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Abstract

Diffusion Magnetic Resonance Imaging is an advanced MRI technique that maps the
three-dimensional diffusion of water molecules within brain tissue. This technique is
particularly effective for reconstructing White Matter fibre pathways and brain struc-
tural connectivity. In this work, two multi-shell diffusion acquisition protocols were used:
the standard extended NODDI protocol, which employs two b-values (“shells”), and the
novel connectome protocol, with four b-values. The additional shells in the connectome
protocol provide enhanced details of brain tissues, which are crucial for accurate connec-
tome reconstruction. The novel protocol was tested and validated using both phantom
and in-vivo data acquired with 3T scanners at two sites. Data were analysed by fit-
ting Diffusion Tensor Imaging (DTI) and Bingham-NODDI models. Phantom results
demonstrated excellent temporal stability for each protocol and strong agreement be-
tween them, with Coefficients of Variation (CVs) below 2%. In-vivo results confirmed
the accordance between the protocols and showed good inter-site reproducibility, with
no systematic bias detected in the Bland-Altman analysis. Following these validations,
microstructure-weighted connectomes were reconstructed from the connectome protocol
data. The connectomes were modelled as 3D networks, with edges weighted by Fractional
Anisotropy and Mean Diffusivity indices derived from DTI fit, and by Intra-Neurite and
Extra-Cellular Volume Fractions from Bingham-NODDI fit. Network metrics extracted
from FA-, MD- and INVF-weighted connectomes showed low CVs and no systematic bias
across sites, except for modularity. The ECVF-weighted connectome exhibited slightly
worse inter-site reproducibility. In summary, these findings highlight the stability and
reliability of the connectome protocol and the robustness of the connectome construc-
tion process, validating their use for investigating connectome properties in neurological
diseases such as Multiple Sclerosis.
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Introduction

Magnetic Resonance Imaging (MRI) is a non-invasive imaging technique that leverages
the Nuclear Magnetic Resonance (NMR) phenomenon of atomic nuclei, typically of hy-
drogen protons, to generate detailed images. Speci�cally, MRI uses strong magnetic
�elds, magnetic �eld gradients, and radio-frequency (RF) pulses to align nuclear magne-
tization, spatially encode the signals, and perturb the aligned spins, ultimately inducing a
detectable signal that is processed to generate the images [16]. The development of MRI
techniques for medical investigation has provided signi�cant advancements in medical
diagnostics, enabling detailed imaging without exposing patients to potentially harmful
ionizing radiation [17]. As a result, MRI has become a fundamental tool in medical
imaging, with particularly important applications in areas like neuroimaging [18].

Di�usion Magnetic Resonance Imaging is an advanced MRI technique that allows for
the characterisation of three-dimensional di�usion of water molecules inside the human
brain on a distance scale comparable to that of typical cellular structures. In the Central
Nervous System, water di�usion is considered, in �rst approximation, isotropic in Grey
Matter (GM) and Cerebrospinal 
uid (CSF), meaning that their physical properties don't
depend on the direction of analysis. In contrast, in �brous tissues like White Matter,
water di�usion is anisotropic, as it's relatively unimpeded in the direction parallel to the
axons orientation but highly restricted and hindered in directions perpendicular to them
[19]. This directional relationship can be exploited by tractography algorithms to map
White Matter pathways in the living human brain from di�usion weighted data. The
possibility of reconstructing White Matter architecture makes DWI-MRI ideally suited
for neuroscienti�c studies on brain function and development, as well as for clinical in-
vestigations of disease processes and the planning neurosurgical interventions [8].

Di�usion MRI acquisition protocols are characterized by the presence of di�usion- sen-
sitizing gradients, whose amplitude and duration in time are fully described by the
so-called b-value (s/mm2). Single-shell acquisition protocols (i.e. one b-value) can be
used to �t conventional di�usion models, such as Di�usion Tensor Imaging (DTI), which
is commonly used in clinical settings for stroke detection and tumor characterisation.
However, despite their sensitivity, DTI indices are inherently non-speci�c for individual
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tissue microstructure features [20]. New advanced models have been developed to pro-
vide more quantitative information about tissue microstructure, such as NODDI (Neurite
Orientation Dispersion and Density Imaging) model [20] [10], which allows to assess the
microstructural complexity of dendrites and axons, in vivo, using clinical MRI scanners.
Multi-shell acquisition protocols have been developed to provide more informative data
to �t those advanced models. In particular, standard NODDI protocol consists of two
HARDI (High Angular Resolution Di�usion Imaging) shells.

Multi-shell protocols with more than two shells are required to accurately reconstruct the
human brain's structural connectome, a matrix that represents the structural connec-
tivity among di�erent brain regions in terms of �bre tracts [21]. Structural connectivity
research is essential for exploring both healthy brain structures and neurological diseases.
While invasive approaches to mapping brain connections have existed for many decades
[22], non-invasive imaging techniques now o�er alternative methods for connectome re-
construction at the macroscale in living humans [12]. Research on the healthy brain lays
the groundwork for creating population-level atlases of distributed connectivity, which
can enhance our understanding of brain functions and development across the human
lifespan. Healthy brain connectomes also serve as valuable references for studying patho-
logical conditions. In particular, examining the structural connectome is particularly
bene�cial when the brain is a�ected by pathologies of the White Matter such as Multi-
ple Sclerosis (MS). Additionally, diseases a�ecting Grey Matter, like Alzheimer's Disease
(AD), have been shown to involve both microstructural and macrostructural abnormali-
ties in WM [23], with the structural connectome of AD patients displaying signi�cantly
di�erent properties compared to age-matched healthy subjects [24]. Lastly, the possibil-
ity to weight connectome edges with parameters derived from advanced microstructural
models �tting (such as NODDI indices), o�ers new opportunities for characterizing net-
work properties in both healthy and pathological brains, as demonstrated in [25] on
Multiple Sclerosis.

Ensuring the stability and reliability of results obtained through various di�usion ac-
quisition protocols is essential for generating meaningful and reproducible insights into
brain properties, for both clinical and research applications. This is particularly im-
portant in studies aimed at reconstructing microstructure-weighted connectomes, as the
derived connectome network metrics are used for characterizing and quantifying disease
properties, uncovering underlying mechanisms, and tracking disease progression.

