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This paper investigates the impact of cell body (namely soma) size and branching of cellular projections on
diffusion MR imaging (dMRI) and spectroscopy (AMRS) signals for both standard single diffusion encoding (SDE)
and more advanced double diffusion encoding (DDE) measurements using numerical simulations. The aim is to
investigate the ability of dMRI/dMRS to characterize the complex morphology of brain cells focusing on these
two distinctive features of brain grey matter.

Cell morphology To this end, we employ a recently developed computational framework to create three dimensional meshes
Dendritic branching of neuron-like structures for Monte Carlo simulations, using diffusion coefficients typical of water and brain
Cell body

metabolites. Modelling the cellular structure as realistically connected spherical soma and cylindrical cellular
projections, we cover a wide range of combinations of sphere radii and branching order of cellular projections,
characteristic of various grey matter cells. We assess the impact of spherical soma size and branching order on
the b-value dependence of the SDE signal as well as the time dependence of the mean diffusivity (MD) and mean
kurtosis (MK). Moreover, we also assess the impact of spherical soma size and branching order on the angular
modulation of DDE signal at different mixing times, together with the mixing time dependence of the apparent
microscopic anisotropy (¢#A), a promising contrast derived from DDE measurements.

Monte Carlo simulation

The SDE results show that spherical soma size has a measurable impact on both the b-value dependence of the
SDE signal and the MD and MK diffusion time dependence for both water and metabolites. On the other hand, we
show that branching order has little impact on either, especially for water. In contrast, the DDE results show that
spherical soma size has a measurable impact on the DDE signal’s angular modulation at short mixing times and
the branching order of cellular projections significantly impacts the mixing time dependence of the DDE signal’s
angular modulation as well as of the derived uA, for both water and metabolites.

Our results confirm that SDE based techniques may be sensitive to spherical soma size, and most importantly,
show for the first time that DDE measurements may be more sensitive to the dendritic tree complexity (as
parametrized by the branching order of cellular projections), paving the way for new ways of characterizing
grey matter morphology, non-invasively using dMRS and potentially dMRI.

1. Introduction crease in neuronal soma size has been reported in subjects with bipolar

disorder (Bezchlibnyk et al., 2007), while an increase in motoneuron

Non-invasive mapping of brain cells morphology is a major focus
in biomedical imaging research, as it can play a crucial role in the as-
sessment of neurologic and psychiatric diseases which alter the tissue
structure (Uylings and de Brabander, 2002), for studying brain devel-
opment (Cassey et al., 2005), plasticity (Zatorre et al., 2012) or ageing
(Uylings and de Brabander, 2002). Soma size and the tree configuration
of cellular projections of neurons and glia are largely plastic properties
which are directly affected in various pathologies. For instance, a de-

* Corresponding author.
E-mail address: marco.palombo@ucl.ac.uk (M. Palombo).

https://doi.org/10.1016/j.neuroimage.2021.118424.

soma size is present in amyotrophic lateral sclerosis (Dukkipati et al.,
2018). Abnormalities and changes in the dendritic tree characterize a
wide range of disorders (Kulkarni and Firestein, 2012), including a pro-
gressive loss of dendrites and spines in normal aging (Dickstein et al.,
2007). Changes in glial cells, such as astrocyte hypertrophy/atrophy
characterized by an overall increase/decrease in cell size, also accom-
pany various pathologies, from traumatic brain injury (Robinson et al.,
2016) to Alzheimer’s disease (De Strooper and Karran, 2016). This in-
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formation is usually obtained based on histological imaging of tissue
samples, which is highly invasive and can be performed only ex-vivo.

Significant efforts are made to estimate microscopic tissue features
in-vivo using non-invasive imaging techniques, and especially diffusion
Magnetic Resonance Imaging (dMRI), which uses magnetic field gra-
dients to sensitise the measured signal to the displacement of probe
molecules (usually water) in the tissue. Then, by modelling the relation-
ship between neuronal configurations and the measured signal, micro-
scopic tissue properties could be inferred from the dMRI measurements.
Towards this goal, various signal representations and biophysical mod-
els have been developed to capture different features of the complex
brain tissue (Alexander et al., 2017; Novikov et al., 2019; Ghosh et al.,
2018).

The majority of techniques aimed at mapping brain microstruc-
ture properties, either based on signal representations (Basser et al.,
1994; Jensen et al., 2005; Ozarslan et al., 2013) or biophysical mod-
els (Alexander et al., 2017; Novikov et al., 2019), have been focused
on white matter. In terms of biophysical modelling approaches, they
usually describe simple geometries (Ghosh et al., 2018), with a fo-
cus on estimating tissue features such as intra-neurite volume frac-
tion (Behrens et al., 2003; Zhang et al., 2012; Fieremans et al., 2013;
Reisert et al., 2017), axon diameter (Stanisz et al., 1997; Assaf et al.,
2008; Alexander et al., 2010), neurite dispersion (Zhang et al., 2012;
Jespersen et al., 2010, Sotiropoulos et al., 2012), and membrane per-
meability (Nilsson et al., 2010; Nedjati-Gilani et al., 2017). Some tech-
niques have also been applied for mapping microstructure in grey
matter, mainly focusing on neurite dispersion (Zhang et al., 2012;
Jespersen et al., 2010; Lampinen et al., 2017), and more recent studies
have shown the potential of mapping soma apparent density and size
(Palombo et al., 2020) as well as branching complexity using diffusion
of metabolites (Ligneul et al., 2019; Valette et al., 2018; Palombo et al.,
2017; Ingo et al., 2018, Lundell et al., 2020; Palombo et al., 2016;
Palombo et al., 2018). Most of these techniques use a collection of stan-
dard single diffusion encoding (SDE) measurements and simple geomet-
ric representations to describe the brain tissue, for instance cylinders to
mimic axons or spheres to represent the soma. Although such models
can provide an insight into the gross effects of different tissue features
on the dMRI signal and are useful for optimising the acquisition param-
eters, they are an oversimplification of real configurations and limit the
ability of extracting details about the tissue structure. Moreover, there is
increasing evidence that going beyond the standard acquisition and em-
ploying multi-dimensional diffusion sequences, such as double diffusion
encoding (DDE) (Mitra, 1995; Cheng and Cory, 1999; Ozarslan, 2009;
Tanus et al., 2016; Shemesh and Cohen, 2011; Lawrenz and Finster-
busch, 2015; Yang et al., 2018), double oscillating diffusion encoding
(DODE) (Ianus et al., 2017; Ianus et al., 2018; Shemesh, 2018) or g-
space trajectory encoding (QTI) (Lampinen et al., 2017; Westin et al.,
2016; Szczepankiewicz et al., 2016), can provide additional information
about the tissue microstructure compared to SDE acquisitions.

Developing a meaningful biophysical model of diffusion in grey mat-
ter is very challenging (Jelescu et al., 2020). In contrast to white matter,
grey matter is comprised of packed cell bodies and cellular projections,
such as neuronal dendrites and glial projections, that branch and densely
weave together in random configurations. Furthermore, each branch
can present undulations, curvature and secondary structures such as
spines that add another layer of complexity to the biophysical mod-
elling. Therefore, to address the challenge of modelling grey matter mi-
crostructure and/or to understand the contrast of various signal repre-
sentations, it is crucial to know which features of the cellular structure
have a measurable impact on the diffusion-weighted MR signal.

