of FSI (resp. Femp), we define r as

r = corr(
4
FSI ,

4
Femp) (4.6)

4.2.6 Genetic algorithms

Given the combinatorial nature of the optimization Problem 4.4, we must resort

to heuristic methods in order to approach optimal solutions, without guarantee of

optimality. A convenient choice is the family of genetic algorithms [Wolsey and
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Nemhauser, 1999]. The steps involved in the genetic algorithm that we used are i)

generating a random population of admissible input sets, ii) selecting the best in-

put sets in the population, iii) breeding a new generation of solutions by crossovers

between selected input sets, iv) applying random modifications in the new popu-

lation to avoid getting trapped in a local optimum and v) repeating the process

until no more improvement is achieved after a given number of iterations. We use

the Matlab implementation of genetic algorithms, from the Global Optimization

Toolbox, with default options and parameters.

4.2.7 Consensus input set

In order to mitigate the lack of optimality guarantee of genetic algorithms, we com-

pute multiple solutions using random initializations. We define the consensus input

set as the set of ROIs selected at least n times. Inspecting the histogram of ROIs

selections allows us to set the threshold value n. In our analysis, the distribution of

ROIs selections is bimodal (see Appendix A.2.3 for a typical example). Therefore

choosing different thresholds n between both modes of the histogram has a limited

impact on the results (see Appendix A.2.4). Note that the notion of consensus

input set used in this chapter is not related to and should not be confused with

the concept of consensus dynamics between agents in a network [Blondel et al.,

2005].

4.2.8 Jaccard index

The Jaccard index J between two sets S1 and S2 measures the overlap between

these sets and is computed as

J(S1,S2) =
|S1 ∩ S2|
|S1 ∪ S2|

(4.7)

where J = 0 indicates no overlap and J = 1 indicates a complete overlap. A

derivation of the expected value of the Jaccard index of two sets of fixed cardinality

is provided in Appendix A.1.5.

4.2.9 Baselines

In order to assess how well our approach maps structure to function, we provide

three baseline values.

• Baseline 1 is the Pearson’s correlation coefficient between the vectorized

upper-triangular of the adjacency matrix of the connectome S and the em-

pirical FC matrix Femp, without any transformation.
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• To obtain Baseline 2, we randomly re-label the ROIs of the connectome ma-

trix S while keeping Femp unchanged, and then apply our method. This null-

model breaks the ROI-to-ROI correspondence between structure and function

and preserves all network properties of the connectome. In particular, it pre-

serves the distribution of weighted degrees and allows us to test whether

the selection of control ROIs is exclusively driven by their degree. In the

results, we report the maximum correlation score obtained over 30 random

re-labellings.

• Baseline 3 aims to assess the usefulness of solving the optimization Problem

4.4 to identify optimal input sets. We compute the correlation score between

Femp and FSI obtained with an input set drawn uniformly at random, with

cardinality m matching that of optimized input sets. In the results, we report

the maximum correlation score obtained over 30 random input sets.

4.2.10 Modal controllability

Given a system defined on a network of N nodes, modal controllability is a nodal

property that quantifies the ability of a single node to steer the system towards

states requiring substantial input energy [Pasqualetti et al., 2014, Gu et al., 2015,

Karrer et al., 2020]. We compute the modal controllability φi of node i from the

eigenvalues λ and the eigenvectors v of the adjacency matrix S of the connectome:

φi =

n∑

j=1

(
1− λ2j (S)

)
v2ij

We use the Matlab implementation provided by the authors of [Gu et al., 2015] in

order to compute modal controllability.

4.2.11 2D visualization of input sets with t-SNE

In a network of N nodes, we represent an input set as an N -dimensional binary

vector indicating which node is selected (1) or not (0). In order to visualise how

multiple input sets relate to each other, we apply dimensionality reduction to em-

bed the N -dimensional vectors in two dimensions. In particular, the t-distributed

Stochastic Neighbor Embedding [Maaten and Hinton, 2008] aims at finding a low-

dimensional representation of high-dimensional vectors while preserving their local

structure, such that similar vectors are represented by close points in 2D and vice-

versa, with high probability. In this chapter, we use the Jaccard index to measure

the similarity between vectors and we use the Matlab implementation of t-SNE.
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4.3 Results

We apply our model of structure-informed FC (Equation 4.3) to empirical MRI

data of 100 unrelated individuals. In order to identify the control regions (or input

nodes ; see Figure 4.1) driving FC on the connectome, we solve Problem 4.4. For

each individual, we extract a connectome and FC matrices for resting-state and

seven tasks (Figure 4.1B ; see Methods for a description of the tasks). Although

the properties of resting-state FC are known to be fundamentally different from

that of task FC [Deco et al., 2011], we choose to treat resting-state in the same

way as task conditions in order to test whether our approach is able to distinguish

it. For simplicity, we refer to both resting-state and task conditions as states in

the remainder of this chapter.

We provide an illustration of the method based on data simulated from a

synthetic example in Figure 4.1C. First, we simulate 2000 time steps of a diffusion

process driven by white noise on a graph composed of N = 10 nodes (m = 3 input

nodes), with edge weights uniformly distributed between 0 and 1. Using these time

series, we compute the associated FC matrix Femp. Then, we solve Problem 4.4

for U varying from 1 to N . We observe that the method retrieves the correct input

set and produces an FC matrix that is similar to the empirical one.

4.3.1 Linking the connectome to multiple functional states

For the group-level analysis, we compute an average connectome and an average

FC matrix Femp for each state (see Methods). In order to study the evolution

of our results with respect to the number of input ROIs, we solve Problem 4.4

with U increasing from 1 to N . For each upper bound U , we define the consen-

sus input set as the set of ROIs selected at least 25 times over 30 optimization

runs (see Methods). Figure 4.2A shows the correlation score r between Femp
and FSI using the consensus input set. The curves increase with U , up to small

drops due to the heuristic nature of the optimization (see Methods), until they

reach a plateau at values ranging from r = 0.54 for resting-state to r = 0.7 for

the motor task. We can compare these values with three baselines (see Methods

for details about the baselines definition). The first one is the correlation score

between Femp and the adjacency matrix of the connectome. The second is the

plateau correlation obtained by applying our approach to a randomly re-labelled

connectome. The third baseline is the maximum correlation score between FSI
and Femp obtained with random input sets having the same average cardinality

as the identified sets. In Figure 4.2A, we draw for each baseline the highest value
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Figure 4.1: Structure-informed functional connectivity. A) In order to in-
vestigate how the connectome shapes functional connectivity, we define a diffusion
dynamics on the connectome (purple) and excite it with uncorrelated signals (white
noise, red). Depending on the set of input nodes (orange) driving the dynamics,
the output signals (green) present correlations patterns that are similar to empir-
ical data. B) Data processing workflow. Top row: We extract the connectome
using diffusion imaging (dMRI) and tractography. Nodes correspond to Regions of
Interest (ROIs) from a predefined automatic parcellation. Bottom row: At each
ROI, we also retrieve the fMRI BOLD time series and compute the functional con-
nectivity matrix Femp between these signals. This step is repeated for 7 tasks
and resting-state. C) Example on simulated data. We start from a network of
N = 10 nodes, with uniformly distributed random weights on the edges. Top row:
In our synthetic example, we choose a set of m = 3 input nodes, simulate the
noise diffusion process and compute the ‘empirical’ functional connectivity matrix
Femp. Bottom row: Our model applied to the network identifies the correct set
of input nodes and generates a structure-informed functional connectivity matrix
FSI comparable to the empirical one.
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Figure 4.2: Relating structure-informed and empirical functional connecti-
vity: Group-level analysis and individual-level variability. A) Correlation score
between structure-informed and empirical functional connectivity with respect to
the number of input nodes allowed U (group-level). FSI is obtained using the con-
sensus input set. Dashed lines represent baselines corresponding to the similarity
between Femp and (1) the adjacency matrix of the connectome, (2) FSI based
on a re-labelled connectome and (3) FSI obtained with a random input set (see
Methods). B) Size of the consensus input set with respect to the number of input
nodes allowed U (group-level). The gray line denotes the identity function y = x.
The dashed blue line corresponds to the minimum number of input nodes selected
for Baseline 2, over all states and all randomizations. C) Average Jaccard index
between the 30 input sets identified by the optimization algorithm with respect to
the number of input nodes allowed U (group-level). D) Variability across individ-
uals of the correlation score between structure-informed and empirical correlation
matrices, with U = N . E) Variability of the size of the corresponding consensus
input set. F) Jaccard index between all pairs ( 100×99

2 = 4950) of consensus input
sets (25 selections over 30 runs) across individuals.
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across states and see that our approach produces a better matching for all states.

Figure 4.2B shows that the consensus input set is empty for all states until we allow

the selection of at least 19 input nodes. Then its size stabilizes between m = 35

for the working-memory task (WM) and m = 58 for resting-state. These values

are lower than the number of input nodes selected when applying our approach to

a randomly re-labelled connectome (Baseline 2, m = 64, minimum across states

and randomizations). To evaluate the consistency of identified input sets across

optimization runs, we report in Figure 4.2C the evolution of the average Jaccard

index J̄ (see Methods), computed over all pairs of the 30 optimized input sets.

We observe that the method selects consistent input sets (J̄ ≥ 0.85) when U ≥ 70.

We also perform an individual-level analysis in the following way. As the pla-

teaus observed in Figures 4.2A and 4.2B are also observed for a random sample of

20 individuals (see Appendices A.2.5 and A.2.6), we apply the method to each indi-

vidual and set U = N in order to reduce the computational cost of the optimization.

We obtain one consensus input set and one correlation score for each individual and

for each state. In Figure 4.2D, we notice that the correlation scores are lower than

at the group-level, for all states. A repeated measures ANOVA determines that

the mean correlation score differs significantly between states (F (7, 693) = 27.928,

p < 10−25, Greenhouse-Geisser corrected). The variance in each condition does

not significantly differ (Levene’s test, p > 0.5), and a post-hoc analysis after visual

inspection confirms that the mean correlation score in resting-state is significantly

different than in any task condition (Tukey’s HSD, p < 0.005). The post-hoc

analysis also reveals that the mean correlation score significantly differs between

the language task and the motor task (Tukey’s HSD, p < 0.005). Figure 4.2E

shows the variability of the size of the consensus input set in the population. The

relational processing task and the resting-state display a higher variability in the

number of input ROIs selected than other states. In Figure 4.2F, we evaluate the

variability of the consensus input set in the population by computing the Jaccard

index J of all pairs of the 100 consensus input sets (one for each individual). We

observe a moderate overlap of the consensus input set across individuals (median

J ≈ 0.6, expected value of J for randomly chosen sets with cardinality m = 40 :

E{J} ≈ 0.14, see Appendix A.1.5 for the derivation). A Friedman test finds that

Jaccard indices come from different distributions across tasks (p < 10−244).

4.3.2 Analysis of input ROIs across functional subsystems

At the group-level, we turn our attention to the ROIs composing the input sets

that we identified. In Figures 4.3A (motor task) and 4.3B (resting-state), we follow
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Figure 4.3: Analysis across functional subsystems (group-level). A, B) Evo-
lution of the number of selections (from 0-white, to 30-red) of each ROI with
respect to the number of input nodes allowed U for the motor task and resting-
state. ROIs are arranged according to the functional subsystems described by Yeo
and colleagues [Thomas Yeo et al., 2011]. The cerebellum is included in the ‘sub-
corticals’ subsystem for visualization and corresponds to the last two lines (left
and right hemispheres). Corresponding figures for the other tasks are available
in Appendix A.2.7. C) Cortical localization of Yeo’s subsystems. D) Correlation
between structure-informed and empirical functional connectivity with U = N ,
splitted into Yeo’s subsystems.
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the evolution of the number of selections of each ROI when the maximum cardi-

nality U of the input set increases. We point out that when U is incremented, we

perform the new optimization runs while ignoring previously computed solutions in

order to assess the consistency of successively computed solutions. A first obser-

vation is that the selection of input ROIs is stable i.e., once a region is selected

it is typically selected again for higher values of U , as indicated by the horizontal

red lines. Moreover, dark red pixels for a given ROI indicate that it is consistently

selected across 30 independent optimization runs for a fixed U . We make a second

observation by grouping ROIs according to the functional subsystems defined by

Yeo et al. [Thomas Yeo et al., 2011] and presented in Figure 4.3C (we include the

cerebellum in the ‘subcortical’ subsystem for visualization). Regions belonging to

limbic and subcortical subsystems are selected together, up to some exceptions.

These observations are also valid for the other tasks (corresponding figures are

available in Appendix A.2.7).

Recent studies investigated how the connectome shapes functional connectivity

at the level of subsystems and showed that the coupling between structure and

function is stronger for some subsystems than others [Mǐsić et al., 2016, Tipnis

et al., 2018,Osmanlıoğlu et al., 2019,Vázquez-Rodŕıguez et al., 2019,Baum et al.,

2020]. In Figure 4.3D, we use the consensus input sets identified at the group-level

and compute the correlation score between the entries of FSI and Femp associated

with the subsystems of Figure 4.3C (see the discussion in Appendix A.1.4). The

results indicate that the association is the greatest in the frontoparietal lobe during

the motor task (r = 0.74). Moreover, the limbic and subcortical subsystems show

low correlation scores for all states, while we observe for the resting-state a gradient

going from high correlation in primary sensory systems (visual, somatomotor) to

low correlation in systems associated with higher-order cognition (limbic, default

mode, subcorticals).

4.3.3 Analysis of input ROIs across states

Next, we compare the composition of the identified input sets across states, at the

group-level. Since we observed in Figure 4.2A that the correlation score reaches a

plateau when U increases, we set U = N for this analysis. Moreover, we increase

the number of optimization runs to 100 to evaluate more precisely the selection of

each ROI. Thus, we obtain 100 input sets for each condition.

Figure 4.4A depicts the number of selections of each ROI across states. Blue

lines indicate ROIs that have been selected at least 90 times for all states. These
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all input sets. Each data point represents one such input set, and their proximity
is proportional to their similarity.
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ROIs mostly correspond to subcorticals (accumbens nucleus, amygdala, hippocam-

pus, pallidum, thalamus and subcallosal gyrus) and limbic regions (medial orbital

sulcus, gyrus rectus and left suborbital sulcus). Regions of the default mode net-

work (pericallosal sulcus, right suborbital sulcus and left posterior-ventral part of

the cingulate gyrus) and of the somatomotor system (right paracentral lobule)

complete the set of ROIs consistently selected across states. A cortical view of

these regions is shown in Figure 4.4B. We observe that most of these regions are

located in the midline. Appendix A.3.2 provides the detailed numerical results by

ROI.

In order to visualize the divergence of input sets across states, we use a dimen-

sionality reduction method to project in two dimensions the N -dimensional binary

vectors indicating which ROIs belong to each input set (t-SNE, see Methods).

In Figure 4.4C, each data point represents one identified input set (100 runs, 8

states), and the proximity with each other is indicative of their overlap (Jaccard

similarity). We distinguish clusters of points corresponding to different states. In

particular, the cluster corresponding to resting-state is isolated. Among task con-

ditions, there is a partial overlap of the clusters, with the input sets related to the

social cognition task being more isolated from the others. A comparative cortical

view of input ROIs for each state is provided in Figure 4.5.

4.3.4 Topological properties of input ROIs

In order to gain further insight into the topological properties of input ROIs in the

connectome, we analyze the statistical association of the number of selections of

each ROI with two nodal metrics : the weighted degree and modal controllability.

The weighted degree of a node describes the strength of the connections with its

neighbors, while modal controllability describes the ability of a node to drive the

network towards hard-to-reach states requiring much control energy (see Methods

and references: [Pasqualetti et al., 2014, Gu et al., 2015] for further details about

modal controllability). For all tasks and resting-state, we report in Table 4.1 the

correlation between these nodal metrics and the number of selections of ROIs. On

the one hand, we find an inverse relationship between weighted degree and num-

ber of selections (lowest association: Spearman’s ρ = −0.3963 in resting-state,

p < 10−7 for all states), which suggests that low-degree ROIs are selected more

often. On the other hand, we find a direct relationship between modal control-

lability and number of selections (lowest association: Spearman’s ρ = 0.4769 in

resting-state, p < 10−10 for all states), indicating that ROIs having a high modal

controllability are selected more frequently. While both associations are significant,
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Figure 4.5: Cortical surface view of state-specific input ROIs. Over 100 runs
of the optimization algorithm with U = N , we depict for each state the number
of times each ROI is selected. Regions that were consistently selected across all
states (≥ 90 selections) are shown in blue. Detailed numerical results by ROI are
available in Appendix A.3.2.
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Table 4.1: Topological properties of input ROIs. Spearman’s rank correlation
between the number of selections of each ROI (out of 100 independent optimization
runs, with U = N , group-level) and two nodal coefficients: the strength (weighted
degree) and the modal controllability [Pasqualetti et al., 2014]. EMO: emotional
processing, GAM: gambling, LAN: language processing, MOT: motor task, REL:
relational processing, REST: resting-state, SOC: social cognition, WM: working-
memory.

Spearman’s ρ EMO GAM LAN MOT REL REST SOC WM

Weighted degree −0.5190 −0.4873 −0.4937 −0.4621 −0.4866 −0.3963 −0.4415 −0.5014

Modal Control 0.6149 0.5767 0.5672 0.5517 0.5803 0.4769 0.5305 0.5801

they are not absolute and they do not prevent the selection of high-degree ROIs

such as subcortical structures (see Appendix A.2.1).

We also compare the modal controllability and weighted degree of cortical

regions consistently selected across states (in blue, Figures 4.4B and 4.5) with

that of other regions. We find that the modal controllability is higher (Wilcoxon

rank-sum test, p < 0.001) and the weighted degree is lower (Wilcoxon rank-sum

test, p < 0.01) in these regions.

4.3.5 Robustness of consensus input sets

Finally, we study the robustness of the link between structure-informed (FSI) and

empirical (Femp) functional connectivity when the consensus input set is attacked.

An attack refers to the removal of a ROI from the initial input set, not from the

connectome. We start from the correlations between FSI and Femp obtained at

the group-level with U = N (Figure 4.2A). We progressively remove nodes from

the consensus input set until it becomes empty. After each removal, we compute

the correlation score obtained with the attacked input set. Since we previously

observed that low-degree (resp. high modal controllability) ROIs are more likely

to be part of the input set, the removal ordering is fixed by increasing order of

weighted degree (resp. by decreasing order of modal controllability). In addition,

we report the results related to 50 random removal sequences.

In Figure 4.6, we show the results for the motor task and the resting-state. We

observe that the correlation score between FSI and Femp decreases slowly with

the number of nodes removed from the consensus input set, no matter the removal

ordering. For the motor task (resp. for resting-state), up to 75% (resp. 40%) of

the nodes can be removed from the consensus input set before we reach correlation
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Figure 4.6: Robustness analysis. A, C) Evolution of the correlation between
structure-informed FSI and empirical functional connectivity Femp as a function of
the number of ROIs removed from the consensus input set. Dashed lines represent
the three baselines (see Methods) i.e., the correlation between Femp and (i) the
adjacency matrix of the connectome, (ii) FSI based on a re-labelled connectome
and (iii) FSI obtained with a random input set. We consider 50 random removal
orderings. B, D) Same analysis, with removal ordering fixed by increasing weighted
degree and decreasing modal controllability.
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scores comparable to the three baselines previously defined (see Methods). Similar

observations are valid for the other tasks (see Appendices A.2.9 and A.2.10).

4.4 Discussion

In this chapter, we studied the structure-function relationship in brain networks

[Honey et al., 2010, Batista-Garćıa-Ramó and Fernández-Verdecia, 2018, Suárez

et al., 2020] across different task conditions as well as in resting-state. We showed

that functional connectivity (FC) i.e., the coactivations among brain regions, can be

explained by the correlations between the activities of these regions resulting from

a linear dynamics spreading through the structure of the brain. This model, termed

structure-informed FC, happens to be mathematically linked to the Gramian matrix

used in controllability studies [Pasqualetti et al., 2014,Gu et al., 2015,Karrer et al.,

2020]. This provides a novel interpretation of FC in which we can leverage control

theory to explain state-specific FC configurations arising from a fixed anatomical

architecture. We thus proposed that different groups of regions controlling a dif-

fusion dynamics through the wiring diagram of the brain are responsible for FC

matrices corresponding to different states. We introduced a principled approach

to test this hypothesis and found that sparse and stable groups of control regions,

which partially overlap across states, generate FC matrices that are statistically

comparable to empirical ones.

4.4.1 Combining brain communication models and linear con-

trollability

Several models of brain communication dynamics have been proposed in order

to map structure and function during resting-state and in the absence of exter-

nal input signals [Goñi et al., 2014,Seguin et al., 2018,Avena-Koenigsberger et al.,

2018,Avena-Koenigsberger et al., 2019]. In parallel, other linear models considered

the idea that brain activity can be modulated by external signals and first assumed

that all brain regions are input nodes [Galán, 2008, Honey et al., 2009]. Subse-

quent studies on the controllability of brain networks [Medaglia, 2019] relaxed this

assumption and assessed the role of individual input nodes [Gu et al., 2015,Karrer

et al., 2020]. Later, the study of brain state transitions pointed out to the theo-

retical and empirical motivations of considering a set of control regions [Gu et al.,

2017]. However, the question of how to identify the control set associated with a

given brain state from empirical data remains challenging (see Appendix A.1.1 for

a comparison with previous work). Here, we addressed this challenge and proposed

a principled method to identify state-specific sets of control regions from empirical
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data. We considered a symmetric Laplacian diffusion dynamics following previ-

ous work [Abdelnour et al., 2014], though the framework can be applied to other

communication dynamics. For instance, we also tested our approach with (i) the

random-walk Laplacian instead of the symmetric normalized version or (ii) with the

adjacency matrix of the connectome as the transition matrix. We obtained similar

results with significant overlap of the computed inputs sets (see Appendix A.3.1

for a comparison). Alternative dynamics including decentralized (i.e. directed)

brain communication models [Goñi et al., 2014, Seguin et al., 2018] could provide

complementary insights into the structure-function relationship in the human brain.

As in former connectomic studies [Abdelnour et al., 2014, Pasqualetti et al.,

2014, Gu et al., 2015, Karrer et al., 2020], our approach relies on linear time-

invariant modeling (Equation 4.1). Despite the known non-linearities of neural

dynamics [Breakspear, 2017], first-order approximations have been proved use-

ful in capturing various aspects of brain functioning at different spatio-temporal

scales [Galán, 2008, Schaub et al., 2015, Yan et al., 2017]. In addition, time-

invariance implies that the structure of the system does not evolve over time.

Although the white matter architecture evolves over long timescales [Sexton et al.,

2014, Tang et al., 2017], significant changes in the topology of the connectome

are not expected over the duration of an MRI scan. Assuming linearity and time-

invariance allowed us to derive an analytical expression of structure-informed FC

(Equation 4.3). Since the heuristic optimization computes this matrix a large num-

ber of times in order to find a near-optimal input set, relying on an efficiently solved

analytical expression of structure-informed FC rather than simulating the system

at each iteration is computationally beneficial, although the computational cost re-

mains a limitation of our framework. In sum, we argue that linear and time-invariant

modeling of functional connectivity constitutes a reasonable and computationally

tractable approach. Future studies are required to assess how much these assump-

tions can or should be relaxed in light of more realistic models compatible with the

biology.

