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Abstract

Demyelination is the progressive damage to the myelin sheath, a protective covering that
surrounds a nerve’s axon. Due to its high sensitivity to microscopic tissue changes, diffusion
tensor imaging (DTI) is a powerful means of detecting signs of demyelination and axonal injury.
In this paper, we present a 3D virtual model capable of simulating the complex Brownian motion
of water molecules in a bundle of myelinated axons and glial cells for the purpose of synthesizing
DTI data, characterizing and verifying the impact of demyelination on DTI. Our model consists of
a highly detailed and realistic 3D representation of biological fiber bundles, with a myelin sheath
covering the axons and glial cells in between them. The system simulates the Brownian motion of
molecules to extract diffusion data. We perform our experiment for progressive stages of
demyelination and demonstrate its effect on DTI measurements.

l. Introduction

Myelin insulation around the axons plays an important role in cognitive performance as it
maintains the conductivity and reliability of neural transmission. Multiple sclerosis (MS), an
autoimmune disease damaging the central nervous system is the most common cause of
demyelination and affects 2.3 million people worldwide [1]. Myelin damage can also be
caused by viral infections and chemotherapy induced neurotoxicity [2]. DTI is an
exceptional tool for non-invasive studies of neurological diseases that cause extensive
damage to neural pathways in the central nervous system [3]. The key principle behind DTI
is that the natural Brownian motion of water molecules in the brain is not free (isotropic),
but is constrained (anisotropic) by cell membranes, myelin sheaths, and macromolecules.
Therefore, characterizing the diffusion patterns reveals important details about the
microstructure and directionality of the fibers themselves.
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In recent years DT, a diffusion weighted magnetic resonance imaging (MRI) technique, is
increasingly used as a biomarker to diagnose demyelination [4, 5]. Unlike conventional

MRI, which is not sensitive to diffusion, magnetic field gradients are applied from different
spatial directions to obtain a diffusion-weighted signal and estimate the diffusion along those
directions. DTI does not directly reveal the structure and connectivity of nerve fibers. This
information is inferred from the diffusion tensor computed as an indirect measurement of the
degree of anisotropy and axon orientation inside a voxel [6]. DTI properties obtained from a
single voxel are therefore statistical parameters that result from the integration of the
combined diffusions that occur at a microscopic scale. This implies an inherent limitation as
DTI assumes some homogeneity inside a millimetric voxel and cannot completely describe
the complex axonal architecture on a microscopic scale. Furthermore, the observed diffusion
is a joint result of water pools located in different tissue compartments (e.g., intra-cellular,
extra-cellular, or myelin water) [7, 8]. Changes in anisotropy often cannot be traced to
specific water sources within the neural structure, and it is still unclear if these changes are
due to a loss of myelin, a decrease of axonal density or other underlying mechanisms.
Investigating tissue specific information requires acquisition and processing methods that
differ from conventional DTI techniques [8]. This highlights the need to provide ground
truth in order to differentiate and categorize the different types of tissue damage and
understand how they affect DTI measurements.

In this work, we propose a 3D virtual model of myelinated neural fibers to simulate the
diffusion of water molecules and generate synthetic DTI data. Several methods have
successfully modeled fiber bundles to acquire synthetic data and validate diffusion-weighted
imaging techniques [9, 10, 11], but no attempts have taken into account the presence of
myelin due to the difficulty of representing tightly packed axons in extremely narrow spaces.
For a more accurate representation, we also take into account glial cells that make up a
significant volume of the extra-axonal space with an axon to glia ratio of 1:3.76 in the
cerebral cortex [12, 13]. This undoubtedly affects the diffusion of molecules as well. The
novelty of our work is that it brings to bear a state of the art 3D modeling methodology that
can produce highly detailed and flexible models of myelinated axons and glial cells to
simulate a progressive demyelination and study its impact on DTI.

Il. Building the 3D Model

Our approach relies on Blender: a powerful 3D modeling software used for computer
graphics animation, visual effects rendering, 3D print modeling, as well as video games
applications. Blender’s physics engine can simulate complex physical scenes with several
interacting objects and forces. A scripting option also allows users to programmatically
generate objects, forces and simulate events. Our system is implemented within Blender
using custom Python scripts.

A. Generating Axons and Glial Cells

Blender can create virtual spaces containing 3D objects in any desired shape and size. We
wish to generate a voxel containing a bundle of myelinated axons and glia, and simulate the
diffusion of water molecules within the voxel such that cell membranes act as barriers. In
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this study we will only focus on modeling fibers located in the corpus callosum where all the
axons are parallel (Fig. 1-A). Our design relies on highly accurate descriptions of the
biological geometry [13, 14, 15].

