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Abstract

Diffusion Tensor Imaging (DTI) is a popular clinical application of diffusion-weighted Magnetic
Resonance (dw-MRI). DTI captures the anisotropy of water diffusion in biological tissue, providing
useful microstructure information. When partial volume effects with free water (FW) occur, the averaged
diffusion tensor appears more isotropic and yields inaccurate metrics. There is growing interest in
developing free water (FW) elimination algorithms for Diffusion Tensor Imaging (DTI), both to correct for
the confounding effects of FW brain tissue contamination and to explore the clinical correlates of FW in
multiple disorders. An open source FW elimination algorithm is already implemented for multi-shell DTI,
however, single-shell data is often preferred in clinical environments. In this work, a FW-DTI algorithm
was implemented for single-shell datasets, based on a Beltrami regularization framework. The algorithm
was tested in both synthetic and in vivo data. The in vivo data was provided by the Imaging Department
of Hospital de Santa Maria, and acquired in healthy subjects and patients with late stage Parkinson’s
Disease (PD) to evaluate potential differences in the FW fraction in the substantia nigra (SN), known to
suffer neuronal degeneration in PD. The simulations showed that multi-shell estimation is always more
accurate and stable, but in the absence of multi-shell data, FW maps can still be estimated using the
Beltrami algorithm. For the in vivo analysis, no significant differences in FW were observed between the
control and PD groups, regardless of the method used for delineating the SN regions of interest.
Keywords: Diffusion-Weighted Magnetic Resonance, Diffusion Tensor Imaging, Free Water, Beltrami
regularization, Parkinson’s Disease

1. Introduction
Diffusion-Weighted Magnetic Resonance Imaging
(dw-MRI) is a modality of conventional MRI
that measures molecular diffusion of water to
extract information about tissue properties and
microstructure. One of the most common
applications of dwMRI is Diffusion Tensor Imaging
(DTI), which represents diffusion with a second-
order tensor to capture the anisotropic effects of
diffusion in biological tissue, which is not possible
with a single DW image. DTI has immense
clinical potential to study brain tissue structure,
organization and connectivity.

Like most imaging modalities, DTI is susceptible
to partial volume effects. In general, voxels
are constituted by multiple sub-compartments:
presence of different tissue types, crossing nerve
fibres or the presence of hindered extracellular
water. In these cases, the signal contributions
from different compartments are averaged out and
a single tensor is not enough to represent diffusion.

Due to this, interpretation of DTI derived scalar
metrics is not always straightforward and can lead
to ambiguous results [4, 15].

Of particular interest to this work, is the case of
free water (FW) contamination, which can occur
due to partial volume effects near brain tissue
that contains cerebrospinal fluid (CSF), such as
the ventricles or the parenchyma borders, or
due to pathological conditions such as edema
[20, 11]. When FW contamination occurs in a
given voxel, the estimated diffusion tensor appears
more isotropic (because in FW, molecules can
move in any direction), and the anisotropy of the
tissue becomes underestimated, meaning that DTI
derived measures loose their specificity to the
remaining tissue.

Partial volume effects are also increased in
atrophy processes and ventricle enlargement,
which can occur during healthy aging of the
brain or pathological neural degeneration [8],
correcting for FW contamination becomes,
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therefore, fundamental for studies involving aged
subjects and subjects suffering from disorders
such as Parkinson’s Disease (PD). Moreover,
recent studies suggest that FW can provide a
possible surrogate marker for these disorders
[18, 19, 22, 17].

In account of these recent observations, there
is a growing interest in developing FW estimation
algorithms in order to correct the biased diffusion
measures obtained with standard DTI, and
possibly use the FW maps as a new image
biomarker to predict and study neuronal disorders.
One of the simplest approaches is to modify
the standard DTI model and add a second
compartment that accounts for the isotropic
component, where the FW fraction becomes an
additional parameter to be estimated. This problem
is ill posed and cannot be solved without additional
constraints [11]. In the work of Hoy et al., 2014
[11], a modified version of Weighted Linear Least
Squares (WLLS) was performed on a multi-shell (at
least two non-zero different diffusion weightings)
dw-MRI acquisition to fit the two compartment
model. The extra information provided by the multi-
shell data was enough to stabilize convergence
and obtain diffusion measures corrected for FW.