The aim of this work is to validate a four-shell acquisition protocol used for connectome
construction and to assess the robustness and inter-site reproducibility of the connectome
construction process. Speci�cally, data were acquired using two multi-shell di�usion pro-
tocols. The �rst protocol, named theextended NODDIprotocol, is a standard multi-shell
protocol with 2 shells (b-value = 1000, 2600 s/mm2, 99 gradient directions). The second
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protocol, referred to as theconnectomeprotocol, consists instead of 4 shells (b-values =
700, 1000, 2000, 3000 s/mm2, 150 gradient directions), following the one used in [25].
The additional shells in theconnectomeprotocol provide enhanced details of brain tis-
sues, which are crucial for accurate connectome reconstruction. The novel protocol was
tested and validated using both phantom and in-vivo data acquired with a 3T GE SIGNA
Premier scanner (General Electric Healthcare, Waukeska, WI, USA). To assess inter-site
reproducibility, data were acquired at two locations at the University of Oxford (UK)
within 10 days: the Oxford Centre for Clinical Magnetic Resonance Research (OCMR)
- John Radcli�e Hospital and the Churchill Hospital.
The acquired data were analysed by �tting Di�usion Tensor Imaging (DTI) and Bingham-
NODDI models. The parameters of interest for DTI model are the Mean Di�usivity
(MD) and Fractional Anisotropy (FA), while Orientation Dispersion Index (ODI), beta-
fraction, Intra-Neurite Volume Fraction (INVF), Intra-Cellular and Extra-Cellular Vol-
ume Fractions are extracted from the Bingham-NODDI �t. Fit parameter results were
used to test the accordance of theconnectomeprotocol with the extendedprotocol, as
well as its temporal stability and inter-site reproducibility. Data acquired with thecon-
nectomeprotocol were then used to construct the structural connectomes for each healthy
volunteer. These connectomes were modelled as undirected graphs, where nodes repre-
sent Grey Matter regions and edges their connections. To create microstructure-weighted
connectomes, network edges were weighted with parameters derived from �tting DTI and
Bingham-NODDI models. Various network metrics were then extracted to study net-
work integration and segregation and compared across the two acquisition sites to assess
their consistency.

The thesis is structured as follows:

ˆ Chapter 1 introduces the fundamental principles of Nuclear Magnetic Resonance
and Magnetic Resonance Imaging, detailing the process of spatial encoding of the
signal

ˆ Chapter 2 provides a comprehensive overview of Di�usion Magnetic Resonance
Imaging, examining the di�usion phenomenon, di�usion MRI acquisition sequences,
and potential distortions. It also discusses the Di�usion Tensor model and the
Bingham-NODDI model, concluding with an overview of the reconstruction of
brain structural connectivity from di�usion data.

ˆ Chapter 3 o�ers a detailed explanation of the MRI acquisition sequences used
to acquire the di�usion-weighted images and the structural T1-weighted images.
The second part of the chapter describes the phantom and the healthy volunteers
recruited for the study.
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ˆ Chapter 4 details the pre-processing and processing steps undertaken to extract
di�usion model results from both phantom and in-vivo data. It speci�cally covers
distortion corrections methods, di�usion model implementation, image registration,
ROI de�nition, and the statistical methods employed in the study.

ˆ Chapter 5 outlines the steps involved in connectome construction, including
denoising, response function and FOD estimation, WM/GM boundary creation,
streamline generation and brain parcellation. It also details the procedure for
weighting connectome edges and the network metrics extracted for the study.

ˆ Chapter 6 presents the results of the analysis performed by �tting the acquired
data with the DTI and Bingham-NODDI models, both in the crossing phantom
and on healthy volunteers.

ˆ Chapter 7 presents the results of the microstructure-weighted connectomes anal-
ysis, with a focus on the inter-site reproducibility of network metrics.
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Part I

Theoretical Background
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Chapter 1

Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) is a non-invasive imaging technique that leverages
the Nuclear Magnetic Resonance (NMR) phenomenon of atomic nuclei, typically of hy-
drogen protons, to generate detailed images. Speci�cally, MRI uses strong magnetic
�elds, magnetic �eld gradients, and radio-frequency (RF) pulses to align nuclear magne-
tization, spatially encode the signals, and perturb the aligned spins, ultimately inducing
a detectable signal that is processed to generate the images [16].

The basic principles of MRI are treated in this chapter, including a description of the
Nuclear Magnetic Resonance phenomenon and of the spatial encoding of the signal for
generating the images.

1.1 Nuclear Magnetic Resonance

The Nuclear Magnetic Resonance (NMR) is a physical phenomenon observed in atomic
nuclei that possess a property called spin (~I ). The spin of a nucleus gives rise to a nuclear
magnetic moment, as shown in Eq. 1.1, where
 is the gyromagnetic ratio of the nucleus.

~� = 
 �h~I (1.1)

The nuclear spin is a type of angular momentum that is quantized. This means that the
magnitude and components of this momentum can only take certain values, restricted
to integer or half-integer multiples of �h. The magnetic quantum numberm is associated
with the spin component along the z-axis of the applied magnetic �eld, and it ranges from
+ I to � I , in integer steps. For this reason, the z-component of the magnetic moment,
� z, is simply:

� z = 
m �h (1.2)
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For nuclei to interact with an external magnetic �eld B, the spin ~I must be non-zero
i.e. it should have a magnetic moment. This happens when an isotope contains an odd
number of protons or neutrons. Hydrogen is the most commonly used nucleus in med-
ical NMR applications due to its high abundance in body tissues, particularly in water
molecules and fat. The spin of a hydrogen nucleus is one-half, and it has two distinct
spin states which are linearly independent. These states are commonly known as spin-up
and spin-down state, withm = � 1=2.

The interaction of the magnetic moment with an external magnetic �eldB0 is described
in terms of energy. In the absence of a magnetic �eld, the two energy states of the1H
nucleus are degenerate, meaning that they have the same energy. This leads to an almost
equal number of nuclei existing in both states at thermal equilibrium. In the presence of
an external magnetic �eld B0, the nuclear magnetic dipole moment� interacts with the
external �eld (Zeeman interaction) and the two states no longer have the same energy.
In the quantum mechanical description of the interaction, the operator of energy is the
Hamiltonian operator described in Eq. 1.3 [26]. Its eigenvalues, shown in Eq. 1.4, rep-
resent the allowed values of energy for a nucleus in the magnetic �eldB0. Having that
m = � 1=2 for the 1H nucleus, only two levels arise from the splitting due to the Zeeman
interaction, as shown in Fig. 1.1.

H Z = � (
 �hI z) � B0 (1.3)

Em = � (
 �hm) � B0 = � � z � B0 (1.4)

Figure 1.1: Splitting of the energy levels for a nucleus with spin1=2 caused by the interaction
of the nuclear magnetic moment� with the external �eld B0
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As a result of the interaction, the di�erent nuclear spin states have di�erent energies,
being aligned either with or against the external magnetic �eld. The energy state with
m = 1=2 is the lower energy state. The energy di�erence between neighbouring levels
can be easily computed from Eq. 1.4, resulting in:

� E = 
 �hB0 (1.5)

At thermal equilibrium, the population di�erence is given by the Boltzmann distribution
(Eq. 1.6), with the lowest energy levels being the most populated (m = 1=2 for 1H ).

nm� 1

nm
= exp(�

�h! 0

kB T
) (1.6)

Macroscopically, the di�erence in population is described by the bulk magnetization~M .
The magnetization is de�ned as the volume density of the spin magnetic moments and
it's the observable in the NMR phenomenon. At the equilibrium, the magnetization is a
vector that has the same direction ofB0 (conventionally z). For spin 1=2 it's expressed
as in Eq. 1.7, where N is the total amount of nuclei per unit volume.

M 0 =
N �h2
 2

4kT
B0 (1.7)

From the classical point of view, spins in an external magnetic �eld precess around the
�eld axis z (Fig. 1.2). The angular frequency is given by the Larmor frequency shown
in Eq. 1.8 and depends only on the external magnetic �eld.

