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Abstract—White matter (WM) degradation is one of the most
common lesions causing neurological disorders, where early
diagnosis is crucial. Diffusion tensor imaging is a widely used
method for the study of WM injuries in the brain, however
its estimation using traditional methods such as non-linear least
squares (NLLS) is time consuming and patient dependent. This
work presents a machine learning (ML) approach for diffusion
MRI parameter estimation. A feed forward network following
two different strategies is presented to attempt the fitting of
a symmetric diffusion tensor model. The possibility of real-
time mapping is approached by four different experimental
setups with increasing data complexity during the ML training,
including synthetic and real signal simulations. Moreover, a novel
approach on gradient nonlinearity (GNL) correction using ML
is presented, opening the possibility of correcting for spatially
varying b-values and b-vectors while training the model. The re-
sults showed an acceptable ML performance compared to NLLS
when training and testing with one single subject, demonstrating
that ML can be used for parameter estimation of diffusion
images and GNL correction. However, the generalization of the
network to accept more than one subject is still a challenge.
Further hyperparameter tuning and architecture configuration
experiments are needed to generate comparable results to NLLS.
Nevertheless, these initial results highlighted crucial aspects in
the fitting process that could be important for future research of
the topic.

Index Terms—Diffusion MRI, DTI, Machine Learning, Param-
eter estimation, Microstructural imaging, Zeppelin model.

I. INTRODUCTION

White matter (WM) degradation is one of the most common
lesions causing neurological diseases. These disorders mainly
arise due anoxia, ischemia, trauma or autoimmune attacks,
which result in swelling, damage or complete loss of cellular
axons inside the brain [[1]. Crucial early diagnosis of these
kind of diseases has raised interest in the improvement of non-
invasive techniques to effectively evaluate patient’s conditions
and develop more accurate treatment plans [2]].

Magnetic resonance imaging (MRI) is a non-invasive imag-
ing technique that uses powerful magnets to generate a strong
magnetic field. When a individual is introduced in that mag-
netic field, the protons in the body are forced to align with
it. Then, a radio frequency (RF) pulse is applied, making the
protons turn into an excited state and temporarily spin. Lastly,
the RF pulse is shut down, and the energy released by those
protons is detected by RF receivers. That information will

be used later to reconstruct the images [3]. For many years,
conventional MRI has been the gold standard technique for the
diagnosis of WM related diseases [4], however it may lack of
the necessary sensitivity when detecting specific structures and
pathologies [5].

Diffusion weighted imaging (DWI) can examine the mi-
crostructural configuration of tissues at a much lower scale
than standard MRI. By focusing on the microscopic random
motion of water molecules, it is possible to detect pathologies
associated with WM more accurately [6]. The first method
used to generate DWI was developed by Stejskal and Tanner
[7l, and was based on the original MRI spin echo sequence
that consisted of a 90° pulse followed by a 180° pulse [§]].
Pulsed gradient Spin Echo (PGSE) sequencing relies on two
extra diffusion sensitizing gradients applied symmetrically to
the 180° pulse, where the first one introduces a phase shift
on the proton’s position, and the second one reverses the
change. The traditional PGSE method has been generalized
to account for more complex direction configurations present
inside the human brain. By repeating the simple experiment
that describes the diffusion gradient in one direction in at least
other six non-collinear directions, information about the flow
and distance of water molecules could be provided [9][10].

Diffusion tensor imaging (DTI) is a strategy that models
quantitatively structural and orientation information construct-
ing the so-called diffusion tensor [11]]. The correct estimation
of diffusion parameters coming from the DTI formulation can
effectively detect non-invasively and more accurately WM
injuries. For instance, axial diffusivity (AD) has proved to
accurately locate axonal damage in patients with Alzheimer’s
disease [12], and radial diffusivity (RD) has demonstrated to
predict demyelination in multiple sclerosis [13]]. However, this
methodology relies on a simple single compartment assuming
microscopically homogeneous environments in each voxel,
and WM tissues might include multiple compartments with
different behaviours [9]. Microstructural modeling relates the
microscopic details of the tissue structures with the diffusion
MR signals through the introduction of compartment models
[14].