A powerful tool that can be used to find an answer to this still open
question is computational modelling. Numerical phantoms, and espe-
cially those based on Monte Carlo (MC) simulations, e.g. (Palombo et al.,
2018; Palombo et al., 2019, Hall and Alexander, 2009; Yeh et al., 2013;
Fieremans et al., 2010; Ginsburger et al., 2019), allow control and flex-
ibility, both in terms of the underlying diffusion substrates, as well
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as the acquisition sequences, offering the unique opportunity to per-
form in silico experiments targeting specific features of the tissue mi-
crostructure. So far, such techniques have been employed with a wide
range of synthetic tissues, from simple substrates of parallel cylinders
(Hall and Alexander, 2009; Fieremans et al., 2010), substrates includ-
ing fibre dispersion (Nilsson et al., 2011; Kleinnijenhuis et al., 2015;
Callaghan et al., 2020) and multiple fibre populations (Ginsburger et al.,
2018), to realistic meshes based on electron microscopy images of
real tissue (Panagiotaki et al., 2010; Nguyen et al., 2018; Lee et al.,
2018). Although MC based simulations of dMRI signal have been around
for decades (Weisskoff et al., 1994; Gudbjartsson and Patz, 1995;
Balinov et al., 1993), they have been either rather simplistic and very
flexible (e.g. parallel cylinders) or highly realistic, but very rigid (e.g.
meshes based on microscopy). Only recently, computational frame-
works for designing realistic neuronal meshes for MC dMRI simula-
tions have been proposed (Palombo et al., 2019; Ginsburger et al.,
2019; Callaghan et al., 2020). Specifically, the framework presented in
Palombo et al. (Palombo et al., 2019) offers flexibility and control by
employing a generative model to create realistic meshes which closely
resemble a wide range of brain cells, from glia to neurons. The dMRI
simulations presented in (Palombo et al., 2019) show the signal differ-
ences between several cell types, however they do not study the specific
effects of different microstructural properties on the signal.

The aim of this study is to systematically investigate the effect of sub-
tle morphological features such as cell soma size (modelled as sphere)
and branching order of cellular projections (modelled as connected
cylinders) on the diffusion properties measured with water dMRI and/or
metabolite diffusion-weighted MR spectroscopy (dMRS). First, we study
the effect of branching order and spherical soma size on the b-value and
diffusion time dependence of the signal measured with standard SDE
sequences. Then, we investigate the signature of branching order and
spherical soma size on the signal measured with DDE sequences and we
assess whether we can use DDE measurements to inform on cell com-
plexity.

2. Methods

In this section we first describe the overall design of the simulation
experiments and the details of the implementation, including the com-
putational models of brain cells used together with the details of the MC
simulation. Then, we explain the two sets of simulation experiments we
performed to investigate the impact of branching and spherical soma
size on both SDE and DDE measurements, using two different diffusivi-
ties to mimic intracellular water and metabolites diffusion, respectively.
In this way, our results can be used to inform both water dMRI and
metabolites dMRS experiments.

2.1. General simulation design

The aim of this work is to systematically investigate the effect of
spherical soma size and branching order of cylindrical projections on
the diffusion properties measured with dMRI/dMRS. Towards this goal,
we use the generative model introduced in (Palombo et al., 2019) to
create synthetic neuron-like cell structures with controllable complex
features. Specifically, the generative model allows the design of real-
istic virtual cell structures by defining twelve morphological features
including the number of cell projections, Ny,;, number of consecutive
bifurcations, Ny, cell branch length, Ly, and diameter, Dy, (Fig. 1a), soma
realistically connected to the projections with controllable diameter, Dy
(Fig. 1b), cell branch undulations and curvature (Fig. 1c), as well as
complex secondary features such as dendritic spines with controllable
size and density (Fig. 1d). Given our specific goal, we focus our analy-
sis on synthetic cell structures like that reported in Fig. 1b, where fea-
tures other than branching and spherical soma, e.g. cell branch undu-
lation/curvature and dendritic spines, are not incorporated by design.
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a) Basic cellular structure

Increasing cell complexity

Fig. 1. a)-d) Exemplar computational mod-
els of brain cell structures possible to de-

b) Cellular structure with connected soma |
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d) Complex cellular structure, including spines ©) Cellular structure with undulating and curving

fibres

sign using the generative model introduced in
(Westin et al., 2016). The specific kind of cellu-
lar model used in this study is b) as highlighted
by the red box. a) In this example, a basic cel-
lular structure can be made using Ny.,; = 10
. interconnected cellular projections that can bi-
furcate in Ny, = 4 consecutive embranchments.
Each branch has diameter Dy = 0.75 ym and
length Ly = 125 ym. b) It is possible to make the
cell model more complex, for example adding
a cell body, namely soma, of given diameter,
here Dy = 20 ym, and/or c) adding branch un-
dulations (direct over path ratio n = 0.95, see
(Westin et al., 2016) for further details) and

Np=2 Ny =4 Np=6

curvature (radius of curvature R, = 500 ym,

see (Westin et al., 2016) for further details). d) Finally, for higher level of realism, secondary fine structural features, such as spines, can also be added choosing
the density Psp = 2 spines/um and the size of the spine head and neck, hSP = 0.5 ym and ng, = 1um, respectively (see (Westin et al., 2016) for further details). e)
Examples of synthetic cells with different branching orders, Ny = {1,2,4,6} and different soma diameters Dy = {8, 12, 16, 20} ym combinations used in this study.
Cell morphological features other than soma size and branching order (as parametrized by N,), such as undulations, curvature and spines, have been removed by

design using the generative model in (Westin et al., 2016).

The effect of branching and spherical soma size are investigated by sys-
tematically varying Ny and Dy, for two values of cell domain sizes L,
mimicking small and big neural cells, and two values of intrinsic diffu-
sivity D, mimicking water and metabolite diffusion.

However, isolating the relative contribution of branching and soma
size from other confounding factors is still challenging. In particular,
the signal fraction of restricted diffusion within the spherical soma can
have a significant influence on the time-dependence of the measured
signal, hence the virtual cell models must be designed to have the same
volume fraction occupied by the spherical soma v,. To keep v4 constant
when changing branching complexity (by changing N;)) and/or spherical
soma size (by changing D), there are three basic strategies to choose
from: i) adjusting N,;; ii) adjusting the overall size of the cell domain
L (which leads to changes in L), or iii) adjusting the diameter D, of
cylindrical branches. Strategies i) and ii) would lead to cell structures
rather unrealistic/unusual to be considered. For example, if v, = 30%
and Dy = 0.5 ym, when high branching (e.g. N, = 6) and small soma
(e.g. Dy = 8 um) are chosen, the overall cell domain and Np; would
need to be very small to keep the soma volume fraction constant (e.g.
leading to Ly, = 12 ym for Np,; = 3). In the other extreme, when D; = 20
um and Ny, = 1, the overall cell domain and Np,.,; would need to be very
large (e.g. leading to Ly, = 490 um for Ny,; = 100). In contrast, strategy
iii) avoids such unrealistic configurations. Therefore, we adopt strategy
iii) when designing our computational models of neuron-like cells, and
adjust Dy, .

Nonetheless, using strategy iii) still leaves some confounding effects,
due to cases where Dy, is large enough to have a measurable impact as
well as due to different probabilities of exchange between soma and
branches as Dy, is varied. Nevertheless, the signature of Dy, on the mea-
sured dMRI signal is predictable and would impact only a few cases
(those with low Ny, and large D), while the effect of exchange can be
investigated by comparison with a compartment model which exhibits
no exchange. For these reasons, when designing our computational mod-
els of brain cells we take care of keeping the branch diameter below 3
pum, where it has a minimal influence on the diffusion weighted signal,
especially at moderate gradient strength and medium and long diffu-
sion times (Drobnjak et al., 2015; Nilsson et al., 2017), which are more
typical conditions in real pre-clinical and clinical settings.

2.2. Implementation of computational models of synthetic neurons

Specifically, we choose four target soma diameters Dy = {8,12,16,
20} um to cover a wide range of spherical soma sizes seen in various
neuron types (Beebe et al., 2016; Ero et al., 2018) and four branching

orders Ny = {1, 2, 4, 6}. When constructing the synthetic cell, each
cylindrical projection bifurcates Ny-1 times, with Ny = 1 correspond-
ing to non-branching projections, and the complexity of the synthetic
cellular structure increases exponentially with N;. Fig. 1e) shows an ex-
ample set of the configurations investigated. Furthermore, we choose
a fixed cellular volume fraction occupied by the soma vy = 30%, as a
typical value for most of the brain cell types. Each cell has Ny.,; = 10
cylindrical projections leaving the soma, which is the average number
of projections encountered in several cell types, for example in pyrami-
dal cells, motoneurons, stellate and chandelier neurons (Palombo et al.,
2019). The first branch of each projection radiating from the soma is
isotropically distributed in space. At each bifurcation, the subsequent
directions of the two new segments are drawn randomly in space, with a
60° angle between segments. This value is the average bifurcation angle
for most of the brain cells (Palombo et al., 2019). We choose two target
cell domain sizes L = {400, 1000} xm corresponding to the typical sizes
of most of glial cells (i.e. astrocytes, oligodendrocytes and majority of
microglia) and small and large neurons domain, for example pyrami-
dal cells and motoneuron, respectively (Palombo et al., 2019). Since the
target cell domain radius is L/2 and equal to the average total process
length, L, x N, we set the target L as:

L,=— 1
T M

Given the fixed soma volume fraction v, the target D, can be com-
puted from the definition of v, as:

(i—l)m
Vg s

2
3Ly N, (2N —1)

Dy = (@)

proi

where we used the definition of v, as:

spherical soma vol

sph soma vol + total cyl projections vol

4 (D)
3 2

2
2N~ 1)x L,(2)

3
4 Dy
371'(7) +Nprﬂj(

with N pmj(ZNb — 1) being the total number of cylindrical segments of
length Ly, and diameter Dy, comprising each cellular projection.