We considered in this chapter a coarse-grained parcellation spanning the entire

brain [Destrieux et al., 2010]. We suggest that the proposed method is also suitable

at the level of subregions. For example, future research could investigate control

centers in the cerebellum, using a refined and dedicated parcellation of cerebellar

nuclei [Diedrichsen et al., 2011]. At the microscale, studies of the controllability

of the C. Elegans connectome have shown the potential of linear models at the

neuronal level [Yan et al., 2017, Towlson and Barabási, 2020]. It has also been

reported that the strength of the structure-function relationship in brain networks
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is parcellation-dependent [Messé, 2020]. The application of our approach with

a coarser whole-brain parcellation (Desikan-Killiany atlas, 84 ROIs, see Appendix

A.2.11) produced lower correlation scores but did not invalidate our conclusions.

We encourage future research assessing the relevance of the proposed model across

parcellations spanning multiple spatial scales.

4.4.2 Well-defined sets of control regions drive state-specific

functional connectivity

In our analyses, we identified sparse groups of regions that are thought to support

the control of state-specific brain activity. The fact that our method finds such

sparse input sets (Figure 4.2B) i.e., that empirical FC can be explained more sim-

ply from the true connectome structure than from a randomly re-labelled network,

suggests the fitness of our model in line with Occam’s razor principle. Our model

also captured differences between states in terms of their respective input sets

(Figure 4.4C), supporting the idea that different states are triggered by partially

overlapping yet distinct sets of control regions. Because our approach involves a

heuristic optimization algorithm, we assessed the consistency of the identification

procedure (Figure 4.3A-B) and the robustness of the identified input sets (Figure

4.6). The slow decrease of the correlation score observed when the optimal input

set is eroded, no matter the removal ordering, indicates a redundant and collective

effect of the control regions. Moreover, we found that ROIs having low degree

and high modal controllability, which are topological properties associated with the

brain structure independently of any activation measure, have a higher probability

to be part of an input set (Table 4.1). Still, we showed that the selection of control

regions was not exclusively driven by those nodal properties of the connectome,

since subcortical areas are high-degree nodes consistently selected across states

(Figure 4.4A and Appendix A.2.1) and input sets are specific to each functional

state (Figure 4.4C). Together, these results suggest that the identified input ROIs

play a central role in driving FC across the white matter wiring.

Importantly, this role does not imply that identified ROIs systematically match

the active areas traditionally detected in fMRI analyses. For example, the primary

motor cortex (M1) is not part of the input set of the motor task (Figure 4.5),

although it displays strong activation in the functional data. This activation re-

sults from the fact that M1 forms a hub in the motor task, receiving projections

from multiple regions, including the somatosensory and parietal cortices as well as

premotor areas, and sending output commands to the periphery. This ‘centrality’

however does not entail that M1 is part of the set of drivers that put the brain
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in a state that is suitable for motor control. In this regard, our findings are sup-

ported by recent experimental evidence in mice showing that thalamic inputs are

essential to drive the motor cortex during movement execution [Sauerbrei et al.,

2020]. A similar example is that of Wernicke’s area, which was not part of the

input set of the language processing task (Figure 4.5) but whose activation is of-

ten associated with language understanding. More generally, the fact that drivers

are preferentially (but not exclusively) ROIs with low degree and high modal con-

trollability is consistent with the idea that reaching demanding states requires the

control of decentralized and distributed areas, which in turn influence the whole

system including hubs, such as M1 or Wernicke’s area [Liu et al., 2011, Gu et al.,

2015, Omrani et al., 2016, Eisenreich et al., 2017, Amico et al., 2019].

In order to gain a better insight into the role of the ROIs that we identified, we

turn our attention to the drivers common to all states. The presence of subcortical

structures (including basal ganglia, amygdala, hippocampus and thalamus) in the

input set of all states is consistent with their strong contribution to whole-brain

communication [Bell and Shine, 2016], motor control [Shadmehr and Krakauer,

2008], language processing [Ketteler et al., 2008], reward-related processing [Del-

gado et al., 2000] and cognition in general [Koziol and Budding, 2009]. Anatomi-

cal and physiological evidence established the existence of cortico-subcortical loops

supporting functionally segregated systems [Alexander et al., 1986]. Within these

loops, which include the anterior cingulate and dorsolateral prefrontal cortices that

have been designated as cognitive control centers [Dosenbach et al., 2007, Cole

et al., 2013,Power and Petersen, 2013], subcortical structures are thought to mod-

ulate the process of action selection, given afferent cortical signals [Koziol and

Budding, 2009]. Regarding the other identified regions, we can speculate that their

pericallosal situation and their proximity to subcortical regions supports interhemi-

spheric communication and the integration of cortico-subcortical loops [van der

Knaap and van der Ham, 2011, Koziol and Budding, 2009]. We provided in our

analyses a numerical assessment of their consistency in the context of our model.

Their functional relevance remains to be further validated in neurophysiological

studies involving tailored experimental protocols, and the present study can guide

future research investigating brain regions that underlie task-specific control.

4.4.3 Distinguishing resting-state from task conditions

In this study, we applied our approach to both resting-state and task-based FC

without a priori distinction, although their properties are different [Deco et al.,

2011] and resting-state was the only condition that did not require any active in-
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volvement of the individuals. Our method captured the singularity of resting-state

in several regards : the matching between structure-informed and empirical FC is

lower (Figure 4.2A-D) and requires more input regions (Figure 4.2B-E). Moreover,

the input set related to resting-state is distinct from that of task conditions (Figure

4.4C) and includes more regions belonging to the frontoparietal subsystem and to

the default mode network (Figure 4.4A).

The larger variability of resting-state connectivity across individuals compared

to task-based FC, as individuals are left to wander freely, can influence the signifi-

cance of the group-level resting-state FC (see Methodological considerations). This

could explain the lower correlation score obtained at the group-level (Figure 4.2A).

However, we also observed lower correlation scores at the individual-level (Figure

4.2D) and the overlap of consensus input sets across individuals in resting-state is

in the same range as other tasks (Figure 4.2F). This suggests that there exists a

common set of control ROIs driving resting-state that is detected by our model.

Further analyses of these regions at the individual-level are required to validate

their physiological role.

The gradient of structure-function coupling observed for the resting-state in

Figure 4.3D, from high correlation in primary sensory areas to low correlation in

regions associated with more abstract functions, is consistent with recent stud-

ies [Preti and Van De Ville, 2019, Vázquez-Rodŕıguez et al., 2019, Liégeois et al.,

2020]. It has been suggested that the stronger correspondence between structure

and function in visuomotor networks can support the fast reaction to peripheral

inputs [Preti and Van De Ville, 2019], while the structure-function decoupling in

transmodal regions can promote their involvement in higher-order cognitive func-

tions [Vázquez-Rodŕıguez et al., 2019]. During active tasks, the overall structure-

function coupling is stronger than in resting-state indicating that the brain anatomy

can support a variety of functional configurations that adjust to the ongoing task-

demand. Note that we computed the correlation score for subsystems including

connections linking different subsystems. Excluding these connections modifies the

results reported in Figure 4.3D and the associated interpretation (see Appendix

A.1.4).

Accumulating evidence from fMRI studies speculate that resting-state FC forms

a ‘standard’ architecture in which segregated functional subsystems are represented,

and which supports the transfer of information related to the implementation of

tasks [Greicius et al., 2003, van den Heuvel and Pol, 2010, Thomas Yeo et al.,

2011,Deco et al., 2011,Cole et al., 2014, Ito et al., 2017]. This could explain why,



4.4. Discussion 81

from a controllability viewpoint, our results distinguish rest (the passive, default

state) from task conditions (the active, target states). Following the hypothesis

that resting-state connectivity supports task implementation, an extension of this

study consists in applying our framework to the graph structure defined by resting-

state FC instead of the connectome, in order to investigate which brain regions

drive the rest-to-task transitions.

4.4.4 Limitations

Our study relies on several methodological choices. In the construction of the

connectome matrix, we defined the weight of a structural connection between two

regions as the streamline density between these regions i.e., the number of recon-

structed streamlines normalized by the size of the ROIs they are linking [Hagmann

et al., 2008]. This normalization is used in order to mitigate the bias due to

the variable size of ROIs (see Appendix A.1.2). Alternative weightings exist for

structural connections, and which one is the most appropriate remains an open

question [Oldham et al., 2020]. In the construction of the functional connectivity

matrices, we preserved the full length of BOLD time series for each fMRI condition

(see Appendix C.2.3). In particular, resting-state has the longest scanning dura-

tion, which could partly explain its singular behavior in the results. Future work

should investigate the impact of varying fMRI scanning duration. In order to derive

the group-level FC matrices, we computed the entry-wise average of individual-level

matrices. Other approaches include computing the pairwise correlations of the con-

catenation of individual-level BOLD time series [Liégeois et al., 2020] or computing

the barycenter of individual-level matrices, using the fact that they belong to the

manifold of positive semi-definite matrices [Venkatesh et al., 2020]. Finally, our

approach assumes that FC is defined as the linear correlation between activity time

series. More complex measures of FC, such as partial correlations [Liégeois et al.,

2020] or mutual information [Hlinka et al., 2011], could provide complementary

insights into the structure-function relationship but would require adjustments in

the derivation of structure-informed FC.

4.4.5 Conclusion

This chapter presented a system-theoretic framework for identifying potential state-

specific control regions through a model linking structure and function in human

brain networks. In this regard, it linked concepts of brain communication dynam-

ics and connectome controllability. We expect that future research, for instance

in clinical populations, will further validate the proposed approach by studying

the impact of neurological deficits and lesions on the identified control regions.
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This work could in turn guide physiological studies investigating the role of par-

ticular regions in controlling brain processes. In the next chapter, we apply the

structure-informed functional connectivity model in two case studies leveraging

control regions in schizophrenia and meditation respectively.



5
Control Regions in Schizophrenia and Meditation

• We suggested that controllability is a fundamental feature allowing brain

anatomy to support different functional states thanks to state-specific control

regions.

• Therefore, we wondered if control regions in the brain could form a sig-

nature that allows us to characterize disease-related or deep mental states.

• In this chapter, we apply the structure-informed functional connectivity

model in order to identify control regions in i) schizophrenia and ii) medita-

tion.

• Our results show that both schizophrenia and meditation are described by

control regions that allow their discrimination from baseline conditions.

• This suggests that control regions identified by our model form informative

features that enable the differentiation of brain states.

This chapter in 5 sentences

The meditation dataset investigated in this chapter was provided by Dr. Lau-

rence Dricot (UCLouvain) and Dr. Ron Kupers (UCLouvain) who also participated

in the analysis of the results. A manuscript about this chapter is in preparation.
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5.1 Introduction

In the previous chapter, we introduced a principled model linking structure and

function in human brain networks. The structure-informed functional connectivity

assumes that a controllable communication dynamics unfolding on the connectome

generates Functional Connectivity (FC) patterns comparable to those observed em-

pirically. This model allowed us to identify candidate sets of control regions driving

state-specific FC. We numerically assessed the role of these regions and suggested

that this model can inform future work studying the mechanisms underlying either

brain disorders or particular mental states. In this chapter, we illustrate this appli-

cation on two case studies investigating control regions i) in schizophrenia and ii)

during meditation.

Schizophrenia is a psychiatric condition characterized by chronic psychosis

episodes [Van Os et al., 2010]. In Chapter 3, we used a supervised classification

method with feature selection in order to detect brain connections that were most

discriminative between patients and healthy controls. The results illustrated that

mixing structural and functional connections in the features used for classification

was beneficial to the prediction accuracy. Moreover, when computing the degree

of relevance of brain regions based on the selection rate of their connections, we

obtained a set of relevant regions that partially coincides with previously reported

regions affected in schizophrenia. Here, we address the same classification problem

as in Chapter 3 and we use the control regions identified by structure-informed

FC as input features. Our hypothesis is that control regions at rest are different

between schizophrenic patients and healthy controls. Because we use the same

connectivity data and the same evaluation protocol as in Chapter 3 with features

derived from the model introduced in Chapter 4, the analysis presented here al-

lows us to evaluate the relevance of identified control regions in characterizing

schizophrenia, and to suggest new hypotheses about the mechanisms driving the

syndrome.

In a second application, we investigate control regions supporting meditation

in expert practitioners. Meditation refers to a family of complex mental training

practices aiming at improving psychological well-being [Tang et al., 2015]. The reg-

ular practice of meditation is associated with various health benefits such as stress

reduction, improved emotional intelligence or reduced cardiovascular risks [Balaji

et al., 2012, Galante et al., 2014, Grossman et al., 2004, Sedlmeier et al., 2012].

Along with the first studies reporting evidence of meditation-induced morphomet-

ric differences in gray matter [Lazar et al., 2005, Luders et al., 2009, Hölzel et al.,
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2011a, Fox et al., 2014, Pernet et al., 2021], researchers sought to understand the

mechanisms supporting meditation [Bærentsen et al., 2010,Hölzel et al., 2011b,Zei-

dan et al., 2011,Tang et al., 2012,Alexander et al., 2020]. In this regard, we propose

here to identify control regions in the connectome of meditators practicing a med-

itation technique focused on the heart, known as heartfulness meditation. We use

the control regions identified during resting-state and during meditation as features

in order to classify both states. This allows us to derive a set of potential brain

regions involved in the control of sustained meditation.

This chapter illustrates two applications of the structure-informed FC model.

The results suggest that control regions form informative features that differentiate

brain states. For each application, we propose a candidate set of discriminative

regions that can guide future studies. Overall, this chapter provides additional

numerical evidence of the significance of the control regions identified in our model.

5.2 Materials and Methods

5.2.1 Datasets

Schizophrenia

We use the same dataset as in Chapter 3. Participants are divided into two groups

of 27 schizophrenic patients on the one hand and 27 healthy controls on the other

hand. The brain parcellation follows the Lausanne multi-scale atlas [Cammoun

et al., 2012]. We use the N = 234 parcellation in the main analysis and report

results for coarser resolutions (N = 83 an N = 129) in Appendices B.1.1 and

B.1.2.

Meditation

The cohort consists of 50 heartfulness meditation practitioners (42.9 ± 5.6 years

old, 26 women). The entire study protocol was submitted to and approved by the

Biomedical Ethics Commission of the Université Catholique de Louvain (Belgium).

None of the participants had a history of neurological or vascular disease, head

injury or alcohol abuse, nor did they display cognitive complaints. Participants

could also not have a contraindication for magnetic resonance imaging (MRI). All

participants gave a written informed consent.

Brain networks reconstruction (Meditation) Anatomical, diffusion-weighted

and functional MRI (resting-state and meditation) scans were acquired for each
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participant. The acquisition protocol is detailed in Appendix D.

We processed structural and diffusion-weighted MRI data with QSIprep 0.11.6

[Cieslak et al., 2020], which implements standardized processing pipelines based

on Nipype 1.5.1 [Gorgolewski et al., 2011]. The analysis is done for each par-

ticipant separately. The T1-weighted (T1w) image was corrected for intensity

non-uniformity [Tustison et al., 2010] and used as T1w-reference throughout the

workflow. The T1w-reference was then skull-stripped and spatially normalized to

MNI template [Fonov et al., 2009] through nonlinear registration [Avants et al.,

2008]. Brain tissue segmentation of cerebrospinal fluid, white matter and gray

matter was performed on the brain-extracted T1w using the FSL Automatic Seg-

mentation Tool (FAST) [Smith et al., 2004,Zhang et al., 2001]. Diffusion-weighted

images underwent denoising, distortion correction, head motion correction and reg-

istration to the T1w-reference with FSL [Smith et al., 2004]. Probabilistic tractog-

raphy was performed with MRtrix3 [Tournier et al., 2019]. A single-shell-optimized

multi-tissue [Dhollander and Connelly, 2016, Dhollander et al., 2016] constrained

spherical deconvolution [Tournier et al., 2004,Tournier et al., 2008] algorithm was

used to estimate the Fiber Orientation Distribution (FOD). A second-order inte-

gration over the FOD [Tournier et al., 2010] was used to generate a tractogram

composed of 10 millions streamlines. A posthoc correction of the tractogram was

applied [Smith et al., 2015] in order to obtain a more biologically meaningful rep-

resentation of white matter tracts. Eventually, we built the adjacency matrix of

the structural network by computing the fiber density between each pair of the

N = 246 Regions of Interest (ROIs) defined by the Brainnetome atlas [Fan et al.,

2016]. All matrices were kept unthresholded.

Preprocessing of the fMRI data included linear trend removal to exclude scanner-

related signal drift, temporal high-pass filter to remove frequencies lower than 0.005

Hz and correction for head movements. Data was corrected for slice-timing dif-

ferences, co-registered to the T1w-reference and normalized in the MNI space.

Additional preprocessing steps were added to remove non-neural artifacts from the

BOLD signals. Regression analyses were performed to remove artifacts due to

residual motion (the six movement regressors were obtained via rigid body correc-

tion of head motion as implemented in BrainVoyager [Goebel, 2012]) and changes

in ventricles. The final data was smoothed in the spatial domain (Gaussian filter:

Full Width at Half Maximum = 5mm). We used BrainVoyager and a customized

Matlab code to calculate pairwise correlations between the average time-course

signals, extracted from the 246 ROIs defined by the Brainnetome atlas [Fan et al.,

2016]. All matrices were kept signed and unthresholded.
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5.2.2 Structure-informed functional connectivity and control

regions

We apply the structure-informed functional connectivity model introduced in Chap-

ter 4 to the preprocessed data. In summary, we define a linear diffusion dynamics

driven by control regions on the connectome (i.e., the structural network). The

state-correlation matrix of this system forms the structure-informed functional con-

nectivity matrix FSI . We solve an optimization problem in order to identify the

set of control regions maximizing the similarity between FSI and the empirical

functional connectivity matrix Femp.

Similarly to the previous chapter, we set the diffusion constant of the dynamics

β to the repetition time (TR) of the fMRI acquisition: β = TR (see Equation 4.5).

We use a genetic algorithm in order to identify the control regions maximizing

the correlation score between FSI and Femp. We allow the algorithm to select

any number of control regions (U = N , see Equation 4.4). To mitigate the

lack of optimality guarantee of the genetic algorithm, we perform 30 independent

optimizations with random initialization. The set of control regions consistently

selected over the 30 runs defines the Consensus Input Set (CIS). To determine

whether a region belongs to the CIS, we fix a threshold over 30 runs and include

regions whose number of selections is above the threshold. Because this parameter

is arbitrary, we perform the analysis for thresholds ranging from 21 to 30 selections

over runs.

5.2.3 Classification and feature selection

We treat the datasets in separate experiments. From the Schizophrenia dataset, we

obtain 54 connectomes (27 patients, 27 controls) each associated to one resting-

state functional connectivity matrix. This produces 54 CIS and we classify two

groups of individuals (patients and controls). From the Meditation dataset, we ob-

tain 50 connectomes, each associated with 2 functional matrices (resting-state and

meditation). This produces 100 CIS and we classify two conditions (resting-state

and meditation).

In order to compare the results with those obtained in Chapter 3 with the

Schizophrenia dataset, we apply the same supervised classification procedure to N -

dimensional binary feature vectors indicating identified control regions instead of
N(N−1)

2 -dimensional vectors of real connectivity values. Thus, the binary features
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Figure 5.1: Using control regions as features in a classification problem. In
order to assess the relevance of the control regions identified with the structure-
informed functional connectivity model (see Chapter 4), we use them as features in
a supervised classification problem. Each participant (or condition) is characterized
by a binary vector indicating the control regions maximizing the mapping between
her/his connectome (structural connectivity) and functional connectivity. These
vectors form a binary data matrix that is passed to a Support Vector Machine
(SVM) that uses Recursive Feature Elimination (RFE) for features selection. We
use the same evaluation protocol as in Chapter 3, with a training phase on 80%
of the dataset and predictions on the remaining 20%. We consider two separate
problems: i) classifying schizophrenic patients from healthy controls as in Chapter
3 (two groups of participants), and ii) classifying the meditative state from the
resting-state (one group of participants, two conditions).
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that we use only indicate the identity of control regions, not their BOLD activation

or any other quantitative measure. We use a nested 5-fold cross-validation to train

a Support Vector Machine (SVM) on 80% of the dataset. During the training

phase, the Recursive Feature Elimination (RFE) selects the most discriminative

regions between the two classes investigated. We predict the class of the samples

in the remaining 20% of the dataset. We obtain the prediction accuracy i.e., the

proportion of correct predictions, on each fold and we repeat the procedure 20

times. We report the mean accuracy computed over the 5 × 20 = 100 test sets.

Along with the prediction accuracy, we report the Kuncheva index KI [Kuncheva,

2007] that quantifies the feature selection stability (see Chapter 3). In short,

KI ∈ [−1, 1] indicates how consistent the selected features are across training

phases, with KI = 1 indicating that features selected for the classification are

always the same. Figure 5.1 summarizes the experimental protocol.

5.3 Results

We evaluate the role of the control regions identified by optimization of the

structure-informed functional connectivity (see Chapter 4). We test whether they

vary i) between schizophrenic patients and healthy controls, and ii) between resting-

state and meditation. We address this problem in a supervised classification frame-

work and use the same evaluation protocol as in Chapter 3.

5.3.1 Schizophrenia

First, we focus on the classification of schizophrenic patients from healthy con-

trols. We consider the N = 234 network resolution. Results for coarser resolutions

N = 83 and N = 129 are shown in Appendices B.1.1 and B.1.2 and lead to

similar observations. The classes are balanced (27 patients, 27 controls). Along

with the classification accuracy on unseen samples, we report the stability of the

feature selection as quantified by the Kuncheva index KI [Kuncheva, 2007]. This

analysis is analogous to that of Chapter 3 with the difference that input features

are not connectivity values but binary variables indicating the membership of each

region to the Consensus Input Set (CIS) of the individuals. In order to evaluate

the sensitivity of the classification results to the definition of the CIS, we consider

CIS thresholds ranging from 21 to 30 over 30 optimization runs (see Methods).

Figure 5.2 presents the classification accuracy and the feature selection stability

as a function of the number of features (i.e., Regions of Interest, ROIs) selected by

the Recursive Feature Elimination (RFE) . The accuracy curves increase from values
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Figure 5.2: Schizophrenia : Accuracy and stability. Top: Mean accuracy
over 100 test sets (5-fold cross-validation, repeated 20 times) as a function of
the number of ROIs (i.e., features) selected by the Recursive Feature Elimination
(RFE). Bottom: stability of the set of features selected by RFE, quantified by the
Kuncheva index (see Methods), as a function of the number of ROIs selected. In
both panels, solid lines correspond to the results obtained with different thresholds
defining the Consensus Input Set (CIS, see Methods). The dashed line shows the
results obtained with random binary feature vectors.
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Selections as a control ROI : 

 Difference between patients and controls

RH - medialorbitofrontal_3
RH - parstriangularis_1

RH - postcentral_5
RH - inferiorparietal_1
RH - inferiorparietal_3

RH - temporalpole_1
LH - parsorbitalis_1

LH - parsopercularis_1
LH - caudalmiddlefrontal_1
LH - caudalmiddlefrontal_2

LH - precentral_2
LH - postcentral_7

LH - inferiorparietal_3
LH - inferiorparietal_5

LH - transversetemporal_1
LH - caudate

Schizophrenia - LAU234 
 Discriminative regions selected by RFE

Mostly selected in patients
Mostly selected in controls

Figure 5.3: Schizophrenia : Discriminative regions. The regions listed on the
left were selected by RFE in more than 80% of the tests performed and correspond
to the most informative ROIs for differentiating both classes. The nomenclature
follows the Lausanne multi-scale atlas [Cammoun et al., 2012], which is a finer
version of the Desikan-Killiany parcellation [Desikan et al., 2006]. The bar plot
indicates in which class these ROIs were selected in majority as control ROIs (max-
imum difference : 810).
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in [0.49, 0.6] until they reach plateau values in [0.6, 0.71] when more than 100 ROIs

are selected for the classification. These scores are obtained with N -dimensional

binary feature vectors. In comparison, we reached an average accuracy of 0.73 in

Chapter 3 with the same parcellation and (N2 − N)-dimensional feature vectors

of multimodal connectivity values. We also observe that the threshold defining

the CIS influences the maximum accuracy reached by the classifier. In Figure 5.2,

lower thresholds produce better scores but we cannot generalize this observation

as shown in the results about meditation (see below) and in Appendices B.1.1 and

B.1.2. As a control experiment, the classification accuracy obtained with random

binary feature vectors varies in [0.4, 0.45]. We notice that considering the inverse

decision of a classifier trained on random binary features would lead to an accu-

racy close to 0.6. The stability of the feature selection shows a bell-shaped curve

between 1 and 200 ROIs selected with a local maximum KI ∈ [0.35, 0.5] varying

with the CIS threshold, followed by a peak KI ∈ [0.38, 0.51] between 200 and

234 ROIs selected. These values are comparable to the ones obtained in Chapter

3 with the same parcellation and multimodal connectivity features. By definition,

random binary feature vectors are unstable and correspond to KI ∼ 0.