Parameter estimation of multiple microstructural compo-
nents per voxel can be challenging and very time consuming,
which makes the possibility of real-time mapping almost



impossible with traditional methods such as non-linear Least
Squares (NLLS). Additionally, both DWI and DTI come with
various artifacts that, if not accounted for, could lead to
incorrect interpretation of parameter maps and signals. Some
examples can be Gibbs ringing artifacts, integrated motion
errors, eddy currents, susceptibility distortions, or gradient
deviations [15]. Nowadays, advancements in technology have
proven to be of use in this field, where machine learning (ML)
networks could potentially address some of the previously
mentioned limitations. ML networks consist of algorithms able
to learn complex relationships between data by going through
a series of hidden layers [16]. In the context of DTI, these
networks could potentially fit biophysical models significantly
faster and more precisely than conventional optimization tech-
niques [17][18][19].

This project aims to use ML networks to predict DWI pa-
rameter maps by training and testing with different sets of data.
We study the feasibility of fitting a symmetric tensor model
using ML with multiple patients. Moreover, we also investigate
the possibility of accounting for gradient nonlinearity (GNL)
corrections during the network training.

II. METHODS

This section will first explain the biophysical model cho-
sen to fit the diffusion MRI data. Next, GNL deviations
are introduced with an explanation on how to correct for
them. Afterwards, we present the datasets used to execute
the experiments, which consisted of simulations of synthetic
and real data. Lastly, the three different strategies followed
to fit the model and correct for the deviations are de-
scribed, specifying the distinct experiments executed in each
of them. All the codes developed can be found in GitHub
github.com/PaulaCastroRamirez/ML_for_parameter_fitting,

A. Microstructural modeling

In order to model diffusion MRI data, mathematical repre-
sentations are used to estimate different parameters and infer
properties of the tissue microstructure. In this project, the
biophysical model chosen is the so-called Zeppelin model,
represented in Figure |1} The Zeppelin is a two-compartment
cylindrically-symmetric diffusion tensor model with the shape
of an oblate spheroid. It is commonly used in diffusion MRI
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Fig. 1. Zeppelin Biophysical model with Axial (parallel) diffusivity ( ) and
Radial (perpendicular) diffusivity (( >+ 3)/2). For Zeppelin model, ,= 3.

modeling because it assumes restricted diffusion within elon-
gated structures such as fiber bundles, where water does not
follow spherical free motion anymore. The model has two
principal eigenvalues ( j, ), corresponding to axial diffusiv-
ity (AD) and radial diffusivity (RD), respectively [20][21][22].

The parameters estimated are summarized in Table I} to-
gether with their corresponding physical bounds [18]. The
baseline signal intensity (Sp) corresponds to the signal mea-
sured without any diffusion gradients. In diffusion MRI,
it is used as a reference for the comparison between the
different diffusion-weighted signal attenuations applied. AD
(1) describes the diffusion of water molecules parallel to the
main direction of diffusion. Moreover, the water diffusivities
perpendicular to the main direction of diffusion, , and 3,
are averaged and denoted as RD (( »+ 3)/2). Lastly and

represent the angle of the first eigenvalue of the diffusion
tensor.

TABLE I
PHYSICAL PARAMETER BOUNDS
FOR THE ZEPPELIN DIFFUSION TENSOR MODEL

Bound
[0.0 - inf]
[0.0 - 3.2] um?/ms
[0.0 - 3.2] um?/ms
[0.0- ]rad
[0.0-2 ]rad

Parameter
Baseline intensity (Sp)
Axial diffusivity (AD)
Radial diffusivity (k*AD)
Theta ()

Phi ( )

According to the Zeppelin tensor model, the definition for
the signal decay is given by Equation [I] [23]]. Because the in
vivo data used (detailed in Section [[I-D), did not contain echo
time or T2 variations, the equation was modified as needed.

S (b; ; ;AD;k;Sg) = Spexp %b (AD + 2kAD)

+b(gq; g) (5 N*@AD kAD) (1)

with b as the b-values, ( , ) defining the first eigenvector
direction, AD as the axial diffusivity, kAD as the radial
diffusivity, and Sy as the baseline intensity.

