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Abstract
Diffusion magnetic resonance imaging is powerful tool to characterise the microstructural state of

the brain as well as its changes over time. It has therefore been used for years now to evaluate the
impact of several pathologies. This paper focuses on the impact of short-term abstinence on alcohol
use disorder. A study on a set of 35 patients was conducted in order to have a better insight into
the microstructural changes in their brain and the potential reversible damages of alcohol. For each
subject, two scans, one on first day of an abstinence program and second 18 days later, were considered
to assess the influence of short-term abstinence. Several microstructural models were applied on those
diffusion data to retrieve the evolution of different metrics as well as the biological implications they
have. The behavioral aspects of the subjects were also taken into consideration to spot any direct
correlation between the alcoholism symptoms and changes of microstructural integrity. From those
tests, two tendencies were observed among the patients which enabled to divide them into two clusters.
The first cluster did not show significant changes in the course of abstinence. By contrast, the second
cluster showed a high number of rearrangements in the structures of the limbic system, the cerebellum,
its peduncles and the cortico-ponto cerebellar pathway. The evolution of the metrics can however
translate two opposite phenomena linked with inflammation: a disinflammation of the extra-axonal
space in those structures, suggesting a recovery process, or an inflammation of the fibers, suggesting a
continued progression of the damages. The impact of abstinence on some patients is undeniable and
further analyses should be performed on biological data to identify which hypothesis (inflammation or
further damage) reflects the actual evolution of the brain during short-term abstinence. The recovery
hypothesis seems to be the most appropriate one, regarding the evolution of the behavioral data.
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Introduction
Alcohol Use Disorder is a medical condition characterised by an impaired ability

to stop or control alcohol use [1]. This disability is a major concern in our society,
given the amount of people affected and its consequences on public health. As a
matter of fact, up to 3.3 million people die every year worldwide as a result of
alcohol abuse, accounting for 6% of the world’s deaths [2].

This consumption has inevitable impacts on the consumer’s health status, on
both a physical and mental plan, including high variations in the brain microstruc-
ture that open a large field of research. To this end, Magnetic Resonance Imaging
(MRI) and in particular diffusion Magnetic Resonance Imaging (dMRI) has proven
to be of great interest to observe and quantify those microstructural changes. dMRI
aims to highlight the microscopic movements of water in the tissues, thus providing
indirect information about the structure surrounding these water molecules. Some
variables can then be extracted of such imaging techniques and be translated in
terms of axonal density, white matter integrity, swelling and other parameters [3, 4].
A well known model to retrieve this type of information is the Diffusion Tensor
Imaging (DTI).

Based on this principle, some new useful models such as Neurite Orientation
Dispersion and Density Imaging (NODDI), DIstribution of 3D Anisotropic Mi-
crOstructural eNvironments in Diffusion-compartment imaging (DIAMOND) and
Microstructure Fingerprinting (MF) have been implemented upon these dMRI
sequences to further characterize the microstructure. They all have something in
common: the decomposition of each single voxel into a sum of different compart-
ments, allowing a more accurate representation of the different components present
in the voxels.

The goals of this thesis are to analyse and summarise the critical microstructural
changes induced by alcohol abstinence in patients suffering from AUD. This early
abstinence step is a key phase in the treatment of AUD because patients are more
prone to relapse [5].

This paper will therefore be structured in the following way. First, a theoretical
background and literature review will be established in order to introduce the main
concepts of this research, namely MRI and AUD. Second, a quantitative analysis of
the microstructural changes induced by a supervised three weeks withdrawal with
alcoholic patients will be performed. Third, a discussion will be made upon the
different results and their interpretation before concluding about the interest of this
short term abstinence process. Finally, this work will be concluded by identifying
the limitations of the work performed and summarizing the important findings of
this research.
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Part I

State of the art
1 Magnetic Resonance Imaging

Neuroimaging is the set of techniques using mathematical and computer tools to
reconstruct structural and functional images of the brain, from signals detected by
specialised equipment. Magnetic Resonance Imaging (MRI) is one such technique.
It is used for both structural and functional imaging, respectively to study the
structure of the brain and to study cognitive processes in healthy subjects or those
with neurological and/or psychiatric pathologies [6].

1.1 Nuclear Magnetic Resonance
MRI is based on the behavior of the hydrogen atoms which constitute a large

part of the body. The latter is made of two particles: one positively charged, a
proton and the other negatively charged, an electron. The proton is a particle
having the particularity of spinning on itself, thus inducing a kinetic momentum,
also called a spin (see Figure 1.1A). The latter is an intrinsic property of the proton.
Furthermore, as it is a charged particle that is rotating, it will produce a magnetic
field called magnetic moment −→µ that is aligned with its axis of rotation (see Figure
1.1B) and will lead to a resonance phenomenon [6].

Figure 1.1: A Representation of the kinetic momentum or so-called spin and B
the magnetic moment of a particle. Adapted from [7].

A parallel can be done between a proton and a magnet composed of a North and
a South pole: in the absence of external field, the protons will be randomly oriented
as depicted on Figure 1.2A. The sum of all the microscopic magnetisations −→µ is
equal to zero, meaning that there is no resulting magnetisation at the macroscopic
scale, −→

M = 0. However, as said before, a proton is a charge which, when placed in
an external magnetic field B0, will tend to align itself with the field (along its main
direction). This will lead to a macroscopic magnetisation vector −→

M appearing (see
Figure 1.2B). The latter is defined as the sum of a longitudinal component −→

Mz and
a transverse one −−→

Mxy.

Moreover, they can take two different orientations: either parallel or anti-
parallel to B0. But in reality, the protons are not perfectly aligned with B0. They
are rotating with a given angle and a given angular frequency around B0. This
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1.1 Nuclear Magnetic Resonance

phenomenon is called precession and is quantified by the Larmor equation:

ω0 = γB0,

ν0 = γ

2π
B0,

where ω0 is the Larmor angular frequency and ν0 is the Larmor frequency. The
other parameters are γ, the gyromagnetic factor and B0, the external magnetic
field [4, 7, 6, 8].

Figure 1.2: A Representation of protons when no magnetic field is applied, they are
rotating around their axes in random direction; B Protons aligned in the direction
of the external field B0, a few more in the parallel direction and thus inducing a
longitudinal magnetization. Adapted from [7].

As protons are particles that follow quantum mechanics, these two possible
orientations can be associated to two different levels of energy: low energy level
representing the case in which the magnetization vector is parallel to B0, and high
energy level corresponding to the opposite situation, with a magnetization vector
anti-parallel to B0. The distribution of the protons between these two populations
is quite equivalent but there is a little excess in the population corresponding to
the low energy level. This difference, at 0.5 Tesla and at body temperature, is of
the order of 2 protons per million. In other words, in a tissue sample, if a set of
one million protons are aligned in the anti-parallel direction, then another million
and four more protons in excess will have a parallel orientation. In the end, this
gives a non-zero macroscopic magnetisation. This is the steady state of a tissue
sample [4, 7, 6, 8, 9].

This equilibrium state is a thermal equilibrium state, maintaining a transition
between the two energy levels and the number of parallel protons in excess. There
is a certain gap ∆E between the two energy levels:

∆E = hνr,

= h
γB0

2π
= h̄ω0,

= E↓ − E↑,

where E↑(< 0) is the proton’s energy when it is in the parallel orientation, E↓(> 0)
is the proton’s energy when it is in the anti-parallel orientation and h = h̄/2π
Planck constant. One can also compute the energy level E in the following way:

E = ±γh̄B0.
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1.1 Nuclear Magnetic Resonance

An electromagnetic wave equal to this difference (∆E) must therefore be supplied
to move the protons from one state to the other.

The ratio of the number of protons either in one or in the other orientation is
characterised by the Boltzmann equation as follow:

N↑

N↓
= e

∆E
kT ,

where N↑ is the number of protons on E↑ and N↓ the one on E↓, T is the tempera-
ture in Kelvin and k is the Boltzmann constant.

At first, B0 is aligned with the vertical axis Oz of the reference system. Regarding
the magnetisation, the longitudinal component is not null as there is an excess of
proton in the parallel population which gives a non zero resultant, but there is no
transverse component as the microscopic transverse components all compensate
each other. Before the application of the Radio Frequency (RF) pulse, protons are
all out of phase. Then, by applying a rotating magnetic field B1 along Ox, this
steady state can be disturbed. Indeed, it brings some energy to the system and will
allow protons to change their energy level. However, a condition must be fulfilled
to enable this phenomenon: the rotation frequency (ωr) of B1, a RF wave, must be
equal to the specific Larmor frequency ω0 of the protons in the field B0, leading to:

ωr = ω0,

ω1 = γB1.

Both systems are therefore in resonance and the protons oscillate at both the
precession angular frequency ω0 (around B0) and ω1 (around B1). Generally, the
RF wave is applied during a short period of time and can thus be seen as an
impulse. Its short duration (a few milliseconds) will be such that the magnetization
vector will either be tilted from an angle of 90◦ or 180◦, as illustrated in Figure 1.3
[4, 7, 6, 8].

Figure 1.3: Impact of different RF pulses on the macroscopic magnetization vector−→
M : A 90◦ RF pulse and B 180◦ RF [4].

Thus, by applying a RF pulse of 90◦ as shown in Figure 1.4B, protons from the
low energy level might receive enough energy to go to the high energy level. When
the protons number is equivalent between the two energy levels, the longitudinal
magnetisation is null and the transverse one is maximum. However, if a 180◦ RF
pulse is applied, all the excess protons will shift from the E↑ level to the E↓ level,
which leads to the inversion of the longitudinal component as shown in Figure 1.4C
[4, 6, 8].

4



1.1 Nuclear Magnetic Resonance

Figure 1.4: Impact of different RF pulses on the 4 excess protons: A Before and B
after the 90◦ RF pulse and C after the 180◦ RF pulse. Adapted from [4].

The state described in the previous paragraph is unstable and at the end of the
excitation, there will be a return to the equilibrium state (i.e. the one represented
in Figure 1.4A). This is achieved by inverse phenomena: inverse transitions towards
lower energy states and a phase shift of the spins. In the first case, the longitudinal
magnetisation will gradually grow back (T1 relaxation). In the second case, the
spin dephasing will cause a rapid decrease in the transverse magnetisation (T2
relaxation). It is through the relaxation of protons that the phenomenon of Nuclear
Magnetic Resonance (NMR) can be observed [4, 7, 6, 8].

1.1.1 Relaxation

The appearance and disappearance of the longitudinal and transverse com-
ponent are governed by two distinct mechanisms: the energetic transition of the
protons from one level to another and the phasing of the protons.

T1 relaxation
Considering the first mechanism, a 90◦ RF pulse will bring energy to the system:
protons are going to absorb it and move from E↑, the lower energy level, to E↓
the higher one. This will lead to progressive disappearance of the longitudinal
component of −→

M . As soon as B1 is stopped, the system returns to its equilibrium
state and uses the inverse mechanism: emission of the previously absorbed energy
characterising the return of the protons to the low energy level. However, to
ensure that the protons transfer energy to the surrounding biological medium,
the spontaneous Larmor frequency must be close to the frequency of molecular
collisions of protons. Regarding the longitudinal component, it will progressively
increase following this equation:

−→
M z(t) = −→

M0(1 − e
−t
T1 ). (1.1)

It is called the longitudinal relaxation or spin-lattice relaxation. This phe-
nomenon can be described by the Figure 1.5.
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1.1 Nuclear Magnetic Resonance

Figure 1.5: Illustration of the evolution of both components of magnetization during
T1 relaxation: decrease of transverse and regrowth of the longitudinal component
[7].

As in Equation 1.1, regrowth occurs according to an increasing exponential
curve where the time constant T1 is characteristic of a given tissue. This equation
means that after a period of time equal to T1, 63% of the longitudinal component
has regrown; for 2T1, the regrowth is 87% and for 3T1 it is almost total (about 95%
are recovered). The longitudinal magnetisation grows faster as the time constant
T1 is smaller [4, 7, 6, 9, 10].

T2 relaxation
The second mechanism involves the phase shift and rephasing of protons regarding
the evolution of the transverse magnetisation. During the pulse, the protons
come into phase with each other. But when the pulse stops, the protons will
gradually become out of phase or lose their phase coherence. This is known as
transverse relaxation or spin-spin relaxation because this phenomenon results from
the interactions of the protons with each other. Indeed, the protons will evolve
in slightly different molecular environments: they will not have exactly the same
Larmor frequency. This will create small magnetic fields which will be superimposed
locally on the main one, B0. This will create inhomogeneities in B0 which are from
molecular origin. This is why, before and after the application of the pulse, the
protons are not in phase and do not remain in phase for long. In this case, no
energy exchange is involved in this process and it is called T2 relaxation because
the disappearance of the transverse magnetization occurs according to a decreasing
exponential,

−→
Mxy(t) = −→

M0e
−t
T2 , (1.2)

where the time constant T2 is also characteristic of the tissue concerned. During the
first T2 seconds, nearly 63% of the transverse component has already disappeared,
as characterised by Equation 1.2. An additional T2 period results in the attenuation
of 87% of this component, whereas the latter is almost complete (i.e. 95%) after
3T2 seconds. Respectively, the magnitude of order for T1 and T2, are 500 to 1000ms
and 50 to 100ms [4, 7, 6, 11].

Considering inhomogeneities with T ∗
2

The signal measured in MRI technology is called the Free Induction Decay (FID)
signal and corresponds to the decay of the transverse magnetisation Mxy. Indeed,
if the magnetic field B0 were perfectly homogeneous, the observed decay would be
according to the time constant T2. However, this is not the case, as B0 can only
be considered homogeneous on a macroscopic point of view. At the microscopic
scale, due to hardware limitation, B0 is not perfectly homogeneous [12, 13]. These
inhomogeneities are constant and lead to an increased phase shift of the spins.
The FID signal is therefore linked to two phenomena: on the one hand, there
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1.1 Nuclear Magnetic Resonance

are the inhomogeneities of B0 which are following T2, or the so-called molecular
inhomogeneities and on the other hand, are added the inhomogeneities of the
external magnetic field B0 itself and linked to the setup. The time constant T2*
will be used to represent the effect of this combination. Accordingly, the FID signal
decreases more rapidly, following an exponential in T2* as depicted in Figure 1.6,
since the inhomogeneities in B0 accelerate the phase shift of the spins considerably
[4, 7, 6].

Figure 1.6: Illustration of a sequence creating spin echoes. First, application of
a 90◦ RF pulse leading to a FID signal. The latter is dephased due to T ∗

2 effects.
Then, a refocusing 180◦ RF pulse is applied, allowing the formation of an echo at
time TE [12].

1.1.2 Spin Echo sequence

To get rid of the constant inhomogeneities of the B0 field, a Spin Echo (SE)
sequence can be used. It will allow to access the true T2 and cancel the protons’
dephasing. As shown in Figure 1.7, this sequence is composed of a 90◦ RF pulse
followed by a 180◦ RF pulse aiming to correct the phase shift induced by the B0
field. It will allow to obtain a signal following T2 and not T ∗

2 . This signal coming
from the evolution of transversal magnetization is called echo (purple box on Figure
1.7) [8].

Figure 1.7: Spin Echo (SE) sequence. Adapted from [12].

There are two important time constants in a SE sequence:

• Echo Time (TE): the measurement time or the time between the 90◦ pulse
and the first echo;

• Repetition Time (TR): the time interval between two pulses of 90◦ or the
time of longitudinal magnetisation recovery.

Thus, a 180◦ RF pulse is applied at time t = TE/2. This will cause a rephasing
of the spins that were previously out of phase by the action of the 90◦ RF pulse.
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They will be rephased at time t = TE: the signal then reappears as an echo and
can be measured. However, the spins are not perfectly aligned parallel to the
Oz axis of the reference frame. This difference between the initial state and the
new state is the consequence of spin-spin relaxation; the vector of the transverse
magnetisation (i.e. the measured signal) is slightly smaller than the one obtained
with the first 90◦ RF pulse [4, 7, 12, 8].

SE is the most widely used sequence in imaging techniques. It provides excellent
quality images, whose T1 and T2 weighting can be determined by a judicious choice
of the parameters TR and TE. However, one of the disadvantages of this sequence
is that it is relatively long. We will see in the section 1.1.4 how this cycle is used
to obtain the image matrix and thus recover the full information.

1.1.3 Image contrast

Contrast is used in MRI to show differences in relaxation times and proton
density. By means of these different contrasts, it is possible to visualise the different
components of the brain such as White Matter (WM), Gray Matter (GM) and
Cerebrospinal fluid (CSF). Indeed, these biologically soft tissues are characterised
by different relaxation times: WM has the shortest T1 and T2, GM has intermediate
values and CSF has the longest ones. By choosing the parameters (TR and TE) of
the SE sequence carefully, it is possible to weight the sequence according to three
types of contrasts:

• T1 contrast: characterised by a short TR (to promote T1 weighting) and a
short TE (to minimise T2 effects). The parameter characterising T1-weighted
images is TR. Indeed, short TR will give higher contrast than long ones,
as shown in Figure 1.8, because at long TR, tissues are almost completely
relaxed and it is therefore very difficult to differentiate them: the longitudinal
component is at its steady state. The shorter T1, the higher the signal (i.e.
appear white on image). This contrast makes the WM white or light gray,
the GM gray and the CSF black [4, 7, 6];

Figure 1.8: Evolution of the signal of two tissues either with a long TR or a short
one leading respectively to low and high T1 contrast. Adapted from [4].

• T2 contrast: characterised by a long TR (to minimise T1 effects) and a
long TE (to promote T2 weighting). In this case, it is TE that characterises
T2-weighted images (see Figure 1.9). At short TE, the T2 relaxation has
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just started and there is a big loss of information in the measured signal.
Therefore, the longer T2, the higher the signal (i.e. white on image). This
contrast makes the WM darker, the CSF white and the GM is in between
[4, 7, 6];

Figure 1.9: Evolution of the signal of two tissues either with a long TE or a short
one leading respectively to high and low T2 contrast. Adapted from [4].

• Proton density contrast: characterised by a long TR (to minimise T1
effects) and a short TE (to minimise T2 effects). A combination of both
parameters is needed for this type of contrast: long TR allows the recovery
of longitudinal magnetization while short TE minimizes the signal decrease
due to the decay of transverse magnetization (see Figure 1.10) [4, 7, 6].

Figure 1.10: Evolution of the signal of three tissues with tissues A and B with
the same proton density and tissue C with a different one. Thus, there is contrast
between tissue C and tissues A or B but no contrast between A and B as there is
no signal difference after a TR time. Adapted from [4].

1.1.4 Acquisition

To obtain an image, it is necessary to add spatial information to the signal in
order to assign a position to the different received signals. First, a slice plane has
to be selected. After that, the horizontal and vertical directions must be defined
on the slice plane. The collected RF signals then have to be spatially processed in
order to reconstruct the image.

Spatial encoding is based on the successive application of magnetic field gradi-
ents. First, a slice selection gradient (Gss − Gz) is used to select the anatomical
volume to be explored. Within this volume, the position of each point will be
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1.1 Nuclear Magnetic Resonance

encoded vertically and horizontally by applying a phase encoding gradient (Gϕ−Gy)
and a frequency encoding gradient (Gω −Gx) respectively. These different gradients
that enable spatial coding have identical properties, but are applied at different
times and in different directions.

The first step in spatial encoding is to select the slice plane: the slice selection
gradient (Gss) is applied in a direction perpendicular to the plane of interest. It
is added to B0 which will affect the behavior of only protons contained in this
plane. Simultaneously, an RF wave is applied with a frequency equal to the one
of the protons of interest (resonance phenomenon) resulting in a tilting of the
magnetization of only the protons in this plane. Any hydrogen nuclei outside the
slice plane will not be excited and therefore will not deliver any signal [4, 7, 8].

These protons will then be stimulated again by magnetic field gradients to
encode their position in the horizontal and vertical directions. The slice selection
gradient is applied simultaneously to all the RF waves: 90◦ and 180◦. To compensate
for the phase shifts induced by the Gss gradient, which is associated with the first
RF pulse, a gradient of inverse polarity of half duration with respect to the first
positive lobe (gradient of ratio +2/-1 as shown in Figure 1.11) must be added to
the two first positive lobes of Gss. Thus, the protons are back in phase before the
application of subsequent gradients to code the selected slice, avoiding signal loss.
However, the 180◦ pulse used to rephase the spins will also cause the modification
of unwanted spins. To avoid this phenomenon, two lobes of identical gradients can
be added on either side of the 180◦ RF pulse, as shown in Figure 1.12.

Figure 1.11: Addition of a negative lobe of half duration to the first positive lobe of
the Gss gradient to compensate for the phase shifts it induces. Adapted from [4].

The second step is to apply a phase encoding gradient, Gϕ, in the vertical
direction. Protons located on the same line, perpendicular to the gradient direction,
will all have the same phase but different from the other ones. This phase shift
continues until the signal is collected. When the signal is collected, each line of
protons will have a certain phase shift. This will result in a greater or smaller shift
in their signals [4, 7, 8].

The final step in spatial coding is to apply a frequency coding gradient, Gω, in
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the horizontal direction during the signal collection. It will change the precession
frequencies in this direction for the duration of its application. Nevertheless, the
use of a gradient reduces the available signal. Actually, in order to receive a high
signal, the SE created by the 180 RF pulse and the gradient echo generated by the
bipositive Gω gradient must coincide. Hence, the first lobe (+1) of this gradient
is the source of a phase shift that compensates, in advance, for the phase shifts
caused by the reading gradient (+2). As this second gradient (+2) is applied
simultaneously with the signal collection, the signal will still carry the frequencies
but also the phase shifts created upstream by Gϕ.

Finally, in order to obtain a complete plane, additional lines must be generated.
To do this, this cycle must be repeated, using the same RF pulses and the same
frequency encoding gradient, but increasing or decreasing the amplitude of the
phase encoding gradient in order to obtain different information at the moment of
reading the signal. To achieve these different phase encoding steps, the gradient is
applied with different values, incremented in a regular way. It is said to be bipolar,
i.e. with positive and negative values, symmetrical with respect to 0 [4, 7, 8].

Figure 1.12: Complete timeline of gradient placement in the spin echo sequence:
Light blue box - 90◦ RF pulse with ω0 frequency; Dark blue box - 180◦ RF
pulse used to rephase the spins; Yellow box - Gss gradient composed by a positive
lobe and a reverse polarity gradient of half the duration of the first positive one;
Red box - Gss gradient composed by two positive lobes on either side of the 180◦

pulse; Green box - Gϕ phase encoding gradient going from a positive value to the
same negative one; Orange box - bipositive Gω gradient. Adapted from [4].

The time between two complete cycles, and therefore the time between the end
of one line and the beginning of the next one in the Fourier plane (also known as
the K-space) is the TR. At each repetition, a line of the K-space is filled, thanks
to a different phase encoding as shown on the right of Figure 1.12. To sum up,
the data acquisition is obtained line by line by a double progression: horizontal,
reading the same line thanks to the frequency encoding by the readout gradient Gω,
and vertical, from one line to the next thanks to the change of the phase encoding
gradient Gϕ to obtain successively all the lines of the Fourier plane [4, 7, 8].

1.2 Diffusion imaging techniques

1.2.1 Diffusion-Weighted MRI

The main benefit of using Diffusion-Weighted MRI (DW-MRI) is that it relies on
the principle of diffusion of water molecules in the body. Indeed, their displacements,
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characterised as Brownian1, allow the extraction of information on the structure
of tissues at a microscopic scale, thus offering a much higher quality of resolution
[4, 15]. The diffusivity of a molecule is directly influenced by the composition of
its surrounding environment (i.e. the type of tissue, the type of molecule,...), by
the microscopic architecture of this tissue and by the temperature. This is leading
to two types of movement [16, 15]:

• Free diffusion: water molecules move in all directions in space, without any
constraints. For example, CSF meets this criterion.

