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Abstract

The interest towards mental health has been growing more and more over the last few
years, boosted by the consequences of the recent pandemic, which put under the spotlight
the huge debilitating effects caused by these pathologies. In this work the focus is on
major depressive disorder (MDD) and bipolar disorder (BP). We propose a robust, fully
data-driven approach based on graph theory and subsequent community detection which
allows to discriminate patients affected by mood disorders from healthy subjects (HC)
starting from fMRI and DTI neuroimages. After properly preprocessing the data, the
functional (FC) and structural (SC) connectivity matrices of each patient are obtained
through atlas parcellation using the AAL3 as template for the 136 regions of interest
(ROIs) considered. Then, multiple inter-patient similarity measures have been employed
to obtain the weights associated to edges of the final graph, or group-based graph, where
each node represents a different subject. Some of the similarity measures can be applied
directly to the connectivity matrices while the others are graph-based and require an in-
termediate step of binarization. To enhance the presence of strong connections, all edges
in the group-based graph with weight lower that a specific threshold are removed, and
the community detection is performed on the resulting network. Moreover, the selection
of all the methodological choices applied has been carried out through progressive thresh-
olding studies while monitoring modularity as a representative metric for the quality of
the results. Once the optimal framework has been identified, the associated partition is
obtained and its statistical significance is evaluated applying the chi-squared test. The
proposed methodology was capable of providing statistically significant partitions for the
considered subjects when adopting both unimodal and multimodal approaches. Lastly,
single-ROI ablation studies have been performed to assess how each individual brain re-
gion considered would impact the resulting clustering. Our results revealed that the most
significant ROIs are mainly located in the frontal and temporal lobes, especially the areas
of the anterior cingulate cortex (ACC), the orbitofrontal cortex (OFC), the amygdala, the
temporal pole, and other subcortical areas like the thalamus and the substantia nigra.

Keywords: fMRI, DTI, multimodal, graph theory, data-driven, mood disorders





Abstract in lingua italiana

L’interesse per la salute mentale è cresciuto costantemente negli ultimi anni, sostenuto an-
che dalle conseguenze portate dalla recente pandemia che ha messo in evidenza gli effetti
debilitanti causati da queste patologie. In questo lavoro poniamo particolare attenzione
al disturbo depressivo maggiore (MDD) ed al disturbo bipolare (BP) proponendo un ap-
proccio completamente data-driven basato sulla la teoria dei grafi e sulla identificazione di
comunità che consente di discriminare i pazienti affetti da disturbi dell’umore da soggetti
sani (HC) partendo da neuroimmagini fMRI e DTI. Dopo aver pre-elaborato i dati, le ma-
trici di connettività funzionale (FC) e strutturale (SC) di ciascun paziente sono ottenute
mediante la parcellazione del cervello in 136 zone di interesse (ROIs) utilizzando l’AAL3
come modello di riferimento. Successivamente, diverse misure di similarità inter-paziente
sono state selezionate per ottenere i pesi associati alle connessioni del grafico finale, in
cui ogni nodo rappresenta un soggetto diverso. Alcune di esse possono essere applicate
direttamente alle matrici di connettività mentre altre sono a loro volta basate su grafi e
richiedono un passaggio intermedio di binarizzazione. Per migliorare la qualità delle par-
tizioni, tutte le connessioni nel grafico finale con un peso inferiore a una specifica soglia
vengono rimosse e la rilevazione delle comunità viene eseguita sulla rete risultante. In-
oltre, diversi studi a soglia progressiva sono stati condotti per determinare tutte le scelte
metodologiche applicate, monitorando costantemente la modularità come metrica rapp-
resentativa della qualità dei risultati. Una volta identificato il framework ottimale, viene
ottenuta la partizione associata e la sua significatività statistica viene valutata applicando
il test del chi-quadro. La metodologia proposta è stata in grado di fornire partizioni sta-
tisticamente significative per i soggetti considerati utilizzando approcci sia unimodali che
multimodali. Infine, sono stati eseguiti studi di ablazione su singole ROIs per valutare
l’impatto di ciascuna di esse. I nostri risultati hanno rivelato che le regioni più significative
sono principalmente situate nei lobi frontale e temporale, in particolare nelle aree della
corteccia cingolata anteriore (ACC), della corteccia orbitofrontale (OFC), dell’amigdala,
del polo temporale, e in altre aree sottocorticali come il talamo e la substantia nigra.

Parole chiave: fMRI, DTI, multimodale, teoria dei grafi, data-driven, disturbi dell’umore





v

Contents

Abstract i

Abstract in lingua italiana iii

Contents v

1 Introduction 1

1.1 Magnetic resonance imaging . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Physical Principle . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.2 Free Induction Decay . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.1.3 MRI sequences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.1.4 Magnetic Field Gradient . . . . . . . . . . . . . . . . . . . . . . . . 8

1.2 Functional MRI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.2.1 Resting-state vs task-based fMRI . . . . . . . . . . . . . . . . . . . 11

1.3 Di�usion tensor imaging (DTI) . . . . . . . . . . . . . . . . . . . . . . . . 12

1.3.1 Di�usion model and tractography . . . . . . . . . . . . . . . . . . . 15

1.4 Unipolar and bipolar depression . . . . . . . . . . . . . . . . . . . . . . . . 17

1.5 Graph theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

1.5.1 Some basic notions . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

1.5.2 Community detection and partitions . . . . . . . . . . . . . . . . . 23

2 Aim of the study 27

3 Materials and methods 29

3.1 Patients and data acquisition . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2 Functional MRI preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.3 Atlas-based parcellation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.4 Functional connectivity (FC) matrix . . . . . . . . . . . . . . . . . . . . . 37

3.5 DTI preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39



vi | Contents

3.6 Structural connectivity (SC) matrix . . . . . . . . . . . . . . . . . . . . . . 52

3.7 Multimodal matrices integration . . . . . . . . . . . . . . . . . . . . . . . . 54

3.8 Main analysis pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.9 Group-based similarity measures descriptions . . . . . . . . . . . . . . . . . 70

3.9.1 L1 norm distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

3.9.2 Euclidean distance . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.9.3 Spearman's rank correlation . . . . . . . . . . . . . . . . . . . . . . 73

3.9.4 Jaccard distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

3.9.5 DeltaCon distance . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

3.9.6 Jensen-Shannon distance . . . . . . . . . . . . . . . . . . . . . . . . 76

3.10 Community detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

3.10.1 Girvan-Newman betweenness algorithm . . . . . . . . . . . . . . . . 77

3.10.2 Fast greedy algorithm . . . . . . . . . . . . . . . . . . . . . . . . . 78

3.10.3 Walktrap algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

3.10.4 Leading eigenvector algorithm . . . . . . . . . . . . . . . . . . . . . 80

3.10.5 Spinglass algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

3.10.6 Infomap algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.10.7 Multilevel algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.11 Description of the metrics computed for the evaluation of the community

structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

3.11.1 Modularity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

3.11.2 Performance and coverage . . . . . . . . . . . . . . . . . . . . . . . 86

3.11.3 Silhouette score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

3.11.4 Normalized mutual information . . . . . . . . . . . . . . . . . . . . 88

3.11.5 Adjusted RAND index . . . . . . . . . . . . . . . . . . . . . . . . . 89

3.11.6 Homogeneity and completeness scores . . . . . . . . . . . . . . . . . 90

3.11.7 Cluster-based labelling accuracy . . . . . . . . . . . . . . . . . . . . 92

3.12 Statistically signi�cant di�erences for diagnosis label among multiple clusters 93

3.13 Ablation study for the extraction of features' importance . . . . . . . . . . 94

4 Results 97

4.1 First analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

4.1.1 Unimodal fMRI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

4.1.2 Unimodal DTI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.1.3 Multimodal multiplication . . . . . . . . . . . . . . . . . . . . . . . 104

4.1.4 Multimodal FSC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

4.1.5 Multimodal SNF . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108



4.2 Second analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

4.2.1 Unimodal fMRI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

4.2.2 Unimodal DTI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4.2.3 Multimodal multiplication . . . . . . . . . . . . . . . . . . . . . . . 115

4.2.4 Multimodal FSC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

4.2.5 Multimodal SNF . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

4.3 Third analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

4.3.1 Unimodal fMRI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

4.3.2 Unimodal DTI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

4.3.3 Multimodal multiplication . . . . . . . . . . . . . . . . . . . . . . . 122

4.3.4 Multimodal FSC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

4.3.5 Multimodal SNF . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

5 Discussion and conclusion 127

5.1 Limitations and future developments . . . . . . . . . . . . . . . . . . . . . 134

Bibliography 137

A Appendix A 153

B Appendix B 159

List of Figures 161

List of Tables 165

Acknowledgements 167





1

1| Introduction

1.1. Magnetic resonance imaging

Magnetic resonance imaging (MRI) is a widely employed, non-invasive imaging technique

that exploits the properties of protons (H+ ) present in the human body, mainly water

protons, and their interactions with strong, external magnetic �elds to obtain detailed

patients' anatomical images. The success and di�usion of MRI can be mostly attributed to

its ability to discriminate soft tissues, excellent spatial resolution, possibility to reconstruct

3D volumes from 2D scans, and use of non-ionizing electromagnetic radiation which makes

this technique non-invasive.

1.1.1. Physical Principle

MRI [50] is based on the physical principle for which molecules that have magnetic prop-

erties tend to orient themselves in order to align with the external magnetic �eld (B0). In

particular, this technique exploits the vast amount of hydrogen ions (H+) present in body

tissues rich in water (like fat or cartilage) and their magnetic susceptibility. An intrinsic

property of the hydrogen nuclei is their rotation (spin) which makes them magnetic along

the rotational axis creating a magnetic dipole moment which can be quanti�ed as:

� = 
 � I =) � z = 
 �
h
2�

�
p

I � (I + 1) (1.1)

where gamma is the gyromagnetic ratio, a constant that strictly depends on the element

(42.58 MHz
T for hydrogen atoms) and it quanti�es the ratio between the magnetic and the

angular moments, I is the spin quantum number, h is the Planck's constant, and� z is the

modulus of� along the direction of B0.
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Figure 1.1: Here is displayed a single proton rotating which creates a magnetic dipole

moment � . Under normal circumstances, when B0 is not present, the direction of the

protons' rotational axis will be random.

