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ABSTRACT

Stroke is the leading cause of disability worldwide. Diffusion magnetic resonance imag-
ing (dMRI) is extensively used for performing the diagnosis and prognosis of stroke.
Diffusion weighted MRI models are used to accurately characterize the microstructural
alterations of brain tissues after stroke. This study aims at assessing the correlation
between the structural integrity evolution of white matter brain regions and motor out-
come in patients. To investigate these changes, analysis were performed on a set of
15 chronic stroke patients suffering from ischemic and hemorrhagic stroke, and divided
into two populations. A total of four MRI data acquisition sessions were conducted be-
tween which patient populations followed the HABIT-ILE intensive motor rehabilitation
method at different times. Diffusion parameters derived from several microstructural
models (DTI, NODDI, DIAMOND, MF) were obtained using the measured MRI scans.
The extraction of these diffusion parameters were used for the longitudinal assessment
of the microstructural changes in the corticospinal tract (CST), cerebellar peduncles
(CP), cortico-ponto cerebellar (CPC) pathway and superior longitudinal fasciculus I
(SLF I). The obtained results report contrasted tendencies between both populations
as the first population indicated loss of density in WM fibers, loss of myelin sheath
integrity and mixing results regarding axonal degeneration whereas the second popula-
tion showed signs of axonal regrowth, increased fiber density as well as improved myelin
sheath integrity. Both populations displayed the majority of their changes in brain WM
regions associated with primary motor functions but also showed some variations in sec-
ondary motor pathways. These findings reflect the potential but also the limitations of
the use of dMRI models in the framework of motor stroke recovery assessment.

Keywords: diffusion MRI (dMRI), Diffusion Tensor Imaging (DTI), cor-
ticospinal tract (CST), motor stroke, stroke recovery
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INTRODUCTION

Stroke is the second cause of death worldwide and a leading cause of long-term dis-
ability, with more than 1.5 million cases reported each year in Europe. Despite years
of research in this field, the understanding of the underlying neuronal mechanisms and
the development of optimal rehabilitative strategies still require major improvements
[1].

Diffusion Magnetic Resonance Imaging (dMRI) is used to analyze the diffusion of water
molecules in tissues and is extensively employed as a tool to identify stroke lesions as
well as the incurred white matter (WM) tract neurological damage. Indeed, following
stroke onset, injured WM tracts loose their integrity and dMRI techniques are used
to characterize and quantify the microstructural changes caused by these neurological
injuries. The use of powerful mathematical models such as Diffusion Tensor Imaging
(DTI) allow the measurement of the diffusion of waters molecules which, in turn pro-
vides information regarding the microstructural properties of the surrounding biological
tissues. In other words, Diffusion Weighted MRI (DW-MRI) models are used to extract
metrics characterizing the brain tissue microstructure which are then used as biomark-
ers to predict recovery after stroke [2].

As the vast majority of stroke patients are subject to motor impairment, the identifi-
cation of appropriate rehabilitation methods and the study of motor outcome recovery
is of the upmost importance in order to improve patients’ quality of life. To this end,
DW-MRI models such as DTI but also Neurite Orientation Dispersion and Density
Imaging (NODDI), DIstribution of 3D Anisotropic MicrOstructural eNvironments in
Diffusion-compartment imaging (DIAMOND) and Microstructure Fingerprinting (MF)
are used in the present work to characterize the microstructural evolution of patients’
key brain areas involved in motor functions.

More precisely, this study aims at investigating the microstructural changes occur-
ring in key WM motor areas such as the corticospinal tract (CST) in order to infer on
the efficacy of a specific rehabilitation treatment called Hand and Arm Bimanual In-
tensive Therapy Including Lower Extremities (HABIT-ILE). The theoretical concepts,
needed for a complete understanding of the dMRI techniques used, are first extensively
described in the first chapter of this Master’s thesis. The second chapter gives an
overview of already published studies in this field of research. This is then followed by
the description, discussion and interpretation of the methods used and the results ob-
tained in this study. Finally, an assessment of the limitations of this work is presented
and completed with the examination of further improvement perspectives.
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CHAPTER 1

THEORETICAL BACKGROUND

The first two chapters of this Master’s thesis cover the fundamental theoretical prin-
ciples and concepts required for a thorough understanding of the scientific methods
used in this work. This first chapter summarizes the concepts of nuclear magnetic res-
onance, magnetic resonance imaging, diffusion-weighted magnetic resonance imaging
and microstructural models.

1.1 Magnetic Resonance Imaging
Magnetic resonance imaging (MRI) is a modern microstructure imaging technique
used for estimating and mapping histological features of tissue in a non-invasive, non-
destructive, relatively fast and cheap manner [3]. MRI can thus be considered as a
more practical technique than classical histology and as a safer imaging technique com-
pared to computed tomography (CT) and positron emission tomography (PET) imaging
which requires the use of radioactive isotopes. Magnetic resonance imaging relies on
the nuclear magnetic resonance (NMR) principle which is based on the fundamental
magnetic properties of nuclei.

1.1.1 Basic magnetic properties

Every nucleus can be characterized by a total of four quantum numbers: the principal
quantum number (n), the orbital angular momentum quantum number (l), the mag-
netic quantum number (ml), and the electron spin quantum number (ms). The electron
spin quantum number (ms) can take specific discrete values depending on the mass num-
ber A and the atomic number Z of the atom. The three specific cases determining the
electron spin quantum number value are described as follows:

• In the case of an even mass number A and an even atomic number Z (e.g. 12C ,
16O): ms = 0

• In the case of an odd mass number A and an odd atomic number Z (e.g. 1H ,
13C , 15N ): ms = 1

2

• In the case of an even mass number A and an odd atomic number Z (e.g. 2H ,
10B , 14N ): ms = 1

Since nuclei are charged particles composed of protons and neutrons, a nucleus with
a spin is thus a charged particle rotating around its axis. The rotation of the nucleus
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induces an electric current and a magnetic field, characterized by a magnetic moment
µ⃗ aligned with the rotation axis of the nucleus denoted S⃗ (see Figure 1.1). Rotating
nuclei can therefore be assimilated to small magnets.

Figure 1.1: Magnetic moment of a rotating nucleus [4]

Magnetic resonance imaging mainly focuses on imaging using the magnetic properties
of hydrogen (1H ) atoms, which are abundant in the human body (approximately 2/3 of
the atoms of the human organism), in order to provide anatomical images. Indeed, the
hydrogen nucleus, formed by a single proton, has a large intrinsic magnetic momentum
allowing a sharp resonance phenomenon [5].

1.1.2 Macroscopic magnetization

Without the application of an external magnetic field, the orientations of the magnetic
moments of the nuclei are randomly distributed due to the random Brownian motion
of particles in biological tissues. The sum of all the magnetic moments resulting from
each spin (

∑
µ⃗), called net magnetization or macroscopic magnetization vector (M⃗) is

thus null in a large biological medium (M⃗ =
∑

µ⃗ = 0⃗). However, when an external
magnetic field (B0) is applied on a biological tissue, the orientations of the magnetic
moments of particles with a non-zero electron spin quantum number are discretized
according to 2ms + 1 possible orientations. The orientations of the magnetic moments
of the hydrogen nuclei (2ms + 1 = 2 ∗ 1

2
+ 1 = 2) present in the human body will thus

align with the external magnetic field (B0) and take two possible orientations: either
a parallel or anti-parallel orientation. The parallel and anti-parallel orientations are
often referred to as spin-up and spin-down orientations and are illustrated on Figure
1.2. The discretization of the orientations of the magnetic moments results in non-zero
net magnetization (M⃗ =

∑
µ⃗ ̸= 0⃗).

The application of the external magnetic field (B0) induces a torque, τ⃗ , onto the mag-
netic moment of the spinning particle:

τ⃗ = µ⃗× B⃗0. (1.1)

This torque (τ⃗) in turn induces a precession movement around the axis of the spinning

3
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Figure 1.2: Influence of the external magnetic field on net magnetization [4]

particle such as depicted on Figure 1.3 where the precession movement is compared to
the behavior of a spinning top under the influence of earth’s gravity.

Figure 1.3: Precession movement of a hydrogen nucleus [4]

This precession movement can further be characterized by its angular frequency of
rotation around the axis of the particle which is directly proportional to the applied
external magnetic field, and called the Larmor frequency:

ν0 =
γ

2π
B0, (1.2)

where γ is the gyromagnetic ratio in MHzT−1 specific to each nuclei ( γ
2π

= 42, 58
MHzT−1 for 1H ) [4, 5, 6].

Regarding the macroscopic magnetization, the alignment of the individual magnetic
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moments under the influence of the external magnetic field leads to a non-zero net
magnetization,

M⃗ =
1

V

∑
µ⃗i, (1.3)

where V is the volume of the ensemble of spins and µ⃗i is the magnetic moment vector
of an individual nucleus in V . Moreover, the two spin orientations described in the
first paragraph of this section and called spin up or down, correspond to two different
energy states: E↑ for spin up and which corresponds to the lower energy state, and E↓
for spin down and which corresponds to the higher energy state [4, 5, 6]. The difference
between the energies of the two states can be calculated as:

∆E = E↓ − E↑ = h
γ

2π
B0 = ℏω0, (1.4)

where h is Planck’s constant (h = 6, 6 · 10−34 Js. Formula 1.4 shows that the energy
difference is proportional to the Larmor frequency (ν0) and that the two energy states
have a different occupation rate. The state occupancy ratio can be expressed in thermal
equilibrium conditions using Boltzmann distribution:

N↑

N↓
= exp(

δE

kT
) = exp(

hω0

kT
), (1.5)

where T is the absolute temperature in K and k is Boltzman’s constant (k = 1, 38·10−23

JK−1). Formula 1.5 indicates that the lower energy state (E↓) is more populated than
the higher energy state (E↑). As an illustrative example, for a 0.5 T external magnetic
field at body temperature, this distribution difference is around 2 protons per million [4].
The net macroscopic magnetization is therefore non-zero and leads to an equilibrium
magnetization denoted M0:

M0 =
( γ
2π
)2h2ρB0ms(ms + 1)

3kT
, (1.6)

where ρ is the spin density (number of spins per unit volume) [5].

1.1.3 Radiofrequency pulse

The equilibrium macroscopic magnetization expressed in Eq. 1.6 is directly propor-
tional to the spin density and to the square of the gyromagnetic ratio of the particle.
Since both of these quantities are large for hydrogen (1H ) atoms, it yields a large equi-
librium macroscopic magnetization.

However, the resulting macroscopic magnetization (M⃗0) is oriented in the direction
of the external magnetic field (B⃗0) and the magnetization is infinitely small compared
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to the applied external magnetic field. Moreover, the individual spins precess around
B0 at the Larmor frequency (ν0) with randomly distributed phases making it impossible
to directly measure M⃗0. In order to create a magnetization in a different direction than
B⃗0, a time-varying radiofrequency pulse, called RF-pulse, oscillating at the Larmor
frequency of the nuclei (fRF = ν0), and thus oscillating on resonance with the nuclei,
can produce a linearly polarized magnetic field with a fixed orientation [5]. In the case
that the external magnetic field (B⃗0) is oriented along the Oz axis in an orthonormal
plane, the magnetic field created by the RF-pulse will be oriented in the (x,y)-plane in
order to be perpendicular to B0. The expression of the magnetic field associated to the
RF-pulse is:

B⃗1(t) = 2B1(t) cos (2πfRF t+ ϕ)⃗1xy. (1.7)

The representation of the effects of the RF-pulse can be visualized in the fixed laboratory
frame (x,y,z ) as depicted in (a) on Figure 1.4 or, for more convenience, in the rotating
frame (x’,y’,z’=z ) that is rotating around the Oz axis with angular velocity ω0 = 2πν0
as depicted in (b) on Figure 1.4.

Figure 1.4: Precession movement in (a) the laboratory frame and in (b) the rotating frame
[4]

The application of the RF-pulse results in the tilting of the magnetization over an angle
(α) defined as the flip angle:

α = γ

∫
TRF

B1(t) dt, (1.8)

where TRF is the duration of the pulse. The most common RF-pulses are the pulses for
which the duration time is adjusted such that α = 90° and α = 180° yielding 90°-pulses
and 180°-pulses respectively. Since the magnetization M⃗ is tilted away from the Oz axis,
a new component in the (x,y)-plane noted Mxy appears [4, 5, 6]. The magnetization
can then be expressed as follows:

6
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M⃗ = Mz1⃗z +Mxy1⃗xy, (1.9)

where Mz is called longitudinal magnetization and Mxy transverse magnetization. For
better understanding, a closer look can be taken at the effect of a typical 90°-pulse and
180°-pulse as represented in Figure 1.5.

Figure 1.5: (a) resting state, (b) 90°-pulse and (c) 180°-pulse, adapted from [4]

The new states generated by the RF-pulses visible on Figure 1.5 are unstable implying
a de-excitation phase in order to return to the resting state. This de-excitation phase
is described by two phenomena referred to as relaxation mechanisms.

1.1.4 Relaxation types

Following the application of the RF-pulse, the system returns to equilibrium following
two distinct relaxation mechanisms allowing the observation of the Nuclear Magnetic
Resonance (NMR) phenomenon [4, 5, 6].

T1-relaxation
The first relaxation process is called the spin-lattice relaxation or longitudinal relax-
ation and is usually referred to as T1-relaxation. During this relaxation process, energy
exchanges between the spins of the system and the external environment lead to the re-
covery of the net magnetization (Mz(t)) to its original value M0. This recovery process
is mathematically described by the formula:

Mz(t) = M0(1− exp
−t

T1

) +Mz(0) exp
−t

T1

, (1.10)

where T1 is the characteristic time representing the time needed to recover 63% of the
longitudinal magnetization Mz such as depicted in Figure 1.6. The T1 characteristic
times are usually comprised between 500 and 1000 ms in biological tissues for a 1.5 T
external magnetic field [7].

In Equation 1.10, we can observe that the longitudinal magnetization (Mz(t)) exponen-
tially returns to its original value. Physically, this relaxation process is caused by the
transition of the spins from the high energy state E↓ to the low energy state E↑, as pre-
viously explained using Figure 1.5. The energy released from the transitions between
the two energy states is then transferred to the external environment (spin-network
relaxation). The efficiency of this energy transfer varies from one external environment

7
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Figure 1.6: Exponential recovery of the net magnetization against T1 relaxation time,
adapted from [4]

to another which leads to different relaxation times (T1) for different biological media
according to the molecular collision frequency in the medium (νc) as depicted in Figure
1.7.

Figure 1.7: Spin-network relaxation for different biological media, adapted from [4]

More precisely and, as indicated on Figure 1.7, the characteristic time T1 will be short
when the molecular collision frequency (νc) is similar to the Larmor frequency (ν0) of
the spins. On the other hand, T1 will be long for dissimilar molecular collision frequency

8
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(νc) and Larmor frequency (ν0) of the spins [4, 5, 6].

T2-relaxation
The second relaxation process is called the spin-spin relaxaion or transverse relaxation
and is usually referred to as T2-relaxation. During this second relaxation process, in-
teractions between the spins of the system lead to a loss in coherence of the spin phases
due to the fact that each proton does not have the exact same precession frequency since
they occupy a slightly different biological medium. This second relaxation mechanism
does not involve energy exchanges contrary to the T1-relaxation mechanism. The recov-
ery of the transverse magnetization (Mxy(t)) is expressed in terms of the characteristic
time T2:

Mxy(t) = Mxy(0) exp
−t

T2

, (1.11)

where T2 is the characteristic time representing the time needed to loose 63% of the
transverse magnetization Mxy such as depicted in Fig.1.8. The T2 characteristic times
are usually comprised between 50 and 100 ms in biological tissues for a 1.5 T external
magnetic field [7].

Figure 1.8: Exponential recovery of the net magnetization against T2 relaxation time,
adapted from [4]

In practice, however, the spin-spin relaxation process occurs faster than expressed in the
mathematical formula 1.11 as the external magnetic field (B0) is not perfectly homo-
geneous. Indeed, besides the spin-spin interactions, fluctuations and inhomogeneities
in the external magnetic field, due to internal limitations of the magnets used, also
influence the loss in coherence of the spins phases [4, 5, 8]. In order to take these effects
into account, a third characteristic relaxation time noted T ∗

2 must be introduced. T ∗
2 is

called the effective relaxation time and can be expressed as follows:

1

T ∗
2

=
1

T2

+ γ∆B0. (1.12)
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1.1.5 Free Induction Decay

The oscillating evolution of the transverse magnetization induces a signal called the
Free Induction Decay (FID) signal. Since Faraday’s law of electromagnetism states
that a changing magnetic flux through a closed loop induces an electromotive force
(ϵ) over the ends of the loop, the FID signal can be measured using a coil placed
in the transverse plane [4, 9]. The coil transforms the FID signal into a measurable
electronic signal shaped as an exponentially damped sinusoidal signal with an envelope
decreasing exponentially according to the T ∗

2 characteristic time constant. The coil
actually measures the decay in transverse magnetization M⃗xy such as depicted on Figure
1.9.

Figure 1.9: Dephasing of the transverse magnetization and measurement of the FID, adapted
from [4]

1.1.6 Spin-echo sequence

Since the FID signal is rapidly decreasing due to the T ∗
2 -relaxation, it is not actually

measured in magnetic resonance imaging. Instead, a pulse sequence consisting of two
RF-pulses of 90°and 180°respectively, and called spin-echo sequence, is commonly used
to circumvent the inhomogeneities of the external magnetic field. In more details, this
sequence follows the time sequence described in Figure 1.10. At time t = 0, the 90°-pulse
is applied and converts the longitudinal magnetization into transverse magnetization.
The dephasing of the spin isochromats1 induced by the magnetic field inhomogeneities
is countered by the application of the 180°-pulse at time t = τ which results in the
refocusing of the spin isochromats at time t = 2τ . This specific time is also called
Spin Echo (SE) time and thus represents the time at which the echo is observed and
measured. The spin echo sequence is characterized by two main parameters: the Echo
Time (TE) which is defined as the time between the 90°-pulse and the first echo, and the
Repetition Time (TR) which is defined as the time between two succeeding 90°-pulses
[4, 5].

1"The magnetization from a group of spins in an infinitesimally small volume element in which the
magnetic field can be considered homogeneous is denoted spin isochromat." [5]
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Figure 1.10: Spin echo sequence, adapted from [4]

Spin-Echo pulse sequences are one of the earliest developed sequence in Magnetic Res-
onance Imaging and are still abundantly used today. The adjustment of the two main
time parameters TE and TR is performed to obtain contrasted medical images such as
T1-weighted images, T2-weighted images and proton density images [10].

1.1.7 Magnetic Resonance Imaging contrast

Contrast in MRI is used to highlight differences in relaxation times as well as in pro-
ton density. Through the fine tuning of the MRI sequence parameters, it is possible
to obtain T1, T2 and proton density contrasts allowing for weighted visualizations of
the main components of the brain such as white matter (WM), grey matter (GM) and
cerebrospinal fluid (CSF).

T1 contrast
T1-weighted imaging relies on the longitudinal relaxation of a tissue’s net magnetiza-
tion and is characterized by a short TR (400 to 600 ms), to promote T1 contrast, and
by a short TE (15 ms), to minimize T2 contrast (see Figure 1.11). More precisely, body
fat quickly realigns its longitudinal magnetization with the external magnetic field B0

whereas water has much slower longitudinal magnetization realignment resulting in a
high signal (bright on image) and a low signal (dark on image) respectively. The key
parameter is thus TR as selecting a TR shorter than a specific tissue’s recovery time
allows for the differentiation of the different types of biological tissues [4, 11]. The
obtained contrasted image is thus generally used to distinguish the WM from the GM
as the WM is represented in white or light grey, the GM in grey and the CSF in black.

T2 contrast
T2-weighted imaging, on the other hand, relies on the transverse relaxation of the net
magnetization and is characterized by a long TR (2000 ms), to minimize T1 contrast,
and by a long TE (120 ms), to promote T2 contrast (see Figure 1.12). Physically, T2
weighting is based on the fact that spins are decaying from their aligned precession
after the RF pulse application. The T2-weighted images display the WM in black or
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Figure 1.11: T1 contrast principle, adapted from [4]

dark grey, the GM in grey and the CSF in white [4, 12].

Figure 1.12: T2 contrast principle, adapted from [4]

Proton density contrast
Proton density weighting in images is related to the number of nuclei in the area being
imaged and this contrast is obtained by using a long TR (> 2000 ms), to minimize T1
contrast, and a short TE (20 ms), to minimize T2 contrast (see Figure 1.13). A higher
proton density will appear brighter on the image and the proton density images display
the WM in grey, the GM in light grey and the CSF in dark grey [4, 13].