• Restricted diffusion which can be divided into two subcategories: isotropic,
when the degree of diffusion is the same in all directions of space, and
anisotropic, when it is different only in some directions of space. Both are, as
the name implies, limited by obstacles. For instance, the diffusion in central
GM is isotropic whereas it is highly anisotropic in the case of axons in which
diffusion is facilitated along the axonal fibers, in the longitudinal direction
but less in the perpendicular direction.

The observation of these displacements can therefore provide unique insights on
the structure and organisation of tissues. MRI is the only non-invasive technique
currently available to observe diffusion in vivo [17]. Moreover, this method does not
interfere with the diffusion process: it is an intrinsic physical process, independent
of the physical magnetic principles used [18].

Diffusion imaging can therefore provide indirect information, such as microstruc-
tural properties of the tissue surrounding the water particles. Indeed, it is possible
to access the information given by the agitation of the water molecules because it
is an integral part of the MRI signal: only molecular displacements in the direction
of the gradient are visible and will therefore influence the signal. However, the
sequences usually used and described above are not powerful enough to highlight
the loss of signal due to this phenomenon. To overcome this problem, a new
sequence is used: Pulsed Gradient Spin-Echo (PGSE) sequence containing two
diffusion gradients, symmetrically to the 180◦ RF pulse, as shown in Figure 1.13
[19, 4].

Figure 1.13: Diffusion gradient in a PGSE sequence [7].

These two gradients are added in order to be able to measure the diffusivity of
water molecules, within a voxel, through T ∗

2 signal attenuation. Two cases must be
considered: immobile and mobile water molecules. In the first case, the phase shift
caused by the first diffusion gradient is perfectly compensated by the second one.
The signal of such molecules is therefore not attenuated and is represented by the

1Brownian motion is the random movement of particles in a liquid or gas [14]
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white arrow in Figure 1.14. However, in the second case, the mobile protons are
dephased when the first gradient is applied. But as they are moving, they are not
exposed to precisely the same diffusion gradient after being under the influence
of the 180 degree refocusing pulse. This results in an attenuation of the signal,
represented by the gray arrow in Figure 1.14. The speed of molecular movements
has an impact on the attenuation of the signal. Indeed, the faster it is, the less the
phase shift of the protons will be compensated for and the greater the decrease in
signal. This is illustrated by the black arrow in Figure 1.14 [4, 18, 20].

Figure 1.14: Diffusion gradients and their effects on signal [4].

Figure 1.15 is another way to explain the previous paragraph. Indeed, this graph
shows how motion of protons will affect the signal. The bottom right rectangle
shows that not all protons have been rephased to their initial state because they
have moved and therefore have not been subjected to the same field strength as
before [21].

Figure 1.15: Influence of motion on proton phase [21].

The attenuation of the MR signal can be improved by varying the amplitude and
time of application of the scattering gradients. These characteristics are combined
into a single value called the b-value. It is defined by the following equation [16, 4]:

b = (γGτ)2(T − τ

3) [s/mm2],

with γ the gyromagnetic ratio, G the gradient amplitude, τ the time during which
it is applied and T the time between the onset of both diffusion gradient.

This is a metric that quantifies the diffusion weighting in MRI sequences: using
a high b-value, the signal will show more attenuation in opposition to the use of a
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low b-value. Indeed, a b-value of zero gives no diffusion weighting in the image.
Conversely, a high value of b allows to better highlight the differences in diffusion
speed.

Another interesting coefficient is the Apparent Diffusion Coefficient (ADC). It
represents the rate of diffusion in biological tissues [16]. To be able to compute
this coefficient, two DW-MRI acquisitions are needed: one using a b-value equal to
zero allowing, as said before, to have no diffusion effects and the other one using
a b-value which is different from zero. These two acquisitions are going to give a
signal S0 and a signal S respectively that can be put together into the following
formula [4, 18]:

ADC = − log ( S

S0
)/b [mm2/s],

where b is the b-value used to make the acquisition of the signal S.

However, this coefficient is highly influenced by the direction used to encode
diffusion. By averaging three measurements made in orthogonal directions, it is
possible to resolve this limitation. This new image is called the trace image and
gives a better estimate of the scattering phenomenon. Indeed, a hypersignal on
this image will correspond to a restricted diffusion in the three directions [4].

1.2.2 Diffusion Tensor Imaging (DTI)

The effect of diffusion on the MRI signal is characterised by an attenuation. It
is linked to the b-value and to the ADC [4]:

Att = e−b ADC .

However, the ADC coefficient does not take into account the possibility for the
diffusion to be anisotropic, making it dependent on the direction of the applied
gradient. To take that into account, instead of a scalar, a tensor will be used to
define the diffusion. This technique is called Diffusion Tensor Imaging (DTI) is able
to extract diffusion anisotropy effect from MRI [4, 22, 18]. This diffusion tensor D
is defined as follows:

D =

Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

 .

This tensor is symmetric meaning that Dxy = Dyx; Dxz = Dzx and Dzy = Dyz.
Thus, to acquire this tensor, DW-MRI sequence is only needed in six different
directions. As said before, a seventh measurement is performed with a low b value
(b=0) to have a baseline image. These 7 measurements are the minimum required
for solving the diffusion coefficients characterising the diffusion tensor [18, 23]. The
diagonal elements of D represent diffusion along the three orthogonal axes of the
referential frame.

From this tensor, scalar quantities can be obtained by using its eigenvalues
λ1, λ2 and λ3. The latter are defined by means of the following equation:

(D − λI)u = 0,

(D − Λ)u = 0,

14



1.2 Diffusion imaging techniques

where Λ is the matrix containing the three eigenvalues on its diagonal and u is the
matrix containing the corresponding eigenvectors [4, 17, 18].

Mean Diffusivity (MD)
The MD is a measure of the overall diffusivity in a particular voxel and the overall
presence of diffusion barriers. To obtain this global characterisation of diffusion in
one voxel, anisotropic effects must be avoided and the Trace (Tr) of the diffusion
tensor (D), as it is a quantity independent of the directions, is a good indicator
of the global diffusivity in a given voxel, also translating the amount of water in
the extracellular space [24, 18]. The latter is calculated as the sum of the three
eigenvalues λ1, λ2 and λ3:

Tr(D) = λ1 + λ2 + λ3, (1.3)

MD = Tr(D)
3 = λ1 + λ2 + λ3

3 . (1.4)

MD will be low within the WM and the GM as the diffusion is mainly anisotropic
in these region but will be quite high in other structures such as CSF, as movements
of water molecules are less restricted. On Figure 1.17A, a MD map is displayed:
pixels with low MD values appear dark and those with high values appear bright.
Moreover, as this metric is completely independent of the direction of the frame of
reference (by contrast to the ADC), its changes will only be due to changes in the
structure of the tissue [22, 18].

Axial Diffusivity (AD)
AD is another way to characterise the diffusion. It represents the diffusivity along
the principal axis of the diffusion ellipsoid and is given by λ1 [23].

AD = λ1. (1.5)

Radial Diffusivity (RD)
RD is the expression of the diffusivity along perpendicular direction to the principal
one [23]:

RD = λ2 + λ3

2 . (1.6)

With the definition of those three diffusion metrics, the following equation
enables to link them with each other:

3MD = AD + 2RD. (1.7)

Fractional Anisotropy (FA)
It is also possible to obtain information about the degree of anisotropy of a voxel.
The behavior of water molecules with respect to orientation can be described thanks
to this last metric which is called FA. It is defined as the ratio of the degree of
anisotropy of D to the total diffusion tensor and quantifies its shape.

FA =
√

3
2

√√√√(λ1 − MD)2 + (λ2 − MD)2 + (λ3 − MD)2

λ2
1 + λ2

2 + λ2
3

. (1.8)

FA can vary between [0, 1]:
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• Zero represents the situation for which the isotropic diffusion is maximum
and shapes the diffusion tensor as a perfect sphere;

• One represents the opposite situation, when the anisotropic diffusion is
maximum. The tensor is then shaped as an ellipse, as displayed in Figure
1.16.

Figure 1.16: Evolution of the ellipse representing the diffusion tensor [22].

Once the four metrics are obtained for each voxel, a map can be created: voxels
with high value of FA will appear bright whereas voxels with low FA value will ap-
pear dark on the image. Moreover, another map can be computed: Red-Green-Blue
map of the FA (see Figure 1.17C). The latter gives indication on the direction of
diffusion. In such maps, the red color indicates left-right, green anterior-posterior
and blue superior-inferior direction of the diffusion [23, 16].

The four metrics introduced here above also have physiological/anatomical
interpretations. First, FA reflects the integrity of microstructural connectivity
underlying brain circuitry. High values of FA thus represent high WM integrity.
Regarding diffusion metrics, AD is used to translate axonal integrity, meaning that
low AD values can be a sign of axonal damage. Finally, RD is commonly used to
speak about myelin integrity [25, 22, 24, 23, 18].

Figure 1.17: Axial slice of A MD map; B FA map; C RGB-FA map; D AD map
and E RD map.

1.3 Advantages and limitations of DTI
DTI is a model with many advantages, but also some limitations. One of the

main advantages of this model is that it allows the assessment of WM in vivo and
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provides quantitative measurements in a non-invasive manner. However, although
it can identify the location of major WM bundles, only one fiber population can be
modelled in a voxel at the time and this does not represent reality. Moreover, DTI
expects the water molecules to follow a Gaussian distribution and therefore does
not take into account the impact of the specific microstructure of a voxel. Indeed,
voxels are sometimes composed of multiple fiber populations which are crossing
each other. This leads to misinterpretations: a voxel expressing low anisotropy may
simply be due to populations of fibers, organised but oriented in different directions,
whereas the DTI model will interpret it as a single unorganised population. The
anisotropic character of the scattering will only appear on the DTI if, in a single
voxel, all the structures passing through it are aligned in the same direction [26, 27].

Another limitation of DTI is that it is very sensitive and will therefore depend
on many external factors such as acquisition parameters, the user, the scanner
used, some non-biological factors (e.g. patient movement), etc. This has an impact
on the quality of data that can be extracted from DTI. Indeed, they have a low
Signal to Noise Ratio (SNR). The latter quantifies the ratio between the level of
background noise and the level of the signal obtained. A low SNR represents poor
image quality because the noise is too high compared to the signal [26, 27].

Finally, the DTI remains very interesting to study the evolution of neurological
conditions because it has been shown to be very sensitive to brain damage and to
the effects of neurological pathologies [27].

1.4 Advanced multi-compartment diffusion models

1.4.1 NODDI

Even though DTI has been the default method to investigate the brain mi-
crostructure for a few decades now, modern imaging tools and computing tech-
nologies give rise to new possibilities for even more detailed tissue characterisation,
pushing research even further than before. This is the reason why new models such
as Neurite Orientation Dispersion and Density Imaging (NODDI) are investigated
in order to link the dMRI signals to tissue features. This goes beyond the simple
signal representation enabled by DTI techniques and introduces a new biophysical
model relying on assumptions about the underlying tissue [28].

NODDI is a microstructural model created in 2012 by Zhang et al. [29] in order
to quantify neurites in terms of density and orientation inside an imaging voxel.
Those parameters are significantly important for the interpretation of the brain
development for example, as it has been shown that a higher dispersion of neurite
orientation distribution in WM tracts translates a greater brain development [29].
This specific model allows to compensate for the non-specificity of DTI metrics.
Indeed, a located decrease in FA might have several causes such as reduction in
neurite density, increase in the dispersion of neurite orientation distribution, or
many other structural changes [30].

The model is based on the discrimination of three different compartments: in-
tracellular (ic), extracellular (ec) and CSF (iso). As the diffusion of water molecules
is different in those areas, the resulting MR signal can also be differentiated. The
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latter can be described with the following equation:

A = (1 − νiso)(νicAic + (1 − νic)Aec) + νisoAiso,

where A and ν respectively represent the normalized signal and volume fraction for
each of the three compartments. This voxel discrimination is made according to
the anatomical constitution of the concerned element.[29]

First, the intracellular model applies to the elements located inside a neurite. A
neurite is defined as a general term for axons and dendrites that are the projections
of the cell body of a neuron. They are therefore responsible for the propagation
of action potentials, carrying neural information. In this first compartment, the
diffusion of water molecules is highly constrained by the shape of those neurites
and is thus mainly parallel to their orientation. The model is therefore illustrated
by a set of sticks, being cylinders of zero radius. The fraction of a voxel occupied
by this intracellular compartment is characterised by fraction named fintra, char-
acterising how the fiber volume is evolving. Indeed, if fintra increases in the WM,
either the proportion of fibers in the considered area increases, thus showing axonal
regrowth or the volume of fiber increased as a consequence of axonal swelling, thus
translating a WM inflammation. On the other hand, if it decreases, the proportion
or volume of fibers drops, which can, for example, be explained by inflammation of
the extra-axonal space or axonal degeneration/deletion. However, its interpretation
in the GM is quite different because it is not composed of any axonal fiber and thus
will be more representative of what is happening to the proportion of microglial cells.

Second, the extracellular model designates the space surrounding the neurites,
mainly composed of glial cells holding those neurites in place while providing them
nutrients and oxygen, additionally to their protection role. The presence of neurites
all around this compartment hinders the diffusion of water molecules but does
not restrict it in a specific direction and this is modeled by a simple anisotropic
diffusion. This is imaged by cylinders, having a principal parallel and a secondary
perpendicular diffusivity component [29, 31]. The fraction of a voxel occupied
by this extracellular compartment is characterised by fraction named fextra. A
higher value of fextra can therefore be the sign of a higher quality of the myelin
sheath, or a swelling of the extra-axonal cells due to inflammation.

Moreover, the fibers represented by sticks in this model can range from highly
dispersed distributions in some brain areas, like the GM in which one can find
dendritic processes in all directions, to a uniformly oriented distributions, in specific
oriented WM structures such as the CC. This gives rise to a new metric, the
orientation dispersion index (ODI), characterising each voxel corresponding to this
model. The ODI ranges from 0 to 1 and locally translates the orientation dispersion
in both, intra- and extracellular compartments. Hence, 0 stands for perfectly
aligned fibers whereas 1 represents a fully isotropic structure [28, 29]. When ODI
changes, it can have two meanings depending on the area of the brain in which
it is located. In the WM, a decrease reflects axonal packing and an increase is a
symbol of fiber dispersion. If it increases, it could thus reflect tissue rearrangement.
On the other hand, the behavior of ODI in GM is quite different and a decrease
illustrates a decline of the dendrites proportion whereas an increase expresses a
rearrangement of the tissue or a neuroinflammation [28].
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1.4 Advanced multi-compartment diffusion models

Third, the isotropic model refers to the compartment characterised by a fully
isotropic diffusion [29]. It it sometimes referred to as the CSF compartment because
of its high similarity with the diffusion observed in the ventricules full of CSF :
isotropic diffusion of water molecules. It is however a misuse of language as this
compartment is in reality not filled with CSF but with unconstrained molecules
(or constrained in a sphere).

It is thus the combination of the CSF diffusion and the intra- and extracellular
components, that builds the collected signal, as represented in Figure 1.18.

Figure 1.18: NODDI model: representation of the three compartments (intra-,
extracellular and CSF) considered by this model. The intracellular compartment
is represented by sticks (cylinders of zero radius). The extracellular space reflects
the constrained diffusion with a cylinder, having both a longitudinal and a radial
diffusivity components. The isotropic compartment (renamed CSF compartment)
is represented by a sphere.

1.4.2 DIAMOND

DIstribution of 3D Anisotropic MicrOstructural eNvironments in Diffusion-
compartment imaging (DIAMOND) is a microstructural model that takes into
account all the information from the microstructures in the DW-MRI signal. This
model, like NODDI, considers that in each voxel there are several compartments and
does not consider the whole voxel as a single homogeneous population (see Figure
1.19A). Indeed, it considers a large number of spin packets in each voxel to provide
insight into its composition. They are composed of homogeneous and heterogeneous
3D spin packets. The signal obtained for each voxel comes from homogeneous
spin packets undergoing local anisotropic and Gaussian 3D diffusion. It represents
the interactions of the spins with homogeneous parts of the microstructure. The
diffusivity of homogeneous populations can therefore be represented by a diffusion
tensor D. Their contribution to the signal is weighted by P (D), the matrix-variate
distribution giving the fraction of spin packets characterised by a diffusion tensor
D leading to a diffusion signal Sk:

Sk = S0

∫
D

P (D)e−bkgT
k DgkdD,

where S0 is the signal obtained for b0, the baseline signal, gk is the direction of the
diffusion gradient direction and bk is the b-value of volume k [32].

With the DTI model, voxels are considered to contain only one homogeneous
microstructural environment. If the latter is characterised by a D0 diffusion tensor,
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then it is possible to fall back on the DIAMOND model by defining P (D) as a
delta function: P (D) = δ(D − D0). However, this is not a realistic way to define a
voxel. Indeed, they are often composed of several distinct compartments containing
some amount of heterogeneity and this can be taken into account in the model by
considering P (D) as a matrix-variate Gamma (mv-Γ) distribution. The latter is
defined as follows:

Pκ,
∑(D) = |D|κ−(p+1)/2

|∑∑∑|κΓp(κ) e−trace(
∑−1

D),

Γp(κ) = πp(p−1)/4
p∏

j=1
Γ(κ − (j − 1)/2),

with κ the shape parameter capturing heterogeneity of the spin packet population,∑ the scale parameter and Γp(κ) the multivariate Gamma function. If the latter
has a narrow peak, it indicates a quite homogeneous population whereas broad
peak indicates a heterogeneous population as seen on Figure 1.19C. This can be
generalized to Np populations of spin packets in a voxel each being characterised
by a mv − Γ distribution Pκj ,

∑
j
(D):

P (D) =
Np∑
j=1

fjPκj ,
∑

j
(D),

with fj ∈ [0, 1] the occupancy fraction of each population and their sum is equal to
one.

As said before, DIAMOND is a generalized way to express 3D diffusion and,
with a few manipulations of the direct output, new metrics such as the FA, MD
and RD can also be extracted. To differentiate them from the direct DTI metrics,
they will be called cFA, cMD, cAD, cRD in the rest of this report. But it also
provides an overall measure of heterogeneity and takes into account the orientations
of fascicles. However, to do so, the number of tissue compartments in each voxel
must be defined [32].

Figure 1.19: DIAMOND model: A Several compartments are shown (an isotropic
in red and two anisotropic in blue and green); B delta functions considering purely
homogeneous compartments with no exchange and C probability density function
when taking into account heterogeneity of diffusion [32].

1.4.3 Microstructure fingerprinting

Microstructure Fingerprinting (MF) is, like NODDI and DIAMOND, a multi-
compartmental microstructural model. It is based on a dictionary created through
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several Monte Carlo simulations of DW-MRI signals (or also called fingerprints).
The purpose is to find the right parameters to describe the microstructure of each
voxel. The latter are considered to be composed of several compartments, each
characterising the different biological structures found within. To take into account
these different compartments, the principle of superposition is used: the signal of
several fascicles, of different orientations, intersecting in a voxel is equal to the sum
of the signals of each fascicle considered individually [33, 34].

The dictionary mentioned above contains the information of the different pa-
rameters of the model (such as the radius of the cylinders representing the axons,
the orientations, their density,...) used to represent all the different combinations of
microstructural tissues that can be found in a voxel. Then, an algorithm is used to
find the best combination that best describes each voxel and thus best represents
the information contained in the DW-MRI signal [33, 34].

2 ElikoPy pipeline
The ElikoPy pipeline [35] has been designed in order to face the various disad-

vantages that come with DW-MRI such as recurring low SNR and artifacts. The
signal acquisition is known to induce distortions and slice-wise signal dropouts that
have to be corrected to ensure the reproducibility of neuroimaging studies and the
coherence of the resulting metrics in order to guarantee a correct interpretation of
the results. ElikoPy is thus a processing pipeline developed to correct the majority
of image quality problems and inform the user about the quality of the processed
data. Its particularity is its ability to deal with large-scale population studies [36].

The implementation of this processing tool is mainly based on several existing
Python packages such as DiPy [37], Dmipy [38] and MF [33]. It can also support
different types of input formats: Brain Imaging Data Structure (BIDS), classical
Digital Imaging and Communications in Medicine (DICOM)2 and Neuroimaging
Informatics Technology Initiative (NIfTI)3. The process illustrated in Figure 2.1
starts with a data check in order to verify that the image dimensions match the
dimensions of the b-value and b-vector files along the acquisitions parameters and
index files. In the case of a successful check, a specific folder is generated for each
subject and the preprocessing is launched in order to enhance raw images and get
rid of the possible artefacts. The creators of this pipeline have shown that there
is a real interest in preprocessing, especially for more advanced diffusion models
that can be used later. Indeed, their sensitivity to small variations is considerably
increased and thus allows for better discrimination of fiber populations within each
voxel. Preprocessing tends to make the data more uniform across subjects and to
attenuate non-biological differences [36].

Regarding this preprocessing, several steps are successively applied. First, a
reslicing is performed in order to deal with the detrimental effect of the automatic
interpolation (done by the MRI scanner to enhance image quality) and ensure
isotropic voxels. However, this reslicing step brings some drawbacks: there is longer

2DICOM is the international standard to transmit, store, retrieve, print, process, and display
medical imaging information [39]

3NIfTI is a type of file format for neuroimaging [40]
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computation time or reduced resolution even if the SNR increases for higher voxel
volumes. After that, voxels that are not located in the brain area are discarded
thanks to the application of a brain mask: the brain is extracted from the skull
and other surrounding tissues to allow the following steps of the pipeline to use
brain tissue only and thus reduce computation time. A further correction is made
by applying a denoising technique, the principal component analysis of Marchenko-
Pastur, in order to limit the effect of noise found in the images. This method is
quite robust as it does not blur the image or create any artifact. This step should
be performed first on the data. Indeed, performing a step of interpolation before
would render noise more correlated and therefore lead to the failure of this method
since its aim is to reduce the uncorrelated noise [36].

Then, this pipeline is also able to correct Gibbs ringing artifacts. Those artefacts
are characterised by series of lines in the diffusion-weighted image [41]. However,
this correction has not been applied in this work because if the data is not affected
by such an artefact, which is the case for the data considered in the present work,
removing it anyway would deteriorate the images instead of improving them. Two
other corrections are made by ElikoPy: motion and Eddy Current distortions.
They are causing displacements and deformations of the brain but can be jointly
corrected. The methods used are coming from FSL [42], FSL Topup [43] and FSL
Eddy [44]. First, an estimation of the distortion field is done by Topup and then
used by Eddy to correct the distortions in the image. The motion artefacts are
corrected between adjacent volumes and also adjacent slices [36].

As explained in section 1.1.1, magnetic fields present some inhomogeneities
coming from the scanner itself. The artefacts caused by those imperfections are
called bias field and are corrected by applying N4 Bias Field Correction algorithm
in ElikoPy. However, as for Gibbs ringing artefact, making the correction when it
is unnecessary has detrimental effects and decreases the quality of the data [36].

Next, a WM mask is applied to extract the regions of interest for some specific
analysis of the images. It is also helpful to speed up the computation of the
different microstructural features. Those features can be analysed via four available
algorithms: DTI, MF, NODDI and DIAMOND. All the elements calculated by
these methods and used in the rest of this work, will be described in the methods
section (section 4). Finally, it is possible to obtain a PDF report for each patient,
containing all the information resulting from the performed steps of preprocessing
[36]. It is also useful to mention that ElikoPY has other parameters and prepro-
cessing steps available but that they will not be described further here, as they
were not performed in this case.