Axon sizes vary greatly from 0.1 um up to 12 um depending on the region of the brain. The
largest axons can be found in the corpus callosum while the smallest are found at the
periphery. In turn, the thickness of a fully developed myelin sheath varies with respect to the
radius of its corresponding axon in a non-linear fashion [15]. The myelin thickness
represents around 50% of the total diameter for the smallest axons (<2.5 um), it drops to 30—
40% in the mid-range (2.5-6 um), and it represents less than 10% of the diameter for large
axons (>6 pm). Glial cells are broadly classified as macroglia and microglia. For our
purposes we only model macroglia of which astrocytes and oligodendrocytes are the most
abundant comprising over 90% of all glia in the central nervous system [13]. These cells are
star-shaped because of their numerous processes radiating in all directions that can extend
up to 50 um. Our glia design entails diamond and star-shaped faces with a width of 2.5 um,
representing the main cell body, placed between the axons and randomly distributed in the
simulation space with an axon to glia ratio of 1:3.5.

B. Simulating Myelin Degeneration

The model can simulate a gradual myelin decay. The rate of demyelination is the same for
all axons regardless of size and is arranged as a percentage reduction of the original myelin
width. Fig. 2 demonstrates a demyelination effect on a collection of parallel axons in the
corpus callosum where the thickness is reduced to 80% its original width (Fig. 2-A),
followed by a more severe reduction to 20% (Fig. 2-B). A noticeable consequence is the
expansion of the extra-axonal space which will inadvertently alter the diffusion process and
DTI measurements [16].

lll. Simulating the Diffusion

A key feature in Blender is its particle system. It is primarily applied to simulate phenomena
such as fire, dust, clouds, smoke, or liquid particles. To stay true to Blender’s terminology,
water molecules will be referred to as particles. Particles are generated uniformly across the
voxel (Fig. 1-B) and are located either in the extra-axonal space (between axons) or intra-
axonal space (inside individual axons). A Brownian force causes them to move and interact
with the surrounding axons and glia tissue, making the diffusion bounded. The diffusion
coefficient Dy of water molecules ranges from 1 to 3 mm?/s at body temperature (37°C)
[17]. However, Blender parameters that control the rate of particle diffusion are
dimensionless scalars and need to be properly calibrated in order achieve a desired diffusion
rate.

For this purpose, we devise a free diffusion calibration test where particles move in an
isotropic environment with no obstacles or boundaries. We generate N particles at a single
point of origin and diffuse them over a period At. We obtain each particle’s displacement
vector x; representing the total distance traveled by each particle /. We define < X2 > as the
expectation value of the squared displacement vectors x;[18] and calculate it for N particles
as
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N 2
2 im17;

24—
<xrT>= N . (1)

The expectation value < X2 > is also scaled to the diffusion coefficient 0 and is calculated
from the Einstein equation [18]

V<az?>=/6Dg At. (2)

Using these definitions, we can determine from (2) the expectation value for a desired
diffusion coefficient Oy and subsequently calibrate Blender’s parameters such that the output
< x% > calculated from (1) approximates our target value. For example, to obtain a diffusion
rate of Dy = 2.6 mm?/s over 100 ms, (2) yields an expectation value of < x2 > = 1560. We
then calibrate Blender’s diffusion parameters in our test simulation so that < x2 > from (1)
approaches the same value. This is illustrated in Fig. 3 where our system is calibrated to
closely approximate a diffusion rate of 2.6 mm?/s.

IV. Extracting DTI Properties

The simplest and most common approach to acquire diffusion weighted MRI is with a
pulsed-gradient spin echo (PGSE) sequence. Fig. 4 describes a typical PGSE sequence
containing two periods of equal duration T for a total echo time TE = 2T [19]. At =0, a 90°
RF pulse magnetizes the hydrogen protons (spins), followed by a gradient pulse at an
arbitrary time # with strength gand duration & that dephases the magnetization of the spins.
In the next period, a 180° RF pulse refocuses the spins, and a second gradient pulse of equal
strength and duration but opposite direction rephases the magnetization of the spins. The
second gradient is separated from the first by a duration A.

For non-diffusing particles, the phases induced by both gradient pulses will cancel out,
resulting in no change in the nuclear magnetic resonance (NMR) signal. However, when a
particle moves, there will be a phase difference resulting in an attenuation of the NMR
signal proportional to the distance travelled in the direction of the gradient. The signal
attenuation is described by

s=Soe 'Y, (3)

where Sis the diffusion weighted signal, S is the signal without any diffusion weighted
gradients, Dis the apparent diffusion coefficient (ADC), and b (called b-value) is the amount
of diffusion-weighting given by the properties of the gradient pulse g, 8, A, and the
gyromagnetic ratio y defined as
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The ADC is a measure of diffusion in the direction of the applied gradient. Using it instead
of the diffusion coefficient Dy indicates that the diffusion is hindered. In the absence of
diffusion sensitizing gradients (i.e., g = 0) the measured MRI signal Sequals S. When
gradients are applied (i.e., g # 0) the measured signal Sis attenuated and we calculate the
ADC by solving for Din (3).