Later, an open source implementation of this
algorithm was optimized by Henriques et al., 2017
[23] and is currently provided in the open-source
package Diffusion Imaging in Python (Dipy) [9].
However, multi-shell datasets are less common in
a clinical environment, due to longer acquisition
times since the protocols are typically optimized for
DTI if the number of directions per shell remains
the same, a two shell acquisition would take twice
as long.

The main goal of this project was to develop
an open source FW estimation algorithm for
single-shell DTI data. For this, the single-shell
strategies proposed by Pasternak et al., 2009 [20]
were first implemented. This algorithm consists
in adding spatial constraints to the data and
performing a gradient descent (GD) method in
order to help convergence of the ill posed problem.
Modifications to each step of the algorithm
were then explored as an attempt to improve
the technique’s robustness. All developments
performed here were tested in both synthetic and
in-vivo data and then integrated into the open-
source platform Dipy. Its performance was also
compared to the performance of the open source
algorithm for multi-shell data implemented by [23].

The final objective was to apply the algorithm
to single-shell datasets of patients with PD and
investigate if in fact, the FW is a possible
biomarker for neuronal degeneration. The PD late
stage patients were recruited from the Movement

Disorders Unit of Hospital de Santa Maria within
the context of the PhD thesis of Dr. Margherita
Fabbri (Faculty of Medicine of the University of
Lisbon).

2. Background
2.1. Diffusion-Weighted MRI
Molecular diffusion is the random translational
movement of molecules driven by the thermal
energy stored in them. This mechanism is
essential for most biological systems such as
the transport of important materials between and
within cells, or gas exchange in the respiratory
system [7].

In a free medium, the squared displacements of
molecules follow a 3D Gaussian distribution, and
while it is impossible to predict the position of every
molecule at a given time, the arithmetic average of
squared displacements of all molecules follows a
well defined relationship [6]:

〈r2〉 = 6Dt (1)

Where t is the observation time and D is the
self-diffusion coefficient, which can be regarded
as a velocity of mean displacement. The
diffusion coefficient depends on molecular size,
temperature and viscosity of the medium, for
example, the diffusion coefficient of water at body
temperature (37 ◦C) is Dw = 3× 10−3 mm2 s−1 [13].

In biological tissue, water molecules are
hindered by obstacles such as cell membranes
and macromolecules. In this case, the
diffusion is anisotropic. As a consequence, the
diffusion coefficient depends on the direction of
measurement and the geometry of the underlying
structures.

Figure 1: Concept of anisotropic diffusion. The cylinders
roughly represent axon fibres, displacements along parallel
directions to the fibre are less restricted and diffusion is
faster, while perpendicular movements are restricted by the cell
membrane. Adapted from [16].

The principles dw-MRI were first presented in
the original work of Denis Le Bihan [3], heavily
based on the earlier field gradient spin echo
experiment proposed by Edward Stejskal and John
Tanner for previous Nuclear Magnetic Resonance
(NMR) spectroscopy systems [24]. Based on this
experiment, the average displacement of water
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molecules is measured along a given direction by
applying two magnetic field gradient pulses that
impose a phase to every molecule according to
its displacement. The amount of attenuation in
each voxel (relative to a normal MRI acquisition)
reflects how much the water molecules diffused
in that voxel, which in turn, depends on tissue
properties and micro-structure. The magnitude G,
the duration δ and distance between the gradient
pulses ∆ are adjustable and condensed into a
single main parameter of acquisition: the b-value,
which determines the contrast:

b = γ2δ2G2(∆− δ

3
). (2)

Where γ is the proton gyromagnetic ratio. For a
given b value, the attenuation signal predicted by:

S = S0 · exp(−b ·ADC) (3)

Where S0 is the signal with no diffusion
sensitization (i.e signal for b = 0 smm−2) and what
would be Dw is replaced by the apparent diffusion
coefficient (ADC) to reflect the fact that the
measured diffusion will depend on the acquisition
parameters and is not the true diffusion coefficient
of water. Figure 2 shows a typical diffusion gradient
sequence.