Finally, in the prospect of studying volume changes, ElikoPy is able to segment
the brain in three parts: the WM, the GM and the CSF. This information is
contained in a file with only three values, either 1, 2 or 3, each corresponding to a
specific tissue class. Thus, if a pixel is assigned to 1, it means that it belongs to
the CSF (and respectively 2 and 3 the GM and the WM).
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Figure 2.1: Overview of the main processing steps in the ElikoPy pipeline [36].
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3 Alcohol Use Disorder

3.1 Definition of AUD
Alcohol Use Disorder (AUD) is a medical condition characterized by an im-

paired ability to stop or control alcohol consumption [1]. This pathology is a major
concern in many health systems because of its prevalence among the population
and the variety of consequences that it might cause in the human body. Indeed, it
has been reported that worldwide, 7% of drinking adults suffer from AUD which is
equivalent to 1.4% of the population, with a prevalence for people aged between
25 and 34 years old. The disorder is responsible for a large amount of prema-
ture deceases and can therefore be accountable for 6% of the global death rate [2, 45].

However, those deaths are not uniformly spread around the globe and Figure
3.1 perfectly illustrates this phenomenon. For that reason, the priority of research
on AUD, its causes, consequences and potential treatments varies from country to
country. We can first note that the alcohol consumption is globally high for Europe
while it is particularly low across North Africa and the Middle East (see Figure
3.1A). Also, the prevalence of AUD in Russia is worrying in comparison to other
countries in the world (see Figure 3.1B).

Figure 3.1: Distribution of AUD in the world: A alcohol consumption per person
in liters of pure alcohol, World, 2018 and B share of population with AUD, World,
2017. Adapted from [45].

One way to diagnose a patient with AUD pathology, is to verify if its alcohol
consumption is associated with two or more of the typical symptoms of AUD during
the past 12 months4 [45, 46]:

• Tolerance such that increased doses are required in order to achieve effects
originally produced by lower doses;

• Physiological withdrawal state when alcohol use has ceased or been reduced;
• Difficulties controlling drinking in terms of its onset, termination or levels of

use;
• Neglect of social, occupational or recreational activities;
• Time spent drinking or recovering from effects of alcohol;
• Drinking despite physical/psychological problems;
• Craving or urge to use alcohol;
• Alcohol consumed in larger amounts or over longer periods than was intended;
• Failure to fulfill major role obligations at work, school or home;
4According to the Diagnostic and Statistical Manual for Mental Disorders, 5th edition (DSM-5)
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• Recurrent alcohol use in hazardous situations;
• Drinking despite social/interpersonal problems.

The different causes for AUD can be classified in different categories. First, be-
havioral risk factors, linked to the drinking history, include the age of first alcohol
use, amount of alcohol consumed, and number of years of heavy drinking. Second,
environmental factors, such as early life stressors (including physical or sexual
abuse) increase the risk for AUD later in life. Third, a psychological aspect is
also influencing the development of the disease, triggered by high anxiety traits [47].

Moreover, some studies have identified a big role of the alcohol metabolism genes,
particularly those for alcohol dehydrogenase (ADH) and aldehyde dehydrogenase
(ALDH), in terms of genetic risks for AUD. This is the case of Frank et al.
[48] who studied the specific gene cluster ADH1 composed of the three following
genes: ADH1A, ADH1B and ADH1C. They identified inside this gene cluster
a specific nucleotide prone to single-nucleotide polymorphism and correlated to
alcohol dependence. In other words, at this specific position in the genome, the
nucleotide is prone to a variation in a minority of individuals and this variation
appears to be significantly related to the development of the AUD condition.

3.2 Impact of DNA on alcoholism
Despite the incomplete understanding of AUD and its underlying mechanisms,

there is substantial evidence of the influence of genetics in the pathology. A majority
of the previously cited factors in section 3.1 are influenced by genetics. Indeed,
50 to 60% of the risk for developing AUD are due to genetics, while the remain-
ing percents may be due to either environmental factors, or gene-environment
interactions (see Epigenetics explanation in the next paragraph and Figure 3.2).
Those numbers have been proven by comparing prevalence of alcohol dependence
in different situations. The impact of the environment solely could be isolated
by comparing children educated in the exact same environment but among which
one of them has been adopted (no genetic relationship). Moreover, by comparing
siblings who grew up in the same environment to homozygotic twins (100% match-
ing DeoxyriboNucleic Acid (DNA)) in similar conditions, a measure could also be
retrieved. We thus know that predispositions to alcoholism play a major role that
can not be ignored [47, 1].

Additionally, some researchers have identified mechanisms resulting in heritable
changes in gene expression due to alcohol-induced epigenetic mechanisms via
modification of histones or DNA methylation. Epigenetics is the way the genes
functioning (activity and/or expression) can be affected by someone’s behavior and
environment, in a reversible way without DNA alteration as detailed in Figure 3.2
[49, 50].
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Figure 3.2: Epigenetic mechanisms. Adapted from [51].

This is either expressed by the direct methylation of DNA or by the chemical
modification of histones. Firstly, the methylation of DNA works by adding a
chemical group to DNA, preventing the decoding of DNA sequence by proteins
on this specific site. Secondly, the histone proteins, around which the DNA is
wrapped, are controlling this spatial configuration around themselves with their
chemical composition. By changing this composition, the DNA can be wrapped
(i.e. unread) or unwrapped (i.e. read) because wrapped DNA segments cannot be
accessed by the decoding proteins [49, 50].

Figure 3.3: Hypothetical model for the interactions of genetic and environmental
factors in the predisposition to and development of alcoholism [49].

Accordingly, those epigenetic factors, appearing as a consequence of alcohol
consumption, hypothetically contribute to the development of AUD. Those factors
are added to the conventional genetic factors, directly related to everyone’s DNA
sequence that highly influences the predisposition to AUD, as clearly stated in
Figure 3.3 [49, 50].
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3.3 Biological impact of AUD
There is an undeniable effect of alcohol consumption on the microstructure

of the brain, and this for any consumer. Up to date, several studies have been
conducted on animals (mainly rats) and humans in order to discover the microstruc-
tural abnormalities of excessive alcohol consumption.

In general, microstructural changes on diffusion images are identified according
to the metrics introduced in section 1.2.2. The scientific literature shows a wide
variety of effects of chronic alcohol consumption with sometimes some contradictory
results. Some regions also seem to be more impacted by alcohol consumption than
others [52]. A short neuroanatomical description is therefore useful in order to
understand this section.

3.3.1 Brain Anatomy

First, the nervous system consists of a central part, Central Nervous System
(CNS), and a peripheral one, the Peripheral Nervous System (PNS). Both systems
allow the flow of information in the form of action potential in our body. This
information can either originate from the peripheral tissue and flow to the brain
in order to give feedback to the brain about some sensations; it is then called
afferent. Alternatively, a similar flow but in the reverse way for an efferent flow,
then qualified as motor information, in order for the body to potentially respond
to afferent information. The CNS is composed of two elements: the brain that
generates information flow and the spinal cord that conducts it further to the
PNS. The brain is composed of three different components: WM (consisting of
axons and oligodendrocytes), GM (made of neurons and unmyelinated fibers)
and CSF to protect the brain. The CNS can as well be split in 4 different areas:
the cerebrum as the main component, diencephalon, cerebellum, and brainstem [53].

The cerebrum
The cerebrum is made of two hemispheres (left and right) and its outer layer, the
cerebral cortex, is commonly separated into five lobes shown in Figure 3.4: frontal,
parietal, temporal, occipital and insular lobes [53].

Figure 3.4: Brain lobes: A frontal, parietal, occipital, temporal ([54]) and B insular
([55]).

Those lobes usually carry specific functions. First, the frontal lobe plays a role
in terms of impulse control, attention, imagination, speech and executive function.
This executive function is carried by a sub-part of the frontal lobe: the prefrontal
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cortex. The latter is also involved in language performances and emotional infor-
mation treatment. For those reasons, frontal lobe damages can for instance be
responsible for impaired judgement, difficulty controlling emotions, impulsive or
risky behavior or troubles with communication [56, 52, 57].

Second, the parietal lobe ensures the integration of various sensory stimuli
such as proprioceptive and mechanoceptive information and also takes part in the
language processing [58].

Third, the temporal lobe is involved in visual memory processes and is there-
fore subject to memory loss in case of local damage [56, 52]. It is also made of
Wernicke’s and Broca’s area, respectively responsible for understanding/processing
and producing speech. Consequently, a dysfunctioning temporal area can also be
responsible for disorder of speech, impaired memory skills and changes in self-image
and self-perception [59].

Fourth, the occipital area mainly concerns vision. It is responsible for visual
perception and interpretation. Finally, the insula gathers a lot of information and
sensation such as pain and taste [58].

Subcortical structures

Figure 3.5: Hypothalamus, Thalamus, Ep-
ithalamus [60].

Deeper in the brain, are some subcorti-
cal structures. First, the diencephalon
comprises the thalamus, epithalamus,
subthalamus and hypothalamus (see
Figure 3.5). The hypothalamus has hor-
monal implications both in terms of pro-
duction and regulation [53]. It is there-
fore responsible for the relationship be-
tween the nervous and the endocrine
system, itself regulating a myriad of
sub-systems such as body homeostasis,
stress or sleep [61]. The thalamus con-
tributes to many brain processes: it is mainly associated with changes in mood,
but also plays a role in memory, cognition and perception. Moreover, it relays some
motor and sensory signals to the cerebral mantle [52, 62].

Then, the limbic system also has different substructures: the hippocampal
formation, fornix, nucleus accumbens, amygdala, and others represented in Figure
3.6. It is mainly involved in memory, olfaction, body homeostasis, regulation of
sensorial/visceral activity and emotions. Furthermore, it has a role to play in the
production of appropriate responses to stimuli with social and emotional salience
[52, 53].
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Figure 3.6: Anatomical components of the limbic system [63].

Corpus Callosum
Another key element of the brain’s WM is the Corpus Callosum (CC). This is a thick
nerve tract interconnecting different cortical regions of bilateral brain hemispheres
and enabling communication between them. It is anatomically divided in four
parts: the rostrum, the genu, the trunk/body and the splenium shown in Figure
3.7A. Those zones can be even more precisely separated. The example of one
possible division is shown in Figure 3.7C [53, 64]. This additional division allows
us to mention the isthmus, as a segment between the body and the splenium of
the CC, connecting the bilateral superior temporal and the posterior areas of the
brain. The first is engaged in auditory processing while the second plays a role in
cognitive functions such as attention, working memory and learning [65].

Figure 3.7: A Anatomical division of the CC. Adapted from [66] ; B Division of
the Corpus callosum and C corresponding lobes involved [57].

Cerebellum
Finally, the cerebellum lies between the cerebrum and the medulla of the brain
stem as shown in Figure 3.8A. It plays an important role in the regulation of
motor functions i.e. voluntary muscle contraction and equilibrium [53, 67]. This
motor regulation is partly made via the cerebellothalamic network. Indeed, as
stated earlier, the thalamus relays motor information [52]. The cerebellum is
composed of WM structures such as the cortico-ponto cerebellar pathway and the
cerebellar peduncles. Then, the corpus of the cerebellum is divided into several

29



3.3 Biological impact of AUD

lobes composed of both white and gray matter. The lobes are made of an outer
layer composed of GM and an inner layer made of WM called arbor vitae [68].

Furthermore, as introduced earlier, the CSF can be found deep in the brain,
inside interconnected cavities that are called ventricles and acts as a protector.
One can find 4 ventricles, all represented in Figure 3.8B [53].

Figure 3.8: A cerebellum and B ventricles.

3.3.2 Microstructural alterations caused by alcohol

After this anatomical introduction, the focus can now be put on the anatomical
changes involving those brain structures as a consequence of alcohol intake. In
this respect, the outcomes of some determining studies will be exposed, concerning
different results obtained via MRI.

Fractional anisotropy (FA) alterations
First of all, De Santis et al. [5] performed an experiment exploring microstructural
changes in AUD patients’ WM in comparison to healthy controls. They underlined
the fact that the FA seems to be a good indicator of alcohol consumption as heavy
drinkers show overall lower FA values in the WM and that this effect is positively
correlated with the alcohol problem severity. Monnig et al.[69] and Pfefferbaum
et al. [25] also supported this statement. On the contrary, Chumain et al. [70]
concluded that alcohol mainly induces an increased FA in most WM tracts of the
brain except for the ones located in the cerebellum and the right insula. This
shows how important it is to explore as many sources as possible and to conduct
new experiments because the literature shows a wide variety of results [5, 69, 25, 70].

In fact, De Santis [5] underlined particularly noticeable FA values in the CC
and the fornix (see Figure 3.6), in comparison to control subjects [5]. Other studies
like the one of Pfefferbaum et al. [71, 25], Monnig et al. [69], Zou et al. [72] and
Liu et al. [64] also supported these observations about the CC. Another study of
Monnig et al.[56] also confirmed the observations of De Santis about a FA decrease
located in the fornix [5, 71, 25, 72, 69, 64, 56].

On top of that, Liu et al. [64] performed a more local analysis of this effect on
the CC and identified a specific FA diminution in the segment interconnecting the
bilateral orbitofrontal cortices, located in the genu of the CC (see Figure 3.7A).
They also mentioned that no difference was noticed between controls and AUD
groups in the segment of the CC corresponding to the bilateral motor cortices,
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located in the body part of the CC (see Figure 3.7A).

Similarly, Pfefferbaum et al. [71], Rosenbloom et al.[73] and Alhassoon et al.
[74] brought the callosal genu region to the fore by showing bigger FA abnormalities
in comparison to the splenium. By contrast, Wang et al. [65] also identified a
decreasing FA behavior in the CC but this time in the isthmus region, localized
more posteriorly and Alhassoon et al. [74] concluded the same for the CC’s body
[64, 71, 73, 74, 65].

Other brain regions also have been highlighted for their lower FA values in
comparison to control subjects. To cite some of them: the thalamus [56], the
cerebellum [70], the insula [70], the hippocampus [72], the external capsule [72]
and the cingulum [72].

Diffusivity alterations
According to those same studies, AUD patients show other variations for diffusivity
measures. Some of them state that the MD tends to increase to values higher than
controls as a consequence of alcohol consumption in the CC [71, 5, 65]. In particular,
some studies highlighted the local changes on different callosal regions. Wang et al.
[65] identified the isthmus region as sensitive to MD changes whereas Pfefferbaum
et al. [71] stated that the genu is more prone to high MD values than the splenium
of the CC (see Figure 3.7B). Alhassoon et al. [74] had similar observations for the
RD in the genu and the body of the CC. On top of that, the previously mentioned
studies stated that AUD brings similar consequences regarding AD and RD: both
are higher in the CC in comparison to controls [5, 65, 71, 74].

In a more global approach, Chumain et al. [70] contradict the results of others
and claimed that diffusion tends to be lower in most WM tracts for AUD patients
whereas De Santis et al. [5] observed an overall increased MD and RD and a
decreased AD in WM tracts [5, 70].

To sum up, there is a myriad of studies focusing on the effect of alcohol on the
human brain and DTI is the most widely used model to extract several properties.
The interest of covering the literature available is to first, keep in mind that results
can sometimes be biased and that similar studies can have contradictory results.
Second, by gathering the results of many studies, one can clearly see that some
metric tendencies tend to appear in a bigger amount of studies, suggesting that
the results are more reliable. For this reason, Table 3.1 summarizes the different
conclusions of the articles explored here above in other to illustrate the observa-
tions on which the literature seems to agree in general and the discrepancies that
sometimes also appear.

Another detail to keep in mind is the fact that alcohol as immediate, short term
and long term effects on the brain microstructure. Rolland et al. [75] conducted a
study to differentiate the direct effects of alcohol (a few hours post intake) from
the longer-term impacts. They were able to underline significant changes in the
induced modifications. It is therefore important to keep this study in mind as an
indicator of relevance: if long term effect of alcohol is studied, AUD patient should
at least experience a small abstinence period in order to avoid immediate effects to
be considered as relevant for long term alterations.
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Table 3.1: Summary of the observations published by different articles
IMPACTS OF ALCOHOL

FA MD AD RD
Area + - + - + - + -

Overall WM [70] [5],[69],
[25] [5] [70] [5] [5]

CC
[5], [69],
[64], [71],
[72]

[5],[65],
[71] [5],[65] [5],[65]

Genu (CC) [71],[74],
[73],[64] [71] [74]

Body (CC) [74] [74]
Isthmus (CC) [65] [65]
Fornix [5],[56]
Thalamus [56]
Cerebellum [70]
Insula [70]
Hippocampus [72]
Ext.capsule [72]
Cingulum [72]

3.4 Microstructural effects of abstinence
There are many stages of withdrawal that have to be distinguished when

analysing results of different studies. Indeed, early withdrawal changes can differ
from long-term abstinence effects. It is therefore crucial to take the period of
sobriety into account when exposing results. Those results are relatively different
across the literature but still contribute to the hope of promising recovery for
abstinent patients. Usually, the studies either focus on DTI metrics such as the
ones developed in the previous sections, or on volumetric changes by comparing the
relative WM,GM and CSF volumes through the brain or the volume of well-known
brain regions.

3.4.1 DTI metric changes

Regarding short term effects, a study of De Santis et al. [5] showed that in
the first weeks of abstinence, a group of AUD patients was characterized by
changes such as global FA decrease and elevated RD. Those results suggest that
the microstructural alterations caused by alcohol do not start to revert to control
values immediately after discontinuing alcohol consumption [5].

Similarly, Zou et al. [72] focused on the changes between 1 week and 1
month without alcohol consumption. At the beginning of the abstinence, they have
put forward three zones, characterized by lower FA values (in comparison to control
subjects), that recovered to normal values after one month: the hippocampus, the
external capsule and the cingulum. Those regions however still showed significantly
low FA values after one week of abstinence, meaning that the changes mainly
appeared progressively in this 4 week period [72].
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On a longer timescale, Zorlu et al. [76] conducted a study focusing on abnormal
WM integrity in long-term (> 6 months) abstinent alcohol dependent patients
by comparing them to healthy control subjects. In terms of DTI measures, they
found significantly higher RD and AD values for the long-term abstinent alcohol
dependent group in frontal, temporal and parietal WM areas compared with the
control group and those results persisted for an even longer period. They mentioned
that those AD/RD abnormalities were still observed after 27.8 months in average.
Conversely, FA values did not differ between groups meaning that detoxified alco-
holics came back to FA values comparable to those of controls in the WM tracts.
They were thus able to state that some myelin abnormalities seem to be partially
persistent even for long term abstinent patients while others are fully reversible [76].

Pfefferbaum et al. [25] also studied the evolution of DTI metrics during a long
term abstinence period (median period: 90 weeks i.e. a bit less than 2 years).
Over time, the overall WM FA increased progressively, whereas the FA of control
subjects tends to decrease over time as a consequence of aging (within a 1- to
8-years interval). This positive FA evolution is therefore even stronger as abstainers
still suffer from aging, but proved increasing values heading toward normality.
Regarding AD, the latter also tends to increase with age for control subjects in
general. But the changes in the case of abstainers suggest, in the same way as the
FA changes, a progressive repair [25].

Monnig et al. [56] reported lower FA values in the parietal and temporal regions
for AUD remitted patients, sober for more than one year when compared to
control subjects. Those observations were extended to other brain areas such as
the superior and inferior corona radiata, the splenium of the CC and the posterior
thalamic radiation. By contrast to the study of Zorly et al. [76], this suggests that
FA values do not come back to a «normal »level even after one abstinence year
[56].

3.4.2 Volumetric Changes

By contrast, Zou et al. [77] conducted a progressive volumetric study involving a
short term and a long term abstinence analysis. The early abstinence was evaluated
for a period from 1 week to 1 month and the longer term was focused on the
evolution of volumetric changes between 1 month and 7 months of abstinence.
They also restricted their analysis to six regions of interest: Anterior Cingulate
Cortex (ACC), DorsoLateral PreFrontal Cortex (DLPFC), OrbitoFrontal Cortex
(OFC), insula, and hippocampus. This study first concluded that the baseline
volumes, after 1 week, differed between groups: the ACC, hippocampus and the
DLPFC were smaller for the alcoholic group in comparison to a stable control
group. However, they found out that between 1 week and 1 month of abstinence,
subjects had increased median volumes for all the regions of interest, except for the
amygdala. Later on, between 1 and 7 months, they observed a structural recovery
translated by a significant volume increase of 3 brain regions (ACC,DLPFC,OFC)
but unlike in early abstinence, no further evolution was observed for the other
zones. Furthermore, those increased volumes after 7 months of withdrawal in
ACC, DLPFC and OFC were equivalent to control group volumes, resulting in a
total volumetric recovery. This recovery was thus progressive; after 1 month of
abstinence, the respective volumes were already partially recovered and it required

33



3.5 Psychological influence of alcohol and abstinence

6 more months to achieve a full recovery. The evolution rate was however 4 to 6
times higher in the early abstinence phase.

Another volumetric study conducted by Agartz et al. [78] evaluated changes
after 48h, one month and 2.5 months of abstinence. They reported that
the total GM did not significantly change over time along the abstinence period.
However, the WM showed extremely promising results. Indeed, the total WM
volume increase ranged between 1.9 and 22.4% for absolute volumes and 2.1 and
21.2% for relative volumes. Those results are displayed in Figure 3.9 for which both
groups are represented in different colors. One can clearly observe the increasing
tendency of WM volume in alcoholic patients during their withdrawal, but the
values for AUD patients are still lower than the ones of the healthy group.

Figure 3.9: Relative intracranial WM tissue volumes in seven alcohol-dependent
patients and a reference group of 11 healthy control subjects measured over time
(days). Adapted from [78].

Similarly, Shear et al. [79] highlighted this single WM evolution without any
significant changes in the GM. Once again, this shows the variety of results available
in the literature, as Zou et al. [77] mainly reported GM changes up to 7 months
withdrawal while this study [79] demonstrates changes in brain volume are confined
to WM, for a 2.5 months abstinence, and appear to be the greatest in the first
weeks of the withdrawal [78].

3.5 Psychological influence of alcohol and abstinence

3.5.1 Alcohol effect

Alcohol consumption and mental health are extremely closely related. On the
one hand, an excessive alcohol consumption has an unavoidable influence on the
consumers’ mental health and has proven to be a risk factor of severe depression
or anxiety. Thus, death can either be a direct or indirect consequence of alcohol
dependence, for example through suicide. As a matter of fact, it has been estimated
that the relative risk of suicide in an individual with alcohol dependence is around
10 times higher than an individual without [45]. On the other hand, mental health
issues can also lead to alcoholism. This is the reason why AUD can be either a
cause or a consequence of mental issues [45].

Moreover, as explained in section 3.3, AUD patients exhibit several microstruc-
tural changes that can be characterized by the variation of different metrics (FA,
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MD, AD,...) measured in the white and GM of the brain. In general, alcohol use has
shown damaging alterations of WM integrity, whereas higher WM integrity tends
to translate better cognitive functioning. All those changes are also reflected on
the behavior of AUD subjects, as brain regions are usually responsible for specific
tasks.

As the biological impact of AUD has already been introduced in section 3.3,
with a description of local brain areas in which changes are usually observed as a
consequence of chronic alcohol consumption, specific behavioral changes can be
underlined. First, the memory, cognition and motor capabilities are threatened by
damages in multiple zones concerned by AUD. Then, hormonal dysfunction can
also be a consequence leading to deregulated body homeostasis and increased stress
level. Finally, mood changes can be noted as a downside of alcohol consumption,
being a consequence of damages at the level of the thalamus.