We turn to the characterization of the most discriminative ROIs between schiz-

ophrenic patients and healthy controls. We performed the feature selection on 100

training sets, for CIS thresholds ranging from 21 to 30 and for a number of ROIs

to select ranging from 1 to N = 234. Therefore, each region was possibly selected

by RFE 100 × 10 × 234 times in total. Figure 5.3 lists the regions selected more

frequently than 80% of the total number of possible selections. This percentage is

chosen arbitrarily to extract the most relevant regions. Among the most discrim-

inative regions, we find that the left caudate nucleus and the left inferior parietal

cortex overlap with the regions having the highest degree of relevance in Chapter

3. Moreover, the left caudate nucleus, bilateral postcentral, left precentral, left

caudal-middle-frontal, left parsopercularis, left parsorbitalis, right parstriangularis

and right medial-orbitofrontal regions overlap with the affected core identified by

Griffa and colleagues [Griffa et al., 2015]. In the optimization of structure-informed

FC, we performed 30 optimization runs for each of the 27 patients and 27 controls.

In Figure 5.3, the bars indicate for each ROI the difference in the number of selec-

tions as control ROI between patients and control, over a theoretical maximum of

30×27 = 810, which corresponds to a control ROI always selected in one class and

never in the other. We observe that the most discriminative regions are divided

into control ROIs mostly selected in patients or controls.
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5.3.2 Meditation

Motivated by the results obtained in the Schizophrenia dataset, we proceed with

the classification of meditation with respect to resting-state in order to investigate

the control regions driving the meditative state in expert practitioners. The brain

parcellation includes N = 246 regions [Fan et al., 2016]. We classify two states

in the same group of 50 participants. The classes are therefore balanced : 50

‘meditation’ samples and 50 ‘resting-state’ samples. As in the previous section, we

report the stability of the feature selection. We test the same range of thresholds

defining the CIS.

Figure 5.4 presents the classification accuracy and the feature selection stability

as a function of the number of features (i.e., ROIs) selected by RFE. The accuracy

curves rapidly reach a local maximum in the range [0.62, 0.66] when less than 50

ROIs are selected as features for the classification. The CIS threshold has a mod-

erate impact on the accuracy scores. As a control experiment, the classification

accuracy obtained with random binary feature vectors varies in [0.51, 0.57]. The

stability of the feature selection rapidly reaches a maximum value KI ∈ [0.45, 0.61]

when about 40 ROIs are selected by RFE and then decreases linearly with the

number of ROIs selected. Again, random binary feature vectors are unstable and

correspond to KI ∼ 0.

We turn to the characterization of the most discriminative ROIs between med-

itation and resting-state. We performed the feature selection on 100 training sets,

for CIS thresholds ranging from 21 to 30 and for a number of ROIs to select rang-

ing from 1 to N = 246. Therefore, each region was possibly selected by RFE

100 × 10 × 246 times in total. Figure 5.5 lists the regions selected more fre-

quently than 80% of the total number of possible selections. In the optimization of

structure-informed FC, we performed 30 optimization runs for each of the 50 par-

ticipants, in resting-state and meditation. In Figure 5.5, the bars indicate for each

ROI the difference in the number of selections as control ROI between patients and

control, over a theoretical maximum of 30×50 = 1500. We observe that the most

discriminative regions are divided into control ROIs mostly selected in meditation

or resting-state. Structures mostly found as control regions in meditation (Figure

5.5, blue) include bilateral thalamic and temporal insular areas, as well as portions

of the primary motor cortex (Brodmann area 4).
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Figure 5.4: Meditation : Accuracy and stability. Top: Mean accuracy over 100
test sets (5-fold cross-validation, repeated 20 times) as a function of the number of
ROIs (i.e., features) selected by the Recursive Feature Elimination (RFE). Bottom:
stability of the set of features selected by RFE, quantified by the Kuncheva index
(see Methods), as a function of the number of ROIs selected. In both panels,
solid lines correspond to the results obtained with different thresholds defining
the Consensus Input Set (CIS, see Methods). The dashed line shows the results
obtained with random binary feature vectors.
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RH -A6dl, dorsolateral area 6

RH -IFJ, inferior frontal junction
LH -A44v, ventral area 44

LH -A4ul, area 4(upper limb region)
RH -A4t, area 4(trunk region)

LH -A21r, rostral area 21
RH -aSTS, anterior superior temporal sulcus

RH -A20iv, intermediate ventral area 20
LH -A37elv, extreme lateroventral area37

LH -TI, area TI(temporal agranular insular cortex)
RH -TI, area TI(temporal agranular insular cortex)

RH -TH, area TH (medial PPHC)
RH -A39rd, rostrodorsal area 39(Hip3)
RH -A39rv, rostroventral area 39(PGa)

LH -A5m, medial area 5(PEm)
RH -A32p, pregenual area 32

RH -V5/MT+, area V5/MT+
RH -PPtha, posterior parietal thalamus

LH -Otha, occipital thalamus
RH -Otha, occipital thalamus

LH -cTtha, caudal temporal thalamus

Meditation 
 Discriminative regions selected by RFE

Mostly selected in meditation
Mostly selected in rest

Figure 5.5: Meditation : Discriminative regions. The regions listed on the left
were selected by RFE in more than 80% of the tests performed and correspond to
the most informative ROIs for differentiating both classes. The nomenclature fol-
lows the Brainnetome atlas [Fan et al., 2016] and area numbers refer to Brodmann
areas. The bar plot indicates in which class these ROIs were selected in majority
as control ROIs (maximum difference : 1500).
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5.4 Discussion

We assessed the relevance of control regions identified by means of the structure-

informed FC model introduced in the previous chapter. We used control regions

as features in a machine learning framework in order to classify i) schizophrenic

patients from healthy controls and ii) meditation from resting-state. The results

suggest that the identified control regions form a meaningful description of brain

states in which the presence or absence of a control region enables the classification

of the state, without considering their activation level.

5.4.1 Control regions as fundamental features to describe

brain states

The brain is a controllable system [Dosenbach et al., 2007, Medaglia, 2019, Gu

et al., 2015]. Based on this observation, we introduced in the previous chapter a

model linking structure and state-specific function in brain networks. This model

relies on the identification of control regions that describe how the connectome

is able to support a particular functional state. In this chapter, we observed that

these control regions can be used as features for differentiating schizophrenic pa-

tients from healthy controls (Figure 5.2) and meditators in resting-state or during

sustained meditation (Figure 5.4). This result confirms the observation made in

Chapter 4 that distinct brain states are characterized by distinct control regions

(Figure 4.4C). Moreover, it strengthens our hypothesis that structure-informed FC

can guide future physiological studies by providing a candidate set of brain regions

involved in the neural mechanism under investigation.

In the Schizophrenia dataset, the classification accuracy obtained with N -

dimensional binary vectors encoding control regions (Figure 5.2) is comparable

to the scores obtained in Chapter 3 with (N2 −N)-dimensional vectors of multi-

modal connectivity values (Figure 3.5). This suggests that control regions enclose

important information that helps differentiating patients and controls. We note

that the moderate accuracy of 71% does not entail that control regions alone con-

stitute a biomarker of clinical utility. However, we suggest that they can be part

of a larger list of biomarkers and that they come with an intelligible interpretation

in the context of our model. The observation that a classifier trained on random

binary features provides an accuracy that deviates from the 50% chance level (Fig-

ure 5.2) is a consequence of the limited size of the dataset, as reported in previous

classification experiments [Combrisson and Jerbi, 2015]. The same argument ap-

plies to the accuracy of random binary features in meditation (Figure 5.4). We
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can expect that better performance will be achieved on larger datasets. In Fig-

ure 5.2 we also observed that selecting around 100 over 234 ROIs (or features)

for the classification provides a trade-off between prediction accuracy and feature

selection stability. This result is consistent with the finding of sparse input sets in

the previous chapter, and indicates that few control regions differ between patients

and controls. The decrease of the feature selection stability (measured by the

Kuncheva index) when more than 100 ROIs are selected suggests that additional

ROIs are not informative and are selected interchangeably with others, lowering the

overall consistency of the selected features. We note that the decrease in stability

is not followed by a decrease in accuracy, suggesting that the classifier ignores

these uninformative features. The peak in stability when more than 200 ROIs are

selected possibly reflects a priority among uninformative ROIs where a small group

of regions are selected after the others, which generates a local agreement in the

selection of ∼ 220 regions. Overall, the classification results in Figure 5.2 indicate

the importance of control regions in differentiating patients and controls. Future

work should assess whether including quantitative information about these regions

(e.g. their average BOLD activation) instead of restricting ourselves to binary fea-

ture vectors would further improve the classification performance.

The most discriminative control regions in schizophrenia (see Figure 5.3) par-

tially overlap with affected regions found in Chapter 3 as well as in the work of

Griffa and colleagues [Griffa et al., 2015]. Yet, we should not expect this overlap

to be complete because the regions identified here are thought to play a different

role compared to previous studies. Similarly to the discussion made in the previous

chapter that control region is not a synonym of active region, we suggest that

discriminative control regions are not equivalent to the regions most affected in

schizophrenia. Instead, they bring mechanistic information about the effects of the

disease under the assumptions of structure-informed FC. Although the physiologi-

cal role of these regions remains to be validated, we illustrated here the ability of

our framework to formulate new hypotheses about the mechanisms underlying a

brain condition.

The finding that discriminative control regions in Figure 5.3 are divided into

control regions found either in patients or in controls indicates that the two groups

are characterized by different control systems rather than by a lower or higher

involvement of a unique control system. In other words, the discriminative regions

listed in Figure 5.3 were not exclusively selected as control region in one group.

This suggests that the connectivity alterations observed in schizophrenia [Lynall

et al., 2010, Griffa et al., 2013, Griffa et al., 2015] do not result from the non-
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engagement of control regions. Because patients were diagnosed at an advanced

stage of the disorder, we can speculate that changes in the resting-state control

regions occurred gradually. Longitudinal studies are required to further monitor

the variations of control regions with the progression of the symptoms.

5.4.2 Investigating the neural mechanisms of meditation

Meditation has been described as a separate cognitive state of consciousness [Cahn

and Polich, 2006,Tang et al., 2015]. The beneficial effects of meditation on health

have been demonstrated in several studies [Baer, 2003, Ospina et al., 2007, Balaji

et al., 2012, Galante et al., 2014, Sedlmeier et al., 2012] and active research inves-

tigates the neural processes supporting meditation [Bærentsen et al., 2010, Tang

et al., 2012,Alexander et al., 2020]. In order to inform future work on this topic, we

applied the structure-informed FC model and proposed a set of brain areas possibly

involved in the control of sustained meditation.

The classification of meditation versus resting-state based on their respective

control regions produced significant but moderate accuracy scores (Figure 5.4),

which indicates that both states share several common control regions. The fea-

ture selection stability reached a peak around 30 selected ROIs and then decreased

linearly. These results suggest that the difference between meditation and resting-

state lies in the selection of a limited number of control regions.

Importantly, these regions might reflect only one of the two mechanisms sup-

porting the meditative state [Travis and Wallace, 1999, Bærentsen et al., 2010].

Because participants entered the meditative state before the start of the fMRI ac-

quisition (see Methods), the control regions listed in Figure 5.5 should be in charge

of maintaining meditation but not necessarily of entering the meditative state. Fu-

ture work should investigate the regions triggering the transition from resting-state

to meditation using fMRI acquisitions during this transition, which can last several

minutes depending on the participants.

Last, in a way similar to schizophrenic patients being diagnosed at an advanced

stage of the disorder, meditators recruited in this study were expert practition-

ers. Note that changes in gray matter density related to meditation were reported

as early as after 8 weeks of practice in novice individuals [Hölzel et al., 2011a].

Longitudinal studies could therefore monitor the variations of control regions with

meditation practice over limited time periods.
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5.4.3 Limitations

In addition to the methodological considerations related to the structure-informed

FC model (see Chapter 4), the applications presented here have limitations. First

in the Schizophrenia dataset, 24 patients out of 27 were under medication at

the time of the MRI acquisitions (see Methods). It is not clear what impact

this treatment can have on our analysis and the results should be interpreted

by taking this element into consideration. Second, the Meditation dataset was

exclusively composed of individuals practicing a specific type of meditation known

as heartfulness meditation. Various meditation styles exist and we encourage future

studies to investigate their similarities and differences in terms of control processes.

Last, in order to compare our analysis with that of Chapter 3 we used the same

machine learning pipeline. Further work should test alternative classification and

feature selection methods.

5.4.4 Conclusion

In this chapter we showed that control regions identified by the structure-informed

functional connectivity model formed informative features that enable the classifi-

cation of i) schizophrenic patients from healthy controls and ii) meditation from

resting-state. This work provides further numerical evidence of the relevance of our

model mapping structure and state-specific function in brain networks, although

physiological validation remains necessary. We encourage future research investi-

gating the role of control regions in order to describe other brain disorders or other

cognitive states.
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6
Functional Connectivity Fingerprinting

• We knew that functional connectivity contains an individual-specific finger-

print.

• Therefore, we wondered if we could improve existing data-driven meth-

ods for extracting these fingerprints by leveraging the degree distribution of

functional networks.

• In this chapter, we apply degree-normalization to functional networks before

extracting fingerprints and we evaluate the resulting identifiability with three

metrics.

• Our results show that degree-normalization improves the three metrics and

that extracted fingerprints are embedded in a low-dimensional space.

• This suggests that functional fingerprints can be efficiently extracted in

order to emphasize individual-specific brain features linked to behavior or

disorders.

This chapter in 5 sentences

The content of this chapter is adapted from the following publication:

• Chiêm, B., Abbas, K., Amico, E., Duong-Tran D.A., Crevecoeur, F., & Goñi,

J. (2021). Improving Functional Connectome Fingerprinting with Degree-

Normalization. Brain Connectivity, in press.
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6.1 Introduction

The study of brain functional connectivity aims to understand how distributed

neural Regions of Interest (ROIs) interact with each other during resting-state

and task conditions [Bullmore and Sporns, 2009, Fornito et al., 2016]. Thanks

to advances in functional Magnetic Resonance Imaging (fMRI), the measurement

of Blood-Oxygenation-Level Dependent (BOLD) signals provides an estimate of

brain activity across conditions [Ogawa et al., 1990]. In this context, a widespread

approach to quantify functional connectivity is to compute pairwise Pearson’s cor-

relation coefficients between BOLD time series measured at each ROI (see Figure

2.6). The resulting symmetric correlation matrix is referred to as a Functional

Connectome (FC) and can be understood as the adjacency matrix of a network

where nodes are ROIs and edges represent functional interactions between those

ROIs [Bullmore and Sporns, 2009, Fornito et al., 2016].

The network analysis of brain connectivity is able to capture important features

of cortical organization, such as integration and segregation [Bullmore and Sporns,

2009, Shine et al., 2016, Shine et al., 2018, Shine et al., 2019], as well as modu-

larity [Sporns and Betzel, 2016, Betzel et al., 2016, Betzel et al., 2019, Puxeddu

et al., 2020]. Furthermore, FCs have been used in the study of several brain disor-

ders [Fornito et al., 2015] such as schizophrenia [Micheloyannis et al., 2006,Lynall

et al., 2010,Gutiérrez-Gómez et al., 2020] and Alzheimer’s disease [Supekar et al.,

2008, Svaldi et al., 2019]. Several studies demonstrated the existence of a finger-

print embedded in individual-level neuroimaging data, allowing participant identi-

fication in test-retest settings. Various types of descriptors have been investigated

in order to uncover brain fingerprints, ranging from anatomical features [Valizadeh

et al., 2018] and morphometric measures [Wachinger et al., 2015] to white matter

fiber trajectories [Kumar et al., 2017] and multimodal embeddings [Kumar et al.,

2018]. In parallel to these non-connectomic studies, a growing interest in the brain

fingerprint specific to functional networks has emerged with the motivation that

functional connectivity describes in a simple form the intrinsic brain organization

across several tasks [Finn et al., 2015, Gratton et al., 2018, Mars et al., 2018, Sat-

terthwaite et al., 2018, Pallarés et al., 2018, Liu et al., 2018, Iturria-Medina et al.,

2018,Seitzman et al., 2019,Menon and Krishnamurthy, 2019]. This fingerprint can

be extracted through data driven procedures [Amico and Goñi, 2018, Byrge and

Kennedy, 2019] as well as reproduced across sites [Bari et al., 2019]. These find-

ings have important implications in the perspective of individual-level functional

connectivity analysis. For instance, personalized medicine in the study of brain

disorders can benefit from FCs revealing robust individual traits [Iturria-Medina
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et al., 2018, Svaldi et al., 2019]. Moreover, participant identifiability across test-

retest fMRI sessions has recently been proposed as an indicator of scan reliability

for both researchers and clinicians, provided that appropriate and possibly com-

plementary fingerprinting metrics are investigated [Milham et al., 2020]. In sum,

uncovering meaningful brain fingerprints enables a shift from population-level re-

search to individual-based scientific investigation and clinical examination.

As recently shown [Rajapandian et al., 2020], fingerprints are also reflected in

different network properties of FCs. To characterize the topology of functional

networks, several networks statistics have been introduced [Rubinov and Sporns,

2010]. One of the most fundamental measures for binary networks is the degree

of a node i.e., the number of nodes it is connected to. In weighted networks, the

weighted degree (or strength) of a node is the sum of the weights of its neighboring

edges. The weighted degree sequence denotes the vector gathering the weighted

degree of all nodes in the network.

Here we show the benefits of applying a mathematical operation, known as

degree-normalization, to FCs prior to extracting functional connectivity finger-

prints. Degree-normalization uses the information encoded in the weighted degree

sequence in order to reduce the weight of edges lying between strongly connected

nodes (hubs) comparatively to others, thereby balancing their excessive influence

in the network. This operation has been applied in previous studies on weighted

communicability measures of networks [Crofts and Higham, 2009, Estrada et al.,

2012, Rajapandian et al., 2020] as well as in the study of random walks on net-

works through the use of the normalized Laplacian [Lambiotte et al., 2014]. We

adopt the differential identifiability framework recently developed by Amico and

Goñi for FC fingerprinting [Amico and Goñi, 2018] based on a Principal Compo-

nent Analysis (PCA) decomposition-reconstruction procedure. Because computing

the absolute value of FCs is an intermediate step required prior to applying degree-

normalization, we compare the results of this framework applied on i) the original

(signed) FCs, ii) the FCs taken in absolute value and iii) the degree-normalized

FCs. In order to assess the quality of the fingerprint extraction, we consider two

previously introduced metrics, namely differential identifiability [Amico and Goñi,

2018] and identification rate [Finn et al., 2015], and we introduce a variant of the

latter called matching rate. Our results show that degree-normalization improves

the fingerprinting scores for all metrics and that reconstructing the corresponding

optimally identifiable FCs requires fewer principal components compared to original

FCs. We also highlight the difference in the interpretation of the identification rate

and the matching rate and argue that the latter provides a more robust depiction
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of the individual fingerprint in FCs.

6.2 Materials and Methods

6.2.1 Dataset

We included 409 unrelated individuals from the Human Connectome Project (HCP)

1200-participants release [Van Essen et al., 2013]. This subset of unrelated indi-

viduals was chosen from the overall dataset to ensure that no two participants

have a shared parent. The criterion to exclude siblings (whether they share one

or both parents) was crucial to avoid confounding effects in our analyses due to

family-structure. Data from resting-state (REST) and seven functional Magnetic

Resonance Imaging (fMRI) tasks were used: emotional processing, gambling, lan-

guage, motor, relational processing, social cognition and working-memory (see sec-

tion 4.2.2 for a description of the tasks). In this chapter, we will collectively refer

to the resting-state and all the tasks as conditions.

For each condition, subjects underwent two sessions corresponding to two dif-

ferent phase-encoding directions (left-to-right and right-to-left). The resting-state

fMRI scans were acquired on two different days with a total of four sessions. In

this study, we used the two sessions from the first day. The HCP scanning protocol

was approved by the Institutional Review Board at Washington University in St.

Louis. Full details on the HCP dataset have been published previously [Van Essen

et al., 2012, Glasser et al., 2013, Smith et al., 2013].

The brain atlas used in this chapter is the multimodal parcellation MMP1.0

proposed by Glasser et al. [Glasser et al., 2016] and comprising 180 cortical regions

by hemisphere. For completeness, we added 14 subcortical regions (covering the

bilateral striatum, thalamus, hippocampus and amygdala) provided by the HCP

release, for a total of N = 374 Regions of Interest (ROIs).

6.2.2 Preprocessing

We used the minimally preprocessed data provided by the HCP [Glasser et al.,

2013]. This pipeline includes artifacts removal, motion correction, and registra-

tion to standard template. Full details on this pipeline can be found in earlier

publications [Glasser et al., 2013, Smith et al., 2013]. In addition, we applied

the following processing steps to the extracted BOLD signals. For resting-state

fMRI data: i) we regressed out the global gray-matter signal from the voxel time
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courses [Power et al., 2014], ii) we applied a bandpass first-order Butterworth fil-

ter in the forward and reverse directions (0.001Hz to 0.08Hz ; Python function

filtfilt from the Scipy package v1.2.1), and iii) the voxel time courses were

z-scored and then averaged per brain region, excluding any outlier time points that

were outside of 3 standard deviations from the mean (Workbench software, com-

mand -cifti-parcellate). For task fMRI data, we applied the same steps, with

a larger frequency range for the band-pass filter (0.001Hz to 0.25Hz) since the rela-

tionship between different tasks and optimal frequency ranges is still unclear [Cole

et al., 2014].

6.2.3 Degree-normalization of a functional connectome

We compute a functional connectivity matrix F as the N ×N matrix of pairwise

Pearson’s correlation coefficients between the N regional BOLD time series:

F = [Fij ] (6.1)

where Fij ∈ [−1, 1] and Fij = Fji. Without loss of generality, we ignore self-loops

in the functional network by setting Fii = 0. This matrix, which we denote as

the Baseline FC, can be directly treated as the adjacency matrix of a weighted,

undirected and signed network, as done in previous fingerprinting studies [Finn

et al., 2015,Amico and Goñi, 2018]. In this chapter, we also consider the unsigned

version in order to avoid the occurrence of complex numbers due to the degree-

normalization (see below). This is done by taking the entry-wise absolute value of

correlation coefficients in F. We denote this as the Absolute FC, |F|, with entries

verifying |F|ij ∈ [0, 1].