In MRI giant, powerful magnets are used to create a strong magnetic �eld which surrounds

the body of the patient. This magnetic �eld creates a torque that acts on the magnetic

dipole moments and will try to orient them in the same direction as the magnetic �eld

itself. However, due to the fact that protons already have an angular momentum, the

magnetic �eld is not able to perfectly align the magnetic moments to the magnetic �eld

line so the protons will start precessing around their precession axis, which is parallel to

the direction of magnetic �eld created by the magnets. Also, the precession movement

frequency takes the name of Larmor frequency, and it is directly proportional to the

amplitude of the magnetic �eld applied (B0) and to the gyromagnetic ratio:

fLarmor =


2�

� B 0 $ 
 Larmor = 
 � B 0 = 2� fLarmor (1.2)

with 
 Larmor being the precession angular velocity.
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Figure 1.2: The external magnetic �eld B0, trying to align the magnetic momentµ along

the direction of B0. However, the result is that the magnetic momentµ processes around

B0 keeping a constant angle. In other words, the precession movement implies a change

in the orientation of the proton's rotation axis.

Now, since hydrogen atoms are characterized by only 2 energetic levels, they can assume

only 2 possible orientations, either pointing upwards or downwards with direction parallel

to B0. The preferred con�guration between the two is the one associated with lower

levels of energy because it is more stable. So, the overall e�ect of the magnets employed

in MRI is to re-orient the hydrogen nuclei in a way that their magnetic moments are

aligned with the magnets' magnetic �eld. In other words, the applied magnetic �eld

generates a longitudinal global magnetization vector parallel to B0, conventionally along

the z-axis, and with modulus proportional to the number of magnetic dipoles. Usually

this magnetization vector is indicated asM or M z, as depicted in �gure 1.2.

Figure 1.3: The direction of the aligning force for the hydrogen nucleus on the right points

upwards, giving to this con�guration of nucleus a lower level of energy with respect to the

anti-parallel con�guration on the left, making it more stable.
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At this point it is not possible to measure the macroscopic magnetization unless this is

transferred inside a plane orthogonal to B0, called orthogonal plane or xy plane. To

redirect the global magnetization vectorM z towards the orthogonal plane an external

oscillating electromagnetic �eld is provided. This new sequence of radio-frequency pulses

(or RF pulses) constitutes an additional rotating magnetic �eld, and it is conventionally

called B1. Also, B1 is rotating at exactly the Larmor frequency and it is in resonance with

the rotation around the precessing axis of the protons. For this reason it provides to the

protons enough energy to pass from the parallel to the anti-parallel orientation, changing

their energy state and gradually modifying their orientation. Moreover, the strength of

the additional magnetic �eld B1 is signi�cantly lower than the one of B0: generally the

intensity of the magnetic �eld for B0 ranges in the order or fewT, while B1 is measured

in �T . With � E being the energy needed by the proton to change energetic state:

� E = h � fLarmor (1.3)

The macroscopic e�ect of this deviation is the inclination of the global magnetization

vector M z towards the transversal plane while also rotating around the z-axis.

Figure 1.4: Here is displayed how the global magnetization vectorM z changes orientation

leaning towards the orthogonal plane while still precessing around the z-axis.

8
><

>:


M � B 0 =
dM
dt

;


B 0 =
d�
dt

:
(1.4)

Where � is the angle between the precessing magnetization vector and the z-axis and it

takes the name off lip angle . The amplitude of this angle also depends on the period
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(�t ) of the RF pulse:

� = 
 �t = 
B 1�t (1.5)

The longer the period of the pulse, the stronger will be the e�ect on the magnetization

vector M , and the greater will be the angle. By changing the amplitude (|B1|) and/or the

duration (�t ) of the pulses it is possible to make the vectorM assume any orientation.

Now, when the B1 �eld is switched o� the system will tend to go back to the original

conditions of equilibrium, with the magnetization vector parallel to the z-axis. At the

microscopic level, this happens because each proton will go back to the more stable

orientation (parallel) while releasing the remaining energy of the precedent anti-parallel

orientation. The intensity of this macroscopic release of energy depends on the proton

density of the magnetized tissues and it can be measured using a detector coil calibrated

ad hoc. Indeed, the sum of the energy of all the precessing protons can be measured as

an induced voltage and this phenomenon is called Free Induction Decay (FID).

1.1.2. Free Induction Decay

The process of free induction decay begins when the B1 magnetic �eld is turned o�, while

B0 is still present. At this point two main e�ects occur:

1. Longitudinal relaxation ! The longitudinal component of the magnetization vector

M z tends to go back to its original position while still precessing around the z-axis

(same direction as B0).

2. Transversal relaxation! The transversal component of the magnetization vector

M xy decays to zero due to the absence of B1. Doing so, this component ofM

generates a current in the receiver coil based on the Faraday-Lenz law.

The FID signal can be described as a sinusoidal wave with frequency =f Larmor and an

exponential behavior regulated by a time constant which depends on the density of the

excited nuclei present in the tissues. This time constant takes the name of relaxation

time.
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Figure 1.5: On the left you can observe the movement of the magnetization vectorM

which, as B1 is switched of, it starts to go back to its original, more stable position while

stile precessing around the z-axis. On the right it is displayed the FID signal which has

a sinusoidal behavior and decays exponentially over time [109].

The behavior of M z during longitudinal relaxation can be described by an exponential

curve regulated by a time constant conventionally called T1 orspin � lattice longitudinal

relaxation time constant [112] due to the dispersion of energy in the surrounding lattice.

The duration of T1 falls usually in the interval 0.05 - 3 s and, with� = 90°:

M z = M 0 � (1 � e� t=T 1) (1.6)

On the other hand, the behavior ofM xy during transversal relaxation tends to zero with

time constant T2 or spin � spin time constant [96] due to the summation of single

magnetic moments of dipoles which generates a loss of phase coherence between precessing

protons. The duration of T1 falls usually in the interval 0.04 - 2 s and, with� = 90°:

M xy = M 0 � e� t=T 2 (1.7)
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Figure 1.6: On the left it's displayed how the absolute value ofM z varies over time, while

on the right it is displayed how it changes the one associated withM xy .

Moreover, due to great inhomogeneity of the �eld, the loss in phase coherence is actually

faster than the one described by T2. Therefore, another constant (T2� ) is introduced to

describe the real decay ofM xy with T2� < T2. It is also important to underline that T1

and T2 are not independent and thatT2 < T1. Which means that transversal relaxation

is always faster than longitudinal because every process that takes takesM z to its own

equilibrium value M 0 makes alsoM xy decay while the opposite is untrue.

1.1.3. MRI sequences

The objective of MRI imaging techniques is to create images where the tissues of interest

can be well discriminated [94] based on their T1, T2, T2*, and proton density. To achieve

this goal it is necessary to employ di�erent MRI sequences. An MRI sequence in magnetic

resonance imaging (MRI) is a particular setting of pulse sequences repeated periodically

according to the repetition time (TR) and characterized by di�erent �ip angles. There

are two time variables which characterize di�erent MRI sequences:

1. Repetition time (TR) ! amount of time between the application of one RF pulse

and the next. It mainly a�ects the degree of longitudinal relaxation before the next

pulse.

2. Time to echo (TE) ! time interval between the delivery of the RF pulse and the

peak of the signal, called echo. It determines the amount of transverse relaxation

that has occurred by the time the echo is measured.

Some the most di�used and common MRI sequences are:

1. Saturation recovery ! consists of one single 90° pulse every TR. Starting with

M xy = M 0 and M z=0, M z increases with time constant T1 whileM xy proceeds to

decay with time constant T2*<T1 generating a FID with single exponential decay.



8 1| Introduction

2. Spin echo! consists of a 90° pulse followed by a 180° pulse after a time interval

TE/2. Similarly to the saturation recovery sequence, the 90° pulse leads to an

increase ofM z with time constant T1 and a decay ofM xy with time constant T2*<T1

generating a FID with single exponential decay. Then, the 180° pulse �ips the spins

on the other side of the xy plane to "refocus" the magnetization such that the signal

reaches a peak. The overall result is a FID with double exponential decay (T2*).

3. Inversion recovery! consists of a 180° pulse followed by a 90° pulse. First, the 180°

pulse makesM z= � M 0 and M xy =0. After a time interval T<T1, while M z is going

back to its equilibrium point with time constant T1, the 90° pulse is applied. The

signal is then measured after this second pulse.

4. Gradient echo! in this case an excitation pulse combined with magnetic gradients

are used to manipulate the spins of particles, de-phasing and re-phasing them when

needed. By varying combinations of pulses and TE it is possible to obtain di�erent

image contrasts. This technique is characterized by short repetition times (TR),

which makes it faster with respect to the others.

There are many more advanced sequences that can be adopted, depending on the objective

of the analysis, to optimize speci�c image characteristics like spatial resolution, SNR,

temporal resolution or others.

1.1.4. Magnetic Field Gradient

To obtain detailed anatomical images it is necessary to discriminate between the con-

tribute of di�erent voxels to the FID signal. To do this, three separate coils are used to

unequivocally encode each spatial position (x, y, z): every coil applies a magnetic �eld

gradient[2] which smoothly changes, usually in a linear way, along one of the three spa-

tial directions. Therefore, the Larmor law can be used to discriminate the contribute of

voxels in di�erent positions because the intensity of the magnetic �eld which is exciting

the magnetic moment dipoles changes according to the spatial position. Here is showed

how the magnetic �eld changes with the addition of the gradients and how this impacts

the magnetic dipoles:

8
>>>>>><

>>>>>>:

@Bx
@x

= Gx ! Bx = B0 + xGx ! ! x = 
B x ;

@By
@y

= Gy ! By = B0 + yGy ! ! y = 
B y;

@Bz
@z

= Gz ! Bz = B0 + zGz ! ! z = 
B z:

(1.8)
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Figure 1.7: On the left the only magnetic �eld present is B0 and in this case it would

not be possible to distinguish the contribute of 2 voxels in di�erent positions to the MRI

signal. On the right there is an additional magnetic �eld gradient and the magnetic �eld

changes according to spatial position.