3.5.2 Abstinence effect

In the framework of a long abstinence period of 4 years, Rosenbloom et al.
[80] successfully showed improvement in overall memory, non-verbal short-term
memory and psychomotor speed for remitted patients. What is also interesting in
this study is that the same tests were performed already after one month and
one year of withdrawal, and it turns out that no significant cognitive recovery
was observed after two years and that no real improvement in terms of short-time
memory were observed between early abstinence (1-2 months) and two years absti-
nence. This is the proof that AUD recovery is a long process with progressive steps.
Some of the cognitive and physical capacities can be retrieved in the first weeks
of abstinence while others are the result of years of efforts to fight the pathology [80].

This is in line with the study of Agartz et al. [78] which thanks to behavioral
and microstructural observations during abstinence, observed some improvements
in short-term memory, abstract reasoning, spatial ability and visuo-motor capacities
during the first 2 weeks of abstinence.

On the contrary, Monnig et al. [56] established the neuropsychological profile of
early abstinents and they mainly reported symptoms like confusion, poorer memory,
and impaired attention, and mentioned that those effects tend to resolve with
several months of abstinence. They also related those changes to the abnormal
frontal and temporal diffusivity found in DTI analysis [56].
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Part II

Brain microstructure analysis
4 Methods

4.1 Data collection
The data were collected in the framework of the PhD of Mélissa Salavrakos.

AUD patients were first recruited according to a criteria of highly frequent alcohol
consumption and were included in a 18 days withdrawal program in Cliniques
universitaires Saint-Luc located in Brussels (Belgium). The first exclusion criteria
is the presence of a severe comorbidity such as a severe psychiatric comorbidity
(bipolar disorder, schizophrenia), severe hepatic comorbidity (viral hepatitis, au-
toimmune disease), chronic inflammatory disease (lupus, vasculitis) and regular
or significant intake of anti-inflammatory drugs. The second exclusion criteria is
a known contraindication to magnetic resonance imaging due to the presence of
a pacemaker, clip or ventriculo-peritoneal drain in the patient’s body. As stated
earlier, this study concerns an 18 days abstinence program. However, some subjects
did not come back at the end of this period, those subjects were thus excluded
from the sample.

The set of patients included in this study underwent an MRI scan on the first
day of admission (Day 1), referenced as Time 1 (T1) for the rest of this paper.
A second scan is performed 18 days later (Day 18) and is therefore called Time
2 (T2). The goal of this program is to study the short-term effects of abstinence
on the brain microstructure and to relate them with other behavioral information
and other variations taking place in the rest of body such as inflammatory data or
blood samples. The set of patients treated for this master’s thesis is composed of
46 patients who all followed the same precise protocol. The MRI device used is the
3T SignaT M Premier, GE Healthcare with an EP-SE sequence. The acquisition
was made with an imaging frequency of 127.77 Hz, a slice thickness of 2 mm, a TR
of 4.837 s and TE not identical for each patient but always around 79/80 ms. A
typical .json file containing all the scan parameters is available in appendix A.

For each patient, a set of 3x2 data files acquired respectively at T1 and T2 were
provided:

• 2 anatomic scans: they are T1-weighted contrasted scans (156 x 256 x 256)
as shown in Figure 4.1;
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Figure 4.1: Slice (A frontal, B sagittal and C axial) of the anatomic scan of a
patient.

• 2 diffusion scans: files composed of 167 volumes. 7 were acquired with a null
b-value and 160 were acquired with different b-values (1000, 2000, 3000 and
5000 s/mm2), as displayed in Figure 4.2. Each volume has a shape (110 x
110 x 68);

• 2 diffusion correction scans: these files were acquired in the same way as the
diffusion scans but were manually stopped before their completion to only
obtain the first volume. Those scans allow a better preprocessing by ElikoPy.

Figure 4.2: Slice of a volume with a b-value equal to A 0, B 1000, C 2000, D 3000
and E 5000 [s/mm2] of diffusion scan of a patient.

Altogether, data from 46 patients were received. However, some had to be
discarded because one of the two acquisition times (T1 or T2) was missing. The
decision was made to exclude such patients because this work focuses on microstruc-
tural changes between the two MRI scans. Some other patients also had to be
discarded because their anatomical scans were missing. Indeed, this data is neces-
sary to perform the preprocessing with ElikoPy correctly. Finally, some of them
also had to be excluded because their files were damaged. This will be developed
in more details in section 4.2. As a result, out of the 46 patients, only 35 had a
complete usable set of data’s on which the study could be performed.

In addition to the medical data issued from the MRI, behavioral information
was gathered by Mrs Salavrakos for each patient through the following series of
questionnaires:

• Beck Depression Inventory (BDI): psychometric tests to determine the degree
of depression and the dynamics of its evolution [81]. The questionnaire is
made of 21 items (questions) to which a score between 0 and 3 is assigned.

37



4.2 Data conversion

The total score thus ranges between 0 and 63 (3*21): the higher the score,
the more severe the depression state;

• State-Trait Anxiety Inventory (STAI): instrument quantifying adult anxiety.
This particular instrument is used to simplify the separation between state
anxiety and trait anxiety, feelings of anxiety and depression through a 20
questions test [82]. A score between 1 and 4 is assigned for each question.
The total outcome thus ranges between 20 and 80 (4*20): the higher the
score, the higher the anxiety level;

• Obsessive Compulsive Drinking Scale (OCDS): rating instrument that pro-
vides a measure of some cognitive aspects of alcohol craving. This score
results from two intermediate scores aiming to differentiate the obsessions
and the compulsions about drinking;

• Multidimensional Fatigue Inventory (MFI): set of 20 questions, scored between
1 and 7 to assess the fatigue level on different perspectives. The final score
varies between 20 and 140 (20*7);

Other tests and questionnaires were also performed but they will not be devel-
oped as they are not relevant for this work.

4.2 Data conversion
As mentioned previously, 6 files were created for each patient with the following

names: NAME_T1_Anat3D, NAME_T1_DTI, NAME_T1_DTIcorr and identically for T2.
These files contain DICOM data. The first step was to make the files anonymous.
This can be done with the MRIcron software [83]. The latter also allowed DICOMs
to be converted to NIfTI. This conversion created 2 files for the anatomic scan,
a .json and a .nii.gz, and 4 files for the diffusion files, .bval, .bvec, .json
and .nii.gz. On the one hand, the .json gathers the technical information of
the scan such as the scan options, the imaging frequency, and all the specific MRI
parameters of the sequence. On the other hand, .bval, .bvec files summarise
the different bvalues and the corresponding bvectors, whereas the .nii.gz file is
the file of interest, composed of all the recorded MRI slices. Finally, a naming
convention was also adopted during the conversion: the different patients were
renamed « sub# »with a different number each. This choice was made to be
consistent with the organisation of the ElikoPy pipeline.

The conversion described in the previous paragraph was successful for all patient
files used in this master’s thesis. However, to achieve this, a manual conversion of
the so called DTIcorr files had to be carried out. Indeed, these files were supposed
to contain only one volume but contained several, each composed of 68 DICOM
slices. Thus, to make the conversion work, the excess slices had to be manually
removed: only the first 68 DICOM files, thus belonging to the first volume, were
conserved. This manipulation prevented the creation of the corresponding .bval
and .bvec files during conversion that also had to be manually created with the
appropriate values: the .bval file contain only one value (0) as the volume was
acquired with a b-value of 0 [s/mm2], and the .bvec file contain a set of 3 values
(0, -1 and -0.115951), the coordinates of the corresponding vector.
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Regarding the preprocessing of the data, it was entirely performed through
the ElikoPy pipeline, as explained in section 2, in order to remove the different
artefacts contained in the images.

4.3 Regions of Interest (ROI)

4.3.1 Atlas collection

The goal of this study is to analyse the microstructural changes in the different
brain zones due to short-term abstinence. For this, 7 atlases gathering 141 different
zones (atlas maps) have been used in this study to cover as many regions as possible.
An atlas is composed of several labeled maps representing a specific region of the
brain, allowing the data to be analysed and characterised on the basis of the
anatomical location [84]. Each voxel is then assigned to a specific area of the brain
responsible for specific functions. The detailed list of all atlases used is available in
appendix B.

Figure 4.3: Lobules assignment of the
cerebellum [85].

The first atlas used in this study was
created by Jörn et al. [85] as a represen-
tation of the entire cerebellum. The lat-
ter is a probabilistic map, divided into
21 lobules. Hence, each map contained
in the atlas is a brain representation
giving to each voxel, the probability of
being in the concerned zone of interest.
Regarding the cerebellum sub-division,
the authors decided to group the lobules
I to IV into a single area, and then to
create separate zones for lobules V, VI,
Crus I, Crus II, VIIb, VIIIa, VIIIb, IX, and X. They then divided the cerebellum
into a left and a right part. The I-IV lobule was additionally divided into a vermis
(central) part. Those delimitations can be observed in Figure 4.3. 6 additional
maps are then added to this set to account for the white matter connections of the
cerebellum. They are listed under the name Cerebellar in appendix B. Those last
6 maps are publicly available on the NatbrainLab website [86].

Then, another atlas is chosen to cover the GM of the brain. For this, 48 cortical
and 21 subcortical structural areas were segmented by the Harvard Center for
Morphometric Analysis [87]. Thereafter, 5 maps were selected to represent different
lobes of the brain: insula, occipital, parietal, temporal and frontal. They originate
from Research Imaging Center and as the previous ones can be downloaded on
FSL [87].

Finally, 42 probabilistic tract maps were published by Warrington et al. [88] in
the framework of a study providing standardised tractography protocols resulting in
the automated extraction of WM tracts in human and non-human primate brains.
The resulting files were then made publicly available through FSL [87]. These
maps are of great interest in the context of this thesis as the WM evolution will be
carefully analysed through this whole abstinence process. However, the thickest
WM tract of the human brain is not part of the previously mentioned atlas: the
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corpus callosum.

An additional WM atlas was therefore downloaded from NatbrainLab [86] in
order to include the CC in this research. However, this raw probabilistic atlas was
created on a diffusion image belonging to a specific space but the location of the
CC map in the MNI brain, HCP1065 standard-space, was not completely correct.
For this reason, the decision has been made to correct this CC delimitation in two
steps. This will be explained in detail in section 4.3.2.

4.3.2 Corpus Callosum modifications

First, as the atlas is probabilistic, the probability of a voxel to be located in
the CC progressively fades as one moves away from it. But as the downloaded CC
was slightly offset in the original space, very small probabilities were assigned to
pixels actually located in the middle of the CC where a probability of 1 would have
been expected. This phenomenon is clearly depicted in Figure 4.4 in which the
original diffusion image (Figure 4.4A) and the overlay of the CC atlas (Figure 4.4B)
are displayed. The three colored arrows show key locations illustrating this atlas
limitation. As Figure 4.4A shows, the blue, orange and pink arrows respectively
delimit a left, upper and lower border of the anatomical CC but are still located in
the zone. However, the atlas was not correctly built: it ranged from high values
(red) in the middle of the CC to lower values (green) in the surroundings, but those
weak probabilities displayed in green are actually still inside the CC on the upper
part and are fully out of the zone on the lower one. And here, the numbers speak
for themselves: the blue and orange arrows located at the border of CC correspond
to probabilities of 0% to be in the CC according to the probabilistic map. By
contrast, the pink arrow located similarly at the border of the actual CC points
toward a yellow area translating a probability of 75%.

Figure 4.4: Limitation of the initial CC atlas: A diffusion image in the original
space and B overlay with CC atlas.

For this reason, the CC delimitation had to be built according to a very low
probability to ensure that the entire CC was taken into account. Thus, the thresh-
old chosen to delimit it was set to 0.14. However, this choice came with undesired
consequence: the selected zone was very large thus containing pixels in various
other structures such as the CSF located right under the CC.

Hence, a solution had to be found to shrink this excessive atlas in the appropriate
way in order to only consider voxels truly located in this ROI. A solution for that
is to use FA indications. Indeed, the CC is the most anisotropic region of the brain,
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due to its big amount of fibers connecting both hemispheres. Consequently, the
voxels inside the CC are represented by very high FA values in comparison to its
surrounding regions, and a combination of the available (pre-treated) atlas and an
FA map could be wisely built to shrink the area. However, the current CC atlas
was registered in an unknown space and no FA map was provided by the website.
Thus, a first processing step was necessary to register the atlas in the HCP1065
standard-space for which a high quality FA template was at our disposal [87] (see
Figure 4.5).

Figure 4.5: HCP1065 standard-space FA map.

As both, the atlas and this FA files were now in the same space, a « FA mask»
could be extracted to shrink the atlas as intended. In this respect, a threshold of
0.34 was chosen for FA values. This value was set as a result of observations with
MisterI program [89]. In other words, each voxel previously considered as part
of the CC (assigned with a probability higher than 0.14), characterized by a FA
value lower than 0.34 was excluded from the atlas. The Figure 4.6 illustrates the
different steps in the creation of the new CC: the registration step in the HCP1065
standard-space and the use of the mentioned thresholds.

Figure 4.6: A CC after registration in the HCP1065 standard-space, superposed on
the FA map (high quality template); B Result after applying a 0.14 threshold on
the probability of the CC; C Result after the multiplication by a FA mask keeping
the FA values higher than 0.34.

As a result of these steps, the created CC was smaller than the anatomical
one and many pixels were missing. This default was not visible on every slice (see
Figure 4.6) but some slices showed a high number of missing pixels as shows Figure
4.7A. A decision was therefore made to draw the CC by hand. Using the MRIcron
software [83], the previously obtained CC could be improved by manually selecting
the missing pixels. The difference between both CC is depicted in Figure 4.7.
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Figure 4.7: A CC atlas after applying a threshold and multiplication by a FA mask;
B hand-drawn CC and C its 3D visualisation.

As this manually built atlas was based on a correction of the downloaded one,
it was selected to go on for the rest of the analysis of the CC. At this stage, a finely
delimited CC was built in the MNI space. Next, a registration of this atlas was
made on every single patient in the same way as for the other atlas maps. This
registration will be detailed in next section 4.3.4.

Finally, by observing the resulting atlas, it was noticed that a few imperfections
resulted from the registration: some isolated voxels appeared out of the CC due
to their location in WM tracts close to the CC, while a few pixels located inside
the CC were removed. To solve this, two morphological operations from Scikit-
image library [34] were successively applied: an opening and a closing (respectively
skimage.morphology.area_opening and skimage.morphology.area_closing).
The resulting CC atlas in a patient space can be observed in Figure 4.8C-D. The
latter is enhanced and delimits the appropriate zone, in comparison to the original
one composed of imperfections (see Figure 4.8A-B).

Figure 4.8: Final atlas map of the CC A-B after registration in the patient space
and C-D after the application of morphological operations (opening and closing)
superimposed on the anatomical map of a patient.
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4.3.3 Corpus callosum division

The CC is a region carrying a lot of interest in the study of AUD and it has
already been mentioned in many studies that several tendencies can rise from
different parts of the CC. For this reason, the recently created CC atlas was further
divided, to proceed to a more local analysis of its different sub-regions. This
sub-division was inspired from a paper of Hofer et al. [90] who decided to split the
tract into five regions: the genu, the anterior and posterior midbody, the isthmus
and the splenium as detailed in Figure 4.9A. According to that, five more maps
were added to the set considered in this master’s thesis. The CC map, registered
on each patient, was therefore divided for each patient using the same method. An
overview of this division is depicted in Figure 4.9B and C.

Figure 4.9: A Topography of the midsagittal CC [90]; B Sagittal and C axial
slice of the CC map sub-division. All the regions in subfigure A correspond to
a color in subfigure B/C: region I representing the genu is in orange; region II
in yellow and region III in green illustrating the anterior and posterior midbody
respectively; region IV in blue showing the isthmus and region V in purple depicting
the splenium.

4.3.4 Atlas registration

Once all those standardized atlases are downloaded, it is important to recall
that they were registered in the Montreal Neurological Institute (MNI) space and
built according to a large set of human brains and then generalized into the common
MNI152 coordinate system (corresponding to the 152th nonlinear 6th generation
atlas) using appropriate registration. The MNI152 space was built through a
coregistration of 152 normal images to another MNI space, itself coregistered to
a well-known atlas: the Talairach atlas. This coregistration is a way to define a
standard brain anatomy [91].

As each subject treated in this master’s thesis possesses a unique brain, the
maps contained in those atlases had to be registered for each one of them in order
to delimit correctly each area of the brain on which the analysis was performed.
This registration thus resulted in two maps per patient, one for T1 and another
one for T2. Indeed, as introduced in section 3.4.2, the brain of AUD patients is
prone to volumetric changes in some brain area so the maps might slightly differ
between the first and the second scan.

The method used to perform this registration is the combination of two different
sub-registrations applied successively: first an affine transformation and then a

43
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diffeomorphic registration. To start with, the affine registration is the combination
of a translation and rotation step called rigid transformation, and a scaling step
characterizing the affine part. A combination of both steps is illustrated in Figure
4.10A. Thereafter, the second operation is a diffeomorphism registration, which is
an isomorphism of smooth manifolds. It is an invertible function that maps one
differentiable manifold to another such that both the function and its inverse are
differentiable [92]. Figure 4.10B displays this particular phenomenon.

Figure 4.10: Transformations used for the registration A affine transformation and
B diffeomorphism (rectangular grid on a square under a diffeomorphism from the
square onto itself) [92].

The registration is based on a DiPy tutorial [93] and is built in the following
way. First, a function called getTransform takes a static volume (T1 or T2 scan)
and a moving volume (here considered as the HCP1065 standard-space FA map)
as arguments and returns a transform operation mapping the moving element on
the static one. Then, a second function named applyTransform simply applies the
transformation on the atlas map to create its corrected copy.

To illustrate those manipulations, the transformation process of one WM tract
called « Cingulum subsection dorsal right » is detailed for each one of the steps.
One can observe in Figure 4.11A, the original atlas map in the MNI space. But
as shown in Figure 4.11B, the latter does not fit at all to the FA map of a specific
patient of this study. This is the reason why it was registered, in order to target the
correct brain area. Figure 4.11C clearly reveals the efficiency of the transformation.

Figure 4.11: Registration process for the Cingulum atlas map. A Initial map in
MNI space; B Initial map in patient space; C Registered map in patient’s space.

Finally, in order to enhance this zone delimitation represented by each map,
a mask was applied on some of them. A mask is a binary map only composed of
0 and 1 elements. It can be applied on any other map by multiplication: pixels
located in the mask (in areas covered by ones) keep their initial values whereas the
others are set to zero. This useful tool to delimit specific zones was used in this
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case because we had at our disposal (thanks to the ElikoPy pipeline) two masks for
each patient: a brain mask and a WM mask (for T1 and T2) as displayed Figure 4.12.

On the one hand, the brain mask gives the real delimitation of the brain area,
and its application on any atlas map avoids to an atlas region to be considered
outside of the brain (in the background). On the other hand, the WM mask is
a little bit more specific and allows the correction of a lot of errors. This mask
delimits all the WM in the brain, and as the latter can be defined by thin segments
and small areas, it was of great interest to make sure that a WM tract was not
falsely registered. Indeed, a wrong registration could have detrimental consequences
on the following analysis if some GM or CSF voxels were considered as part of
a WM tract, as the changes in the WM and GM respectively are expected to be
different.

Figure 4.12: Superposition of the brain mask (red) and WM mask (green).

Consequently, two new masks (T1 & T2) were created for each atlas map of
each patient considering two criteria. First, as the maps used in this study are
probabilistic, a threshold was established for each atlas: voxels with a probability
higher than the threshold of being in the considered area were added to the mask.
A different threshold was fixed for each atlas:

• Cerebellar: 20%;
• Cerebellum: 50%;
• WM tracts: 30%;

• Subcortical: 30%;
• Cortical: 30%;
• Lobes: 30%.

Those thresholds have been chosen to limit the overlapping of the different
areas. They differ because the atlases are constructed with different probabilities.
Indeed, the range of values used for each atlas varies: one atlas could be for example
delimited by values between 20 and 50 while another would be delimited by values
between 40 and 60. By setting a threshold of 40 for both, the first atlas would be
very limited. After that, those masks were multiplied either by the brain mask or
the WM mask introduced earlier, depending on which atlas is concerned.

4.4 Microstructure analysis

4.4.1 General evolution concept

For each one of the metrics treated in this work, two maps for each patient (T1
and T2) were available. Accordingly, a map is 3D representation of the value of
a specific metric, in each voxel of the brain. The first step of this analysis was
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to summarize the variations of each metric between both scans, for every region
of interest. As the main goal is to observe the possible improvements occurring
during the 18 days of abstinence, the variations are represented by a percentage of
change of the concerned metric for each atlas map. The latter is computed in the
following way for each region:

ChangeROI [%] = mean(T2) − mean(T1)
mean(T1) ∗ 100,

where mean(T1) and mean(T2) respectively represent the mean value of the metric
inside the region of interest in the T1 and T2 map (mean of all the voxels located
in the concerned region).

A positive number characterises an augmentation whereas a negative one sug-
gests a diminution of the metric value over time in the ROI. All the values were
then saved in an excel file in order to allow further analysis and data exploration.

A first rough analysis put in evidence two facts: there was very strong variations
in behavioral data between the patients’ set and several divergences in the different
metrics when looking at the microstructural evolution. This forced us to adapt our
approach: the idea was to group the similar microstructural tendencies in clusters
and search for any correlation with the behavioral data. This clustering was also
necessary to allow a clear and concise analysis, as evaluating every single subject
separately is neither efficient, nor relevant for a master’s thesis.

4.4.2 Clustering

The clustering method selected in this case is the K-means clustering. This
method splits a dataset of n observations into K non-overlapping clusters. The
idea is to make a partition of the space into K Voronoi regions. Each Voronoi
region is associated to a centroid of which the location is fixed according to the
data. The goal of this algorithm is to minimize within-cluster variances [94].

The main downside the K-means clustering algorithm (coming from sklearn.cl-
uster, a Python library [95]), is its lack of consistency. Indeed, the centroids are
at first randomly initiated, and then updated at each iteration in order to build
the different clusters. But this random aspect induces a potential variation in the
results, which means that the assignment of each patient to one of the clusters
might vary each time the algorithm runs. In order to limit this randomness, an
argument in the K-means algorithm can be set to perform the clustering a certain
number of times and thus make the outcome more relevant. This parameter was
set to 100.

In order to allow differentiation without complicating the treatment of data,
the number of clusters was set to three. The clusters were made according to a «
metric evolution » criteria. So the data given as input of the algorithm for each
subject are the percentage of change of each metric, for each considered brain area.
The resulting clusters were therefore expected to translate different tendencies.
For instance, some metric could increase overall in the WM tracts for one of the
clusters and stay relatively constant in another cluster, translating a recovery for
the first group of patient and no real evolution for the second one.
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This clustering was firstly done by considering each microstructural model
separately, taking as input only the values of the model’s metrics (Figure 4.13A),
and secondly for all the models taken together (Figure 4.13B). However, as different
microstructural models are used and might not always be 100% consistent with
each other, this questions which data should be used for this part of the clustering.
Indeed, if two models contradict themselves in some way, the combination of both
models could potentially introduce bias in the clusters. Therefore, the four clusters’
sets resulting from the single model clustering and the last clusters’ set built on
the basis of all the microstructural models were compared in order to find the most
appropriate way to segment the data.

Figure 4.13: Clustering procedure. A Separate clustering taking as inputs, the
metrics of every microstructural model separately, giving rise to different clusters
for each one of them; B Final clustering taking as inputs, the entire set of metrics
coming from all the models together.