! L = 
B 0 (1.8)

The motion of the total amount of the spins can be described as the motion of the nuclear
magnetization vector, governed by the Bloch equation shown in Eq. 1.9. This equation
details the precession of the magnetization aroundB0 with angular frequency! L that
occurs when ~M is not aligned with the �eld axis.

d ~M
dt

= 
 ~M � ~B0 (1.9)

8



Figure 1.2: Precession of a1H nucleus around theB0 �eld axis

The equilibrium should be perturbed to detect the system magnetization and obtain
information about the spins. At the microscopic level, equilibrium is perturbed by in-
ducing a transition between the Zeeman energy levels. This occurs when energy is
supplied through electromagnetic waves at a frequency matching the Larmor frequency
! L , also known as the resonance frequency. Since the Larmor frequency falls within
the radiofrequency range, an RF pulse is applied to perturb the magnetization. The
RF pulse, also known as theB1 �eld, is an oscillating magnetic �eld in the transverse
plane xy that tilt the magnetization away from the z-axis (equilibrium). The resulting
magnetic �eld ~B applied to the spins is thus:

~B(t) = ~B0 + ~B1(t) (1.10)

and the Bloch equation from Eq. 1.9 becomes:

d ~M
dt

= 
 ~M � (B1x (t)x̂ + B1y(t)ŷ + B0ẑ) (1.11)

The motion of ~M can be expressed in a special reference systemx0y0z, rotating around
the z-axis with frequency equal to the Larmor frequency. In this reference system, also
called the rotating reference frame, the magnetization doesn't rotate along ^z, allowing
for better visualization of its movement aroundB1 (y-axis). This simpli�cation is shown
in Fig. 1.3, and allows to rewrite Eq. 1.11 as following:

d ~M
dt

= 
 ~M � B1y(t)ŷ (1.12)
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Figure 1.3: (a) M xy is shown precessing around the z-axis after being titled into the transversal
plane (b) In the rotating reference system, the same process is observed removing the rotation
around the z-axis [1]

The B1 �eld tilts the magnetization vector from the z-axis for an angle that depends on
the time of the pulse application, as shown in Eq. 1.13. This angle is called 
ip angle or
nutation angle, and is typically 90° (magnetization on thexy plane) or 180° (inversion
along -z).

� = 
 ~B1t (1.13)

Once the RF pulse is turned o�, the magnetization starts to revert to its original state.
This process is known as relaxation and restores the thermal equilibrium distribution
of the spins (Boltzmann distribution). The relaxation of the magnetization induces an
electromagnetic signal in the receiving coils, called the Free Induction Decay (FID). The
FID is a complex time-domain signal (Fig. 1.4) that contains information about the
sample's nuclear properties and local environment. In MRI, the FID is used to create
images by spatially encoding the signal and employing various reconstruction algorithms.

The physical processes that govern the return to equilibrium di�er between the lon-
gitudinal and transverse components of magnetization.
The longitudinal relaxation a�ects the M z component of the magnetization and is gov-
erned by theT1 time constant. It's an energetic process as it involves an energy exchange
between the spin system and the bulk. In the relaxation process, the longitudinal mag-
netization increases as a function of time as described in Eq. 1.14 and depicted in Fig.
1.5 (a).

dMz(t)
dt

= �
M z(t) � M 0

T1
(1.14)

10



Figure 1.4: Free Induction Decay signal generated in the receiving coils from the relaxation
process

The transverse relaxation a�ects theM xy component of the magnetization and is gov-
erned by the transverse relaxation timeT2. It's an entropic process that arises from the
loss of coherence of the spins in the transverse plane.M xy decreases as a function of
time as described in Eq. 1.15 and depicted in Fig. 1.5 (b).

dMxy (t)
dt

= �
M xy 0(t)

T2
(1.15)

Figure 1.5: Schematic of the longitudinal (a) and transversal (b) relaxation. [2]

The relaxation times T1 and T2 are unique for each type of tissue. These di�erences
can be exploited for creating contrasts in MRI images. Figure 1.6 illustrates the T1-
relaxation curves for White Matter, Grey Matter, and Cerebrospinal Fluid (CSF) in the
human brain, alongside an example of the corresponding T1-weighted image.
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Figure 1.6: (a) T1 relaxation curves for White Matter, Grey Matter and CSF. The red line
shows the time point to receive the MRI signal [3] (b) Example of a T1-weighted image

1.2 Spatial encoding of the signal

In MRI, spatial encoding is a fundamental principle that enables the reconstruction of
images by mapping the spatial distribution of hydrogen spins within the body. This is
achieved by applying varying magnetic �eld gradients, in addition to the static magnetic
�eld B0 and the RF pulseB1, which cause the resonance frequency of hydrogen nuclei
to di�er depending on their position.

A magnetic �eld gradient is a magnetic �eld that varies across space, usually linearly. In
MRI, these gradients are added to the existingB0 �eld. For example, when a constant
gradient is applied along the ^z direction, denoted asGz (Eq. 1.16), the total magnetic
�eld along ẑ is described by Eq. 1.17.

Gz =
� B0

� z
(1.16)

B0(z) = B0(0) + Gz � z (1.17)

From Eq. 1.17, one can observe that the total magnetic �eld varies according to the
position. As a result, also the Larmor precession frequency will vary as a function of
the position. The expression for! L in presence of the gradient can be obtained by
substituting Eq. 1.17 in the equation for Larmor frequency Eq. 1.8, obtaining Eq. 1.18.

! L = 
 (B0(0) + Gz � z) (1.18)

In this way, spin positions can be distinguished according to their precession frequency.
This relationship can be exploited to stimulate a thin plane along the ^z axis, a "slice".
For this reason, the applied gradient along ^z is known as the slice selection gradient.
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The RF pulse is applied in conjunction with the slice-selection gradient to excite spins
within a speci�c slice. Typically, the RF pulse is shaped like a sinc function in the time
domain. This shape is chosen because, when the Fourier transform is applied (Eq. 1.19),
it produces a boxcar function in the frequency domain. Consequently, the sinc-shaped
RF pulse allows for selective excitation of the spins within a slice with regular borders,
centred around a particular frequency! (z� ) with width � � ! (z� )

2 . The sinc pulse's pro�le
in both the time domain and frequency domain is illustrated in Fig. 1.7.

F (! ) =
Z + 1

�1
f (t) e� 2�i!t dt (1.19)

Figure 1.7: Radiofrequency pulse applied for slice selection. Temporal domain: sinc pulse.
Frequency domain: Boxcar function

After the slice has been selected, two additional gradients are applied to encode the
signal within the slice: the frequency encoding gradient and the phase encoding gra-
dient. The frequency encoding gradient is applied along the ^x direction, causing the
Larmor frequency! (x) to vary linearly along this axis. In this way, spins are di�erenti-
ated also in thex̂ direction. To isolate a speci�c voxel, another gradient, known as the
phase encoding gradient, is applied along the ^y direction, inducing a y-dependent phase
shift in the spins. By applying these two gradients, each voxel in the sample is assigned
to a characteristic frequency and phase, enabling the reconstruction of the image (Fig.
1.8). Fig. 1.9 provides a schematic representation of the coils used in an MRI clinical
scanner to generate the imaging gradients.
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Figure 1.8: Spatial encoding of the signal for image reconstruction.