B. Gradient Nonlinearity and Spatially varying L-matrix

Diffusion imaging exhibit relevant artifacts due to nonuni-
formities in the magnetic field gradients. New developments in
diffusion MRI consider more advanced scanners which apply
larger gradient amplitudes (300 mT/m) [24] compared to the
conventional ones (30-45 mT/m) to increase resolution and
get information at smaller scales. This can result in spatially
dependent inaccuracies in the diffusion-encoding direction and
orientation, leading to misinterpretation of the diffusion tensor.
Given the information about the relative deviations of the
magnetic field, GNL can be corrected pixel-wise. A gradient
coil tensor L(r) can be defined for each location r, to relate the


https://github.com/PaulaCastroRamirez/ML_for_parameter_fitting.git

effective gradientG,, and the applied gradief@. Following was used to correct for GNL by calculating those individual

the formulation from Bammer et al. (2003) [25]: b-values and gradient orientations in each voxel.
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Consequently, the effective b-matri®.(r) can also be
related to the applied b-matriB and computed for every

voxel:
Fig. 2. Example of Gradient nonlinearities (GNL) from HCP subjects.

- T
Ber(r) = L(r)BL(r) (3) Four datasets were randomly chosen from the repository,
all from a separate subject. Each diffusion MRI dataset was
C. Simulations acquired with three different gradient tables, each table con-
Due to the complexity of diffusion MRI data, simulationsSiSting of 90 diffusion weighting directions (shells with b-
were generated from different synthetic distributions of py@lues 1000, 2000, and 3000msh?) and six b=0 images.
rameters. The simulations were obtained from parametdideoretically, more diffusion weighting (higher b-value) trans-
taken from uniformly distributed values scattered within thel@te into different sensitivity towards microstructural features
corresponding physical bounds (see Table I for bounds). Neggﬂd_dlffusmn processes |n3|_de the brain. The diffusion of water
assuming those set of parameters as ground trgtA(S, RD,  at hlgher b-values may bg in uenced by factors that were not
and ), we fed them into the Zeppelin model (Equation 1§aken into accountin the smple model chosen [30]. Because of
to simulate ground truth signals. Finally, ground truth signat§€ simplicity of the Zeppelin tensor model, the resulting 288
were corrupted with noise to generate the datasets that will héasurements per signal (ordered from low to high b-value)
used for training, validation and testing of the methods. Thr¥¢ere restricted to the rst 108.
distinct noise distribution types were implemented, although Ground truth parameters were simulated tting each of the
only one was chosen to conduct the experiments. The nojggasets from the HCP using non-linear least squares (NLLS)
types were Rician, Gaussian, and Noncentral Chi-Squaredoptimization. Taking those parameters, signals were back-

In total, we generated 8000 signals for the training set, 208nulated tting the Zeppelin equation presented in Equation
for the validation set, and 1000 for the test following the samle and considered as ground truth signals. Lastly, noise was
protocol (b-values) as for thim vivo experiments described@dded to corrupt the ground truth signals and create the
in Section 11-D. The noise type chosen was Gaussian withtrgining, validation, and test sets in the same way we did with

signal-to-noise ratio (SNR) of 70. the synthetic signal simulations described in Section II-C. The
noise distribution chosen to disrupt vivo experiments was
D. In vivo experiments Gaussian with a SNR of 70.

The second part of the project consisted on testing the Noni Least S timizati
methodology using simulated data generated from real paralr:n- on-linéar Least squares optimization
eter distributions. NLLS optimization was chosen as the reference method in

this work to compare and validate the novel ML approaches
The datasets were taken from the Human Connectome .. . . e
. e as it is one of the classical methods used for diffusion
Project (HCP) Q1 data release [26]. Diffusion MRI scan . . ; .
) ) .~ fensor tting [17][31]. NLLS consists of solving a non-linear
were acquired on a Siemens Skyra 3T scanner following a,; . . .
. : . “optimization problem with bounds (see Table I) on the tted
Spin-echo EPI sequence with a customized SC72 gradieft. . . .
. ! : o variables with the goal of nding the local minimum of a cost
insert, which allowed an important quality improvement of th . . o .
e : ... function [32]. The equation optimized was the Zeppelin as
diffusion images [27]. However, due to technical limitations . ; . o .
) . . described in Equation 1. As the initial value for the variables
associated with the gradient hardware and scanner desi

1gn, .
GNL increased, exceeding the ones of the conventional @re{;\ch .p_|>§ell was randomly selected_ between the bounds,
multiple initializations were needed during the process. At the

scanner. HCP datasets were corrected for geometric image . . . ;