Table 1.1 summarizes the comparison between T1-weighted, T2-weighted and proton
density weighted images.

1.1.8 Magnetic Resonance Imaging acquisition

The first step in the magnetic resonance imaging acquisition process is the addition of
spatial information about the signal received through the selective excitation of spins
in a well-defined slice. The spatial encoding of the signal relies on two essential notions:
the use of magnetic field gradients to encode the three spatial directions of the signal
and the application of the Fourier transform to obtain the resulting images.
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Figure 1.13: T2 contrast principle - tissues A & B have the same proton density whereas
tissue C has a greater proton density resulting in different signals, adapted from [4]

Tissue T1-weighted T2-weighted Proton density
CSF Dark Bright Dark
WM Light Dark grey Dark grey
GM Grey Light grey Light grey
Fat (within bone marrow) Bright Light Light
Inflammation (infection, demyelination) Dark Bright Bright

Table 1.1: Comparison between T1-weighted, T2-weighted and proton density weighted
images, adapted from [14]

The first magnetic gradient applied is a linear magnetic gradient used to select a slice of
interest, perpendicular to the direction of application of the gradient, in the anatomical
body and is called the slice-select gradient, noted Gss. Since the slice-select gradient
is applied in the same direction as the external magnetic field B0 (along Oz), the Lar-
mor frequency (precession frequency) of spins will vary linearly along the direction of
propagation of the gradient (see Formula 1.13) as the Gss superimposes with B0 :

f(z) =
γ

2π
(B0 +Gssz), (1.13)

Therefore, the application of a RF-pulse with a specific bandwidth (∆f) results in the
excitation of spins located only in the slice of interest [4, 5].

In the case of a spin-echo sequence, the chronology of the selective RF-pulses and of
the magnetic field gradients can already be summarized as illustrated on Figure 1.14.
The first 90°-pulse is applied simultaneously with the slice-select gradient Gss such that
the spins in the selected slice all precess at the same frequency. The same slice-select
gradient Gss must also be applied at the same time as the 180°-pulse in order to refo-
cus all of the excited spins. However, as the slice-select gradient is a linear gradient,
protons in the center of the selected slice will be perfectly in phase whereas protons
on the extremities of the slice will undergo a slight dephasing due to Gss. In order to
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compensate this slight phase shift, a second gradient of inverse polarity lasting for half
of the first positive lobe duration must be applied (+2/-1 ratio gradient).

Figure 1.14: Bipolar slice-select gradient principle, adapted from [4]

After the protons contained in the slice of interest have been excited, spatial information
has to be encoded in the measured signal in order to localize the spins. In order to
proceed with the spatial encoding of the signal, a second magnetic gradient called the
phase encoding gradient and noted GΦ must be applied. This second gradient is applied
perpendicularly to the slice-select gradient Gss and influences linearly the precession
frequency of protons perpendicular to the direction of propagation of GΦ (along Oy):

Φ(y) = −γGyyTy, (1.14)
where Ty is the duration of application of the phase encoding gradient influencing the
degree of defocusing of the protons [4] [5].

Finally, a third magnetic gradient is applied along the last spatial direction (Ox) and is
referred to as the frequency encoding gradient, noted Gω. This last magnetic gradient
influences the precession frequency of protons perpendicular to its direction and, in
order to observe this phase shift in the measured signal, the phase encoding gradient
must be applied exactly when the signal is collected. This is the reason why Gω is often
referred to as the readout gradient.
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To summarize, the slice-select gradient Gss is used to isolate the anatomical volume of
interest then, the phase encoding gradient GΦ and the frequency encoding gradient Gω

encode the vertical and horizontal spatial positions of each point in the slice, respec-
tively.

Each amplitude of the phase encoding gradient GΦ allows the measurement of a line in
the Fourier space, also called k-space, which contains the raw frequency information of
the MR signal measured. It is thus necessary to repeat this cycle for multiple values of
GΦ in order to completely fill the k-space (see Figure 1.15). The different values taken
by GΦ are comprised between a positive maximum value and a negative minimum value
(bipolar gradient) and each value changes for every new cycle by a constant step [4, 5].

Figure 1.15: Complete chronology of RF-pulses and gradient applications for a spin-echo
sequence, adapted from [4]

1.1.9 Magnetic Resonance Imaging artifacts

Magnetic Resonance images can be altered by different type of artifacts which can
significantly impact the MRI exam and affect the diagnostic quality. Examining the
general feature of an artifact in order to identify the type of the artifact allows one to
understand its origin and its effect on the medical images. More precisely, MRI arti-
facts can be classified into five distinct groups based on their general features [14, 15, 16].

Patient and physiologic motion artifacts
As the duration of MRI acquisition sequences varies between a few minutes up to over
an hour, it becomes impossible to completely restrain patients’ motion. The move-
ment of body tissues and fluids during the acquisition time result in motion artifacts.
Depending on the motion type, motion artifacts will have different effect on the MR
image. Periodic motion such as swallowing, breathing, cardiac movement, blood flow,
CSF pulsation or peristalsis result in well defined ghost artifacts (faint copies of the
image superimposed on the image) whereas random motion such as physical movement
of a patient produce a smear in the phase direction (see Figure 1.16 A). Motion artifacts
can be reduced by cardiac or respiratory gating, saturation bands, patient immobiliza-
tion or through the use of fast MRI techniques such as echo-planar imaging (EPI) [16,
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17, 18, 19].

Tissue heterogeneity and foreign bodies artifacts
Tissue heterogeneity results in chemical shift artifacts at the interface between tissues
with different composition and thus different chemical properties, such as water and
fat. As the chemical composition of water and fat differ from one another, these tissues
will have different resonance frequencies resulting in spatial misregistration of fat and
water molecules in the slice select direction. Chemical shift artifacts appear as dark
or bright bands on borders of structures with different chemical compositions (see Fig-
ure 1.16 B) and their effect can be reduced by increasing the bandwidth, using a low
field strength scanner or using fat suppressed imaging [16, 19, 20]. The proximity of
foreign bodies during the MRI acquisition sequence may generate magnetic field inho-
mogeneities which, in turn, impact the local signal. These distortion artifacts, called
magnetic susceptibility artifacts, are usually generated by the proximity of compounds,
such as metallic hardware or dental work, containing ferromagnetic materials (strong
artifacts) or paramagnetic and diamagnetic materials (weak artifacts). Magnetic sus-
ceptibility artifacts appear as darkening in a portion of the image (see Figure 1.16 C),
which indicates a signal dropout, and can be alleviated by removing the metallic com-
pound from the scan and by using short echo time (TE) imaging sequences [19, 21].

Fourier transform and Nyquist sampling theorem artifacts
Artifacts can arise through the use of the inverse Fourier transform to convert the k-
space map into the MR image. Mathematically, the Fourier transform at high-contrast
boundaries requires a nearly infinite number of frequencies to be constructed. However,
as the reconstruction from k-space is performed through a finite sampling, only a finite
number of frequencies can be sampled causing an oscillation in the reconstructed image.
The Fourier series is said to be truncated, hence the name truncation artifact. These
artifacts are known as Gibbs artifacts, also called truncation artifact or ringing artifact,
and appear as series of fine parallel lines ("ringing") adjacent to a high-contrast interface
such as the CSF-spinal cord and the skull-brain interface (see Figure 1.16 D). Increas-
ing the matrix size and performing k-space post-processing, such as the application of
smoothing filters, can reduce Gibbs artifacts [16, 19, 22]. Aliasing, or wrap-around,
artifacts are often visible on MR images and arise when field-of-view (FOV) is smaller
than the body part being imaged. Visually, the part of the body outside of the FOV is
superimposed, or wrapped around, on the opposite side of the image (see Figure 1.16
E). Aliasing artifacts can be removed by enlarging the FOV or by using an anti-aliasing
software [16, 19, 23].

MRI hardware and software artifacts
The complex hardware and software constituting the MR scanner also cause a number
of artifacts such as Moiré fringes, Zipper artifacts or aliasing. Moiré fringes appear
as repeated interference pattern of irregular bright and dark bands (see Figure 1.16)
and are due to the imperfect homogeneity of the main magnetic field from one side
of the body to the other. These fringes can also be created through the constructive
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and destructive interference of signals arising from different sides of the body [19, 24].
Zipper artifacts appear when a spurious RF signal contaminates the signal picked up
by the receiver, and can be seen as interfering bands of electronic noise on the image
(see Figure 1.16) [19, 25].

Figure 1.16: MRI artifacts: (A) Motion artifact; (B) Chemical shift artifact; (C) Magnetic
susceptibility artifact; (D) Gibbs artifact; (E) Aliasing artifact; (F) Moiré fringes; (G) Zipper
artifacts, adapted from [19]
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1.2 Diffusion Weighted Magnetic Resonance Imaging
Diffusion-weighted Imaging (DWI) is a form of MR imaging relying on the quantifica-
tion of water molecule movements, based on differences in the magnitude of diffusion of
these water molecules within a voxel of tissue. The random thermal diffusion of water
molecules in a free environment follows the principles of Brownian motion, which is
described as isotropic. Within the brain, however, the diffusion of water molecules is
influenced by a number of factors, such as the temperature or the microenvironmental
architecture. The diffusion of water molecules within the brain can be described by two
types of movement (represented on Figure 1.17): free or isotropic diffusion, observable
in the CSF, and restricted or anisotropic diffusion, observable along brain WM tracts.
Through the use of the appropriate diffusion sensitive MR sequences, the different rates
in water molecules diffusion can be measured and further interpreted into image con-
trast. The images obtained by DW-MRI thus carry information about the organization
and microscopic architecture of the tissues surrounding the water molecules and are
often used for early identification of ischemic stroke and differentiation of acute from
chronic stroke [6, 26, 27].

Figure 1.17: Water molecular motion types, adapted from [28]

1.2.1 Pulse Gradient Spin Echo

In order to extract spatial information about water molecules diffusion and generate
qualitative diffusion maps, specific sequences must be used. The most popular sequence
is, by far, a sequence based on the SE sequence (see section 1.1.6), called the Pulse Gra-
dient Spin-Echo (PGSE) sequence composed of two large and equal diffusion gradients,
placed on either side of the 180°-pulse, as visible on Figure 1.18 [27] [28].

As shown on Figure 1.18, a first diffusion gradient is applied after the 90°-pulse causing
a phase shift in molecules which is then, in theory, canceled out by a second gradient,
applied after the 180°-pulse refocusing pulse. In practice, this is effectively the case only
for non-moving stationary protons. Indeed, moving spins are not perfectly refocused
by the 180°-pulse resulting in an effective phase shift causing an attenuation of the
measured signal. The influence of the motion of protons on the phase shift experienced
is illustrated on Figure 1.19.
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Figure 1.18: PGSE sequence diagram, adapted from [28]

Figure 1.19: Effects of molecular motion on phase shift with a pair of gradients. Large black
arrows represent the strength of the magnetic field; small black arrows indicate phases of
individual protons; proton motion in between gradient application is represented by colored
boxes, adapted from [29]

The diffusion motion of water molecules in the brain thus results in the contrast of
the MR signal, which can be tuned by varying the time between the onset of the two
gradients, the duration and the intensity of the applied gradients. These parameters
characterize the PGSE sequence and are defined by the degree of weighting or b-value
(s/mm2) defined as:

b = (γGδ)2(∆− δ

3
), (1.15)

where γ is the gyromagnetic ration, G the gradient intensity, δ the gradient duration
and ∆ the time between the onset of the two gradients [27, 28]. The DW-MR images
are obtained using b-values ranging from 0, without diffusion weighting, up to 5000
s/mm2 achieving high contrast. As explained here above, watery tissues that have very
mobile molecules, experiencing free diffusion, give a lower signal intensity whilst more
solid and static tissues, experiencing restricted diffusion, give a stronger signal. The
signal strength is described by the Stejskal-Tanner equation:
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S(b) = S(0)exp(−bD), (1.16)

where S(b) is the signal for b-value b and D is the self-diffusion constant of the tissue
[28].

In MRI, DWI maps often display the apparent diffusion coefficient (ADC) which shows
the diffusion rate in each voxel for a specific b-value. This coefficient can be calculated
from two DWI maps: a first map obtained using a null b-value, for which no diffu-
sion weighting is applied, and a second map obtained using a b-value b. The ADC
(mm2/s) is an absolute quantitative measurement of water motion and is expressed by
the following formula:

ADC = − log(
S(b)

S(0)
)/b, (1.17)

where S(b) is the signal for b-value b and S(0) is the signal for a null b-value [28].
Physically, areas of the brain with free diffusion (e.g. CSF) will have a high ADC value
and thus appear bright on the ADC maps. Conversely, areas of the brain with restricted
diffusion (e.g. GM and WM) appear dark on the ADC maps [26, 27].

1.2.2 Diffusion Tensor Imaging

The diffusion motion of molecules is, however, a three-dimensional phenomenon de-
pendent on the microstructural architecture and physiologic factors of the brain. The
scalar ADC coefficient, introduced here above, does not take the directionnality of the
diffusion into account and it is necessary to introduce a mathematical construct, known
as the diffusion tensor. The imaging technique based on the use of a diffusion tensor
is called Diffusion Tensor Imaging (DTI) and uses anisotropic diffusion to characterize
the organization of the brain tissues [6, 27, 30]. The diffusion tensor is composed of
nine values, each corresponding to a gradient and cell orientation, and is expressed as
follows:

D =

Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

 , (1.18)

where the first set of subscripts (x,y,z) refers the cell orientation and the second set to
the gradient orientation. In practice, there is a degree of redundancy and D is sym-
metric (Dxy = Dyx; Dxz = Dzx; Dyz = Dzy) implying that, in order to be completely
determined, diffusion data must be measured in a minimum of six noncollinear orienta-
tions. To obtain a DTI metric map for an anisotropic tissue, the tensor components as
well as a null b-value image (baseline reference image) are required. Once these mea-
surements are obtained, it becomes possible to characterize the diffusion of molecules
and thus to infer on the properties of brain tissues. Indeed, a tensor is a mathematical
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tool representing an ellipsoid and, its three eigenvalues λ1, λ2 and λ3 and three eigen-
vectors ν1, ν2 and ν3 represent the magnitude and directions of the three major planes
of the diffusion ellipsoid (see Figure 1.20), respectively [6, 27].

Figure 1.20: (A) Isotropic diffusion; (B) restricted diffusion with tensor eigenvalues; (C)
restricted diffusion with tensor eigenvectors, adapted from [6]

The relationship between D and its eigenvalues and eigenvectors can be expressed as
follows:

D = Q ·Λ ·Q−1, (1.19)

where Λ is the diagonal eigenvalue matrix and Q is the eigenvector matrix

Q =

q1x q2x q3x
q1y q2y q3y
q1z q2z q3z

 ,Λ =

λ1 0 0
0 λ2 0
0 0 λ3

 . (1.20)

As the DTI tensor is computed, diffusion maps containing indications about the magni-
tude and dominant direction of the diffusion process can be extracted. Various metrics,
detailed in the next sections, can then be computed in order to infer on the microstruc-
ture of brain tissue. The process of following the dominant direction of diffusion voxel
by voxel is known as tractography and will be reviewed in a further section.

Mean Diffusivity (MD)
The trace of the DTI tensor D is used as an indicator of the overall mean motion of
molecules in a given voxel and is computed as follows:

Tr(D) = Dxx +Dyy +Dzz = λ1 + λ2 + λ3. (1.21)

The mean diffusivity (MD) can then be computed as the mean of the trace and can be
interpreted as an inverse measure of the membrane density:

MD =
Tr(D)

3
=

λ1 + λ2 + λ3

3
. (1.22)
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The MD value will be similarly low for GM and WM and will display higher values in
the CSF as molecules undergo less restricted diffusion. MD is sensitive to cellularity,
edema, and necrosis and a MD map is displayed on Figure 1.21 [31, 32].

Axial Diffusivity (AD)
Axial diffusivity (AD) is computed along the direction of maximal diffusion, which
corresponds to the first eigenvector (ν1) associated to the first eigenvalue (λ1), and is
equal to the latter:

AD = λ1. (1.23)

AD tends to be variable in WM changes and pathology, and is used to infer on axonal
integrity as AD decreases in axonal injury [31, 32]. An AD map is shown on Figure
1.21.

Radial Diffusivity (RD)
In order to determine the radial diffusivity (RD), the second (λ2) and third (λ3) eigen-
values are used, and it represents the diffusivity perpendicular to the principal direction
of diffusion:

RD =
λ2 + λ3

2
. (1.24)

RD is used to represent myelination integrity as RD increases in WM after de-myelination
[31, 32]. A RD map is shown on Figure 1.21.

Fractional Anisotropy (FA)
This last metric is the most commonly used metric to measure the degree of anisotropy
in a voxel. Fractional anisotropy (FA) quantifies the ratio between the magnitude of
the anisotropic component of the DTI tensor D and the magnitude of D. FA values
vary between 0 and 1 and serves as a rotationally invariant scalar that quantifies the
shape of D. FA can be calculated in each voxel:

FA =

√
3

2

√
(λ1 −MD)2 + (λ2 −MD)2 + (λ3 −MD)2

λ2
1 + λ2

2 + λ2
3

. (1.25)

A FA value of 0 corresponds to the case when the tensor is completely isotropic and
the diffusion tensor is represented as a sphere. On the other hand, a FA value of 1
represents maximal anisotropic diffusion as diffusion is bound to a single axis and the
diffusion tensor is illustrated as an ellipsoid (see Figure 1.20). A FA map (visible on
Figure 1.21) is obtained as the FA values are calculated in every voxel. On these maps,
areas with a high degree of anisotropic diffusion are bright whereas areas with low
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anisotropic diffusion appear dark [27, 28, 31]. The FA metric is used as an indicator of
the microstructural integrity in the brain (high FA values indicate high WM integrity)
but it is not specific to the type of microstructural change [32]. In the literature,
FA maps are often displayed as RGB FA maps, visible on Figure 1.21, in which each
color is used to represent one of the three principal direction of diffusion (eigenvalues
of the diffusion tensor: λ1, λ2, λ3) (Red: left-right; Green: anterior-posterior; Blue:
superior-inferior), useful for a quick overview of the FA values.

Figure 1.21: Diffusion Tensor Imaging metrics maps: Mean Diffusivity (MD); Axial Diffusiv-
ity (MD); Radial Diffusivity (RD); Fractional Anisotropy (FA), Red-Green-Blue Fractional
Anisotropy

Advantages and Limitations
Diffusion tensor imaging allows the extraction of relevant rotationally invariant metrics
yielding information about the integrity of the brain microstructure in a non-invasive
way. As stated before, DTI can also be used to isolate WM bundles through a process
called tractography and is extensively used for clinical studies and as an aid for diag-
nosis. Despite these advantages, DTI presents some important limitations requiring a
cautious interpretation of its metrics. The major limitation of this diffusion model relies
in its assumption. Indeed, DTI is based on the assumption that the diffusion of water
molecules follows a Gaussian distribution implying that only a single-fiber population
can be modeled at each voxel. In other words, the impact of multiple crossing fiber
populations is not taken into account by this model. In these voxels, the Gaussian
distribution assumption does not hold and the resulting DTI metrics value may lead
to misinterpretations of the actual anatomical microstructure. For example, a voxel
containing two organized but crossing fiber populations will result in a low FA value on
the FA map which could be wrongly interpreted by the user. Multiple complex fiber
population organizations can present the same DTI metric value (i.e. a reduction in
FA may be caused by a reduction in neurite density or an increase in the dispersion of
neurite orientation distribution [33]) indicating that these metrics should be carefully
interpreted. Therefore, it is necessary to go beyond DTI through the use of higher order
microstructural models giving more precise information about the brain microstructure
[31, 34].
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1.2.3 Tractography

As mentioned here above, white matter tracts bundles can be determined using the
direction and magnitude of the water diffusion in each voxel. Fiber tractography is a
three dimensional reconstruction technique allowing the identification of the trajectories
of white matter tracts. This technique relies on powerful mathematical algorithms and
on the idea that if the local principal direction of anisotropic diffusion (represented
by the direction of the principal eigenvector) in a voxel is known, integrating along
these principal direction allows the reconstruction of the whole white matter tract [27].
Figure 1.22 shows the visually intuitive 3D RGB (same color code as FA RGB maps)
images, showing the course of brain white matter pathways in th brain, obtained using
tractography [27, 30].