The degree di of node i of an unsigned network is defined as the sum of the

weights of its neighboring edges :

di =

N∑

j=1

|F|ij (6.2)

The degree matrix D is the N ×N matrix containing the degree sequence on its

diagonal, and zeros elsewhere:

Dii = di (6.3)

Dij = 0, ∀i 6= j (6.4)
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The degree-normalization of |F| is mathematically defined as follows:

F = D−1/2|F|D−1/2 (6.5)

The resulting matrix F is symmetric and corresponds to the adjacency matrix of

the Normalized FC [Crofts and Higham, 2009, Estrada et al., 2012] where any

excessive influence of nodes has been modulated by their corresponding weighted

degree. Figure 6.1 summarizes the degree-normalization procedure. It is worth not-

ing that degree-normalization on signed networks would potentially involve negative

node degrees (Equation 6.2), which would in turn generate complex entries in the

normalized FCs (Equation 6.5). Ignoring complex values or separating the node de-

grees into positive and negative components before applying degree-normalization

did not provide better results than those presented in this chapter (results not

shown). For this reason, we restrict our analysis to the degree-normalization of

unsigned FCs i.e., FCs taken in absolute value.

6.2.4 Functional connectome fingerprinting

We analyse each fMRI condition separately. In order to quantify the variability of

our results in the population, we use sampling without replacement. We gener-

ate 100 random subsamples out of the 409 individuals in the database to obtain

100 datasets containing K = 327 (80% of 409) different individuals. For each

condition, the dataset is composed of 2K = 654 FCs i.e., two FCs per individual

corresponding to the two fMRI phase-encoding directions. Thus, we have for each

individual a test FC and a retest FC. In order to extract functional connectivity fin-

gerprints from this dataset, we adopt the differential identifiability framework based

on group-level Principal Component Analysis (PCA) [Amico and Goñi, 2018]. In

summary, the procedure consists in vectorizing the upper-triangular part (excluding

diagonal values) of all FCs in the dataset, and then gathering these vectors in a

data matrix of N(N−1)
2 rows associated to FC entries, and 2K columns associated

to test-retest scans of each individual (see Figure 2.9). Following the PCA decom-

position of this matrix, FCs are reconstructed using an incrementally increasing

number of components, selected in decreasing order of explained variance.

For each number of components, we compute the identifiability matrix E ∈
[−1, 1]K×K . The element Eij is the entry-wise Pearson’s correlation coefficient

between the test FC of individual i and the retest FC of individual j. There-

fore, the diagonal elements Eii represent the individuals’ self-similarity between

test and retest, while off-diagonal elements represent between-individuals similari-

ties. Importantly, this means that E is not symmetric. Intuitively, the higher the
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A) B) C)

D) E)

Dii = di

Entry-wise 
absolute value

F = D�1/2|F|D�1/2

<latexit sha1_base64="KWTO5GkoAhaciLzgzMqU7Kzk3Ns="></latexit>

Figure 6.1: Degree-normalization of a Functional Connectome (FC). A) A
functional connectome is computed as a matrix of pairwise Pearson’s correlation
coefficients between regional BOLD time series. Hence all values in the Baseline
FC are within the range [−1, 1]. B) The next step consists of taking the absolute
value of all entries, which produces the Absolute FC, denoted by |F|. C) From
that unsigned FC, we can extract the weighted degree sequence. D) The degree
matrix is a square matrix containing the weighted degree sequence on its diagonal
and zeros elsewhere. E) Finally, we apply degree-normalization (Equation 6.5) to
obtain the Normalized FC.
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contrast between diagonal and off-diagonal elements, the better are the extracted

fingerprints.

6.2.5 Quantifying the level of identifiability

We consider three metrics to estimate the amount of fingerprint in each subsam-

ple: the differential identifiability (Idiff ), the identification rate (IDrate) and the

matching rate (Mrate). Let Iself = 〈Eii〉 denote the average of the diagonal el-

ements of the identifiability matrix and let Iothers = 〈Eij〉, i 6= j be the average

of the off-diagonal elements. The differential identifiability score [Amico and Goñi,

2018] is then defined as

Idiff = 100 · (Iself − Iothers) (6.6)

Each time a diagonal element Eii is the highest of its row, we state that individual

i’s retest FC has been correctly identified on the basis of her/his test FC. The

identification rate [Finn et al., 2015] is then

IDrate =
Number of correctly identified individuals

Total number of individuals
(6.7)

As we can also compute this metric column-wise (i.e. test FC identified from retest

FC), we report the average of row-wise and column-wise IDrate. Note that as per

Finn et al. [Finn et al., 2015], IDrate is a procedure with replacement, such that

the algorithm is not forced to identify a unique subject on each iteration within a

condition.

It might happen that the test FC of an individual i is most similar not only to its

own retest FC, but also to that of other individuals. In the extreme case of an FC

being highly similar to many others, this will negatively impact the identification

rate since many individuals will not be correctly identified. To remedy this, we

propose a variant of identification rate, called matching rate (Mrate), where every

time an FC from test session is matched with a retest FC (or vice versa) using the

highest value of correlation along a row (or column) of an identifiability matrix, the

matched test-retest pair is removed before the next comparison is made. In other

words, Mrate is equivalent to IDrate but without replacement. This way, all FCs

are matched only once, no matter if they are similar to many others or not.
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6.2.6 Control experiment : Surrogate degree-normalization

In this chapter, we evaluate the impact of normalizing each FC by its own degree

sequence. As a control experiment, we also report the results of normalizing each

FC by the degree sequence of a surrogate individual chosen uniformly at random,

a process denoted as surrogate degree-normalization. Mathematically, this comes

down to performing the fingerprinting analysis with the following normalized FCs

for individual u with surrogate v:

Fu,surr = D−1/2v |F|uD−1/2v (6.8)

Here, |F|u is the absolute FC of individual u, Dv is the degree matrix of individual

v and Fu,surr is the surrogate-normalized FC of individual u. Surrogate individuals

were assigned uniformly at random, with the constraint that an individual cannot

be associated with her/his own degree sequence. This permutation was preserved

for both test and retest FCs, as well as across fMRI conditions. The ordering

of brain regions in the surrogate degree sequence was preserved. In this chapter,

normalizing an FC by its own degree sequence is sometimes referred to as self

degree-normalization to avoid any ambiguity with surrogate degree-normalization.

6.2.7 Statistical comparison between modalities

In order to assess the difference of fingerprinting scores obtained with baseline, ab-

solute, surrogate-normalized and self-normalized FCs (denoted together as modal-

ities), we compute for each fingerprinting metric (Idiff , IDrate and Mrate) and

each modality the optimal score for the 100 subsamples of the dataset. Then, we

perform paired t-tests in order to compare these optimal scores between modalities

(significance level: α = 0.005). We perform the analogous analysis in order to

compare the number of principal components corresponding to the optimal finger-

printing scores.

6.3 Results

We apply the differential identifiability framework [Amico and Goñi, 2018] to base-

line, absolute and normalized FCs. We compute three metrics : differential identifi-

ability score (Idiff ), identification rate (IDrate) and the newly introduced match-

ing rate (Mrate). The analysis is done for each fMRI condition separately, and

performed independently on the 100 randomly drawn subsamples.
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Degree-normalization modulates the influence of high- and low-degree regions

of functional connectomes. In order to provide insight into the brain regions most

affected by degree-normalization, Appendices C.2.1 and C.2.2 show information

about the brain regions with the highest and lowest average weighted degrees, for

each fMRI condition. In addition, cortical visualizations of the mean and standard

deviation of regional weighted degree across individuals are shown in Appendices

C.1.2 and C.1.3.

Figure 6.2 presents the results related to differential identifiability (Idiff ). We

observe that the evolution of Idiff with respect to the number of principal com-

ponents used for FCs reconstruction is concave, with sharper curves in the case of

normalized FCs, for all fMRI conditions. Figure 6.2D compares the optimal value of

differential identifiability reached for baseline, absolute, surrogate-normalized and

self-normalized FCs. We see that absolute and surrogate-normalized FCs achieve

better scores than baselines FCs, for all conditions except the emotional processing

task. Self-normalized FCs provide the best Idiff scores for all fMRI conditions,

with an average gain of 9.6% between baseline and self-normalized FCs (minimum

gain: 7.9% for emotion ; maximum gain: 10.73% for working memory). When

comparing the effect of self-normalization with respect to surrogate-normalization

for each fMRI condition, Figure 6.2D shows that the former systematically led to

significantly higher Idiff values than the latter (p < 0.005). We notice however

that in resting-state, surrogate degree-normalization leads to Idiff values that are

close to that of self degree-normalization. Figure 6.2E shows the number of prin-

cipal components corresponding to the optimal Idiff values of Figure 6.2D. We

observe that absolute and surrogate-normalized FCs require fewer components than

baseline FCs, for all conditions except the language processing task and the work-

ing memory task for which baseline FCs and absolute FCs require a similar number

of components. Self-normalized FCs require the lowest number of components for

most conditions, with the exceptions of the gambling task, the relational processing

task and resting-state for which the surrogate and self degree-normalization require

a comparable number of components.

Figure 6.3 reports the behavior of Iself and Iothers. As shown in Figure

6.2, when looking at Idiff , self-normalization systematically performs better than

surrogate-normalization (null model) for all fMRI conditions. Hence for this analy-

sis, we focus on baseline, absolute and self-normalized FCs. Overall, both Iself and

Iothers decrease with the number of principal components kept for FCs reconstruc-

tion. However, we observe for normalized FCs that Iothers decreases faster than

Iself in the first 200 components. This observation is valid for all fMRI conditions.
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Figure 6.2: Impact of degree-normalization on differential identifiability. Pan-
els A), B) and C) present the evolution of Idiff with respect to the number of
principal components used for FCs reconstruction, for baseline, absolute and nor-
malized FCs respectively. Solid lines represent the median value across 100 random
subsamples (without replacement) of the database and shaded areas correspond to
the inter-percentile range (2.5 and 97.5 percentiles). Note that the inter-percentile
range is sometimes small enough that the shaded area is hidden by the solid line.
Square symbols highlight the optimum Idiff of the median curves.D) Compari-
son of optimal Idiff values for baseline, absolute, surrogate-normalized and self-
normalized FCs. Error bars show the inter-percentile range (2.5 and 97.5 per-
centiles) across 100 random subsamples of the database. E) Number of principal
components corresponding to the optimal Idiff values of panel D). Pairs of bars
highlighted by ‘n.s.’ indicate paired t-tests that are not significant at the level
p < 0.005.



112 Chapter 6. Functional Connectivity Fingerprinting

0 200 400 600

Number of components

0

0.2

0.4

0.6

0.8

1

I s
e
lf

Baseline FC

0 200 400 600

Number of components

Absolute FC

0 200 400 600

Number of components

Normalized FC

0 200 400 600

Number of components

0

0.2

0.4

0.6

0.8

1

I o
th

e
rs

Baseline FC

0 200 400 600

Number of components

Absolute FC

0 200 400 600

Number of components

Normalized FC

0 200 400 600

Number of components

-0.3

-0.2

-0.1

0

0.1

I s
e

lf

Difference : Absolute-Baseline

0 200 400 600

Number of components

Difference : Normalized-Baseline

0 200 400 600

Number of components

Difference : Normalized-Absolute

0 200 400 600

Number of components

-0.3

-0.2

-0.1

0

0.1

I o
th

e
rs

Difference : Absolute-Baseline

0 200 400 600

Number of components

Difference : Normalized-Baseline

0 200 400 600

Number of components

Difference : Normalized-Absolute

EMOTION
GAMBLING
LANGUAGE
MOTOR

RELATIONAL
REST
SOCIAL
WORKING MEMORY

A)

B)

C)

D)

Figure 6.3: Impact of degree-normalization on Iself and Iothers. A) Evolution
of Iself with the number of principal components added in descending order of
explained variance for Baseline (left), Absolute (middle) and Normalized FC (right).
Panel B) shows the analogous figures for Iothers . Optimal number of components
for maximizing Idiff are shown as square symbols in all cases. C) Evolution
of ∆Iself , which is the pointwise Iself difference between Baseline, Absolute or
Normalized FC along principal components. Panel D) shows the analogous analysis
for ∆Iothers . In all plots of the figure, solid lines represent the median value across
100 random subsamples (without replacement) of the database and shaded areas
correspond to the inter-percentile range (2.5 and 97.5 percentiles). Note that the
inter-percentile range is sometimes small enough that the shaded area is hidden by
the solid line.
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Figure 6.5: Degree-normalization corrects the profile of outlier FCs. Zoom
on the panels of Figure 6.4 related to the motor task. Arrows highlight typical
examples of FCs that are very different to any other FC in the cohort. Note that
this effect is alleviated after degree-normalization.

In Figure 6.4, we display identifiability matrices obtained with baseline, absolute

and normalized FCs, at the optimal Idiff reconstruction point. We observe that

diagonal elements stand out in all cases, indicating that individuals’ self-similarity

is correctly captured. Moreover, we see that degree-normalization smooths the dis-

tribution of off-diagonal elements while maintaining a good contrast with diagonal

elements. Figure 6.5 highlights, for the motor task as an example, how degree-

normalization is able to correct the identifiability profile of some individuals.

Figure 6.6 presents the results related to the identification rate (IDrate). The

IDrate curves are concave with a sudden rise in the last 50 components, for all

fMRI conditions. This phenomenon is particularly pronounced for normalized FCs

and highlights a shortcoming of the identification rate metric. As shown in Appen-

dix C.1.1, the identification rate is driven down by a few FCs being highly similar

to others when around 600 principal components out of 654 are used for recon-

struction. The last components then correct this bias. Figure 6.6D compares the

optimal identification rates reached for baseline, absolute, surrogate-normalized

and self-normalized FCs. We see that baseline and absolute FCs provide compa-

rable results, while surrogate-normalization lowers the identification with respect

to baseline FCs, for all conditions. Self-normalized FCs provide the best identifica-

tion rates for all conditions, with an average gain of 16% with respect to baseline

FCs (minimum gain: 6% for resting-state ; maximum gain: 30% for the motor

task). Figure 6.6E shows the number of principal components corresponding to
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Figure 6.6: Impact of degree-normalization on identification rate. Panels A),
B) and C) present the evolution of IDrate with respect to the number of princi-
pal components used for FCs reconstruction, for baseline, absolute and normalized
FCs respectively. Solid lines represent the median value across 100 random sub-
samples (without replacement) of the database and shaded areas correspond to
the inter-percentile range (2.5 and 97.5 percentiles). The inter-percentile range is
sometimes small enough that the shaded area is hidden by the solid line. Square
symbols highlight the optimum IDrate of median curves. D) Comparison of opti-
mal identification rates for baseline, absolute, surrogate-normalized and normalized
FCs. Error bars show the inter-percentile range (2.5 and 97.5 percentiles) across
100 random subsamples of the database. E) Number of principal components cor-
responding to the optimal identification rates of panel D). Pairs of bars highlighted
by ‘n.s.’ indicate paired t-tests that are not significant at the level p < 0.005.
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the optimal identification rates of Figure 6.6D. We see that self-normalized FCs

require the lowest number of components, for all fMRI conditions. We observe

large error bars (2.5− 97.5 inter-percentile range across 100 random subsamples)

in the case of surrogate-normalized FCs for the gambling task, the motor task and

the working memory task. This comes from the fact that in the realization of

sampling without replacement, the highest IDrate is sometimes reached using all

the components and sometimes with around 200 components, leading to a bimodal

distribution of the optimal number of components. Ultimately, this produces large

error bars. This phenomenon occurs regularly with surrogate degree-normalization.

Figure 6.7 presents the results related to the matching rate (Mrate). The

Mrate curves increase quickly until they reach a plateau value, except for the emo-

tional processing and the motor tasks with baseline and absolute FCs. Importantly,

the sudden rise in the last few components observed with identification rate does

not occur with matching rate. Figure 6.7D compares the optimal matching rates

reached for baseline, absolute, surrogate-normalized and self-normalized FCs. The

observations made for the identification rate are still valid for the matching rate.

Self-normalized FCs provide the best matching rates for all conditions, with an

average gain of 14% with respect to baseline FCs (minimum gain: 5% for resting-

state ; maximum gain: 22% for the motor task). Figure 6.7E shows the number

of principal components corresponding to the values shown in Figure 6.7D. We

see that normalized FCs require the lowest number of components, for all fMRI

conditions. The large error bars (2.5-97.5 inter-percentile range across 100 random

subsamples) for all conditions and all FCs are the result of the noisy plateau behav-

ior of Mrate curves. Indeed, depending on the subsample, the optimal matching

rate can be achieved in a large range of number of components although its actual

value remains stable.

6.4 Discussion

Extracting fingerprints from Functional Connectomes (FCs) is an important chal-

lenge for future individual-level studies of functional connectivity. This can be

achieved through the decomposition of functional connectivity data into principal

components in order to remove noisy components that deteriorate fingerprinting

scores. Here, we showed that the degree-normalization of FCs improves the fin-

gerprinting process, according to three different metrics: differential identifiability,

identification rate and matching rate. Moreover, the results indicate that the finger-

print of degree-normalized FCs is embedded in a lower-dimensional space compared

to baseline FCs.
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Figure 6.7: Impact of degree-normalization on matching rate. Panels A),
B) and C) present the evolution of Mrate with respect to the number of PCA
components used for FCs reconstruction, for baseline, absolute and normalized FCs
respectively. Solid lines represent the median value across 100 random subsamples
of the database and shaded areas correspond to the inter-percentile range (2.5
and 97.5 percentiles). Square symbols highlight the optimum Mrate of median
curves. D) Comparison of optimal matching rates for baseline, absolute, surrogate-
normalized and normalized FCs. Error bars show the inter-percentile range (2.5 and
97.5 percentiles) across 100 random subsamples of the database. E) Number of
PCA components corresponding to the optimal matching rates of panel D). Pairs
of bars highlighted by ‘n.s.’ indicate paired t-tests that are not significant at the
level p < 0.005.
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6.4.1 Improved fingerprinting in a lower-dimensional space

Throughout our results, we observed that normalizing FCs improves the three fin-

gerprinting scores considered in this chapter (Figures 6.2D, 6.6D and 6.7D), for

all fMRI conditions. Importantly, this improvement was not driven by the partic-

ipants’ head motion (see Appendix C.1.4). Instead, such normalization provides

a modulation (or a balance) of the influence of different brain regions that en-

hance subject-level fingerprints. This is achieved by accounting for the weighted

degree sequence in the functional connectomes. The brain regions most affected

by the degree-normalization, listed in Appendices C.2.1 and C.2.2, are the most

strongly or weakly connected in each fMRI condition. The former are cortical hubs

predominantly belonging to the visual and default mode networks while the latter

are mostly subcortical regions, consistently with previous reports [Buckner et al.,

2009,Tomasi and Volkow, 2011,Schaefer et al., 2014]. Moreover, the improved fin-

gerprinting scores are achieved with fewer principal components than in the baseline

and absolute cases (Figures 6.2E, 6.6E and 6.7E). This suggests that the degree-

normalization reduces the individuals’ fingerprints to a limited number of principal

components (in descending order of explained variance). In addition, when looking

at the cumulative percentage of explained variance of the principal components

extracted from the dataset (Appendix C.1.5), we observe a reduced dominance

effect. In other words, the individual contribution of components to the explained

variance is more homogeneous. Together, these results indicate that the variance

preserved by the components of normalized FCs, although lower, is highly specific

to the contrast between individuals. From this perspective, degree-normalization

could be beneficial for future FC fingerprinting research.

6.4.2 Surrogate degree-normalization improves differential iden-

tifiability, but not identification rate or matching rate

Figure 6.2 shows that differential identifiability is improved after degree-normalization

for several conditions, no matter if the correspondence between FCs and their

respective degree sequence is preserved (self-normalization) or not (surrogate-

normalization). Normalizing FCs has a global effect of lowering the influence of

hubs in the network [Crofts and Higham, 2009, Estrada et al., 2012, Rajapandian

et al., 2020], which in turn allows better fingerprints to be extracted. This suggests

that individual-specific components of functional connectivity might lie (in part) in

sparsely connected areas whose contribution to the whole network is brought out

by degree-normalization. The fact that surrogate degree-normalization sometimes

improves differential identifiability compared to baseline indicates that the weighted

degree sequence of FCs is similar across individuals. In Appendix C.1.6, we show
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the results of the differential identifiability framework applied on degree sequences

instead of functional connectivity matrices. We see that the weighted degree se-

quence alone imparts a moderate fingerprinting power no matter the number of

components kept for the reconstruction, which was previously reported [Rajapan-

dian et al., 2020]. However, matching FCs with their own degree sequence for

degree-normalization appears to be beneficial to all metrics and all fMRI condi-

tions, while surrogate-normalization has a null or negative effect on the identifi-

cation rate and the matching rate, compared to baseline (Figures 6.2D, 6.6D and

6.7D). This indicates that the normalization of FCs by their respective weighted

degree sequence helps uncovering fingerprints and suggests a synergistic effect that

goes beyond the fingerprints of original FCs and degree sequences separately.

6.4.3 Matching rate as a correction of identification rate

In this chapter, we observed that the identification rate metric, which has been

used in several previous studies [Finn et al., 2015,Amico and Goñi, 2018], is some-

times driven down by a few individuals being highly similar to many others (Figure

6.6C and Appendix C.1.1). This entails that the identification rate of an entire

dataset can be compromised by a few or even one subject or single session of

an otherwise high-quality fingerprinting dataset. Post-hoc investigations on those

particular FCs significantly dropping IDrate values showed that no obvious quality

issues were present on the correlation matrices or their corresponding histograms

(see Appendix C.1.7 for two examples). In order to take into account the reality

that each individual in our setting appears only once in each of the test and retest

datasets, we introduced the matching rate metric. We noticed that the matching

rate results are characterized by a plateau value (Figures 6.7A, 6.7B and 6.7C)

rather than a concave behavior with a well-defined maximum, as obtained with

differential identifiability and identification rate (Figures 6.2A, B, C and 6.6A, B,

C). This suggests that, from the perspective of the matching rate metric, the PCA

decomposition does not uncover functional connectivity fingerprints, but rather de-

tects the dimensionality to which the data can be compressed while preserving an

optimal fingerprinting power.

6.4.4 Pros and cons of different fingerprinting metrics

As discussed in the previous section, while surrogate degree-normalization increases

Idiff , its effects on IDrate andMrate are either neutral or negative, when compared

to Baseline FCs. This highlights the limitations of Idiff as a metric, where we see

that even though surrogate degree-normalization has improved the overall contrast

between self- and between-subject similarity (increased Idiff ), its effects on the
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self-similarity are mostly negative (null or decreased IDrate and Mrate). On the

other hand, we have discussed in section 6.4.3 the limitations of IDrate as a metric,

where it can be severely affected by one or a few subjects/sessions of FCs that have

high similarity with the rest of the population, hiding the underlying fingerprint of

the dataset. This problem can be alleviated using Mrate instead of IDrate. At the

same time, we observed (Figure 6.7) that Mrate does not provide enough variation

with number of principal components to find an optimal point of reconstruction

in the differential identifiability framework. These observations highlight that we

should use more than one (preferably all three) metrics to estimate the level of

fingerprint in a dataset to avoid any unforeseen pitfalls. In other words, these three

metrics represent a different facet of the fingerprint in a sample of FCs.