Figure 2: A typical pulsed-gradient spin echo sequence and its
effect on the measured signal. A diffusion gradient is applied
before and after the refocusing 180◦ pulse, ”marking” the
molecules according to their displacements. More molecular
displacements result in higher signal loss (hypo-intense voxel).
The b value depends on the gradients magnitude, duration and
time between application. Adapted from [2]

Due to diffusion anisotropy in biological tissue
(figure 1), a single DW image (i.e. acquired
along a single direction) is not enough to extract
information about tissue geometry, a more complex
formalism is needed.

2.2. Diffusion Tensor Imaging
In DTI, proposed by by Basser et al., 1994
[1], diffusion is modeled with a 3 × 3 symmetric
tensor, the six independent diffusion components
are estimated for every voxel by acquiring a
minimum of six dw-MRI images along linearly

independent directions. The diffusion tensor can
be decomposed into several metrics that provide
more detailed information on brain micro-structure
than a single dw-MRI image.

For a single measured direction, the signal
decay for a given voxel can be modeled by:

Sk = S0 · exp(−b · qTk ·D · q) (4)

Where S0 is the non diffusion-weighted signal,
qk is the normalized direction (column vector) of
the kth applied gradient (b = 0 smm−2), b is the
weighting factor that controls the contrast and D is
the effective diffusion tensor:

D =

Dxx Dxy Dxz

Dxy Dyy Dyz

Dxz Dyz Dzz

 (5)

The diagonal elements represent diffusion along
three orthogonal axes, while the off-diagonal
elements represent the correlations between each
pair of axes. The diffusion tensor is visually
represented by an ellipsoid, the eigenvectors and
eigenvalues of D correspond to the principal
axes of the ellipsoid and their respective lengths.
If the principal axes are aligned with the
laboratory reference frame, the off-diagonal
elements become zero, and if the eigenvalues are
equal, the ellipsoid becomes a sphere (isotropic
diffusion) [14]. With at least six measurements
along linearly independent directions (plus the S0

image), all six independent parameters of D can
be estimated with a multivariate linear regression
algorithm.

Visualizing ellipsoid maps for the whole brain
is cumbersome and leads to visual ambiguity,
different ellipsoidal shapes can appear similar,
depending on the viewing angle. Several scalar
metrics can be extracted from the diffusion
tensor, these metrics are rotationally invariant and
independent from the scanner reference frame.

The Mean diffusivity (MD) refers to the
normalized average diffusivity along directions,
and corresponds to the normalized trace of D

The commonly used fractional anisotropy (FA)
index can be regarded as the standard deviation
of eigenvalues to the mean, normalized by the
magnitude of the tensor, FA quantifies the degree
of anisotropy: FA values close to 0 correspond to
isotropic diffusion in CSF, and values close to 1
are typically observed in WM, where diffusion is
highly anisotropic. Other commonly used scalars
can be extracted such as RD and AD which,
assuming that a single fibre is present in a given
voxel, can be interpreted as corresponding to
the perpendicular and parallel diffusivities to the
axonal fibres, respectively.
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2.3. Free water elimination DTI (FW-DTI)
Voxels near CSF suffer from partial volume
effects in standard DTI. In FW-DTI, a second
compartment is added to equation 4 to disentangle
the tissue diffusion from the isotropic FW diffusion
(Pierpaoli et al., 2004 [21]):

Sk = S0·
[
(1−fw)·exp(−b·qTk ·Dt·qk)+fw·exp(−b·Dw)

]
(6)

Where 0 < fw < 1 quantifies the FW volume
fraction and Dt is the corrected diffusion tensor.
Figure 3 visually represents the goal of FWE-DTI,
which is to separate the isotropic and anisotropic
contributions to the signal.