Then, for each cell configuration the potential of water molecules to
exchange between soma and branches is proportional to the ratio be-

tween the total cross-sectional area of the projections leaving the soma
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and the soma surface:

2
N Nproj Db (3)

Dex 4 Dsz

Given the probabilistic nature of the synthetic cell generation, for
each parameter combination we create 10 cell instances which are
used to average the simulated diffusion signal. Previous investigations
(Palombo et al., 2016; Palombo et al., 2018; Palombo et al., 2019) have
suggested that 10 cell instances are the minimum number to guarantee
a standard deviation of the simulated normalized signal lower than 2%.

Three-dimensional surface meshes are then generated in
Blender 2.79 using “metaballs” objects, as previously described in
(Palombo et al., 2019). To make the MC simulations less computation-
ally expensive, the resulting meshes are simplified and smoothed in
Blender 2.79 using the “decimate” and “smooth” modifiers, leading
to sparser surface meshes of ~103 triangular faces. Following this
procedure, the effective sizes of soma (D) and branches (D;) of the
final mesh may slightly differ from the target ones. To precisely measure
the effective values of Dy and Dy, we consider 256 rays, each one along
a different direction in space chosen by uniformly sampling a sphere
centred in the middle of the soma or each branch. Then, we compute for
each ray the ray-triangle intersection to determine which triangle of the
cellular mesh the ray intersect. Subsequently, we compute the distance
from the origin of the ray to the intersection point on that triangular
face of the mesh. The minimum of the 256 distances computed in this
way (one for each ray) is taken as effective radius of the corresponding
spherical soma or cylindrical branch. The morphometric parameters,
both the target ones as well as the effective values after the meshing
procedure, are given in Table S1 in Supplementary Information.

2.3. Monte Carlo simulations

To simulate the diffusion signal, we employ the MC simulator in
Camino (Hall and Alexander, 2009; Cook et al., 2006). The source code
has been slightly modified to allow the user to input the initial walker co-
ordinates. This significantly reduces the time required for walker place-
ment inside the cells with Camino’s built-in algorithm which is designed
for generic meshes and thus not optimised for the morphology of neu-
ronal cells we model here.

For each mesh, the initial walker coordinates are carefully generated
using a custom script in MATLAB (The Mathworks) to ensure that the
number of walkers placed in each branch segment or soma is propor-
tional to its volume fraction with respect to the whole cell. In the soma,
the walkers are placed in a smaller concentric sphere with a diameter of
0.9 « D,. To allow for the distribution of the spins to reach a steady state,
the first 50 ms of the simulation are discarded. For each configuration,
we verify that the number of spins in the soma indeed stabilise after this
period, for both the investigated diffusivities.

The MC simulations are run with the following parameters: diffusiv-
ity D={2, 0.5} um?/ms corresponding to typical intracellular water and
metabolites diffusivities, respectively; 10% walkers for each cell instance,
resulting in 10° walkers for each configuration and a step duration of
6t = 0.1 ms, according to the general guidelines in (Hall and Alexan-
der, 2009). The step duration, together with D, determines the fixed
step size 6r = (6 « D « 6t)1/2. We choose this 6t as a trade-off between
accuracy of the MC simulation and computational time. The chosen 6t is
small enough to guarantee that the standard deviation of the simulated
normalized signal over the 10 cell instances is lower than 2% for the
fast diffusivity and less than 0.7% for the slow diffusivity.

2.4. Simulated mechanisms of exchange

Our simulations are focused on intracellular dynamics and corre-
sponding intracellular dMRI/dMRS signal only. With our simulation de-
sign, we can access two possible mechanisms of exchange:
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1 soma-branch exchange, that is the exchange of diffusing molecules
between the spherical soma and the cylindrical projections of our
synthetic cells;

2 branch-branch exchange, that is the exchange of diffusing molecules
between one branch of a projection to another of our synthetic cells.

Exchange of diffusing molecules between intracellular and extracel-
lular compartments, namely intra-extracellular exchange, is not consid-
ered in our simulations.

2.5. Effect of soma size and branching order on SDE measurements

In the first set of simulation experiments, we investigate the effect of
spherical soma size and branching order on the diffusion signal of ideal
SDE sequences. First, we investigate the impact on the signal b-value
dependence, then the effect on the time dependence of the mean diffu-
sivity (MD) and mean diffusional kurtosis (MK) indices derived from the
second-order cumulant expansion of the signal.

2.5.1. B-value dependence

We investigate the effect of spherical soma size and branching order
of cylindrical projections on the b-value dependence for ideal SDE se-
quences with short gradient duration §; = 1 ms, three different diffusion
gradient pulse separation times A; = {10, 30, 80} ms and 28 b-values
ranging from O to 60 ms/um?. For each parameter combination, we av-
erage the signal over 32 isotropically oriented gradient directions.

To better understand the b-value dependence and the impact of the
exchange between branches and soma, we compare these signals with
those from a theoretical compartment model which accounts for re-
stricted diffusion inside spheres and isotropically oriented finite cylin-
ders with the effective diameter given in Table S1, and a length equal
to half the cell domain L. The restricted diffusion signal is computed
according to the Gaussian Phase Distribution (GPD) approximation
(Neuman, 1974).

2.5.2. MD and MK time dependence

To study the impact of spherical soma size and branching order of
cylindrical projections on the MD and MK time dependence, we consider
ideal SDE sequences with a gradient pulse duration of 5, = 1 ms, 3
different b-values, specifically b, = {0.5, 1, 2} ms/um? for simulations
with high diffusivity D = 2 ym?/ms and b, = {2, 4, 8} ms/um? for small
diffusivity D = 0.5 yum?/ms, and 35 diffusion gradient pulse separation
times A, per b value ranging from 1.1 to 2450 ms. As in section 2.4.1, the
signal is averaged over 32 directions, then, MD and MK are computed
by fitting the following equation:

log(S)= —MD - b+ 6lMDZ-M1<.b2, )
where S is the normalized diffusion signal from the MC simulations. The
estimated MD and MK values are also compared to the theoretical values
based on the two-compartment model.

2.6. Effect of soma size and branching order on DDE measurements

In this second set of experiments, we study the effect of spherical
soma size and branching order on DDE measurements, which have been
suggested to provide additional contrast compared to SDE sequences, es-
pecially related to microscopic diffusion anisotropy (#A) (Novikov et al.,
2019; Shemesh et al., 2010; Shemesh et al., 2015; Finsterbusch, 2011).
We hypothesise that DDE measurements would be more sensitive to the
branching of cellular projections than SDE ones. Specifically, we hy-
pothesise that the angular modulation of the DDE signal and the derived
apparent yA index can quantify more directly the loss of correlation be-
tween subsequent diffusion directions due to spins diffusing from one
branch to another, oriented in a different direction.