6.4.5 Limitations

The work presented in this chapter has several limitations. First, we chose to

keep for each condition the total number of fMRI volumes available in the data-

base. Previous work reported that larger numbers of frames can positively impact

fingerprinting metrics [Amico and Goñi, 2018, Abbas et al., 2020b]. Here, as dif-

ferent scanning durations were used for each condition (see Appendix C.2.3), our

results should be interpreted in light of this limitation. Future work should investi-

gate whether degree-normalization is beneficial to fingerprinting studies using short

scanning durations. Additionally, the effect of degree-normalization during func-

tional reconfiguration could be assessed in scanning sessions that combine resting

periods and tasks [Amico et al., 2020].

Second, we conducted our experiments on a single dataset and used a par-

ticular brain parcellation. In order to evaluate the variability of our results with

respect to variations in the dataset, we used sampling without replacement. Fu-

ture work should reassess the impact of degree-normalization on external datasets,

possibly obtained with different preprocessing pipelines [Parkes et al., 2018]. We

are confident that the results presented here are generalizable to other datasets

and parcellations, since the other fingerprinting frameworks have been shown to

be reproducible across fMRI conditions [Finn et al., 2015], robust across brain at-

lases [Amico and Goñi, 2018, Abbas et al., 2020a], and across scanning sites [Bari

et al., 2019]. Future work should include the assessment of this framework for

studying brain injuries and neurological disorders.

Third, we identified an optimal set of principal components specific to each

subsample, restricting the possibility of extracting the fingerprint of an unseen

individual outside this sample with the same components. Further investigation

is required in order to assess the possibility to derive a ‘universal’ set of principal
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components [Sripada et al., 2019] on which one could project a new FC in order

to directly obtain its fingerprint. Initial efforts in this direction have been done

by applying a leave-one-out strategy in multi-site test-retest scenarios [Bari et al.,

2019]. A thorough investigation on this important topic would possibly require a

significantly larger cohort and involve multi-site, multi-scanner fMRI acquisitions.

On a related note, future work should evaluate how optimized fingerprinting metrics

scale with a very large number of individuals and should address possible privacy

concerns.

Lastly, in the construction of the identifiability matrix, we considered the statis-

tical similarity between reconstructed FCs, operationalized by the entry-wise Pear-

son’s correlation coefficient. In contrast, recent studies recommended considering

the geometric similarity of FCs, leveraging the observation that signed FCs lie

on the manifold of positive semi-definite matrices and are therefore associated

with a geodesic distance [Venkatesh et al., 2020, Abbas et al., 2020b]. However,

we note that taking functional connectivity in absolute value, as required by the

degree-normalization, breaks the positive semi-definiteness of FCs and therefore

proscribes the geometric approach. Besides, the degree-normalization procedure is

parameterless whereas the geometric approach involves a dataset-dependent reg-

ularization parameter [Abbas et al., 2020b]. Overall, we suggest that future work

should consider statistical or geometric similarity depending on the context and

application of the study.

6.4.6 Conclusion

Fingerprints extraction from Functional Connectomes (FCs) is an important step

towards refined individual-level studies of brain connectivity, with potential appli-

cations in personalized medicine. In this chapter, we showed that the degree-

normalization of FCs is a simple, parameterless mathematical operation producing

significant improvements of the fingerprinting quality, according to three different

metrics, in resting-state and several task conditions. Furthermore, we argued that

the fingerprint of FCs can be compressed in a low dimensional space, especially

thanks to degree-normalization. We also showed the potential benefits and pitfalls

of three different fingerprinting metrics, where each of them uncovers different as-

pects of the fingerprint present in a sample of FCs. Overall, our results suggest that

applying degree-normalization to FCs can be beneficial for future research focused

on individual differences in brain networks.
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7
Exploring Brain Interactions with Transfer Entropy

• We knew that the exchange of information in the brain is directed and

evolves with time during the execution of a task.

• Therefore, we wondered if we could build a network of directed and time-

resolved brain interactions without assumption on the dynamical model gov-

erning the information transfer.

• In this chapter, we apply an information theoretic measure known as Trans-

fer Entropy (TE) both on a synthetic example and on brain signals recorded

during a motor task.

• Our results show that TE successfully detects non-linear, time-varying and

delayed interactions in the synthetic example but identifies multiple signif-

icant interaction delays between the motor cortex and the muscles of the

hand, which hinders the interpretation of subsequent results.

• This suggests that TE is a promising approach that requires further devel-

opments in order to provide impactful insights into brain mechanisms.

This chapter in 5 sentences

123
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7.1 Introduction

The study of functional connectivity has provided important insights into the brain

organization underpinning both task execution and rest. Active research contin-

ues to benefit from the richness of increasingly available neuroimaging datasets

in order to extend classical approaches. For example, a focus on dynamic Func-

tional Connectivity (dFC) has emerged with the purpose of exploiting the time

dimension of functional data [Hutchison et al., 2013, Lurie et al., 2020]. In dFC,

functional connectivity is estimated in successive time windows in order to study

the time-resolved evolution of functional interactions. Another example is that of

directed functional connectivity that seeks to determine the direction of functional

interactions [Friston, 2011]. The concept of Effective Connectivity (EC) describes

the direction of functional connections estimated via generative models. Because

‘model-free’ alternatives are also commonly referred to as instances of EC [Vicente

et al., 2011], we will use ‘EC’ to refer to directed functional connectivity in gen-

eral in this chapter. The effective connectome is a directed network indicating the

influence of some regions onto others. The idea of directed interactions in the

brain can find an origin in microscopic neuroanatomy, where axonal projections

are known to be directional. In this regard, EC is expected to provide important

insights into the neural mechanisms supporting brain activity. Both dFC and EC

present opportunities for future research and could significantly enrich our under-

standing of the brain. However, they face important challenges especially when one

moves from theory to practice. In this chapter, we discuss a particular approach

used to estimate EC known as Transfer Entropy (TE). We show on a synthetic

example that the numerical estimation of TE can be adapted in order to provide

time-resolved estimates of directed interactions. After that, we apply the method

on empirical signals recorded during a motor task in order to estimate the cortico-

muscular conduction delay, and we discuss the difficulty of interpreting the results.

The most common methods for estimating EC include model-based approaches

such as Granger Causality and Dynamic Causal Models. Model-based methods

make assumptions on the structure and properties of the interactions. Granger

causality [Granger, 1969, Seth et al., 2015] tests the statistical hypothesis that,

given two random processes X and Y, knowing past realizations of X is useful to

predict future values of Y. It relies on linear vector autoregressive models in order

to fit the stochastic time series associated with X and Y and evaluate the reduction

of the error term on Y when using information from X. When the random processes

are composed of Gaussian variables, it has been shown that Granger causality and

transfer entropy are equivalent [Barnett et al., 2009]. Moreover, nonlinear exten-
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sions of Granger causality have been proposed [Hiemstra and Jones, 1994, Mari-

nazzo et al., 2008]. Dynamic Causal Models assume a bilinear transition model in

order to compare the Bayesian evidence of different interaction patterns between

the elements of the system [Stephan et al., 2010]. These models require a pri-

ori knowledge on the inputs to the system and on the potential interactions to

investigate. They have been applied in a wide variety of domains, with various

data modalities [Friston et al., 2014, Kiebel et al., 2008]. In an exploratory setting

however, the assumptions inherent to model-based approaches such as Granger

causality and Dynamic Causal Models may not be verified. In that case, model-

free methods such as transfer entropy form a useful alternative.

Transfer entropy is a directed measure of information transfer based on infor-

mation theory [Shannon, 1948, Schreiber, 2000]. In contrast to Granger causality

and Dynamic Causal Models, transfer entropy is ‘model-free’ and relies on condi-

tional probabilities to measure the reduction of uncertainty on the future of a target

process, knowing the past of a source process. The model-free aspect of transfer

entropy motivated researchers to investigate its application to physiological sig-

nals, especially in neuroscience where strong non-linearities are common [Vicente

et al., 2011, Wibral et al., 2014b]. A central challenge in the application of trans-

fer entropy to empirical signals is its numerical estimation [Vicente and Wibral,

2014]. Indeed, not relying on modeling assumptions must be counterbalanced by

a large amount of good-quality data in order to estimate the probability densities

underlying the processes under investigation. Efficient estimators have been pro-

posed [Kraskov et al., 2004, Vicente and Wibral, 2014] and extended in order to

estimate information transfer delays on the one hand [Wibral et al., 2013], and to

cope with non-stationary signals on the other hand [Wollstadt et al., 2014,Gómez-

Herrero et al., 2015]. However, estimating interaction delays among non-stationary

signals such as neurophysiological time series remains challenging.

Here, we estimate TE on empirical MagnetoEncephaloGraphy (MEG) signals

during the execution of a right hand movement. We implement an estimator that

leverages the repeated-trials structure of the data in order to derive a time-resolved

estimate of TE suited for such non-stationary signals. First, we show on a syn-

thetic example that TE is able to capture non-linear, non-stationary and delayed

interactions in noisy data. Next, we turn to the problem of estimating the cortico-

muscular conduction delay between the primary motor cortex and the contralateral

hand muscles, during the execution of a visually-triggered movement. The analysis

provides several significant interaction delays ranging from 19.7ms to more than

90ms. We discuss the difficulty of interpreting the results produced by the esti-
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mation of TE and the challenge of extending the method for the reconstruction of

large, directed and time-varying brain networks.

7.2 Materials and Methods

7.2.1 Dataset

We retrieved preprocessed sensor-level MEG data of 18 healthy participants (22-35

years old, 11 women) from the Human Connectome Project [Van Essen et al.,

2013, Larson-Prior et al., 2013]. The preprocessing included the removal of bad

channels and noisy epochs, the filtering of time series (bandpass, 1.3-150 Hz) and

the removal of power line noise and artefactual components [Larson-Prior et al.,

2013]. We used a Linearly Constrained Minimum-Variance (LCMV) beamformer

with regularization parameter λ = 15% in order to reconstruct source-level time se-

ries [Woolrich et al., 2011], using Fieldtrip release r10442 [Oostenveld et al., 2011].

We spatially averaged the reconstructed sources inside each cortical region defined

by Desikan et al. [Desikan et al., 2006] using Connectome Workbench [Marcus

et al., 2011]. The final sampling rate of reconstructed signals is 1017.3 Hz.

The participants were instructed to tap their index and thumb fingers or to

squeeze their toes following a visual stimulus displayed on a screen. The move-

ments were paced and organized in blocks of 10 trials per limb (right hand, left

hand, right foot, left foot). We investigated right-hand trials only. There were two

sessions of 8 blocks of right-hand movements, for a total of 160 recorded trials

per participant. After exclusion of bad trials during the preprocessing and after

source-level reconstruction, we merged the data of all participants and obtained a

total of 2725 trials. The task and acquisition protocols are detailed in the HCP

reference manual [WU-Minn, 2017].

Muscle activity was recorded in parallel to the MEG data, using an ElectroMyo-

Graphy (EMG) electrode placed on the first dorsal interosseus muscle between

thumb and index fingers of the right hand. EMG signals were bandpass filtered in

the same frequency range as the MEG data (1.3-150 Hz). All trials were aligned

on the onset of the EMG signal and include 800ms before and 350ms after the

EMG onset, for a total of 1171 time steps.
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7.2.2 Transfer entropy

We consider a real continuous random variable X with realization x ∈ X and

associated probability density function p. In information theory, the notion of in-

formation relates to that of uncertainty : observing a highly predictable (or certain)

event brings little information, and vice-versa. Formally, the amount of information

h gained when observing a realization x is inversely proportional to its probability

and has been defined by Shannon [Shannon, 1948] as

h(x) = log
1

p(x)
(7.1)

= − log p(x) (7.2)

The differential Shannon entropy of the random variable X is then defined as the

expected value of the information over its realizations :

h(X) = −
∫

x∈X
p(x) log p(x)dx (7.3)

In this text, we adopt the convention that the ‘log’ operator is the natural logarithm,

which entails that the entropy h(X) is expressed in nats. Considering a second

random variable Y with support Y, the conditional entropy of X knowing Y is

h(X|Y ) = −
∫

x∈X ,y∈Y
p(x, y) log p(x|y)dxdy (7.4)

where p(x, y) and p(x|y) are respectively the joint and conditional probability densi-

ties of X and Y . Here, h(X|Y ) represents the expected information or uncertainty

related to observations of X, knowing everything about Y .

Let X = {Xt}t≥0 and Y = {Yt}t≥0 be stochastic processes indexed by the dis-

crete time variable t. If there is a time-dependence between the random variables

Xt of process X, characterized by a dynamical system and a state-space represen-

tation, then the vector Xt−1 = [Xt1 , Xt2 , Xt3 , ...] with ti ≤ t−1 denotes the state

variable containing the past variables that are relevant for the prediction of Xt.

The transfer entropy TE from X to Y at time t is then defined [Schreiber, 2000] as

TEX→Y(t) = h(Yt|Yt−1)− h(Yt|Xt−1,Yt−1), (7.5)

Equation 7.5 shows that the transfer entropy from X to Y quantifies the uncer-

tainty reduction on Y when the past of X is known. Assuming that both pro-

cesses are stationary, the transfer entropy from X to Y can be time-averaged:
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TEX→Y = 〈TEX→Y(t)〉t .

The procedure to determine the past variables relevant for the prediction of Xt

and Yt, forming Xt−1 and Yt−1 respectively, is called a state-space reconstruction.

Here we use the delay embedding introduced by Takens [Takens, 1981] in order

to reconstruct the state-space. This embedding involves two parameters: the

embedding dimension d and the embedding delay τ . The delay embedding of a

random variable Xt is a vector of d equally-spaced past variables:

Xd,τ
t = [Xt, Xt−τ , Xt−2τ , ..., Xt−(d−1)τ ] (7.6)

A standard method to determine the embedding parameters d and τ is Ragwitz’s

criterion [Ragwitz and Kantz, 2002] based on the principle of optimal self-prediction

in the reconstructed state-space. Note that the embedding delay τ is related to

the autocorrelation time of the process. The range for the search of this param-

eter is therefore determined by the nature and the time resolution of the signals

investigated (e.g. milliseconds for MEG data and seconds for BOLD signals).

In real-world systems, the information transfer from X to Y necessitates a finite

time δ to arrive to the target. Estimating this interaction delay (Figure 7.1A) is

important in order to reconstruct the temporality of the interactions. The infor-

mation arriving at Y at time t was sent from X at time t− δ. In order to estimate

δ, we test different interaction delays u and we adapt the conditioning on the past

of X accordingly. The transfer entropy from X to Y at time t with interaction delay

u is defined [Wibral et al., 2013] as

TEX→Y(t, u) = h(Yt|Yt−1)− h(Yt|Xt−u,Yt−1), (7.7)

Wibral et al. have shown that the delay u maximizing Equation 7.7 corresponds to

the true interaction delay δ from X to Y in the case of noiseless Markov processes

[Wibral et al., 2013].

7.2.3 Numerical estimation

A popular approach to estimate TE from finite data and without assumption

on the underlying distributions is based on the idea developed by Kozachenko

and Leonenko [Kozachenko and Leonenko, 1987] that, in a reconstructed state-

space, the larger the distance from one point to its nearest-neighbors the lower the

probability density around that point. The KSG estimator named after Kraskov,

Stögbauer and Grassberger [Kraskov et al., 2004] leverages this idea in order to
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Figure 7.1: Estimating transfer entropy in non-stationary signals. A) Transfer
entropy estimates the directed transfer of information between two (ensembles
of) time series, from a source x (purple) to a target y (red). Time series are
delay-embedded with optimized parameters d and τ . In real-world systems, the
information takes a finite time to arrive to the target, which is refered to as the
interaction delay u. B) When time series are non-stationary, we can leverage the
multi-trials structure of neurophysiological recordings by pooling over trials in order
to estimate TE at each time t (green). C and D) Instead of populating the state-
space with time points, we consider each time step separately and populate the
state-space with points corresponding to signal repetitions. This procedure enables
a modification of the KSG estimator for non-stationary time series and produces
time-resolved estimates of directed information transfer. This figure is adapted
from [Wollstadt et al., 2014].
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evaluate TE more precisely than via binning or kernel approaches [Vicente and

Wibral, 2014]. The steps involved in the computation of the KSG estimator for

two empirical time series x = [xt]0≤t≤T and y = [yt]0≤t≤T are:

1. Standardize x and y to zero mean and unit variance

2. Determine the embedding parameters dx, τx of x and dy, τy of y (here we

use Ragwitz’s criterion)

3. Reconstruct the state-space spanned by [yty
dy,τy
t−1 xdx,τxt−u ] for all possible t

4. For each time point ti in the reconstructed state-space:

(a) Compute the distance εi to its k-th nearest neighbor

(b) Count the number of points n inside a ball of fixed radius εi in the

subspaces spanned by [y
dy,τy
t−1 ], [yty

dy,τy
t−1 ] and [y

dy,τy
t−1 xdx,τxt−u ]

The KSG estimator writes

T̂EX→Y(u) = ψ(k) +

〈
ψ

(
n
y
dy,τy
t−1

+ 1

)
− ψ

(
n
yty

dy,τy
t−1

+ 1

)

− ψ
(
n
y
dy,τy
t−1 xdx,τxt−u

+ 1

)〉

t

(7.8)

where ψ(·) denotes the digamma function (monotonic on R+), 〈·〉t is the average

over time points and k is a parameter to fix. We estimate the information transfer

delay δ̂ from x to y by scanning T̂EX→Y(u) over u:

δ̂ = arg max
u

T̂EX→Y(u) (7.9)

7.2.4 Dealing with non-stationarity

The KSG estimator (Equation 7.8) assumes that the empirical time series x and

y come from stationary processes in order to average the nearest-neighbors count

over time points. When this assumption is violated but multiple repetitions of

the time series are available, it is possible to leverage this multi-trials structure to

derive an ensemble estimator of transfer entropy. For instance, in neuroimaging

experiments, it is common to monitor the brain activity induced by the execution

of a task after the presentation of a stimulus. In that case, signals are expected to

be non-stationary and a large number of trials are recorded.

We note xr, 1 ≤ r ≤ R, the r-th repetition recorded from the non-stationary

process X. By assuming that the distribution of one time point is stationary over
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repetitions, Wollstadt et al. [Wollstadt et al., 2014] and Gómez-Herrero et al.

[Gómez-Herrero et al., 2015] proposed to modify the KSG estimator in the following

way:

T̂EX→Y(u, t) = ψ(k) +

〈
ψ

(
n
y
dy,τy
r,t−1

+ 1

)
− ψ

(
n
yr,ty

dy,τy
r,t−1

+ 1

)

− ψ
(
n
y
dy,τy
r,t−1 x

dx,τx
r,t−u

+ 1

)〉

r

(7.10)

Here, for each time point, the state-space is populated with points corresponding

to repetitions (see Figure 7.1). The averaging over repetitions instead of time not

only relaxes the assumption of temporal stationarity but also enables the estima-

tion of time-resolved transfer entropy. This approach requires a large number of

repetitions of x and y to populate the state-space. For instance, Wollstadt et

al. [Wollstadt et al., 2014] tested the modified KSG estimator with a number of

repetitions R ranging from 500 to 30,000 and found that larger values produce bet-

ter TE estimations in simulated data. Gómez-Herrero et al. [Gómez-Herrero et al.,

2015] made a similar observation. However, determining the minimum number of

repetitions needed to obtain a reliable estimation in experimental data i.e., where

the ground truth is unknown, remains an open question.

Numerical estimators of information-theoretic quantities are biased when ap-

plied on finite datasets [Panzeri et al., 2007]. In order to test the statistical signif-

icance of estimated TE values in empirical data, we must generate surrogate data

x̃ and ỹ that are assumed independent under the null hypothesis. An approach to

generate such surrogate data consists in choosing

x̃s,t = xr,t (7.11)

ỹs,t = yφ(r),t , with φ(r) 6= r (7.12)

where s denotes the repetition index in the surrogate data (1 ≤ s ≤ R), r denotes

the repetition index in the original data (1 ≤ r ≤ R), t is the time index and φ(·)
is a random permutation of the integers from 1 to R. In other words, we randomly

reassign the repetition indices of target signals. This procedure breaks the infor-

mation transfer from the source to the target for each repetition while preserving

the individual properties of the signals, including their spectrum. Importantly and

because we leverage the multi-trials structure of the data, we do not shuffle time

points inside signals [Wollstadt et al., 2014,Gómez-Herrero et al., 2015]. Repeating

TE estimation on multiple surrogate datasets allows us to form a null distribution

against which one can compare TE values estimated from the original data.
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7.3 Results

We implemented the ensemble KSG estimator (Equation 7.10) using the Julia

programming language [Bezanson et al., 2017]. In order to assess that our im-

plementation is able to detect delayed and time-varying information transfer in

non-stationary time series, we first test it on a synthetic example derived from

empirical data. Then, we turn to the problem of identifying information transfer

delays between pairs of Regions of Interest (ROIs) involved in a visually triggered

right hand movement.

7.3.1 Validation using synthetic data

We choose the signals reconstructed in the left precentral gyrus (primary motor

cortex, M1) during a right-hand movement (see Methods) as the reference data

that we denote x. We define y as the corresponding delayed and transformed

signals and we compute the r-th repetition, noted yr, as

yr(t) = yr(t− 1) + κ(t) (xr(t− δ))3 + η (7.13)

κ(t) =

{
sin( π

100 t) if 350 ≤ t ≤ 850

0 otherwise
(7.14)

where t ∈ [0, 1170], κ is the coupling function, δ is the interaction delay and

η ∼ N (0, σ2) is a normally-distributed noise process with variance σ2. We apply

the ensemble KSG estimator (Equation 7.10) with k = 15 on the synthetic example

formed by the source process x and the target process y (see Figure 7.2A).

Figure 7.2 shows the result of Transfer Entropy (TE) estimation from x to y

(Equations 7.13 and 7.14) with different noise levels and for different interaction

delays u ∈ [40, 60]. In Figure 7.2C, we observe that estimated TE is highest in a

band corresponding to the true interaction delay δ = 50, and in a time interval

between time steps 350 and 850. When the level of noise increases from σ = 0.5

(top) to σ = 5.0 (bottom), we see that identifying the correct interaction delay

by visual inspection becomes challenging as estimated TE is high for all tested

delays. In Figure 7.2D, we observe that estimated TE at the true interaction

delay reproduces the shape of the non-stationary coupling function (Figure 7.2B)

in absolute value. The estimated TE curve becomes less smooth when the level

of noise introduced in the target process increases from σ = 0.5 (top) to σ = 5.0

(bottom).
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Figure 7.2: Estimating Transfer Entropy (TE): synthetic example. A) Exam-
ple of a realization of the source and target processes defined by Equation 7.13. B)
Non-stationary coupling function κ used for the synthetic experiment (see Equa-
tion 7.14). C) Results of the transfer entropy estimation as a function of time and
interaction delay, for different noise levels σ ∈ {0.5, 3.0, 5.0}. The true interac-
tion delay is δ = 50. D) Time evolution of estimated transfer entropy, extracted
from panel C at the true interaction delay. The number of neighbors used for the
numerical estimation (Equation 7.10) is k = 15.
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7.3.2 Estimating interaction delays in empirical MEG data

We turn to the problem of identifying the cortico-muscular delay between the left

primary motor cortex (M1, identified as the left precentral gyrus in the parcel-

lation [Desikan et al., 2006]) and the EMG signal recorded from the right hand

during a simple motor task (see Methods). The source x is formed by all trials

recorded from M1 during the task (18 participants for a total of 2725 trials; see

Methods). The target y is formed by the corresponding EMG signals. All trials are

temporally aligned on the EMG onset time. We apply the ensemble KSG estima-

tor (Equation 7.10) with k = 15 and we test delays ranging from u = 1 to u = 100.