Figure 1.22: Whole-brain tractogram obtained from DTI metrics, adapted from [31]

Concretely, deterministic and probabilistic algorithms can be used to perform local fiber
tracking starting from a seed location and following the preferred diffusion direction
until a target is reached. Deterministic models (e.g. Fiber Assignment by Continuous
Tracking (FACT) model) are more basic as they follow the direction with the highest
probability from a distribution within each voxel, and may lead to erroneous results
as they are sensitive to noise. In contrast, probabilistic models (e.g. Constrained
Spherical Deconvolution - Fiber Orientation Distribution (CSD-FOD) model) follow,
in each voxel, a direction of propagation taken at random from a distribution based on
the diffusion data in the voxel. Probabilistic models are more robust as they are able
to better deal with noise. Figure 1.23 illustrates the difference between these two types
of models through a basic tracking example.

1.3 Microstructural models
The limitations of DW-MRI and DTI make the interpretation of their metrics not
straightforward and it is thus required to use more advanced models enabling the re-
construction of higher-order information. These advanced models are referred to as
microstructural models relying on biophysical assumptions about the microstructure
of white matter tissue and based on the partition of voxels into multi-compartment
models [34].
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Figure 1.23: Basic example showing the difference between deterministic and probabilistic
tracking models, adapted from [35]

1.3.1 NODDI

The Neurite Orientation Dispersion and Density Imaging (NODDI) model is a multi-
compartment model using diffusion MRI to infer on the microstructural complexity of
dendrites and axons of the brain. This advanced model proposed by Zhang et al. [33] is
used to perform in vivo neurite (axons and dendrites) orientation dispersion and density
imaging allowing to capture the main features of neurite morphology. High-order infor-
mation about neurite morphology can further be used to infer on the brain functions in
normal and pathological populations as it carries information about brain development
and aging [33].

The NODDI model is based on the separation of three distinct tissue compartments:
intracellular (intraneurite) water, extracellular (extraneurite) water and cerebrospinal
fluid (CSF) compartments. As each of these three compartments present different dif-
fusion motion properties, they each give rise to a particular MR signal and the total
normalized signal can be expressed as follows:

A = (1− νiso)(νicAic + (1− νic)Aec) + νisoAiso, (1.26)

where Aic; Aec; Aiso and νic; νec; νiso are the normalized signal and volume fraction of
the intracellular; extracellular; and CSF compartments respectively [33].

Intracellular model
The intracellular or intraneurite compartment refers to the space in between the mem-
brane of neurites and is modeled as a set of sticks representing cylinders of zero ra-
dius. Modeling using this set of sticks allows the representation of the diffusion pattern
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followed by water molecules near neurites which is highly restricted perpendicular to
neurites and unrestrained parallel to neurites. It then becomes possible to model highly
oriented (as in WM) to bending or sprawling neurite bundles (as in GM) through orien-
tation distribution of the set of sticks. Mathematically, the normalized signal generated
by the intraneurite compartment is expressed as follows:

Aic =

∫
S2
f(n) exp(−bd∥(q · n)2)dn, (1.27)

where q is the gradient direction, b is the DW b-value, f(n) is the sticks orientation
distribution function, exp(−bd∥(q · n)2) gives the signal attenuation due to unhindered
diffusion along a stick with intrinsic diffusivity d∥ and orientation n. More precisely,
the sticks orientation distribution function follows a Watson distribution:

f(n) = M(
1

2
,
3

2
, κ)−1 exp(κ(µ · n)2), (1.28)

where M is a confluent hypergeometric function2, µ is the mean orientation of the set
of sticks, and κ is the concentration parameter that measures the extent of orientation
dispersion about µ. This distribution is defined such that f(n)dn gives the probability
of finding sticks along the orientation n [33].

Extracellular model
In the extracellular compartment, designating the space around neurites, the diffusion
of water molecules is hindered by the presence of various glial cells and cell bodies
but remains unrestricted. The diffusion motion is modeled by a Gaussian anisotropic
distribution and the set of modeling sticks is also used to express the normalized signal
of the extraneurite compartment:

Aec = −bqT (

∫
S2
f(n)D(n)dn)q, (1.29)

where D(n) is a cylindrically symmetric tensor with the principal direction of diffusion
n, d∥ and d⊥ are diffusion coefficients parallel and perpendicular to n, respectively.
While d∥ for the extracellular compartment as for the intracellular compartment, d⊥ is
defined with a simple tortuosity model which links these two diffusivity coefficients:

d⊥ = d∥(1− νic), (1.30)

which expresses the fact that d∥ and d⊥ are directly related to the neurite morphology
[33].

2In mathematics, the Gaussian or ordinary hypergeometric function is a special function repre-
sented by the hypergeometric series, that includes many other special functions as specific or limiting
cases [36].
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CSF model
The third compartment uses an isotropic Gaussian distribution to characterize the
unconstrained water molecules diffusion motion and is referred to as the CSF compart-
ment. The normalized signal is then expressed as follows:

Aiso = exp(−bdiso), (1.31)

where diso is the isotropic diffusion coefficient [33].

Parameters
Once the NODDI model is correctly fitted, three interesting parameters, enabling in
vivo estimation of neurite organization, can be extracted from this model: the neu-
rite density index (NDI), the fiber orientation dispersion index (ODI) and the volume
fraction of isotropic diffusion (νiso). The NDI estimates the packing density of neurites
(axons and dentrites) in a given voxel. The ODI gives information about the variability
of the orientational configuration of neurites in a given voxel and ranges from 0 (totally
coherent and parallel neurites) to 1 (randomly oriented neurites). The ODI is computed
as:

ODI =
2

π
arctan

1

κ
, (1.32)

Finally, νiso illustrates the free water isotropic volume fraction [33] [37].

Figure 1.24 shows a summary of the three compartments composing the NODDI model
as well as its most interesting parameters.

Figure 1.24: NODDI compartments and parameters, adapted from [37]

Advantages and Limitations
The NODDI multi-compartment biophysical model allows the acquisition of biologically
interpretable indices, in a clinically feasible manner, whereas DTI metrics are often not
straightforward to interpret. Diffusion MRI multi-compartment models, however, make
explicit assumptions about the underlying tissue microstructure and about the resulting
diffusion properties of water molecules. The simplifying assumptions imposed by the
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NODDI model allows to facilitate model fitting and to avoid degeneracies but are its
main limitations as it can lead to erroneous parameter estimation. Moreover, the fixed
parameters introduced in the model such as the fixed intrinsic diffusivity (d∥) for both
intra- and extracellular compartments may lead to inaccurate parameter estimation.
The assumption made on the modeling of dentrites and axons as a set of sticks has
been shown to be acceptable for myelinated axons but tends to be inexact for dentrites.
Finally, the use of a simplified three compartment biophysical model does not take into
account the contributions from other tissue compartments such as the cell bodies and
glial cells and, therefore, is not capable of estimating more complex neuritic spatial
configurations. Although the NODDI model allows identification of neurobiologically
interpretable parameters for heterogeneous tissue microstructures, the optimization of
NODDI parameters as well as improvements on its key assumptions require further
research in order to yield more accurate results [33, 37].

1.3.2 DIAMOND

The DIstribution of 3D Anisotropic MicrOstructural eNvironments in Diffusion-compartment
imaging (DIAMOND) model is a biophysical multi-compartment model developed by
Scherrer et al. [38], that uses statistical modeling to provide a more detailed model of
the tissue microstructure. The DIAMOND model considers that each voxel is composed
of heterogeneous populations characterized by a statistical distribution of diffusivities
(see Figure 1.25). These populations are modeled within each voxel by a large number
of homogeneous and heterogeneous 3D spin packets. The use of 3D spin packets allows
to model their interaction with homogeneous part of the brain microstructure through
anisotropic 3D Gaussian diffusion. The diffusion properties of each spin packet are de-
scribed by means of a diffusion tensor D which translates the restriction and hindrance
to diffusion experienced by the water molecules. The fraction of spin packets with a
diffusion tensor D is represented by a matrix-variate distribution P (D) which can be
put in relation with the DW signal Sk obtained for b-value bk:

Sk = S0

∫
D∈Sym+(3)

P (D) exp (−bkg
T
kDgk)dD, (1.33)

where S0 is the signal obtained for b-value b0, Sym+(3) is the set of 3 × 3 symmetric
positive-definite matrices and gk is the diffusion gradient [38].

In order to account for the heterogeneity of the microstructural environment, the mod-
eling of the composition of each compartment is defined by a peak-shaped distribution
(P (D) visible on Figure 1.25). Indeed, if the characterization was done though the use
of delta functions, P (D) is then defined as P (D) = δ(D−D0), and it would represent a
homogeneous microstructural environment with diffusion tensor D0 in each voxel, which
is equivalent to DTI. The peak-shaped distributions allow for a more realistic modeling
of the multiple compartments and are mathematically described by the matrix-variate
Gamma (mv − Γ) distribution:
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Pκ,Σ(D) =
|D|κ−(p+1)/2

|Σ|κΓp(κ)
exp (−Tr(Σ−1D)), (1.34)

Γp(κ) = πp(p−1)/4

p∏
j=1

Γ(κ− (j − 1)/2), (1.35)

where κ is the shape parameter (κ > (p−1)/2), Σ is the scale parameter (Σ ∈ Sym+(p))
and Γp(κ) is the multivariate gamma function. As illustrated on Figure 1.25, this
distribution function can describe different population types. Indeed, a narrow peak
distribution is used to capture globally homogeneous populations whereas a broad peak
distribution is used to model heterogeneous populations. If Np populations of spin
packets are considered in every voxel and if the composition of each population is
captured by a mv − Γ distribution of spin packets, the voxel total distribution is:

P (D) =

Np∑
j=1

fjPκj ,Σj
(D), (1.36)

where fj ∈ [0, 1] are the fractions of occupancy (
∑Np

j=1 fj = 1). It then becomes possible
(by combining Equation 1.33 and Equation 1.36) to have a generic expression of the
DW signal arising from heterogeneous populations of heterogeneous spin packets:

Sk = S0

Np∑
j=1

fj

∫
D∈Sym+(3)

Pκj ,Σj
D exp (−bkg

T
kDgk)dD, (1.37)

As the DIAMOND 3D spin packets model is fitted, the modeling of multiple heteroge-
neous compartments within each voxel becomes possible provided that the number of
compartments is specified by the user. DIAMOND then enables the direct assessment
of compartment-specific diffusion characteristics such as the compartment mean dif-
fusivity, axial diffusivity, radial diffusivity and fractional anisotropy (cMD, cAD, cRD
and cFA) as well as an overall measure of heterogeneity for each compartment (cHEI)
[38].

Advantages and Limitations
Even though the DIAMOND multi-compartment model is able to accurately character-
ize the 3D diffusion motion of water molecules in multiple heterogeneous compartments,
one limitation remains. Indeed, in order to be able to infer on the microstructural
changes, the number of compartment must be set by the user. In practice, however,
the number of compartments is usually set to three so as to capture isotropic, hindered
and restricted diffusion [38].
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Figure 1.25: DIAMOND model: (A) Multi-compartment model with isotropic (red) and
anisotrpoic (blue and green) compartments; (B) Mutli-Tensor Model with purely homoge-
neous compartments; (C) DIAMOND peak-shaped distributions of multidimensional diffu-
sivities accounting for heterogeneity in each compartment, adapted from [38]

1.3.3 Microstructure fingerprinting

Contrary to the NODDI and DIAMOND models which rely on assumptions made about
the tissue microstructure and the underlying diffusion processes, the Microstructure
Fingerprinting (MF) model relies on Monte Carlo simulations of the random motion
of water molecules. The MF model, developed by Rensonnet et al. [39], assumes
that the DW-MRI signal S arising from each voxel corresponds to the independent
contribution of multiple compartments constituted of K fascicles of axons with different
orientations (u1, ...,uk) and volume factions (ν1, ..., νk), and of a partial volume CSF
(νCSF ) compartment (see Figure 1.26). Using the superposition principle in the diffusion
environment, the DW-MRI signal can be expressed as:

S = M0

[
K∑
k=1

νkAfasc(Ωk,Tk,uk;g) + νCSFACSF (DCSF ,TCSF ;g)

]
(1.38)

=
K∑
k=1

wkAk + wCSFACSF , (1.39)

where M0 is a scaling factor capturing the net initial transverse magnetization, Ak is the
normalized DW-MRI signal of the k-th fascicle modeled by a Monte Carlo simulation
and wk is the signal weight of the k-th fascicle contribution in the NMR-apparent signal
[39].

Based on this, a wide dictionary containing multiple single-fascicle DW-MRI signals,
called fingerprints, are created for various microstructural configurations using Monte
Carlo simulations. Once this dictionary is created, the model is fitted to the information
contained in the DW-MRI signal by selecting the optimal sparse combination of finger-
prints (see Figure 1.26). The selection is done by solving a sparse optimization problem
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such that the selected fingerprints allow the characterization of the microstructural
properties [39].

Figure 1.26: Microstructure fingerprinting model sparse dictionary matching between the
acquisition y and the linear combinations of signals a1, a2, ... stored in the dictionary, adapted
from [40]

Advantages and Limitations
Monte Carlo simulations of the random walk of water molecules used in the MF model
allow the characterization of various geometry of cellular environments and has been
shown to provide microstructural parameters showing better correspondence with his-
tology than the multi-compartment models such as NODDI and DIAMOND. The tis-
sue geometry selected for the Monte Carlo simulations and the superposition principle
used to derive Equation 1.38 are, however, not perfectly identical to what is observed
in reality and further improvement should be made to characterize the tissue at the
single-fascicle level [39].
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1.4 ElikoPy pipeline
This second section provides a detailed explanation of the ElikoPy Python library, devel-
oped by Dessain Q. and Simon M. in the framework of their Master’s thesis [41], aiming
at correcting common DW-MRI artifacts (see Section 1.1.9) for large-scale population
studies. The ElikoPy library is a complete diffusion MRI processing pipeline improv-
ing the interpretation of the dMRI results and allowing the computation of multiple
microstructural diffusion models such as DTI (see Section 1.2.2), NODDI (see Section
1.3.1), DIAMOND (see Section 1.3.2) and MF (see Section 1.3.3) on large databases
and for different types of acquisitions [42].

The pipeline supports various state-of-the-art medical imaging file formats as input,
such as the Brain Imaging Data Structure (BIDS) format3, the Digital Imaging and
Communication in Medicine (DICOM) format4 and the Neuroimaging Informatics Tech-
nology Initiative (NIfTI) format5. The implementation of the processing of these files
is mainly based on existing Python packages already widely used for dMRI data pro-
cessing. The main packages used are: the Diffusion Imaging in Python (DiPy) package
[46], the Diffusion Microstructure Imaging in Python (Dmipy) package [47] and the MF
package [39]. The pipeline also uses the FSL software [48], Freesurfer [49], Advanced
Normalization Tools (ANTs) [50], Itktools [51] and Mrtrix3 [52]. Using its large set of
available functions, the ElikoPy pipeline is used to process the data following a set of
steps regrouped on Figure 1.27.

1.4.1 Preprocessing

The very first step consists in an evaluation of the data to be processed. The image
dimensions is checked to make sure it corresponds to the dimensions of the b-value and
b-vector files along the acquisition parameters and index files. If the correspondence is
validated, a dedicated storage folder for each subject is generated and the preprocessing
of the data can be performed in order to correct the non idealities of the raw images.
The preprocessing of the raw data is then subsequently divided into several successive
steps as illustrated on Figure 1.28.

Reslice

The clinical MRI scanners usually perform an automatic interpolation step in order to
obtain high resolution images. However, the intrinsic resolution is not augmented by
this time consuming interpolation step making it not ideal for research purposes. The
reslicing step is thus used to deal with the disadvantages caused by the interpolation

3BIDS is a file format organizing neuroimaging and behavioral data based on simple file formats
and folder structures to reflect current lab practices [43].

4DICOM is used for the integration of medical imaging devices like printers, servers or scanners
from various vendors and also contains identification data of each patient for uniqueness [44].

5NIfTI provides coordinated and targeted service, training, and research to speed the development
and enhance the utility of informatic tools related to neuroimaging [45].
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Figure 1.27: Overview of the main processing steps in the ElikoPy pipeline, adapted from
[41]

step and to ensure isotropic voxels. The reslicing step is performed using the align
DiPy function [42].

Brain extraction

A brain mask departing the brain tissues from the skull and the other surrounding
tissues is then extracted and further used in the subsequent preprocessing steps. This
step allows for computational time gains and is usually required by diffusion image
processing algorithms. The brain mask is obtained using the median_otsu DiPy
function [42].

MPPCA denoising

Principal Component Analysis of Marchenko-Pastur (MPPCA) is used to reduce the
Rician noise usually present in MR images. This methods allows a fast denoising of the
images without creating additional artifacts or blurring the anatomical structures in the
images. The uncorrelated noise is then removed from the MR images. The MPPCA
denoising step is carried out by using the mppca DiPy function [42].
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Figure 1.28: Preprocessing steps of the ElikoPy pipeline [42]

Gibbs ringing correction

The Gibbs artifacts described in Section 1.1.9 can be removed using the gibbs_removal
DiPy function [42]. As the data used in this Master’s thesis is unaffected by Gibbs ring-
ing artifacts, this preprocessing step was skipped.

1.4.2 Motion, Eddy current and susceptibility distortion cor-
rection

The displacement and deformation artifacts caused by motion, Eddy current and mag-
netic susceptibility differences near junctions of tissues (see Section 1.1.9) present the
same features and can thus be jointly corrected. The susceptibility distortions are first
estimated using the topup FSL tool and then corrected using the eddy FSL tool [42].

Bias field correction

The inhomogeneities of the external magnetic field inside the MR scanner have to
be accounted for in order to avoid variability of the signal in tissues of the same type
which can directly affect microstructural metrics computation. This correction is carried
out by using the N4 Bias Field Correction ANTs package [42]. As the field
inhomogeneities are already corrected for the data used in this work, this correction
has not been performed.

1.4.3 White matter mask extraction

The preprocessing steps are then followed by the extraction of a white matter mask
useful to accelerate the computation of the microstructural models metrics. If a T1
image is available for the considered data, a white matter mask can be directly computed
using this image. On the other hand, the white matter mask can be computed using
the diffusion data if the T1 image is unavailable. The extraction of the mask is done
by using the white_mask ElikoPy function [42].
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1.4.4 Diffusion models and metrics

The ElikoPy pipeline can further be used to extract the features and metrics of four dif-
ferent microstructural models. Indeed, the DTI, NODDI, DIAMOND and MF metrics
can be computed from the preprocessed diffusion data. The DTI metrics are computed
using the DiPy library, DIAMONDS metrics are computed using the work of Scherrer
et al. [38], NODDI metrics are obtained using the Dmipy library and MF metrics are
determined using the work of Rensonnet et al. [39] [42].

1.4.5 Statistical analysis

As the microstructural diffusion metrics are computed, the ElikoPy pipeline gives the
possibility to calculate basic group comparison statistics useful to rapidly analyze key
brain tissue changes [42].
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CHAPTER 2

STROKE PATHOLOGY

This second chapter offers an overview of the causes and consequences of the stroke
pathology, and provides a narrative review of state-of-art methodological aspects of
dMRI data analysis used to characterize the impact of strokes on the brain microstruc-
ture.

2.1 Pathophysiology and Treatment of Stroke
Stroke is a deadly and debilitating neurological disorder characterized by loss of blood
flow, or even the blockage of blood vessels, in the brain. The formation of clots in
the brain leads to poor and interrupted blood flow, clogging arteries and causing blood
vessels to break, leading to bleeding. The lack of oxygen caused by the interrupted blood
flow results in the death of brain cells, affecting the proper functioning of the brain.
Despite being the second cause of death and one of the main causes of loss of Disability-
Adjusted Life Years (DALYs) worldwide, prevention and post-stroke treatments still
need improvements as the global burden of this condition remains substantial [53] [54]
[1].

2.1.1 Epidemiology of Stroke

In 2010, estimated figures of the impact of stroke worldwide indicate that 16.9 mil-
lion incident strokes occurred and that stroke was the cause of 5.9 million deaths (see
Table 2.1). The statistical analysis of these figures show that the incidence of stroke
and the number of stroke survivors increased over the years in low-and-middle income
countries but the incidence of stroke has declined in high-income countries. Moreover,
the absolute number of DALYs due to stroke increased over the past 30 years due to
population growth and increased life expectancy resulting in a greater number of people
with stroke related impairments and thus highlighting the importance of efficient stroke
rehabilitation treatments [53] [55].