A typical DDE experiment encompasses two diffusion-weighting
blocks separated by a mixing time z,,. The specific DDE design to map
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restricted diffusion (in the case of negligible/slow inter-compartmental
exchange) is to study the angular modulation of the DDE signal as a
function of the relative angle between the diffusion gradients of the two
blocks at short mixing time 7, with the difference between parallel and
anti-parallel measurements reflecting the restriction size. On the other
hand, the specific DDE design to map microscopic anisotropy is to study
the angular modulation at long z,, (Novikov et al., 2019; Mitra, 1995;
Cheng and Cory, 1999; Shemesh et al., 2010; Shemesh et al., 2015,
Finsterbusch, 2011), with the difference between parallel and orthogo-
nal measurements reflecting microscopic anisotropy. In this experiment,
compartments without shape anisotropy would lead to flat angular mod-
ulation of the DDE signal’s amplitude at long z,,, while compartments
with shape anisotropy would preserve a strong modulation (Cheng and
Cory, 1999; Ozarslan, 2009; Shemesh and Cohen, 2011; Ianus et al.,
2018; Shemesh et al., 2010; Lawrenz and Finsterbusch, 2011).

However, in neuron-like structures such as those considered here,
different cellular compartments of different shapes, e.g. spherical soma
and (branched) cylindrical projections, are interconnected and the MR
probe molecules (either water or metabolites) can exchange between
them during the interval 7, losing correlation between subsequent dif-
fusion directions. As a consequence, in case of cellular structures with
branched projections, if there is a non-negligible fraction of diffusing
molecules which move between one branch to another oriented in a
different direction and/or between branches and the spherical soma,
then we should measure a lower amplitude of the angular DDE signal
modulation due to the resulting loss of correlation between subsequent
diffusion directions, compared to the non-exchanging case.

Here we design simulation experiments to investigate whether and
how the presence of spherical soma of different sizes and cylindrical
projections with different branching orders impact the 7, dependence
of the DDE signal’s angular modulation. We also study the effect on
a rotationally invariant index of apparent uA (Jespersen et al., 2013),
which nowadays is more commonly used in anisotropic tissue compared
to the amplitude modulation of the signal.

2.6.1. Mixing time dependence of the DDE signal’s angular modulation

With the first simulation experiment, we investigate the effect of
mixing time z,, on the amplitude of angular DDE signal modulation,
where the relative angle between the two gradient pairs is varied be-
tween 0 and 2r radians. To this end, we keep the diffusion time of each
block short, to ensure negligible exchange between spherical soma and
branches and between different branches during the individual blocks,
thus isolating the contribution of soma and dendritic tree complexity to
the signal only during the mixing time. In this way, we expect to see
what in SDE experiments is driven by diffusion time, being driven in-
stead by mixing time in DDE. This allows us to explore a unique DDE
feature (mixing time) while providing a fair comparison with SDE as a
single timing parameter is varied. Specifically, we consider ideal DDE
sequences with a gradient pulse duration 63 = 1 ms, short diffusion time
As = 5 ms, three b-values (b = {1, 2, 4} ms/um? for D = 2 ym?/ms
and b; = {4, 8, 16} ms/um? for D = 0.5 ym?/ms), 7, varying between
1 and 200 ms, and the relative angle between the gradients ¢ is var-
ied in 17 steps between 0 and 27 radians. These sequence parameters
are chosen to ensure that the exchange between soma and branches and
between different branches is negligible during the interval A5 (i.e. the
root mean squared displacement along the branch < 10% Ly,,,.), but
it can have a significant effect when increasing z,.

To mitigate the effect of any residual macroscopic anisotropy, we
use a scheme similar to the ones described in (Yang et al., 2018) that
showed to minimize the contribution from any residual macroscopic
anisotropy. Specifically, the measurements are performed in 8 planes,
with their normals isotropically distributed on a sphere. Moreover, in
each plane, the gradients with parallel directions (i.e. ¢ = 0) are rotated
to point in 5 different directions. Thus, for each ¢ value there are 40
measurements (8 planes x 5 in plane directions).
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To assess the relative impact of exchange between soma and
branches and between different branches, the signal angular depen-
dence in the simulated cells is also compared with the analytical signal
for a two-compartment model which accounts for restricted diffusion
inside spheres and inside isotropically oriented finite cylinders.

2.6.2. Mixing time dependence of the apparent microscopic anisotropy

In the second DDE simulation, we study the behaviour of appar-
ent A in different synthetic cell configurations for various diffusion
times and 7,,. Towards this goal, we synthesize the signal from the well-
studied DDE 5-design with 12 parallel and 60 orthogonal measurements
(Jespersen et al., 2013) with three b-values (b, = {1, 2, 4} ms/um? for
D = 2 ym?/ms and b, = {4, 8, 16} ms/um? for D = 0.5 ym?/ms), vari-
ous diffusion times A4 = {5, 10, 20, 30, 45, 60, 80} ms and r,,, between
0 and 200 ms, without exceeding a total sequence duration of 250 ms.
Then, we calculate the apparent uA at each b-value based on the dif-
ference between measurements with parallel and orthogonal gradients
(Jespersen et al., 2013).

Although we know from simulations that this metric slightly
underestimates the expected microscopic anisotropy of the system
(Ianus et al., 2018) and at short 7, it also reflects the effects of restric-
tion size, it is a robust metric for comparing the trends between cells
with different dendritic tree complexities.

Moreover, to investigate the effect of the exchange between spherical
soma and branches and between different branches, we also compared
the uA values from the simulations with those obtained from the ana-
lytical two-compartment model (sphere + isotropically oriented finite
cylinders).

2.7. Noise considerations

To detect the effect of changing a certain parameter, such as spheri-
cal soma size or branching order, the differences incurred on the signal
or on an estimated index (e.g. MD) should be larger than the variations
due to noise. To study this effect, after the signal was averaged over the
10 cellular configurations, N, = 1000 instances of Gaussian noise
with standard deviation ¢ = 0.05 (i.e. corresponding to an SNR of 20 in
the b=0 data) was added to each diffusion measurement. After adding
noise, the signal is averaged over different directions, according to the
protocols described in each experiment, followed by the computation
of various indices (e.g. MD and MK). The differences incurred on the
signal or on the estimated indices when changing a certain parameter
are considered “detectable” if different from the noise induced varia-
tions with statistical significance assessed through two-tailed t-test and
p<0.01. Further details are reported in section S2 of Supplementary In-
formation.

3. Results
3.1. Effect of soma size and branching order on SDE measurements

3.1.1. Spherical soma size can impact the b value dependence of the
direction-averaged signal

Fig. 2 shows the signal b-value dependence for a diffusion time of
80 ms, for synthetic cells with different branching orders and spheri-
cal soma size. Focusing on soma, we find that soma size impacts the
high b value dependence of the normalized direction-averaged signal,
for both simulated water (Fig. 2a) and metabolite (Fig. 2b) diffusivi-
ties. In particular, for b>5 ms/um?, we observe a curvature (convexity)
of the signal as a function of b value which increases when soma size
increases. This effect is more clearly shown in Fig. 3a). This effect is
even more pronounced for the shorter diffusion times of 10 and 30 ms,
where a difference in signal between different soma diameters occurs at
lower b values, as illustrated in Fig. S2. However, if the diffusion time
is very short relative to the restriction sizes, the effect of different soma
sizes is reduced. This can be seen for instance in Fig. S1b, where for
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Fig. 2. B-value dependence of the diffusion
signal for a) D = 2 ym?/ms (mimicking wa-
ter diffusion) and b) D = 0.5 ym?2/ms (mimick-
ing metabolites diffusion). Within each panel,
the top row simulates large cells and the bot-
tom row small cells, with different soma diam-
eters (increasing diameter from left to right)
and various branching orders (lines of differ-
ent colours). The data is simulated at A = 80
ms.

Fig. 3. a) Comparison of signal b-value depen-
dence for cells with different soma sizes, do-
main size L = 400 pm, and increasing com-
plexity (branching order increases left to right).
b) Comparison between Monte Carlo simula-
tions and the GPD approximation for a non-
exchanging two-compartment model which in-
cludes diffusion inside a sphere and finite
isotropically oriented cylinders with the same
effective diameters as the effective Dy and D,
values indicated in Table 1. The signal is com-
puted for cells with a domain size L. = 400 ym
and target D, = 8 ym. In both a) and b), the
signal is computed for a diffusion time of 80
ms.
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A =10 ms and D = 0.5 ym?/ms the mean squared root displacement
V6DA = 5.4 pm is smaller than the soma diameters.