Figure 7.3A shows the result of the TE estimation as a function of time and

delay. Before the EMG onset time located at t = 814, T̂E is almost zero for all

delays. The bottom left triangle corresponds to time-delay combinations for which

TE estimation is undefined because the number of time steps covered by the delay

embedding and by the time lag is greater than the time of estimation. At the EMG

onset time, we observe a vertical yellow line indicating an increase of T̂E for all

tested delays, which does not allow us to visually determine the optimal interaction

delay. After the EMG onset, T̂E progressively decreases until reaching near-zero

values after t = 1000. Figure 7.3B shows the column of Figure 7.3A corresponding

to t = 814 and presents the estimated TE as a function of information transfer

delay at the EMG onset time. The curve is irregular with a peak value for the delay

u = 20 and a monotonically increasing trend for delays larger than u = 80.

In order to test the statistical significance of these estimated TE values, we

compare them to a null distribution T̂Esurr. For that, we perform the TE estima-

tion on surrogate data i.e., from x̃ to ỹ where the target signals repetitions have

been randomly permuted (see Methods). We perform this procedure 30 times. The

distribution of T̂E − T̂Esurr is referred to as the excess TE. Figure 7.3C shows

the median of excess TE as a function of time and information transfer delay. The

increase of TE locked to the EMG onset time observed in Figure 7.3A is not re-

markable when contrasted with the null distribution T̂Esurr. Figure 7.3D shows

the column of Figure 7.3C corresponding to the EMG onset time (t = 814) with the

corresponding inter-percentile range (10 and 90 percentiles). A one-sided sign test

finds the delays for which the excess TE is significantly greater than 0 (p < 0.005,

Bonferroni corrected). Isolated significant delays are in the set u ∈ {20, 32, 42, 75}.
Multiple delays verifying u ≥ 88 are found significant too. The lowest significant

delay of 20 time steps corresponds to a lag of 19.7 ms between evoked activity

in M1 and the EMG onset (sampling rate = 1017.3 Hz, see Methods). This lag
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Figure 7.3: Estimating cortico-muscular conduction delays. A) Estimated

Transfer Entropy (T̂E) from the left primary motor cortex (M1) to the right hand

EMG, as a function of time and information transfer delay. B) Evolution of T̂E
at the EMG onset time (t = 814) with respect to the information transfer delay.
C) In order to test the significance of estimated TE values, we draw a surrogate

distribution T̂Esurr by randomly shuffling the EMG repetitions (see Methods).
The difference between actual and surrogate values is called the excess TE. We
report the median of excess TE as a function of time and information transfer
delay. D) The solid line presents the evolution of the TE excess at the EMG onset
time with respect to the information transfer delay. The shaded area indicates the
inter-percentile range (10 and 90 percentiles). The dashed red line corresponds

to the reference level T̂E = T̂Esurr. Black asterisks identify information transfer
delays for which estimated TE values are significant (one-sided sign test, p < 0.005
Bonferroni corrected).
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is close to previously identified cortico-muscular conduction times [Rothwell et al.,

1991, Groß et al., 2000].

7.4 Discussion

In this chapter, we examined the application of an information-theoretic measure

known as Transfer Entropy (TE) for the estimation of time-resolved effective con-

nectivity. Numerical experiments on a synthetic example showed that TE is able

to accurately detect delayed and non-stationary couplings from source to target

signals. In empirical data, we observed the importance of using a null distribution

in order to identify significant TE values. We found multiple significant information

transfer delays from the primary motor cortex to the hand muscle during a simple

motor task, at the group-level.

7.4.1 The challenge of exploring interactions in the brain

Mapping functional interactions between brain regions is a fundamental challenge

in network neuroscience [Bullmore and Sporns, 2009, Bassett and Sporns, 2017].

Extensions of standard functional connectivity assessment seek to evaluate the time

evolution of functional connections [Hutchison et al., 2013, Lurie et al., 2020] and

the direction of these interactions [Friston, 2011]. In this context, transfer entropy

is an attractive measure expected to provide much insight into the processes sup-

porting brain activity and the consequent behavior [Vicente et al., 2011, Wollstadt

et al., 2014].

Still, the detection of significant transfer entropy between two neural processes

provides little information about the physiological nature of the interaction [Vi-

cente et al., 2011]. First, we observed in Figure 7.2 that time-resolved TE was

sensitive to noise, a problem that some authors proposed to alleviate by smooth-

ing the estimated TE curve [Gómez-Herrero et al., 2015], although the choice

of smoothing method and parameters is arbitrary and impacts the shape of the

curve. In addition estimated TE values depend monotonically on an arbitrary pa-

rameter of the numerical estimator (number of neighbors k in Equation 7.10),

which entails that non-zero TE values do not necessarily indicate a non-zero in-

formation transfer. Together, these observations suggest that the detection of an

interaction is qualitative and does not inform us on the physiological content of

the exchange. Second, the analysis presented in this chapter ignored any internal

processing or information storage performed individually by the brain regions [Lizier

et al., 2012]. The estimated information transfer therefore only reflects part of the
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mechanism of a neural interaction [Wibral et al., 2014a]. Third, TE is defined in

the strict framework of Shannon’s information theory [Shannon, 1948, Schreiber,

2000] and represents a measure of predictive information transfer [Wibral et al.,

2014b, Lizier et al., 2010]. This interpretation must be differentiated from that

of causality [Lizier and Prokopenko, 2010] and that of coupling strength [Hahs

and Pethel, 2013]. As shown by Ay and Polani [Ay and Polani, 2008], causality

can take other forms than information transfer, and proving a causal effect ulti-

mately demands an experimental intervention on the studied system. Moreover,

the information transfer between two strongly coupled oscillators reaching perfect

synchronization is null because the future of each process can be predicted inde-

pendently from the past of the other [Kaiser and Schreiber, 2002]. Overall, these

remarks point out to the importance of the careful interpretation of the results that

is necessary in order to further explore interactions among neural processes.

In this chapter we restricted our analysis to bivariate interactions. Estimating

TE in order to reconstruct large, multivariate effective brain networks is an NP-

hard problem [Lizier and Rubinov, 2012], although heuristic approximate algorithms

have been proposed [Lizier and Rubinov, 2012,Runge et al., 2012,Montalto et al.,

2014,Novelli et al., 2019,Novelli and Lizier, 2020]. These algorithms require strin-

gent statistical testing and have not been evaluated with the non-stationary TE

estimator used in this work [Wollstadt et al., 2014]. In multivariate settings, higher-

order phenomena must be accounted for such as synergy when multiple sources

collectively transfer information to a target, and redundancy when a source transfers

the same information to multiple targets [Chicharro and Panzeri, 2017,Stramaglia

et al., 2014]. Moreover, the question of how to determine interaction delays among

multiple variables remains open. The presence of multiple feedback loops in the

brain (e.g. in motor control [Scott, 2004]), with different lags, origins and des-

tinations adds to this challenge [Dong et al., 2012]. We obtained in Figure 7.3

several significant delays between the activity in M1 and the contralateral EMG

signal, which illustrates the difficulty of managing interactions delays even in the

bivariate case. Last, the possibility that detected interactions are mediated by un-

observed confounders must not be neglected and can hinder the search of direct

information transfer [Reid et al., 2019]. In sum, estimating multivariate TE in non-

stationary signals faces several computational challenges that limit its application

to the investigation of whole-brain, time-resolved effective connectivity.
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7.4.2 Model-free, but not parameterless

Transfer entropy relies on probability distributions instead of assuming the structure

of the dynamical model generating the data. For this reason, estimating transfer

entropy in finite datasets where probability densities are unknown is challenging [Vi-

cente and Wibral, 2014]. The numerical estimator proposed by Kraskov, Stögbauer

and Grassberger [Kraskov et al., 2004], although data-efficient because it is based

on a nearest-neighbors search, involves several parameters.

The number of neighbors k (Equations 7.8 and 7.10) is arbitrary. The default

value used in standard implementations is k = 4 [Lindner et al., 2011, Wollstadt

et al., 2018, Montalto et al., 2014], although some studies showed that higher

values up to k = 45 produce more accurate estimates [Vicente et al., 2011,Gómez-

Herrero et al., 2015]. Moreover, Vicente et al. [Vicente et al., 2011] showed that

the embedding parameters τ and d (see Methods) are sensitive and can generate

false positives if chosen inadequately. In this chapter we used Ragwitz’s criterion as

a principled method to determine both parameters together [Ragwitz and Kantz,

2002], but alternative approaches exist such as Cao’s criterion [Cao, 1997]. These

parameters (k, τ , d) combined with those related to the preprocessing, denois-

ing and beamforming of neurophysiological data [Gross et al., 2013] are potential

sources of confounds in TE analyses.

An important assumption underlying the application of the non-stationary KSG

estimator (Equation 7.10) is that all repetitions of the signals are temporally per-

fectly aligned [Wollstadt et al., 2014, Gómez-Herrero et al., 2015]. In our experi-

ment, all trials were aligned on the onset of the EMG signal and we assumed that

the cortico-muscular delay investigated was equal across trials and participants,

such that the onset of M1 activity was time-locked. The finding of several signifi-

cant delays (Figure 7.3D) reflects the possibility that this assumption is not verified.

When the maximum temporal deviation among trials is limited to l time steps and

that stationarity can be assumed locally in a time window of size 2l, the state-space

can be reconstructed with a mix of points corresponding to repetitions and to the

time steps included in the time-window. This approach however requires scanning

over the additional parameter l [Wollstadt et al., 2014,Gómez-Herrero et al., 2015].

Alignment methods such as dynamic time warping [Berndt and Clifford, 1994] or

continuous profile modeling [Listgarten et al., 2004] should be investigated in fu-

ture work in order to assess whether they are able to improve the time-locking of

time series while preserving their physiological information content.
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7.4.3 Limitations

Our study has several limitations. First, we relied on external data provided by the

HCP [Van Essen et al., 2013] and had no control over the task protocol. The motor

task consisted of paced finger movements, which allowed participants to anticipate

the visual stimulus. It is possible that the cortico-muscular delay between M1 and

the EMG signal varies between anticipated and unanticipated trials. Second, we

used a custom implementation of the ensemble KSG estimator [Wollstadt et al.,

2014, Gómez-Herrero et al., 2015], which requires further validation. The authors

of [Wollstadt et al., 2014] showed that the robustness of TE estimation in non-

stationary signals increases with the number of repetitions included in the dataset,

at the expense of a prohibitive computational cost requiring specialized GPU imple-

mentations. On a synthetic example, they showed that the modified KSG estimator

identifies the correct interaction delay between two signals when 10,000 repetitions

are used, while experiments using 5000 and 2000 repetitions resulted in an error

of less than 4ms. The limited number of repetitions used in our analysis (2725,

see Methods) promoted a tractable computational cost with our implementation

but might also be a source of estimation bias. Third, we analyzed all signals in

the time domain although the information content of electrophysiological signals

is known to vary across frequency bands [Oostenveld et al., 2011]. Future work

should investigate the transfer entropy estimation in specific frequency bands. For

instance, it has been shown that µ-waves (7.5-12.5 Hz) over the primary motor

cortex are suppressed during the voluntary execution of a movement [Pfurtscheller

et al., 2006].

7.4.4 Conclusion

We investigated and discussed the application of transfer entropy in order to de-

rive time-resolved effective connectivity. We showed its potential on a synthetic

example and applied it to the estimation of the cortico-muscular delay between the

primary motor cortex and the muscles of the hand. We discussed the limitations in

the interpretation of the brain interactions detected via transfer entropy. In sum,

transfer entropy is an attractive and theoretically grounded measure to explore in-

teractions in the human brain, but it does not replace modeling approaches that

are necessary to test hypotheses on the mechanisms driving these interactions.
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8
Conclusion

The study of the human brain has known important advances in recent years with

the increasing amount of high-quality data derived from novel imaging modalities.

Mathematical methods and models are required in order to analyze this data and to

advance our knowledge of the mechanisms underlying healthy or disordered brain

functioning.

In this thesis, we have studied the human brain as a complex system. This

system is characterized by an anatomical network supporting interactions between

remote brain regions. We distinguished two types of networks of the brain. Struc-

tural networks represent anatomical connections under the form of white matter

pathways reconstructed from diffusion-weighted imaging. Functional networks ac-

count for the statistical interdependence between the activity of gray matter ar-

eas recorded with functional imaging, during the execution of a task or at rest.

These two types of networks are distinct and complementary representations of

the complex system that is the brain, and understanding their relationship is an

important goal of network neuroscience. In addition, functional networks enclose

an individual-specific fingerprint and data-driven methods allow us to enhance it

in order to focus on the individual-level properties of functional connectivity. Last,

while simple correlation-based measures form a useful tool to estimate functional

interactions in the brain, more advanced measures are expected to provide much

insight into the timing and direction of these interactions.

Summary of the contributions

In Chapter 3, we used structural and functional connectivity as features in a ma-

chine learning framework in order to classify schizophrenic patients from healthy

controls. Due to the high dimensionality of feature vectors, we applied a multi-

variate feature selection method in order to identify the most discriminative brain

connections. Our analysis allowed us to identify a set brain regions affected in

schizophrenia that partially overlaps with previous studies. Moreover, the results
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showed that a mix of structural and functional features led to the best trade-off

between classification accuracy and feature selection stability. This motivated us

to further explore the relationship between structure and function in brain networks.

In Chapter 4, we proposed to model functional connectivity as the state-

covariance matrix of a diffusion dynamics unfolding on the anatomical network.

This framework requires the definition of control regions (or input nodes) driving

the dynamics. We showed that control regions associated with a specific functional

state were identifiable. The state-specific sets of control regions that we identified

partially overlapped, with the recurring presence of several subcortical regions. We

provided a numerical assessment of the identified control regions and suggested

that our model, structure-informed functional connectivity, can guide future stud-

ies investigating control mechanisms in particular brain conditions.

In Chapter 5, we illustrated such an application on two datasets. First, we

identified control regions in the same dataset of schizophrenic patients and healthy

controls as in Chapter 3. We used these regions as features to classify patients and

controls instead of the high-dimensional feature vectors of structural and functional

connectivity values used previously. We obtained comparable classification perfor-

mance and discriminative control regions showed a correspondence with previously

reported areas affected in schizophrenia. As a second application, we identified

control regions in a dataset of expert meditation practitioners. Because meditation

has been linked to several health benefits, active research seeks to understand the

mechanisms supporting the meditative state. We used control regions as features

to classify meditation from resting-state and obtained a list of discriminative re-

gions potentially involved in the control of sustained meditation. These results

provided further numerical evidence that control regions identified via structure-

informed functional connectivity form a meaningful description of brain states.

In Chapter 6, we focused on the individual-level study of brain connectivity.

Enhancing individual-specific properties of brain networks is a necessary step for

a refined analysis of the link between brain and behavior, as well as for improved

and personalized diagnostic and treatment of brain disorders. Functional connecti-

vity in particular has been shown to contain a fingerprint that one can extract with

data-driven methods. We proposed to normalize functional networks by their degree

sequence before extracting fingerprints, in order to modulate the excessive influence

of common hubs in the networks. The results showed that degree-normalization

improves the contrast between individuals and therefore the quality of retrieved fin-

gerprints. This suggests that degree-normalization is beneficial for future research
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investigating brain networks at the individual-level.

In Chapter 7, we investigated an alternative approach for measuring functional

interactions. Because the exchange of information in the brain is directed and varies

with time, we proposed to quantify effective and time-resolved connectivity using

an information-theoretic measure called transfer entropy. We showed on a syn-

thetic example that transfer entropy was able to capture non-linear, non-stationary

and delayed interactions between two variables. Then we turned to the problem

of estimating the information transfer delay between the brain and the hand mus-

cles during the execution of a movement, using MEG data. We identified several

significant delays and argued that transfer entropy does not provide information

on the physiological nature of the detected interactions, which can restrict our

interpretation and its application to the reconstruction of larger networks.

Perspectives

Our contributions open perspectives for investigations that were not covered in this

thesis. Future studies should apply the structure-informed functional connectivity

model (Chapter 4) to individual-level data where functional networks have been

optimally reconstructed in order to enhance their fingerprint (Chapter 6). One

could quantify the variations in the identified set of control regions due to the fin-

gerprint extraction, and investigate the link between task-specific control regions

and behavior. In turn, future work should investigate to which extent control re-

gions are individual-specific with respect to the brain parcellation that is used. The

possibility of deriving brain fingerprints from identified control regions instead of

or along with functional connectivity values should also be tested.

Chapter 7 illustrated the challenge of applying model-free measures to explore

functional interactions in the brain. At the same time, we showed in Chapters 3, 4

and 5 that structure and function were complementary components in the study of

brain connectivity. Future work should evaluate the possibility to include anatom-

ical information in the exploration of functional interactions, without necessarily

biasing the search towards brain regions that are strongly anatomically connected.

Moreover, estimating the directed information transfer (Chapter 7) from identified

control regions to the others (Chapter 4) could provide further insights about their

involvement in supporting specific functional states.

Future investigations could also leverage biological information that was ignored

in the brain networks studied in this thesis. Indeed, we considered structural net-
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works where nodes were brain regions and edges were weighted by the number of

white matter streamlines reconstructed by tractography (see Section 2.2). First in

the abstraction from brain regions to nodes in a network, we lost information such

as their geometrical location with respect to each other, their cortical thickness

and surface, and we considered them as passive ‘relays’ rather than units capable

of internal processing. Second, alternative weightings of white matter streamlines

exist in order to define edges in a brain network. For instance streamline length,

average fractional anisotropy and apparent diffusion coefficient all provide comple-

mentary information on the anatomical connections of the brain. Recent advances

in diffusion-weighted MRI have enabled a more detailed description of microstruc-

tural properties of white matter streamlines [Rensonnet et al., 2019]. Advanced

network models such as attributed or multilayers networks [Boccaletti et al., 2014]

could leverage these pieces of information in order to build more biologically rep-

resentative brain networks.

Network neuroscience has developed thanks to the progress made in neuroimag-

ing. Various imaging modalities with ever increasing spatial and temporal resolu-

tions continue to provide detailed information on the brain structure and function.

However, this variety comes with an heterogeneity in the acquisition parameters

and processing steps involved in the construction of a brain network. An example

illustrated in Chapter 2 is that of the choice of a brain parcellation to define the

nodes of the networks. In this thesis, we used datasets of different origins and ob-

tained with different acquisition parameters, processing pipelines and parcellations.

This diversity makes it difficult to reproduce and compare results across studies.

This issue could be addressed with the development of standardized pipelines im-

plementing state-of-the-art processing methods and parcellations, and maintained

collectively by the community. Such initiatives have recently appeared for the pro-

cessing of fMRI [Esteban et al., 2019] and dMRI [Cieslak et al., 2020] data. We are

thus confident that future network neuroscience studies will gain in reproducibility

regarding data processing.

To conclude, we presented in this thesis methods and results combining several

research fields in order to study the brain. We focused on the role of controllability

in relating structure and function, on the importance of individual variability in

brain data and on the challenge of exploring neural interactions. Altogether, we

hope that the present work will support future research aiming at improving our

understanding of the complex and fascinating organ that is the human brain.
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japandian, M., Harezlak, J., Ances, B. M., and Goñi, J. (2020a). Geff: Graph embedding for functional

fingerprinting. NeuroImage, 221:117181.

[Abbas et al., 2020b] Abbas, K., Liu, M., Venkatesh, M., Amico, E., Kaplan, A. D., Ventresca, M., Pessoa,
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[Bühlmann and Van De Geer, 2011] Bühlmann, P. and Van De Geer, S. (2011). Statistics for high-dimensional

data: methods, theory and applications. Springer Science & Business Media.

[Bullmore and Sporns, 2009] Bullmore, E. and Sporns, O. (2009). Complex brain networks: graph theoretical

analysis of structural and functional systems. Nature reviews neuroscience, 10(3):186–198.

[Bullmore and Sporns, 2012] Bullmore, E. and Sporns, O. (2012). The economy of brain network organization.

Nature Reviews Neuroscience, 13(5):336–349.

[Byrge and Kennedy, 2019] Byrge, L. and Kennedy, D. P. (2019). High-accuracy individual identification using

a ‘thin slice’ of the functional connectome. Network Neuroscience, 3(2):363–383.

[Cahn and Polich, 2006] Cahn, B. R. and Polich, J. (2006). Meditation states and traits: Eeg, erp, and

neuroimaging studies. Psychological bulletin, 132(2):180.

[Cammoun et al., 2012] Cammoun, L., Gigandet, X., Meskaldji, D., Thiran, J. P., Sporns, O., Do, K. Q.,

Maeder, P., Meuli, R., and Hagmann, P. (2012). Mapping the human connectome at multiple scales with

diffusion spectrum mri. Journal of neuroscience methods, 203(2):386–397.

[Cao, 1997] Cao, L. (1997). Practical method for determining the minimum embedding dimension of a scalar

time series. Physica D: Nonlinear Phenomena, 110(1-2):43–50.

[Chicharro and Panzeri, 2017] Chicharro, D. and Panzeri, S. (2017). Synergy and redundancy in dual decom-

positions of mutual information gain and information loss. Entropy, 19(2):71.

[Chiêm et al., 2018] Chiêm, B., Crevecoeur, F., and Delvenne, J.-C. (2018). Supervised classification of struc-

tural brain networks reveals gender differences. In 2018 19th IEEE Mediterranean Electrotechnical Conference

(MELECON), pages 269–274. IEEE.



148 BIBLIOGRAPHY

[Cieslak et al., 2020] Cieslak, M., Cook, P. A., He, X., Yeh, F.-C., Dhollander, T., Adebimpe, A., Aguirre,

G. K., Bassett, D. S., Betzel, R. F., Bourque, J., et al. (2020). Qsiprep: An integrative platform for

preprocessing and reconstructing diffusion mri. bioRxiv.

[Cocchi et al., 2014] Cocchi, L., Harding, I. H., Lord, A., Pantelis, C., Yucel, M., and Zalesky, A. (2014).

Disruption of structure–function coupling in the schizophrenia connectome. NeuroImage: Clinical, 4:779–

787.

[Cole et al., 2014] Cole, M. W., Bassett, D. S., Power, J. D., Braver, T. S., and Petersen, S. E. (2014).

Intrinsic and task-evoked network architectures of the human brain. Neuron, 83(1):238–251.

[Cole et al., 2013] Cole, M. W., Reynolds, J. R., Power, J. D., Repovs, G., Anticevic, A., and Braver,

T. S. (2013). Multi-task connectivity reveals flexible hubs for adaptive task control. Nature neuroscience,

16(9):1348.

[Combrisson and Jerbi, 2015] Combrisson, E. and Jerbi, K. (2015). Exceeding chance level by chance: The

caveat of theoretical chance levels in brain signal classification and statistical assessment of decoding accu-

racy. Journal of neuroscience methods, 250:126–136.

[Cortes and Vapnik, 1995] Cortes, C. and Vapnik, V. (1995). Support-vector networks. Machine learning,

20(3):273–297.