Figure 3: Goal of FWE-DTI. The corrected tissue diffusion
ellipsoid is sharper after being separated from the isotropic
compartment. Adapted from [5]

For single-shell data, fitting equation 6 to
estimate the seven model parameters (six diffusion
tensor elements and the volume fraction) is an
ill posed problem because for every fixed value
of fw, a viable Dt can be obtained with linear
regression. And so, choosing the best pair of
estimates (fw, Dt) (global minimum) is not trivial.
On the other hand, for multi-shell data, enough
information to simultaneously fit Dt and fw is
available [11, 10]. While anisotropic tissue effects
are mostly visible for high b-values, isotropic FW
effects are dominant in the low b regime.

In this thesis, the algorithm described in [20],
based on a Beltrami regularization framework, was
implemented to see if the bi-tensor model can
be fitted with single-shell data by adding spatial
costraintś.

3. The Beltrami geometrical framework
The Beltrami framework (Sochen et al., 1997
[12]) is heavily based on Riemannian geometry,
which is a field of mathematics that studies

manifolds equipped with a metric tensor to
measure distances locally on the manifold. A
manifold is a topological space that is locally
euclidean.

An image can be locally regarded as the product
of two spaces: M = Σ × F , where Σ is the base
manifold, F is the feature space and M is the total
space. This concept is known as ”fibre bundle”,
where the features (fibres) are attached to a base.
A specific image is a section of the fibre bundle,
defined by the unique mapping X : Σ 7→M .

For example, the space of 2D grayscale images
can be locally described by R3 = R2 × R+, where
the base manifold is the 2D image domain R2 and
the feature space is the intensity R+ (0 < I < 255).
In this case, a specific grayscale image is a section
of the total space R3 (also called the spatial-feature
manifold), given by a map X : R2 7→ R3, which
uniquely assigns every pixel in the image domain
to a point in the spatial-feature manifold. In other
words, a grayscale image can be seen as a 2D
surface embedded in 3D space, as illustrated in
figure 4.

Figure 4: 2D surface embedded in 3D space, which can be
regarded as a section of R3 = R2 × R+ given by the mapping
{x, y} 7→ {x, y, I(x, y)}. Infinitesimal distances ds′ on the
spatial feature manifold M and their projection ds on the image
domain Σ can be assumed equal.

A metric tensor h is chosen to measure
distances on M (e.g. an euclidean metric would
be a 3 × 3 Identiy matrix for the grayscale case).
Under the assumption that infinitesimal distances
on M are equal to their projection on Σ (ds′ = ds,
figure 4), the metric h induces a metric γ on Σ, also
known as the pullback metric (e.g. a 2 × 2 tensor
for grayscale images), which allows to measure
distances on Σ in terms of the coordinates of M .

Having the geometry of M and Σ defined and
their respective metrics h and γ, a functional can
be defined to attribute a weight to any path traveled
on M . Minimizing the functional with respect to the
coordinates of M for the entire image domain Σ,
yields the motion equations that make the surface
M evolve towards a minimal surface, which is
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a surface with minimal area for a given set of
boundary conditions.

For the grayscale case, using an euclidean
metric, the motion equation is the Laplace-Beltrami
operator:

dI

dt
≡ ∆γI =

1√
|γ|
∂µ
(√
|γ|γµν∂νI

)
(7)

Where I is the image intensity, |γ| and γµν are
the determinant and the inverse of the induced
metric, the ∂µ denotes the spatial derivatives with
respect to the µth image coordinate (e.g x and
y). Successively computing the increment dI

dt and
summing to the previous I, regularizes (smooths)
the image while preserving important edges.

Similarly to the grayscale case, a specific DTI
volume can be regarded as 6D surface embedded
in 9D space. The image domain Σ corresponds
to R3 (volumetric data) and the spatial feature
manifold M is the product R3 × P3, where P3

denotes the 6D feature space of all 3×3 symmetric
positive definite (SPD) matrices.