Noise considerations: Fig.s S5a) and b) in Supplementary Information
present the signal differences between cell configurations with D = 8
um and larger diameters as a function of b-value for diffusion times of 80
and 10 ms, respectively. For A = 80 ms, the signal differences are largest
for high b values (3 — 20 ms/um?) both for high and low diffusivity
values. For shorter diffusion times, the differences shift towards lower
b-values and the noisy curves become separable for b-values around 0.5
ms/um? for D = 2 ym?/ms and around 1 ms/um? for D = 0.5 ym?/ms.

3.1.2. Cylindrical branch diameter can impact the high b value dependence
of the direction-averaged signal at short diffusion times

As explained in Section 2.1 and 2.2, to keep the cellular volume frac-
tion occupied by the soma constant, we adapted the D, value keeping
fixed L and N,; according to Eq. (Cassey et al., 2005). For most sub-
strates, which have projections with diameters < 1.5 ym, the branch
diameter does not have an impact on the b value dependence of the
signal. Nevertheless, for the substrates which have a larger branch di-
ameter (i.e. cells with low Ny, and large soma size), the signal decay
curves at short diffusion time (A = 10 ms) start diverging at very large
b values (b > 10 ms/um?). This effect is especially clear for simulations
with D = 0.5 ym?/ms, as illustrated in Fig. S1b).

Noise considerations: The effect of branch diameter is detectable in the
presence of noise, especially for D = 0.5 ym?/ms, as illustrated in Fig.
S6a) which shows large differences between cells with different soma
sizes (and implicitly different branch diameters) at high b values.

3.1.3. Negligible impact of branching order of cylindrical projections on the
b value dependence of the direction-averaged signal

As illustrated in Fig. 2, the signal decay curves as a function of b-
value are similar for synthetic cells with different branching orders for
the SDE sequence parameters chosen in these simulations, i.e. short gra-
dient duration and diffusion time up to 80 ms. Moreover, comparing the
signal decay from Monte Carlo simulations with a theoretical model of
two, non-exchanging, compartments (Fig. 3b) also shows a good agree-
ment between the curves, especially for Ny, = 6, implying that for the
SDE sequences investigated here, the b-value dependence of the signal
cannot directly inform on the complexity of the cell dendritic tree, ex-
pressed in terms of branching order Ny. Even better agreement is ob-
served for the shorter diffusion times of 10 and 30 ms.

Noise considerations: Indeed, the results presented in Fig.s S5b) for
A =80 ms and in S6b) for A = 10 ms show that for cells with N, = {4,6}
there are just very small differences between the simulated signal and
the theoretical compartment model, and for the larger spherical soma
sizes the shaded area describing the standard deviation of the noise over-
laps with the theoretical model. The differences are even smaller for the
lower diffusivity value D = 0.5 ym?/ms.

3.1.4. Soma-branch exchange can impact the b value dependence of the
direction-averaged signal at long diffusion times

For structures with Ny = 1 (which have the largest potential of soma-
branches exchange, see p., values in Table S1), the simulated signal is
below the theoretical curve for a range of intermediate b values (1-10
ms/um?), especially for D = 2 ym?/ms and A = 80 ms. This effect is
less pronounced for the shorter diffusion times and is not present for
the structures with branched projections and implicitly lower p,, values,
pointing out this effect rises from the exchange between spherical soma
and cylindrical projections.

Noise considerations: As illustrated in Fig.s S5b) and S6b), this effect
is more pronounced for A = 80 ms, and significant differences between
theoretical and simulated curves are present for both D = 2 ym?/ms and
D = 0.5 um?/ms, given the simulated SNR of 20.
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3.1.5. Spherical soma size can impact the MD and MK time dependence at
short to intermediate diffusion times

Figs. 4 and 6 illustrate the MD and MK time dependence for large and
small cell domains with various spherical soma diameters and branching
orders, for diffusivities mimicking both water diffusion (D = 2 ym?/ms)
and metabolites diffusion (D = 0.5 ym2/ms).

For all substrates, the spherical soma size has a marked influence
on the time dependence of MD and MK, as also illustrated in Fig. 5a)
and 7a). For smaller spherical soma sizes, there is a sharp decay in MD
and increase in MK at short diffusion times (~ 10 ms), followed by a
slower change at longer diffusion times. For the larger spherical soma
sizes this regime extends up to ~100 ms. These patterns are further
shifted to longer diffusion times for the simulations with low diffusivity
as illustrated in Fig. 5a) and 7a).

Noise considerations: Fig. S7 and S8 from Supplementary Information
present the differences in MD and MK between cells with Dy = 8 ym and
cells with larger diameter. For intermediate diffusion times, the differ-
ences in MD and MK are larger than the variations due to noise, both
for D =2 ym2/ms and D = 0.5 ym?2/ms.

3.1.6. Cylindrical branch diameter can impact the MD and MK time
dependence at short diffusion times

It is worthwhile to note that in some cases reported in Figs. 4 and 6,
we can additionally see the impact of non-negligible cylindrical branch
diameter on the simulated MD and MK time dependence, especially at
diffusion times <~20 ms.

For D = 2 ym?/ms, in Fig. 4a) and Fig. 6a), the effect of finite branch
diameter is negligible in most substrates, except for the smaller cells
(L = 400 pym) with large soma sizes (Dg = 16, 20 ym) and N, = 1 and 2,
where the branch diameter is larger than 1.9 ym. In these cases, we see
a higher MD and a lower MK at the very short diffusion times[64, 65].
Consequently, for smaller cell domain and lower N, D}, values are large
enough to have a non-negligible impact on the MD and MK diffusion
time dependence at relatively short diffusion time.

For D = 0.5 ym?2/ms, in Fig. 4b) and Fig. 6b), the effect of branch
diameter on MD and MK is more pronounced, as smaller diameter values
are detectable as expected from previous analyses (Drobnjak et al., 2015;
Nilsson et al., 2017).

Noise considerations: The effect of cylindrical branch diameter is also
clearly illustrated in Fig. S7a) and S8a), where signal differences due
to an increase in branch diameter are also detectable in the presence of
noise for short diffusion times.

3.1.7. Small impact of branching order of cylindrical projections on MD
(but not MK) time dependence at long diffusion time

For all substrates, Figs. 4 and 6 show that there is a visible depar-
ture in MD and MK between the cells with different branching orders for
long diffusion times (> 100 ms), which is more pronounced for longer
diffusion times and smaller cells. These differences in MD and MK val-
ues are determined by two effects, namely the cell branching itself and
a difference in exchange probabilities between soma and branches, as
illustrated in Table S1.

To separate these effects, Fig. 5b) and Fig. 7b) are comparing the
signal decay from Monte Carlo simulations with a theoretical model of
two, non-exchanging, compartments, namely a sphere and isotropically
oriented capped cylinders, with the same effective diameters as the val-
ues from Table 1. To investigate the effect of branching we focus on
substrates with Nb = {4, 6} which have a low potential of exchange
between soma and branches.

For substrates with larger Ny, values, and implicitly lower exchange
potential, we see a good alignment between the simulated and theoret-
ical curves, both for MD and MK. For the most branched cells (N}, = 6),
we see slightly lower MD values compared to the theoretical curves for
very long diffusion times > 200 ms which is due to the cell projections’
branching, while the MK values remain lower than the theoretical values
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Fig. 4. MD time dependence for a) D = 2
um?/ms (mimicking water diffusion) and b)
D = 0.5 ym?/ms (mimicking metabolites diffu-
sion). Within each panel, the top row simulates
large cells and the bottom row small cells, with
different soma diameters (increasing diameter
from left to right) and various branching orders
(lines of different colours). MD is computed by
fitting the Kurtosis model to the data simulated
with all 3 b-values.