Figure 1.9: Schematic representation of the magnetic �eld gradient coils inside a clinical MRI
scanner [4]

The ~k formalism is used to describe the acquisition of the images. The vector~k relates
the reciprocal space and the real space, and is computed as in Eq. 1.20. The vector~k
has the dimension of the inverse of a length.

~k =

 ~G
2�

t (1.20)

Each signal acquisition in time is represented by a point in~k-space. By applying magnetic
�eld gradients, it's possible to move along thêkx , k̂y, and k̂z axes, ultimately sampling
the entire reciprocal space
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The reconstructed image of the scanned sample is then obtained from the~k space through
an inverse Fourier transform, as shown in Fig. 1.10.

Figure 1.10: Left: Measured signal in the ~k-space. Right: Reconstructed image through
Fourier Transform
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Chapter 2

Di�usion Magnetic Resonance
Imaging

Magnetic Resonance Imaging (MRI) encompasses a broad spectrum of imaging tech-
niques, making it an invaluable tool for both diagnostic and research purposes. Among
these, Di�usion Weighted Imaging (DWI) is an advanced MRI modality that is able
to characterize the three-dimensional di�usion of water molecules within brain tissues
on a distance scale comparable to that of typical cellular structures. This non-invasive
imaging technique provides valuable insights into the microstructural properties of tis-
sues, particularly White Matter, enabling a deeper understanding of both normal brain
architecture and neurological diseases. DWI is widely used in clinical practice, aiding in
the early detection of diseases, guiding pre-surgical studies, and supporting treatment
decisions.

Di�usion is a random transport phenomenon, which describes the transfer of material
(e.g. water molecules) from one spatial location to other locations over time. Water
di�usion, also called Brownian motion, is primarily caused by random thermal 
uctu-
ations. In clinical di�usion imaging, the type of di�usion being investigated is water
self-di�usion, meaning the thermal motion of water molecules in a medium that itself
consists mostly of water [9].
In three dimensions, the di�usion coe�cient D (in mm2/s) is given by the Einstein
di�usion equation (Eq. 2.1).

D =
< � r 2 >

2n� t
(2.1)

This equation states that the di�usion coe�cient D is proportional to the mean squared
displacement � r 2, divided by the number of dimensionsn and the di�usion time � t.
Higher values of the di�usion coe�cient D indicate more mobile water molecules.
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In the absence of boundaries, the displacement of water molecules is described by a
Gaussian probability density, as in Eq. 2.2. This distribution is centered at zero, with
symmetric probabilities of displacement at any given distance from the origin. The
spread of this distribution increases with di�usion time, �t, as illustrated in Fig. 2.1.

P(� r; � t) =
1

p
(2�D � t)3

exp
�

�
� r 2

4D� t

�
(2.2)

Figure 2.1: Left: Illustration of the di�usion random walk for a single water molecule from
the green location to the red location. The displacement is indicated by the yellow arrow. Right:
Di�usion describes the displacement probability with time for a group or ensemble of water
molecules. For short di�usion times (e.g. � t = � 1), the predicted spread is compact, but
increases with longer di�usion times (� 2 and � 3) [5]

In biological tissues, water di�usion occurs within, around and through cellular struc-
tures. This hindered di�usion reduces the mean squared displacement. In this context,
the di�usion coe�cient is referred to as the Apparent Di�usion Coe�cient (ADC). Intra-
cellular water experiences more restricted di�usion (as opposed to hindered) due to the
presence of cellular membranes. Both hindered and restricted di�usion contribute to a
reduction in the apparent di�usivity of water.

In the Central Nervous System (CNS), neurons are primarily organised into two tis-
sue types: Grey Matter (GM) and White Matter (WM). Fig. 2.2 illustrates the typical
structure of a neuron, including the cell body, dendrites and axons. Grey Matter pre-
dominantly consists of neuronal cell bodies [27], whereas White Matter comprises regions
of the CNS composed of myelinated axons. These axons form bundles of �bres, called
tracts, which connect various grey matter areas of the brain. Myelin, which surround
these axons, acts as an insulator, signi�cantly increasing the speed of nerve signal trans-
mission. Cerebrospinal 
uid (CSF) is a clear, colorless 
uid that surrounds the brain
and permeates its tissues. It contains metabolites and has properties similar to those of
water.
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Figure 2.2: Schematic of neuron structure. Grey matter predominantly consists of cell bodies
while white matter consists of bundles of myelinated axons.

The di�usion properties of Grey Matter and CSF are considered, in �rst approxima-
tion, isotropic, meaning that their physical properties don't depend on the direction of
analysis. In contrast, in �brous tissues like White Matter, water di�usion is relatively
unimpeded in the direction parallel to the �ber orientation but highly restricted and
hindered in directions perpendicular to the �bers [5] [19]. Therefore, di�usion in �brous
tissues is anisotropic, meaning that the physical properties depend on the spatial direc-
tion of the analysis. The direction of greatest di�usivity is assumed to be parallel to the
tract orientation in regions of homogeneous white matter, as shown in Fig. 2.3. This
directional relationship forms the basis for mapping white matter pathways in the living
human brain using di�usion-sensitizing gradients and tractography algorithms.

Figure 2.3: Di�usion properties in White Matter. Di�usion is unimpeded in the direction
parallel to the axon but highly restricted in the direction perpendicular to it. [6]
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2.1 Di�usion-weighted image acquisition

The most commonly used method for acquiring di�usion-weighted images is the Pulsed-
Gradient Spin Echo (PGSE) sequence, typically combined with a single-shot, Echo-
Planar Imaging (EPI) readout.

A spin echo sequence consists of two radio-frequency pulses: a 90° pulse followed by
a refocusing 180° pulse applied at half the Echo Time (TE). This results in a measurable
spin-echo signal at TE. In di�usion-weighted MRI, a pair of large di�usion-sensitizing
gradients are added on both sides of the 180° refocusing pulse. These gradients have
strength G [T=m], pulse length� [s], and are separated by separation time � [s]. The �rst
gradient pulse dephases the magnetization across the sample, the second pulse rephases
it. An example of the sequence is shown in Fig. 2.4.

Figure 2.4: Schematic of a di�usion-weighted echo-planar imaging (DW EPI) pulse sequence.
A spin echo is used to achieve di�usion weighting from the gradient pulse pairs (colored). The
imaging gradients are shown in grey. Di�usion weighting gradients can be applied in any arbi-
trary direction using combinations of Gx (red), Gy (green), and Gz (blue). RF, radiofrequency.
[5]

For stationary (non-di�using) molecules, the phases induced by both gradient pulses will
completely cancel, the magnetization will be maximally coherent, and there will be no
signal attenuation from di�usion. In the case of coherent di�usion in the direction of
the applied gradient, instead, the bulk motion will cause the signal phase to change by
di�erent amounts for each pulse, i.e. the spins will experience a di�erent refocusing pulse
compared to the one that dephased them. This will cause a net phase di�erence. Having
that MRI signals are proportional to the sum of magnetization components from all wa-
ter molecules in a voxel, this phase dispersion will cause signal attenuation for di�using

19



water molecules [5]. In this way, stationary and di�using spins can be distinguished, as
shown in Fig. 2.5 and Fig. 2.6, creating the contrast in the images.