Stroke occurrences are influenced by multiple other factors such as age, gender, eth-
nicity, hereditary characteristics and socioeconomic status which will be detailed in a
further section.
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2010 Change from 1990-2010

Number of events Rate per 100 000
person-years

Change in number
of events

Change in rate
in HICs

Change in rate
in LMICs

All stroke
Incidence 16 894 536 258 68% increase 12% decrease 12% increase
Prevalence 33 024 958 502 84% increase .. ..
DALYs lost 102 232 304 1554 12% increase .. ..
Deaths 5 874 182 88 26% increase 37% decrease 20% decrease
Ischemic
stroke
Incidence 11 569 538 176 37% increase 13% decrease 6% increase
DALYs lost 39 389 408 598 18% increase 34% decrease 16% decrease
Deaths 2 835 419 42 21% increase 37% decrease 14% decrease
Hemorrhagic
stroke
Incidence 5 324 997 82 47% increase 8% decrease 22% increase
DALYs lost 62 842 896 956 14% increase 39% decrease 25% decrease
Deaths 3 038 763 46 20% increase 38% decrease 23% decrease

Table 2.1: Age-adjusted annual incidence and mortality rates, prevalence, and DALYs lost
for all stroke, ischemic stroke, and hemorrhagic stroke (HIC = high-income country; LMIC
= low-income and middle-income country; DALY = disability-adjusted life-year), adapted
from [55]

2.1.2 Pathophysiology of Stroke

As illustrated on Figure 2.1, strokes can be divided in two categories depending on the
impact produced by the stroke. Approximately 80-85% of strokes are ischemic infarction
(IS), characterized by blood hypoperfusion leading to cell death and tissue integrity
loss whereas in hemorrhagic strokes (HS) (10-15%), primary hemorrhages derive from
hematoma formation and secondary injury, and result in edema and cellular death [56].

More precisely, ischemic occlusions cause brain thrombosis and embolism which both
result in decreased blood supply to part of the brain. In thrombosis, the narrowing of
blood vessels due to atherosclerosis1 affects the blood flow. Plaque accumulation even-
tually causes the vascular chamber to narrow and clot, leading to thrombotic stroke. In
embolic stroke, reduced blood supply to the brain results in an embolism which results
in acute stress and premature cell death (necrosis). Necrosis is followed by disruption of
the plasma membrane, organelle swelling, leaking of cellular contents into extracellular
space and loss of neuronal function [53].

Hemorrhagic strokes account for a small percentage (10-15%) of all strokes but present
a significant mortality rate. This second type of stroke is characterized by the rupture
of blood vessels due to internal damage and increased stress on the brain tissues. The
heme degradation is the cause of cytotoxic effects in the vascular system resulting in
infarction. Hemorrhagic strokes can further be divided into intracerebral hemorrhage

1Atherosclerosis is the buildup of fats, cholesterol and other substances in and on the artery
walls into a plaque causing the arteries to narrow, blocking blood flow. The plaque can also burst,
transforming into a blood clot [57].
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Figure 2.1: Molecular mechanisms of ischemic and hemorrhagic stroke, adapted from [53]

(ICH) in which blood vessels burst resulting in abnormal blood buildup inside the brain,
and subarachnoid hemorrhage in which a head injury or a cerebral aneurysm2 provokes
blood accumulation in the subarachnoid space of the brain [53].

It must be noted that stroke is distinguished from transient ischaemic attack (TIA)
if the symptoms persist longer than 24 hours. A TIA thus defines a focal dysfunction of
less than 24 hours duration and for which the infarction cannot be correctly identified
using medical imaging [55].

2.1.3 Diagnosis of Stroke

Stroke symptoms generally start suddenly, over seconds to minutes, and in most cases
do not progress further. The symptoms depend on the area of the brain affected and
are typically characterized by unilateral weakness, numbness, visual loss and altered
speech. The diagnosis of stroke can be carried out using clinical tests such as the Face
Arm and Speech Test (FAST) [59] and the Recognition of Stroke in the Emergency
Room (ROSIER) score [60], and through the use of medical imaging techniques such
as CT imaging and DW-MRI. CT scans show a high sensitivity to detect intracranial
hemorrhage but, if the ischemic infarct is small or recent, the detection of ischemic stroke
may become arduous. DW-MRI, on the other hands, allows the near-perfect detection
of ischemic stroke and TIA. Moreover, gradient-echo T2-weighted susceptibility MRI
can be used to identify hemorrhagic stroke with a precision similar to CT [55].

2A cerebral or intracranial aneurysm is an abnormal focal dilation of an artery in the brain that
results from a weakening of the inner muscular layer (the intima) of a blood vessel wall [58].
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2.1.4 Risk Factors of Stroke

Numerous factors influence the occurrence of stroke. These factors can be classified as
non-modifiable and modifiable risk factors as shown on Figures 2.2 and 2.3.

Non-Modifiable Risk Factors
Non-modifiable risk factors are visible on Figure 2.2 and include age, sex, ethnicity,
TIA and hereditary characteristics. According to recent studies, the average age of
stroke occurrence in the US is around 65 years and it has been shown that the stroke
risk in adults between the ages of 20 and 54 is rising [56]. Moreover, sex influence on
stroke occurrence depends on the patient’s age as the influence of sex on stroke risk and
outcome changes across the patient’s lifespan. Indeed, until early adulthood, females
show a lower incidence of stroke as well as better functional outcomes as compared
to males. However, as female experience menopause, stroke rates begin to increase in
females. Stroke rates after middle age are comparable between men and women, and
elderly women can even present higher stroke incidence then elderly men after the age
of 85 [54]. Patients having already experienced TIA are at greater risk of stroke in-
cidence. As TIA can be assimilated to a sort of "mini stroke", it acts as a warning
signal for the risk of an upcoming stroke. Both modifiable and non-modifiable stroke
risk factors are influenced by genetics. Although a variety of genetic processes can raise
the risk of stroke, genetic risk is proportionate to an individual’s age, sex, and race.
More specifically, a family history of stroke, rare single gene mutations (e.g. cerebral
autosomal dominant arteriopathy and sickle cell anemia) and common genetic variants
(e.g. genetic polymorphism in 9p21) are all associated with an increased risk of stroke
incidence [53, 55].

Figure 2.2: Non-modifiable risk factors associated with stroke

Modifiable Risk Factors
Since a change in lifestyle habits and appropriate medical intervention can effectively
reduce the risk of stroke, modifiable risk factors are of the upmost importance for the
prevention of stroke. Modifiable risk factors are shown on Figure 2.3 and comprise
hypertension, smoking, alcohol and drug abuse, lack of physical exercise, diabetes,
cholesterol, diet management and genetics. A history of hypertension and a high blood
pressure is one of the major risk factors for stroke as it accounts for 35 to 50% of
stroke risk. Fortunately, recent medical intervention to reduce hypertension and blood
pressure has been shown to reduce the risk of stroke by approximately 40% [61, 62].
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Diabetes in another important risk factor as it increases the risk of stroke by 2 to 3
times and worsens the prospects of recovery after stroke. However, blood sugar level
regulation has not been shown to reduce stroke risk [63]. Atrial fibrillation can increase
the risk of stroke by 2 to 5 times depending on the individual’s age and results in more
substantial disability [64]. Hyperlipidemia, characterized by high cholesterol levels, has
been inconsistently associated with stroke but the presence other lipids, such as high-
density lipoprotein (HDL), have been shown to decrease stroke incidence and mortality.
The influence of hyperlipidemia on stroke incidence is thus not straightforward to in-
terpret as it depends on the lipid profile of the individual [65]. Stroke risk is decreased
when alcohol consumption is low to moderate (2 standard drinks per day for males and
1 for females), however it is increased when intake is excessive [66]. All subtypes of
stroke are associated with an increased risk of incidence following the regular consump-
tion of illegal substances such as cocaine, heroin, phencyclidine (PCP), lysergic acid
diethylamide (LSD), cannabis/marijuana and amphetamines [67]. Tobacco smoking is
directly associated with a higher risk of stroke, the average smoker has a twofold in-
creased risk of having a stroke in comparison to non-smokers. Stopping smoking lowers
an individual’s relative risk of stroke [68]. Finally, poor nutrition and insufficient phys-
ical activity are linked to an increased risk of stroke. Indeed, lack of exercise is linked
to other health issues which are themselves related to high stroke incidence. Poor diet,
on the other hand, impacts hypertension, hyperlipidemia and diabetes which are all
contributing risk factors of stroke [69].

Figure 2.3: Modifiable risk factors associated with stroke

2.1.5 Prevention and Treatment Strategies for Stroke

Stroke prevention can be achieved by mitigating the multiple risk factors described in
the previous section. In spite of extensive research over the past decades, no simple
means of treating or preventing all the clinical causes of stroke has been established.
However, many stroke therapy strategies, regrouped on Figure 2.4, have been developed
in the aim of managing stroke incidence.

Reperfusion strategies include intravenous thrombolytics (IVT), intra-arterial throm-
bolysis (IAT) and the use of fibrinogen-depleting agents. IVT and IAT treatments
rely on the use of drugs (e.g. recombinant tissue plasminogen activator) to promote
fibrinolysin formation, which catalyzes the dissolution of the clot blocking the cerebral
vessel. IVT and IAT treatments are, however, most effective in the first hours of the
stroke onset. Recent research have found that high fibrinogen levels is related to higher
stroke incidence and poorer clinical outcomes. The reduction of blood thickness, the
removal of the bloot clot and the restoration of blood flow can be achieved through the
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Figure 2.4: Stroke therapy strategies, adapted from [53]

use of fibrinogen-depleting agents [53].

Other stroke management strategies are antihypertensive therapy which aims at re-
ducing hypertension, glucose blood level management, antiplatelet therapy, stem cell
therapy, neural repair and rehabilitation. As this Master’s thesis focuses on the effi-
cacy of a specific stroke rehabilitation treatment (HABIT-ILE), only the rehabilitation
strategy is further developed in more details. Stroke rehabilitation aims at tackling the
short- and long-term disabilities and handicaps resulting from stroke. The adequate re-
covery strategy should be determined in accordance with the phase of the stroke which
can be acute (about 2 weeks after the onset of the lesion), subacute (up to 6 months
after onset) and chronic (months to years after stroke). The strategy determination
process usually comprises the following cyclic steps [70]:

1. Assessment: identification and quantification of the patient’s needs;
2. Goal setting: definition of realistic and attainable goals for improvement;
3. Intervention: assistance in the achievement of goals;
4. Reassessment: progress assessment;

Stroke can cause sensorimotor, visual, cognitive and motor impairments, the latter being
the most widely recognized. Rehabilitation thus aims at recovering problem-solving
skills, accessing social and psychological support, improving mobility and achieving
independent living. Motor impairment rehabilitation usually takes the form of task-
specific and context-specific training to assist in the complex and heterogeneous recovery
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process (see Figure 2.5) of each individual. Recent studies show that rehabilitation
should begin as soon as possible after stroke, that patient’s training should be ideally
given in the patient’s own environment and that positive rehabilitation outcome seem
to be strongly correlated with patient’s motivation and engagement. The duration of
the recovery process can vary from several months to years as it is very patient specific
[53, 70].

Figure 2.5: Hypothetical pattern of recovery after stroke [70]

Multiple training strategies such as bilateral training, constraint-induced movement
therapy at modified doses, electrical stimulation, high-intensity therapy, repetitive task
training, robotics and splinting have been used to improve motor function. The reha-
bilitation technique followed by the patients studied in this work is the Hand and Arm
Bimanual Intensive Therapy Including Lower Extremities (HABIT-ILE) method. The
HABIT-ILE method was developed in 2011 by Pr. Yannick Bleyenheuft from UCLou-
vain, in collaboration with Columbia university, and was initoally designed for assisting
the motor recovery of young infants. The main objective of this method is to improve
patients’ independence in their daily life by enhancing the physical capacity of both
upper (UE) and lower (LE) body extremities. More precisely, the HABIT-ILE method
is based on intensive practice of bimanual functional tasks to improve UE function
and a simultaneously LE stimulation to improve LE function and UE–LE coordination.
HABIT-ILE has already been reviewed in studies involving children from 1 to 6 years
with unilateral spastic cerebral palsy (USCP) and has shown positive functional im-
provements [71, 72, 73].

The task performed in the HABIT-ILE method are described as structured biman-
ual tasks with increasing motor difficulty combined with a systematical engagement
of the trunk and LE postural control. For example, UE bimanual tasks and activities
include gross dexterity, manipulative games and tasks, functional tasks, arts and crafts,
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virtual reality, and coupled LE postural stimulation examples are ball sitting, standing,
balance board standing, virtual reality, walking/running, jumping and cycling [72, 73].

2.2 Stroke induced microstructural changes
As stated here above, diffusion MRI has, since the 1990’s, played an essential role
in the diagnosis, prognosis and management of stroke. dMRI sequences allow the
characterization of water molecules motion and are thus used to accurately identify
stroke infarcts. The identification process is carried out by analyzing Apparent Diffusion
Coefficient (ADC) maps since ADC decrease indicates the presence of an infarct. The
fast acquisition and the good interpretability of the DWI maps are key advantages
in defining the adequate stroke management strategy. Moreover, as stroke can directly
impact the integrity of WM tracts, DTI and microstructural models metrics (see Section
1.3) are used as biomarkers in the assessment of the degree of tissue impairment after
stroke. Longitudinal stroke studies are based on the analysis of these metrics to infer on
post-stroke degeneration and regeneration processes in WM brain regions. Since motor
impairments are the most broadly recognized consequence of stroke, the vast majority
of dMRI stroke studies focus on the analysis of the corticospinal tract integrity as it
is the major pathway for carrying movement-related information from the brain to the
spinal cord [1, 74].

2.2.1 Corticospinal Tract

The corticospinal tract (CST) is a collection of neuronal axons that carry movement-
related information from the cerebral cortex to the spinal cord. It forms a major neu-
ronal pathway providing voluntary motor output to control the body’s musculature via
motor neurons (see Figure 2.6). More precisely, the corticospinal fibers are axons from
upper motor neurons from the frontoparietal cortices. More than half of these axons
originate from the primary motor cortex (primary motor cortex neurons are called Betz
cells) with additional contributions from the premotor cortex, supplementary motor
cortex and the somatosensory cortex. The tract descends from the cortex through the
deep white matter of the cerebrum. The CST bundles then travel between the caudate
nucleus and putamen of the basal nuclei, called the internal capsule, into the cerebral
peduncles, followed by the brainstem. Upon reaching the pons, the bundles increasingly
condense as they descend into the medulla. At this point, 75 to 90% of the fibers will
decussate to the contralateral side through the pyramidal decussation and form the
lateral corticospinal tract. The rest of the fibers constitute the anterior corticospinal
tract. This large proportion of decussating fibers indicate that muscles on the left and
right side of the body are, for the most part, controlled by the right and left motor
cortex of the cerebrum respectively. After leaving the brainstem, the fibers enter the
spinal cord where they synapse with lower motor neurons and interneurons allowing
the conscious and voluntary movements of muscles. The lateral corticospinal tract pri-
marily controls the movement of muscles of the limbs whereas the anterior corticospinal
tract is involved with movement of the muscles of the trunk, neck and shoulders. As
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the CST controls afferent inputs, spinal reflexes and motor neuron activity, damage to
this tract leads to serious motor impairment. The motor homunculus visible on Figure
2.7, indicates the affected contralateral body part depending on the location of the CST
lesion [75, 76, 77].

Figure 2.6: Corticospinal tract [75] Figure 2.7: Motor homunculus [77]

Knowledge related to the integrity of the corticospinal tract is thus crucial to infer
on the recovery of the impacted motor function. In the case of acute ischemic stroke,
studies have shown that the extent of the CST involved in the lesion directly impacts the
severity and the scope of motor impairment. Therefore, the visual and microstructural
analysis of the CST using tractography (see Figure 2.8) and dMRI techniques are used
to assess lesion damage and recovery [76, 77].

Figure 2.8: Corticospinal tract fibers isolated using tractography [77]

2.2.2 Corpus Callosum

The Corpus Callosum (CC) is an essential element of the functional and structural
integrity of the brain WM. This large white matter structure illustrated on Figure 2.9
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contains tracts connecting both hemispheres of the brain. The CC can subsequently be
divided into four parts: the rostrum connecting the orbital surfaces of the frontal lobes,
genu connecting the medial and lateral surfaces of the frontal lobes, body or trunk
connecting the surface of the hemispheres and splenium connecting the two occipital
lobes [78]. As the CC contains interhemispheric motor fibers coordinating both gross
and fine motor functions, the microstructural integrity of the CC can be used to gain
further insight on the assessment of motor outcome after stroke [79, 80].

Figure 2.9: Corpus Callosum anatomy [79]

2.2.3 Cerebellar Peduncles

The cerebellum (see Figure 2.10) has several functions related to movement and co-
ordination such as balance, movement coordination, vision and motor learning [81].
The WM afferent and efferent tracts of the cerebellum are contained within the cortico-
ponto cerebellar pathway and the superior, inferior and middle cerebellar peduncles [82].
Since important WM pathways such as the fronto-cerebellar loops and the corticoretic-
ulospinal pathway (CRP) have bilateral spinal outputs, assessment of the cerebellar
peduncles integrity can be used to infer on motor recovery after stroke [80].

Figure 2.10: Cerebellum and Cerebellar Peduncles anatomy [81]
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2.2.4 Superior Longitudinal Fasciculus

The Superior Longitudinal Fasciculus (SLF) (see Figure 2.11) is a long myelinated
bilateral associative tract extending from the the anterior to the posterior regions of
the cortex and connecting the frontal, occipital, parietal and temporal lobes. This
large tract is present in both hemispheres and can be separated into three distinct
components: SLF I, SLF II, and SLF III. As the SLF I WM structure extends to
the dorsal premotor and dorsolateral prefrontal regions, it is involved in regulating
motor behavior. More precisely, it regulates conditional associative tasks involving
competing motor tasks based on conditional rules. Studying the evolution of the SLF
I WM integrity can thus give relevant information regarding motor recovery and its
correlation with behavioral analysis [80, 83, 84].

Figure 2.11: Superior Longitudinal Fasciculus anatomy

2.2.5 DW-MRI in Stroke studies

As previously mentioned, dMRI methods have been extensively used in the framework
of longitudinal stroke studies. This section gives an overview of previous studies that
investigated the correlation between dMRI metrics and post-stroke motor outcomes.

Stroke studies present different types of analysis to infer on brain white matter in-
tegrity. Whole-brain analysis are used to characterize the global WM changes without
previously defining regions of interest (ROIs). This method allows the investigation of
all voxels in the brain and, thus, the identification of the most impacted regions without
previous spatial knowledge of the expected results. Whole-brain analysis can be con-
ducted through histogram analysis of the metric values of voxels in the whole brain or
by using the voxel-based analysis (VBA) approach, which compares the metric values
in every voxel of the brain. Another method relies on the definition of ROIs and pro-
vides region-specific analysis. ROIs can be manually delineated or semi-automatically
defined using registration. The use of ROI and lesion masks to perform dMRI data
analysis produces finer results and allows the comparison between specific anatomi-
cal regions of the brain. Finally, tractography is also a widely used technique for the
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investigation of WM tract integrity. As discussed in Section 1.2.3, deterministic and
probabilistic reconstruction models allow the extraction of WM pathways in the brain,
along which dMRI metrics can be analyzed. Using tractography, tract-based ROIs can
also be defined and brain region connectivity analysis can be conducted to infer on the
brain neuroplasticity, among other things [1].

dMRI metrics as biomarkers

The DTI model metrics are the most widely used biomarkers for the assessment of WM
tract integrity and many studies only focus on the extraction of FA values in the CST.
dMRI metric values are, in the vast majority of cases, averaged across the defined ROIs
which are usually defined as the part of or the whole corticospinal tract. Metric values
are then usually reported as average measures from the ipsilesional or contralesional
side, or as a ratio comparing both sides. The statistical significance of the correlation
between dMRI metrics and motor impairment recovery varies across studies as it de-
pends on the diffusion models used, the considered ROIs, the post-stroke phase of the
patients and the research methodologies.