X . A d, the solution with lowest residuals was chosen as the right
distortions caused by eddy currents, susceptibility errors, an

: o . 0

gradient eld nonliearities [24], but not for voxel-wise changes
in the direction and intensity of the diffusion encoding gra- Two different experiments were performed, with and with-
dients. Effective b-values and b-vectors still contained sligbtit GNL correction. NLLS without GNL correction was
variations from voxel-to-voxel that needed to be taken intxecuted as a normal optimization problem giving as an input
consideration [28] (see representation of gradient deviationstire b-values and gradient directions without any customized
Figure 2). A basic script provided in the HCP publication [29reprocessing. Moreover, when taking into account GNL,



Fig. 3. Feed forward ML network proposed. Each arti cial neuron in the hidden layer receives a number of input gignajs, ..., xn, and gives as an
output the parameters of interest, ( , AD, k and $). Two strategies were used to calculate the training loss: Strategy 1 calculated the loss between tissue
parameters and Strategy 2 calculated the loss between tissue signals [19].

b-values and gradient directions were corrected using thwbile the b-values and gradient directions were used later

corresponding gradient deviation les provided by the HCRr the calculation of the output signals from the predicted

release and following thie(r) matrix correction from Bammer parameters. It must be highlighted that all the signals used for

et al. (2003) [25] described in Section 1I-B. training were contained inside the brain, as the background
was masked out using Otsu thresholding method [33].

F. Machine learning network

The network implemented in this paper was a feed forwa[
network. Based on the two strategies presented on the pa
from Grussu, Francesco, et al. (2021) [19], we propose
modi ed generalized network able to accept multiple sub-
jects during the training, validation and testing. The default L = kw(p p)k% 4)
architecture consisted of 108 input nodes, 1 hidden layer
with 56 nodes, and 5 output nodes, as depicted in FigureFollowing the scheme represented in Figure 3, Strategy
3. Signals were fed into the network, each one consistingconsisted of a supervised ML network. This method took
of 108 measurements per pixed)( and passed through theinput signals §), predicted the corresponding parametes (
hidden layer, which gave 5 parametef s the output. All and compared thosp to the real input parameterp)( To
the predicted parameters followed a min-max normalizatieithieve this, real parameters were also given as an input
after undergoing a series of steps which assured correct scalinging the training, but they were only used during the MSE
between the desired bounds [19]. Lastly, if the second stratdggs calculation. In this approach, no GNL correction was
was being followed, thos@ were given as an input to theconducted as it was not included directly in the parameter
Zeppelin model equation generating the nal predicted signgimulations. The correction was performed in the b-values and
$. The training loss was calculated differently in two separatgadient directions pixel-wise, therefore, even if included, the
strategies. Strategy 1 calculated the mean squared error (M&SE loss calculation would not have been in uenced by them.
loss between predicted paramet@rand input parametens,
while Strategy 2 calculated the MSE loss between predicted?) Strategy 2 The second ML strategy calculated the
signals S, and input signalsS Moreover, to enable the training loss between predicted and input signals as shown
network to include more than one dataset during the trainirig, Equation 5.

a customized data class was created giving signals as the input
of each batch together with their corresponding b-values and )
gradient directions. The signals were fed into the network, L=kS S)K ®)

d 1) Strategy 1 The rst ML strategy calculated the training
SP between predicted and input parameters as expressed in
uation 4.



Following Figure 3, Strategy 2 consisted of a self-supervisemiform distributions, which were generated individually for
ML network. This method took signals as an inp#),( each parameter, and bounded according to the maximum and
predicted the corresponding parametgs forward-simulated minimum values shown in Table |. Moreover, the second ap-
signals with those using the Zeppelin tensor model equatiorproach relied on von Mises distributions because of their good
and compared the predicted signé) to the real input signal behaviour when dealing with directional data [35][36][32].