Figure 2.5: Schematic diagram that explains the relationship between gradient applications,
water motion, and dephasing. Each circle represents water molecules at di�erent locations
within a pixel. The vectors in the circles indicate phases of the signal at each location. If water
molecules move in between the two gradient applications, the second gradient cannot perfectly
refocus the phases, which leads to signal loss. Note that in this example, horizontal motion
(indicated by yellow arrow) leads to the signal loss, but vertical motion (green arrow) does not
a�ect the signal intensity. [7]

Figure 2.6: Di�usion gradients induce signal drop for di�using magnetization. The faster the
di�usion, the lower the signal. T2 decay is not considered in this plot
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For simple isotropic Gaussian di�usion, the signal attenuation due to di�usion gradient
pulses applied is described by:

S = S0 � e� bD (2.3)

whereS is the di�usion-weighted signal,S0 the unweighted signal,D the apparent dif-
fusion coe�cient and b the so called b-value. The b-value, usually expressed ins=mm2,
is used to describe the di�usion weighting in the acquisition and is computed as in Eq.
2.4. Speci�cally, it depends on the gradient amplitudeG, the gradient duration � , the
temporal distance between the two gradients � and the gyromagnetic ratio
 .

b value= ( 
G� )2 � (� �
�
3

) (2.4)

Di�usion acquisition protocols are mainly de�ned by the b-values used in the acquisition.
They can be classi�ed into single-shell, where only one b-value is acquired (alongside the
unweighted b = 0 data), and multi-shell, which involves multiple b-values. The response
of brain tissues varies at di�erent b-values, as shown in Fig. 2.7. For instance, CSF vox-
els exhibit a higher signal at null b-value compared to GM and WM voxels, due to the
higher water content, but have a really steep signal decrease when increasing the b-value
[8]. In contrast, the di�usion signal from GM and WM are more similar and decrease
more gradually. This property makes multi-shell protocols particularly advantageous, as
they provide richer data that allow a more precise tissue microstructure characterization
compared to single-shell acquisitions.

Figure 2.7: Relative amplitude of the signal for CSF, GM and WM when changing the di�u-
sion weighting (b-value). [8]
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2.1.1 Distortions

The use of large di�usion-weighting gradients in DW-MRI makes the technique highly
sensitive to subject motion [28]. This sensitivity increases with the intensity and dura-
tion of gradient pulses, which are characterized by the b-value. Any movement during
acquisition can result in severe image artefacts and distortions, compromising the quality
and reliability of the di�usion-weighted images. This issue is particularly pronounced
in multi-shell, High Angular Resolution Di�usion Imaging (HARDI) acquisitions, where
the long scanning times make subject movement quite common.

The scanning time can be shortened to reduce the risk of motion during the acquisi-
tion. One way to achieve this in DW-MRI is by using a single-shot Echo Planar Imaging
(EPI) acquisition modality. EPI is a fast imaging technique that acquires a complete
readout of the k-space in a single shot, enabling rapid data acquisition [29] [30]. Despite
its widespread use, EPI images are particularly prone to certain artefacts, including
general MRI issues likeB0-inhomogeneities induced artefacts as well as di�usion-MRI
speci�c issues such as eddy current induced distortions [31] [32]. These artefacts arise
from the so called susceptibility-induced and eddy current-induced o�-resonance �elds.
These o�-resonance �elds can be visualized as maps in Hz, which illustrate the di�er-
ence between the actual and expected precession frequency of the spins, that leads to
voxel displacement and distortions. In the following paragraphs, the sources of these o�-
resonance �elds will be explained in detail. Correcting for distortions is crucial, as image
artefacts can cause signi�cant errors in the reconstructions of parameter maps from dif-
fusion models as well as in the accuracy of tractography reconstructions, a�ecting both
the orientation and length of the reconstructed �bres [31].

Susceptibility-induced o�-resonance �elds

Magnetic susceptibility refers to the degree to which a material becomes magnetized
when exposed to an external magnetic �eld. Within the brain, susceptibility di�erences
arise due to the diverse brain tissue types and their interfaces with surrounding struc-
tures. These variations in susceptibility lead toB0 inhomogeneities, which in turn cause
distortions in MRI images, particularly near air to tissue interfaces. This e�ect is es-
pecially pronounced in areas like the inferior frontal and inferior temporal regions, in
structures such as the the frontal, sphenoidal and ethmoid sinuses.
Susceptibility induced distortions are subject-speci�c and predominantly occur in the
phase encoding gradient direction. For this reason, these distortions are usually cor-
rected acquiring two volumes with opposing polarities of the phase encoding gradient.
In this way, the same �eld will lead to distortions in opposite directions. For example,
as shown in Fig. 2.8, the frontal area of the brain may appear compressed or elon-
gated depending on the gradient direction. By comparing these images, tools liketopup
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from the FMRIB Software Library (FSL) [33] can e�ectively combine the information to
reconstruct the unwarped image.

(a) (b)

Figure 2.8: Susceptibility-induced distortions with opposing directions of the phase encoding
gradient. (a) Anterior to Posterior (b) Posterior to Anterior

Eddy-current induced o�-resonance �elds

The strong and rapidly changing di�usion-sensitizing magnetic �eld gradients can per-
turb the local magnetic �eld, generating eddy-currents in the scanner's conducting sur-
faces. These eddy currents, in turn, create additional, unwanted magnetic �elds, that
decay at varying rates, leading to distortions such as contraction, overall shift, and shear
in the image readout. The impact of eddy currents vary with the applied di�usion gradi-
ents, with stronger and longer gradient pulses resulting in more pronounced e�ects [31].
As di�erent di�usion gradients are used in one acquisition, each volume experiences a
unique set of distortions. Eddy tool [34] from the FMRIB Software Library (FSL) is
designed to correct for these distortions as well as for any potential subject motion that
may occur during the scan, thereby improving image quality and spatial accuracy.
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2.2 Di�usion Tensor model

The Di�usion Tensor model, introduced by Basser et al. in [35] [36], is an elegant and
widely adopted approach for modeling di�usion processes in brain tissues. In this model,
di�usion is described by a multivariate normal distribution, presented in Eq. 2.5.