Although data collection and processing methods vary from one study to another,
literature review of the use of DTI metrics for stroke analysis show a high degree of sig-
nificance as WM integrity biomarkers. Lindenberg et al. [85] examined the correlation
between FA measures from the whole corticospinal tract of 15 chronic stroke patients
and the motor outcome of an experimental neurorehabiliation method. The ipsilesional
side of the CST showed significantly decreased FA values and increased directional dif-
fusivities as compared to control subjects. Subsequent increased FA values and lower
directional diffusivities on the ipsilesional side following neurorehabilitation were asso-
ciated with improved motor function. This study, similarly to the work of Rüber et al.
[86] and of Koyama et al. [87], demonstrated that FA metric analysis in the CST can
be used to predict motor outcome and to infer on the recovery potential of a neurore-
habilitative method. On the other hand, Groisser et al. [88] investigated the prognostic
value of FA in the corticospinal tract on motor outcome of the upper limb and did not
find significant correlation between FA and motor outcomes at some post-stroke phases.

Other studies analyzed the structural integrity of the CST by measuring DTI met-
rics in specific ROIs such as the posterior limb of the internal capsule (PLIC) or the
cerebral peduncle (CP). Jayaram et al. [89] reviewed the importance of the structural
and functional integrity of the CST in determining upper limb post-stroke recovery
by measuring the asymmetry in FA in the PLIC. Their results indicated that highly
asymmetrical FA values, reflecting reduced microstructural integrity on the ipsilesional
side, were associated with greater walking impairment. Park et al. [90] investigated
the possibility of using a standardized CST template to asses FA correlation with CST
integrity. They found out that the use of a template CST and tract-based ROIs in
the PLIC produced similar results for the prediction of motor outcome. These results
highlight the fact that registered CST templates can be used to assess the CST integrity
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with a similar precision than patient’s own CST thus greatly facilitating CST integrity
analysis. Song et al. [91] performed a longitudinal study of the correlation between
DTI measures (MD, AD, RD and FA) in the ipsilesional and contralesional PLIC, and
patients’ motor recovery. Their findings also indicated that higher FA measures and
lower diffusivities in the ipsilesional PLIC are significantly correlated with increased
upper-limb motor outcome. Hannanu et al. [80] produced an extensive study of the
WM disruption in subacute stroke through the measurement of FA in 33 WM regions in
order to investigate the potential source of ipsilateral hand impairment (ILH). The use
of numerous ROIs allowed the identification of multiple brain WM regions affected by
stroke induced microstructural changes. Their findings indicate that the corticospinal
tract (CST), the genu body and splenium of the corpus callosum (CC) and the con-
tralesional anterior corona radiata (ATR) were associated with ILH impairment, thus
highlighting the importance of the use of multiple ROIs.

To summarize, DTI metrics and, more specifically, FA have been extensively used in the
framework of stroke studies. Indeed, the vast majority of stroke studies investigate pa-
tients’ motor outcomes based on the FA values extracted from the whole or part of the
ipsilesional and contralesional CST. Although few studies do not report correlations be-
tween FA values and motor impairment recovery, FA seems to be a consistent, but quite
non-specific, measure of white matter integrity. The other DTI metrics are, however,
only measured in a minority of studies even though they allow a better understanding
of the underlying white matter integrity. Indeed, AD allows the characterization of
axonal damage and RD is related to the degree of myelination. Results across stud-
ies show consistent trends: decreased FA and increased diffusivities are observed on
the ipsilesional side of the CST after stroke; mainly due to white matter degeneration.
Futhermore, higher FA values and decreased diffusivities on the ipsilesional side have
been shown to be related to motor recovery, thus confirming the usefulness of DTI in
stroke therapeutic strategies.

Going further
As mentioned in Section 1.2.2, even though the tensor model (DTI) allows for mi-
crostructural integrity characterization of WM, some major limitations remain. Indeed,
the interpretation of the DTI metrics in case of multiple crossing fiber populations or
complex fiber architecture (crossing, kissing and fanning fibers) becomes unclear. In
other words, while DTI metrics are useful to infer on tissue integrity in well aligned
WM regions, they should be interpreted with caution in other regions. More advanced
techniques have thus been developed to better interpret the changes in WM structural
properties after stroke [1, 2, 74].

In order to overcome these limitations, Alves et al. [74] and Wei et al. [92] used
DTI as well as Diffusion Kurtosis Imaging (DKI) to extract diffusion and kurtosis pa-
rameters of impaired WM tracts after stroke. DKI is an extension of the DTI model as
it is able to correctly quantify the non-Gaussian distribution of water molecules, thus
yielding more accurate evaluation of the WM integrity. Theses studies indicated that
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DKI presents enhanced sensitivity to detect microstructural changes as compared to
DTI but this model still presents limited specificity. Furthermore, Alves et al. [74]
developed a novel technique, called Correlation Tensor MRI (CTI), which allows to
mitigate the specificity limitations of DKI and DTI.

Other studies relied on the use of multi-compartment models to improve the analy-
sis of the WM microarchitecture. Models such as NODDI give access to other aspects
of the microstructural integrity such as axonal and neurite density, and the fiber orien-
tation dispersion index (ODI). Adluru et al. [93] used the NODDI multi-compartment
model to compare ROIs comprising the stroke lesion with the symmetrical region in
the contralesional hemisphere. Their findings indicated that the stroke lesion presented
an increased ODI as well as clear changes in the intracellular and free water diffusivity
compartments. The results of this study correspond with the results obtained by Wang
et al. [94] and Hui et al. [95] who also concluded that NODDI allows a more sensitive
and efficient evaluation of microstructural changes in brain tissues after stroke as com-
pared to DTI and DKI.

On the other hand, recent studies decided to investigate the structural brain connec-
tivity by including microstructural information in the process of tractography. The
additional microstructural information allows for better estimates of the orientation
distribution of fibers in voxels, of the absolute fiber count between two areas of interest
and of the white matter integrity along the tracts. Koch et al. [96], reported that trac-
tography is increasingly used to analyze the brain connectivity after stroke and that
intra- and interhemispheric circuits between primary and secondary motor and non-
motor areas at the cortical level have significantly extended the concept of interacting
networks for recovery processes after motor stroke. The use of tractography coupled
with the use of noninvasive stimulation techniques such as Transcranial Magnetic Stim-
ulation (TMS) allows for novel insight on brain connectivity and plasticity after stroke.
Furthermore, recent studies performed whole-brain structural and functional connec-
tivity analysis allowing for complete assessment of the plasticity patterns of neural
networks interactions. Guggisberg et al. [2] performed an impressive study of the prin-
ciples of network plasticity after stroke based on the analysis of the brain structural and
functional connectivity using TMS and functional MRI (fMRI) (for more details on the
combined use of fMRI and DTI, see the work of Friznell et al. [97]). They concluded
that the identification of brain networks in patients after stroke show promising results
for the understanding of the consequences of stroke, its impact on recovery as well as
for the elaboration of rehabilitation strategies. In that regard, Koch et al. [98] inves-
tigated the possibility of the future development of patient-specific neurorehabilitative
treatments. More precisely, they developed whole-brain connectomes using tractogra-
phy and assessed the key parameters in predicting natural motor recovery after stroke
using a Support Vector Machine (SVM) classifiers approach. They reported that this
approach allowed the individual prediction of natural recovery up to 2 weeks after stroke
onset by means of the identification of the key underlying neuronal network parameters.
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Table 2.2 regroups the multiple studies discussed here above and details the specific
ROIs and metrics used as well as the reported outcomes.

Study Patients Technique Software/
Metrics ROIs Outcome

Lindenberg et al. [85] 15 chronic stroke patients DTI
Tractography FA CST Correlation between metrics

and motor outcome

Rüber et al. [86] 18 stroke patients
10 control subjects DTI FA CST

PT
Correlation between metrics
and motor outcome

Koyama et al. [87] 16 acute stroke patients DTI
TBSS FA CST Correlation between metrics

and motor outcome

Groisser et al. [88] 10 acute stroke patients DTI FA, AD, RD CST No correlation between metrics
and motor outcome

Jayaram et al. [89] 9 chronic stroke patients DTI
TMS FA CST

PLIC
Correlation between metrics
and motor outcome

Park et al. [90] 21 stroke patients
23 control subjects DTI FA CST

PLIC
Correlation between metrics
and motor outcome

Song et al. [91] 13 chronic stroke patients DTI FA, AD, MD, RD PLIC Correlation between metrics
and motor outcome

Hannanu et al. [80] 21 subacute stroke patients DTI FA 33 WM regions Correlation between metrics
and motor outcome

Alves et al. [74] Simulations
DTI
DKI
CTI

FA, MD
DKI metrics WM and GM regions Correlation between metrics

and motor outcome

Wei et al. [92] 60 stroke patients
DTI
DKI
TBSS

FA, AD, MD, RD
DKI metrics 81 WM regions Correlation between metrics

and motor outcome

Adluru et al. [93] 2 stroke patients
DTI
HARDI
NODDI

FA, MD
NODDI metrics Stroke lesion site Correlation between metrics

and motor outcome

Wang et al. [94] 71 hyperacute/acute/subacute
ischemic stroke patients

DTI
DKI
NODDI

FA
DKI metrics
NODDI metrics

Stroke lesion site Correlation between metrics
and motor outcome

Hui et al. [95] 44 acute/subacute
ischemic stroke patients

DKI
NODDI

DKI metrics
NODDI metrics Stroke lesion site Correlation between metrics

and motor outcome

Guggisberg et al. [2] Literature review

DTI
HARDI
NODDI
fMRI
TMS

Literature review Literature review Literature review

Friznell et al. [97] 12 subjects DTI
fMRI DTI metrics Whole-brain connetomes Neural networks assessment

Koch et al. [98] 92 stroke patients
DTI
Tractography
SVM

DTI metrics Whole-brain connetomes Neural networks assessment

Table 2.2: Summary of the literature articles reviewed. DTI = Diffusion Tensor Imaging;
TBSS = Tract-Based Spatial Statistics; TMS = Transcranial Magnetic Stimulation; DKI
= Diffusion Kurtosis Imaging; CTI = Correlation Tensor Imaging; HARDI = High Angular
Resolution Diffusion Imaging; NODDI = Neurite Orientation Dispersion and Density Imag-
ing; SVM = Support Vector Machine; CST = corticospinal tract; PT = pyramidal tract;
PLIC = posterior limb of the internal capsule; WM = white matter

Challenges

Although the use of dMRI in the framework of stroke study has been rapidly evolving in
the past decades, some key challenges still remain. First of all, the heterogeneity of the
stroke severity, phase, type and lesion location results in high variance between patients
which directly impacts the interpretability of the dMRI results. Indeed, as lesion sizes
and locations can alter data registration and processing, the use of lesion masks can
become necessary. However, lesion masks are, for the most part, hand-drawn which can
be greatly time consuming and advances in automatic lesion segmentation are still to
be made. Furthermore, the vast majority of studies only have access to small patient
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population sizes. Small sample sizes combined with the heterogeneity of strokes result
in a lack of comparability across studies. Secondly, studies present in the literature
show great variations of data acquisition, preprocessing, registration and processing
methods. The lack of consensus over a standardized approach is a real challenge for
the replicability of stroke studies. Thirdly, and as previously mentioned, most of stroke
studies do not use higher order mutlicompartment models and focus on the extraction
of DTI metrics in the CST. Recent studies presented here above indicate that higher
order models, tractography and functional measurement techniques are needed for the
correct assessment of the stroke induced impairments on neural networks [1, 2, 74, 80].
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METHODS

This chapter gives information about data acquisition, the multiple data pre-processing
steps used to enhance data quality, data processing and the diffusion metrics computa-
tion methodologies.

3.1 Data
The data was acquired in the framework of the 2019 call for Action de Recherche Con-
certée (ARC) initiated by the Fédération Wallonie-Bruxelles in Belgium. This program
aims at estimating in vivo white matter microstructure in motor pathways for the early
assessment of motor outcome in patients with brain damage (MICROMOTO), a project
proposed by Louvain Bionics. The main goals of this project are the development of a
multi-model approach of the microstructures from DW-MRI data, the investigation of
links between the brain microstructure and motor skill recovery in subacute stroke and
the longitudinal assessment of the microstructure in infants with cerebral palsy (CP)
undergoing intensive rehabilitation training.

3.1.1 Subjects

In 2021, a total of 140 eligible adult patients were contacted to participate in this
study. Out of these 140 patients, 22 adults were included in the process. Out of these
22 patients, only 15 (12 males and 3 females) with ages ranging from 48 to 80 years old,
actually completed the study as 7 patients dropped out. Detailed information about
these 15 patients are regrouped in Table 3.1.

As visible on Table 3.1, 80% suffered from ischemic stroke and only 20% from hemor-
rhagic stroke. Moreover, the lesion location varied from one patient to another with the
right and left Sylvian segments being the most impacted. The 15 patients were divided
into two randomized populations: the case (8 patients) and control (7 patients) groups.
The case group followed the HABIT-ILE (see Section 2.1.5) rehabilitation method in
between the first and second data acquisition sessions whereas the control group only
followed the HABIT-ILE method after the last data acquisition session (see Figure 3.1).

More precisely, Figure 3.1 indicates that the set of patients underwent a total of 4
acquisition sessions. The reference or baseline acquisition is referenced as T0, the second
acquisition, performed three weeks after T0, corresponds to T1, the third acquisition
T2 is obtained 12 weeks after T0 and, finally, the fourth acquisition T3 is obtained 16
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Code Age Sex Stroke ocurence Hemiplegia Lesion type Lesion location Group
20.01.01 57 M 06/03/2019 Right Ischemic Left Sylvian segment Case
20.01.02 62 F 31/10/2019 Right Ischemic Left Sylvian segment Control
20.02.01 80 M 01/09/2014 Right Ischemic Left Sylvian segment Case
20.02.02 66 M 18/10/2011 Right Ischemic Left Sylvian segment Control
20.03.01 61 M 08/08/2020 Left Ischemic Right internal capsule Case
20.05.01 52 M 29/10/2019 Right Ischemic Left lenticular nucleus Control
20.05.02 53 M 14/09/2020 Left Hemorrhagic Right capsulo-lenticular nucleus Case
20.06.01 56 M 19/02/2019 Left Ischemic Right Sylvian segment Case
20.06.02 57 F 30/11/2020 Left Ischemic Right Sylvian segment Control
20.07.01 48 M 13/06/2018 Left Ischemic Right Sylvian segment Case
20.08.01 73 F 19/10/2019 Left Ischemic Right Sylvian segment Case
20.08.02 57 M 09/06/2018 Left Ischemic Right Sylvian segment Control
20.10.01 74 M 11/08/2016 Left Hemorrhagic Right parietal lobe Case
20.10.02 62 M 01/11/2016 Left Hemorrhagic Right ventricle Control
20.11.02 68 M 24/01/2019 Right Ischemic Left paramedian pontine reticular formation Control

Table 3.1: Patients information

Figure 3.1: Subjects data acquisition flowchart

weeks after T0. As the objective of this study is to assess the efficacy of the HABIT-
ILE rehabilitation method but also to equally support patients’ recovery, the case or
HABIT-ILE group follows the rehabilitation method between T0 and T1 and the control
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group follows it between T2 and T3.

3.1.2 Data acquisition

During each acquisition session, anatomical and diffusion MR images were collected
using a 3T GE SIGNATM Premier scanner with a RM-IR (Inversion Recovery) sequence
for the anatomical images and a EP-SE sequence for the diffusion MR images. The RM-
IR sequence was characterized by a TR of 2.31282 ms, a TE of 0.003516 ms, a slice
thickness of 0.8 mm, an imaging frequency of 127.77 Hz and the obtained anatomical
images have a 166 × 312 × 312 resolution and a 0.8 × 0.8205 × 0.8205 mm3 voxel
size. The EP-SE sequence had a TR of 4.837 ms, a TE of 0.0786 ms, a slice thickness
of 2 mm, an imaging frequency of 127.77 Hz and the obtained diffusion images have a
110 × 110 × 68 resolution and a 0.8 × 0.8205 × 0.8205 mm3 voxel size. The diffusion
images are each composed of 170 volumes, 10 volumes acquired with a null b-value
and 160 volumes with different b-values: 700 s/mm2 (64 volumes), 2000 s/mm2 (32
volumes), 3000 s/mm2 (32 volumes) and 5000 s/mm2 (32 volumes). Anatomical files
are composed of a NIfTI (.nii.gz) file containing the measured signal (see Figure
3.2) and a JSON (.json) file regrouping the acquisition sequence parameters.

Figure 3.2: Anatomical volume slices of subject 20.03.01 at T1 in the sagittal, frontal and
axial views

On the other hand, diffusion files are made up of a NIfTI (.nii.gz) file containing
the measured signal (see Figure 3.3), a JSON (.json) file regrouping the acquisition
sequence parameters, a text file (.bval) containing the b-values and a text file (.bvec)
containing the b-vectors.

Figure 3.3: Raw diffusion volume slices of subject 20.03.01 at T1 for the different b-values

In addition to the occasional drop out of individuals, several acquisition times are
missing for some patients. Moreover, a proportion of the diffusion scans were not
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correctly acquired and present missing data resulting in truncated sagittal and frontal
views as depicted on Figure 3.4. These acquisitions were thus discarded in order to
avoid disrupting data processing.

Figure 3.4: Truncated raw diffusion volume slices of subject 20.03.01 at T0

3.1.3 Behavioral analysis

In order to gain additional knowledge regarding the effects of the HABIT-ILE reha-
bilitation method on patients’ aptitudes, supplementary physical, cognitive and logical
tests were performed after each data acquisition session. The multiple conducted tests
and questionnaires are:

• Assisting Hand Assessment for Adults (Ad-AHA): observation based assessment
tool to measure the patient’s spontaneous use of the stroke affected hand to
perform bimanual activities [99].

• Abilhand questionnaire: measurement of the patient’s perceived difficulty in per-
forming everyday manual activities [100].

• Activlim questionnaire: Rasch-built scale measuring the perceived difficulty in
performing activities without technical or human assistance [101].

• Stroke Impact Scale (SIS) questionnaire: stroke-specific outcome measurement
of strength, hand function, activities of daily living, mobility, communication,
emotion, memory and thinking based on the self-reported difficulty experienced
by the subject [102].

• Modified Rankin Scale (mRS) questionnaire: clinician-reported measure of global
disability [103].

• Canadian Occupational Performance Measure (COPM): outcome measure de-
signed for use by occupational therapists to assess patient outcomes in the areas
of self-care, productivity and leisure [104].

• Dextrain: the Dextrain Manipulandum and Homecare are tools to promote neuro-
rehabilitation, to improve manual dexterity recovery, prediction and prevention,
and to contribute to independence in activities of daily living and quality of life
[105].

• ReaPlan: end-effector robot, developed by Axinesis, for intensive, auto-adaptative
upper limb rehabilitation with inbuilt therapeutic gamification to increase moti-
vation and optimize rehabilitation outcomes [106].

• Fugl-Meyer Assessment-Upper Extremity (FMA-UE): system for evaluation of
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motor function, balance, sensation qualities and joint function in hemiplegic pa-
tients [107].

• Box and Block test (BBT): fast assessment of the unilateral gross manual dexterity
[108].

• Wolf Motor Function Test (WMFT): time-based method to evaluate upper ex-
tremity performance while providing insight into joint-specific and total limb
movements [109].

• 6 Minutes Walk Test (6MWT): exercise test used to assess aerobic capacity and
endurance based on the distance covered over a time of 6 minutes which is used
to compare changes in performance capacity [110].

• Stroop test: assessment of the executive function, including working memory,
selective attention, and ability to inhibit automatic responses based on the use of
a list of words that are printed in a different color than the meaning of the word
[111].

• Wechsler Adult Intelligence Scale - 3rd edition (WAIS-III: measurement of general
intellectual abilities based on four index scores (verbal comprehension, perceptual
reasoning, working memory and processing speed) [112].

• Arithmetic (Arith) test.
• Digit Symbol Coding (DSC) test: cognitive test requiring the subject to match

symbols to numbers according to a reference key [113].
• Corsi Block-Tapping Task: assessment of visuospatial short-term memory [114].
• Bell test: measurement of visual selective and focused attention, visual percep-

tion and visual motor processing speed through the cancellation of targets (bells)
among distracters [115].

• Trail Making Test (TMT): assessment of executive function such as letter and
number recognition, mental flexibility, visual scanning, and motor function [116].

• Montreal Cognitive Assessment (MoCA): fast paper and pencil test to assess mul-
tiple cognitive domains including memory, language, executive functions, visu-
ospatial skills, calculation, abstraction, attention, concentration, and orientation
[117].

3.2 Data preprocessing
The ElikoPy pipeline detailed in Section 1.4 was used to preprocess the collected data.
Using this pipeline allows to enhance the quality of the raw data images and to launch
the preprocessing on all the data in a single step using the preproc ElikoPy function.
The steps performed by this function are explained in Section 1.4.1 and Figure 3.5
shows a side-by-side comparison of the raw data and the preprocessed data.