In [20], a coordinate system was chosen to
parameterize the SPD space and a 9 × 9 non-
euclidean metric tensor h was defined in terms
this parameterization. Then, a functional was
introduced to accommodate a data fitting term, so
as to estimate and regularize the parameterized
diffusion tensor at the same time. Minimizing the
functional yielded 6 equations of motion, one for
each independent diffusion tensor component, and
an additional equation for the FW fraction. These
equations were implemented with GD.

The purpose of the parameterization and the
non-euclidean metric was to maintain the flow
of the algorithm in SPD space and avoid
estimating implausible diffusion tensors. Due to
the complexity and size of the involved equations,
they are omitted in this abstract, see [20] for further
details.

4. Methods
4.1. Algorithm Initialization
A FW-DTI algorithm based on the Beltrami
framework was implemented in python. The main
input parameters are the raw signal, the b-values
and normalized directions used to acquire the data,
the learning rate and maximum number of allowed
iterations. The algorithm was modified to allow
the choice to use the euclidean metric for the
spatial-feature manifold and adapted so as to be
compatible with both single and multi-shell data.

A good initialization initialization is important
when solving ill-posed problems such as the
fitting of the bi-tensor model, since there is no
guarantee that the estimation converges to the
global minimum. In this work, two initialization
methods were implemented and compared.

Initialization 1 is borrowed directly from [20] and
starts by averaging the S0 images, if multiple b0’s
are present in the data. The initial FW fraction FW0

is initialized by the average S0 image:

FW0 = 1− log(S0/St)

log(Sw/St)
(8)

Where St is the typical intensity of a voxel
containing only tissue and Sw for a voxel with FW.
This initializations takes advantage of the fact that
the S0 image is mostly T2-weighted, for which
CSF regions appear hyper-intense. The St and
Sw values are manually picked from the S0 image
prior to running the algorithm and passed as input
parameters. Typically, St is handpicked within deep
WM and Sw from CSF filled ventricles.

Having FW0, the observed attenuation Âk can
be corrected for the effects of FW to obtain:

[Ât]k =
[Â]k − FW0 · e−b·Dw

1− FW0
(9)

The quantity above can be regarded as the
estimation of the attenuation observed in tissue.
Standard DTI (already implemented in Dipy) is
applied to this quantity to obtain the initial estimate
for the diffusion tensor D0.

In initialization 2, standard DTI is performed first
on the raw data to extract the eigenvalues of the
diffusion tensor and the initial MD map. The FW
fraction is initialized with the MD map:

f0 = 1− e−b·MD0 − e−b·Dw

e−b·MDb − e−b·Dw
(10)

Where MD0 is the initially estimated MD for
a given voxel and MDb = 0.6µm2 ms−1 is a
theoretical baseline expected in tissue, which is
constant for every voxel and passed as an input
parameter. Voxels with high MD are expected to
have high FW fraction, if MD0 is close to Dw, then
the numerator in expression 10 becomes 0 and
FW0 is initialized with a high value.

GD descent is performed onD0 and f0, using the
equations of motion from the Beltrami framework.

4.2. Data acquisition and preprocessing
Two synthetic datasets were created from an in
vivo multi-shell data packaged with Dipy. To
extract the ground truth values for FW and diffusion
tensor parameters, the previously validated FW-
DTI multi-shell algorithm implemented in Dipy
(WLLS approach) was applied to the in vivo data.
These ground truth parameters were then plugged
into the FW-DTI model (equation 6) to simulate to
simulate a single-shell dataset, along 32 directions
with b = 1000 smm−1, and a multi-shell dataset,
with b-values of 500 and 1500 smm−1 (16 directions
each).
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In vivo datasets were provided by the Imaging
Department of Hospital de Santa Maria, acquired
from 9 control subjects and 10 patients with long
stage PD. The late stage patients were diagnosed
by neurologists, specialists in movement disorders,
according to the United Kingdom Brain Bank
Criteria (UKBBC) and evaluated using the
Movement Disorder Society - Sponsored Revision
of the Unified Parkinson’s Disease Rating Scale
(MDSUPDRS) [25]

Regions of Interest (ROI’s) were drawn in the
Substantia nigra (SN) for each dataset, using two
methods, illustrated in figure 5

Figure 5: ROI placement using two different methods on the
same dataset. Method 1 (left) places 3 ROI’s: rostral, middle
and caudal SN, each ROI consists of 2 squares with 16 voxels
each. Method 2 (righ places 2 ROI’s: anterior and posterior SN,
each region consists of 2 squares spanning 25 voxels each.