S F_or this strategy, GNL cqrrechon was included. All the Furthermore, Strategy 1 calculated the training MSE loss be-
experiments conducted following Strategy 2 compared resul

for correcting and not correcting for GNL ut\ﬁeen input and pre_dicte_zd_ parar_ne_ters, which involved treating
' polar angles and diffusivities similarly. That matter brought
The model was implemented in Python 3.10 using PyTorelp several aspects that MSE did not take into account, like
23.12 [34]. We used Adam as the optimizer, no dropouyteriodicity or the spherical nature. Three angle transformations
constant learning rate of 0.0001, and batch size of 258ere tested. Apart from the default polar coordinate system,
Hyperparameter tuning is one of the main steps when creating also investigated using a sine transformation and a Carte-
and regulating a ML model to get to its optimal capability. Theian coordinate system transformation before the MSE loss
default hyperparameter values that can be seen in Table Il weadculation.
de ned based on several exhaustive experiments detailed in the

X . b) Experiment 2. Single subject Experiments were
following section.

performed on real HCP data from a single subject, and tested
with slices from the same subject. This experiment was taken
as the proof of concept for testing the ML approaches with
our dataset and model, as it proved to work with other setups
and biophysical models [19][18]. From a total of 145 slices,

TABLE I
DEFAULT NETWORK INFORMATION
AND HYPERPARAMETERS

Hyperparameter Default 1 - . an

Angle coordinates | Polar 140 were divided into training and validation sets (70-30%,
Liaming rate 0.0001 respectively), and 5 were used for testing ( 3% from the total).
N® of epoch 250 Default hyperparameters shown in Table Il were employed for
Batch size 256 .

N° of workers 4 both strategies.

Network architecture| 108-56-5 . . : -

Signal normalization| Pixel-wise c) Experiment 3. Multiple subjects Experiments were

executed using data from four different subjects, and tested
. with slices from the same subjects. The middle slice was
G. Experimental setup reserved from each dataset to create the test set, which
To study the generalizability of the methods proposed, foaonsisted of a total of four slices. Hyperparameter tuning was
experiments were conducted. A summary can be found éonducted in this experiment, which involved the learning rate,
Table Ill. For the rst set of experiments, synthetic simulationthe number of hidden layers and number of nodes per hidden
of parameters and signals were used during the training dagler, the dropout rate, and the input signal normalization.
testing. For the second set, the training was performed with
one dataset, and tested with slices from that same dataset. For
the third set, the training was performed with four datasets,
with the middle slice of each one taken out and used during the
testing. Lastly, for the fourth, the training was conducted with
three datasets, and tested with one completely new dataset. By
separating the data in these four experiments, we were able
to study how the methods proposed behaved in the presence
of new data coming from three different sources: synthetic
signals, signals from the same training subjects, and signals

The learning rate de nes the step size at which the
objective function will converge during the training pro-
cess [37]. The main tests were based on reducing the
learning rate in each experiment by a factor of 10, from
0.01 gradually to 0.0001. Additionally, the possibility
of including an exponential learning rate scheduler was
examined. It was de ned to reduce the learning rate at
every epoch by a gamma value of 0.9 from an initial
learning rate of 0.01.

from new subjects. -

a) Experiment 1. Synthetic simulations Experiments
were carried out using synthetic simulations (Section 11-C),
and default parameters were employed in the architecture setup
for both ML strategies (see Table Il). To study the in uence
of the data coordinate system and scattering, two key aspects
were examined in while training Strategy 1: input distributions
and angle transformations.

By changing how the parameter pairs were distributed, we
were able to investigate how the data scattering affected the
method proposed. Two different parameter distributions were
con gured in the simulations. The rst approach was based on

Concerning the network architecture, several tests were
performed involving the number of hidden layers and
nodes in the model. By default, the model was set to have
only one hidden layer with a reduced number of nodes
(108-56-5), due to the low complexity of the Zeppelin
model (Equation 1). However, two other alternatives were
assessed. The rst approach consisted on changing the
model's architecture to have one hidden layer with the
same number of nodes as the input layer (108-108-5),
and the second involved having three hidden layers with
the same number of nodes as the input layer (108-108-
108-5).