Finally, another clustering method was used to confirm the final choice of
clusters. This method is called affinity propagation and does not require the
number of cluster to be determined before running the algorithm. As for K-means,
the python function performing this algorithm comes from sklearn.cluster [96].

4.4.3 Statistical analysis

For each one of the models covered in this section, a preliminary Student’s
(t-test) analysis was performed in order to highlight the statistically significant
metric changes in every ROI. This test allowed to take the variance of each dataset
into consideration and to avoid the apparition of « false results » caused by high
outlier variations.

To this aim, two one-sided paired t-test were made for each metric: the first
one retrieved the ROI for which a significant increase appeared whereas the second
one similarly brought some decreasing changes to the fore.

Concretely, a p-value and a t-score were computed for each atlas map and for
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each metric, according to the following formula:

t = X̄D − µ0

sD/
√

n
and pvalue = Pr(T ≤ (or ≥) t | H0).

The t-score quantifies the difference between the population means and the
p-value translates the probability of obtaining a t-score at least as extreme as
the one observed in the dataset. A change was then considered as significant if a
p-value smaller or equal to 5% was computed, meaning that the chances of wrongly
declaring that the changes were significant was lower than 5%. Once the areas
known as representative of an evolution according to the t-test were gathered, the
average percentage of change could be computed for the considered metric, as a
mean value over all patients in the considered cluster.

4.4.4 DTI analysis

The DTI model has been used for a couple decades now and has proven to
be a robust way to investigate the condition of the brain microstructure over the
course of alcoholism. For each one of those metrics (FA, MD, RD, AD), two maps
corresponding to each patient (T1 and T2) were explored. Some T1 maps are
shown as illustration in Figure 4.14.

Figure 4.14: Representation of DTI metrics: A FA, B MD, C AD and D RD.

The aim of this DTI analysis was to summarize the variations of each metric, for
every ROI as already explained in section 4.4.1. The focus was however only put on
the significant variations highlighted by the t-test introduced earlier and not on the
entire atlas set. Moreover, the complete atlas set was divided in several categories:
the WM, GM, cerebellum, subcortical structures and lobes. The cerebellum, the
subcortical structures and the lobes were considered as single categories because
they are all made of both GM and WM. All the DTI metrics are displayed in
Figure 4.14 and their meanings are illustrated in section 1.2.2.

4.4.5 NODDI analysis

The NODDI microstructural model provides, in the same way as the DTI model,
two 3D maps per metric (T1 and T2). Among the metrics that ElikoPy outputs
for this model, the metrics retained for the analysis are listed here below and
illustrated in Figure 4.15:
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• fiso: free water volume fraction5,
• fintra: intracellular volume fraction,
• fextra: extracellular volume fraction,
• ODI: fiber orientation dispersion index.

Figure 4.15A shows high fiso values in the ventricles, in which CSF resides,
while values are relatively low in the rest of the brain. On its right, the quantification
of intracellular matter presents low values in the ventricles in which no fibers are
expected and high values in the WM, especially in highly anisotropic zones such
as the CC. Similarly, Figure 4.15C highlights the importance of the extracellular
compartment in a similar map but with higher values surrounding the WM tracts
which confirms the biological truth. Finally, the ODI map has very high values in
the CSF, as no directionality is observed and low values all around, where the CC
and other fiber tracts are present.

Figure 4.15: Representation of NODDI metrics: A fiso, B fintra, C fextra, D
ODI.

The choice has been made to gather the information of the WM of the brain
only. Indeed, this microstructural model has been built to study the different
compartments in and around fibers, especially in the WM tracts. The extend to
GM areas would have therefore introduced a lack of consistency with the initial
applications of the model. Hence, in contrast to the DTI model for which 5 separate
analyses were conducted, only 3 were done here: one on the WM tracts, another
one on the subcortical structures and a last one on the cerebellum.

Regarding the study of the different metrics given as output by the model, a
first analysis was made on the ODI metric. As explained in section 1.4.1, ODI is an
indication of the dispersion of fibers inside a voxel. This value ranges between 0
and 1, the maximal value standing for highly dispersed fibers.

Combined to this first analysis, a second topic for research consisted in the
relationship between three metrics: the extracellular, the intracellular and the free
water volume fraction. As the addition of those three fractions is supposed to be
equal to 1 in the brain of a subject, the variations in those three tissue types are
also directly related. Hence, a mean value of those three quantities was computed
for each atlas map studied and for each patient. Three new means were then
calculated for each atlas map as the mean metric variations (percentage of change)
over the subjects inside a cluster.

5The free water volume fraction is in this work, sometimes referred to as a compartment filled
with CSF because of their very similar properties in terms of diffusion. It should however be
mentioned that this is abuse of the language
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4.4.6 DIAMOND analysis

In the same way as the NODDI model, several metrics can be extracted from
the DIAMOND model, applied through the ElikoPy pipeline. First, some fractions
files were retrieved. They each contained 3 files corresponding to a first fiber
population, a second fiber population and an extra axonal compartment. The first
two were named frac_f0 and frac_f1 while the last one was called frac_csf.
Then, additional files named t0 and t1 were also explored. They both represent
tensors from the first and the second fiber population respectively. Each one of
these tensors has 6 components, allowing the construction of the D tensor described
in section 1.2.2. The reason why this tensor characterizing a spatial behavior in the
3D space with theoretically 9 components (3x3 matrix) only contains 6 components
here, is because of the symmetry of the matrix. As the non-diagonal elements are
expressed twice, 6 components are sufficient to characterize the entire tensor.

An additional property of this tensor is that it enables the computation of the
four DTI metrics thanks to the equations (1.4) to (1.8). The latter were then called
cFA, cMD, cAD and cRD to differentiate them from the original DTI metrics. As
they were computed from each tensor, two maps per metric were obtained: one for
each fiber population. This is the reason why the notion of fractions was added
as weights on the different compartments. The new computed metrics were then
named w FA, w MD, w AD and w RD, with the w standing for weighted, and computed
according to the following formulas:

wFA = frac_f0 ∗ cFA(f0) + frac_f1 ∗ cFA(f1)
frac_f0 + frac_f1 .

w MD, w AD and w RD were computed according to the same formula.

The interest of those new metrics is in fact the ability of the DIAMOND model
to overcome the main limitation of the DTI. Indeed, by allowing the existence of
two distinct fiber populations in a voxel, fiber crossing can be considered while
the DTI model does not allow it. For this reason, the four DTI metrics can be
erroneous when two fiber populations are crossing themselves, by just averaging
their behavior. This situation is illustrated in Figure 4.16 from which we can
extract some numbers:

DTI : FA ∼ 0

Figure 4.16: Difference
between FA and wFA

DIAMOND:

cFA(f0) = 0.7

cFA(f1) = 0.9

frac_f0 + frac_f1 + frac_csf = 2
6 + 1

6 + 1
2 = 1

⇒ wFA =
2
6 ∗ 0.7 + 1

6 ∗ 0.9
2
6 + 1

6
= 0.77
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As depicted here above, the DIAMOND model allows the existence of fiber
populations crossing each other and enables the detection of highly anisotropic
voxels. Indeed, a high wFA value can be observed while in the case of the DTI,
it is considered to have an almost null FA, because one fiber population induces a
high RD and the other one an identical AD.

All in all, the discrimination of fiber populations has proven its usefulness,
especially for the computation of those new metrics. However, there are some
considerable limitations in terms of interpretability of those separate fractions. For
this reason, the files frac_f0 and frac_f1, representing the volume fraction of
each fiber population inside a voxel were combined to form a new metric called
frac_ftot, translating the total fraction of fibers contained in each voxel. Its
evolution was easier to interpret, as the fiber and CSF (free water) volume fractions
inside a voxel are complementary. Two new files (T1 & T2) were thus created for
each patient, for this new metric: maps of the total fiber fraction.

Figure 4.17: Representation of DIAMOND metrics: A frac_csf, B frac_ftot,
C w FA, D w MD, E w AD and F w RD.

Consequently, a list of six metrics (see Figure 4.17) was kept to characterise
the brain microstructure through the DIAMOND model:

• frac_ftot: total fiber volume fraction (built as a combination of the f0 and
f1 files),

• frac_csf: free water volume fraction6,
• w FA: weighted FA,
• w MD: weighted MD,
• w AD: weighted AD,
• w RD: weighted RD.

4.4.7 Microstructure Fingerprinting

Similarly to the DIAMOND model, the MF method enables the discrimination
of fiber populations inside a voxel. But again, the interpretation of the fraction of
each population does not provide relevant information for the analysis of the mi-
crostructural evolution of the brain here. This is why both fractions were merged in
the exact same way as the DIAMOND fractions, to form a new metric: frac_ftot.

Moreover, another metric is given as output by the MF model: the fiber volume
fraction (fvf), again for each fiber population. With the same motivations as the

6The free water volume fraction is here, referred to as a compartment filled with CSF because
of their very similar properties in terms of diffusion. It should however be mentioned that this is
abuse of the language
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one cited here above, a common fvf named weighted fvf (w fvf) was created. The
latter represents the proportion of fibers (from both fiber populations) inside the
voxel, without taking the CSF compartment into account. w fvf was computed
according to the following formula:

wfvf = frac_f0 ∗ fvf_f0 + frac_f1 ∗ fvf_f1
frac_f0 + frac_f1 = fvf_tot

frac_ftot
. (4.1)

This w fvf only focuses on the concentration of fibers inside the fiber compart-
ment, as illustrated in Figure 4.18.

Figure 4.18: Difference between fvf_tot and w fvf: fvf_tot estimates the propor-
tion of fibers in the entire voxel whereas w fvf only considers the fiber compartment
and evaluates the concentration of the fibers.

The exhaustive list of MF metrics treated in this work is thus listed below and
the corresponding maps are shown in Figure 4.19.

• frac_csf: free water volume fraction7,
• frac_ftot: total fiber volume fraction (built as a combination of the f0 and

f1 files),
• fvf_tot: fiber volume fraction,
• w fvf: weighted fiber volume fraction.

Figure 4.19: Representation of MF metrics. A frac_csf, B frac_ftot, C fvf_tot,
D w fvf.

7The free water volume fraction is here, referred to as a compartment filled with CSF because
of their very similar properties in terms of diffusion. It should however be mentioned that this is
abuse of the language
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The volume fraction of CSF and the total volume fraction are two values that
compensate each other: their addition always equals 1. The two maps (Figures 4.19A
and B) are therefore complementary. This visualization confirms the consistency of
the model with the biology of the brain and its diverse compartments.

4.5 Treatment of the behavioral data
All the tests introduced in section 4.1 were performed twice, the first time on

day 2 (T1) and the second time on day 17 (T2). The scores were then partly
treated as an evolution, which means that the focus was on the changes of those
scores between T1 and T2. Their evolution was, in opposition to the one of the
microstructural metrics, characterised as a difference in time and computed as
follows:

Diff = Score(T2) − Score(T1). (4.2)
A last indicator for each one of the subjects is the number of alcohol unit that

the subjects drink on a daily basis. An alcohol unit equals 10ml or 8g of pure
alcohol which corresponds to a single shot of spirits or half a pint of lower-strength
lager/beer/cider (568ml, ABV 3.6%) [97].

4.6 Motion analysis
Obviously, the conditions of the scan have to be taken into consideration to

ensure that no measure could be biased because of external factors. One of those
well-known factors is motion. Indeed, the subject’s dynamic during the scan period
can significantly influence the outcome of the diffusion and mislead the eventual
conclusions of the study. This is why four measures for each scan were explored:
the average absolute motion (mm), the amount of outlier slices (%), the average
SNR (bvalue = 0 s/mm2) and the average Carrier to Noise ratio (CNR) (bvalue =
999 s/mm2). Among them, the two first (abs. motion and outliers) should be as
low as possible whereas the two others (SNR and CNR) are desired to be high to
ensure good quality data.

Another type of motion that influences the analysis is the difference between
the scan in T1 and the re-scan in T2. Usually, some microstructural changes of
about 5% for the WM and 10% for the GM can be observed between two successive
scans, because of the slight motion of the patient in the MRI. For this reason, a
threshold was set to 8% to discriminate relevant changes, and only changes above
this threshold are discussed in the rest this work.

4.7 Volumetric changes analysis
As explained in the section 3.4.2, one of the most common effects of alcohol on

the brain is volumetric changes.

As a first step, the overall volumetric changes were studied, i.e., how the volumes
of CSF, WM and GM evolve between the two scans. To do so, the difference in
volume between T1 and T2 was computed with help of three files given as output of
the ElikoPy, each corresponding to a mask of the CSF, WM and GM respectively.
Those volume were defined as the sum of pixels belonging to the masks. From
this, three metrics were obtained: volume_CSF, volume_WM and volume_GM. Then,
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those variables were divided by the overall brain volume to get their relative volume.

As a second step, this analysis was transposed to specific regions of the brain.
As we created a mask for each atlas map treated for the microstructural analysis,
the number of voxels contained in each zone was easily accessible and the evolution
of their volume was computed in order to spot noticeable changes.
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5 Results
This section gathers the observations resulting from the different analyses

performed and explained in section 4. They will be described and compared to the
expectations that were set, either on the basis of our literature review (see section
3), or simply on logical correlation between the different variable studied. Many of
the studied regions are separated into a left and right part which are respectively
referred to L and R in the following sections.

5.1 Clusters
As explained in the previous section, the interest of dividing the patients into

distinct clusters is to perform separate analysis on each one of them, as the evolution
of their brain can differ. The number of clusters was set to three and they will
therefore be called cluster 0, cluster 1 and cluster 2.

It appears that the outputs of the clustering are not exactly as balanced as ex-
pected. Indeed, the algorithm tends to isolate some single patients in a cluster and
build a big cluster with the rest of the patients’ set, which translates the presence
of outliers within the set. This happens to be the case when the number of clusters
(K ) is too low. Once the latter is increased, all the outliers are solely attributed
to a cluster and new balanced clusters can rise from the non-outlier group. For
this reason, the choice has been made to create a « side cluster » composed of
the outliers, always found alone in a cluster, and to assign them to cluster 0. This
side cluster is therefore composed of subjects that differed significantly from the
rest of the group but that did not represent any specific pattern and thus, no real
similarity with each other.

To overcome this and spot some real clusters inside the rest of the group, the
number of clusters was temporarily set to different higher values. The algorithm
was therefore launched for 3, 5, 7 and 9 clusters to see which patterns would come
out. Additionally, another clustering method called affinity propagation was used
as a double check, to see if a similar outcome would appear with a totally different
algorithm. The affinity propagation algorithm does not require any pre-determined
number of clusters and therefore creates as many clusters as necessary to split the
data set in the best way possible.

When the clustering algorithm is run four times with as input the metrics of
only one of the models, the emerging clusters always differ. Consequently, the final
choice is to build clusters according to a combination of all the microstructural
models. Indeed, the more inputs a model has, the more accurate it is supposed
to be. Moreover, randomly picking one of the models would suggest that the
trust is hypothetically placed on that particular model, and that is not the case
as each model brings something to the analysis of this thesis, and that they will
all be covered. Consequently, all the relevant metrics of each model were selected
according to their potential to bring insights to the microstructural evolution of
the brain and used as inputs of the clustering algorithm. They are all listed in
sections 4.4.4 to 4.4.7.

As shows Table 5.1, the side cluster is already defined when K is set to 5 and
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gets bigger when this number is increased to 7. But by increasing K one last time
to 9, a new cluster of eight patients stands out. This is the set of clusters that
defines the final cluster assignment. The side cluster is composed of the outliers
colored in blue and orange. Cluster 2 gathers the subjects colored in green that
represent a similar pattern. Finally, cluster 1 is composed of all the other subjects.
The clustering with the affinity propagation method confirms the relevance of this
choice as it splits the set of patients in a very similar way.

In order to make sure that cluster 1 is a real cluster with subjects showing
similarities in metric evolution and not a group of patients that did not fit in the
cluster 2, a new clustering algorithm with the affinity propagation method was
run on the cluster 1. The resulting clusters confirmed the relevance of this cluster:
only three clusters are formed by the algorithm, two composed of single patients,
and one big cluster containing the 18 others. The fact that the algorithm did not
create more than 3 clusters reflects the similarity of microstructural changes for
the patients contained in cluster 1.

To illustrate the result of the clustering, Figure 5.1 displays the mean value of
three DTI metrics: FA, AD and RD in the CC. The subjects belonging to cluster 1
are shown in black whereas the ones in cluster 2 appear in green. We can see with
this figure that the colors are relatively separated.

Figure 5.1: Clustering according to DTI metrics (FA, AD and RD) in the CC.
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Table 5.1: Clusters formed by the K-means algorithm for different values of K and
result of the affinity propagation method.

Model K-means Affinity
propagation

K = 5 7 9 Not specified
[02,04,08,09,11,
12,13,14,15,17,
18,19,20,21,22,
24,27,28,30,31,
32,33,34,37,39,
41,42,43,45,46]

[02,04,08,09,11,
12,13,14,15,17,
18,19,20,21,22,
24,27,28,30,31,
32,33,34,39,42,
43,45,46]

[02,04,08,09,
11,12,14,15,
18,20,21,22,
24,27,28,30,
34,39,42,45,46]

[02,04,08,09,
11,12,14,15,
18,20,21,22,
24,27,28,30,
34,39,41,43,
45,46]

[26,40] [26,40] [13,17,19,31,
32,33,43,46]

[13,19,31,32,
33]

[05] [05] [05] [05]
[35] [35] [35] [35]
[36] [36] [36] [36]

[37] [37] [37]
[41] [41] [17]

[26] [26]
[40] [40]

FINAL CLUSTERS
0 (side cluster) [05,26,35,36,37,40,41]

1 [02,04,08,09,11,12,14,15,18,20,
21,22,24,27,28,30,34,39,42,45]

2 [13,17,19,31,32,33,43,46]

5.2 Motion
The patients have been ranked according to how much motion affected their

scans in comparison to each other. For this, all the scores attributed to each motion
parameter have been normalized. In other words, each parameter (e.g. absolute
motion) has been taken one by one and divided by the maximum value of this
parameter over the whole set of scans, in order to obtain values between 0 and 1
reflecting how big each value is in comparison to the ones of the other scans. But,
as explained earlier, two out of the four values used must be as low as possible:
the SNR and the CNR, in opposition to the others. The same methodology was
thus applied for those two parameters, but they were then subtracted from one.
The following equations will help for comprehension:

Relative abs-motion[i] = abs-motion[i]/ max(abs-motion),
Relative outlier-slices[i] = outlier-slices[i]/ max(outlier-slices),

Relative SNR = 1 − (SNR[i]/ max(SNR)),
Relative CNR = 1 − (CNR[i]/ max(CNR)).

where i represents the number of the scan. The latter ranges between 1 and 70 as
two scans per patients are treated.
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Each patient is thus represented by 8 score (4 parameters * 2 scans), all ranging
between 0 and 1, and translating how much the scans were impacted by motion.
To obtain the final ranking between all the subjects, an average of the 8 scores is
then assigned to each patient and the ranking is made on this basis. For a patient,
the lower the score, the better and more reliable the scans.

The final ranking in ascending order is the following: [13, 20, 28, 33, 09, 41, 05,
18, 24, 22, 26, 39, 46, 04, 31, 15, 43, 30, 45, 02, 35, 14, 19, 21, 32, 40, 11, 42, 27,
08, 36, 12, 37, 17, 34]. The patient 13 is thus the one with highest quality scans
whereas patient 34 is the most impacted by motion.

What we can retrieve from this list is that the patients belonging to each cluster
are relatively dispersed with respect to the ranking. If all the patients belonging to
the same cluster were for instance, all at the end of the list, this would be the sign
that motion highly influences the results and thus the clusters. We can therefore
reasonably conclude that despite motion can have a significant impact on the set
of data, it does not call into question the process to define our clusters.

5.3 DTI analysis
The four DTI metrics introduced in this work can all be signs of specific

biological phenomena taking place inside the brain. However, they do not all
have an easy and interpretable meaning everywhere. For this reason, a focus will
be put on the MD for areas located in the GM and in the brain lobes, and the
three other metrics will be considered in the WM tracts, as well as the cerebellum
and subcortical areas in which both gray and white matter can be found. As the
diffusion metrics are related by equation 1.7: the measure of FA and two diffusion
metrics (AD and RD) are thus enough to characterise a voxel.

5.3.1 Gray matter and lobes

As shown in the Figures 5.2 and 5.3, there are some discrepancies in the metrics
variation in the two clusters to analyse. Cluster 1 does not show any significant
changes in GM areas. By contrast, cluster 2 is characterised by a decreasing MD in
several GM regions as well as in the Temporal Lobe, as depicted in Figure 5.2.

Figure 5.2: Summary of all regions showing significant MD changes (GM areas and
lobes) considering cluster 2.
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5.3 DTI analysis

This global change at the lobe scale is in agreement with the more particular
GM areas standing out of this analysis. As shows Figure 5.2, the majority (11/16)
of the regions displayed are located in the temporal lobe.

5.3.2 White matter, cerebellum and subcortical structures

Cluster 1
When it comes to the cerebellum, new observations can be discussed. Firstly, an
almost complete absence of results in cluster 1 can be pointed out, with a single con-
spicuous zone: the Cerebellum X L. As shown in Figure 5.3, this cerebellar lobule is
characterised by an increased FA and AD, with no significant change regarding the RD.

In the case of WM areas, the Middle Cerebellar Peduncle and the Cingulum
subsection Temporal L stand out with the increase of only one of the DTI metrics
(either AD or RD as depicted in Figure 5.3), suggesting a slight evolution in at least
one other metric that does not exceed the 8% threshold. One can observe the same
behavior in the Brain Stem which is a subcortical structure.

AD

FA

RD

Figure 5.3: Summary of all regions showing significant RD (top), AD (middle) and
FA (bottom) changes considering cluster 1.

Cluster 2
Secondly, in cluster 2, important variations are observed in the cerebellum (see
Figures 5.4 to 5.6). The FA increases in 8 out of its 21 subdivisions and almost all
of them (17/21) are impacted by AD and RD decrease. It suggests that, in the 8
regions showing FA augmentation, the RD decreases more than the AD. In contrast,
they both decrease homogeneously when FA shows no significant change.

By comparing graphs 5.5 and 5.6, those expectations are confirmed. Indeed,
among the 8 FA increasing areas, 7 present a stronger RD decrease. Regarding the
only area that does not follow this behavior, the AD and RD changes are almost
equal (0.16% of difference), and those numbers are a representation of a global
behavior among this cluster. And yet, the clusters were built according to a wide
set of metrics coming from four different microstructural models. This means that
for a single metric, we do not necessarily observe similar behaviors for every patient
of the cluster. An outlier patient for the concerned metric can therefore have a big
impact on the expected results.
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5.3 DTI analysis

Moreover, the 9 other regions showing no FA difference but a noticeable evolution
of AD and RD have relatively poor diffusion variance: a third8 of the zones (3/9)
shows slightly stronger RD in opposition to the two other thirds9 (6/9).

Figure 5.4: Summary of all regions showing significant FA changes (WM and
cerebellum) considering cluster 2.
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Figure 5.5: Summary of all regions showing significant AD changes (cerebellum)
considering cluster 2.
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Figure 5.6: Summary of all regions showing significant RD changes (cerebellum)
considering cluster 2.

8mean(changesRD − changesAD) = 5.2%
9mean(changesRD − changesAD) = −4.5%
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5.3 DTI analysis

Finally, in the brain WM, the Middle Cerebellar Peduncle and the Fornix R
show a decrease for the 4 DTI metrics. It suggests a stronger AD decline which is
indeed the case, as one can see in Figures 5.7 and 5.8.