[Crofts and Higham, 2009] Crofts, J. J. and Higham, D. J. (2009). A weighted communicability measure

applied to complex brain networks. Journal of the Royal Society Interface, 6(33):411–414.

[Daducci et al., 2012] Daducci, A., Gerhard, S., Griffa, A., Lemkaddem, A., Cammoun, L., Gigandet, X.,

Meuli, R., Hagmann, P., and Thiran, J.-P. (2012). The connectome mapper: an open-source processing

pipeline to map connectomes with mri. PloS one, 7(12):e48121.

[De Martino et al., 2008] De Martino, F., Valente, G., Staeren, N., Ashburner, J., Goebel, R., and Formisano,

E. (2008). Combining multivariate voxel selection and support vector machines for mapping and classification

of fmri spatial patterns. Neuroimage, 43(1):44–58.

[Deco et al., 2011] Deco, G., Jirsa, V. K., and McIntosh, A. R. (2011). Emerging concepts for the dynamical

organization of resting-state activity in the brain. Nature Reviews Neuroscience, 12(1):43–56.

[Delgado et al., 2000] Delgado, M. R., Nystrom, L. E., Fissell, C., Noll, D., and Fiez, J. A. (2000). Tracking the

hemodynamic responses to reward and punishment in the striatum. Journal of neurophysiology, 84(6):3072–

3077.

[Desikan et al., 2006] Desikan, R. S., Ségonne, F., Fischl, B., Quinn, B. T., Dickerson, B. C., Blacker, D.,

Buckner, R. L., Dale, A. M., Maguire, R. P., Hyman, B. T., et al. (2006). An automated labeling system

for subdividing the human cerebral cortex on mri scans into gyral based regions of interest. Neuroimage,

31(3):968–980.

[Destrieux et al., 2010] Destrieux, C., Fischl, B., Dale, A., and Halgren, E. (2010). Automatic parcellation of

human cortical gyri and sulci using standard anatomical nomenclature. Neuroimage, 53(1):1–15.

[Dhollander and Connelly, 2016] Dhollander, T. and Connelly, A. (2016). A novel iterative approach to reap

the benefits of multi-tissue csd from just single-shell (+ b= 0) diffusion mri data. In Proc ISMRM, volume 24,

page 3010.

[Dhollander et al., 2016] Dhollander, T., Raffelt, D., and Connelly, A. (2016). Unsupervised 3-tissue response

function estimation from single-shell or multi-shell diffusion mr data without a co-registered t1 image. In

ISMRM Workshop on Breaking the Barriers of Diffusion MRI, volume 5, page 5.

[Diedrichsen et al., 2011] Diedrichsen, J., Maderwald, S., Küper, M., Thürling, M., Rabe, K., Gizewski, E.,
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[Gutiérrez-Gómez et al., 2020] Gutiérrez-Gómez, L., Vohryzek, J., Chiêm, B., Baumann, P. S., Conus, P.,

Do Cuenod, K., Hagmann, P., and Delvenne, J.-C. (2020). Stable biomarker identification for predicting

schizophrenia in the human connectome. NeuroImage: Clinical, 27:102316.

[Guyon et al., 2002] Guyon, I., Weston, J., Barnhill, S., and Vapnik, V. (2002). Gene selection for cancer

classification using support vector machines. Machine learning, 46(1):389–422.

[Hagmann et al., 2008] Hagmann, P., Cammoun, L., Gigandet, X., Meuli, R., Honey, C. J., Wedeen, V. J.,

and Sporns, O. (2008). Mapping the structural core of human cerebral cortex. PLoS Biol, 6(7):e159.

[Hahs and Pethel, 2013] Hahs, D. W. and Pethel, S. D. (2013). Transfer entropy for coupled autoregressive

processes. Entropy, 15(3):767–788.

[Hiemstra and Jones, 1994] Hiemstra, C. and Jones, J. D. (1994). Testing for linear and nonlinear granger

causality in the stock price-volume relation. The Journal of Finance, 49(5):1639–1664.
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[Liégeois et al., 2020] Liégeois, R., Santos, A., Matta, V., Van De Ville, D., and Sayed, A. H. (2020). Re-

visiting correlation-based functional connectivity and its relationship with structural connectivity. Network

Neuroscience, pages 1–17.

[Lindner et al., 2011] Lindner, M., Vicente, R., Priesemann, V., and Wibral, M. (2011). Trentool: A matlab

open source toolbox to analyse information flow in time series data with transfer entropy. BMC neuroscience,

12(1):1–22.

[Listgarten et al., 2004] Listgarten, J., Neal, R., Roweis, S., and Emili, A. (2004). Multiple alignment of

continuous time series. Advances in neural information processing systems, 17:817–824.

[Liu et al., 2018] Liu, J., Liao, X., Xia, M., and He, Y. (2018). Chronnectome fingerprinting: identifying

individuals and predicting higher cognitive functions using dynamic brain connectivity patterns. Human

brain mapping, 39(2):902–915.

[Liu et al., 2011] Liu, Y.-Y., Slotine, J.-J., and Barabási, A.-L. (2011). Controllability of complex networks.

nature, 473(7346):167–173.

[Lizier and Rubinov, 2012] Lizier, J. and Rubinov, M. (2012). Multivariate construction of effective compu-

tational networks from observational data. Preprints of the Max Planck Institute for Mathematics in the

Sciences.

[Lizier and Prokopenko, 2010] Lizier, J. T. and Prokopenko, M. (2010). Differentiating information transfer

and causal effect. The European Physical Journal B, 73(4):605–615.

[Lizier et al., 2010] Lizier, J. T., Prokopenko, M., and Zomaya, A. Y. (2010). Information modification and

particle collisions in distributed computation. Chaos: An Interdisciplinary Journal of Nonlinear Science,

20(3):037109.

[Lizier et al., 2012] Lizier, J. T., Prokopenko, M., and Zomaya, A. Y. (2012). Local measures of information

storage in complex distributed computation. Information Sciences, 208:39–54.

[Luders et al., 2009] Luders, E., Toga, A. W., Lepore, N., and Gaser, C. (2009). The underlying anatomical

correlates of long-term meditation: larger hippocampal and frontal volumes of gray matter. Neuroimage,

45(3):672–678.

[Lurie et al., 2020] Lurie, D. J., Kessler, D., Bassett, D. S., Betzel, R. F., Breakspear, M., Kheilholz, S., Kucyi,
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A
Supplementary Material of Chapter 4

A.1 Supplementary Notes

A.1.1 Linear models to map structure and function in brain

networks

We use a linear time-invariant model of the form

x(k + 1) = Ax(k) + Bu(k) (A.1)

where x(k) describes the level of neurophysiological activity at time k in each

node of a brain network. The model parameters are the system matrix A, the

input matrix B and the input signals u.

Roberto Galán proposed such a model based on the linearization and discretiza-

tion of a general Wilson-Cowan model [Galán, 2008]. The author obtained A as a

linear transformation of the structural connectivity matrix (i.e. the connectome),

fixed B as the identity matrix, modelled u as white noise signals and derived an

analytical expression of the state-covariance matrix of the nodal dynamics. This

model was further explored by Honey and colleagues [Honey et al., 2009]. Based

on this work, Gu et al. leveraged the established theory of linear systems to inves-

tigate the controllability of brain networks [Gu et al., 2015]. By choosing B as the

i-th canonical vector, they derived quantitative control properties of each node i

through the computation of the controllability Gramian. Later, Gu et al. focused

on optimal trajectories of brain state transitions [Gu et al., 2017] and computed the

input signals u minimizing the energy for the transitions between predefined brain

states. For that, they took a hypothesis-driven approach and fixed the input matrix

B based on a priori knowledge. The authors pointed out to the theoretical and

empirical motivations of considering a set of control regions (multipoint control)

instead of a single input node. However, the question of how to identify the control

set associated with a given brain state from empirical data remains challenging.

In parallel, recent studies investigated how information propagates in the white

matter wiring in order to generate the observed patterns of functional activity

163
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[Avena-Koenigsberger et al., 2018]. A spectrum of communication strategies have

been investigated [Avena-Koenigsberger et al., 2019] among which several models

based on information diffusion [Abdelnour et al., 2014, Goñi et al., 2014, Mǐsić

et al., 2015, Bettinardi et al., 2017]. These models account for the autonomous

dynamics of System A.1 through modifications of the system matrix A [Lambiotte

et al., 2011] in the absence of external stimulation (B = 0).

Here, we propose a principled method to identify state-specific sets of control

regions from empirical data. For that, we use System A.1 in which A describes a

Laplacian diffusion dynamics [Abdelnour et al., 2014] although the general frame-

work is valid for other dynamics. We derive a model of correlation-based functional

connectivity that is linked to the controllability Gramian and find the input matrix

B such that the similarity between modelled and empirical functional connectivity

is maximized, assuming white driving noise signals u.

A.1.2 Structural connectivity weighting

In our analysis, we weighted the structural connection between two regions of

the connectome as the number of streamlines reconstructed by the tractography

algorithm between both regions, normalized by the volume of the regions. This

process has been proposed by Hagmann and colleagues [Hagmann et al., 2008] in

order to mitigate the bias due to the variable size of ROIs, larger ROIs receiving

more reconstructed streamlines. In Supplementary Figure A.2.2, we observe that

some regions such as the cerebellum are particularly affected by this normalization.

Alternative weightings of structural connections exist in the literature, related to

the length of reconstructed streamlines, their fractional anisotropy or the apparent

diffusion coefficient for instance. Choosing the edges weighting scheme remains an

open question in diffusion MRI connectomics [Oldham et al., 2020] and our results

should be interpreted with respect to this choice as the nodal strength has been

shown to be linked to the chance of a ROI to be selected as an input node.

A.1.3 Impact of Global Signal Regression

Global Signal Regression (GSR) is a highly debated preprocessing operation [Mur-

phy and Fox, 2017, Power et al., 2017, Glasser et al., 2018, Aquino et al., 2020]

because the global signal is thought to include components of both neuronal and

non-neuronal origin. Here, we can anticipate that GSR will have a negative impact

on the correlation score between structure-informed and empirical functional con-

nectivity. On the one hand, the solution Σ of the Lyapunov equation used in our
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our model is written

Σ =

∞∑

i=0

AiBBT (AT )i (A.2)

and cannot have negative entries with our choice for A and B. On the other hand,

GSR has been shown to introduce negative correlations in empirical FC [Murphy

et al., 2009]. Therefore, our model is expected to show lower performance when

GSR is applied to the fMRI data, because it cannot predict the negative correlations

that are introduced. To illustrate this, we reproduced Figures 2A, 2B, 3A and 3B

of the manuscript using fMRI data that underwent GSR. In Supplementary Figure

A.2.13A, we observe that correlation scores are indeed lower for all states, with

the relational processing task being the most affected. Compared to the results

of the main text, less control ROIs are selected for all states except the resting-

state (Supplementary Figure A.2.13B). Our previous observation that subcortical

areas are consistently selected across states remains valid (Supplementary Figure

A.2.13C and D for the motor task and the resting-state respectively ; result not

shown for the other tasks).

A.1.4 Structure-function correlation in open and closed sub-

systems

In order to compute the structure-function correlation score for a subsystem, one

can consider two options : (i) comparing the edges with both extremities belonging

to the subsystem (‘closed’ subsystem) or (ii) comparing the edges with at least one

extremity belonging to the subsystem (‘open’ subsystem). The first option ignores

all edges linking two subsystems while the second includes these edges in the com-

putation of the correlation score for both subsystems. In the manuscript, Figure

3D is obtained with open subsystems and shows a gradient of structure-function

coupling in resting-state, from high correlation in primary sensory areas to low

correlation in regions associated with higher-order cognitive functions [Vázquez-

Rodŕıguez et al., 2019]. In Supplementary Figure A.2.8, we show the result of

the same analysis with closed subsystems. This result is similar to that reported

by Tipnis et al. [Tipnis et al., 2018], and the gradient observed in resting-state is

different from that of the manuscript. We also observe that the visual subsystem

is the most affected by taking into account the edges linking different subsys-

tems, indicating that the connections between visual areas and other systems show

a closer structure-function relationship, compared to intrinsic connections of the

visual subsystems.
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A.1.5 Expected value of Jaccard index

To derive the expected value of the Jaccard index J , we consider a set of N

elements from which we draw two subsets S1 and S2 having the same cardinality

m and whose elements are chosen uniformly at random. We denote the number

of common elements between S1 and S2 as |S1 ∩ S2| = k. The corresponding

Jaccard index is

J(S1,S2) =
k

2m− k

Now, the probability that the number of common elements is exactly k is

P (|S1 ∩ S2| = k) =

(
m
k

)(
N−m
m−k

)
(
N
m

)

since we have
(
N
m

)
choices for the elements of S1 and

(
m
k

)(
N−m
m−k

)
choices left for

the elements of S2. Therefore, the expected value of Jaccard index between two

random sets of size m drawn from N elements is

E{J(S1,S2)} =

m∑

k=0

(
m
k

)(
N−m
m−k

)
(
N
m

) k

2m− k

For N = 164 and m = 40 (see Figure 4.2), we obtain E{J} ≈ 0.1389.

A.2 Supplementary Figures
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Figure A.2.1: Group-level connectome. A) Adjacency matrix (Destrieux parcella-
tion, 164 ROIs including subcorticals and cerebellum, streamline density weighting).
LH: Left hemisphere. RH: Right hemisphere. B) Bar plot of the corresponding
nodal strengths.
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Figure A.2.2: Bar plot of the nodal strengths in the connectome reconstructed
using the streamline count weighting. Blue: cortical ROIS. Purple: subcorticals.
Green: cerebellum.
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Figure A.2.3: Histogram of ROIs selections (over 30 optimization runs) for the
motor task, with no constraint on the number of input nodes allowed (U = N).



A.2. Supplementary Figures 169

A)

B)

C)

D)

E)

F)

G)

H)

0 40 80 120 160

Number of input nodes allowed

0

40

80

120

160

S
iz

e
 o

f 
c

o
n

s
e

n
s

u
s

 i
n

p
u

t 
s

e
t

Threshold : 10/30

0 40 80 120 160

Number of input nodes allowed

0

40

80

120

160

S
iz

e
 o

f 
c

o
n

s
e

n
s

u
s

 i
n

p
u

t 
s

e
t

Threshold : 15/30

0 40 80 120 160

Number of input nodes allowed

0

40

80

120

160

S
iz

e
 o

f 
c

o
n

s
e

n
s

u
s

 i
n

p
u

t 
s

e
t

Threshold : 20/30

0 40 80 120 160

Number of input nodes allowed

0

40

80

120

160

S
iz

e
 o

f 
c

o
n

s
e

n
s

u
s

 i
n

p
u

t 
s

e
t

Threshold : 30/30

0 40 80 120 160

Number of input nodes allowed

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

C
o

rr
e

la
ti

o
n

 s
c

o
re

Threshold : 10/30

EMOTION
GAMBLING
LANGUAGE
MOTOR

RELATIONAL
REST
SOCIAL
WM

0 40 80 120 160

Number of input nodes allowed

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

C
o

rr
e

la
ti

o
n

 s
c

o
re

Threshold : 15/30

0 40 80 120 160

Number of input nodes allowed

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

C
o

rr
e

la
ti

o
n

 s
c

o
re

Threshold : 20/30

0 40 80 120 160

Number of input nodes allowed

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

C
o

rr
e

la
ti

o
n

 s
c

o
re

Threshold : 30/30

Figure A.2.4: Robustness with respect to consensus input set thresholds.
A) (resp. B, C, D) Correlation score between structure-informed and empirical
functional connectivity with respect to the number of input nodes allowed U (group-
level). FSI is obtained using the consensus input set formed by ROIs selected at
least 10 (resp. 15, 20, 30) times over 30 optimization runs. E) (resp. F, G, H)
Size of the corresponding consensus input set with respect to the number of input
nodes allowed U (group-level). The gray line denotes the identity function y = x.
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Figure A.2.5: Correlation score between structure-informed and empirical func-
tional connectivity with respect to the number of input nodes allowed U ∈
{5, 25, 45, 65, 85, 105, 125, 145}, for 20 randomly selected individuals. Left: motor
task. Right: resting-state. The consensus input set is defined as the set of ROIs
selected at least 25 times over 30 optimization runs.
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Figure A.2.6: Size of the consensus input set with respect to the number of input
nodes allowed U ∈ {5, 25, 45, 65, 85, 105, 125, 145}, for 20 randomly selected indi-
viduals. Left: motor task. Right: resting-state. The consensus input set is defined
as the set of ROIs selected at least 25 times over 30 optimization runs.
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Figure A.2.7: Analysis across functional subsystems (group-level). Evolution of the
number of selections (from 0-white, to 30-red) of each Region of Interest (ROI)
with respect to the number of input nodes allowed U for different tasks (MOTOR
and REST are presented in the main manuscript). ROIs are arranged according
to the functional subsystems described by Yeo and colleagues. The cerebellum is
included in the ”subcorticals” subsystem for visualisation and corresponds to the
last two lines (left and right hemispheres)
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Figure A.2.9: Robustness analysis. Evolution of the correlation between structure-
informed FSI and empirical functional connectivity Femp as a function of the
number of ROIs removed from the consensus input set. Dashed lines represent the
three baselines, i.e. the correlation between Femp and (i) the adjacency matrix of
the connectome, (ii) FSI based on a re-labelled connectome and (iii) FSI obtained
with a random input set. We consider 50 random removal orderings.
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Figure A.2.10: Robustness analysis. Evolution of the correlation between structure-
informed FSI and empirical functional connectivity Femp as a function of the
number of ROIs removed from the consensus input set. Dashed lines represent the
three baselines, i.e. the correlation between Femp and (i) the adjacency matrix of
the connectome, (ii) FSI based on a re-labelled connectome and (iii) FSI obtained
with a random input set. The removal ordering is fixed either by increasing weighted
degree or decreasing model controllability.
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Figure A.2.11: Effect of brain parcellation. A, B, C and D respectively reproduce
the results presented in Figures 2A, 2B, 3A and 3B of the main text (motor task
and resting-state only), when using the Desikan-Killiany atlas (84 ROIs).
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Figure A.2.12: Comparison of structural connectivity (SC) values of the group-level
connectomes derived from 105- and 106-streamlines-tractograms, with respect to
that of the connectome used in the main analysis (107 streamlines).
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Figure A.2.13: Effect of Global Signal Regression on the main results. A, B,
C and D respectively reproduce the results presented in Figures 2A, 2B, 3A and 3B
of the main text, when regressing out the global signal from the functional data.
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Figure A.2.15: Jaccard index between the consensus input set (threshold: 25 selec-
tions over 30 runs) obtained with β = 0.72 and the consensus input sets obtained
when varying β.
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A.3 Supplementary Tables

Table A.3.1: Comparison between three linear dynamics : the normalized Laplacian
diffusion dynamics used in the main manuscript (DIFF), the dynamics defined by
fixing the transition matrix A to the adjacency matrix of the connectome (ADJ) and
the random-walk Laplacian diffusion dynamics (RW). In all cases, we performed
100 runs of the optimization algorithm, with U = N . The Jaccard index J is
computed between the consensus input sets (≥ 90 selections).

EMO GAM LAN MOT REL REST SOC WM

Mean correlation score : DIFF 0.66 0.67 0.68 0.7 0.65 0.54 0.63 0.68

Mean correlation score : ADJ 0.7 0.7 0.69 0.71 0.7 0.62 0.68 0.69

Mean correlation score : RW 0.67 0.68 0.68 0.7 0.66 0.56 0.65 0.68

J(DIFF,ADJ) 0.92 0.88 0.88 0.87 0.92 0.86 0.77 0.93

J(DIFF,RW) 0.96 0.94 0.93 0.91 0.99 0.94 0.96 0.97
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Table A.3.2: ROI-by-ROI numerical results coming along with Figures 4 and 5 of
the main manuscript.ROIs that are consistently selected at least 90 times over 100
runs for all functional states are highlighted in blue.

ID

H
em

is
ph

er
e

Region of Interest

EM
O

TI
O

N

G
A

M
B

LI
N

G

LA
N

G
U

A
G

E

M
O

TO
R

R
EL

AT
IO

N
A

L

R
ES

T

SO
C

IA
L

W
M

Ye
o 

Sy
st

em

1 Left Fronto-marginal gyrus and sulcus 5 2 0 0 3 99 5 0 DMN

2 Left Inferior occipital gyrus and sulcus 0 0 0 0 0 0 0 0 VIS

3 Left Paracentral lobule and sulcus 92 99 97 97 99 11 90 97 SOM

4 Left Subcentral gyrus (central operculum) and sulci 0 0 0 0 0 0 1 0 SOM

5 Left Transverse frontopolar gyri and sulci 97 28 0 53 86 100 100 2 DMN

6 Left Anterior part of the cingulate gyrus and sulcus 
(ACC) 1 0 0 2 8 97 2 0 DMN

7 Left Middle-anterior part of the cingulate gyrus and 
sulcus (aMCC) 1 1 0 0 0 2 3 0 VA

8 Left Middle-posterior part of the cingulate gyrus and 
sulcus (pMCC) 1 3 1 0 5 0 1 0 SOM

9 Left Posterior-dorsal part of the cingulate gyrus (dPCC) 100 97 10 85 100 97 100 53 DMN

10 Left Posterior-ventral part of the cingulate gyrus (vPCC) 100 100 100 100 99 96 100 100 DMN

11 Left Cuneus 0 0 0 0 0 0 4 0 VIS

12 Left Opercular part of the inferior frontal gyrus 0 0 0 0 0 0 0 0 VA

13 Left Orbital part of the inferior frontal gyrus 97 86 80 84 75 99 26 54 DMN

14 Left Triangular part of the inferior frontal gyrus 1 0 0 2 0 17 0 0 DMN

15 Left Middle frontal gyrus 0 0 0 0 0 0 0 0 FP

16 Left Superior frontal gyrus 0 0 0 0 0 0 0 0 DMN

17 Left Long insular gyrus and central sulcus of the insula 100 100 86 98 100 2 100 100 VA

18 Left Short insular gyri 9 6 1 2 8 5 22 2 VA

19 Left Middle occipital gyrus 0 0 0 0 0 0 0 0 VIS

20 Left Superior occipital gyrus 0 0 0 0 0 0 0 0 VIS

21 Left Lateral occipito-temporal gyrus 0 0 0 1 0 0 0 0 VIS

22 Left Lingual gyrus, ligual part of the medial occipito-
temporal gyrus 0 0 0 0 0 0 0 0 VIS

23 Left Parahippocampal gyrus, parahippocampal part of 
the medial occipito-temporal gyrus 100 100 100 99 100 98 100 99 SUB