1.2. Functional MRI

Functional MRI (fMRI) [47] is an imaging technique ideated in the 90s which exploits the

magnetic properties of oxygenated and de-oxygenated hemoglobin to study brain activity.

Since it's development this methodology has been widely adopted in both clinical and

research �elds and, in particular, in presurgical planning because it is a non-invasive,

�exible, and overall cost-e�ective procedure. Contrary to traditional MRI which focuses

on portraying anatomical structures with great spatial resolution, fMRI detects small

changes in blood �ow to determine the activity of brain areas over time. In other words,

the principle at the core of fMRI is that changes in the blood �ow of brain vessels and

neuronal activity are actually coupled.

Figure 1.8: Here is displayed a molecule of hemoglobin. This molecule is composed

by 4 protein chains and it is responsible for the transportation of oxygen through the

blood stream. In the picture is highlighted the Heme, a circular and iron-based region of

hemoglobin which allows the reversible binding of O2 molecules.
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When a brain region is activated (or up-regulated) it requires a greater amount of energy

to perform its tasks and, in order to satisfy this local demand of energy, a greater amount

of Oxygen is consumed while CO2 and other secondary waste products are produced. At

this point, since the amount of Oxygen consumed is signi�cantly greater than the one

produced, a vasomotor reaction and a dilation of blood vessels are induced to facilitate

blood recirculation and to reestablish the levels of O2 back to normal. It should also

be noted that oxygenated and de-oxygenated blood cells are characterized by di�erent

magnetic properties: oxygenated hemoglobin (HbO2) is diamagnetic with slow T2* de-

cay while de-oxygenated hemoglobin (Hb) is paramagnetic with fast T2* decay. Thanks

to this substantial di�erence HbO2 and Hb will respond di�erently to magnetic �elds,

and therefore fMRI can be employed to estimate brain activity by measuring metabolic

changes in the blood �ow.

Figure 1.9: In this picture red dots represent oxygenated blood cells while the blue ones

represent the de-oxygenated ones. At rest (top half) a greater presence of de-oxygenated

blood leads to lower values for the MRI signals which will result darker in the images.

During stimulation instead (bottom half), the greater blood �ow and higher presence of

oxygenated blood causes the signal to rise resulting in brighter areas.

Due to its nature, the signal measured during fMRI takes the name ofBlood Oxygenated

Level Dependent(BOLD) signal and it quanti�es the level of activity associated to each

voxel over time, with brain regions characterized by higher values appearing brighter in

the scans. It must be pointed out though that there is a delay between the actual neuronal

activity and the one registered by the BOLD signal due to the fact that the hemodynamic

response is not immediate. The time elapsed between the stimulus and the peak can be

quite substantial and it usually attests around 5-6 seconds.
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The most di�used MRI methodology used to capture fMRI images is the echo-planar

imaging (EPI) sequence combined either with a gradient-echo (GRE) or spin-echo (SE)

preparation [57]. On one hand, GRE is generally faster because it generates contrast

using only one pulse at 90° while SE requires two pulses, the �rst at 90° and the second at

180°. On the other hand, SE has better signal-to-noise ration (SNR) and fewer artifacts

with respect to GRE. However, considering that in fMRI the temporal factor is crucial

and image acquisition should be as fast as possible, gradient echo is generally preferred.

Figure 1.10: Here is displayed an example of the gradient-echo echo-planar imaging (GRE-

EPI) acquisition sequence. More speci�cally,Gz represents the slice selection gradient,

Gx represents the readout gradient, andGy is the phase selection gradient.

Finally, when compared to other techniques that can be employed to analyze brain ac-

tivity, fMRI seems one of the most well-suited choices: it has better spatial resolution

than both electroencephalography (EEG) and magnetoencephalography (MEG), better

SNR than near-infrared spectroscopy (NIRS), and it has the clear advantage of being

non-invasive with respect to methodologies which employ the use of radiopharmaceuticals

like PET and SPECT. However, it should also be pointed out that the choice of which

technique should be used is tightly dependent on the analysis at hand and the objective

that should be reached.

1.2.1. Resting-state vs task-based fMRI

Depending on the objective of the analysis, functional MRI can be used to observe the

behavior of the brain in two particular situations:

ˆ Task-based fMRI ! in this case fMRI is used to monitor the brain either while
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being involved in speci�c cognitive tasks, like counting backwards or remembering

a sequence of images, or in response to an external stimulus that can be either

auditory, visual, or of other nature. For this reason, fMRI can de�ned astask-based

fMRI, underlining the fact that the focus revolves around the functional activation

or involvement of speci�c brain regions necessary to perform a task or to react to

di�erent stimuli. A popular method to highlight brain areas involved in a particular

function is to compare fMRI images recorded while alternating a state without

stimuli (rest) to a state with stimuli, obtaining as a result a volume namedcontrast

map to which a threshold can be subsequently applied generating thestatistical

activation map.

ˆ Resting-state fMRI ! di�erently from the previous condition, in this second case

the acquisition of fMRI images occurs without the patient being involved in any

task but simply remaining in a state of rest, henceresting-state fMRI (rs-fMRI).

The objective of this methodology is to record the spontaneous low-frequency �uc-

tuations (< 0.1 Hz) of the BOLD signal to study the intrinsic activity of the brain

and identify the regions which show synchronous activity [73]. Additionally, studies

conducted over the years seem to show the coexistence of two complementary sets

of brain areas: one comprises regions that are mainly responsible for handling tasks

which require the attention of the individual, such as the motor and auditory cor-

tices, while the other is composed of areas which show signs of activity only while

the focus of the individual is not required. The latter are also known asResting-

state networks(RSN) with the Default mode network(DMN) being one of the most

well-know examples.

1.3. Di�usion tensor imaging (DTI)

Di�usion tensor imaging (DTI) is a popular imaging technique based on magnetic reso-

nance which can be used to visualize the white matter (WM) �bers present in the brain

by measuring the di�usion of water molecules within its tissues [97].

The whole imaging process begins with the acquisition ofDi�usion Weighted Images

(DWI) which, by applying the proper linear magnetic �eld gradient (30-50mT=m), are

used to record the thermally induced translational movements of water molecules, a phe-

nomenon also named di�usion. The heterogeneity of the surrounding tissues makes this

behavior highly anisotropic, meaning that the motion of water molecules is not the same

in all directions. Additionally, when speci�cally considering WM tracts, it can be ob-

served that the presence of the the axonal membrane and the insulating layer of myelin
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force water molecules to travel parallel to the �bers, therefore the direction associated

with the greatest di�usion generally also coincides with the local direction of WM �bers

[84].

Figure 1.11: On the left is represented the behavior of water molecules in a space without

constraints, with each particle free to move in any direction. On the right instead, the

movement of water molecules is limited by the presence of WM tracts, so they will tend

to have a preferential direction which is parallel to the orientation of the �bers.

The most employed MRI technique when acquiring DWI images is the spin-echo echo-

planar imaging (SE-EPI) sequence, which uses pairs of strong RF pulses at 90 and 180

degrees to repetitively dephase and subsequently rephase the magnetization across the

patient's tissues [1]. More speci�cally, the application of the �rst gradient pulse is used

to change the speed of the spins according to their position in space. Then, considering

the time window between the application of the two gradients, if the position of the spins

doesn't change the e�ects of the two magnetic pulses will simply cancel out and no signal

is lost; on the contrary, if they move along the direction of the gradient �eld, the spins will

accumulate a net phase di�erence proportional to the displacement that the second pulse

will not be able to recover, therefore di�using molecules end up having a random phase

which ultimately leads to a partial loss of signal and a darker appearance in DWI images.

Clearly, to have a good characterization of the tissues this process has to be repeated

multiple times changing the direction of the RF pulse with every volume acquired.
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Figure 1.12: An illustration of the sequence used to capture DWI images.

From a mathematical point of view, consideringS0 as the original signal obtained from

the reference volumeB0 acquired without applying di�usion gradients, and assuming

that di�usion is Gaussian, the decreased signal intensitySk can be quanti�ed using the

Stejskal-Tanner equation:

Sk = S0e� bD (1.9)

where D is the di�usion coe�cient obtained by projecting the di�usion tensor D along

direction k, and b represents the b-value which is used to modulate the amount of signal

lost due to di�usion. More speci�cally, the di�usion tensor D is represented by3 � 3

symmetric matrix which describes the di�usion properties of a tissue along every direction

at a certain spatial location or voxel. By measuring di�usivity along multiple di�erent

directions (at least 6) it is possible to �nd the coe�cients of D by solving a system of

equations (see section 1.3.1). The b-value instead can be computed as:

b= 
 2G2� 2

�
� �

�
3

�
(1.10)

where 
 represents the gyromagnetic ratio of protons (42MHz=T ), G and 
 are the

magnitude and duration of the di�usion gradients respectively, and �nally� is the time

elapsed between them (see Fig. 1.12).

It should be noted that greater b-values are associated with more loss of signal, allowing

us to capture even the slightest movements of molecules. However, it's also true that the

acquisition of DWI images is not really fast and eventual movements of the patients could

lead to spurious results, especially when b-values are particularly high. Therefore, the
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values that are generally adopted forb are either 0s=mm2 when acquiring the volume(s)

of reference, or 1000s=mm2 when applying the di�usion gradients.

1.3.1. Di�usion model and tractography

As illustrated in the previous section, the di�usion tensorD can be computed by mea-

suring di�usion along multiple directions and then solve a system of equations. However,

to obtain satisfying results in this way it would be necessary to perform a number of

measurements far too high, considering also that the image acquisitions are subject to

practical limitations like computational burden, economical costs, and the actual time of

acquisition. For this reason, over the years researchers developed the concept ofDi�usion

Tensor Imaging(DTI) [62], which consists in using a mathematical model obtainable with

just few acquisitions that, once �tted with actual di�usion data, can be used to estimate

di�usivity along any direction.