3.3 Data registration
Once the diffusion data is correctly preprocessed for all of patients, the dti ElikoPy
function is used to compute the fractional anisotropy (FA) maps required to perform
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Figure 3.5: Comparison between raw and preprocessed diffusion volume slices of subject
20.03.01 at T1

data registration. Indeed, as the corticospinal tract is the main region of interest in
this study, it must be correctly identified and isolated for each patient in order to
analyze its microstructural changes. The extraction of the CST volume, as well as
the other selected regions of interest (ROIs) for each patient, is achieved through atlas
registration. Image registration is the process of transforming different sets of data into
a single unified coordinate system, and can be thought of as the task of aligning images
so that comparable characteristics can be related easily [118]. In this work, the two sets
of data on which the registration was performed were the set of diffusion data for each
patient at every acquisition times (T0, T1, T2 and T3), and the sets of standardized
atlases registered in the Montreal Neurological Institute (MNI) space.

3.3.1 Atlas sets

In order to obtain the most complete registration and, thus, the largest number of re-
gions of interest (ROIs) possible, 6 atlases (the majority of these atlases can be used
through FSL and detailed specifications are given on the FSL website [119]) correspond-
ing to a total of 135 brain regions were used. The first atlas used is a probabilistic atlas
of the cerebellar peduncles in the space defined by the MNI152 template, created by
Diedrichsen et al. [120] and included in the FSL software. The second atlas, also de-
veloped by Diedrichsen et al. [120] divides the cerebellum into 21 probabilistic atlases
representing the different lobules. The third and fourth atlases are the Harvard-Oxford
cortical and subcortical structural atlases [121] which are made up of 61 different re-
gions. These atlases are provided by the Harvard Center for Morphometric Analysis
and are also available on FSL. The different lobes of the brain constitute a fifth atlas
which is provided by the Research Imaging Center [122] and is also usable through FSL.
The last atlas is the XTRACT HCP Probabilistic Tract Atlas created by Warrington et
al. [123] and made up of 42 probabilistic WM tracts. Since the XTRACT atlas allows
the identification of major WM fiber bundles, a standardized atlas of the corticospinal
tract is directly available. The latter will be extensively used in the registration process
as well as in the analysis of the dMRI metrics. The XTRACT atlas is also directly
available on FSL.
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3.3.2 Registration process

Concretely, data registration is an iterative multi-step process based on the use of the
DiPy registration method [124]. As each patient’s brain presents its own microstructural
damage and alterations caused by the stroke occurrence, the registration process was
conducted from the standardized MNI152 space towards each patient’s native space.
This allows the determination of regions of interest in the patient’s native space which
shows better registration outcomes as compared to the standard registration into the
MNI152 space.

The registration process relies on the use of the FA diffusion data from the HCP1065
standard-space DTI templates registered in the MNI152 space [119], patients’ FA maps
and the atlases described here above. The first step consists in the computation of
the deformation field to be applied to the images to be registered. This is achieved by
defining the getTransform Python function which takes a 3D array of static volume,
patients’ FA maps in this case, and a 3D array of moving volume corresponding to the
HCP1065 FA template. This function then returns the mapping transform allowing
the registration of the moving volume onto the static volume. First, an affine regis-
tration (see Figure 3.6) consisting of image translation based on the center of mass of
the images, image rotation, image scaling and shearing is performed. The optimization
process of the affine registration is based on the maximization of the Mutual Informa-
tion (MI) of the images which represents the mutual dependence between the images.
The affine registration is followed by a diffeomorphic registration (see Figure 3.6) step
based on the Symmetric Normalization (SyN) algorithm proposed by Avants et al. [125].
The optimization of the diffeomorphic transformation is based on the Cross-Correlation
(CC) metric which is a measure of similarity between the two images.

Once the deformation field is correctly computed, a second Python function named
applyTransform is used to register the atlas maps in the native space of each patient.

3.4 Microstructural analysis
The registration process allows the isolation of the left and right WM fibers of the
corticospinal tract which is the spotlight of research in this work. Using directly the
ROIs obtained after the registration process is, however, not ideal as some corrections
should be made. Indeed, the obtained registered brain regions have to be multiplied
by the brain mask of each patient obtained during the preprocessing step. As depicted
on Figure 3.7, this masking step avoids registration outside of the brain limits. Fur-
thermore, the obtained registered regions are represented as probabilistic maps which
is not ideal for further processing. A threshold is thus applied on these probabilistic
maps in order to obtain binary masks of the ROIs as visible on Figure 3.7.

The binary CST mask, illustrated for one patient on Figure 3.8, can then be used to
determine the different dMRI metrics and to analyze their longitudinal evolution.
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Figure 3.6: Illustration of (A) affine transformations; (B) diffeomorphic transformations,
adapted from [126]

Figure 3.7: Illustration of the registration corrections on the frontal lobe of patient 20.03.01
at T1

Moreover, as the patients in this study present sizable lesions in the right or left brain
hemisphere, the metric results will be calculated as mean values from the ipsilesional
and contralesional sides, as ratios between the ipsilesional and contralesional hemi-
spheres (rM), and as ratios of asymmetry between the ipsilesional and contralesional
hemispheres (aM):
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Figure 3.8: Registered corticospinal tract ROI for patient 20.03.01 at T1

rM =
Mipsilesional

Mcontralesional

, aM =
Mipsilesional −Mcontralesional

Mcontralesional +Mcontralesional

(3.1)

where M stands for metric.

3.4.1 DTI metric maps

As previously mentioned, the Diffusion Tensor Imaging model metrics are directly com-
puted using the dti ElikoPy function. This function outputs different metric maps used
to characterize the microstructural integrity of the ROIs:

• MD: Mean Diffusivity map
• AD: Axial Diffusivity map
• RD: Radial Diffusivity map
• FA: Fractional Anisotropy map
• FA RGB: Fractional Anisotropy RGB map

The DTI metric maps are illustrated on Figure 3.9 and detailed information about the
interpretation of these metrics is regrouped in Section 1.2.2.

Figure 3.9: Diffusion Tensor Imaging (DTI) metric maps of patient 20.03.01 at T1
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3.4.2 NODDI metric maps

Computation of the Neurite Orientation Dispersion and Density Imaging (NODDI)
model using the noddi ElikoPy function outputs the following metric maps:

• ODI: Fiber Orientation Dispersion Index map
• fextra: Extra cellular volume fraction map
• fintra: Intra cellular volume fraction map
• fiso: Free water volume fraction map

Figure 3.10 shows the maps of the metrics mentioned here above. Detailed explanation
about the NODDI model can be found in Section 1.3.1.

Figure 3.10: NODDI metric maps of patient 20.03.01 at T1

3.4.3 DIAMOND metric maps

The ElikoPy pipeline was used to obtain multiple metric maps from the DIstribution of
3D Anisotropic MicrOstructural eNvironments in Diffusion-compartment (DIAMOND)
imaging model via the diamond ElikoPy function:

• fractions: Fraction of volume for each compartment (frac_f0: First
fiber population; frac_f1: Second fiber population; frac_csf: CSF
compartment)

• t0: First fiber population tensors
• t1: Second fiber population tensors

The major interest in using the DIAMOND multi-compartment model in this study
is the fact that it allows the extraction of the DTI metrics using the output metric
maps listed here above. As discussed in Section 1.3.2, the DIAMOND model offers
the possibility of considering two different fiber populations thus overcoming the main
limitation DTI (i.e. characterization of the diffusion in voxels with crossing fibers). The
improved DTI metrics computed using the DIAMOND outputs are noted wMD, wAD,
wRD and wFA which are computed using the following formula:
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wM =
fracf0 × cM(fracf0) + fracf1 × cM(fracf1)

fracf0 + fracf1
, (3.2)

where wM represents the resulting weighted DTI metric maps computed using the
DIAMOND outputs and cM the DTI metric maps for each fiber population. As visible
in Equation 3.2, the two fiber populations fractions are used as weights to determine
the new metric maps. Figure 3.11 shows the relevant DIAMOND metric maps:

Figure 3.11: DIAMOND metrics maps of patient 20.03.01 at T1

3.4.4 MF metric maps

Finally, the Microstructure Fingerprinting (MF) model (see Section 1.3.3) is computed
using the fingerprinting ElikoPy function. The outputs of the MF model are:

• frac_f0: First fiber population
• frac_f1: Second fiber population
• fvf_f0: First fiber population volume fraction
• fvf_f1: Second fiber population volume fraction
• fvf_tot: Total fiber volume fraction

As the interpretation of these metric maps is not straightforward, a new metric is
computed as a combination of the outputs of the MF model. This metric is noted
wfvf and is determined as follows:

wfvf =
fracf0 × fvff0 + fracf1 × fvff0

fracf0 + fracf1
. (3.3)

This weighted total fiber volume fraction metric gives better interpretation of the pro-
portion of both fiber populations within each voxel. The MF model metric maps are
shown on Figure 3.12.

3.5 Statistical analysis
Since the main purpose of this study is to assess the efficacy of the HABIT-ILE reha-
bilitation treatment on stroke recovery, the statistical significance of the longitudinal
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Figure 3.12: MF metrics maps of patient 20.03.01 at T1

evolution of dMRI metrics characterizing brain microstructural changes must be deter-
mined. The statistical significance of the evolution of metrics across the control and
case populations and across the different acquisition times is evaluated using two sample
independent t-tests. Two sample independent t-tests allow the comparison of the mean
measurement between two populations in order to determine if the means of the two
populations are statistically different. The comparison is quantified through a t-score
and a p-value computed using the following formula [127]:

t =
Xdiff

sdiff/
√
n
; p− value = P (T ≤ (or ≥)t|H0), (3.4)

where Xdiff is the sample mean the differences, sdiff is the sample standard deviation of
the differences, n is the sample size, T is the reference value of the test statistic, H0 is the
null hypothesis that the two population means are equal. The comparison between the
obtained p-value and the significance level set by the user (α = 0.05 in this case) allows
to infer on the significance of the difference between the mean of metrics originating
from different populations. The evolution of the different metrics from the various
dMRI models can thus be correctly assessed as the statistically significant changes are
highlighted. The independent t-tests were computed using the scipy.stats Python
package.
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RESULTS

This chapter reports the results for the different regions of interest (ROIs) obtained by
following the preprocessing methodology and by applying the multiple DW-MRI models
detailed in Section 3.4. Results are reported on boxplots showing the longitudinal
evolution of metrics across populations. Statistical significance is assessed through the
use of t-tests which are directly added on the plots using the following notation:

• ns: Not significant, 0.05 < p ≤ 1
• *: 0.01 < p ≤ 0.05
• **: 0.001 < p ≤ 0.01
• ***: 0.0001 < p ≤ 0.001

As the corticospinal tract (CST) is the spotlight of this study, only the boxplots obtained
using the DW-MRI models for the CST are included in this section. The boxplots
for the Superior Cerebellar Pedunculus (sCP), Inferior Cerebellar Pedunculus (iCP),
Middle Cerebellar Pedunculus (mCP), Cortico Ponto Cerebellum (CPC) and Superior
Longitudinal Fasciculus I (SLF I) can be found in the Appendices A (DTI results), B
(NODDI results), C (DIAMOND results) and D (MF results).

4.1 DTI results
Firstly, Mean Diffusivity (MD), Axial Diffusivity (AD, expressed in mm2/s), Radial
Diffusivity (RD, expressed in mm2/s) and Fractional Anisotropy (FA) results are de-
tailed for the corticospinal tract (CST), Superior Cerebellar Pedunculus (sCP), Middle
Cerebellar Pedunculus (mCP), Inferior Cerebellar Pedunculus (iCP), Cortico Ponto
Cerebellum (CPC) and Superior Longitudinal Fasciculus I (SLF I).

4.1.1 Fractional Anisotropy

Fractional Anisotropy (FA) values in CST (see Figure 4.1) indicate a slight decrease on
the ipsilesional and contralesional sides for both populations. Moreover, no significant
changes occurred in the case population after the HABIT-ILE rehabilitation session
(between T0 and T1 for the case population) on either side of the brain. However, the
control population experienced a significant decrease in FA on the contralesional side
after the rehabilitation process. Regarding the cerebellar WM pathways (see Figures
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A.1 and A.2), similar trends of FA values can be observed. Indeed, the four ROIs
indicate a slight FA decrease on both sides with no significant changes induced by the
rehabilitation method for the case population. The control population shows significant
decrease in FA between T2 and T3 on the ipsi- and contralesional sides. On the other
hand, the Superior Longitudinal Fasciculus I (SLF I) (see Figure A.3) did not show
significant FA variations.

Figure 4.1: Fractional Anisotropy (FA) boxplots in the Corticospinal Tract (CST) on the
ipsi- and contralesional sides for both patient populations

4.1.2 Mean Diffusivity

Mean diffusivity (MD) values in the CST (see Figure 4.2) show a significant increase on
the contralesional side after the HABIT-ILE treatment for the case population (between
T0 and T1) but indicate a decrease for the control population (between T2 and T3).
Similar MD trends are observable on Figures A.4 and A.5 on both ipsi- and contrale-
sional sides. The SLF I reported significantly increased MD values on the contralesional
side after the rehabilitation process for the case population, as visible on Figure A.6.

Figure 4.2: Mean Diffusivity (MD) boxplots in the Corticospinal Tract (CST) on the ipsi-
and contralesional sides for both patient populations

4.1.3 Axial Diffusivity

On both ipsilesional and contralesional sides, the mean Axial Diffusivity (AD) values
in the CST (see Figure 4.3), CP (see Figures A.7 and A.8) and SLF I (see Figure
A.9) significantly increase after the HABIT-ILE method in the case population and an
opposite trend is observable for the control population in all regions except from the
SLF I.
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Figure 4.3: Axial Diffusivity (AD) boxplots in the Corticospinal Tract (CST) on the ipsi-
and contralesional sides for both patient populations

4.1.4 Radial Diffusivity

Similarly to the AD variations, the Radial Diffusivity (RD) mean values showe signif-
icant increases in the CST (see Figure 4.4) and the CP (see Figures A.10 and A.11),
on both sides of the brain after the rehabilitation process in the case population. The
control population, however, follows an opposite trend as the RD mean values decrease
in those regions. Although no significant changes occur in the SLF I (see Figure A.12),
mean RD values show a slight increase on the ipsilesional and contralesional sides.

Figure 4.4: Radial Diffusivity (RD) boxplots in the Corticospinal Tract (CST) on the ipsi-
and contralesional sides for both patient populations

4.2 NODDI results
This second section regroups and details the results of the WM analysis obtained using
the NODDI model in the corticospinal tract (CST), Superior Cerebellar Pedunculus
(sCP), Middle Cerebellar Pedunculus (mCP), Inferior Cerebellar Pedunculus (iCP),
Cortico Ponto Cerebellum (CPC) and Superior Longitudinal Fasciculus I (SLF I). The
metrics analyzed are the intracellular volume fraction (fintra), extracellular volume frac-
tion (fextra), free water volume fraction (fiso) and fiber orientation dispersion index
(ODI).

4.2.1 Fiber Orientation Dispersion Index

Figure 4.5 shows the fiber Orientation Dispersion Index (ODI) results in the CST. A
slight decrease in ODI can be observed on Figure 4.5 on the contralesional and ipsile-
sional sides between T0 and T1 for the case population. In comparison, the control
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population indicates a significant increase in ODI on both sides after undergoing the
HABIT-ILE rehabilitation. The cerebellar peduncles WM pathways show similar ten-
dencies with statistically significant reduction in ODI before and after rehabilitation on
the contralesional and ipsilesional sides for the case population in the inferior, middle
and superior cerebellar peduncles (see Figures B.1 and B.2). The control population
displays a significant increase in ODI after the rehabilitation process. Although no sig-
nificant changes can be observed in the SLF I, reduction in ODI mean values on both
sides and for both population are observable on Figure B.3.

Figure 4.5: Fiber Orientation Dispersion Index (ODI) boxplots in the Corticospinal Tract
(CST) on the ipsi- and contralesional sides for both patient populations

4.2.2 Extracellular Volume Fraction

The case population presents significant increases in mean fextra values on both hemi-
spheres post rehabilitation and in all ROIs except from the iCP and the SLF I, as
visible on Figures 4.6, B.4, B.5 and B.6. On the other hand, the case population is
characterized by significant decreases in fextra on both sides and in all ROIs except from
the SLF I.

Figure 4.6: Extracellular volume fraction (fextra) boxplots in the Corticospinal Tract (CST)
on the ipsi- and contralesional sides for both patient populations

4.2.3 Intracellular Volume Fraction

The Intracellular Volume Fraction (fintra) is characterized by globally decreasing mean
values on both sides for the case population. In the CST (see Figure 4.7), the contrale-
sional side is more impacted by this decrease as it is indicated as more significant by the
statistical tests. The other ROIs, except from the SLF I, indicate significant decreased
mean values after rehabilitation on both sides for the case population. In contrast, the
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control population shows increasing fintra mean values which are reported as significant
on the contralesional side in the CST and the CPC, on both sides in the iCP, mCP and
sCP (see Figure B.7, B.8) and as not significant in the SLF I (see Figure B.9).

Figure 4.7: Intracelullar volume fraction (fintra) boxplots in the Corticospinal Tract (CST)
on the ipsi- and contralesional sides for both patient populations

4.2.4 Free Water Volume Fraction

The free water volume fraction (fiso) did not present a lot of variation across acquisition
times and ROIs. Indeed, no significant changes were reported on either side of the
corticospinal tract (see Figure 4.8), the superior longitudinal fasciculus I (see Figure
B.12) and the cortico ponto cerebellum pathway. The iCP and sCP presented significant
results on the ipsilesional side as (fiso) increased after the HABIT-ILE treatment for
the case population in both ROIs and decreased in the sCP and mCP for the control
population (see Figures B.10 and B.11).

Figure 4.8: Free water volume fraction (fiso) boxplots in the Corticospinal Tract (CST) on
the ipsi- and contralesional sides for both patient populations

4.3 DIAMOND results
As explained in Section 3.4.3, the DTI metrics (MD, AD, RD and FA) can be recom-
puted using the tensors of the two fiber populations modeled using DIAMOND. These
adjusted or weighted DTI metrics are noted wMD, wAD, wRD and wFA and their
changes are reported in the corticospinal tract (CST), Superior Cerebellar Pedunculus
(sCP), Middle Cerebellar Pedunculus (mCP), Inferior Cerebellar Pedunculus (iCP),
Cortico Ponto Cerebellum (CPC) and Superior Longitudinal Fasciculus I (SLF I).
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4.3.1 Weighted Fractional Anisotropy

The weighted Fractional Anisotropy (wFA), as illustrated on Figures 4.9, C.1, C.2 and
C.3, did not present many significant results. The control population showed significant
decreases in wFA mean values on the contralesional side of the CST and iCP as well
as in the mCP (see Figure C.2). The mCP also also shows some increased mean wFA
values after the rehabilitation method.

Figure 4.9: Weighted Fractional Anisotropy (wFA) boxplots in the Corticospinal Tract (CST)
on the ipsi- and contralesional sides for both patient populations

4.3.2 Weighted Mean Diffusivity

Weighted Mean Diffusivity (wMD) mean values show a significant decrease on the ipsile-
sional and contralesional sides of the CST for the control population after rehabilitation
whereas no significant changes were observed for the case population (see Figure 4.10).
In contrast, the CPC shows increasing wMD values on the contralesional side for the
case population and decreasing wMD values on the ipsilesional side for the control pop-
ulation. As visible on Figures C.4 and C.5, the iCP, mCP and sCP present a similar
evolution as the mean wMD values increase on both sides for the case population but
decrease on the contralesional side for the control population. The SLF I does not show
any significant change.

Figure 4.10: Weighted Mean Diffusivity (wMD) boxplots in the Corticospinal Tract (CST)
on the ipsi- and contralesional sides for both patient populations

4.3.3 Weighted Axial Diffusivity

Figure 4.11, C.7 and C.8 indicate a significant decrease in weighted Axial Diffusivity
(wAD) between T2 and T3 on both sides of the brain for the control population, in
all regions except from the SLF I. Furthermore, the mean wAD values for the case
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population presents an increase on the ipsilesional and contralesional sides of the iCP,
mCP and sCP after rehabilitation.