Fig. 5. a) Comparison of MD time depen-
dence for cells with different soma sizes, do-
main size L = 400 pm, and increasing com-
plexity (branching order increases left to right).
b) Comparison between Monte Carlo simula-
tions and the GPD approximation for a non-
exchanging two-compartment model which in-
cludes diffusion inside a sphere and finite
isotropically oriented cylinders with the same
effective diameters as the effective Dy and D,
values indicated in Table 1. The signal is com-
puted for cells with a domain size L = 400 ym
and target Dy = 8 ym. In both a) and b). MD is
computed by fitting the Kurtosis model to the
data simulated with all 3 b-values.
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Fig. 6. MK time dependence for a) D = 2
um?/ms (mimicking water diffusion) and b)
D = 0.5 ym?/ms (mimicking metabolites diffu-
sion). Within each panel, the top row simulates
large cells and the bottom row small cells, with
different soma diameters (increasing diameter
from left to right) and various branching orders
(lines of different colours). MK is computed by
fitting the Kurtosis model to the data simulated
with all 3 b-values.

Fig. 7. a) Comparison of MK time dependence
for cells with different soma sizes, domain
size L = 400 um, and increasing complex-
ity (branching order increases left to right).
b) Comparison between Monte Carlo simula-
tions and the GPD approximation for a non-
exchanging two-compartment model which in-
cludes diffusion inside a sphere and finite
isotropically oriented cylinders with the same
effective diameters as the effective Dy and D,
values indicated in Table S1. The signal is com-
puted for cells with a domain size L = 400 ym
and target Dy = 8 ym. In both a) and b). MK is
computed by fitting the Kurtosis model to the
data simulated with all 3 b-values.
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Table 1
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A summary of different dMRI/dMRS regimes and acquisitions where the measurements show sensitivity to different substrate properties, namely spherical soma

size, branching of cylindrical projections, cylindrical projection size, soma-branch exchange.

Intracellular probe

Sensitivity to spherical

Sensitivity to
branching of
cylindrical projections
(branch-branch

Sensitivity to
cylindrical projections

Sensitivity to

Diffusion sequence Measurement molecule soma size exchange) size soma-branch exchange
SDE Signal intensity at Water YES NO NO YES
(short 6 = 1 ms) fixed diffusion time Dy = 2 yum?/ms for b>3 ms/um? and because it requires for .5<b <10
and varying gradient A <30 ms higher b values than ms/um?
strength those simulated here and A > 30 ms
NOTE
intra-extracellular
exchange may mask
the effect
Metabolites YES NO YES YES
Dy = 0.5 yum?/ms for b>10 ms/um? for b>10 ms/um?, for 2 < b < 10 ms/um?
and A <100 ms A <10 ms and A > 80 ms
and diameters > 1.5
pm
SDE MD at varying Water YES YES NO YES
(short 6 = 1 ms) diffusion time Dy = 2 ym?/ms for A € [5-40] ms for A > 200 ms for A > 20 ms
NOTE NOTE
intra-extracellular intra-extracellular
exchange may mask exchange may mask
the effect the effect
Metabolites YES YES YES YES
D, = 0.5 um?/ms for A € [40-200] ms for A > 1000 ms for A <10 ms and A > 100 ms
and diameters > 1.5
pum
SDE MK at varying Water YES NO NO YES
(short 6 = 1 ms) diffusion time Dy = 2 ym?/ms for A € [20-100] ms for A > 20 ms
Metabolites YES NO YES YES
D, = 0.5 um?/ms for A € [80-400] ms for A <10 ms and A > 100 ms
and diameters > 1.5
pum
DDE Amplitude of angular ~ Water YES YES NO NO
(short 6 =1 ms) signal modulation, Dy = 2 yum?/ms fort, - 0 by contrasting
A=5ms b = 4 ms/um? and small soma sizes, as measurements with t,;
larger sizes require longer ~~ 1 ms and t;, > 20 ms
diffusion times
Metabolites NO YES YES NO
Dy = 0.5 ym?/ms fort, -0 by contrasting fort, -0
b = 16 ms/um? because it requires longer =~ measurements with t;, and diameters > 1.5
diffusion times than ~5msandand t, > um
simulated here 80 ms
DDE HA Water YES YES NO NO
(short 6 =1 ms) Dy = 2 yum?/ms fort, - 0 by contrasting
b = 4 ms/um? and A > 5 ms measurements with t,;
~ 1msand t; >30ms
Metabolites YES YES YES NO
Dy = 0.5 ym?/ms fort, -0 by contrasting for t, — 0,
b = 4 ms/um? and A > 20 ms measurements witht,;, A ~5ms

~5msand and t; >
100 ms

and diameters > 1.5
pum

for all Ny, investigated here. At long diffusion times, the overall domain
size also has an impact on the MD and MK values, which have a more
pronounced change with diffusion time for smaller cells with L. = 400 ym
compared to cells with L = 1000 ym, a trend also captured by the finite
cylinders from the two-compartment model as illustrated in Figs. 5b)
and 7b).

Noise considerations: To better assess the detectability of these effects,
Fig. S7b) and S8b) plot the signal differences between the simulated
signal, which includes the effects of branched projections (N, >1) as
well as the exchange between soma and branches, and the theoretical
signal for a compartment model which does not include these effects,
in the presence of noise. For substrates with Nb = {4, 6}, the impact
of branching order on MD is small, nevertheless, for cells with N, = 6
at long diffusion times, there is a small but significant decrease in MD
compared to the theoretical model. When considering MK, for structures
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with Ny = 6, the shaded areas, showing the standard deviation of MK
for an SNR of 20, overlap with the theoretical values.

3.1.8. Soma-branch exchange can impact the MD and MK time
dependence at long diffusion times

For cells with low branching orders Ny, = {1,2} we see higher MD
values and lower MK values in the simulated cells compared to the the-
oretical model for diffusion times larger than 20-30 ms. This trend was
seen for other values of the soma diameter as well and is due to the
exchange between the soma and the branches which is the most pro-
nounced for cells with N, = 1 compared to other cells due to the larger
branch diameter (see p., values in Table S1).

Noise considerations: For diffusion times above ~100 ms, we see a
significant increase in MD and decrease in MK due to exchange between
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soma and branches for cells with Ny, = {1, 2}, for the considered SNR of
20.

3.1.9. Distinct regimes for the impact of cylindrical branch size, spherical
soma size, soma-branch exchange and branch-branch exchange

The results in the previous sections suggest the existence of distinct
regimes where the effects of cylindrical branch diameter, spherical soma
size, soma-branch exchange and the branch-branch exchange due to
branching of cellular projections (here parametrized by N;,), dominate
the MD and MK time dependence. Specifically, for water diffusion:

a) at very short diffusion times, i.e. < 10 ms, branch diameters (> 1.5
um) seem to drive the MD and MK time dependence;

b) at short to medium diffusion times, i.e. ~10-50 ms, the spherical
soma diameter D; seems to drive the MD and MK diffusion time de-
pendence;

c) at medium to long diffusion times, i.e. > 50 ms, the exchange be-
tween soma and branches seems to impact the MD and MK diffusion
time dependence (Fig. 3),

d) at very long diffusion times, i.e. > 200 ms, the branch-branch ex-
change has a dominant effect on MD.

These regimes seem to hold for metabolites too, once longer diffu-
sion times are considered to compensate for the much slower diffusion
coefficient of metabolites compared to water (Fig. 4b), Fig. 6b), Fig. S6
and Fig. §7). Also, it is worth noting that the soma-branch exchange has
an opposite effect to the branch-branch exchange on the MD and MK
time dependence.

3.2. Effect of soma size and branching order on DDE measurements

3.2.1. Spherical soma size can impact the DDE signal’s angular modulation
at short mixing times

Fig. 8a) plots the angular DDE modulation as a function of mixing
time for cells with different spherical soma size for N, = 1 and Ny, = 6
and a cell domain L = 400 ym, for the water diffusivity D = 2 ym?/ms.
For the DDE sequences with short diffusion time (A = 5 ms) considered
in this simulation, spherical soma size has only a small effect on the
angular modulation, shown by the bell-shaped curve for D = 8 ym at
7= 1 ms. For the same cellular configurations with Dy = 8 ym, the sig-
nal is slightly shifted compared to the other soma sizes, nevertheless all
curves follow the same amplitude modulations for 7, >10 ms. The shift
occurs due to a more pronounced effect of restricted diffusion inside the
soma, which is closer to the mean squared displacement of \/6DA ~
8 ym compared to the larger soma diameters, for which only part of
the spins will probe the boundary during the given diffusion time. The
larger effect of restricted diffusion for D¢ = 8 ym can also be seen from
the higher difference between the DDE with parallel (0°) and orthogo-
nal (180°) gradient orientations. For these DDE sequences, the effect of
spherical soma size for metabolites diffusivity D = 0.5 ym?/ms is neg-
ligible, as it is clearly illustrated in Fig. S4a) for structures with N, = 6
where the effect of branch diameter is negligible, and all curves overlap.
Moreover, for the shortest mixing time, there is no difference between
parallel and anti-parallel signals, which is also a signature of restriction.