Now, consider the di�usion tensorD represented by a symmetrical3 � 3 matrix:

D =

2

6
4

Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

3

7
5 (1.11)

with Dxy = Dyx , Dxz = Dzx , and Dzy = Dyz, and the coe�cients on the diagonalDxx ,

Dyy , and Dzz quantifying di�usivity along the x, y, and z axis. Out of all the coe�cients of

D , six of them are unknown and independent (degrees of freedom). Therefore, to estimate

D through a system of matrix equations it's necessary to have at least six di�usion

measurements (DWI volumes). Once the di�usion tensor has been computed, the resulting

matrix can be diagonalized to obtain the associated eigenvalues� 1, � 2, and � 3 which

represent the apparent di�usivity along the directions indicated by the related eigenvectors

� 1, � 2, and � 3:

D = v� v -1 with � =

2

6
4

� 1 0 0

0 � 2 0

0 0 � 3

3

7
5 (1.12)

The operation of diagonalization consists in rotating the coordinate system in which

di�usion measurements have been taken in a way that thex, y, and z axis will coincide

with the eigenvectors ofD . In particular, it can be observed that eigenvector� 1, associated

with the highest eigenvalue� 1, coincides with both the directions of maximum di�usivity
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and the �ber orientation. This phenomenon is also nicely illustrated in Fig. 1.13 where

the behavior of di�usivity in presence of a bundle of axons is modeled as an ellipsoid. The

more di�usivity is anisotropic, the more the ellipsoid is elongated.

Figure 1.13: Illustration of the diagonalization process and the highly anisotropic behavior

of di�usion in presence of WM �bers.

There are available in literature many metrics that can be employed to quantify anisotropy,

two of the most di�used ones are themean di�usivity (MD) and the fractional anisotropy

(FA). The �rst one can be obtained by simply averaging the eigenvalues of the di�usion

tensor:

MD =
� 1 + � 2 + � 3

3
(1.13)

and the result will be a scalar, also namedapparent di�usion coe�cient (ADC), that can

be interpreted as the overall undirected degree of di�usion.

The second metric instead, takes into account the directionality of di�usivity and it can

be computed as:

FA =

s
3
2

�
(� 1 � � )2 + ( � 2 � � )2 + ( � 3 � � )2

� 2
1 + � 2

2 + � 2
3

(1.14)

The value of FA is comprised in the[0; 1] interval with 0 indicating perfectly isotropic

di�usivity while values close to 1, generally associated to GM �bers, indicate a strong

anisotropic behavior and the presence of a preferential direction for di�usivity.

Finally, the last step to estimate the presence WM �bers is a procedure namedtractog-

raphy. This operation exploits the local di�usivity information computed at each voxel

to reconstruct entire tracts of WM, also calledstreamlines, which connect di�erent brain

regions. There are multiple options available to perform this task likeFSL, the software
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used in our work, which o�ers a series of tools to work on DTI images and, in particular,

a speci�c tool namedprobtrackX to carry out tractography. More speci�cally, this tool

allows to perform probabilistic tractography �rst by estimating the posterior probability

distribution of principal di�usion directions from di�usivity data, and then by iteratively

sampling values from this distribution at each voxel estimating the position of the stream-

line step by step. The result will be a volume in which the value associated to each voxel

represents its connectivity. For more details about tractography and its implementation

please refer to section 3.5.

1.4. Unipolar and bipolar depression

Mental health has been ignored for years by both the medical and research communities

since it was considered of secondary importance with respect to other pathologies or

health issues. Thankfully, things are changing and mental health has been gaining more

and more interest over the past decades with a number of scienti�c papers on the subject

that has been growing since the late 90s [136, 137]. Moreover, the recent pandemic has

contributed to gather even attention towards mental health and how its e�ects negatively

impact the quality of life of an individual, but there's still a lot of work to do. In 2019

the institute for health metrics and evaluation (IHME) in Washington and world health

organization (WHO) [95] reported that mental health disorders are:

ˆ underrated! with up to 71% of individuals a�ected by psychosis and 60% of people

who have been diagnosed with depression that are not being properly assisted.

Additionally, only 25% of nations which are members of the WHO included mental

health into primary health care

ˆ widespread! considering that 1 in 8 people has been diagnosed with a mental

health condition

ˆ under-resourced! knowing that the reported median expenditure per capita that

goes towards mental health is only 7.49 USD, which corresponds to 2.1% of the

domestic health budget global median.

In the context of the work that is being presented, particular attention has been dedicated

to two speci�c mood disorders: bipolar (BP) disorder and unipolar (UP) disorder, also

knows as major depressive disorder (MDD). These are both quite severe and impeding

conditions with BP being considered as one of the major causes of disability [61], and

MDD that has been ranked as the third cause of burden of disease in 2008 but it is

expected to be the �rst one by 2030 [8].
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As explained in the most updated version of the diagnostic and statistical manual of

mental disorders (DSM-5-TR) [6]:

ˆ bipolar disorder ! individuals who su�er from this pathology are generally char-

acterized by extreme mood swings which consist in alternating periods of great ex-

citement or extremely irritable mood, generally marked by an in�ated self-esteem,

distractibility, a decreased need for sleep and others, to periods of depression, ac-

companied by a loss of interest towards pleasurable activities, fatigue, low self-

worthiness, and recurrent thoughts of death. It is also important to underline that,

depending on the duration and the intensity of the mood swings, bipolar disorder

can be further subdivided in many di�erent subtypes like bipolar I disorder, bipolar

II disorder, cyclothymic disorder and others.

ˆ major depressive disorder! patients a�ected by this condition present symptoms

and behavior similar to the ones displayed by individuals who have bipolar disorder

during their mood down-swings, with the di�erence that in major depressive disorder

there are no periods of excitement or euphoria.

The current methods employed to identify these two di�erent pathologies, which generally

consist in a standardized interview with specialized healthcare professionals and mood

charting, are often not su�cient to obtain a correct diagnosis. Indeed, up to 60% of

patients who su�er from bipolar disorder are initially misdiagnosed with major depressive

disorder, which leads to a wrong choice of treatments and subsequently to a less favorable

outcome. Hence, the need to �nd more re�ned, quantitative, and objective diagnostic

procedures.

1.5. Graph theory

Graph theory [36] is a branch of mathematics that uses graphs to describe all kinds phe-

nomena by displaying the relationships between di�erent objects under analysis. This

approach was historically used in the �eld of sociology [128, 148] since social networks

can be naturally depicted using graph. Over the years graph theory proved to be quite

useful and, thanks to the development of new technologies and greater computational

possibilities, this method is now used in multiple di�erent domains such as: biological

networks [70, 101], web pages [126], the power grid [81, 99], and many others. In particu-

lar, considering the topic of this work, our main focus is the application of graph theory

in the �eld of neuroscience [16, 122, 133].

Considering the structure and functionality of the brain, the use of graphs or networks

to achieve a better understanding of its mechanisms seems well suited. The use of par-
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cellation techniques allows to divide the brain in functionally homogeneous regions that

will constitute the nodes of the network, while the edges are associated either with syn-

chronous activation or any structural relationship between di�erent regions. This novel

approach to study the human brain aroused great interest in the research community over

the last few years, as also con�rmed by a greater and greater number of publications.

1.5.1. Some basic notions

A graph G(V; E) is a mathematical structure composed by verticesV = f v1; v2; v3; ...g

connected by edgesE = f e1; e2; e3; ...g. Each node represents one element of the network

while the edges represent their relationships.

Figure 1.14: Here the example of a simple graph with 7 nodes and 10 edges.

Depending on their characteristics, graphs can be divided in di�erent subgroups:

ˆ binary vs weighted: in binary graphs only the presence/absence of a connection is

indicated using only1s and0s respectively. In weighted graphs instead each edge is

associated to a value, called weight, which indicates the strength of the connection.

ˆ directed vs undirected: in undirected graphs the direction of the connection between

two vertices is not speci�ed, while in directed graphs it's exactly the opposite.

Every graph, like the one showed in Fig. 1.14, can be represented in multiple equivalent

ways, such as:

ˆ adjacency matrix ! a squared matrix, namelyA, of sizeN � N where N is the

number of vertices in the graph. In this matrix the presence of an edge between the
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i th and j th nodes is indicated withA i;j = 1, while its absence withA i;j = 0. Notice,

if the graph is undirected then the adjacency matrix is symmetric while this is not

true if the graph is directed. Moreover, in the case of weighted graphsA i;j = wi;j ,

with wi;j being the weight associated to that speci�c edge and it can be any number,

even negative

ˆ adjacency list: N lists of edges, each one indicating all edges associated to one

speci�c node. In case of weighted graphs, the value of the weight associated to each

edge should be reported too.

Figure 1.15: These are examples of adjacency list and adjacency matrix associated to the

graph in Fig. 1.14

Once the morphology of the graph has been de�ned, it is then possible to analyze it at

di�erent levels. There are properties that can be computed at the level of single nodes,

while other properties give a more comprehensive idea of the entire network behavior. For

example, some properties associated to individual nodes could be:

ˆ node degree! simple yet important property that refers to the number of edges

connected to a node. Vertices characterized by a particularly high number of con-

nections are calledhubsand they cover a special role in networks.

With directed graphs it's also possible to make the distinction between incoming

and outgoing edges, while in weighted networks the degree is obtained by summing

the weights of a node's connections.
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Figure 1.16: Here are a couple of examples of node degree.

ˆ clustering coe�cient ! gives a local portrait about how the edges are distributed.

It can also be interpreted as a measure of how close the neighbors of the particular

node are to form a fully connected graph, orclique. This coe�cient is computed as:

CN =
2e

k(k � 1)
(1.15)

whereN identi�es one of the nodes in the network,k is the degree of nodeN , and

e is the number of edges shared byN 's direct neighbors ifN wasn't present. With

directed graphs this measure is adjusted asCdir
N = Cundir

N =2.