Additionally, the Vertical Occipital Fasciculus L is characterised by a decreased
FA but does not seem to present real significant diffusion changes. Moreover, some
other WM tracts and subcortical structures do not show any significant FA change
despite the diffusion decline. Among them, 15 show significant alterations of both
AD and RD and 11/15 show a stronger AD decrease. The difference is however
relatively small, as the maximal difference between changes in AD and RD is about
5% with a mean value worth 2%.
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Figure 5.7: Summary of all regions showing significant AD changes (WM and
subcortical areas) considering cluster 2.
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Figure 5.8: Summary of all regions showing significant RD changes (WM and
subcortical areas) considering cluster 2.
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5.4 NODDI analysis
The NODDI analysis can be divided into two parts: On the one hand, several

metrics can be analysed separately and hypotheses about the microstructural
behavior can be derived from them. on the other hand, a check can be made on
the consistency of the metrics relatively to each other. This analysis concerns the
coherence of the model itself and is detailed in appendix C.1.

As already mentioned, NODDI is a microstructural model that was built specif-
ically for WM tracks. However, as the cerebellum and subcortical regions are
composed of both WM and GM, it makes sense to study them also in this model.
Therefore, the following sections will focus only on these ROIs in the brain. The
two other microstructural models used in this thesis (DIAMOND and MF) will
similarly only base their analysis on the WM, the cerebellum and subcortical areas
of the brain.

Cluster 1
First of all, cluster 1 does not seem to have significant change of fintra or ODI in
any ROI, neither in the WM, nor in the cerebellum and the subcortical regions.
There is no increase or decrease of more than 8%. But if we first focus on what
is happening in the WM and in the cerebellum, 12 areas are highlighted with
a significant increase of fextra and 9 with a meaningful decrease of fiso (see
Figures 5.9 and 5.10). However, only 4 regions, the Optic Radiation L, Cerebellum
IX L, I-IV R and I-IV L show a significant evolution in both metrics. The rest of
the zones appearing in Figures 5.9 and 5.10 only exhibit a decrease in one of the
metric (fiso or fextra) between the two scans. Regarding the subcortical areas,
3 of them show a significant increase of fextra and another one is represented by
a fiso decrease (see Figure 5.11).
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Figure 5.9: Summary of all regions showing significant fextra changes (WM and
cerebellum) considering cluster 1.
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Figure 5.10: Summary of all regions showing significant fiso changes (WM and
cerebellum) considering cluster 1.

fiso

fextra

Figure 5.11: Summary of all regions showing significant fextra (bottom) and fiso
(top) changes (subcortical areas) considering cluster 1.

Cluster 2
If one considers now the data arising from cluster 2, it seems to display more
significant areas than cluster 1. By having a first look at Figures 5.12 to 5.18, one
can see that fintra has a global tendency to increase in all brain matters (WM,
cerebellum and subcortical), in opposition to fextra that only shows decreasing
values. fiso is more variable and seems to increase and decrease in the WM and
the cerebellum, depending on the zone, whereas it never shows any significant
change in the subcortical structures. Finally, ODI only increases in the WM and the
cerebellum, without having any significant evolution in the subcortical structures
either.
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Figure 5.12: Summary of all regions showing significant fintra changes (WM and
cerebellum) considering cluster 2.
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To begin, when analysing what is going on in the WM and the cerebellum, 18
regions show a significant change according to fintra, 39 to fextra, 18 to fiso
and 29 to ODI. Among all these areas, only two show a significant evolution in all
four metrics. The Superior Cerebellar Peduncle R and L have an increase in fintra,
fiso and ODI, and a decrease in fextra. For the remaining regions, there are 13
possible scenarios. Four of them appear when an area shows a significant change
in only one of the four metrics. Two regions only show an increase in fintra:
the Inferior Longitudinal Fasciculus L and the Cerebellum Crus I R, 3 are only
showing a meaningful decrease in fiso, 8 a decline of fextra and 7 an increased ODI.

Among the rest of the areas displayed in Figure 5.12, there are 5 possible
scenarios involving an increased fintra. It can be combined with a decreasing
fextra, as it is the case for two regions, or with an increasing ODI, as shows
the Fornix R. 10 other areas also show an increased fintra accompanied with a
decrease in fextra and a last increase in fiso for 2 of them, or in ODI for the
last 8. To finish with the changes in fintra, the Cerebellum X R is the only area
characterised by a decreasing fiso while fintra and ODI are increasing.

Finally, the three last scenarios are those for which fextra is evolving in the
opposite way of either fiso or ODI. Out of the 39 areas with a significant decrease
according to fextra, 7 also show an increase according to fiso, 7 to ODI and the
last 3 are depicting a meaningful increase in both metrics. All this information is
summarised in Figures 5.13 to 5.15.
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Figure 5.13: Summary of all regions showing significant fextra changes (WM (top)
and cerebellum (bottom)) considering cluster 2.
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Figure 5.14: Summary of all regions showing significant fiso changes (WM and
cerebellum) considering cluster 2.
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Figure 5.15: Summary of all regions showing significant ODI changes (WM and
cerebellum) considering cluster 2.

Lastly, the subcortical areas are showing the same general behaviour as the ones
in the WM and the cerebellum. Among all the zones displayed in Figures 5.16 to
5.18, only one area, the Amygdala L, is showing a significant evolution in the four
metrics. Then, 4 other regions are showing a significant evolution in three metrics.
On the one hand, the Thalamus R, the Hippocampus R and L have an increased
fintra and fiso combined with a decline in fextra, while on the other hand,
the Brain Stem shows the same evolution for the first two metrics combined this
time with an augmentation of ODI. Next, 2 regions have only changes in two of the
metrics: for the Thalamus L, it is in fintra and fextra while for the Amygdala R,
it is only in fextra and fiso. To finish, two areas indicate a meaningful change in
only one metric, either fextra for the Caudate L or fiso for the Cerebral White
Matter L.
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Figure 5.16: Summary of all regions showing significant fintra changes (subcortical
areas) considering cluster 2.
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Figure 5.17: Summary of all regions showing significant fextra changes (subcortical
areas) considering cluster 2.
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Figure 5.18: Summary of all regions showing significant ODI (top) and fiso (bottom)
changes (subcortical areas) considering cluster 2.
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5.5 DIAMOND analysis
A similar analysis to the one of DTI model can be performed for the new metrics

created for DIAMOND: w FA, w MD, w AD and w RD. However, as this model is more
convenient to study WM tracts than GM, a focus will be put on those regions by
analysing trends in all metrics except for w MD as previously explained for MD (see
section 5.3). Indeed, some zones can be grouped according to the evolution of those
three metrics and depict some specific scenarios.

Similarly to the NODDI model, the coherence of the DIAMOND metrics can
be evaluated to make sure that the logical relationship between the CSF and the
total fiber fractions is respected. This analysis can be found in appendix C.2.
Cluster 1: wFA,wAD,wRD
In the case of cluster 1, no significant change is found regarding the weighted
metrics. As a very small amount of change were already identified in cluster 1
for the corresponding DTI metrics, those results suggest a consistency between
the DTI and DIAMOND model. The fact that the FA, AD, RD changes shown
in Figure 5.3 are not appearing here, suggest that those changes might be due to
a limitation of the DTI model that does not take possible fiber crossing into account.

Cluster 2: wFA,wAD,wRD
Cluster 2 involves a few more areas and metric evolution, represented by 4 distinct
situations. First, the Middle cerebellar peduncle can be represented by the following
scenario: w FA and w AD are decreasing. A second scenario can be observed for the
Cerebellum X L and the Brain Stem, that are characterised by an homogeneous
decrease of both diffusion metrics, that thus does not involve the w FA to signifi-
cantly change. The third scenario represent the case for which all three metrics are
decreasing. The Cerebellum X R is concerned by this scenario. Finally, 11 other
areas (7 cerebellar and 4 WM tracts) are additionally displayed because of their
significant evolution in one of the three studied metrics. All those changes are
displayed in Figures 5.19 and 5.20.

wFA

wAD

Figure 5.19: Summary of all regions significant w FA (bottom) and w AD (top) changes
(WM, cerebellum and subcortical areas) considering cluster 2.
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Figure 5.20: Summary of all regions significant w RD changes (WM, cerebellum and
subcortical areas) considering cluster 2.

Cluster 1 & 2: frac_csf, frac_ftot
Two last metrics can be analysed in the case of the DIAMOND model to understand
the variation of proportions between CSF and fibers inside specific ROIs. It appears
that considering cluster 1, 4 cerebellar lobes show a decreasing frac_csf whereas
nothing appears to be significant regarding frac_ftot as depicted on the bottom
part of Figure 5.21. Similarly to cluster 1, 12 areas in cluster 2 are brought to
the fore for their significant evolution of the CSF fraction but nothing appears to
be remarkable when it comes to the fiber fraction (see the upper part of Figure 5.21).

Cluster 1

Cluster 2

Figure 5.21: Summary of all regions showing significant frac_csf changes consid-
ering cluster 1 (bottom) and cluster 2 (top).
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5.6 MF analysis
Thanks to the outputs of the ElikoPy pipeline and the new metrics created

(frac_ftot & w fvf, explanations in section 4.4.7), several metrics can be sepa-
rately analysed whereas the evolution of others can be compared. The analysis is
also split in different categories, the WM tracts, the cerebellum and the subcortical
regions.

Once again, the coherence of the MF metrics can be evaluated to make sure that
the logical relationship between the CSF and the total fiber fractions is respected.
This analysis can be found in appendix C.3.

Cluster 1
In cluster 1, all the areas presenting a significant evolution are located in the
cerebellum and are characterised by a free water volume fraction reduction but no
significant change appears for the fiber fraction. The corresponding graph (Figure
5.22 (bottom)) thus translates a slight decrease in the water content of 6 cerebellar
subdivisions. The fiber proportion is therefore barely modified.

Cluster 1

Cluster 2

Figure 5.22: Summary of all regions showing significant frac_csf changes (WM
and cerebellum) considering cluster 1 (bottom) and cluster 2 (top).

Cluster 2
In cluster 2, three different scenarios are appearing. First, 8 areas express a single
metric change with no modification for the others. As shown in Figure 5.22 (top),
the Cerebellum Crus I R as well as all the WM displayed show a variation in the
CSF volume fraction, with no significant modification of the other MF metrics.
Second, only two areas evolve according to a second scenario: the Cerebellum X L
and R. They both show a reduced frac_csf, and an increase for frac_ftot and
fvf_tot but no significant change in the fiber concentration w fvf as depicted in
Figures 5.22 to 5.24.

Third, 5 areas located in the WM and 7 subcortical areas are representative of
the last scenario as show Figure 5.23. Here, the general fiber and CSF fractions
stay stable, but the total fiber volume fraction (fvf_tot) significantly increases,
for a constant w fvf.
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Figure 5.23: Summary of all regions showing significant fvf_tot changes (WM
and subcortical areas) considering cluster 2.

frac_�ot

fvf_tot

Figure 5.24: Summary of all regions showing significant frac_ftot and fvf_tot
changes (cerebellum) considering cluster 2.
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5.7 Volumetric changes in the three main brain compartments

5.7 Volumetric changes in the three main brain compart-
ments

Firstly, as the global volume of the brain cannot vary considerably, because of the
physical restrictions imposed by the skull, one expects to see a compensation of the
evolution of its different main compartments (i.e. the CSF, WM and GM). On the
Figures 5.25 and 5.26, are displayed the volume differences between the two scans
(T2-T1). Both graphs suggest that the fractions (%) of the three compartments
compensate each other before and after abstinence, making the sum of all changes
((frac(T2)-frac(T1))*100) null for all the subjects.
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Figure 5.25: Overall volumetric changes (WM,GM,CSF) considering cluster 1.

To confirm this, the total volume variation diff(volume_tot) = diff(CSF) +
diff(WM) + diff(GM) can be computed and then averaged over each cluster. From
this, the value obtained defines the coherence of the evolution of the clusters.
Indeed, if this value is very small, it means that the compartments for the patients
inside the clusters compensate each other. For cluster 1 this value is −2.9143∗10−15

and for cluster 2 is −3.4694 ∗ 10−16, which absolutely confirms the consistency of
the volumetric changes.
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Figure 5.26: Overall volumetric changes (WM,GM,CSF) considering cluster 2.

Finally, we can have a closer look at the variations displayed in Figures 5.25
and 5.26 individually for the patients in the set. It can be noted that no significant
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pattern can be observed for patients belonging to the same cluster so the volume
changes are not representative of the behavior of a cluster. The values displayed
are also relatively weak (with maximal values reaching 5%), which suggests that
no remarkable volumetric changes did take place during abstinence. Those results
differ from the one of Agartz et al. [78] and Shear et al. [79] who observed a
progressive increase in the WM volume during short term abstinence.

The explanation for those volumetric is not trivial and has been subject to
discussion in the literature. Agartz et al. [78] assumed that they are caused by the
direct toxic effects of alcohol but that more research would be needed to identify
the underlying physiological events of this brain volume restitution.

5.8 Conspicuous regions
By gathering all the results exposed from sections 5.3 to 5.6, one can note

that several brain areas seem to have experienced more significant changes than
others. As the analysis of 3 out of the 4 microstructural models developed in
this thesis only focused on WM zones, the cerebellum and some subcortical struc-
tures, those are the ones that will be considered to highlight the conspicuous regions.

Those regions are selected according to the number of times they appear
to be significant overall. However, for the metrics evolution described in the
NODDI, DIAMOND and MF models (i.e. fiso, fintra, fextra, frac_csf
and frac_ftot), when only one of the metrics demonstrates significant changes
but that all the others do not, one can assume that this significant change is due to
an initial very low fraction of the metric appearing as significant. This means that
a slight change can appear as significant because it is computed as a percentage
of change ((T2 − T1)/T1), whereas an initial higher fraction having an identical
difference (T2 − T1) does not identify the change as significant. The same remark
can be made when only one out of the three metrics (i.e. FA, AD and RD) is changing
for the DTI model. For this reason, the number of times each region is appearing
as significant is only accounted, in the case of fraction metrics, when at least two
of the fractions are significantly changing (or two DTI metrics), meaning that a
real physiological reorganisation did indeed take place. Considering this, 28 regions
are standing out by being affected by significant change of more than 4 different
metrics10:

• Brain Stem,
• Amygdala L/R
• Cerebellum,

– Crus I R,
– Crus II R,
– I-IV L/R,
– IX L/R,
– VIIIa L,

– VIIIb L/R,
– VIIb R,
– X L/R,
– Vermis.

• Cortico Ponto Cerebellum L/R,
• Fornix L,
• Hippocampus L/R,

10The threshold of 4 significant changes has been set arbitrarily
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• Inferior Cerebellar Pedunculus L/R,
• Middle Cerebellar Peduncle,
• Superior Cerebellar Pedunculus L/R,
• Thalamus L/R.

Those regions are the ones standing out and the focus will thus be put on them
in section 6. They are also displayed on a 3D anatomic scan in Figures ?? ??.

(a) Turquoise : Middle Cerebellar Peduncle; Red: Cortico
Ponto Cerebellum L; Orange: Cortico Ponto Cerebellum R;
Green: Inferior Cerebellar Pedunculus R; Yellow: Inferior Cere-
bellar Pedunculus L; Purple: Superior Cerebelar Pedunculus
R; Blue: Superior Cerebelar Pedunculus L.

(b) Cerebellum. Light Green: I-IV R; Yellow: I-IV L; Gold:
Vermis; Red: Crus I R; Orange: Crus II R; Purple: VIIIa L;
Turquoise: IX L; Light blue: IX R; Dark pink: VIIIb R; Light
pink: VIIIb L; Dark blue: VIIb R; Brown: X L; Dark green:
X R

(c) Pink: Thalamus R; Purple: Thalamus L; Green: Fornix L;
Turquoise: Hippocampus L; Blue: Hippocampus R; Orange:
Amygdala R; Red: Amygdala L; Yellow: Brain Stem

Figure 5.27: 3D view of the conspicuous regions.

Volume changes during abstinence of the conspicuous regions
Once the conspicuous zones have been identified, the potential volumetric evolution
of those regions during abstinence raises a new field for analysis.
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5.8 Conspicuous regions

In the case of cluster 1, two areas (the Cerebellum VIIb R and VIIIb R) present
significant volumetric variations (over 100%) that even had to be removed from
the figure over 250% for clarity. For both areas, the median percentage change is
very close to 0% but some extreme values appear for some of the patients in the
cluster. Looking at the median of the other areas, the Cerebellum Crus II R is the
only one showing a noticeable volumetric change with a 10% decrease whereas all
the other medians are really close to zero.

Now talking about cluster 2, several areas show a significant volume increase
higher than 8%: the Hippocampus R/L, Amygdala L/R, Cerebellum Vermis and
Cerebellum VIII b R/L.
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Cerebellum  VIIIb R
Cerebellum  VIIb R

Cerebellum  X L
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Inferior Cerebellar Pedunculus  L
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Figure 5.28: Local volumetric changes (conspicuous regions) - Cluster 1
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Figure 5.29: Local volumetric changes (conspicuous regions) - Cluster 2
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5.9 Behavioral analysis
First of all, one can look at the alcohol consumption of each patient during

the week before the start of the abstinence period. As depicted in the upper part
of Figure 5.30, it is not possible to draw a conclusion about the behavior of the
clusters with respect to this characteristic. Indeed, even if cluster 1 contains more
patients than cluster 2, their respective alcohol consumption are not localised in
a different and narrow range. This can be concluded by the distribution of the
green and black curves: they both have similar heights at equivalent alcohol unit
values, and their respective peaks appear at 9.2 and 10.3 units, which translates
the similarity of the patterns.

Next, several other characteristics can be analysed and are depicted in the
bottom part of Figure 5.30. The first one is the BDI, representing the degree of
depression. It can be noted that the majority of the patients (24 out of the 28
belonging to cluster 1 and 2) improved their score between T1 and T2. Indeed,
the negative value means that T1 > T2 and we can therefore interpret this as a
decrease in their depression level after the 18 days of withdrawal. Among these 24
patients, 17 belong to cluster 1 and 7 to cluster 2 which represents 85 and 87.5 %
of their total respectively. On the other hand, three patients have a T2 higher than
T1 which indicates that they were more depressed than before abstinence. Finally,
only one patient showed no change between the two tests. With those results, it
cannot be said that one of the two clusters has a particular behavior but it can be
concluded that in general, the level of depression of the patients decreased during
their withdrawal.

Subsequently, we can look at the total OCDS. The latter is a combination of
compulsion and obsession which represents craving. Once again, no particular
pattern is evident for the two clusters. Considering cluster 1, only one patient is
not improving his score. For all the others, their craving level seems to be enhanced.
Now, for cluster 2, one patient’s craving level increased and for the rest of this
cluster, the score either stays stable or decreases. Thus, both clusters are showing
an improvement of the craving (85 and 87.5 % of cluster 1 and 2 respectively).

The STAI is an indicator of anxiety and is depicted in Figure 5.30. Out of the 8
patients in cluster 2, 2 patients show more anxiety than before withdrawal, 4 show
less anxiety and 2 shows no change. In cluster 1, 3 patients had a higher STAI at
T2 than T1 thus illustrating an increase of their anxious feeling whereas the inverse
situation is observable for 13 subjects, which is indicative of an amelioration of
their anxiety level. Lastly, 4 patients shows no change between both tests. All
in all, both clusters still have the same general development when taking into
consideration the STAI: 50 and 65% of cluster 1 and cluster 2 respectively show an
increase in this score.

Finally, the last characteristic that can be studied is the MFI (see Figure 5.30).
The latter quantifies the level of fatigue. It seems that the clusters do not have a
characteristic evolution when compared to each other. We can just note majority
of patients in general, showing an improvement of their score and therefore having
their fatigue level decreasing between the T1 and T2. This represents 85% of
cluster 1 and 87.5% of cluster 2.
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Figure 5.30: Evolution of the behavioral metrics for each cluster.

76



6 Discussion

6 Discussion
This section consists in a critical analysis and interpretation of the results and

the methods employed to obtain them. The potential inconsistencies in the results
will also be discussed and some hypothesis will be posed to explain their presence.

6.1 Relevance of the different microstructural models
A coherence analysis has been performed in appendix C in order to highlight

the coherence of diverse metrics when compared to metrics from other models.
The same approach was adopted for metrics belonging to the same model (see
appendices C.1 to C.3). These analyses allow the critical assessment of the validity
of the models and the confidence in their outcomes.

First, the intra-model assessment, evaluating the consistency of the metrics
inherent to a single model varied according to the model. Indeed, the NODDI
and MF models proved a direct compensation of their different fractions over
time (respectively: fintra,fextra,fiso and frac_csf,frac_ftot) whereas a
first limitation of DIAMOND was introduced at this stage. The DIAMOND model
did indeed not respect the rule that comes from the definition of the two fractions
composing a voxel (frac_csf and frac_ftot): they must add up to one, and
therefore, their evolutions must also compensate each other.

Then, the inter-model consistency assessment raised some new concerns about
the DIAMOND model. As stated in appendix C, given the fact that DIAMOND
and NODDI are both sensitive to fiber crossing and that they are able to dis-
criminate the fibers from the CSF, w FA and ODI are supposed to have opposite
tendencies in most of the cases. Yet, 5 out of the 37 (14%) significant brain regions
analysed depicted in Figures C.9 and C.10 do not meet this expectation which,
given the first imperfections in the DIAMOND model raised earlier, tends to either
suggest an incoherence in DIAMOND model or a too high degree of liberty of the
mathematical model.

Moreover, as already mentioned, the main drawback of the DTI model is its
inability to discriminate crossing fiber populations, and to consequently mislead
the results when this scenario appears inside a voxel/region. The impact of this
limitation could be assessed by comparing two metrics built upon the same concept:
FA and w FA. Indeed, as they both quantify the degree of anisotropy of the fibers
inside a voxel, they should always either increase or decrease simultaneously. Hence,
as it is the case for the 37 brain regions displayed in Figures C.9 and C.10, this
suggests that the DTI and the DIAMOND models are consistent. But we can
also observe that the values of the changes (T2-T1) of FA and w FA can be very
different. In theory, the w FA has been created to overcome the limitation of fiber
crossing observed in the computation of FA and is therefore more reliable. However,
as the accuracy of the results coming out of DIAMOND has sometimes been
questioned, one should stay critical regarding the evolution of its metrics, even if it
is theoretically more accurate than the DTI model for instance.
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6.2 Interpretation of the different metric variations

6.2.1 DTI

In the WM, the evolution of the three metrics of interest and their combinations
enables to establish some hypotheses about the underlying physiological changes
taking place in and around the axons. First, the FA is a primary indicator of
axonal integrity and its augmentation therefore suggests a dense axonal packing
whereas a decrease in FA is a sign of a loss of organised structure. Then, AD, directly
linked to FA, can translate brain maturation when it increases for a certain period,
while its decrease emphasizes axonal deletion, degeneration or injury in general.
Finally, a decrease in RD can be caused by an increase in axonal density and a
RD increase results from a potential myelin disruption [98]. When it comes to the
GM, MD is an interesting metric, giving information about a potential inflammation
process. Its increase can thus reflect an inflammation of the GM. In section 5.3,
several combinations of metric evolution appear in several brain areas and translate
different microstructural rearrangement.

First, a cerebellar lobule experienced an increase in FA and AD with no significant
evolution regarding RD (see Figure 5.3). This reflects a probable maturation of the
axons contained in the zone and therefore an improvement of axonal integrity for the
WM parts of the lobe, thus improving the passage of nerve impulses. Considering
the GM part of the lobe, it suggests an increase in the diffusivity of the water
molecules as this situation induces an augmentation of MD, hypothetically sign of
inflammation.