Noise considerations: When considering the difference between DDE
measurements with parallel and anti-parallel gradients at ;=1 msasa
probe of restriction size, for the larger diffusivity value D = 2 ym?/ms,
the signal differences are ~ 0.07 for cells with Dy = 8 ym, ~ 0.02 for
D; =12 ym and below 0.01 for the largest diameters. Thus, even for the
short diffusion time used in these simulations, the impact of the smaller
soma sizes on the DDE signal at short mixing time is above the noise
level, for the noise distribution considered in this study with ¢ = 0.05
and averaging over the 40 directions.

3.2.2. Cylindrical branch diameter can impact the DDE signal’s angular
modulation at short mixing times

As illustrated in Fig. S4, for simulations with D = 0.5 ym2/ms and
structures with branch diameter > 1.5 um, there is a clear effect both on
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the DDE signal values and on the mixing time dependence of the angular
modulation shape, which at very short mixing times has the character-
istic bell-shaped curve for restricted diffusion. Also, for the substrates
with the larger branch diameters, the overall amplitude of the angu-
lar modulation at long mixing times is lower than for substrates with
smaller branch diameters, nevertheless it does not vary with mixing time
once the long-time regime with respect to the diameter values has been
reached.

Noise considerations: When considering the difference between DDE
measurements with parallel and anti-parallel gradients at ;= 1 ms as a
probe of restriction size, for D = 0.5 um?/ms the signal differences are
~ 0.03 for cells with Dy ~ 2 um, which is above the noise level for the
distribution considered in this study with ¢ = 0.05 and averaging over
the 40 directions.

3.2.3. Branching order of cylindrical cellular projections can impact the
mixing time dependence of the DDE signal’s angular modulation

Fig. 8b) presents the angular DDE modulation as a function of mix-
ing time for synthetic cells with different branching orders for D; = 8
um and Dy = 20 ym and a cell domain L = 400 ym. The plots show
a decrease in the amplitude of the DDE signal modulation with mixing
time for the cells with branched projection, and the decrease is larger for
larger values of Ny. To further investigate this effect, Fig. 9 compares the
simulated angular DDE modulation with the signal provided by a non-
exchanging two-compartment model consisting of diffusion restricted
in a sphere and finite isotropically oriented cylinders with the parame-
ters described in Table S1, which is exemplified for Dy = 8 ym. Fig. 9a)
shows a good agreement between simulated and theoretical curves for
cells with straight projections (N}, = 1) for the entire range of mixing
times, while Fig. 9b) indeed shows a decrease in the modulation ampli-
tude with mixing time for the branched cells with Ny, = 6, both for D =2
and 0.5 ym2/ms. Similar trends have been observed for other substrates
and soma diameters. For simulations with D = 0.5 ym?/ms or for larger
cell domains (L = 1000 pm), the decrease is less pronounced compared
to the results for D = 2 yum?/ms, as less spins travel from one segment
to the other in the same time interval. The results are shown for the se-
quences with b = 4 ms/um? for D = 2 ym?/ms and b = 16 ms/um? for
D = 0.5 ym2/ms nevertheless, similar trends are seen for other b values.

Noise considerations: Analysing the difference between DDE measure-
ments with parallel and orthogonal gradient orientations and how it
changes with mixing time, Fig. S9a) shows that for cells with highly
branched projections (N, = 4 and 6), the amplitude modulation de-
creases with mixing time. The change in amplitude modulation between
short mixing times and longer mixing times can be detected at 7= 200
ms also when considering noisy data, both for D = 2 and 0.5 ym?2/ms.
The decrease is less pronounced (< 0.015) for cells with straight projec-
tions, and the signals overlap within their standard deviations. Similar
trends and detectability levels are observed when comparing the simu-
lated DDE signal with the compartment model (Fig. S9b).

3.2.4. Negligible impact of soma-branch exchange on the mixing time
dependence of the DDE signal’s angular modulation

For the DDE sequences investigated in this work, we see no direct
effect of exchange between spherical soma and cylindrical projections,
as the amplitude of the angular modulation for cells with Ny = 1 (which
have the highest exchange potential) does not vary with mixing time and
closely matches the theoretical two compartment model, as illustrated
in Fig. 9 and Fig. S9.

3.2.5. Spherical soma size can impact the mixing time dependence of the
uA for medium diffusion times

To further investigate the effect of spherical soma size and branching
order on DDE signal, Fig. 10 presents the mixing time dependence of the
apparent microscopic anisotropy for DDE sequences with short (a,c,e,g)
and long (b,d,f,h) diffusion times, for cells with different branching or-
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Fig. 8. Dependence of DDE angular modula-
tion on the mixing time for a) cells with dif-

ferent soma sizes and b) cells with different
branching orders. The data is simulated for
cells with a domain size of 400 ym, b-value of
b =4 ms/um? and D = 2 ym?/ms.
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ders, for D = 2 ym?2/ms and D = 0.5 ym?2/ms, respectively. The plots also
compare the simulated values with predictions from a non-exchanging
two-compartment model.

For DDE sequences with short diffusion time (A = 5 ms) we see sim-
ilar yA trends for small and large soma values with Dy = 8 ym and 16
um, respectively (Figs. 10a, 10c, 10e, 10g). For DDE sequences with
longer diffusion time (A = 30 ms) we see an initial increase in yA
with mixing time, which becomes more pronounced as the soma size
increases, especially for the larger diffusivity value D = 2 ym?/ms. For
the smaller diffusivity value, i.e. D = 0.5 ym?/ms, and larger soma di-
ameter D; = 16 um, the diffusion time of A = 30 ms is not long enough
to probe the spherical restriction and the initial increase with mixing
time is no longer apparent.

3.2.6. Cylindrical branch diameter can impact the mixing time dependence
of the uA for short diffusion times

Besides the soma size effect, the plot in Fig. 10g (D = 0.5 ym?/ms,
A =5 ms and large soma size D = 16 um) also shows the effect of finite
branch diameter which is reflected by different plateau values of the
theoretical curves corresponding to cells with different Ny, values, which
by design, have different branch diameters. As illustrated in Fig. 9g),
for sequences with short diffusion time A = 5 ms and small diffusivity
D = 0.5 ym?/ms, the effect of branch diameters > ~ 1.5 ym can be
observed on the uA values, which are different for different substrates,
as also reflected by the theoretical model. For the synthetic cells with
the largest branch diameter, there is also a sharp increase in yA at very
short mixing times (data not shown).

Noise considerations: The effects of branch diameters > ~ 1.5 ym can
be detected for the metabolites’ diffusivity D = 0.5 ym?2/ms, following
a similar rationale to 3.2.2.
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3.2.7. Branching order can impact the mixing time dependence
of the uA

Fig. 10 shows lower values of microscopic anisotropy for cells with
branched projections (i.e. N, = 4 and Ny, = 6) compared to the values
obtained for cells with straight projections (N}, = 1) as well as the cor-
responding theoretical curves from the two-compartment model. More-
over, for DDE sequences with short diffusion time (5 ms), we see a de-
crease in yA with mixing time as the branching order increases. This
effect can be seen for higher and lower diffusivity values, both for cells
with a small soma diameter of 8 ym, as well as a larger soma diameter
of 16 yum (Figs. 10a,10c, 10e and 10g). This decrease in uA cannot be
captured by the analytical two-compartment model, which, apart from
a slight increase at short 7, in the case of Dy = 8 ym, shows no uA
dependence on mixing time.