Figure 1.17: Here are a couple of examples of how the clustering coe�cient is computed.
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ˆ centrality measures! they quantify the importance of a node within the network

of which they are part of, with the "most central" nodes being generally character-

ized by a higher degree and also covering more important roles. The centrality of

a node can be computed in di�erent ways, for example it's possible to talk about

eccentricity centrality [52], closeness centrality [41], and others.

One of the most interesting centrality measures is the shortest path betweenness

centrality, which is also the core of the Girvan-Newman community detection algo-

rithm [46], and it is computed as:

Cspb(v) =
X

s2 v^ s6= v

X

t2 v^ t6= v

� st (v) (1.16)

where � st (v) is the fraction of shortest paths between two nodes, namelys and t,

that pass through v out of all the possible ones, and summed over all the possible

pairs of nodes di�erent fromv. In weighted graphs this formula is slightly adjusted

to account for the weights associated to the edges which compose the shortest paths.

These instead are some examples of global measures which take into consideration the

graph as a whole, not focusing on individual nodes:

ˆ average shortest path distance! often computed because it allows to characterize

the network and it gives a good initial idea of its structure. This metric is simply

obtained by computing the lengths of the shortest path between all possible pairs

of nodes and then average them:

L(G) =
1

n(n � 1)

X

u;v2 V

d(u; v) (1.17)

with n being the number of vertices in the graph, andd(u; v) the distance between

two random nodes, namelyu and v. Similarly to what happens in centrality mea-

sures, in weighted graphs this formula can be slightly modi�ed to consider the edges'

weights.

ˆ degree distribution ! very important property for graphs and often used to com-

pare di�erent networks because it well portraits their structural characteristics. In

particular, it's well know in literature the di�erence between scale-free networks,

like the ones encountered in the biological or sociological �elds for example, and

random networks.
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Figure 1.18: These are two exempli�cations of node degree distribution: on the left the

example of a distribution obtained from a scale-free network, on the right the one obtained

from a random network.

On one hand, scale-free networks display a degree distribution that follows the power

law P(k) _ k� 
 , with a small portion of nodes characterized by a huge number of

connections while the majority of the remaining ones has only few links. On the

other hand, random networks show a completely di�erent degree distribution with

shape similar to a Gaussian, indicating that all nodes have more or less the same

number of connections.

This peculiar behavior of di�erent types of networks is also at the basis of the

de�nition of other properties like:

1. disassortativity: phenomenon which leads highly connected nodes to not form

any connection with each other as a defensive mechanism, observed especially

in biological networks

2. preferential attachment: tendency of new nodes that join a network to form

connections with other nodes that already have a great number of connections

[29], facilitating the formation of scale-free networks

3. small world: phenomenon widely know in sociology but also applicable to

biological networks. It states that, considering two random nodes of a network,

the number of edges that connects them is reasonably short, generally between

5 and 7.

1.5.2. Community detection and partitions

Given a graphG(V; E), the division of this graph into distinct, non-overlapping smaller

graphs is called partition and, more speci�cally, it's possible de�ne these sub-graphs as

communities if they display a cohesive behavior. In other words, communities should be
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characterized by a great number of connections between the elements of the same com-

munity (within-connections) while sharing only a limited number of links with elements

outside of their group (between-connections).

Figure 1.19: In this exempli�catory picture four di�erent communities of nodes have

been highlighted. Notice how the number of connections between members of the same

community is signi�cantly greater than the number of connections between the ones in

di�erent groups.

The topic of communities detection, which consists in creating a partition where each

cluster can be identi�ed as a community, has been studied for years by researches and

mathematicians, �nding many applications especially in the �eld of sociology [20]. In

particular, it is now worth mentioning the property of modularity in graphs which can be

mathematically de�ned as:

Q =
1

2m

X

ij

�
A ij �

ki kj

2m

�
� (Ci ; Cj ) (1.18)

The main idea is that the modularity of a network increases when the number of within-

connection in each community is far superior that the number of between-connections

and vice versa. Unfortunately, the best possible partition into communities cannot be ob-

tained by trying all the possible sub-divisions because that would be too computationally

demanding, especially when working with networks with millions of nodes. For this reason

over the years multiple di�erent heuristic solutions and algorithms have been developed
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to highlight the presence of communities within a network, some of them directly exploit

the concept of modularity while others use di�erent methods as explained in section 3.10.

Instead, for a more in-depth description of modularity and its use, please see section

3.11.1.
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2| Aim of the study

Over the last few years, the applications of graph theory in the �eld of neuroscience have

been adopted more and more as this branch of mathematics is perfectly suited to describe

both functional and structural relationships between di�erent brain regions [133]. Pre-

vious studies [87] have already attempted to use graph theory and community detection

concepts to cluster healthy subjects and schizophrenia patients in a completely unsuper-

vised way. However, to the best of our knowledge, a similar approach has never been

adopted before to group HC and patients with mood disorders (i.e., MDD and BP), of

which accurate early diagnoses are still lacking. Moreover, in the cited work only brain

functional data has been employed to evaluate the inter-subject similarity, while recent

studies [21] demonstrated the great potential of multimodal approaches which combine

di�erent type of data to enhance the strength of the analysis and possibly unveil new

information.

Within this framework, the aim of this study is to develop a robust, fully data-driven

pipeline leveraging multimodal neuroimaging, graph theory, and community detection

techniques to achieve an e�ective strati�cation of HC, MDD, and BP subjects. More

speci�cally, an inter-subject network-of-networks model is constructed, where each node

represents a di�erent subject, starting from the subjects' functional (fMRI) and/or struc-

tural (DTI) brain connectivity information. Subsequently, community detection algo-

rithms are adopted to partition the inter-subject network into modules, sub-graphs char-

acterized by a great number of intra-community connections and only few inter-community

ones, which represent the groups of subjects who share similar brain connectivity pro�les,

and statistical tests are employed to evaluate the statistical signi�cance of the labels dis-

tribution across the identi�ed clusters.

To improve the quality of our analysis, di�erent multimodal DTI-fMRI data integration

approaches - such as similarity network fusion (SNF) and functio-structural current (FSC)

analysis - are adopted to merge the information associated to both functional and struc-

tural data. Moreover, to ensure a solid and reliable pipeline, we systematically evaluate

multiple inter-subject similarity measures and community detection algorithms. Progres-

sive thresholding analyses are also conducted to obtain the optimal working framework,
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which is selected as the one yielding the greatest partition modularity. Lastly, the ob-

tained partitions are further examined based on their group distributions, identifying those

that most re�ect the diagnostic label; lastly, the relevance of individual brain regions in

distinguishing between groups is assessed through single-ROI ablation studies.
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3| Materials and methods

3.1. Patients and data acquisition

The data used to carry out this work was obtained by combining patients taken from

three di�erent datasets which have been acquired over the years at Fondazione IRCCS Cà

Granda Ospedale Policlinico di Milano for the development of as many di�erent research

projects:

1. MOODLEARNING project ! is a project started in 2018 and titled "Classifying

unipolar versus bipolar depression: an innovative diagnostic support system based on

clinical features and genetic, in�ammatory and neuroimaging biomarkers" funded

by the Italian Ministry of Health (grant n. GR-2018-12367789) which saw the col-

laboration between Ospedale San Ra�aele - Milan, with Dr. Irene Bollettini as

principal investigator (PI), and the unit of psychiatry, directed by Prof. Paolo

Brambilla, at Fondazione IRCCS Ca' Granda Ospedale Maggiore Policlinico, with

Dr. Ing. Eleonora Maggioni as scienti�c manager (SM). This is the only dataset

which contains data associated to patients with bipolar disorder (BP), and it is also

largest among the three considered datasets as it comprises a total of 40 patients of

which 21 are healthy controls (HC), 10 with BP, and 9 major depressive disorder

patients (MDD).

MOODLEARNING HC MDD BP

No. of subjects 21 9 10

Gender(M/F) 11/10 3/6 7/3

Age (years, mean� std) 29,3 � 7,8 50,0� 7,4 51,9� 9,6

Table 3.1: MOODLEARNING subjects' demographic characterization

2. DEPTYPE project ! is a project launched in 2019 and titled "Improving health care

in major depressive disorder: a new prognostic tool based on gene-environment and
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neuroimaging signatures" funded by the Italian Ministry of Health (grant n. GR-

2019-12370616) was carried out thanks to the joint e�ort of University of Bologna

(PI: Chiara Fabbri), Ospedale San Ra�aele - Milan (PI: Dr. Benedetta Vai) and Fon-

dazione IRCCS Ca' Granda Ospedale Maggiore Policlinico (SM: Dr. Ing. Eleonora

Maggioni). Since DEPTYPE dataset comprises only MDD, a subset of the total

DEPTYPE dataset have been considered in this work. Indeed, considering MDD

DEPTYPE subjects we were able to balance out the number of HC and MDD pa-

tients.

DEPTYPE MDD

No. of subjects 10

Gender(M/F) 6/4

Age (years, mean� std) 48,1 � 13,2

Table 3.2: DEPTYPE subjects' demographic characterization

3. RADAR project ! initiated in 2017 thanks to the collaboration among Università

degli Studi di Milano Statale (PI: Prof. Elena Battaglioli) and Fondazione IRCCS

Ca' Granda Ospedale Maggiore Policlinico (Leader: Dr. Mauri Massimo), funded

by Fondazione Cariplo (grant n. 2016-0908), and titled "Role of LSD1 in Aging-

Dependent Epigenetic Drift Leading to Frailty-Associated Mood Disorders". A total

of 23 subjects from the original RADAR dataset have been included in our study,

comprising 9 HC and 14 MDD patients. However, di�erently from the individuals

present in the two previous datasets, the RADAR participants were recruited in

their late adulthood (50-90 years); moreover, patients are a�ected by adult-onset

MDD (> 45 years); this means that on average they are older with respect to the

MOODLEARNING and DEPTYPE subejcts.