Figure 4.11: Weighted Axial Diffusivity (wAD) boxplots in the Corticospinal Tract (CST)
on the ipsi- and contralesional sides for both patient populations

4.3.4 Weighted Radial Diffusivity

Finally, boxplots of the weighted Radial Diffusivity (wRD) do not present large vari-
ations with the exception of an increase in wRD on the contralesional side of the iCP
between T0 and T2 and on the ipsilesional side of the sCP between T0 and T1 for the
case population (see Figures 4.12, C.10, C.12). The mCP also shows some changes in
wRD as depicted on Figure C.11, it similarly increases between T0 and T1 for the case
population and decreases between T2 and T3 for the control population.

Figure 4.12: Weighted Radial Diffusivity (wRD) boxplots in the Corticospinal Tract (CST)
on the ipsi- and contralesional sides for both patient populations

4.4 Microstructure Fingerprinting results
Lastly, the MF model is used to characterize the composition of each voxel. More
precisely, MF metrics detail the fraction of occupancy of the voxel by the first (frac_f0)
and second (frac_f1) fascicle populations as well as the CSF (frac_csf), the total fiber
volume fraction (fvf_tot) and the weighted total fiber volume fraction (wfvf) which does
not take the CSF compartment into consideration. As for the other microstructural
models, the case and control populations show different results after rehabilitation.
Moreover, less variations were observed using the MF model as no significant changes
were reported for frac_f0 in any of the ROIs and for any metrics in the SLF I.
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4.4.1 First Population Fraction

As visible on Figure 4.13, no significant changes on either sides of the brain occurred
in the CSF. Furthermore, no significant variations were reported in the CP and SLF I
as shown on Figures D.1, D.2 and D.3.

Figure 4.13: Fraction of occupancy of the first fascicle population (frac_f0) boxplots in the
Corticospinal Tract (CST) on the ipsi- and contralesional sides for both patient populations

4.4.2 Second Population Fraction

Variations in frac_f1 are visible on Figure 4.14 which shows decreased and increased
mean values on the contralesional side of the CST for the case and control populations
respectively. In the CPC, iCP, mCP and sCP, these two populations experienced similar
evolution on the contra- and ipsilesional sides of the brain (see Figures D.4, D.5 and
D.6)

Figure 4.14: Fraction of occupancy of the second fascicle population (frac_f1) boxplots
in the Corticospinal Tract (CST) on the ipsi- and contralesional sides for both patient
populations

4.4.3 Free Water Fraction

The free water compartment did not undergo large variations across populations and
regions. Indeed, as depicted on Figure 4.15 and D.9, no significant changes occurred
in the CST or the SLF I. Some variations are visible in the sCP as decreases on the
ipsilesional and contralesional sides were recorded for the control population between
T2 and T3 (see Figures D.7 and D.8).
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Figure 4.15: Fraction of occupancy of the CSF (frac_csf) boxplots in the Corticospinal
Tract (CST) on the ipsi- and contralesional sides for both patient populations

4.4.4 Total Fiber Volume Fraction

The total fiber volume fraction (fvf_tot) shows decreased mean values on the contrale-
sional side of the CST after rehabilitation, for the case population (see Figure 4.16).
The CPC, iCP, mCP and sCP show decreased mean fvf_tot values on both sides of the
brain between T0 and T1 for the case population and increased mean values between
T2 and T3 for the control population, as visible on Figures D.10 and D.11.

Figure 4.16: Total fiber volume fraction (fvf_tot) boxplots in the Corticospinal Tract (CST)
on the ipsi- and contralesional sides for both patient populations

4.4.5 Weighted Total Fiber Volume Fraction

The weighted total fiber volume fraction (wfvf) metric shows less marked variations
than the other metrics as only the case population displayed some significant changes
in the CST and the CP pathways. Indeed, Figure 4.17 reports decreased wfvf mean
values on the contralesional side of the CST, Figure D.13 similarly shows decreased
mean values on both sides of the brain between T0 and T1 in the CPC, sCP and iCP,
and Figure D.14 shows decreased values between T0 and T1 for the case population
and increased value between T2 and T3 for the control population in the mCP.
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Figure 4.17: Weighted total fiber volume fraction (wfvf) boxplots in the Corticospinal Tract
(CST) on the ipsi- and contralesional sides for both patient populations
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DISCUSSION

As the results presented in Chapter 4 indicate variations in the effect of the rehabili-
tation process on the various metrics extracted from the multiple DW-MRI models, a
detailed review must be made in order to investigate the consistency of the reported
results. Indeed, multiple metrics report opposite trends for the case and control pop-
ulation upon comparison of the results before and after rehabilitation. On this basis,
two hypotheses can be formulated: either all of the reported results are accurate and
some patient simply show different responses to the HABIT-ILE treatment, or one of
the populations contains some inconsistencies which directly impact the processing of
the data and, consequently, lead to erroneous interpretation of the results. This sec-
tions aims at offering a detailed interpretation of the biological meaning of the results,
providing insights on the hypotheses made, discussing the limitations of the conducted
study and proposing a developed discussion about possible future perspectives.

5.1 DTI analysis
The evolution of the Diffusion Tensor Imaging metrics is used to infer on the mi-
crostructural integrity of the brain white matter. As previously mentioned, Fractional
Anisotropy (FA) and Mean Diffusivity (MD) metrics are sensitive to the orientation
and the degree of density of both axonal and myelin characteristics of WM tracts. FA
is generally interpreted as a measure of WM axonal integrity and organization, and also
reflects the distribution of Axial Diffusivity (AD) and Radial Diffusivity (RD) changes.
AD represents the overall axon integrity and decreased AD values are often associated
with axonal damage and degeneration. RD, on the other hand, is more specific to the
myelin sheath integrity and to the degree of myelination. The more general MD metric
can then be seen as an indicator of cell membrane deterioration since it is sensitive
to inflammation, edema, and necrosis. The comparison of the patients’ DTI results
before and after undergoing the HABIT-ILE rehabilitation method indicate opposite
tendencies when comparing the case and control populations across the different re-
gions of interest. These differences in DTI metrics evolution can thus be interpret as
two distinct scenarios in which different biological phenomena take place.

The CPC and the SLF I pathways show less variation than the CST, iCP, mCP and
sCP regions. On the one hand, the case population show increased RD and MD on
the contralesional side, increased AD on both sides and no significant changes in FA.
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These changes can be interpreted as myelin sheath impairment on the contralesional
side coupled with axonal regeneration on both sides of the brain. On the other hand,
the control population is characterized by significant reductions in all of the DTI met-
rics mainly on the contralesional side of the brain. Biologically, this illustrates a loss of
axonal integrity combined with a higher degree of fiber density.

Even though both populations show contrasted results, these results stay consistent
throughout the different regions of interest investigated. Depending on the population,
these regions thus seem to experience similar biological changes due to the rehabilita-
tion method. Moreover, the fact that the CPC and SLF I pathways are less impacted
indicates that primary motor WM tract such as the CST, iCP, mCP and sCP experi-
ence more changes due to the rehabilitation process. However, as discussed in Section
1.2.2, the Diffusion Tensor Imaging models comprises some major limitations directly
impacting the biological interpretability of its metrics. Indeed, inaccuracies in the mod-
eling of complex fiber orientation and architecture may lead to misinterpretations of
the actual anatomical microstructure. These limitations are especially impactful in the
study of altered WM integrity after stroke as WM pathways experience heterogeneous
and complex degeneration (and regeneration) mechanisms. Furthermore, although DTI
metrics can be used to correctly assess the impact of the lesion on the CST after stroke
up to a certain extent, its capability to accurately characterize complex microstructural
rearrangement after stroke still needs further investigation.

5.2 NODDI analysis
The NODDI model yields information about the fiber orientation through the ODI
and about the volume fraction of fibers (fintra), microglial cells (fextra) and CSF (fiso)
in every voxel. Similarly to the obtained DTI results, the two patient populations re-
ported diverging trends across the ROIs with the exception of the SLF I in which no
significant changes were reported for either population. Moreover, changes in one of the
three volume fractions were consistently accompanied by an opposite change in another
volume fraction. This indicates sound and logical variations in the neurite populations
within each voxel. As explained in Section 1.3.1, fintra represents the intraneurite com-
partment and increases in the volume fraction associated to this compartment can thus
be assimilated to axonal regeneration. Secondly, fextra changes are related to variations
in the proportion of microglial cells which, in turn, impacts the integrity of the myelin
sheath. Thirdly, changes to the free water compartment, assimilated to the CSF, are
represented through fiso which balances the changes in intra- and extracellular compart-
ments.

The case population is characterized by decreased fintra mean values in the CST, CPC,
iCP, mCP and sCP regions, translating decreased proportions of WM fibers on both
sides of the brain. These same regions show increased fintra and fiso values indicating
increasing proportions of microglial cells and free water. In contrast, the control popu-
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lation shows axonal regrowth in the same regions as fintra increases significantly after the
rehabilitation process. Moreover, this change in fintra is followed by a decrease in fextra

thus indicating altered myelin integrity. This observed evolution might be explained by
axonal swelling, causing a reduction in extracellular water component due to anomalous
transmembrane diffusion, which has already been reported in other studies [128]. Fi-
nally, the ODI decreased for most of the regions in the case population but significantly
increased for the control population. Increased ODI values may indicate loss of tissue
structural integrity.

As for the DTI model, the NODDI multi-compartment models involves some lim-
itations. Indeed, this model relies on strict assumptions on the diffusivities of the
compartments based on normal brain tissues. The adaptability of this model to the
characterization of WM integrity in the case of severe stroke infarct is thus not guar-
anteed as the complex organization of brain tissues might not be accurately modeled
leading to altered interpretation of the underlying biological phenomena.

5.3 DIAMOND analysis
The metrics obtained using the DIAMOND model were, as explained in Section 3.4.3,
used to compute the adjusted DTI metrics: wMD, wAD, wRD and wFA. Upon com-
parison with the associated DTI metrics, DIAMOND metrics show similar but fewer
variations in the ROIs and no variation in the SLF I. Moreover, the weighted DTI
metrics obtained using DIAMOND share a similar biological interpretation with the
regular DTI metrics.

The case population shows increases in wAD, wMD and wRD with no change in wFA
thus indicating axonal regeneration and loss of myelin sheath integrity in all ROIs ex-
cept from the SLF I. On the other hand, the control population indicates reduced wAD
and wMD on both hemispheres of the brain accompanied with wFA reduction and wRD
decrease on the contralesional side of the iCP as well as in the mCP. These results in-
dicate a loss of fiber microstructural integrity combined with a higher myelin sheath
integrity on the contralesional side of the iCP and in the mCP.

Despite the fact that the DIAMOND model does not rely on assumptions regarding
the underlying diffusivity in each voxel which allows for the modeling of more complex
microstructural architecture, the number of compartment still has to be defined by the
user. In this case, the number of compartments was set to 3 (isotropic, hindered and
restricted diffusion) and this might constitute a limitation to the capture of the complex
mechanisms of WM fibers rearrangement after stroke.
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5.4 MF analysis
The last model used to obtain results is the Microstructure Fingerprinting model which
represents the fascicles as a hexagonal packing of cylinders. Using this model, the vol-
ume fractions of the fascicle populations (frac_f0 and frac_f1) and the CSF (frac_csf)
can be extracted and their evolution can be compared after the HABIT-ILE rehabili-
tation method. In addition, the total volume fraction of fibers (fvf_tot) as wall as the
weighted total fiber volum fraction (wfvf) are used to characterize the WM evolution
in each voxel.

In comparison to the other microstructural models, the MF model reports less sig-
nificant changes for both population. First of all, the case population is characterized
by overall decreasing metrics after rehabilitation. Biologically, this indicates smaller
compartments dedicated to fibers in voxels along with a decrease in the concentration
of fibers. On the opposite, the control population indicates increasing fiber volume
fractions in the CST, CPC, sCP, mCP and iCP after rehabilitation as well as globally
increased wfvf mean values. These changes seem to translate the fact that axonal re-
generation took place in the fiber population compartments.

The MF model is based on the use of a dictionary build through the use of Monte
Carlo simulations of the random walk of water molecules. This technique allows the
modeling of the underlying microarchitecture without the need of a priori knowledge
regarding the structure of the tissue and the diffusion properties of water molecules.
However, although the mean values of the results obtained using the MF model were
similar across populations, the presence of outliers for multiple acquisition times im-
pacted the results. The latter must thus be interpreted with caution.

5.5 Summary
As demonstrated by the results, the effects of the HABIT-ILE rehabilitation method
on the WM microstructure of the ROIs are not straightforward to interpret. Indeed,
various metrics from different models show diverging trends of evolution after rehabili-
tation. Moreover, the microstructural DW-MRI models show varying sensitivity in the
characterization of the underlying tissue architecture as DIAMOND and MF presented
less significant results than other models, for example. Moreover, some metrics follow
similar trends across all of the considered regions of interest (e.g. MD from the DTI
model) whereas other metrics do not show any significant changes in the ROIs (e.g.
frac_f0 from the MF model). Metrics generally describing similar biological concepts
also show some contradiction upon comparison between models (e.g. RD from the DTI
model and fextra from the NODDI model). These inconsistencies illustrate the fact the
models used in this study give complementary information regarding the underlying
microstructure of the studied tissues.

Both populations displayed the majority of their changes in the corticospinal tract
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(CST) and cerebellar peduncles (CP). This highlights the fact that the brain WM re-
gions directly responsible for the transmission of motor information experienced more
microstructural changes. Indeed, the CST is the main neuronal pathway responsible
for the transfer of voluntary motor outcome from the cortex into the spinal cord and
the CP, although each peduncle has its own function, form the collection of afferent and
efferent tracts of the cerebellum which plays a key role in the transmission of motor
information. In contrast, the cortico-ponto cerebellar (CPC) pathway and the supe-
rior longitudinal fasciculus I (SFL I), two areas carrying information related to motor
spatial information, balance, regulation of motor control, perception and cognition re-
ported less pronounced changes.

The analysis of the overall biological changes after the HABIT-ILE rehabilitation treat-
ment reported by the case population indicate loss of density in WM fibers, loss of myelin
sheath integrity and mixing results regarding axonal degeneration. These results seem
to translate an overall negative evolution in motor recovery. The control population,
on the other hand, shows signs of axonal regrowth, increased fiber density as well as
improved myelin sheath integrity indicating better information transfer through the
WM pathways. Revisiting the hypotheses set at the beginning of this section, some
possible explanatory tracks can be developed in order to conclude this study. A first
possible explanation would be that the results of the case or control population are
erroneous thus implying that the rehabilitation treatment may have overall positive or
neutral effects on the brain microstructure. Secondly, the results could be explained by
the fact that patients may react differently to the rehabilitation method which could be
helpful for some patients but ineffective for other patients which would still experience
WM degeneration induced by stroke. Finally, a third explanation would be that the
methods used in this study do not enable a complete and accurate assessment of the
effects of the HABIT-ILE treatment on the expected motor outcomes of the patients.

5.6 Limitations
Although the limitations of each model have already been detailed in the previous sec-
tions, limitations inherent to the data and methods used in this study still remain. An
overview of the limitations of this study may give further insight on the contrasted
results obtained.

Firstly, as mentioned in Section 2.2.5, some limitations are specific to the framework
of stroke study. Similarly to other studies in this field, the present work is directly
impacted by the heterogeneity of the stroke patients as well as the lesions presented
by these patients. Indeed, the patients studied in this work suffer from hemorrhagic
and ischemic strokes in different regions of the brain and present differences in age and
in duration from the stroke onset. Furthermore, due to the multiple drop outs that
occurred prior to the first acquisition sequence (T0) as well as in between subsequent
acquisition sequences (T1, T2 and T3), this study only has access to a relatively small
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sample size. This small sample size considerably limits the statistical interpretability of
the obtained results and, as some scans are missing for multiple patients, the accuracy
of the longitudinal study is limited. Indeed, patients constituting the case and control
populations vary from one acquisition time to the other which then limits the accuracy
of the statistical tests performed.

Secondly, other limitations are proper to the raw data used in this study. A first
visual quality check of the raw MRI data indicated that some significant imperfections
were detected for the first acquisition session of multiple patients. As shown in Figure
3.4, an important number of slices were missing from the scans in multiple patients
(20.01.01.E0, 20.02.01.E0, 20.03.01.E0, 20.05.02.E0, 20.07.01.E0 ) from the case pop-
ulation. Since these incomplete scans were removed from this study, only two patients
remained in the case population at time T0 which considerably diminishes the analysis
of the efficacy of the HABIT-ILE treatment for the case population. Other defects were
noticed at time T0 as illustrated on Figure 5.1. The latter shows that the resolution
of the different views varied from the first acquisition time (T0) to the other acquisi-
tion times. Furthermore, the base of these scans show the presence of some noise and
artifacts affecting the extraction of the data at the base of the brainstem.

Figure 5.1: Imperfections of the first acquisition session illustrated for patient 20.06.01 at
times T0 and T1

These imperfections recorded during the acquisition of the data combined with the ar-
tifacts generally affecting MR images (see Section 1.1.9) might have some impact on
the preprocessing, registration and processing of the data.

In that regard, the preprocessing performed using the ElikoPy pipeline also showed
some imperfections as the brain masks and WM masks used in this work did not per-
fectly correspond to the biological truth in some cases. Moreover, the quality report
obtained after performing the preprocessing indicate substantial translational and rota-
tional patient movements during the acquisition scans. The correction of these motion
artifacts may not be perfect thus impacting the following processing steps.

Another key aspect of this study was the registration of the atlas maps from the MNI
space towards the patients’ native space. As previously mentioned, the imperfections
related to data acquisition and preprocessing have a direct impact on the quality of the
registration step. Furthermore, due to the number of registered regions, visual quality
checks were not performed at every step of the registration process. Consequently, the

79



CHAPTER 5. DISCUSSION

parameters set to perform the automatic registration of the ROIs may have a significant
impact on some of the registered regions. First, the atlas maps used are probabilistic
maps which were then binarized according to an arbitrary threshold introducing a cer-
tain degree of uncertainty into the obtained registered regions. Secondly, the brains
of the patients in this study present some severe alteration due to the impairments
caused by stroke and the automatic registration of healthy reference brain regions on
a brain presenting microstructural and macrostructural damage is still to be improved.
Moreover, no hand-drawn or semi-automatically generated lesion masks were available
for this study. The use of lesions masks has been reported to improve the accuracy of
the registration of brain regions directly impacted and surrounding the stroke lesions.
To overcome this limitation, the registration process was composed of an affine and a
diffeomorphic step. The latter allowed the identification of the "most probable region"
corresponding to the reference atlas map. On the one hand, this method allowed for
the identification of ROIs even in brain regions presenting substantial alteration but,
on the other hand, the identification of these regions is only probabilistic and may not
correctly represent the underlying tissue architecture. Figure 5.2 illustrates this with a
concrete example: the purely affine registration of the CST is compared to the affine
and diffeomorphic registration of the CST for the same patient. As depicted by this
example, the diffeomorphic step allows the definition of a ROI that circumvents the
lesioned area of the brain whereas the purely affine registration tends to pass through
the lesion. Although this allows for the identification of less affected ROIs, it may not
correspond to the biological truth. The definition of ROIs containing patients’ lesions
may have lead to different results and interpretations. At last, the registered regions
compared between the different acquisition times (T0, T1, T2 and T3) are not exactly
identical. The averages of the different metrics are thus computed and compared on
slightly varying brain regions.

Figure 5.2: Purely affine registration (red) compared to affine and diffeomorphic registration
(green), illustrated for patient 20.02.02 at times T0

On the latter point, the regions studied were selected based on the reported results
found in the literature (see Section 2.2) and regarding the availability in online ref-
erence atlas maps corresponding to these regions. Some regions for which significant
microstructural changes were reported in other studies were not used to perform the
analysis conducted in the present work. For example, the corpus callosum (CC) which
plays a key role in the execution of bi-manual motor tasks could provide additional
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information on the effects of the rehabilitation process. Unfortunately, the atlas maps
of the CC available online were not initially set in the MNI space and the registration
process of these maps towards patients’ native space did not yield satisfying results
as illustrated in Appendix E. Other suggested improvements regarding the selection of
regions of interest are discussed in the following section.

Finally, one could discuss the fact that only one rehabilitation method was assessed
in this study. Indeed, as the HABIT-ILE rehabilitation method was originally devel-
oped for the reeducation of children with cerebral palsy (CP), comparing the present
results with results obtained using another rehabilitation method could give further
insight on the advantages and disadvantages of the HABIT-ILE method and on its
efficacy for adult stroke patients. Furthermore, the results of the multiple behavioral
tests discussed in Section 3.1.3 were not available. The correlation between the evolu-
tion of the multiple DW-MRI models metrics and the behavioral scores was thus not
investigated. This additional analysis may assist in the confirmation or the rebuttal of
the obtained findings and their interpretation.