P(� ~r; � t) =
1

p
(4� � t)3jD j

exp
�

�
� ~r T D � 1 � ~r

4� t

�
(2.5)

D represents the di�usion tensor, a 3� 3 covariance matrix that describes the covariance
of di�usion displacement in three dimensions normalized by the di�usion time [5]. The
diagonal elements (D ii > 0) represent the di�usion variances along the axes x, y, and z,
and the o�-diagonal elements are the covariance terms, symmetric about the diagonal
(D ij = D ji ). Diagonalization of the di�usion tensor yields the eigenvalues� 1 � 2 � 3 and
the corresponding eigenvectors� 1 � 2 � 3, as shown in Eq. 2.6. The eigenvectors represent
the three principal di�usion directions, the eigenvalues the associated apparent di�usiv-
ities.
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The most intuitive way to conceptualize the information provided by the di�usion tensor
is to view it geometrically. Speci�cally, the di�usion tensor may be visualized in each
voxel as an ellipsoid, with the eigenvectors de�ning the directions of the principal axes
and the eigenvalues their radii. Thus, the relationship between the eigenvalues de�nes
the shape of the di�usion ellipsoid. If the eigenvalues are almost identical (� 1 � � 2 � � 3),
the di�usion tensor is represented as a sphere and the di�usion is isotropic, as shown
in Fig. 2.9. This happens in the human brain in Grey Matter and CSF. When the
eigenvalues are signi�cantly di�erent in magnitude (� 1 > � 2 > � 3), instead, the di�usion
is anisotropic, as in case of White Matter.
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Figure 2.9: Di�usion ellipsoids and tensors for isotropic unrestricted di�usion, isotropic
restricted di�usion and anisotropic di�usion. [9]

Numerous scalar indices have been proposed to quantify di�usion anisotropy and extract
inherent structural information. Invariant indices are derived from combinations of the
eigenvalues (� 1, � 2, and � 3) of the diagonalised di�usion tensor [37] and can be used to
construct useful quantitative parameters maps.
Mean Di�usivity (MD), also referred to as the Apparent Di�usion Coe�cient (ADC), is
de�ned as the trace of the tensor divided by 3, which is equivalent to the average of the
eigenvalues, as shown in Eq. 2.7. It's measured inmm2=s and quanti�es the average
molecular motion in all directions, providing information about the overall di�usion
magnitude within a voxel.

MD =
Tr( D )

3
=

� 1 + � 2 + � 3

3
(2.7)

The degree to which the di�usivities are a function of the di�usion encoding direction
is represented by measures of di�usion anisotropy. Currently, the most widely used
invariant measure of anisotropy is the Fractional Anisotropy, described originally in [38]
and computed as in Eq. 2.8. FA is an adimensional index, ranging from 0 (isotropic
environment) to 1 (fully anisotropic environment).

FA =

s
3

P 3
i =1 (� i � h � i )2

2(� 2
1 + � 2

2 + � 2
3)

(2.8)
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2.3 Bingham-NODDI model

Dendrites and axons, known collectively as neurites, are projections of neurons, as shown
in Fig. 2.2. Quantifying neurite morphology in terms of its density and orientation dis-
tribution provides a window into the structural basis of brain function both in normal
populations and in populations with brain disorders, such as in Multiple Sclerosis [39] and
Alzheimer's Disease [40]. As previously explained, the current standard clinical di�usion
MRI technique is Di�usion Tensor Imaging. This technique provides sensitivity to neu-
rite morphology but cannot quantify neurite-speci�c measures such as their density and
orientation dispersion [41]. Towardsin vivo quanti�cation of neurite morphology, Zhang
et al. [20] proposed the Neurite Orientation Dispersion and Density Imaging (NODDI)
model, a clinically feasible di�usion MRI technique for estimating the microstructural
complexity of neurites in a completely non-invasive way.

NODDI is a two-level multi-compartment model, as shown in Fig. 2.10, where all the
compartments are assumed to be non-exchanging.

Figure 2.10: Breakdown of the total normalised di�usion MRI signal as modelled by NODDI.
The contributions of the tissue and non-tissue components of the brain are modelled separately.
The tissue signal is further broken down to account for the signal originating from the highly
restricted neurites and the hindered space outside the neurites. [10]

On the �rst level, the total normalized signal S is modelled as the sum of the con-
tributions from the tissue and non-tissue components of the brain, weighted by their
respective relaxation-weighted volume fractions� (Eq. 2.9).

S = (1 � � iso)Stissue + � isoSiso (2.9)
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The non-tissue compartment represents the free di�using water in the brain (e.g. CSF
and interstitial 
uid) and is modelled as a free isotropic Gaussian di�usion, with di�u-
sivity diso = 3:0� 10� 9m2=s [42]. The volume fraction of this compartment is denoted by
� iso and that of the tissue compartment as (1� � iso ).

The second level models the signal from the tissue compartment,Stissue , comprising
Grey Matter and White Matter. Speci�cally, Stissue is modelled as the sum of the sig-
nal originating from inside the neurites (Sintra � neurite ) and that from the space outside
them (Sextra � neurite ), weighted by their respective volume fractions [10]. The equation
for Stissue is shown in Eq. 2.10.

Stissue = � inSin + (1 � � in )Sen (2.10)

Neurites are modelled as sticks (cylinders with zero radius), because in the typical time
scale of di�usion MRI experiments, the membrane of neurites restricts the water di�u-
sion to be along their length [43]. Thus, the di�usion signal from a neurite along an
orientation n̂ is the attenuation due to this length-wise unhindered di�usion, parallel to
the direction of applied gradientq̂, i.e. e� bdi (q̂�n̂)2

, wherebis the di�usion-weighting factor
and di the intrinsic di�usivity inside the neurites. The total signal from the intra-neurite
compartmentSin will be then given by the single-neurite attenuation expression weighted
by the orientation density of neurites along ^n and integrated over all the possible neurite
orientations n̂. The full equation for computingSin is shown in Eq. 2.11, wheref (n̂)dn̂
represents the probability of having neurites with orientations withindn̂, an in�nitely
small cone of orientation centred about ^n [10]. The neurites intrinsic di�usivity di is set
at di = 1:7 � 10� 9m2=s [42].

Sin =
Z

S2
f (n̂)e� bdi (q̂�n̂)2

dn̂ (2.11)

The extra-neurite compartment refers to the space around the neurites, which is occupied
by various types of glial cells and, additionally in grey matter, cell bodies (somas). In
this space, the di�usion of water molecules is hindered by the presence of neurites but
not restricted, hence is modeled with simple Gaussian anisotropic di�usion [20], as shown
in Eq. 2.12.

Sen = e� bq̂T D en q̂ (2.12)

D en is the di�usion tensor representing the di�usion characteristics in the extra-neurite
space. The dispersion of neurites has an e�ect on the di�usion in the extra-neurite space,
thus the expression forD en in presence of orientationally dispersed neurites depends on
their orientation distribution f (n̂), as shown in Eq. 2.13. In this equation,D (n̂ ) is a
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cylindrically symmetric tensor, with principal di�usion orientation n̂, parallel di�usivity
dk and perpendicular di�usivity d? . In this model, the parallel di�usivity in the extra-
neurite space is assumed to be the same as the intrinsic di�usivity inside neurites i.e.
dk = di [10].

D en =
Z

S2
f (n̂) D (n̂) dn̂ (2.13)

From the previous considerations, one can observe that the extra- and intra- neurite
spaces are coupled by the orientation distribution of neuritesf (n̂). When it was �rst in-
troduced in [20], the NODDI model used the Watson distribution [44] as the orientation
distribution function. Despite its strengths, a key limitation of Watson-NODDI model
is that it cannot accurately model complex neurite con�gurations such as those arising
from fanning and bending axons [42]. In such �bre con�gurations, the dispersion about
the dominant orientation is the highest in the plane of fanning and bending but the low-
est in the plane perpendicular to it, giving rise to anisotropic dispersion, as illustrated in
Fig. 2.11. However, the Watson distribution can only model isotropic dispersion about
the dominant orientation � 1.