RADAR HC MDD

No. of subjects 9 14

Gender(M/F) 4/5 8/6

Age (years, mean� std) 66,3 � 10,5 67,1� 6,89

Table 3.3: RADAR subejcts' demographic characterization

All the studies introduced above have been approved by the ethical committee at Fon-

dazione IRCCS Ca' Granda Ospedale Maggiore Policlinico and, as demanded by inter-
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national ethical guidelines, all subjects involved were asked to provide written informed

consent.

Considered the above mentioned datasets, the actual work considered the brain character-

istics extracted from the T1-weighted structural MRI images, DWI images, and rs-fMRI

images. In the following tables are reported all the acquisition parameters for the MRI

and DWI data.

Parameter Value

Sequence Time �eld echo

Repetition time (TR) 8 ms

Echo time (TE) 4 ms

Flip angle 8°

Voxel size 1 x 1 x 1mm3

In-plane matrix size 256 x 256

Number of slices 180

Table 3.4: Structural MRI acquisition parameters

Parameter Value

Sequence EPI

Repetition time (TR) 2500 ms

Echo time (TE) 30 ms

Flip angle 90°

Voxel size 2 x 2 x 2mm3

In-plane matrix size 128 x 128

Number of slices 60

Table 3.5: rs-fMRI acquisition parameters
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Parameter Value

Sequence SE-EPI

Repetition time (TR) 5.5 s

Echo time (TE) 90 ms

Flip angle 90°

Voxel size 2 x 2 x 2mm3

In-plane matrix size 128 x 128

Number of slices 60

Table 3.6: DTI acquisition parameters

3.2. Functional MRI preprocessing

The brain volumes have been converted from DICOM to NIFTI format using thedicm2nii

MATLAB function [75]. As shown in the following image, the connectivity matrices are

obtained in MATLAB after a step of preprocessing. More speci�cally, in this section

we focus on the preprocessing of fMRI images, while the one applied on DTI images is

described in the following section 3.5.

Figure 3.1: Here is a recap of the steps performed during preprocessing and the software

employed to obtain the connectivity matrices.
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The preprocessing of fMRI images was performed using HALFpipe [144], a publicly avail-

able software developed by ENIGMA, an international association of experts in neurology,

imaging, and genetics that cooperate to investigate the structure and the functionalities

of the brain. The idea behind the development of HALFpipe or "Harmonized Analysis

of Functional MRI pipeline" was to o�er a standardized processing pipeline for fMRI im-

ages, limiting the phenomenon ofanalytic �exibility [106], enhancing the reproducibility

of experiments, and allowing the comparison of their results. Moreover, this tool was

built upon an already available, well established, python-based pipeline for neuroimaging

called fmriprep [30], to which a series of new functionalities have been added from other

software likeNipype [49], FSL [63, 149], andFreeSurfer [34].

To use HALFpipe it's su�cient to provide the fMRI volumes of the selected patients

coupled with their respective T1-weighted structural MRI. Older versions of this soft-

ware required the input images in BIDS while now this is not necessary anymore since it

can autonomously convert them in the proper format. Initially, as showed in �gure 3.2,

structural and functional volumes are processed separately:

ˆ structural images ! correction of artifacts and segmentation of brain tissues to

isolate the brain from the surroundings (skull stripping)

ˆ functional images! removal or attenuation of head motion and susceptibility dis-

tortions.

At this point, since our ROIs of interest and the fMRI volumes are de�ned in two di�erent

spaces, it's necessary to obtain the mathematical transformation that allows to map the

adjusted patient-speci�c fMRI volumes from BOLD to standard space, which HALFpipe

considers as theMNI152NLin2009cAsymtemplate [58]. Similarly to what happens during

the preprocessing of DTI images, (see further section 3.5), the transformation from BOLD

to standard space can be computed through a three-step process:

1. compute the transformation to go from BOLD to structural space. Since both

functional and T1-weighted images refer to the same patient, a linear transformation

is su�cient in this case

2. compute the transformation to go from structural to standard space. Di�erently

from the previous step, since the structural volume is subject-speci�c while the

volume of the template is �xed and doesn't change for every patient, in this case

a linear transformation would not be su�ciently accurate and a non-linear one is

computed instead

3. combine the two previous transformations into one single operator that can be used
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to go directly from BOLD to standard space.

Furthermore, before applying the transformation cited above the fMRI volume obtained

following the previous steps has been further re�ned applying: a spatial smoothing �lter

with FWHM of 6 mm, grad mean scaling with default value of 10000.0, and a Gaussian-

weighted temporal �lter with FWHM of 125 s to reduce the e�ects of sharp �uctuations.

Figure 3.2: Here are displayed all the steps performed by HALFpipe during the prepro-

cessing of fMRI images.

Once the unwarped and �ltered fMRI volume has been mapped in the proper space, it's

possible to proceed with the last preprocessing step called denoising. This step is useful to

remove any residual source of noise that could be still present in the data. Some valid ex-

amples could be artifacts related to the equipment used to record the images like thermal

agitation or spurious radio frequency spikes, while others could be related to physiological

processes like the heart beat or respiration.

HALFpipe makes the process of denoising quite simple since the contribution of non-

neuronal �uctuations can be removed through linear regression. Indeed, the time series

of multiple nuisance regressors are automatically computed byfMRIPrep for each pa-

tient during the preprocessing steps, then they are separately stored in a speci�cTSV

�le. The confound regressors considered by fMRIPrep generally include head motion, the

global signal (computed as the average across the entire brain), the average white matter

(WM) and cerebrospinal �uid (CSF) signals, and other noise components obtained with

independent component analysis (ICA). The denoising pipeline applied in this work is

coherent with the framework described by Go� et al. [48], focused on the removal of

the �uctuations associated to CSF, WM, and global signals. Thus, this pipeline has been

proved to be the most e�ective when working with rs-fMRI images.
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Figure 3.3: Here is displayed an fMRI volume completely preprocessed using HALFpipe

following the steps previously described. From left to right: axial, frontal, and sagittal

views.

Before proceeding with further processing steps, it's usually good practice to perform

a qualitative evaluation of the fMRI preprocessed data. When used, HALFpipe always

produces by default a series of �les and images that can be used to manually check if the

preprocessing went smoothly and the images obtained correspond with the expectations.

Since this step is not automatized and therefore depends on the experience of the user, it is

de�nitely important to spend some time to ensure that low quality images are discarded,

otherwise they could compromise the integrity and quality of the results obtained from

their subsequent analysis.

Finally, other than preprocessed fMRI images, HALFpipe can also be used to compute

some subject-level features within its own environment such as: dual regression, atlas-

based connectivity matrices, regional homogeneity (ReHo), and others. Even though

this speci�c functionality of the software has not been used in this project, it was worth

mentioning it. For further information, all the material necessary to download and use

ENIGMA HALFpipe is freely obtainable here [143].

3.3. Atlas-based parcellation

The process of parcellation consists in assigning each voxel of the brain to its respective

brain unit or parcel. These units also take the name of regions of interest (ROIs) and

their identi�cation is actually a trivial task due to the inter-individual variability and the

lack of e�ort to reach a de�ned gold standard. Moreover, as also described in [5], the

choice of the atlas should be coherent with the performed analysis since there there is no

atlas's gold standard de�ned yet.

Within this project multiple atlases to perform brain parcellation of MRI and DWI data
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have been �rstly considered:

1. Brainnetome atlas [31] proposed in 2016, with a total of 246 regions

2. Power atlas [108] proposed in 2011, with a total of 264 regions

3. Schaefer atlas [127] proposed in 2017, with a total of 400 regions

However, all the atlases above o�er a parcellation of the brain that is too �ne-grained for

our purposes because when the ROIs are too small it becomes harder to extrapolate the

time series necessary to obtain the correlation matrices as explained in 3.4.

Therefore, the �nal choice of parcellation applied in this work has been carried out using

the automated anatomical labeling 3 (AAL3) [116], which is one the most up to date

atlases as it was introduced in 2020 by Rolls and colleagues. This atlas subdivides the

human brain in 166 ROIs and it's actually a newer, updated version of its predecessor

AAL2 [115], presented in 2015 again by Rolls and colleagues, which in its turn was based

on previous studies published by Tzourio-Mazoyer and colleagues [138] in 2002.

We selected all AAL ROIs except for the ones located in the cerebellum and vermis, 26

regions in total, which were not covered by the fMRI volumes in some or all subjects.

Moreover, four additional ROIs have been removed: two are speci�c sub-regions of the

thalamus called reuniens, while the other two are the left and right lateral orbital gyri

located in the frontal lobe. These regions have been excluded since they are very small

and often lost during registration. As a result, the total number of signi�cant regions of

interest that has been used in this work is 136.

Figure 3.4: An example of brain parcellation using the AAL3 atlas where each ROI is

highlighted with a di�erent color. The views going from left to right are: sagittal, coronal,

and transverse.

All the material necessary to use the AAL3, like the atlas volume innifti format and the
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list of ROIs with their volumes, is available online and it can be freely downloaded. The

complete list with all the ROIs that are originally included in AAL3 is also available in

appendix A. After obtaining all the necessary �les, thanks to MarsBar [15] and MATLAB

it was possible to export the volume in standard space and create a series of custom masks,

each one associated to a speci�c ROI, which were later used to extract the respective time

series.

3.4. Functional connectivity (FC) matrix

Considering one single subject, the �rst step to obtain the FC connectivity matrix from

the related preprocessed fMRI images is to extrapolate the BOLD signal for each single

region of interest. This signal indicates the activation of a speci�c region of the brain

over time and it can be easily computed in MATLAB thanks to the ROI masks obtained

as described in section 3.3. More speci�cally, the value of a time series associated to a

speci�c ROI at a speci�c time instant t is equal to the average of the BOLD values of all

the voxels that are part of the ROI at that speci�c t. In other words, considering that

a total of 200 volumes have been recorded for each patient and the overall number ROIs

considered is 136, each patient is now being associated with a matrix composed by 136

time series for each of the 200 volumes.