4.3. Synthetic analysis

Test 1: The first test consisted in running the
algorithm on the noise-free single-shell dataset,
using several learning rates and fixed number of
iterations to find the optimal dt. Having the optimal
learning rate, both initializations methods were
compared by running the algorithm 100 times on
the noisy dataset and visualizing the scalar maps
and error plots for the residues, FW, FA and MD,
as functions of iterations.

Test 2: Using the best initialization from the
previous step, the same type of tests were
performed to compare the performance of the non-
euclidean and euclidean metrics.

Test 3: After choosing the best initialization
method and metric type, a last tests was performed
to adjust the regularization weight. In particular,
it is tested if there is any advantage of running
an additional 100 iterations with the regularization
turned off (beltrami operator in 7 is set to 0)
(procedure proposed by [20]).

Finally, the Beltrami algorithm was tested on the
simulated multi-shell dataset and its performance
was compared to that of the WLLS code
implemented in Dipy.

4.4. In vivo analysis
Using the best set of input parameters inferred
from the synthetic analysis, the Beltrami algorithm
was applied to the cropped in vivo datasets to
extract their FW and corrected diffusion tensor
maps. The average FW was computed within the
previously drawn ROI’s (figure 5) and the non-
parametric Mann-Whitney U test was performed to
assess if there was a significant increase of FW in
the posterior SN of subjects with PD.

5. Results & discussion
5.1. Simulation results
The initialization method is crucial for the Beltrami
algorithm algorithm to converge, as shown in figure
6. Initialization 1 produces severely degraded
scalar maps when compared to initialization 2,
which provides maps that are visually closer to
the ground truth. It appears that there is a trade-
off between the FW diffusion tensor accuracies,
evident by the smoothed FA and flattened MD map,
which lacks detail.

Figure 6: Scalar maps obtained with initialization 1 (row 2)
and initialization 2 (row 3), both using the non-euclidean metric,
after 100 iterations and dt = 0.005, compared to the ground
truth (row 1). The intensity scale for the FW was adjusted
to the interval [0, 0.5], in order to make the differences more
noticeable. The FW and FA maps are visually better for
initialization 2.

The results that compare the euclidean and
non-euclidean metrics were omitted because the
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obtained scalars were not visually distinguishable,
however, the non-euclidean metric was chosen
over the euclidean purely for numerical reasons.

By running the algorithm for an additional 100
iterations, while turning off the regularization term
halfway, produced minor improvements in the FW
maps, while reducing the smoothing effect on the
FA map.

Based on the synthetic analysis, the optimal
parameters to fit the simulated single-shell dataset
were chosen as follows: 200 iterations with
learning rate dt = 0.005, starting from initialization
2 (based on MD map, equation 10), using
the non.euclidean metric and turning of the
regularization at iteration 100.

Figure 7 shows the scalar maps (FW, FA and
MD) obtained with the Beltrami algorithm using
the optimal parameters. The Beltrami estimation
with multi-shell data resulted in superior visual
quality than that of single-shell, however both runs
(with single and multi-shell data) were unable to
resolve small details such as the internal capsule
(red circle). The multi-shell data also enabled the
Beltrami algorithm to recover minor details in the
MD map, which appears less flattened than the
map estimated from single-shell data. The WLLS
shows superior performance to both Beltrami runs,
which was expected since it does not depend on
regularization.