Blender does not emit RF pulses to magnetize the particles, and the diffusing particles in
turn do not re-emit NMR signals, therefore we cannot directly measure the signal
attenuation Sand find the ADC. Our simulation works by diffusing particles to generating a
list of displacement vectors z; for each particles 7inside the simulation space. Since the
signal attenuation depends on the phase shift of diffusing particles, we can find S from the
accumulated phase ¢ {TE) of each particle 7over a period TE [19] calculated as

pi(TE)=yg { [Pz (t)dt+ [ ()t } ©)

Here z;is the displacement only along the direction of the gradient (i.e., the z-direction). Fig.
4 shows how the first integral relates to the phase accumulated during the first gradient
pulse, while the second integral relates to the phase accumulated during the second gradient
pulse. The normalized attenuation of the echo signal [19] is given as

S=S0/7 P(¢, TE)cosp dep, (6)

where P(¢,TE) is the phase-distribution function. By definition it must be a normalized

function such that [*_P(y, TE) dp=1. The integral in (6) is the expected value of the
cosine of the phases, and assuming the distribution to be Gaussian, we can rewrite it as,

o 2N cosp;
=TI )

where N is the number of particles. Finally we can find the ADC by combining the right
hand sides of (3) and (7), and solve for Din

bD_ Y 1C08pi
N (®

e
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We repeat this process to obtain the ADC for multiple gradient directions and compute the
diffusion tensor and other DTI metrics [20]. We are interested in finding the mean (MD),
axial (AD), radial (RD) diffusivities, and the fractional anisotropy (FA). MD, AD and RD
represent the magnitudes of diffusivity in different directions. AD is the measure along the
main axis of diffusion, RD along non-axial directions and MD is the averaged diffusivity in
all directions. FA is a 0 to 1 scalar describing the degree of anisotropy, a value of 0 denotes
an isotropic diffusion equal in all directions, while a value of 1 denotes a highly anisotropic
diffusion confined to a single direction.

V. Simulation And Results

The system generates a model of myelinated axons and glial cells located in the corpus
callosum. The simulation space consists of around 4000 parallel axons and 15000 glia
located inside a 100x100x100 um voxel. Axon diameters with a fully developed myelin
sheath range from 2 um to 10 um, while glia diameters are fixed at 2.5 um. For 20 gradient
directions, we generate and diffuse 50000 particles at a diffusion rate of Dy = 2.5 mm?/s for
a duration TE = 100 ms (& = 19 ms, A = 56 ms), and 5= 1000 mm?/s. From the coordinates
of each particle we find the displacement vectors and compute DTI metrics (i.e., MD, AD,
RD, FA). To capture the effect of demyelination we repeat this process by incrementally
reducing the myelin sheath by 10% of its original width. The results are shown in Fig. 5-6.

When the myelin is fully developed our recorded AD is much higher than the radial and
mean diffusivities (Fig. 5), signifying a diffusion that is mainly confined to a single axial
direction. As the width of myelin decreases the extra-axonal space increases giving the
particles more free range to diffuse thereby reducing the directionality of movement and
making the diffusion more isotropic (or less anisotropic). This effect is highlighted by a
decrease in FA from 0.63 to 0.39, and an increase in RD from 0.3x1073 mm?/s to 0.66x1073
mm?/s while the AD remains steady, demonstrating a rise in particle movement in non-axial
directions.

We also see a small rise in MD from 0.75x1073 mm&/s to 1.06x10~3 mm?2/s (Fig. 5). Our
simulation doesn’t record any significant variations in AD as it tends to be variable in white
matter changes and pathology.

VI. Conclusion And Future Works

We demonstrated a novel 3D model of the corpus callosum capable of accurately simulating
water particle diffusion in a tightly compacted fiber bundle comprising of myelinated axons

and glial cells, and generating synthetic DTI data for the purpose of characterizing the effect
of demyelination.

We look to expand on this effort to model other areas of the brain with different fiber
configurations such as crossing, kissing, and bending fibers. We also wish to significantly
enlarge our model sizes from a micrometer to a millimeter scale to match the size of real
MRI voxels and potentially perform studies on tracking over several adjacent voxels.
Another known outcome of severe and chronic demyelination is the compaction of axonal
neurofilament causing lasting damage on cognitive function. Compaction causes the axons
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to move closer and fill the extra-axonal space left by the receding myelin. We look to expand
our model beyond demyelination to simulate axon compaction and study its effect on DTI
measurements as well.
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Figurel.
Blender rendering of our model with parallel axons (A) and the diffusing particles (B).
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Figure 2.
Axons with enveloping myelin at 80% original thickness (A) and 20% original thickness

(B).
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Figure 3.
(A) V<a?> calculated from (2) for Dy raging from 1 to 3 mm?/s. (B) Experimental vV <x2>
obtained from (1).
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Figure 4.
Pulsed-gradient spin echo (PGSE) sequence with pulse strength g, width &, and distance A

between the two pulses.
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Change in MD, AD and RD due to myelin reduction.
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Change in FA due to myelin reduction.
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