Now, the FC matrix can be obtained by computing the Pearson's correlation coe�cient

between the time series of each possible pair of ROIs:

� (X; Y ) =
Cov(X; Y )

� A � B
=

1
N � 1

NX

i =1

(X i � X )(Yi � Y)
q

(X i � X )2(Yi � Y)2
(3.1)

whereN is the length of the time series, whileX and Y represent the BOLD signals of two

di�erent ROIs with mean value X and Y and standard deviation� X and � Y respectively.

In the end, a 136� 136 matrix is obtained for each subject which coincides with the

subject-level FC matrix.
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Figure 3.5: Here are displayed two examples of FC connectivity matrices obtained from

di�erent patients.

It should be noted that, as expected from its mathematical formulation, the Pearson's

correlation coe�cient is always bounded in the[� 1; 1] interval.

Finally, it is worth mentioning that generally researchers mainly focus on positive cor-

relations because they can be easily interpreted: a pair of ROIs characterized by a high

correlation coe�cient will display similar activation patters over time. On the contrary,

interpreting a negative Pearson correlation coe�cient in a FC matrix can be challeng-

ing because it suggests an inverse relationship between brain regions�when one region's

activity increases, the other's decreases. During cognitive tasks, negative correlations

between the DMN and task-activated networks are often observed. However, negative

correlations can also arise due to various factors, including global signal regression (which

can arti�cially introduce anti-correlations), noise, or indirect interactions rather than true

inhibitory relationships. Therefore, in the literature, most studies focus primarily on pos-

itive correlations, as they are more straightforward to interpret in terms of synchronized

neural activity and network integration.

However, over the last few years the topic of negative correlations within FC matrix has

gained more and more interest within the scienti�c community, which led to the study of

this phenomenon and the publications of related papers. For example, in [152] a group

or researchers demonstrated that it was possible to obtain similar results considering ei-

ther positive or negative correlations alone, showing that also negative correlations can

be quite informative.
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Figure 3.6: In this picture are represented all the crucial steps adopted to obtain the

connectivity matrices. First, apply parcellation using the atlas of choice, then use the

parcellation to extract the time series data associate to each ROI, �nally compute Pearson

correlation between all possible couples of ROIs to obtain the connectivity matrix.

3.5. DTI preprocessing

The preprocessing of di�usion images was accomplished using the FMRIB software library

(FSL) [63, 149]. Developed at Oxford university, this application comprises a long list of

useful tools that can be used when working on MRI, fMRI, or DTI images. In particular,

in this section we provide a clear explanation of all the preprocessing steps and all the

employed tools with the goal of facilitating the replicability of our work.

As also speci�ed in section 3.2, before using any FSL tool brain volumes have been

converted from DICOM to NIFTI in MATLAB.

1. TOPUP ! this tool allows to correct the acquired volumes for susceptibility in-

duced artifacts, created by the interaction between human tissues and the static

magnetic �eld (B0), and movements artifacts, mainly due to the duration of the

acquisition. These artifacts are relevant because they ultimately lead to a mismatch

between the real anatomy of the patient, as portrayed by the T1 structural images,

and the one represented by the di�usion images.

In the context of this project, every patient is associated with two di�erent 4D dif-

fusion volumes acquired with anti-parallel phase-encoding (PE) directions. More

speci�cally for a single patient, only one of the two volumes is informative as it

was obtained after a longer acquisition with anterior-to-posterior (AP) PE direc-

tion, namely subXXX_dti_dir.nii , while the other one derives from a much shorter

acquisition with posterior-to-anterior (PA) PE direction and it has been recorded

only to be used for artifacts correction, namelysubXXX_dti_reverse.nii . Before

proceeding with topup the B0 volumes of each acquisition have to be extracted ac-
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cordingly with their PE direction and concatenated along the time dimension (-t).

This can be achieved thanks to the combined use offslroi to extract the exact vol-

umes (AP.nii and PA.nii ), and fslmerge to merge them into a single �le, namely

AP_PA.nii.gz .

fslroi ${ l ine } _dti_dir .nii AP 0 2

fslroi ${ l ine } _dt i_reverse .nii PA 0 2

fslmerge -t AP_PA AP.nii PA.nii

Then, topup [4, 131] exploits the di�erence between the acquisitions (PE direction)

to estimate both movement and susceptibility artifacts, and it will try to remove

them by applying a transformation that maximizes the similarity between the two

4D volumes. This process ultimately boils down to a classic optimization problem

where the similarity between the undistorted images is computed as the sum-of-

squared di�erences.

topup -- imain=AP_PA.nii .gz --datain = acq_param . txt

-- config =b02b0 .cnf --out= AP_PA_topup

ˆ INPUT:

(a) AP_PA.nii : contains both the two former 4D volumes concatenated and

it is obtained as the output of fslmerge

(b) acq_param.txt : a simple text �le in which each line contains information

about a di�erent acquisition such as the PE direction along the x, y, and

z axis and the read-out time

(c) b02b0.cnf : a prede�ned �le already present in FSL libraries which con-

tains con�guration parameters purposely created to work with most of

di�usion data.

ˆ OUTPUT:

(a) AP_PA_topup_movpar.txt: a text �le with rototranslational coe�cients

that quantitatively describe the distortions along and around the axis.

(b) AP_PA_topup_fieldcoef.nii.gz : an image �le (�gure 3.7) containing the

spline-representation of the distortion �eld obtained by convoluting the ac-

tual �eld with a spline kernel.
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Figure 3.7: Here is displayed an example of the distortion �eld estimated on one of our

patients. Going from the left to the right: axial, frontal, and sagittal view.

After running topup and successfully estimating the distortion �eld it is �nally pos-

sible to adjust the informative volume, namelysubXXX_dti_dir.nii , by removing

the artifacts with applytopup.

applytopup -- imain=${ line } _dti_dir .nii -- inindex =1

--datain = acq_param . txt -- topup= AP_PA_topup

--method = jac --out= AP_cor

ˆ INPUT:

(a) ${line}_dti_dir.nii : is equivalent to thesubXXX_dti_dir.nii �le sim-

ply rewritten with bash notation

(b) --inindex=1 : indicates the the row of theacq_param.txt �le previously

passed to topup and the position in the topup �les that correspond to the

volume here speci�ed in--imain

(c) acq_param.txt : see TOPUP above

(d) AP_PA_topup: base-name of the two �les obtained in output from topup

and it should correspond to what was speci�ed above in--out

(e) --method=jac : speci�es which resampling method should be used. In this

case the speci�ed method leads to the application of a kernel-based, cubic

spline interpolation.

ˆ OUTPUT:
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(a) AP_cor: base-name of the image �les obtained in output which contain

the adjusted images.

2. BET ! which stands for "brain extraction tool" [130] allows to easily isolate brain

material in mri volumes from the surrounding tissues such as the skin or the skull.

This process is actually performed only on the �rst 3D volume contained in the

AP_cor.nii.gz �le, namely AP_1stVol.nii.gz , which is extracted again usingfslroi.

fslroi AP_cor .nii .gz AP_1stVol 0 1

bet AP_1stVol .nii .gz AP_brain -m -f 0.2

The other parameters speci�ed when launching bet have the following roles:

ˆ -f : sets the fractional intensity threshold which can assume any value in the

interval [0; 1]. The higher the threshold value the more we are being selective

and the higher the chance of deleting some parts of the brain. There is no

correct way to establish the proper value, but it necessary to perform multiple

trials and inspect the results until they are satisfying. In our case the threshold

was set to 0.2

ˆ -m: instructs bet to produce also as output a binary mask for the brain where

voxels are set to 1 if they contain brain material and 0 otherwise. The result

is stored in theAP_brain_mask.nii �le.

Figure 3.8: The �rst image on the left is the axial view of one slice of the �rst volume in

the informative set. After applying BET, the result is the isolation of brain volume from

the surrounding tissues and its respective binary mask.

3. EDDY ! tool [3] used to correct circulating currents, named eddy currents, origi-

nated by the fast twitching of the gradients coils and local magnetic �eld �uctuations

during the acquisition of di�usion images. These currents ultimately lead to either a
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geometric distortion and misalignment between di�erent slices, or shifts in intensity

and location of the di�usion signal.

Before running eddy there is one additional preparatory step that is mandatory.

Create a text �le, namely index.txt, which simply contains a column ofn ones where

n is the number of volumes acquired and stored insubXXX_dti_dir.nii . These num-

bers simply indicate the line of theacq_param.txt �le associated with the volume

that will be provided in input.

eddy -- imain=${ l ine } _dti_dir .nii

--mask= AP_brain_mask .nii -- index= index . txt

--acqp= acq_param . txt --bvecs=${ line } _dti_dir . bvec

--bvals=${ line } _dti_dir . bval -- fwhm =0

-- topup= AP_PA_topup -- flm= quadrat ic

--out= AP_eddy_unwarped --data_is_shel led

ˆ INPUT:

(a) ${line}_dti_dir.nii : see TOPUP above

(b) AP_brain_mask.nii : binary mask of the brain previously obtained with

BET

(c) index.txt : text �le created ad hoc before running eddy as previously

described

(d) acq_param.txt : see TOPUP above

(e) ${line}_dti_dir.bvec and ${line}_dti_dir.bval : indispensable text

�les which contain information about the intensity and direction of the

gradients used during the acquisition process. In particular,.bval contains

one value, called b-value, per volume acquired indicating the strength of

the di�usion gradient applied, while .bveccomprises information about the

direction of the latest.

(f) --fwhm=0: parameter for a preliminary Gaussian �lter to be applied before

the analysis (0 is default)

(g) AP_PA_topup: indicates the base-name of the �les previously obtained in

output from topup

(h) --flm=quadratic : de�ne the complexity level of the interactions between
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the gradients along the x, y, and z-axis which create the distortion �eld.

The choice of a quadratic model for these interactions generally performs

as good as the ones of higher degree while requiring a lower computation

e�ort.