24 Left Orbital gyri 11 5 0 9 3 97 2 3 LIM

25 Left Angular Gyri 0 1 0 0 0 39 0 0 DMN

26 Left Supramarginal gyrus 0 0 0 0 0 1 0 0 VA

27 Left Superior parietal lobule 0 0 0 0 0 0 0 0 DA

28 Left Postcentral gyrus 0 0 0 0 0 0 0 0 SOM

29 Left Precentral gyrus 0 0 0 0 0 0 0 0 SOM

30 Left Precuneus 0 0 0 1 0 4 0 0 DMN

31 Left Straight gyrus 100 100 100 100 100 100 100 100 LIM

32 Left Subcallosal area 100 100 100 100 100 100 100 100 SUB

Number of selections by task



A.3. Supplementary Tables 181

ID

H
em

is
ph

er
e

Region of Interest

EM
O

TI
O

N

G
A

M
B

LI
N

G

LA
N

G
U

A
G

E

M
O

TO
R

R
EL

AT
IO

N
A

L

R
ES

T

SO
C

IA
L

W
M

Ye
o 

Sy
st

em

33 Left Anterior transverse temporal gyrus 23 18 37 4 32 0 19 19 SOM

34 Left Lateral aspect of the superior temporal gyrus 1 1 8 1 0 0 0 0 SOM

35 Left Planum polare of the superior temporal gyrus 99 100 100 100 100 71 100 99 LIM

36 Left Planum temporale or temporal plane of the superior 
temporal gyrus 0 1 0 0 2 0 0 0 VA

37 Left Inferior temporal gyrus 0 0 0 1 0 22 0 0 LIM

38 Left Middle temporal gyrus 0 0 0 0 0 4 0 0 DMN

39 Left Horizontal ramus of the anterior segment of the 
lateral sulcus 64 29 26 21 25 97 10 15 DMN

40 Left Vertical ramus of the anterior segment of the lateral 
sulcus 36 15 6 11 9 99 8 3 DMN

41 Left Posterior ramus of the lateral sulcus 1 1 0 0 3 0 0 1 SOM

42 Left Occipital pole 0 0 5 7 0 100 0 0 VIS

43 Left Temporal pole 100 100 100 100 100 99 84 76 LIM

44 Left Calcarine sulcus 0 0 0 0 0 0 0 0 VIS

45 Left Central sulcus 0 0 0 0 0 0 0 0 SOM

46 Left Marginal branch of the cingulate sulcus 1 0 0 1 3 0 0 2 VA

47 Left Anterior segment of the circular sulcus of the insula 99 94 7 88 89 100 98 77 DMN

48 Left Inferior segment of the circular sulcus of the insula 3 16 3 1 13 0 14 3 VA

49 Left Superior segment of the circular sulcus of the insula 1 1 0 0 0 0 1 0 VA

50 Left Anterior transverse collateral sulcus 100 100 100 100 50 100 50 100 LIM

51 Left Posterior transverse collateral sulcus 0 3 85 82 0 0 0 68 VIS

52 Left Inferior frontal sulcus 0 0 0 0 0 0 0 0 FP

53 Left Middle frontal sulcus 0 0 0 0 0 65 0 0 FP

54 Left Superior frontal sulcus 0 0 0 0 0 20 0 0 DMN

55 Left Sulcus intermedius primus 99 84 3 4 95 99 34 0 DMN

56 Left Intraparietal sulcus and transverse parietal sulci 0 0 0 0 0 0 0 0 DA

57 Left Middle occipital sulcus and lunatus sulcus 0 0 0 0 0 0 0 0 VIS

58 Left Superior occipital sulcus and transverse occipital 
sulcus 0 0 0 0 0 0 0 0 VIS

59 Left Anterior occipital sulcus and preoccipital notch 0 0 1 1 0 0 0 0 VIS

60 Left Lateral occipito-temporal sulcus 1 0 1 0 0 0 0 0 DA

61 Left Medial occipito-temporal sulcus and lingual sulcus 1 2 13 8 0 0 0 1 VIS

62 Left Lateral orbital sulcus 6 2 0 2 0 100 2 0 FP

63 Left Medial orbital sulcus 100 100 100 100 100 100 100 100 LIM

64 Left Orbital sulci 26 3 1 62 67 100 94 9 FP

65 Left Parieto-occipital sulcus 0 0 0 0 0 0 83 0 VIS

66 Left Pericallosal sulcus 100 100 95 100 100 100 100 98 DMN
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67 Left Postcentral sulcus 0 0 0 0 0 0 0 0 DA

68 Left Inferior part of the precentral sulcus 0 1 0 0 0 1 0 0 DA

69 Left Superior part of the precentral sulcus 0 0 0 0 0 0 0 0 DA

70 Left Suborbital sulcus 100 99 100 100 100 100 100 98 LIM

71 Left Subparietal sulcus 28 28 6 11 64 18 7 8 DMN

72 Left Inferior temporal sulcus 0 0 0 0 0 12 0 0 DMN

73 Left Superior temporal sulcus 0 0 2 0 0 4 0 0 DMN

74 Left Transverse temporal sulcus 66 81 67 8 79 0 71 44 SOM

75 Left Cerebellum 0 0 0 0 0 61 0 2 CER

76 Left Thalamus 100 100 100 95 100 99 99 100 SUB

77 Left Caudate 36 7 1 53 15 100 12 4 SUB

78 Left Putamen 49 13 1 19 51 100 30 32 SUB

79 Left Pallidum 100 100 100 100 100 100 100 100 SUB

80 Left Hippocampus 100 100 100 100 100 100 100 100 SUB

81 Left Amygdala 100 100 100 100 100 100 100 100 SUB

82 Left Accumbens area 100 100 100 100 100 100 100 100 SUB

83 Right Thalamus 99 100 100 100 99 100 97 100 SUB

84 Right Caudate 24 6 7 20 11 100 8 12 SUB

85 Right Putamen 86 61 30 51 92 100 68 83 SUB

86 Right Pallidum 100 100 100 100 100 100 100 100 SUB

87 Right Hippocampus 100 100 100 100 100 99 100 100 SUB

88 Right Amygdala 100 100 100 100 100 100 100 100 SUB

89 Right Accumbens area 100 100 100 100 100 100 100 100 SUB

90 Right Fronto-marginal gyrus and sulcus 23 2 1 3 15 100 23 4 FP

91 Right Inferior occipital gyrus and sulcus 0 0 0 0 0 0 0 1 VIS

92 Right Paracentral lobule and sulcus 99 98 100 95 100 98 99 98 SOM

93 Right Subcentral gyrus (central operculum) and sulci 1 6 0 1 59 0 1 3 SOM

94 Right Transverse frontopolar gyri and sulci 10 1 1 0 4 100 9 0 DMN

95 Right Anterior part of the cingulate gyrus and sulcus 
(ACC) 1 0 0 0 3 96 1 0 DMN

96 Right Middle-anterior part of the cingulate gyrus and 
sulcus (aMCC) 1 1 0 0 1 1 2 0 VA

97 Right Middle-posterior part of the cingulate gyrus and 
sulcus (pMCC) 0 2 0 0 14 0 1 1 SOM

98 Right Posterior-dorsal part of the cingulate gyrus (dPCC) 100 99 4 31 100 98 100 21 DMN

99 Right Posterior-ventral part of the cingulate gyrus (vPCC) 100 100 100 100 100 5 100 100 DMN

100 Right Cuneus 0 0 0 0 0 0 1 0 VIS

101 Right Opercular part of the inferior frontal gyrus 0 0 0 0 0 0 0 0 VA
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102 Right Orbital part of the inferior frontal gyrus 90 80 100 96 97 100 29 95 DMN

103 Right Triangular part of the inferior frontal gyrus 1 1 5 2 1 8 0 0 FP

104 Right Middle frontal gyrus 0 0 0 0 0 63 0 0 FP

105 Right Superior frontal gyrus 0 0 0 0 0 0 0 0 DMN

106 Right Long insular gyrus and central sulcus of the insula 99 100 100 98 100 1 99 100 VA

107 Right Short insular gyri 14 9 8 1 42 4 55 12 VA

108 Right Middle occipital gyrus 0 0 0 0 0 0 0 0 VIS

109 Right Superior occipital gyrus 0 0 0 0 0 0 0 0 VIS

110 Right Lateral occipito-temporal gyrus 0 0 1 0 0 0 0 0 VIS

111 Right Lingual gyrus, ligual part of the medial occipito-
temporal gyrus 0 0 0 0 0 0 0 0 VIS

112 Right Parahippocampal gyrus, parahippocampal part of 
the medial occipito-temporal gyrus 100 100 100 100 98 57 100 100 SUB

113 Right Orbital gyri 32 15 4 16 35 97 11 35 LIM

114 Right Angular Gyri 0 0 0 0 1 88 0 0 DMN

115 Right Supramarginal gyrus 0 0 0 0 0 0 0 0 VA

116 Right Superior parietal lobule 0 0 0 0 0 0 0 0 DA

117 Right Postcentral gyrus 0 1 0 0 1 0 0 0 SOM

118 Right Precentral gyrus 0 0 0 1 0 0 0 0 SOM

119 Right Precuneus 0 0 0 1 0 0 0 0 DA

120 Right Straight gyrus 100 100 99 99 99 100 100 99 LIM

121 Right Subcallosal area 100 100 100 100 100 100 100 100 SUB

122 Right Anterior transverse temporal gyrus 57 74 68 13 80 0 65 53 SOM

123 Right Lateral aspect of the superior temporal gyrus 0 0 21 0 61 0 0 2 SOM

124 Right Planum polare of the superior temporal gyrus 100 100 100 99 100 52 100 100 LIM

125 Right Planum temporale or temporal plane of the superior 
temporal gyrus 0 1 0 0 1 0 0 2 SOM

126 Right Inferior temporal gyrus 0 0 0 2 0 0 0 0 DA

127 Right Middle temporal gyrus 0 0 0 1 4 27 0 0 DMN

128 Right Horizontal ramus of the anterior segment of the 
lateral sulcus 38 22 42 12 73 95 14 20 VA

129 Right Vertical ramus of theanterior segment of the lateral 
sulcus 24 21 19 15 28 99 14 21 DMN

130 Right Posterior ramus of the lateral sulcus 2 6 2 0 68 0 2 4 SOM

131 Right Occipital pole 0 0 0 0 0 0 0 0 VIS

132 Right Temporal pole 99 100 98 100 100 100 68 100 LIM

133 Right Calcarine sulcus 0 0 0 0 0 0 0 0 VIS

134 Right Central sulcus 0 0 0 0 11 0 0 0 SOM

135 Right Marginal branch of the cingulate sulcus 2 6 0 0 13 0 2 4 VA

136 Right Anterior segment of thecircular sulcus of the insula 96 32 18 71 54 97 55 26 FP
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137 Right Inferior segment of thecircular sulcus of the insula 6 19 2 2 66 0 22 16 SOM

138 Right Superior segment of thecircular sulcus of the insula 1 3 2 1 4 1 8 1 VA

139 Right Anterior transverse collateral sulcus 100 100 100 100 100 100 47 100 LIM

140 Right Posterior transverse collateral sulcus 1 0 71 8 0 0 0 39 VIS

141 Right Inferior frontal sulcus 0 0 0 0 0 0 0 0 FP

142 Right Middle frontal sulcus 0 0 0 0 0 33 0 0 FP

143 Right Superior frontal sulcus 0 0 0 0 0 15 0 0 DMN

144 Right Sulcus intermedius primus 0 0 1 0 1 94 0 0 DMN

145 Right Intraparietal sulcus and transverse parietal sulci 0 0 0 0 0 0 0 0 DA

146 Right Middle occipital sulcus and lunatus sulcus 0 0 0 0 0 0 0 0 VIS

147 Right Superior occipital sulcus and transverse occipital 
sulcus 0 0 0 0 0 0 0 0 VIS

148 Right Anterior occipital sulcus and preoccipital notch 0 0 0 0 2 0 0 2 VIS

149 Right Lateral occipito-temporal sulcus 1 0 7 4 0 0 0 3 VIS

150 Right Medial occipito-temporal sulcus and lingual sulcus 4 10 27 28 1 0 0 48 VIS

151 Right Lateral orbital sulcus 1 2 0 1 3 98 2 2 FP

152 Right Medial orbital sulcus 100 100 100 100 100 100 100 100 LIM

153 Right Orbital sulci 47 61 2 90 65 100 85 64 FP

154 Right Parieto-occipital sulcus 0 0 0 0 1 0 73 0 VIS

155 Right Pericallosal sulcus 100 100 99 99 100 100 100 100 DMN

156 Right Postcentral sulcus 0 0 0 0 0 0 0 0 DA

157 Right Inferior part of the precentral sulcus 0 0 0 0 0 0 0 0 DA

158 Right Superior part of the precentral sulcus 0 0 0 0 0 0 0 0 DA

159 Right Suborbital sulcus 100 100 100 100 100 100 100 100 DMN

160 Right Subparietal sulcus 6 3 1 3 14 39 6 0 DMN

161 Right Inferior temporal sulcus 1 0 0 0 0 89 0 0 DMN

162 Right Superior temporal sulcus 0 0 0 0 0 1 0 0 DMN

163 Right Transverse temporal sulcus 32 33 62 14 75 0 36 50 SOM

164 Right Cerebellum 0 0 0 0 0 39 0 1 CER
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B.1 Supplementary Figures

Figure B.1.1: Schizophrenia : Accuracy and stability. Analogous results to that
of Figure 5.2 with the 83 × 83 Lausanne parcellation.
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Figure B.1.2: Schizophrenia : Accuracy and stability. Analogous results to that
of Figure 5.2 with the 129 × 129 Lausanne parcellation.
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Supplementary Material of Chapter 6

C.1 Supplementary Figures

Figure C.1.1: Identification rate is driven down by a few individuals. We illus-
trate the undesired behavior of the identification rate (IDrate), using one typical
subsample of the database related to normalized FCs of the relational processing
task (see Figure 6C). A) Identifiability matrix computed at a local minimum of
the IDrate curve (IDrate=0.33, 617 components). B) (resp. C)) Number of
occurences of each individual as the maximum of the rows (resp. columns) of
the identifiability matrix. The bottom row shows the same analysis when using
all components (IDrate=0.65, 654 components, right end of the IDrate curve in
Figure 6C).
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EMOTION GAMBLING

LANGUAGE MOTOR

RELATIONAL REST

SOCIAL WORKING MEMORY

Average weighted degree

Figure C.1.2: Average weighted degree sequence across individuals (Absolute FC),
displayed along the cortical surface for each fMRI condition.
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EMOTION GAMBLING

LANGUAGE MOTOR

RELATIONAL REST

SOCIAL WORKING MEMORY

Standard deviation of  
 weighted degree

Figure C.1.3: Standard deviation of weighted degree sequence across individuals
(Absolute FC), displayed along the cortical surface for each fMRI condition.
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Figure C.1.5: Cumulative percentage of explained variance. Components re-
sulting from the PCA decomposition of the database (409 individuals, 2 scans by
individual) are added in decreasing order of explained variance, for baseline (left),
absolute (middle) and normalized FCs (right).

Figure C.1.6: Fingerprinting the weighted degree sequence. We applied the
PCA decomposition-reconstruction procedure [Amico and Goñi, 2018] to a data
matrix whose columns are the weighted degree sequence of both test and retest
FCs, instead of using the vectorized upper triangular part of FC matrices as done in
the main analysis. Solid lines represent the median value across 100 random sub-
samples of the database and shaded areas correspond to the inter-percentile range
(2.5 and 97.5 percentiles). Top row: the weighted degree sequence is computed
from the baseline FC. Bottom row: the weighted degree sequence is computed
from the absolute FC. We computed the three metrics used in the main manu-
script: differential identifiability (left), identification rate (middle) and matching
rate (right).
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Figure C.1.7: Two examples of FCs producing ’best-matchings’ with many FCs of
the other session when computing IDrate.

C.2 Supplementary Tables
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Table C.2.1: Five highest-strength (weighted degree on absolute FCs) regions for
each fMRI condition. In each cell, the brain region identity is provided in bold
(R : right hemisphere ; L : left hemisphere) along with its mean (+/- standard
deviation) weighted degree across individuals.

Emotion Gambling Language Motor Relational Rest Social
Working
memory

R_Area 10d

102.8 +/-20.7

L_Fourth Visual

Area

107.9+/-19.9

L_Area

IntraParietal 2

100.1+/-19.1

R_Area PF

Complex

91.2+/-17.0

L_Primary

Visual Cortex

123.3+/-18.7

R_Area PGs

104.4+/-17.5

L_Area PH

115.6+/-17.9

R_Fourth

Visual Area

98.9+/-15.1

L_Area 9

Middle

101.4+/-20.6

L_Area Lateral

IntraParietal

dorsal

105.9+/-20.4

R_Area

IntraParietal 2

98.6+/-18.9

L_Area PF

Complex

90.0+/-17.5

R_Primary

Visual Cortex

122.6+/-18.7

L_Area PGs

100.9+/-16.9

L_IntraParietal

Sulcus Area 1

115.1+/-17.6

L_Fourth

Visual Area

98.5+/-15.4

L_Area

IntraParietal 0

100.4+/-18.8

R_Area Lateral

IntraParietal

dorsal

105.3+/-20.2

L_Area

posterior  9-46v

95.9+/-19.6

R_Area 10d

90.0+/-18.0

L_Fourth Visual

Area

121.9+/-17.9

L_Area PGi

100.7+/-16.6

L_Anterior

IntraParietal

Area

115.0+/-18.6

R_Area Lateral

IntraParietal

dorsal

95.1+/-17.4

R_Area PGs

100.0+/-18.6

R_Fourth

Visual Area

105.3+/-19.8

R_Area STSv

anterior

95.4+/-21.5

L_ Area 9

Middle

90.0+/-19.3

R_Fourth Visual

Area

121.2+/-17.9

R_Area PGi

99.5+/-15.5

R_Area FST

114.9+/-17.6

L_Area

IntraParietal 0

94.6+/-17.2

L_Area 10d

100.0+/-21.2

R_Area 10d

105.2+/-22.3

R_Area

posterior  9-46v

94.7+/-19.8

L_Area 10d

88.4+/-19.1

R_Area PH

119.5+/-19.4

L_Area PF

Complex

98.2+/-15.1

R_IntraParietal

Sulcus Area 1

114.9+/-18.2

R_Area

IntraParietal 0

94.2+/-17.8

Table C.2.2: Five lowest-strength (weighted degree on absolute FCs) regions for
each fMRI condition. In each cell, the brain region identity is provided in bold
(R : right hemisphere ; L : left hemisphere) along with its mean (+/- standard
deviation) weighted degree across individuals.

Emotion Gambling Language Motor Relational Rest Social
Working
memory

L_Pallidum

64.3 +/-21.5

R_Area 33

prime

57.3+/-19.7

R_PreSubiculu

m

53.8+/-20.6

L_Area 33

prime

60.0+/-20.0

L_Area 33 prime

61.5+/-20.3

R_Pirform

Cortex

45.8+/-11.3

R_Accumbens

-area

56.3+/-19.7

L_Area 33

prime

50.1+/-19.4
L_Pirform

Cortex

64.2+/-18.6

L_Area 33

prime

57.1+/-19.0

L_PreSubiculu

m

53.5+/-18.7

R_Accumbens

-area

59.2+/-19.6

L_Pallidum

61.2+/-22.6

R_Pallidum

44.3+/-12.1

L_Pirform

Cortex

55.9+/-20.4

R_Area 33

prime

49.8+/-19.9
R_Pirform

Cortex

64.1+/-21.0

L_Pallidum

56.8+/-21.9

L_Pallidum

52.5+/-20.7

L_Accumbens

-area

59.2+/-19.2

L_Accumbens-

area

60.1+/-20.0

R_Accumbens

-area

43.3+/-10.2

R_Pallidum

55.2+/-20.4

L_Pallidum

49.3+/-21.2

R_Accumbens

-area

63.5+/-19.5

R_Accumbens-

area

55.8+/-20.2

R_Accumbens-

area

51.5+/-19.3

L_Pirform

Cortex

59.0+/-18.5

R_Area 33

prime

60.4+/-19.7

L_Accumbens-

area

42.7+/-10.1

L_Pallidum

55.2+/-21.0

R_Accumbens

-area

48.7+/-20.1
L_Accumbens-

area

63.1+/-19.2

L_Accumbens-

area

53.8+/-17.7

L_Accumbens-

area

49.9+/-17.3

R_Area 33

prime

58.9+/-19.6

R_Accumbens-

area

60.1+/-19.7

L_Pallidum

42.4+/-10.7

L_Accumbens-

area

55.0+/-19.5

L_Accumbens-

area

48.1+/-19.7
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Table C.2.3: Number of frames for each fMRI condition (HCP datasets).

Condition Number of frames

EMOTION 176

GAMBLING 253

LANGUAGE 316

MOTOR 284

RELATIONAL 232

RESTING-STATE 1200

SOCIAL 274

WORKING MEMORY 405



D
MRI acquisition parameters

D.1 Schizophrenia dataset

All individuals were scanned on a 3T Siemens Trio scanner with a 32-channels head

coil. Structural data was acquired using a magnetization-prepared rapid acquisition

gradient echo (MPRAGE) sequence with in-plane resolution of 1 mm, slice thick-

ness of 1.2 mm of total voxel number of 240× 257× 160 and TR, TE and TI were

2300, 2.98 and 900 ms respectively. Diffusion spectrum imaging (DSI) data was

obtained as a sequence of 128 diffusion-weighted images, with a b0 reference image

and a maximum b-value of 8000 s/mm2. The acquisition length was 13 min and

27s. The number of voxels was 96×96×34 with a resolution of 2.2×2.2×3.0 mm,

and TR and TE were 6100 and 144 ms respectively. The issue of motion- artifacts

linked to signal drop-outs was dealt with by visually inspecting the signal, and no

subject had to be excluded as a result of this [Yendiki et al., 2014]. A resting-state

functional MRI (fMRI) scan was acquired for 8 minutes (3.3× 3.3× 3.3 mm voxel

size, TR = 1920ms, TE = 30ms, 32 slices, flip angle 85◦). During the fMRI ac-

quisition, participants were asked not to fall asleep and let their mind wander while

fixating their vision to the cross on the screen.

D.2 Meditation dataset

All participants were scanned on a 3T Philips Achieva scanner with a 32-channel

phased array head coil. For each participant, the Magnetic Resonance Imaging

(MRI) session included 4 acquisitions: one anatomical sequence (T1-weighted im-

age), one eyes-closed resting-state functional MRI (fMRI) scan, one Diffusion Ten-

sor Imaging (DTI) sequence and one fMRI scan before which participants were

instructed to enter a meditation state. Due to technical problems, the DTI se-

quence was acquired on a different scanner (3T Siemens Skyra) for 9 participants.

The T1-weighted anatomical image was obtained with of a gradient-echo se-

quence with an inversion prepulse (Turbo Field Echo, TFE) acquired in the sagittal
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plane with parameters TR = 9.1 ms, TE = 4.6 ms, flip angle = 8◦, number of

slices = 150, slice thickness = 1 mm, in-plane resolution reconstructed in 0.75 ×
0.75 mm2. DTI images were acquired on the Philips Achieva scanner using a spin-

echo planar sequence with parameters TE = 83 ms, TR = 6422 ms, bandwidth =

2790 Hz/pixel, number of slices = 70, slice thickness = 2 mm, in-plane resolution

= 2 × 2 mm2, matrix size = 112 × 112, FOV = 224×224 mm2, 55 directions.

A reference b0 image and one b = 800 s/mm2 image were acquired. The DTI

images from the Siemens Skyra scanner (9 participants) were obtained with a spin-

echo planar sequence with parameters TE = 74 ms, TR = 9000 ms, bandwidth =

1776 Hz/pixel, number of slices = 64, slice thickness = 2mm, in-plane resolution

= 1.953 × 1.953 mm2, matrix size = 128 × 128, FOV = 250 × 250 mm2, 64

directions. A reference b0 image and one b = 1000 s/mm2 image were acquired.

Resting-state (eyes closed) and meditation fMRI images were acquired using re-

peated single-shot echo-planar imaging. The following parameters were used: TE

= 30ms, FA = 90◦, in plane resolution = 3.44 × 3.44mm2, 35 slices acquired in

an ascending order, slice thickness = 3.44mm, TR = 2000ms and number of TR

= 200 (acquisition length = 6min 40s).
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