The residues and absolute differences between
the estimated scalars and respective ground truths,
averaged per voxel, are shown in figure 8. The
errors confirm the visual assessment of figure
7, the multi-shell Beltrami, despite starting from
a higer initial error for FW, is able to catch up
the single-shell run, and even surpasses it by
a negligible amount. However, both Beltrami
runs converge too slowly to catch the WLLS
performance. The error plots also confirm the
previous observation that there is a trade-off
between the FW and diffusion tensor accuracies,
evident by the increasing FA and decreasing FW
errors.

6. In vivo results
The boxplots from the Mann-Whitney U test, using
both methods of ROI placement, are presented
in figures 9 and 10. Although a small tendency
for increased FW in the posterior SN of the PD
group was observed, no significant differences
were observed between groups for any region.
Table 1 summarizes the medians and p values for
each region. The posterior SN has the lowest p
value of 0.182.

7. Conclusions
In this project, an open source version of a
procedure to fit the FW-DTI model to conventional

Figure 7: Comparison between the Beltrami algorithm applied
to single-shell (row 2) and multi-shell data (row 3), using the
optimal set of parameters, compared to the WLLS algorithm
(row 4 and the ground truth (row 1). The red circles mark the
internal capsule.
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Figure 8: Error plots for the Beltrami algorithm applied to single-
shell (red) and multi-shell data (blue), and the WLLS algorithm
to multi-shell data (green). The Beltrami method was performed
with initialization 2, non-euclidean metric, 200 iterations and α
always turned of halfway and dt = 0.005.

Figure 9: Distribution of the FW values by group, in rostral,
middle and caudal SN (ROI placement method 1)

Figure 10: Distribution of the FW values by group, in anterior
and posterior SN (ROI placement method 2)

single-shell data was successfully implemented
based on the Beltrami framework. Synthetic and
in-vivo analysis has shown that the performance
of this single-shell algorithm is highly dependent

Table 1: Results of the Mann-Whitney U test. Comparison of
FW values in different regions of the SN between control and
PD groups.

Median (Range)

SN region Control PD p-value
Rostral 0.190 (0.160 - 0.215) 0.206 (0.147 - 0.375) 0.842
Middle 0.161 (0.131 - 0.235) 0.196 (0.117 - 0.263) 0.243
Caudal 0.199 (0.153 - 0.245) 0.203 (0.156 - 0.261) 0.447

Anterior 0.169 (0.153 - 0.239) 0.181 (0.138 - 0.314) 0.842
Posterior 0.181 (0.151 - 0.225) 0.205 (0.158 - 0.248) 0.182

on the robustness of the parameter initialization
method. The smoothing effect of the FA maps
and flattened MD is an unavoidable consequence
of the regularization. Although it was shown
that multi-shell data enables more accurate fits
of the bi-tensor model, FW water maps can
still be extracted with single-shell data using the
developed algorithm.

In this study, the FW-DTI algorithm was also
applied to single-shell diffusion-weighted data of
subjects suffering from PD. Relative to control data,
no significant differences were detected. This
result however is not consistent with previous
studies using a cohort with a higher number
of subjects. Therefore, future studies are still
required to evaluate FW fraction estimates as a
surrogate biomarker for PD, these studies should
take advantage of the increased accuracy of the
WLLS multi-shell estimation and use a larger
population sample. Also, since there was no FW
ground truth available for the in vivo datasets,
validating the algorithm becomes challenging.

The main limitations of the algorithm
implemented in this work is the bi-tensor model
itself 6, which does not describe the complexity of
the underlying tissue. FW maps estimated with
this model are biased because: 1) it assumes
no exchange rate between the intracellular and
extracellular water, which is safe to assume for
tightly packed axons in deep WM, but not for the
entire brain; and 2) it does not take into account
the non-gaussian diffusion processes in biological
tissue, which become more relevant with higher
diffusion weightings.

The limiting aspect of the Beltrami framework is
its regularization nature, which will always degrade
the diffusion tensor accuracy to estimate the FW
fraction. Therefore, the WLLS algorithm should be
preferred in future studies.
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