Second, other lobules showed a significant decrease in both diffusion metrics and
a diminution in FA, suggesting that RD decreases more than the AD as explains Figure
6.1B. Biologically, this can be explained by an axonal degeneration or deletion and
a denser axonal packing. Those changes are displayed in Figures 5.4 to 5.6. Simi-
larly, other zones located in the cerebellum, WM tracts and subcortical structures
show a decrease in both diffusion metrics but this time, with no noticeable change
regarding FA, which means that an homogeneous decrease of AD and RD occurs as
shows Figure 6.1C. This homogeneous diminution in both metrics also suggests
a potential axonal degeneration with increased fiber density. Those changes are
represented in Figures 5.5 to 5.8. Moreover, two WM zones are characterized by
a decrease in all DTI metrics as shown in Figures 5.4 to 5.8. This combination
suggests a stronger AD decline as depicted in the scenario of Figure 6.1A. This
decrease in AD and RD in the three situations just introduced raises some questions,
as axonal degeneration and packing do not intuitively take place at the same time.
This could mean that the theoretical interpretation of the DTI metrics is reduced
so simple cases but that particular situations can occur in which other phenomena
take place. It is therefore important to note that many biological rearrangements
and external contributors (fibers corrugation, fiber crossing, membrane permeability
to water, internal axonal structure,...) can interfere with the logical interpretation
of those simple metrics.

The last scenario concerns many brain areas for which only one of the analysed
metrics shows a significant evolution. Usually, the changes are quite low and very
close to the 8% threshold. This low value explains why the selection test could
reject the significance of the other metrics, as they might for instance both decrease
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from lower values and thus not exceed the threshold of 8% required to be considered
as significant. This can be interpreted as an absence of considerable modification
in the microstructure of these areas.

Figure 6.1: Possible evolutions between the different DTI metrics. A: FA decrease
caused by a diffusion decrease with a stronger AD change; B: FA increase caused
by a diffusion decrease with a stronger RD change; C: homogeneous decrease in AD
and RD resulting in non noticeable change in FA.

6.2.2 NODDI

The NODDI model gives insights into the proportion of fibers, CSF and mi-
croglial cells occupying a specific brain area. The ODI metric is additionally analysed
to give information about fiber dispersion. As detailed in section 5.4, many different
combinations of those 4 metrics can be observed (see Figures 5.9 to 5.18).

First of all, if only one of the volume fraction (fintra, fextra or fiso) shows
a significant evolution and that both others are stable, a reasonable conclusion
can be made: no biological rearrangement is taking place. This means that one of
the fraction might be changing because of its initial low value and that the others
prove that nothing noticeable does in reality happen.

Then, by taking the basic definition of each fraction, an increase reasonably
stands for an increased proportion of the compartment it represents, counterbal-
anced by a decrease in the volume of at least one of the other compartments. A
change of fintra is thus the sign of axonal regrowth/regeneration, whereas fextra
suggests a change in the amount of microglial cells such as the Schwann cells.
Thus, a change in fextra can partly explain some changes in the integrity of the
myelin sheath, as more Schwann cells might create more myelin to surround axons
and therefore increase the speed of neural influx. Finally, the last compartment
containing CSF can also vary in proportion, to potentially compensate the changes
occurring in the two other compartments.

However, all metric combinations are not necessarily interpretable with some con-
sistent biological modifications. For instance, some areas experience a simultaneous
fintra increase and fextra decrease. Intuitively, having an increased proportion
of fibers as a consequence of axonal regeneration, accompanied by a degradation
in the myelin integrity suggested by the decreased volume of extracellular space
does not fully make sense. This is where the inflammation hypothesis intervenes.
An increase or decrease of one of the compartment does indeed not necessarily
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translates an apparition or disappearance of the elements it is composed of. It
might also be possible that an inflammatory process generates an increased volume
of one of the compartment. The increased fintra of the previous example could
therefore be caused by axonal swelling and not axonal regrowth, whereas the extra-
axonal space could be compressed by this swelling or conversely in the case of an
originally inflamed extra-axonal compartment that comes back to a «healthy state ».

Finally, ODI also shows some variations during abstinence. When the latter
increases in the WM, the fibers are supposed less dense after abstinence whereas
in the GM, this can be the sign of an inflammation, a tissue rearrangement or a
dendritic growth [28].

6.2.3 DIAMOND

wFA,wAD,wRD
From the 3 scenarios illustrated in Figure 6.2 that are taking place in the mi-
crostructure of some brain areas, some biological changes can be deduced and give
an insight into to influence of abstinence.

The first scenario illustrated in Figure 6.2A is representative of a w FA and w AD
decrease, with relatively stable w RD. Similarly to the interpretation of the DTI
metrics, this is the sign of an axonal degeneration/injury. The second case, depicted
by Figure 6.2B is characterised by a diminution of all three metrics, suggesting
a stronger w AD decline. The third situation occurs when w AD and w RD decrease
homogeneously, causing no change in w FA (see Figure Figure 6.2C). Once again,
those two last scenarios are relatively hard to understand at first sight, as axonal
regeneration and fiber packing do not naturally come together but other unusual
scenarios can be at the origin of such changes. To finish with the DIAMOND
weighted metrics, several areas are characterized by a significant change in only
one of them, translating an absence of real physiological change inside the brain in
those areas, and a very light opposite evolution of at least one of the two metrics
that have not been pinpointed. Those changes are all displayed in Figures 5.19 and
5.20.

Figure 6.2: Possible evolutions between the different DTI metrics. A: FA decrease
caused by a diffusion decrease with a stronger AD change; B: FA increase caused
by a diffusion decrease with a stronger RD change; C: homogeneous decrease in AD
and RD resulting in non noticeable change in FA.

frac_csf, frac_ftot
Similarly to fiso in the NODDI model, frac_csf quantifies the proportion of CSF
inside an defined area (see Figure 5.21). As a complementary value, frac_ftot
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reflects the total amount of fibers. It appears several times in section 5.5 that only
frac_csf shows a significant evolution, in opposition to frac_ftot that never
shows any significant change. This can be explained by an initial relatively small
fraction of the CSF compartment, changing slightly in absolute proportion but
importantly with respect to itself and the initial fraction occupied. For this reason,
the other fraction is not spotted as changing significantly and we can conclude that
no particular rearrangement occurred for the concerned zones.

6.2.4 MF

This time again for the MF microstructural model, 3 different scenarios are suf-
ficient to illustrate the microstructural rearrangements taking place inside the brain.

The scenario n◦1 is the one already introduced in the previous section: the only
metric showing a significant change is the frac_csf. This is due to the fact that
the initial CSF fraction is much lower than the fiber fraction. Moreover, as they
both experience the same absolute change (more or less 2% as showed Figure C.7),
the latter is proportionally higher in the case of the CSF, for which it can then
exceed a threshold of 8%, whereas it stays weak for frac_ftot. The corresponding
scenario is illustrated in the left part of Figure 6.3 (T2 ≈ T1): the non significant
change of the global fiber compartment causes some other variable to probably
slightly increase but nothing strong enough to really be significant.

The scenario n◦2 is the symbol of a decreasing frac_csf, increasing frac_ftot
and fvf_tot, accompanied with a stable w fvf. This means that the fiber compart-
ment is proportionally bigger after abstinence but that the concentration of fibers
represented by w fvf does not increase. Equation 4.1 can explain this phenomenon:
fvf_tot increases because of the increase of f0 and f1 (caused by the general
frac_ftot increase and represented by the pink and yellow boxes respectively),
but the axonal packing inside both fiber populations does not vary. This could
suggest an actual inflammation of the fibers, causing the frac_csf decrease, as
shown in the middle of Figure 6.3.

Finally, the scenario n◦3 can be described by an increased fvf_tot with all
other metrics keeping a stable value. As depicted in the right part of Figure 6.3,
this can be caused by an increased number of fibers (axonal regrowth) in the
fiber compartment. Thus, w fvf probably slightly increases but not enough to be
significant.

Figure 6.3: Different evolution in T2 observed: scenario 1 characterises no noticeable
change; scenario 2 represents reduced proportion of CSF with no significant change
in the fiber concentration; scenario 3 illustrates a total fiber volume fraction increase
but with no volume change for the general CSF and fiber fractions.
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6.3 Conspicuous regions
From the list of noticeable areas detailed in section 5.8, 8 elements can be

designated as structures mostly affected by short term abstinence: the brain stem,
the amygdala, the cerebellum, the Cortico-Ponto Cerebellar (CPC) pathway, the
fornix, the hippocampus, the cerebellar peduncles and the thalamus. They are thus
going to be analysed separately in each cluster in order to draw conclusions about
the microstructural changes they experienced. For this reason, as many cerebellar
lobes are mentioned several times in the results, the cerebellum will be considered
as a whole in the rest of this section and the changes will be considered to be global
in this area.

As just said, it interesting to focus on each cluster separately in order to retrieve
the most accurate conclusion. These results will be discussed here below and are
detailed in Figure 6.4.

Atlas fextra fiso FA AD frac_csf frac_ftot wFA wRD wAD fintra fextra fiso ODI FA AD RD

Brain Stem - - + - + - -

Amygdala L + - + + - -

Amygdala R - + - -

Cerebellum  Crus I R + - -

Cerebellum  Crus II R + - -

Cerebellum  I-IV L + - - + - -

Cerebellum  I-IV R + - - -

Cerebellum  IX L + - + - -

Cerebellum  IX R - + - -

Cerebellum  VIIIa L + - + - -

Cerebellum  VIIIb L + - + + - -

Cerebellum  VIIIb R + - + + - -

Cerebellum  VIIb R + - + - -

Cerebellum  X L + + - + - - + - + - -

Cerebellum  X R - + - - - + - + - -

Cerebellum Vermis - + + - -

Cortico Ponto Cerebellum  L + - + - -

Cortico Ponto Cerebellum  R + - + - -

Fornix L + - + - -

Hippocampus L + - + - -

Hippocampus R + - + - -

Inferior Cerebellar Pedunculus  L + - + - -

Inferior Cerebellar Pedunculus  R + - + - -

Middle Cerebellar Peduncle - - + - + - - -

Superior Cerebelar Pedunculus  L + - + + - -

Superior Cerebelar Pedunculus  R + - + + - -

Thalamus L + - - -

Thalamus R + - + - -

CLUSTER 2

NODDI DTI MF DIAMOND DTI

CLUSTER 1

NODDI

Figure 6.4: Summary of the metrics evolution in the conspicuous regions. The
empty columns (metrics) have been removed from the table.

6.3.1 Noteworthy changes in Cluster 1

In the first cluster, three lobes of the cerebellum were mentioned for increased
extracellular space compensated by a reduced fraction of CSF. This evolution in
the cerebellum is accompanied by an increasing FA and AD pointed in another
lobe by the DTI model. This sign of better axonal integrity is in line with the
increase of fextra, resulting from a bigger amount of myelin around the axons. It
can thus be concluded that the axon integrity improved during abstinence in some
parts of the cerebellum for cluster 1 thanks to the myelin helping the transmission
of neural influx.
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To sum up, the amount of regions in which cluster 1 showed significant changes
is limited, but the ones highlighted tend to show a recovery over time and thus a
positive influence of abstinence.

6.3.2 Noteworthy changes in Cluster 2

As previously mentioned, cluster 2 is characterized by many more metric varia-
tions during abstinence than cluster 1. By analysing the table in Figure 6.4, one
can easily spot a similar evolution of the metrics in all the conspicuous regions.
Globally, the DTI demonstrates a decrease in both diffusion metrics, whereas the
NODDI model suggests a decrease of the extra-axonal space, accompanied with an
increase of the intracellular space as well as the free water volume. The dispersion
of fibers also tends to globally increase. The DIAMOND and MF models show less
changes but confirm this metric evolution for certain areas. Fortunately or not,
the combination of these metrics can be interpreted in various ways. Indeed, one
can reasonably assume that the microstructural integrity of the brain either goes
towards a recovery state, or experience degradation but that both processes should
not take place at the same time. For this reason, two main hypotheses come out of
this combination of metrics.

First, the positive hypothesis would tend to suggest a promising evolution of
the WM during abstinence. The decrease of both diffusion metrics could then be
the sign of a global diffusion decline, that can be caused by a disinflammation
of the zone if the latter was initially inflamed. Following this assumption, the
reduction of fextra together with the increased fintra translate the deflation
of the extra-axonal space, giving more space to the axons, thus increasing the
volume of the intracellular compartment and giving more space for free water
diffusion. The last remarkable change comes from the ODI increment, result of
the lower constraints on the axons once the extracellular space inflammation shrunk.

Then, the negative hypothesis can rise from the exact same metric combina-
tion. From its common interpretation, the decrease of AD is a sign of axonal
degeneration and the RD decline can potentially be caused by the appearance of
lesions. Additionally, fintra can increase as a result of axonal inflammation, thus
compressing the extracellular space and reducing its volume. The ODI measure
can then increase because of the compromised directionality of the fiber due to the
emerging inflammation.

To conclude, the abstinence process can have two opposite effects on the brain
microstructure, depending on which one of the positive or negative hypothesis is
adopted. The negative hypothesis suggests that abstinence does nos have a real
positive impact on the microstructure of the 8 patients belonging to cluster 2. This
would be in line with the conclusion of De Santis et al. [5] who concluded that
microstructural alterations caused by alcohol do not start to revert immediately
after discontinuing alcohol consumption (see section 3.4). This also means that
the considerable microstructural effect of abstinence might take place on a longer
time-scale and that in the first weeks of abstinence, the long-term drinking history
keeps damaging the condition of the patients in this cluster. By contrast, the
positive hypothesis brings to a fully different conclusion. The latter leads to believe
that the brain is initially subject to inflammation, especially in the extra-axonal
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compartment (i.e. the microglial cells), and that abstinence reduces considerably
this inflammation and gives more freedom to fibers configuration.

6.3.3 Respective volumes of the conspicuous regions

As already mentioned a few times in this paper, the volume of a zone can
impact the results coming out of the analysis. This is why one must stay cautious
about the interpretations of the results and take those volumes into consideration.

Indeed, as depicted in Figure 6.5, some of the regions are only represented by a
few voxels in the brain. This is particularly the case of the cerebellar lobules for
which the majority is composed of less than 500 voxels. Thus, if a small amount of
pixels (e.g. 50) present outliers values for a specific metric, those smallest zones
can be proportionally more impacted than bigger areas such as the brain stem.
This is maybe one of the reason explaining why the cerebellum is coming out as a
changing zone during abstinence. However, as the cerebellum is also enormously
mentioned in the literature for its involvement in abstinence process, the changes
are still expected to reflect a real reorganisation of the brain, but the values of
percentage of change underlined might be impacted by the size of each zone.

Figure 6.5: Boxplot representing the volume of the conspicuous regions in the
patients’ set. The right part of the figure, located after the black vertical line, is
represented at another scale.

6.4 Resulting behavioral expectations
In the first place, the subcortical structures carry different roles inside the brain,

and some were already introduced in section 3.3.1. The brain stem is the passage
bloc between the brain and the spinal cord and helps for the coordination of basic
body functions such as breathing, balance or heart rhythms [99]. However, it is
also believed to play a role in the craving feeling in the case of AUD patients. The
amygdala and the hippocampus have their main implications in emotion regulation,
reward processing, spatial cognition, memory and decision making whereas the
thalamus is involved in functions such as mood, memory, cognition, perception
and finally relay of motor and sensory signals to the cerebellum [100]. There are
thus many impairments that might appear during abstinence, if the integrity of
those areas is not preserved which is presumably the case for the subjects belonging
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to cluster 2 if the negative hypothesis is confirmed. On the assumption that the
positive hypothesis would be the right one, those abilities would on the contrary be
improved as a consequence of abstinence.

Then, as already introduced in section 3.3.1, the cerebellum plays a key role in
the regulation of motor functions. On the one hand, cluster 1 shows some promising
results for the motricity of the subjects composing it. Indeed, the increased number
of microglial cells and the resulting improved myelination suggest that patients of
cluster 1 should have retrieved better motor skills after withdrawal. On the other
hand, cluster 2 can be affected by a deterioration or improvement of those skills
depending on the hypothesis.

Furthermore, some studies tried to identify the role of the fibers connecting the
cerebral cortex to the cerebellar cortex (see Figure 6.6): the CPC pathway. The
fibers contained in the tract connect different parts of the brain together, but some
more importantly than others. Indeed, the frontal lobe accounts for a major part
(20%) of its fibers connections in the cerebral cortex. The existence of connections
between the cerebellum and the parietal (9%), prefrontal (8%) and temporal cortex
have also been proved for the CPC pathway. The modification of axon properties
in this tract thus have implications mainly in cognitive processing but also in terms
of spatial orientation, working memory, mental preparation for imminent actions
[101]. Looking back at the results, this zone has not been particularly impacted by
abstinence in cluster 1. By contrast, cluster 2 has demonstrated a similar evolution
as the one in the cerebellum.

Figure 6.6: Reconstruction of the CPC pathway: 2D rendering of combined CSD
technique and probabilistic streamlines tractography in a representative subject
[101]

When it comes to the fornix, no specific function is directly associated to it
but the latter is known to transmit information coming from the limbic system
(composed for example from the hippocampus) to other structures. Concretely,
the fornix has some indirect implications in the processes of recall memory and
emotional memory. Moreover, as the limbic system is responsible spatial memory,
learning, social processing,... the fornix assists them as just mentioned, and might
compromise those functions when damaged [102]. The inflammation of the patients
in cluster 2 in this zone might therefore be a cause for such consequences whereas
the hypothesis of disinflammation suggests better abilities for those tasks.

Finally, the cerebellar peduncles contain the afferent and efferent tracts of the
cerebellum. This means that compromising their integrity affects the transmission
of motor information treated by the cerebellum whereas reinforcing it enables a
better information flow.
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6.5 Limitations
Despite the means put in place to characterize the microstructural changes

taking place in the brain of 35 subjects suffering from AUD during short term
abstinence, some limitations still exist and being aware of them is crucial for the
interpretation of the results developed in section 5.

First, one cannot state that this study has been performed in a situation of
complete abstinence for the entire set of patients. Indeed, some of them have
consumed alcohol during the third week of abstinence when they were sent back
home. This means that for some subjects, there has been an alcohol intake, in
different quantities, a few days before the T2 scan.

Second, the clustering performed within the patient set can also be discussed.
Indeed, it is not relevant to study the evolution of many metrics on 35 patients
separately. However, the fact that a side cluster had to be defined in order to form
two « real clusters », discards 7 subjects (20%) from the analysis. Moreover, the
reason why they did not fit in any cluster is because of their outlier behavior. Hence,
some of them might be representative of a significant recovery or degeneration of
the brain in key areas affected by chronic alcohol consumption. Additionally, as
explained in section 4, the metrics evolution on the entire set of atlases has been
used to cluster the data. Perhaps, a prior selection targeting some specific areas
reported as susceptible to changes in the case of AUD would have given a different
and more relevant set of clusters. Finally, due to the limitations that each model
brings into the analysis, some of the model contradict each other regarding specific
changes, this can bring bias into the clusters as one of the observation might be
erroneous. This is why it has been thought to build a different set of clusters for
each microstructural model in order to maximize the relevance of the clusters and
the similarity of the patients inside a same cluster. Nevertheless, this choice would
have rendered the comparison of the different models less consistent and this stays
one of the main goal of such a study. Therefore, the choice of building general
clusters was kept.

Third, the atlas maps that are considered during this entire analysis have been
registered from a standard MNI space to a space corresponding to each scan. This
registration has shown to be imperfect in some of the brain areas. Notwithstanding,
the considerable amount of regions and the big amount of patients renders the
individual registration check very time consuming. Indeed, displaying 4725 (135∗35)
regions one by one to make sure that the registration has worked correctly and that
each atlas map is well located would have taken a lot of time. But this limitation
introduces some uncertainty about several brain regions, especially for the smallest
ones that might therefore contain a higher fraction of voxels that should not, in
reality, belong to them. This is why it is important to keep in mind that the
registration is an automatic process that aims to adapt a general atlas map to
every subject’s brain. Nevertheless, the subjects considered in this study are not
healthy controls but patients suffering from a condition highly affecting their brain
at a micro and a macro-scale. Consequently, the exact delimitation of each zone
might not be as precise as desired.
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Figure 6.7: Illustration of the difference
between a region in T1 & T2.

Moreover, the registration from the
MNI space to T1 and T2 comes with
a new limitation: the regions in both
scans might not have the exact same
size and be perfectly identical, which is
totally normal considering the potential
volumetric changes taking place in some
regions of the brain. However, this has
to be kept in mind in the analysis of the
coherence between the different metrics
(see appendix C). As shown in Figure
6.7, the pixels considered in T1 and on
which an average percentage of change is computed are not exactly the same as
the ones used for the same computation in T2, which justifies why averaging over
two different regions does not always bring perfectly compensating results, and a
error margin can be fully acceptable.

Fourth, as mentioned all along the report, a threshold has been set to 8% to
discriminate real significant transformations from alterations due to randomness.
Indeed, it has been explained that between two successive scans, some changes
in the metrics usually appear due to slight motion in the MRI and other factors.
This threshold has however been arbitrarily set and its relevance is therefore not
ensured. Moreover, there is some uncertainty regarding the weak percentage of
evolution, as even for changes exceeding 8%, the part of the change due to this
randomness remains unknown.

Fifth, the MRI acquisition has some imperfections that must be mentioned.
By displaying the different scans with a software such as MisterI [89] or MRIcron
[83], it has been observed that a few slices are usually missing at the bottom of
the brain. As a consequence, a part of the cerebellum is usually not taken into
account as it is not part of the final file. Moreover, an acquisition default causes
the first slices at the base of the skull to be incorrect, and only composed of a few
pixels. For this reason, this slice was automatically cancelled (set to zero) to avoid
the presence of incorrect data. However, the suppression of one additional slice
avoids the consideration of valuable data that might be important, especially for
the lobules VIIb, VIIIa and VIIIb (see Figure 4.3) that are located in this area.
Indeed, as those volumes are already relatively small, missing a few pixels might
have a big proportional impact.

Then, still considering the cerebellum, the analysis of every microstructural
model has considered its entire structure all along the analysis, including its con-
nected WM tracts such as the CPC pathway and the cerebellar peduncles but also
the cerebellar lobes composed of both WM and GM. Those hybrid sub-divisions
thus lead to less interpretable results as the nature of the cells inside those brain
regions varies. To counter this limitation, a WM mask could have been applied on
the lobes in order to consider the axons solely. However, the decision was made
not to apply this mask because of the final volume that would have resulted from
this operation. As explained earlier, the cerebellar lobules are already relatively
small and the amount of voxels in each atlas map is initially a little bit critical,
and shrinking them even more would lead to tiny volumes hard to analyse in a
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meaningful way. Furthermore, it can be observed in Figure 4.12 that the WM mask
provided by ElikoPy is not perfectly accurate. This is particularly obvious around
the corpus callosum, as the WM mask actually goes beyond its delimitation and is
composed of voxels located in the ventricles. Hence, one must stay cautious with
the use of this WM mask.