TABLE Il
EXPERIMENT SPECIFICATIONS PERML STRATEGY, DATA DISTRIBUTION, AND PURPOSE

Experiment 1 Experiment 2 Experiment 3 Experiment 4
(S ECT Rl - Unitorm vs von Mises Default parameters Default parameters - Input normalization
experiments - Polar vs Sine vs Cartesian p p p

- Learning rate

ML Strategy 2 - ML architecture

expetiments Default parameters Default parameters - Dropout rate - Input normalization
- Input normalization
Train and Test - Train: synthetic simulations - Train: one subject - Train: multiple subjects | - Train: multiple subjects
data - Test: synthetic simulations| - Test: same subject - Test: same subjects - Test: new subject

- Evaluate ML methods
- ML Strategy 1 analysis

Purpose Proof of concept ML methods Hyperparameter tuning MY Generalizability test ML

- The dropout rate was examined with the aim of regulaEquation 6 withG as ground truth angles aRlas predicted
izing the model and avoid over tting [37]. By default, it angles, values closer to 0 were interpreted as similar vectors,
was set to 0.0 (no dropout). However, several alternativaad values closer to 1 as orthogonal vectors.
were studied by performing multiple tests and gradually
reducing it from 0.3 to 0.0.

G P

iGj | Pj ©)

- Tests were performed on the normalization of input signal 1jcosj=1
intensities. Two main strategies were explored. In the rst

one, all pixels were normalized independently dividing 1 eyaluate the reconstruction of real data distributions
by their corresponding maximum b=0 signal intensity. 'ﬁgperiments 2 to 4), maps were generated showing the

the second one, all the data was normalized based on fa@centage of the absolute differences between predicted and
maximum b=0 global intensity of the whole image. ground truth values.

d) Experiment 4. Multiple subjectsOnce the ML model = Moreover, metrics were also calculated together with the
was tuned with optimal hyperparameters, experiments weseatter plots and difference maps. To quantify the different
conducted using data from three different subjects (two fanethods' performances, we used the R-squared (Ref -
training and one for validation), and tested with one negient and the mean absolute error (MAE) [38].
subject. With this approach, we concluded our original attempt
to generalize both strategies to accept more than one subject I1l. RESULTS
at a time. Default parameters seen in Table Il were used for . . . .

: ; . L In this section, the results from the different experimental
both strategies, except for the input signal normalization. For d. Speci call h its for th
this set of experiments, an scaling factor was calculated asn%IUpS are presented. Speci cally, we present the results for the

. : . . . most optimal combination of parameters found (default values
used to normalize the input signals. This scaling factor was _ . : L .
ST . seen in Table Il), based on the experiments detailed in Section
individual for each subject and was calculated as fO||OWﬁ. .

) ; . G. For Experiments 1 and 2, results for NLLS, ML Strategy
Taking one subject as a reference, we calculated its med@n .

and ML Strategy 2 are shown. Moreover, for Experiments

Intensity. Next, th_e medlar? intensity of other S.UbJECt Was and 4, ML Strategy 1 and Strategy 2 results are presented.
computed, and a linear scaling factor was determined between

them. Finally, both subjects were normalized dividing by thﬁ_ Experiment 1: Synthetic simulations

maximum intensity of the reference subject. ) ] ) ]
The results from using simulations calculated from uni-

H. Evaluation of results formly distributed parameters can be seen in Figure 4. Scatter
Ets demonstrate that the three methods worked, specially

when predicting § AD and RD. However, it can also be seen

guantitative methods were carried out. For each of the foH]r t as the ML model becomes more complex (Strategy 2), it

experiments, scatter PIOtS were_generated by plottlng_grounﬁrformed worse using this data arrangement. Focusing on the
truth parameters (x-axis) vs predicted parameters (y-axis). TAIS . o . ; ;
) : . cosine similarity histograms, while for NLLS the histogram
evaluation method allowed to visually show the quality of the . .
. ; - . Wwas centered at 0, Strategy 1 histogram was uniformly scat-
relationship between the predictions and the real data, i.e. hgw

To evaluate the performance of each experiment, differe%I

well the model predicted the data. Additionally, the angles ered between 0 and 1, and Strategy 2 presented a considerable

and ) were converted to Cartesian coordinates and evalua erHount of values-0.5.

using cosine similarity histograms. This method relies on the To asses numerically the behaviour of simulatidR$,and
cosine concept, that is, cosine similarity values closer toMAE values are presented in Table IV. Focusing on Rfe
indicate similar vectors, and closer to 0 orthogonal vectonsetric, we can see that apart from RD in Strategy 2, which had
For a more intuitive representation of the metric, we subtractadvalue of 0.537, all parameters hadra higher than 0.860.
the absolute value of the cosine similarity to 1. Followinghe same behaviour could be deduced from MAE values,



successfully corrected for GNL. Focusing the attention on the
edges of the brain, without any correction we can appreciate
a clear % of absolute differences (blue edges) of 10% that
disappear when the correction was taken into consideration
(<2%). Strategy 1 showed forpSAD and RD low a % of
absolute differencess 20%. However, when looking at the
error map for the angles, it showed a great number of areas
with cosine similarity values 0.5. Lastly, Strategy 2 presented

a similar behavior compared to Strategy 1 when predictiig S
AD and RD, with % of absolute differences20%. Despite
that, an improvement on the angles' maps was demonstrated,
with all values of cosine similarity metrig 0.5.