5.7 Future Perspectives
In accordance to the limitations stated in the previous section, various improvement
perspectives are discussed for further DW-MRI research opportunities in the framework
of stroke characterization.

Naturally, increasing the number of patients available for this study, ensuring non
varying patient populations for the different acquisition sessions and reducing the het-
erogeneity of the patients studied would allow for an increased statistical accuracy in
this longitudinal study. Furthermore, the acquisition sequence used in this study was
initially designed for the the measurement of DW-MRI data in young infants. As the
brains of neonates and young infants present higher water contents, a second b-value of
700 s/mm2 is chosen over the more generally used 1000 s/mm2 b-value. However, this
study focuses on adult patients and the use of an additional b-value of 1000 s/mm2 may
help in obtaining a better characterization of the brain microstructure and in reducing
the risk of systematic errors due to patient motion.

Furthermore, as the heterogeneity of lesions is one of the key limitations in the study
of stroke, the accuracy of the registration process and the selection of the regions of
interest is of the upmost importance. Although very time consuming, hand-drawn ROIs
still present the most reliable results as compared to fully automatic registered ROIs
such as the ones used in this study. However, the definition of the regions of inter-
est can be improved using different techniques. Firstly, the ROIs obtained through
automatic registration can be subdivided into multiple segments studied separately in
order to improve the sensitivity of DW-MRI models to microstructural changes. For
example, the CST can be divided into superior, middle and inferior segments on which
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independent microstructural analysis is performed, thus allowing for finer analysis pos-
sibilities. Secondly, Constrained Spherical Deconvolution tracking algorithms can be
used to identify tract-based ROIs semi-automatically (see Appendix F for more infor-
mation). Using correctly placed seeds, targets, inclusion and exclusion regions, WM
streamlines of interest can be identified. The obtained tractograms can then be used to
determine the quantitative nature of brain streamlines using methods such as Spherical-
deconvolution Informed Filtering of Tractograms (SIFT) [129] or White Matter Query
Language (WMQL) [130], and to define WM tract-based ROIs. In addition, other
techniques such as Tract-Based Spatial Statistics (TBSS) can be used to perform voxel-
based analysis (VBA) of DTI data by analyzing DTI metrics along WM tracts on a
voxel-wise basis [131]. Thirdly, the FreeSurfer software [132] can be used in combination
with the FSL software [133] to perform a complete brain segmentation (see Appendix
G) using brain reference atlases (the Desikan-Killiany atlas and the Destrieux atlas).
Although computationally demanding, the use of the FreeSurfer software package al-
lows the preprocessing of the raw dMRI data and outputs labeled maps of the major
brain regions which can then be used to define precise regions of interest.

Moreover, the combination of whole-brain tractograms and segmented brain maps can
be used to investigate the impact of stroke on the entire brain and its network prop-
erties. Indeed, the development of whole-brain structural connectomes (see Appendix
G for a practical example) gives the opportunity to investigate the underlying network
mechanisms of neural interactions after stroke in the whole brain. Inspiring studies
such as the work performed by Koch et al. [98] and Guggisberg et al. [2] pave the
way towards novel structural and functional assessment of stroke rehabilitation. Con-
cretely, whole-brain structural connectomes can be used in combination with statistical
classifiers, such as the support vector classifier machine classifier, to determine the key
characteristics of the recovery process after stroke. In addition, the use of such sta-
tistical classification allows to identify the patients’ response rate to the rehabilitation
treatment used and this might then be generalized to determine personalized treatment
for each patient. In the present study, this could be used to assess the efficacy of the
HAIT-ILE rehabilitation method for each patient through the identification of neuro-
plasticity mechanisms. Furthermore, the functional network plasticity after stroke can
also be studied and related to the structural changes. Indeed, functional MRI can
be used to gain addition information on the sensorimotor pathways of the brain. A
complete functional and structural analysis of the impact of stroke on neural networks
would constitute a great improvement to this study.

Along those lines, the acquisition of additional data, such as fMRI data, may be of
great assistance in predicting motor outcome after stroke. For example, motor tracts
excitability can be investigated by using Transcranial Magnetic Stimulation (TMS).
Other microstructural models such as Diffusion Kurtosis Imaging and Correlation Ten-
sor MRI [74] could also be a great addition to this study.

Finally, the development of a reference pipeline in the framework of predicting motor
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outcome using DW-MRI in stroke would greatly improve the comparability of studies
in this field.
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CONCLUSION

The quantification of microstructural brain changes provoked by stroke is a fast devel-
oping field of research that has its share of limitations. However, recent developments
in diffusion Magnetic Resonance Imaging modeling techniques and advances towards
the standardization of methods employed in the characterization of stroke induced mi-
crostructural changes allow the achievement of promising advances in the assistance of
stroke recovery.

This Master’s thesis studies the microstructural evolution of 15 patients recovering
from ischemic or hemorrhagic chronic stroke and following the HABIT-ILE motor re-
habilitation method. In this regard, this study begins with a detailed summation of
the theoretical principles of diffusion MRI techniques used throughout this work and
provides a narrative review of the recent advances in this field of research. In the aim of
providing a solid basis to future similar studies, the complete data processing pipeline
methods are illustrated using concrete examples. The detailed methods include expla-
nations regarding the preprocessing of the data performed using the ElikoPy pipeline, an
overview of the registration process and the identification of regions of interest (ROIs)
using standardized atlas maps, and a description of the models used to characterize the
brain microstructural changes and their associated metrics. The obtained results are
then reported for every DW-MRI model (DTI, NODDI, DIAMOND, MF) in all the
selected ROIs (corticospinal tract, cortico-ponto cerebellar pathway, superior cerebellar
peduncle, inferior cerebellar peduncle, middle cerebellar peduncle, and superior longi-
tudinal fascicle I).

The interpretation and discussion of the results is based on the subdivision of patients
into two distinct populations which followed the rehabilitation treatment at different
times. The results of this longitudinal study report contrasted tendencies among the
two populations. Indeed, the first population indicated loss of density in WM fibers, loss
of myelin sheath integrity and mixing results regarding axonal degeneration whereas
the second population showed signs of axonal regrowth, increased fiber density as well
as improved myelin sheath integrity. Both populations displayed the majority of their
changes in brain WM regions associated with primary motor functions but also showed
some variations in secondary motor pathways. However, the comparison and interpre-
tation of the multiple metrics obtained using the different microstructural models still
present some limitations in their capacity to assess and characterize biological changes
and should thus be interpreted with caution. Nevertheless, the findings of this study
highlight the fact that significant WM changes occurred in the investigated ROIs. These
changes indicate an overall degenerative evolution for the first population but present
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a globally positive evolution for the second one.

In light of the obtained results, the present study displays some limitations inherent
to the data used and related to the methods employed for the data processing. The
discussion of these limitations is completed with suggestions for improvement and for
novel research possibilities allowing the complete assessment of the impact of stroke on
the structural and functional integrity of neural networks.

Notwithstanding the experienced difficulties, this study describes a complete proce-
dure for the analysis of microstructural changes in brain regions affected by stroke and
associated with motor functions. It also reports the obtained results and attempts
to accurately interpret these results. This Master’s thesis paves the way for future
researches using DW-MRI techniques to study motor disability from stroke.
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APPENDIX A

DTI ADDITIONAL RESULTS

This appendix contains the boxplots of the DTI metrics in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP), Superior Cerebellar Pedunculus (sCP),
Middle Cerebellar Pendunculus (mCP) and Superior Longitudinal Fasciculus I (SLF I).

A.1 Fractional Anisotropy

Figure A.1: Fractional Anisotropy (FA) boxplots in the Cortico Ponto Cerebellum (CPC),
Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) for both
patient populations

Figure A.2: Fractional Anisotropy (FA) boxplots in the Middle Cerebellar Pedunculus (mCP)
on the ipsi- and contralesional sides for both patient populations
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APPENDIX A. DTI ADDITIONAL RESULTS

Figure A.3: Fractional Anisotropy (FA) boxplots in the Superior Longitudinal Fasciculus I
(SLF I) on the ipsi- and contralesional sides for both patient populations

A.2 Mean Diffusivity

Figure A.4: Mean Diffusivity (MD) boxplots in the Cortico Ponto Cerebellum (CPC), Inferior
Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on the ipsi- and
contralesional sides for both patient populations

Figure A.5: Mean Diffusivity (MD) boxplots in the Middle Cerebellar Pedunculus (mCP)
for both patient populations

Figure A.6: Mean Diffusivity (MD) boxplots in the Superior Longitudinal Fasciculus I (SLF
I) on the ipsi- and contralesional sides for both patient populations
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A.3 Axial Diffusivity

Figure A.7: Axial Diffusivity (AD) boxplots in the Cortico Ponto Cerebellum (CPC), Inferior
Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on the ipsi- and
contralesional sides for both patient populations

Figure A.8: Axial Diffusivity (AD) boxplots in the Middle Cerebellar Pedunculus (mCP) for
both patient populations

Figure A.9: Axial Diffusivity (AD) boxplots in the Superior Longitudinal Fasciculus I (SLF
I) on the ipsi- and contralesional sides for both patient populations
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A.4 Radial Diffusivity

Figure A.10: Radial Diffusivity (RD) boxplots in the Cortico Ponto Cerebellum (CPC),
Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on the ipsi-
and contralesional sides for both patient populations

Figure A.11: Radial Diffusivity (RD) boxplots in the Middle Cerebellar Pedunculus (mCP)
for both patient populations

Figure A.12: Radial Diffusivity (RD) boxplots in the Superior Longitudinal Fasciculus I (SLF
I) on the ipsi- and contralesional sides for both patient populations

xvi



APPENDIX B

NODDI ADDITIONAL RESULTS

This appendix contains the boxplots of the NODDI metrics in the Cortico Ponto Cere-
bellum (CPC), Inferior Cerebellar Pedunculus (iCP), Superior Cerebellar Pedunculus
(sCP), Middle Cerebellar Pendunculus (mCP) and Superior Longitudinal Fasciculus I
(SLF I).

B.1 Fiber Orientation Dispersion Index

Figure B.1: Fiber Orientation Dispersion Index (ODI) boxplots in the Cortico Ponto Cerebel-
lum (CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP)
on the ipsi- and contralesional sides for both patient populations

Figure B.2: Fiber Orientation Dispersion Index (ODI) boxplots in the Middle Cerebellar
Pedunculus (mCP) on the ipsi- and contralesional sides for both patient populations
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Figure B.3: Fiber Orientation Dispersion Index (ODI) boxplots in the Superior Longitudinal
Fasciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations

B.2 Extracellular Volume Fraction

Figure B.4: Extracelullar volume fraction (fextra) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure B.5: Extracelullar volume fraction (fextra) boxplots in the Middle Cerebellar Pedun-
culus (mCP) for both patient populations

Figure B.6: Extracelullar volume fraction (fextra) boxplots in the Superior Longitudinal Fas-
ciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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B.3 Intracellular Volume Fraction

Figure B.7: Intracelullar volume fraction (fintra) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure B.8: Intracelullar volume fraction (fintra) boxplots in the Middle Cerebellar Pedunculus
(mCP) for both patient populations

Figure B.9: Intracelullar volume fraction (fintra) boxplots in the Superior Longitudinal Fas-
ciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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B.4 Free Water Volume Fraction

Figure B.10: Free water volume fraction (fiso) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure B.11: Free water volume fraction (fiso) boxplots in the Middle Cerebellar Pedunculus
(mCP) for both patient populations

Figure B.12: Free Water Volume Fraction (fiso) boxplots in the Superior Longitudinal Fas-
ciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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APPENDIX C

DIAMOND ADDITIONAL RESULTS

This appendix contains the boxplots of the DIAMOND metrics in the Cortico Ponto
Cerebellum (CPC), Inferior Cerebellar Pedunculus (iCP), Superior Cerebellar Peduncu-
lus (sCP), Middle Cerebellar Pendunculus (mCP) and Superior Longitudinal Fasciculus
I (SLF I).

C.1 Weighted Fractional Anisotropy

Figure C.1: Weighted Fractional Anisotropy (wFA) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure C.2: Weighted Fractional Anisotropy (wFA) boxplots in Middle Cerebellar Pedunculus
(mCP) for both patient populations
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Figure C.3: Weighted Fractional Anisotropy (wFA) boxplots in the Superior Longitudinal
Fasciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations

C.2 Weighted Mean Diffusivity

Figure C.4: Weighted Mean Diffusivity (wMD) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure C.5: Weighted Mean Diffusivity (wMD) boxplots in the Middle Cerebellar Pedunculus
(mCP) for both patient populations

Figure C.6: Weighted Mean Diffusivity (MD) boxplots in the Superior Longitudinal Fasci-
culus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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C.3 Weighted Axial Diffusivity

Figure C.7: Weighted Axial Diffusivity (wAD) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure C.8: Weighted Axial Diffusivity (wAD) boxplots in the Middle Cerebellar Pedunculus
(mCP) for both patient populations

Figure C.9: Weighted Axial Diffusivity (AD) boxplots in the Superior Longitudinal Fasciculus
I (SLF I) on the ipsi- and contralesional sides for both patient populations
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C.4 Weighted Radial Diffusivity

Figure C.10: Weighted Radial Diffusivity (RD) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure C.11: Weighted Radial Diffusivity (RD) boxplots in the Middle Cerebellar Pedunculus
(mCP) for both patient populations

Figure C.12: Weighted Radial Diffusivity (RD) boxplots in the Superior Longitudinal Fasci-
culus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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MF ADDITIONAL RESULTS

This appendix contains the boxplots of the MF metrics in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP), Superior Cerebellar Pedunculus (sCP),
Middle Cerebellar Pendunculus (mCP) and Superior Longitudinal Fasciculus I (SLF I).

D.1 First Population Fraction

Figure D.1: First population fraction (frac_f0) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure D.2: First population fraction (frac_f0) boxplots in the Middle Cerebellar Pedunculus
(mCP) for both patient populations
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Figure D.3: First population fraction (frac_f0) boxplots in the Superior Longitudinal Fas-
ciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations

D.2 Second Population Fraction

Figure D.4: Second population fraction (frac_f1) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure D.5: Second population fraction (frac_f1) boxplots in Middle Cerebellar Pedunculus
(mCP) for both patient populations

Figure D.6: Second population fraction (frac_f1) boxplots in the Superior Longitudinal
Fasciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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D.3 Free Water Fraction

Figure D.7: Free water fraction (frac_csf) boxplots in the Cortico Ponto Cerebellum (CPC),
Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on the ipsi-
and contralesional sides for both patient populations

Figure D.8: Free water fraction (frac_csf) boxplots in the Middle Cerebellar Pedunculus
(mCP) for both patient populations

Figure D.9: Free water fraction (frac_csf) boxplots in the Superior Longitudinal Fasciculus
I (SLF I) on the ipsi- and contralesional sides for both patient populations
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D.4 Total Fiber Volume Fraction

Figure D.10: Total fiber volume fraction (fvf_tot) boxplots in the Cortico Ponto Cerebellum
(CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus (sCP) on
the ipsi- and contralesional sides for both patient populations

Figure D.11: Total fiber volume fraction (fvf_tot) boxplots in the Middle Cerebellar Pe-
dunculus (mCP) for both patient populations

Figure D.12: Total fiber volume fraction (fvf_tot) boxplots in the Superior Longitudinal
Fasciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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D.5 Weighted Total Fiber Volume Fraction

Figure D.13: Weighted total fiber volume fraction (wfvf) boxplots in the Cortico Ponto
Cerebellum (CPC), Inferior Cerebellar Pedunculus (iCP) and Superior Cerebellar Pedunculus
(sCP) on the ipsi- and contralesional sides for both patient populations

Figure D.14: Weighted total fiber volume fraction (wfvf) boxplots in the Middle Cerebellar
Pedunculus (mCP) for both patient populations

Figure D.15: Weighted total fiber volume fraction (wfvf) boxplots in the Superior Longitu-
dinal Fasciculus I (SLF I) on the ipsi- and contralesional sides for both patient populations
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APPENDIX E

CORPUS CALLOSUM REGISTRATION

As for the other atlas sets described in Section 3.3, registration of the Corpus Callosum
(CC) was attempted using a reference atlas map from the Neuroanatomy and Tractog-
raphy Laboratory (NatbrainLab) [134]. However, this CC atlas map is set in its own
native space in contrast to the other atlas maps which were all set in the MNI space.
As the CC atlas set contained a standardized reference brain, registration based on the
use of this reference brain towards patients’ native space was attempted. As visible on
Figure E.1, the resulting location of the registered CC does not accurately correspond
to the biological location of patients’ CC. The CC atlas maps were thus not further
used for the definition of a ROI corresponding to the CC.

Figure E.1: Inaccurate registration of the corpus callosum illustrated for patient 20.03.03
at time T1
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APPENDIX F

TRACT-BASED ROI

This appendix describes the key steps necessary to the identification of tract-based ROI
through a concrete example. Fiber tractography is a technique allowing the identifi-
cation of the trajectories of white matter tracts. Using probabilistic algorithms such
as the Constrained Spherical Deconvolution (CSD) algorithm, the observed diffusion
data in every voxel of MR images can be used to determine WM streamlines in the
whole brain. The measured WM pathways constitute whole-brain tractograms which
can be computed using the tracking DiPy Python package. Figure F.1 shows the
whole-brain tractogram of patient 20.03.03 at time T1, generated with the CSD model.

Figure F.1: Whole-brain tractogram of patient 20.03.03 at time T1

The results of whole-brain tractography can be improved for each patient through the
fine tuning of the CSD model parameters (FA treshold, step size, fiber density, etc.).
Moreover, tract-based regions of interest can now be defined through the combination of
seed regions, target regions and exclusion masks. Figure F.2 illustrates this procedure,
used to define a region of interest corresponding to the right and left corticospinal tracts.

The definition of a tract-based ROI corresponding to the CST was attempted for patient
20.03.03 at time T1. Figure F.3 shows the hand-drawn seed and target regions and
Figure F.4 displays the obtained CST ROI on one side of the brain.
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Figure F.2: Definition of the seed regions, target regions and exclusion masks for CST
tractography, adapted from [1]

Figure F.3: Illustration of the seed region in the CST and of the target region in the motor
cortex

Figure F.4: Resulting CST ROI for patient 20.03.03 at time T1
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APPENDIX G

CONNECTIVITY ANALYSIS

As explained in Section 5.7, the FreeSurfer software can be used to perform the pre-
processing of the raw data. More precisely, this software provides the recon-all
command which successively performs data preprocessing (skull stripping, B1 bias field
correction, grey-white matter segmentation), reconstruction of cortical surface models
and the labeling of regions on the cortical surface (parcellation), as well as subcortical
brain structures (segmentation) [49]. The outputs of this command regroup labeled
maps of cortical and subcortical anatomically distinct regions such as illustrated on
Figure G.1 which can then be used to perform further analysis. Although the resulting
maps obtained by using FreeSurfer seem accurate, the use of recon-all is very time
consuming as the processing of a single patient can take from several hours up to a day.

Figure G.1: Segmentation and parecellation obtained using the FreeSurfer software on pa-
tient 20.03.03 at time T1

Once labeled maps of the brain regions are obtained, it becomes possible to perform
connectivity analysis based on the use of whole-brain connetomes. Connectivity anal-
ysis have the potential to identify and characterize the plasticity of neural networks
during the recovery process after stroke. Concretely, using a patient’s labeled brain
map obtained via FreeSurder and whole-brain tractogram generated by the probabilis-
tic Constrained Spherical Deconvolution (CSD) model (discussed in Section 1.2.3 and
illustrated with a concrete example in Appendix F on Figure F.1) the WM pathways
connectivity can be analyzed. Using the tracking DiPy Python package, connectiv-
ity matrices for a specific brain region, and showing the degree of connectivity of this
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regions to other brain regions, can be obtained. The evolution of the representation
of these connectivity matrices enables the longitudinal study of the brain connectivity
and thus of the brain plasticity after stroke.

Furthermore, the White Matter Query Language (WMQL) [130] can be used to au-
tomatically extract a set of white matter tract bundles and analyze their connectivity
using a whole-brain tractogram and a labeled map of the brain regions. The WMQL
can thus be used to analyze the structural variation of specific WM tracts and to char-
acterize their connectivity to brain regions.
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