Furthermore, it can be noted that the significant changes analysed were al-
ways expressed as a percentage of change, which helps to realise the proportional
changes of the different metrics. However, some of the atlas maps considered in
this study represent very small regions in the brain, thus sometimes only composed
of a few pixels. The fact that some small volumes are also analysed has to be
kept in mind, as a big variation in one voxel in such a zone might considerably
influence the result of the entire area, whereas it would not have such an impact
on a larger region. The choice of analysing the percentage of change along this
thesis and not the absolute change (difference) is justified by the fact that no
matter which metric is analysed, every result is expressed with the same unit
(%) and is therefore comparable. But this choice also comes with some limita-
tions, already expressed several time in the previous section (section 5: Results).
Indeed, the situation in which one of the metric changes significantly (i.e. its
percentage of change increases or decreases significantly according to the t-test
with a mean absolute value higher than 8%), but no other metric of the concerned
model show any significant changes occurs many times. As already said, this
phenomenon might take place when an initially very small value experiences a
slight change, that proportionally causes the metric to exceed the 8% threshold
for change. As a result, this changes happens to be significant but does in reality
not prove anything about a microstructural rearrangement. For instance, if the
CSF volume fraction in a voxel increases from 3 to 6%, the value actually doubles
and is thus significantly changing, but the fiber volume fraction, varying from 97
to 94% only experiences a 3.1% decrease which does not suggest any rearrangement.

Finally, the behavioral data analysed in section 5.9 are used to bring additional
information about the mental state of the subjects and potentially link it to their
microstructure evolutions. The results are however very dependent on the context
in which the tests were performed. For instance, the fatigue level of a person
might be highly influenced by AUD or by withdrawal symptoms, but it is also
influenced by many other external factors such as recent events or even a bad
night the day before. The anxiety score might as well differ a lot according to
the moment at which it has been tested. Therefore, the variation of those scores
can not be interpreted as solely coming from the evolution of the AUD pathology
during abstinence and should perhaps be considered on a case by case basis.

6.6 Further perspectives
As just explained, many limitations still restrain the scope of this master’s

thesis. One of those limitations is of course the time, as additional analyses could
have been conducted and others adjusted according to the results obtained. For
this reason, there is undoubtedly more work to be done with those data to further
analyse short term abstinence.

First and foremost, some functional data (fMRI) are also available for the same
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set of patients. Treating them would add more insights into brain activity during
specific tasks of interest and its evolution in the course of abstinence. Other data
gathered by Mélissa Salavrakos are stool samples as it is believed that microbiota
inflammation influences the inflammation state of the brain. Finding the correlation
between both could help answering many questions about AUD and the physical
effects of abstinence process. And with the results obtained in this study, this
additional information would maybe be enough to pick between the positive and
negative hypothesis that come out for cluster 2. As we are left with a big question
mark about the nature of the evolution of this cluster, this could be a rapid way
answer to it. Unfortunately, those samples have to be investigated by qualified
doctors and the analysis has not started yet.

Moreover, being able to compare the data of AUD patients to the one of healthy
controls could also give a new perspective to this work, by allowing to make a
parallel with control values and estimate how far the metrics analysed in both T1
and T2 are from a control case.

Also, as several brain areas have been put forward in this work, it might be
advisable to only consider those regions for the clustering of the patients to maybe
obtain more realistic clusters. The clustering could therefore be performed once
again, by only taking the conspicuous regions underlined in section 5.8 into consid-
eration.

Furthermore, the microstructural models used in this work are relatively recent
and the amount of studies exploring them in the literature stays low. This intro-
duces a limitation for the interpretation of those metrics and the combinations
that can be made between all the models, as they are not fully understood by
the scientific community yet. It is therefore the diversity of researches that will
be conducted in the future and considering those specific models that will enrich
the general knowledge about their metrics and give certainties about the way to
interpret them.

Finally, the big amount of results exposed is not always easy to summarize
and to interpret. To have a bigger-scale impact, they could be outlined in a useful
way. Indeed, the interest of this study is to identify the potential beneficial role
of abstinence. And those results should not stay in the literature for scientific
readers. They should be presented to people suffering from AUD to first convince
them of the interest that withdrawal has for them and then to motivate them in
this laborious experience and to prove them that they are doing the right thing
by hanging on to sobriety. A project has been started during this master’s thesis:
a mobile application for doctors and AUD patients based on a daily follow up of
the abstinence experience. The app intended to give daily advises to users and
to link microstructural changes to effective enhancement of their capacities and
improvement of their daily life. Due to a lack of time, this app only stayed at
the stage of prototype. However, this could render this scientific discovery more
concrete and have a real impact.
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7 Conclusion
Identifying the short term impact of abstinence on the brain microstructure of

AUD patients is at the center of many ongoing researches. This master’s thesis has
been undertaken to go further with those researches by analysing the brain in the
framework of a very strict and rigorous protocol. The fact that every patient was
scanned twice, at the exact same time interval and experienced an identical testing
procedure adds a strong value to the data explored in comparison to other studies
available in the literature.

To this aim, four microstructural models were used to quantify various param-
eters and highlight their changes over time: DTI, NODDI, DIAMOND and MF.
Each model is built on different principles and theories, allowing to have diverse
perspectives over the brain microstructure, and it is the combination of the infor-
mation given by all those models that enables the formulation of hypotheses about
the actual phenomenon taking place during abstinence. At first, the raw diffusion
data acquired were pre-processed before applying the different microstructural
models, both with help of the ElikoPy pipeline. Each metric, given as output of the
microstructural models was then studied in terms of percentage of change during
abstinence for each subject. It has been noticed at this point, that some divergences
were present within the patient set and that different tendencies seemed to come
out. For this reason, the patients were divided into three clusters, among which
two were investigated in details.

The cluster 1 - composed of 20 subjects - was in the end, slightly impacted
by the abstinence process but seemed to move towards an improvement of white
matter integrity in the only outstanding area: the cerebellum. By contrast, the
cluster 2 - composed of 8 subjects - demonstrated a lot more microstructural rear-
rangements in the course of the abstinence process. The most affected brain regions
were the brain stem, the structures belonging to the limbic system (amygdala,
fornix, hippocampus, thalamus), the cerebellum and its peduncles, and the cortico
ponto cerebellar pathway. The tendency in all those areas was relatively similar: a
decreased diffusion, an increased intracellular space, compensated by a decreased
extracellular volume and a varying free water compartment, tending to usually
increase. Finally, the fibers seemed to be more scattered after 18 days. From those
evolution, two opposite hypotheses were put forward: a positive one stating that the
brain was initially subject to inflammation and that abstinence reduces considerably
this undesirable effect of alcohol, and a negative one suggesting that the impact
of alcohol keeps damaging the microstructure and thus increases the inflamma-
tion state of the white matter, at least for the first couple weeks of alcohol cessation.

Concerning the metrics that revealed the majority of the information upon
which the conclusions of this work are made, it seems that the DTI and the NODDI
models are the most appropriate ones to characterise abstinence and spot the
areas of interest. They are indeed the ones that demonstrated the most significant
changes over time for their metrics.

Those conclusions have also been compared to the behavioral data assessing
the level of fatigue, anxiety, craving (and others) of the different subjects, but no
relationship between the microstructural clusters and the behavioral data could
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be found. Nevertheless, the evolution of the behavioral scores suggests an overall
recovery tendency for the patients, including therefore the ones belonging to cluster
2. For this reason, we would like to privilege the positive hypothesis that would be
more in line with the behavioral data. It is however a personal assumption that
has not been proven.

This work however presents some limitations. The clustering method could have
been adapted by taking more relevant metrics and brain areas into account instead
of the complete set of information at our disposal. One must also stay critical about
the quality of the diffusion data as the acquisition contains several imperfections
that cannot always be corrected. Finally, magnetic resonance imaging is a tool
that has proven to be extremely useful to characterise the brain microstructure
and the diffusion properties of its compartments. However, it is only by combining
data from different sources and nature such as behavioral tests, blood samples,
functional imaging, inflammation data and an entire set of biological markers, that
those phenomena, mainly spotted with mathematical models will be given some
sense and confirmed conclusions.

Nonetheless, the results of this study still give information about the brain areas
prone to change when submitted to alcohol cessation and the potential underlying
biological phenomena resulting from the variation of several metrics. This work
thus opens the field for new researches as promising hypotheses have been set about
the interest of abstinence.
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A MRI parameters: typical .json file

Appendix
A MRI parameters: typical .json file

{ "Modality": "MR",
"MagneticFieldStrength": 3,
"ImagingFrequency": 127.77,
"Manufacturer": "GE",
"ManufacturersModelName": "SIGNA_Premier",
"InstitutionName": "UCL",
"DeviceSerialNumber": "000000210036MR03",
"StationName": "GEHC",
"BodyPartExamined": "BRAIN",
"PatientPosition": "HFS",
"SoftwareVersions":
"28_LX_MR_Software_release:RX28.0_R04_2020.b",
"MRAcquisitionType": "2D",
"SeriesDescription": "Opt_DTI_4B_64_32_HB3",
"ProtocolName": "Opt_DTI_4B_64_32_HB3",
"ScanningSequence": "EP_SE",
"SequenceVariant": "NONE",
"ScanOptions": "CL_GEMS_SAT_GEMS_EDR_GEMS_EPI_GEMS_
HYPERBAND_GEMS_ACC_GEMS_PFF_FS",
"ImageType": ["ORIGINAL", "PRIMARY", "OTHER"],
"SeriesNumber": 5,
"AcquisitionTime": "14:05:11.000000",
"AcquisitionNumber": 1,
"SliceThickness": 2,
"SpacingBetweenSlices": 2,
"SAR": 0.149468,
"EchoTime": 0.0793,
"RepetitionTime": 4.837,
"FlipAngle": 90,
"PhaseEncodingPolarityGE": "Unflipped",
"CoilString": "48HAP",
"PercentPhaseFOV": 100,
"AcquisitionMatrixPE": 110,
"ReconMatrixPE": 110,
"EffectiveEchoSpacing": 0.000692,
"TotalReadoutTime": 0.075428,
"PixelBandwidth": 4545.45,
"PhaseEncodingDirection": "j-",
"ImageOrientationPatientDICOM": [ 0.999947, 0.00473293, 0.00919025,
-0.00390882, 0.996139, -0.0877037 ],
"InPlanePhaseEncodingDirectionDICOM": "COL",
"ConversionSoftware": "dcm2niix",
"ConversionSoftwareVersion": "v1.0.20190902" }
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B Atlases

B Atlases
WM tracts

• Association fibers:
– Arcuate Fasciculus (L/R)
– Frontal Aslant Tract (L/R)
– Inferior Longitudinal Fasciculus (L/R)
– Inferior Fronto-Occipital Fasciculus (L/R)
– Middle Longitudinal Fasciculus (L/R)
– Superior Longitudinal Fasciculus I (L/R)
– Superior Longitudinal Fasciculus II (L/R)
– Superior Longitudinal Fasciculus III (L/R)
– Uncinate Fasciculus (L/R)
– Vertical Occipital Fasciculus (L/R)

• Commissural fibers:
– Anterior Commissure
– Forceps Major
– Forceps Minor
– Middle Cerebellar Peduncle

• Limbic fibers:
– Cingulum subsection: Dorsal (L/R)
– Cingulum subsection: Peri-genual (L/R)
– Cingulum subsection: Temporal (L/R)
– Fornix (L/R)

• Projection fibers:
– Acoustic Radiation (L/R)
– Anterior Thalamic Radiation (L/R)
– Corticospinal Tract (L/R)
– Optic Radiation (L/R)
– Superior Thalamic Radiation (L/R)

Corpus Callosum

• Corpus Callosum
• Anterior Body
• Posterior Body

• Genu
• Isthmus
• Splenium

Cerebellum

• Crus I (L/R)
• Crus II (L/R)
• Lobules I-IV (L/R)
• Lobule V (L/R)
• Lobule VI (L/R)
• Lobule VIIb (L/R)

• Lobule VIIIa (L/R)
• Lobule VIIIb (L/R)
• Lobule IX (L/R)
• Lobule X (L/R)
• Vermis

Cerebellar (cerebellum WM)

• Cebellar peduncles
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B Atlases

– Inferior Cerebellar Pedunculus (L/R)
– Superior Cerebellar Pedunculus (L/R)

• Cortico-Ponto pathways
– Cortico-ponto Cerebellar tract (L/R)

Cortex

• Angular gyrus
• Central Opercular cortex
• Cingulate gyrus anterior
• Cingulate Gyrus posterior
• Cuneal Cortex
• Frontal Medial Cortex
• Frontal Operculum Cortex
• Frontal Orbital Cortex
• Frontal Pole
• Heschl Gyrus
• Inferior Frontal Gyrus pars opercu-

laris
• Inferior Frontal Gyrus pars trian-

gularis
• Inferior Temporal Gyrus anterior
• Inferior Temporal Gyrus posterior
• Inferior Temporal Gyrus tem-

porooccipital part
• Insular Cortex
• Intracalcarine Cortex
• Juxtapositional Lobule Cortex
• Lateral Occipital Cortex inferior
• Lateral Occipital Cortex superior
• Lingual Gyrus
• Middle Frontal Gyrus
• Middle Temporal Gyrus anterior
• Middle Temporal Gyrus posterior

• Middle Temporal Gyrus tem-
porooccipital part

• Occipital Fusiform Gyrus
• Occipital Pole
• Paracingulate Gyrus
• Parahippocampal Gyrus anterior
• Parahippocampal Gyrus posterior
• Parietal Operculum Cortex
• Planum Polare
• Planum Temporale
• Postcentral Gyrus
• Precentral Gyrus
• Precuneous Cortex
• Subcallosal Cortex
• Superior Frontal Gyrus
• Superior Parietal Lobule
• Superior Temporal Gyrus anterior
• Superior Temporal Gyrus posterior
• Supracalcarine Cortex
• Supramarginal Gyrus anterior
• Supramarginal Gyrus posterior
• Temporal Fusiform Cortex anterior
• Temporal Fusiform Cortex poste-

rior
• Temporal Occipital Fusiform Cor-

tex
• Temporal Pole

Subcortical

• Brain Stem
• Amygdala (L/R)
• Caudate (L/R)
• Cerebral White Matter (L/R)

• Hippocampus (L/R)
• Putamen (L/R)
• Thalamus (L/R)

Lobes

• Frontal lobe
• Insula
• Occipital lobe

• Parietal lobe
• Temporal lobe
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C Coherence of the microstructural models

C Coherence of the microstructural models

C.1 NODDI: Coherence of fintra, fextra and fiso
As those metrics (fintra, fextra and fiso) are fractions, their sum must be

equal to one inside a voxel:

fintra(T1) + fextra(T1) + fiso(T1) = 1
fintra(T2) + fextra(T2) + fiso(T2) = 1

⇒ (fintra(T2)−fintra(T1))∗100+(fextra(T2)−fextra(T1))∗100+(fiso(T2)−fiso(T1))∗100 = 0
(C.1)

Indeed, their respective evolutions cannot all be positive or negative, they must
compensate each other as states equation C.1. For example, an increase of fintra
in one area must be compensated by a decrease in at least one for the other metrics,
in the same area.

Secondly, the mean difference (T2-T1)11 of each metric was analysed as an
average between all the subjects inside a cluster. These differences for cluster 1
are shown in Figure C.1 and only the areas with at least a significant change in
one of three metrics are displayed. It can be seen that the different sticks (blue,
green and red) for the same area do not evolve in the same direction. Hence, if the
different sticks are summed up, one can obtain an average value of 1.382 ∗ 10−6 for
cluster 1 and −7.76 ∗ 10−6 for cluster 2. This shows that the model is consistent.
The coherence for cluster 2 are depicted in Figures C.2 and C.3.
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[NODDI] - Metrics difference (Coherence) - Cluster 1

fintra
fextra
fiso

Figure C.1: Coherence of the NODDI model considering cluster 1 - summary of all
regions showing at least one significant change in fintra, fextra or fiso. The
bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.

11T1 and T2 being the mean value of the metric discussed in the concerned area in T1 and T2
respectively
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C.1 NODDI: Coherence of fintra, fextra and fiso
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[NODDI] - Metrics difference (Coherence part1) - Cluster 2
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Figure C.2: Coherence of the NODDI model considering cluster 2 part1 - summary
of all regions showing at least one significant change in fintra, fextra or fiso.
The bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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[NODDI] - Metrics difference (Coherence part2) - Cluster 2
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Figure C.3: Coherence of the NODDI model considering cluster 2 part2 - summary
of all regions showing at least one significant change in fintra, fextra or fiso.
The bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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C.2 DIAMOND: Coherence of frac_csf and frac_ftot

C.2 DIAMOND: Coherence of frac_csf and frac_ftot
First, two metrics of the DIAMOND model are directly related: the fiber

fraction and the CSF fraction inside a voxel. This means that their sum always
equals 1 and therefore their evolution between T1 and T2 are supposed to be
complementary: frac_ftot(T1) + frac_csf(T1) = 1

frac_ftot(T2) + frac_csf(T2) = 1
⇒ frac_ftot(T2)−frac_ftot(T1) = −(frac_csf(T2)−frac_csf(T1)) (C.2)

Figure C.4: Compensation of the CSF and fiber volume fractions.

The Figures C.5 and C.6 were thus built in the following way: if the percentage of
change (T2−T1)/T1 of at least one of the two metrics is considered as significantly
changing during abstinence and if this change exceeds a threshold fixed at 8% for
this work, then both metric progressions (T2 − T1) ∗ 100 are plotted for this zone.
This is a way to visualise both metrics at the same time and validate or not the
consistency of the model.
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[DIAMOND] - Metrics difference (Coherence) - Cluster 1
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Figure C.5: Coherence of the DIAMOND model considering cluster 1 - summary
of all regions showing at least one significant change in frac_ftot or frac_csf.
The bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.

By having a first look at those figures, one can first observe that three areas
demonstrate a big inconsistency by having both fractions increasing (see Figure C.6:
cluster 2): the Cerebellum I-IV L, VI L, VIIb R. This is of course biologically not
possible and this introduces the first downside of the model. Then, it is important
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C.2 DIAMOND: Coherence of frac_csf and frac_ftot

to focus on the values displayed on the graph. Indeed, both fractions are supposed
to have identical absolute difference values and it is the case for a minority of
areas. The origin of this model imperfection comes from the outputs of the ElikoPy
pipeline. Indeed, if the three initial files frac_f0, frac_f1 and frac_csf are
summed up for one patient, the resulting map is not only composed of ones as
expected, but also from various values reaching 3 in some pixels, which is absolutely
not normal.
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[DIAMOND] - Metrics difference (Coherence) - Cluster 2
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Figure C.6: Coherence of the DIAMOND model considering cluster 2 - summary
of all regions showing at least one significant change in frac_ftot or frac_csf.
The bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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C.3 MF: Coherence of frac_csf and frac_ftot

C.3 MF: Coherence of frac_csf and frac_ftot
In the same way as the DIAMOND model, the changes in frac_fot and

frac_csf are supposed to be opposite for a specific patient and a specific region,
and thus also inside a cluster.

For this reason, a preliminary raw comparison of their evolution in the different
areas provides a first insight of the reliability of the model and the results. As
stated by equation C.2, the difference between T2 and T1 in a specific zone and
a designated patient are supposed to compensate each other, as also illustrated
in Figure C.4. This means that the global changes inside a cluster are expected
to behave similarly for an identical group of pixels. Therefore, if an evolution is
positive for a metric during abstinence, a decrease of opposite value is expected
for the other metrics. This can be seen in Figure C.7, in which both metrics are
displayed whenever a change in either metric has been identified as significant
between T1 and T2, in the case of cluster 1. All the regions present an increase
of frac_ftot and a complementary decrease of frac_csf, confirming the opposite
tendencies of both metrics and thus the coherence of the MF model. As a matter
of fact, the maximal difference between frac_csf and frac_ftot changes among
both clusters is 0.7% which fully confirms the consistency of the model. The
coherence corresponding to cluster 2 is depicted in Figure C.8.
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Figure C.7: Coherence of the MF model considering cluster 1 - summary of all
regions showing at least one significant change in frac_ftot or frac_csf. The
bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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C.3 MF: Coherence of frac_csf and frac_ftot
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Figure C.8: Coherence of the MF model considering cluster 2 - summary of all
regions showing at least one significant change in frac_ftot or frac_csf. The
bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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C.4 Coherence of FA, ODI and wFA

C.4 Coherence of FA, ODI and wFA
As some of the metrics analysed in the previous sections are either identical or

sometimes directly linked to metrics from another microstructural model, analysing
them together is a way to test the consistency of each model and to make sure that
the evolution of the metrics is coherent.

It is interesting to compare ODI, a metric coming from NODDI model, and
FA/w FA respectively coming from DTI and DIAMOND. As those metrics were
created on the basis of three different mathematical models built with different
theories, it is sometimes difficult to predict with certainty, the evolution that the
metrics should have with respect to each other. However, according to their defini-
tion, one could expect the FA and w FA to evolve in the same way (both increasing
or decreasing), whereas ODI represents an opposite concept and should thus have
an opposite tendency.

By looking at first at cluster 1, the evolution of the three metrics in the only
significant area, the Cerebellum X L, is coherent. Indeed, we observe an FA and
w FA increase while ODI is decreasing.

Similarly to the previous analyses, cluster 2 seems to have many more significant
zones compared to cluster 1 (see Figures C.9 and C.10). However, several regions
seem to show inconsistencies in the evolution of the three metrics. For 4 of them,
the three metrics are all increasing and In one other region, only ODI and w FA
are evolving together. This is not what it is expected at first sight but as the
microstructure of the brain can take many different configurations and as already
said the models are also very different, it could explain those results without
suggesting that one of the models is inconsistent.
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Figure C.9: Coherence of cluster 2 considering FA, ODI and w FA - part 1. The bars
represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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C.4 Coherence of FA, ODI and wFA
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Figure C.10: Coherence of cluster 2 considering FA, ODI and w FA - part 2. The
bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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C.5 Coherence of fiso (NODDI) and frac_csf (DIAMOND, MF)

C.5 Coherence of fiso (NODDI) and frac_csf (DIAMOND,
MF)

Another analysis is done on how the CSF evolves in the different models. The
metrics used to this aim are fiso coming from the NODDI model and frac_csf
extracted from the DIAMOND and the MF models, each representing the compart-
ment of free water molecules. These results are depicted in Figures C.11 to C.13.
These figures illustrate the evolution of the three metrics, in areas demonstrating
at least one metric with a significant increase or decrease.

First of all, it is expected that the three metrics do change in the same di-
rection (positive or negative) as they all represent the exact same concept. On
the one hand, when considering cluster 1, one can observe that all three metrics
are decreasing together and this, in all the significant areas displayed in Figure C.11.

On the other hand, looking more closely at what is happening in cluster 2 (see
Figures C.12 and C.13), it can be seen that only 4 areas seem to show inconsistent
behavior: the Cerebellum I-IV L, IX L and VIIb R, and Inferior Fronto-Occipital
Fasciculus R. In the first 3 case, these zones describe a significant trend only for 2 of
the three metrics: fiso and frac_csf (DIAMOND) increase while frac_csf (MF)
decreases. However, as it is the latter that does not show a significant evolution,
one can assume that the small changes it has, is in fact due to noise, inaccuracies
between two scans,... One can conclude that generally the microstructural models
are again consistent with each other.
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Figure C.11: Coherence of cluster 1 considering fiso, frac_csf (DIAMOND)
and frac_csf (MF). The bars represent the difference between T2 and T1 i.e.
(T2 − T1) ∗ 100.
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C.5 Coherence of fiso (NODDI) and frac_csf (DIAMOND, MF)
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[CSF] - Metrics difference (Coherence part1) - Cluster 2
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Figure C.12: Coherence of cluster 2 considering fiso, fraction_csf and frac_csf
- part 1. The bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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Figure C.13: Coherence of cluster 2 considering fiso, fraction_csf and frac_csf
- part 2. The bars represent the difference between T2 and T1 i.e. (T2 − T1) ∗ 100.
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