Table V shows thdr? and MAE values for the second set
of experiments. Supporting the goal of achieving the method's
proof of concept, botrR? and MAE values conrmed the
accuracy of the predictions, with value€0.975 and< 0.06,
respectively. However, it must be highlighted that, numerically,
although GNL correction proved to work in NLLS, i.e. without
GNL correction MAE value for AD was 0.014 and after
GNL correction it reduced to 0.003, no signi cant difference
could be appreciated in Strategy 2 due to the high range of
errors coming from the ML model itself (0.033 without GNL
correction compared to 0.043 with GNL correction).

TABLE V
METRIC RESULTS FROMEXPERIMENT 2.
Parameter Method R2 MAE
Fig. 4. Scatter plots and histogramgcbsine similarity for Experiment 1. NLLS no GNL correction >0.999 <0.001
Columns correspond to methods while rows represent the speci c parameters. NLLS with GNL correction >0.999 <0.001
SO ML Strategy 1 0.998 0.002

ML Strategy 2 no GNL correction | >0.999 0.001

where mostly all methods obtained value$.1. Following ML Strategy 2 with GNL correction| >0.999 _ 0.001

. . NLLS no GNL correction 0.997 0.014
this results, the next step of the project was formulated based NLLS with GNL correction >0.999  0.003
on simulations generated from real data. AD ML Strategy 1 0.995  0.021

ML Strategy 2 no GNL correction 0.987 0.033
ML Strategy 2 with GNL correction| 0.978 0.043

NLLS no GNL correction 0.999 0.013
TABLE IV NLLS with GNL correction >0.999  0.004
METRIC RESULTS FROMEXPERIMENT 1. RD ML Strategy 1 0.991 0.034
2 ML Strategy 2 no GNL correction 0.980 0.052
Parameter Method R MAE ML Strategy 2 with GNL correction| 0.975  0.060
NLLS >0.999 0.001
SO ML Strategy 1| 0.997 0.006
ML Strategy 2 | >0.999  0.003 . . .
NLLS & 0996 0015 C. Experiment 3: Multiple subjects
AD ML Strategy 1| 0.975 0.100 . . . .
ML Strategy 2| 0.860  0.225 Figure 7 displays the scatter plots and cosine similarity
NLLS 0.985  0.020 histograms from the third experiment, where we trained with
RD ML Strategy 1 | 0.956  0.105 : . . .
ML Strategy 2 | 0537  0.325 multiple subjects and tested with slices from that same set

of subjects. For these experiments, a great difference in
performance can be appreciated in between strategies. The
B. Experiment 2: Single subject scatter plots show that Strategy 1 could only accurately predict
In Figure 5 we can see the scatter plots and cosine similari% following the linear trend line, while it failgd _to predict
and RD. For these last two parameters, it is clear that

histograms for the second experiment. The plots show that : . : .
the methods followed the expected straight trend line, and t%? observed relationship diverged from the ideal linear one.

: RN oreover, the cosine similarity histogram was not centered at
the all cosine similarity histograms were centered at 0. : -
0, showing also a great error range when predicting the angles.

Moreover, Figure 6 displays the % of the absolute difon the contrary, scatter plots and histograms from Strategy 2
ferences between the ground truth and the correspondoan rmed an increased performance without and with GNL
reconstructed maps for all the methods. NLLS optimizatiozorrection, following the expected behaviors.



Fig. 5. Scatter plots and histogramgcbsine similarity for Experiment 2. Columns correspond to methods while rows represent the speci c parameters.

Fig. 6. Reconstruction results féxperiment 2. First column shows the ground truth parameter maps. The following columns show the % of absolute
differences between predicted and ground truth simulations for each of the strategies followed. Rows correspond to the speci ¢ parameters.
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