Figure 2.11: Schematics illustrating anisotropic orientation dispersion about the dominant
orientation � 1 of white matter �bres. (a) Bending con�guration (b) Fanning con�guration [10]

For this reason, Tariq et al. [42] [10] proposed a new NODDI model that incorporates the
Bingham distribution [45] [44] as orientation distribution function. This model enables
the estimation of dispersion anisotropy and of the primary dispersion orientation� 2,
along with the estimates of neurite density and their concentration along the dominant
orientation � 1 [42].
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The Bingham distribution is a parametric orientation distribution, which is the spherical
analogue of a two-dimensional Gaussian distribution. The probability density of an
orientation along n̂ for the Bingham distribution is de�ned in terms of a 3� 3 symmetric
matrix, B , as shown Eq. 2.14, wherecB is the normalization constant.

f (n̂; B ) =
1
cB

exp(n̂> B n̂): (2.14)

A more geometrically interpretable form of the Bingham distribution can be obtained
by expressing the tensorB in terms of its eigendecomposition, as done in Eq. 2.15. In
this way, the distribution is characterised by three orthogonal orientations ^� 1; �̂ 2; �̂ 3 and
their respective concentrations,� 1 > � 2 > � 3.
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As the Bingham distribution is invariant to addition of arbitrary constants to its eigen-
values [44], by choosing� 3 as the constant, Eq. 2.14 can be re-written as shown in Eq.
2.16, where� = � 1 � � 3 and � = � 2 � � 3 with � � � .

f (n̂; B ) =
1
cB

exp
�
� (�̂ 1 � n̂)2 + � (�̂ 2 � n̂)2

�
(2.16)

Fig. 2.12 presents an example of the probability density plots for the Bingham distribu-
tion with di�erent dispersion anisotropies about the dominant orientation ^� 1.

Figure 2.12: Probability density plots for the Bingham distribution. Dispersion anisotropy
about the dominant orientation � 1 is increasing from left to right. The primary dispersion
orientation, � 2, represents the orientation with the largest dispersion extent about� 1, while � 3

the least. Watson is a special case of the Bingham distribution (Fig. a). [10]
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The Bingham orientation distribution in Eq. 2.14 can be re-writtten in a form that is
analogous to the two-dimensional Gaussian distribution. This is shown in Eq. 2.17,
where 1=(� � � ) and 1=� represent the dispersion about the dominant orientation ^� 1,
along the axes ^� 2 and �̂ 3, respectively. These dispersion parameters are analogous to
the variance parameters of the Gaussian distribution and inversely proportional to the
concentration parameters� and � . Since� � � , the dispersion along ^� 3 is less than or
equal to that along ^� 2, as shown in the density plot in Fig. 2.12. Thus, ^� 2 is referred to
as the primary dispersion orientation, while ^� 3 as the secondary dispersion orientation
[10].

f (n̂; B ) =
e�

cB
exp

�
�

(�̂ 2n̂2)2

1=(� � � )

�
exp

�
�

(�̂ 3n̂3)2

1=�

�
(2.17)

The overall orientation dispersion of a multivariate normal distribution can be quan-
ti�ed as the determinant of its covariance matrix [10]. In the case of the Bingham
distribution, the overall orientation dispersion is thus computed as in Eq. 2.18. This
covariance matrix can then be mapped to a �nite range as shown in Eq. 2.19 to give an
index of anisotropy dispersion, called the Orientation Dispersion Index (ODI).

j� Bing j =

s �
1

� � �

� �
1
�

�
(2.18)

ODI T ot =
2
�

arctan (j� Bing j) (2.19)

The ODI can be used to characterise the degree of dispersion or alignment of neurite
orientations within a voxel of brain tissue. It's a scalar value that ranges from 0 to 1,
where 0 indicates no dispersion and a perfect alignment of neurite orientations (such as in
highly organised �bre bundles), and 1 indicates complete dispersion (isotropic di�usion).
The ODI can provide important information about tissue microstructure and can be used
to extract properties such as �bre coherence, axonal packing density, and white matter
integrity. Among other things, it can be used in various studies to investigate how the
brain connects and to determine the e�ects of neurodegenerative diseases.
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2.4 Structural connectivity reconstruction

Di�usion-weighted magnetic resonance imaging o�ers a non-invasive method for recon-
structing White Matter �ber pathways in the living human brain [8]. In White Matter,
the regular arrangement of �bres introduces a directional dependence to the di�usion
motion of water molecules. By measuring the DW signal along a multiple non-collinear
directions, the degree of this directionality, as well as the orientations of the �bres, can
be inferred.

Fig. 2.13 illustrates the typical pipeline for reconstructing human brain structural con-
nectivity from di�usion-weighted images.

Figure 2.13: Information 
ow of structural connectivity analysis. (a) Water molecules move
faster along than across neuronal �bers. (b) Di�usion a�ects the electromagnetic waves radiated
by precessing protons. (c) dMR imaging captures di�usion signals along di�erent directions
and forms images. (d) Fiber orientation distributions (FODs) are reconstructed from di�usion
images. (e) Fiber tracks are simulated from FOD images. (f ) The brain cortex is segmented into
many regions using structural MR images. (g) Connectivity networks between cortex regions
are constructed from �ber tracks. [11]
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Di�usion-weighted images are acquired with multi-shell protocols (i.e. multiple b-values),
providing detailed insights into brain's structural properties, particularly those of White
Matter �bre bundles (see Fig. 2.13 (a) (b) (c)). Tractography algorithms can then re-
construct the streamlines paths across the brain. Initially, local �bre orientations are
estimated in each voxel. Fig. 2.13 (d) shows a commonly used approach for doing this,
that estimates the full �bre orientation distribution function (fODF) in each brain voxel
using Spherical Deconvolution algorithms [46]. Deterministic or probabilistic tractogra-
phy methods can then be used to piece together this information to infer the long-range
pathways that connect distant regions of the brain, resulting in the whole tractogram
(e). Deterministic methods provide a point estimate of the path of least hindrance to
di�usion between two points, while probabilistic methods estimate a spatial distribution
for this path [12].

The human brain connectome (g) can be reconstructed by combining the generated
streamlines with parcellations obtained from T1-weighted structural images (f). The
human brain connectome is a comprehensive, multivariate matrix representing the struc-
tural connections between various brain regions. It can be conceptualized as a network,
where nodes correspond to the parcellated Regions of Interest (ROIs) and edges repre-
sent their connections (see Fig. 2.14).

Graph theory o�ers a powerful framework for analyzing and interpreting this brain net-
work, allowing the derivation of simple, numerical descriptors of its organization. This
provides a way to characterize the structural brain networks and facilitate comparisons
across di�erent times, subjects or groups. In graph theory, edges can be either directed
or undirected. Edges inferred from tractography are invariably undirected, because the
direction of di�usion cannot be resolved with dMRI (in contrast to tract tracing meth-
ods, which can distinguish between a�erent and e�erent �bers) [12].
Estimated network metrics are signi�cantly in
uenced by the numerous pre-processing
and processing steps involved in the connectome reconstruction process. For instance,
the choice of the parcellation scale and sampling scheme can greatly a�ect the repro-
ducibility of connectivity results. Therefore, comparison between di�erent studies on
structural brain network organization should be performed by taking into account the
nodal scales and acquisition protocols used for connectivity analysis [47] [48].