ˆ OUTPUT:

(a) AP_eddy_unwarped.nii.gz : 4D nifti �le containing the corrected volumes

ready for further processing

(b) AP_eddy_unwarped.eddy_parameters: text �le with parameters describ-

ing the distortion �eld of each volume.

Figure 3.9: In this picture it's possible to appreciate how the original di�usion images

have become after correcting the artifacts with topup and eddy

4. BedpostX ! which stands for Bayesian estimation of di�usion parameters ob-

tained using sampling techniques" is a tool capable of estimating the posterior proba-

bility distribution of di�usion data. To achieve this, bedpostx uses the Markov chain

Monte Carlo (MCMC) algorithm due to its capability of handling uncertainty within

the data. Moreover, di�erently from other simpler models, the method adopted in

bedpostx can perform multi-�ber estimation [10] within each voxel making it more

suitable due to the nature and position of brain �bers.

bedpostx_gpu .. path ../ data4bedpostx --nf=2 -- fudge =1

--bi =1000

ˆ INPUT:

(a) ..path../data4bedpostx : represents the path to a folder which was cre-

ated ad hoc and it contains all the �les necessary to run bedpostx such
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as: the corrected images (AP_eddy_unwarped.nii.gz ), the brain mask

(AP_brain_mask.nii ), and the associatedbvec and bval �les

(b) --nf=2 : sets the maximum number of �bers to �t per voxel

(c) --fudge=1 : parameter associated with the automatic relevance determi-

nation (ARD) tool which establishes the number of �bers present in each

voxel

(d) --bi=1000 : sets the number of initial steps to be discarded when using

MCMC algorithm.

ˆ OUTPUT:

(a) creates a new folder containing a long list of �les which are necessary to

properly describe the di�usion probability distribution and to proceed with

the next tool (probtrackx) and tractography.

The use of this tool was also facilitated by the use of Nvidia GPUs that made the

computation signi�cantly faster [55].

5. Registration ! considering that our goal is to obtain for each patient a correlation

matrix associated with the structural properties of the subject's brain, namely struc-

tural connectivity matrix (SC), and knowing that this matrix is computed through

atlas parcellation (see 3.3), it's necessary to adapt the atlas ROIs to the subject-

speci�c di�usion images while being in the same space or coordinate system. The

process that allows to achieve this is called registration and it's necessary before

proceeding with probabilistic tractography. More speci�cally, to be able to pass

from the di�usion images coordinate system, namely di�usion space, to the ROIs

coordinate system, namely standard space, two separated transformation steps are

required: one linear transformation from di�usion to structural space (generally lin-

ear is su�cient here), and one non-linear transformation from structural to standard

space.

The steps that have been performed to complete the registration process are the

following:

5.1) usefslroi to extract the �rst 3D volume from the artifact corrected nifti �le

previously obtained in output from eddy

5.2) use�irt , a linear image registration tool, to compute the transformation matrix

between di�usion and structural space (linear_diff2str.mat ). It requires in

input a structural volume of reference and the nifti �le obtained with fslroi in
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the previous step. Additionally, it's possible to specify the transformation's

degrees of freedom which in this case was set to 6.

As suggested in the FSL online user guide, it was decided to not use the

di�usion images obtained from bet as reference because, due to their low reso-

lution, they could invalidate the results of the transformation process. Instead,

we decided to use the T1-weighted volume, which has much higher resolution,

multiplied voxel-per-voxel by the subject's brain binary mask that was ob-

tained as one of the outputs of Halfpipe while performing fMRI preprocessing

(see section 3.2). An example of this method is provided in the following picture

Figure 3.10: Here it's showed the process used to obtain the structural volume of reference

passed in input to �irt.

5.3 usefnirt , a non-linear image registration tool, to estimate the transforma-

tion between structural and standard space which will be stored in a 4D nifti

�le ( fnirt_str2std.nii.gz ). It requires in input the MNI152 T1 standard

volume as reference with its associated binary mask and an initialization of

the non-linear transformation, obtained again with�irt , which is similar to

the one from the previous step, but with 12 dof instead of 6 and stored in

affine_str2std.mat

5.4 now the linear and non-linear registrations can be combined into one single

operator which can be used to move from di�usion to standard space without

intermediate steps. FSL provides a speci�c tool calledconvertwrap that can

be used to combine the two transformations and store the result in 4D nifti �le

(diff2std.nii.gz )

5.5 the backward transform which goes from standard to di�usion space can be

easily computed as the inverse of the combined registration obtained in the

previous step using theinvwarp tool. The inputs are the di�usion volume

obtained in step 5.1 and the combined transform stored indiff2std.nii.gz ,

while the output is the std2diff.nii.gz �le which contains the coe�cients of
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inverse transform

5.6 in the last step we �nally perform the actual registration by applying the trans-

formation previously computed to map the ROIs from standard to di�usion

space. The tool used for this �nal step is calledapplywarpwhich requires the

di�usion images obtained in point 5.1 as reference, the nifti �le of the ROIs in

standard space, and thestd2diff.nii.gz �le which contains the coe�cients

necessary to apply the transformation. Finally, the reult will be stored in a 3D

nifti �le which contains the brain ROIs transposed in di�usion space.

Figure 3.11: On the left of the dashed line one speci�c di�usion image with its associated

slice representing the ROIs mapped in di�usion space, on the right the analogous images

but extracted from the volumes of a di�erent subject. From the picture it's possible to

appreciate that the ROIs, even if similar between each other, have been translated into

the di�usion space accordingly with their respective volume of reference.

As also stated in section 3.3, after some considerations a few of the brain regions

originally present in the AAL3 atlas have been discarded. Therefore, in order to

reduce the overall computational burden, those ROIs were already excluded from

the nifti �le passed in input to applywarp.

For simpli�cation purposes only the most important inputs required by these tools

have been reported here. A more through example about the use of the registration

tools can be found in appendix B.

6. ProbtrackX ! tool available in FSL, widely used to perform probabilistic tractog-

raphy and study brain connectivity. Thanks to the probability density of di�usion

data previously estimated with bedpostx, this tool proceeds voxel-by-voxel along the

principal di�usion direction and iteratively samples data from those distributions to
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generate the streamlines and reconstruct white matter (WM) �bers. More specif-

ically, in this work the focus is the structural connectivity between di�erent brain

regions which strictly depends on the number of streamlines that generate from a

speci�c ROI and reach another speci�c ROI. The higher the number of tracts that

connect two ROIs the stronger the connectivity.

probtrackx2_gpu --network -x masks . txt - l

-- onewaycondit ion --pd -c 0.2 -S 2000

-- steplength =0.5 -P 5000 -- f ibthresh =0.01

--distthresh =0.0 -- sampvox =0.0

--xfm= std2diff . nii .gz -- invxfm= diff2std .nii .gz

-- forcedir --opd -s ${ l ine }. bedpostX / merged -m

${ line }. bedpostX / nodif_brain_mask

--dir =../ working_directory

ˆ INPUT:

(a) --network : speci�es to adopt a network-based approach where the ROI-

to-ROI connectivity is computed

(b) masks.txt : text �le containing the path to the mask of each ROI (sepa-

rately obtained using MATLAB)

(c) -l : can be used to limit the streamline maximum length

(d) --onewaycondition : trace �bers only in one direction, consider only uni-

lateral connections between ROIs

(e) --pd : indicates to adjust the count of streamlines for distance from the

seed mask as described in [117]

(f) -c : minimum cosine curvature threshold which in our case was set to 0.2

or � 80°

(g) -S: maximum number of iterations if the stopping criteria has not been

ful�lled yet which was set to 2000

(h) --steplength : size of each step in millimeters, 0.5 in our case

(i) -P: de�nes for each voxel the number of streamlines that should be gener-

ated, �xed at 5000

(j) --fibthresh : speci�es the volume fraction threshold, left at default value
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(k) --distthresh : minimum total streamline length threshold, left at default

value

(l) --sampvox: can be used to change the initialization of the streamline from

the voxel centre to a shpere of points around it. In our case it wasn't done

(m) --xfm and --invxfm : de�ne the path to the two �les containing the trans-

formation from di�usion to standard space and vice versa, respectfully

stored in thediff2std.nii.gz and std2diff.nii.gz �les previously ob-

tained after registration

(n) --opd : creates a 3D nifti image where the value associated to each voxel

refers to the number of streamlines passing through it

(o) -s : path to all �les produced by bedpostx with base namemergedwhich

contain information about the di�usion probability distribution

(p) -m: binary brain mask previously obtained using bet

(q) --dir and --forcedir : specify the path where the output �les will be

saved without adding anything.

ˆ OUTPUT:

(a) fdt_networn_matrix : generic �le containing theN � N connectivity ma-

trix where N is the number of speci�ed ROIs. Each coe�cient of this

matrix represents the number of streamlines connecting the two respective

ROIs

(b) fdt_paths.nii.gz : 3D nifti �le which represents, for each voxel, the num-

ber of tracts that reached it

(c) masks.txt : same text �le passed in input with -x

(d) NumSeeds_of_ROIs: generic �le which speci�es the number of seeds asso-

ciated to each ROI

(e) probtrackx.log : text �le similar to a summary which contains all the

details related to a previous use of probtrackx

(f) waytotal : generic �le which reports the total number of accepted gener-

ated streamlines per ROI.
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Finally, similarly to bedpostx, this preprocessing step was supported by the use of

Nvidia GPUs [54].

Figure 3.12: In this �gure is provided an example of the resulting WM streamlines gener-

ated by ProbtrackX. The MATLAB colormap "hot" was applied to the images presented

purely for visualization purposes. From the left to the right: axial, frontal, and sagittal

view.

The use of FSL and all of its tools has been automated by launching a series of bash

scripts in a Linux (Ubuntu 20.04.5 LTS) environment without any use of the GUI. The

overall average time required to perform DTI preprocessing for each single patient varies

between 50 and 55 minutes.
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Figure 3.13: This diagram represents the whole DTI preprocessing pipeline adopted. Due

to spatial constraints the registration steps have been condensed here, but a more in depth

representation can be found in �gure 3.14
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