Structural connectivity research is essential for exploring both healthy brain structures
and neurological diseases. While invasive approaches to mapping brain connections have
existed for many decades [22], non-invasive imaging techniques now o�er alternative
methods for connectome reconstruction at the macroscale in living humans [12]. Re-
search on the healthy brain lays the groundwork for creating population-level atlases of
distributed connectivity, which can enhance our understanding of brain functions and
development across the human lifespan. Among the various initiatives aimed at map-
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Figure 2.14: Generating a macroscale connectome involves estimating its nodes and edges.
The nodes are typically grey matter (GM) regions (cortical and subcortical) de�ned either geo-
metrically, functionally or cyto/myelo-architectonically. The edges represent connection path-
ways between the nodes. dMRI and tractography can probe these white matter (WM) connec-
tions and estimate relative weights [12]

ping human brain connections, the Human Connectome Project (HCP, U.S. National
Institutes of Health, https://www.humanconnectome.org/) stands out as a large-scale
collaborative e�ort involving institutions worldwide.
Healthy brain connectomes also serve as valuable references for studying pathological
conditions. In particular, examining the structural connectome is particularly bene�cial
for understanding White Matter pathologies, such as Multiple Sclerosis (MS). Addition-
ally, diseases a�ecting Grey Matter, like Alzheimer's Disease (AD), have been shown
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to involve both microstructural and macrostructural abnormalities in WM [23], with
the structural connectome of AD patients displaying signi�cantly di�erent properties
compared to age-matched healthy subjects [24]. Lastly, the possibility to weight connec-
tome edges with parameter maps derived from advanced microstructural models (such as
NODDI indices), o�ers new opportunities for characterizing network properties in both
healthy and pathological brains, as demonstrated in the work of Bosticardo et al. [25]
on Multiple Sclerosis.
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Part II

Materials and Methods
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Chapter 3

Acquisition protocols, phantoms,
subjects

In this work, a phantom and four healthy volunteers were scanned on a 3T scanner in
two hospitals. This chapter presents the acquisition protocols used and describes the
characteristics of the phantom and the healthy volunteers. Speci�cally, the �rst part of
this chapter presents a detailed explanation of the MRI acquisition sequences used to
acquire the di�usion-weighted images and the structural T1-weighted images. Two multi-
shell di�usion acquisition protocols will be presented, namedextended NODDI protocol
and connectomeprotocol. The second part of the chapter focuses on the description of
the crossing phantom and of the healthy volunteers recruited for the study.

3.1 Acquisition Protocols

Data were acquired using a 3T GE SIGNA Premier scanner (General Electric Health-
care, Waukeska, WI, USA). Data acquisition took place in two sites in Oxford (UK), at
the Oxford Centre for Clinical Magnetic Resonance Research (OCMR) - John Radcli�e
Hospital and at the Churchill Hospital, in order to check for inter-site reproducibility of
the results. An example of a GE scanner is shown in Fig. 3.1.

3.1.1 Di�usion acquisition protocols

Di�usion-weighted images were acquired with a single shot, Spin-Echo based di�usion-
weighted sequence, with Echo Planar Imaging readout. The sequence includes a single
180° refocusing pulse with a repetition time TR = 5000 ms to allow for the acquisition of
multiple slices within a single TR. The echo time (TE) is set to 70.1 ms for theextended
acquisition protocol and 72.4 ms for theconnectomeacquisition protocol. The Field of
View (FOV) is con�gured at 240 mm, with a spatial resolution of 2.5� 2.5 mm and a
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Figure 3.1: 3T General Electric Healthcare scanner

slice thickness of 2.5 mm.

Multi-shell di�usion acquisition protocols were used in this study, meaning that data
were acquired along various di�usion directions with di�erent b-values. The use of mul-
tiple b-values allows for more detailed modeling of the di�usion process, capturing a
wider range of tissue properties and improving the accuracy of �ber orientation esti-
mation. The two protocols used, namedExtended NODDI protocol and Connectome
protocol, are explained in the following paragraphs.

Extended NODDI protocol

The extended NODDI protocol is a multi-shell protocol that includes 2 shells and 99
gradient directions. Two-shell protocols are well-suited for �tting the Bingham-NODDI
model, as recommended in [10]. Speci�cally, in this study data have been acquired with a
b-value of 1000s=mm2 along 30 directions and a b-value of 2600s=mm2 in 60 directions.
Additionally, nine b=0 images were randomly dispersed between the di�usion-weighted
images, to provide images with no di�usion gradient. Finally, an acquisition was made
at b = 0 with opposing direction of the phase encoding gradient. As explained in Sec.
2.1.1, this image will have opposing distortions compared to the other images acquired,
allowing for the correction of susceptibility-induced distortions.Extendedprotocol total
acquisition time is 8 minutes and 25 seconds. Temporal stability of �t results derived
from data acquired with this protocol has been previously demonstrated in [49].
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Connectome protocol

The connectomeprotocol is a multi-shell acquisition protocol that includes 4 shells with
b-values of 700, 1000, 2000, 3000s=mm2. A total of 150 volumes were acquired, dis-
tributed as follows: 6 directions for b = 700s=mm2, 20 directions for b = 1000s=mm2,
45 directions for b = 2000s=mm2 and 66 directions for b = 3000s=mm2. 13 directions
were acquired with no di�usion weighting (b = 0 s=mm2). Also in this case, one acqui-
sition with opposing polarity of the phase encoding gradient was performed at b = 0.
The total acquisition time for the Connectomeprotocol is 12 minutes and 40 seconds.

In this work, DTI and Bingham-NODDI �t results obtained from data acquired with the
connectomeprotocol will be compared with those obtained from theextended NODDI
protocol, in order to verify if the connectomeprotocol gives comparable results to the
most commonly used protocol. If this is found to happen, it will con�rm the �nding
reported in [10] that a two shell protocol is su�cient for Bingham-NODDI �t. Further-
more, time consistency and inter-site reproducibility of the results extracted with the
connectomeprotocol will be tested.
The acquisition of a greater number of shells compared to theextendedprotocol, allows
the connectomeprotocol to provide more detailed information about brain tissue, which
is essential for studies focused on reconstructing the structural connectome of the human
brain. Speci�cally, a number of shells larger than two is required to accurately recon-
struct the human brain structural connectome [21]. Having that the connectome network
metrics are greatly dependent on the acquisition scheme, as explained in Section 2.4, in
this study four shells were acquired in order to make the connectome results comparable
with those reported in [25]. Network metrics will be compared across sites to check the
robustness of the connectome construction procedure.

3.1.2 Structural acquisition protocol

T1-weighted images were acquired for each healthy volunteer in the same session as the
di�usion volumes. These T1-weighted images are needed for di�usion image registra-
tion and for the connectome construction procedure. Whole brain T1-weighted volumes
are acquired using a 3D Magnetization Prepared RApid Gradient Echo (MP-RAGE)
sequence. The acquisition parameters are set as follows: TR = 6 ms, Inversion Time
= 950 ms, TE = 3.2 ms, Flip Angle = 8°, Field Of View = 300 mm, matrix size =
300� 300, slice thickness = 1mm.
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