For the sequences with longer diffusion time of 30 ms, the mix-
ing time dependence of yA is dominated by soma size and the effect
of branching is less pronounced compared to the DDE sequences with
short diffusion times, as illustrated in Fig. 10b,d for D = 2 ym?2/ms and
in Fig. 10f, h for D = 0.5 ym?/ms, respectively. In this case, the differ-
ence between cells with N, = 1 and Ny, = 6 is mainly reflected by an
overall shift in the uA values, rather than a different dependence (i.e. a
different slope) on 7,,. Similar trends to the ones presented in Fig. 10 are
observed for other cellular configurations as well.

Noise considerations: As illustrated in Fig. S10a), the detectability of
uAZ? differences for noisy DDE with A = 5 ms is similar to the results pre-
sented in section 3.2.2. Branched cells (N}, = 4 and 6) show a decrease
in A2 with mixing time which can be detected considering the condi-
tions of this analysis, i.e. 12 parallel and 60 perpendicular directions,
noise standard deviation of 0.05 for each measurement. The decrease is
significant both for D = 2 ym?/ms and D = 0.5 ym?/ms. For sequences
with A = 30 ms (Fig. S10b), the decrease in uA%with mixing time is less
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Fig. 9. Dependence of DDE angular modula-
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pronounced, nevertheless, the branched cells show a larger mismatch
between the theoretical and the simulated data, compared to the cells
with straight projections.

3.2.8. Negligible impact of soma-branch exchange on the mixing time
dependence of the uA

For the DDE sequences investigated in this work, we see no direct
effect of exchange between spherical soma and cylindrical projections,
as uA values estimated for cells with Ny, = 1 (which have the highest
exchange potential) do not vary with mixing time and closely match
the theoretical two compartment model, as illustrated in Fig. 10 and
Fig. S10.
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3.3. Summary of results

A summary of the results for the sequences employed in this work is
presented in Table 1.

4. Discussion

This work employs MC simulations of diffusion within realistically
connected neuron-like meshes in order to study the effect of branch-
ing order of cellular projections and soma size on the signal measured
using both single (SDE) and double (DDE) diffusion encodings. We in-
vestigate both fast and slow diffusion, to mimic intracellular water and
metabolites diffusion, respectively. Although we see only a small effect



A. Ianus, D.C. Alexander, H. Zhang et al.

of branching on the signal measured with standard SDE sequences, our
key results show that DDE acquisitions with variable mixing time could
provide information about the branching order of the cellular projec-
tions (Table 1). Moreover, we show that as the cellular projections be-
come more branched, there is a more pronounced decrease in measured
apparent uA with mixing time, which could be used as a signature of
this feature.

The SDE results presented here support the use of simpler compart-
mental models for disentangling the soma contribution to the overall sig-
nal, for example SANDI (Palombo et al., 2020), as the branching makes
little difference on the time and b-value dependence for values typi-
cally used in diffusion experiments. Nevertheless, this work also points
at the necessity to carefully choose the experimental design, since the
impact of soma seems to dominate the signal within a specific time and
b-value window (Table 1). These results are also in line with recent pre-
liminary data showing that branching has little impact on the b-value
power law characteristic for straight cylinders with infinitesimally small
radius (Olesen and Jespersen, 2020).

4.1. Comparison with metabolites dMRS literature

Our simulations are focused on the intracellular space only and
therefore are directly relevant for metabolites dMRS measurements.
Our results at slow diffusivity (i.e. mimicking metabolites diffusion)
are in good agreement with experimental evidences from previously
published SDE (Valette et al., 2018; Ingo et al., 2018; Palombo et al.,
2016; Pfeuffer et al., 2000; Ellegood et al., 2005; Valette et al., 2007;
Kan et al., 2012; Deelchand and Auerbach, 2018; Ercan et al., 2015;
Ligneul and Valette, 2017; Marchadour et al., 2012; Marjanska et al.,
2019; Doring et al., 2018; Najac et al., 2016; Najac et al., 2014) and
DDE (Lundell et al., 2020; Shemesh et al., 2017; Shemesh et al., 2014;
Vincent et al., 2020; Lundell et al., 2021) measurements of metabolites
diffusion through dMRS.

To our knowledge, there are a few studies investigating the
metabolites MD time-dependence but none investigating the MK time-
dependence. Our simulation results match the observed MD decrease
at increasing diffusion time for the mostly intracellular metabolites
such as N-acetylaspartate (NAA), Creatine (Cr), Myo-Inositol (Ins) and
Choline (Cho) (Valette et al., 2018; Ingo et al., 2018; Palombo et al.,
2016; Pfeuffer et al., 2000; Ellegood et al., 2005; Valette et al., 2007;
Kan et al., 2012; Deelchand and Auerbach, 2018; Ercan et al., 2015;
Ligneul and Valette, 2017; Marchadour et al., 2012; Marjaiska et al.,
2019; Doring et al., 2018; Najac et al., 2016; Najac et al., 2014). To
compare more directly our simulation results with experimental find-
ings, we have reanalyzed the data from (Veraart et al., 2020) and esti-
mated metabolites MD and MK at A ~ 64 and 254 ms to be on average:
MD ~ 0.115 and 0.085 ym?2/ms; MK ~ 1.45 and 1.75 (see Fig. S11 in
Supplementary Information). Our simulation results for spherical soma
of 12 um in diameter suggest MD ~ 0.120 and 0.090 ym?/ms; MK ~
1.40 and 2.20, so in agreement with the experimental findings for purely
intracellular metabolites. As a novel result, our simulations of MK time-
dependence suggest that MK time-dependent measurements of intracel-
lular metabolites can be sensitive to the exchange between soma and
projections, pointing at the interesting possibility to design metabolites
SDE acquisitions optimized to measure this exchange mechanism.

Concerning DDE acquisitions, measuring the diffusion of purely
intracellular metabolites in-vivo in rat brain, Shemesh et al.
(Shemesh et al., 2017; Shemesh et al., 2014) showed that DDE signal
from NAA and Ins displayed characteristic amplitude modulations re-
porting on confinements in otherwise randomly oriented anisotropic
microstructures for both metabolites. More recently, Vincent et al.
(Vincent et al., 2020) showed in vivo in mouse brain that a simple geo-
metrical model of randomly oriented cylinders is not able to accurately
explain the experimental DDE data, and that a more complex model in-
corporating branching (and/or other subtle structures such as spines)
is indeed needed. Our simulation results on the amplitude of angular
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signal modulation from DDE measurements using brain metabolites dif-
fusivity match these experimental observations, further supporting the
interpretation that indeed branching of complex neural cell structures
significantly impacts intracellular metabolites diffusion under the exper-
imental conditions investigated by Shemesh et al. (Shemesh et al., 2017;
Shemesh et al., 2014) and Vincent et al. (Vincent et al., 2020). More-
over, the recent DDE measurements of metabolites diffusion in vivo in
human brain by Lundell et al. (Lundell et al., 2021) corroborate these
results and additionally show that the microscopic fractional anisotropy
of tCho, intracellular metabolite preferentially found in glial cells, is sig-
nificantly lower in gray matter than in white matter. The authors specu-
lated that a possible explanation is that in gray matter a significant frac-
tion of tCho may be found in protoplasmic astrocytes. These astrocytes,
found extensively in human gray matter, are highly branched cells, sig-
nificantly more so than their fibrous counterparts in white matter. Our
simulation results support this explanation, showing that indeed higher
branching can reduce the DDE signal’s amplitude angular modulation
and the estimates of derived apparent microscopic anisotropy.

4.2. Comparison with water dMRI literature

A few studies investigated MD and MK time-dependence in GM
through water dMRI (Aggarwal et al., 2012; Aggarwal et al., 2020;
Does et al., 2003; Lee et al., 2020). They reported a marked decrease
of MD and increase of MK as diffusion time increases up to ~20 ms,
then the decrease of MD is much less pronounced, and MK starts de-
creasing with increasing diffusion times. Our simulation results match
the observed decrease of MD and increase of MK at short diffusion times
(i.e. A <20 ms) (Aggarwal et al., 2012; Aggarwal et al., 2020; Does et al.,
2003) but do not match the observed behaviours of MD and MK at longer
diffusion times (i.e. A > 20 ms) (Lee et al., 2020). As pointed in the lit-
erature (Aggarwal et al., 2020; Lee et al., 2020), one of the possible
mechanisms explaining the observed MD and MK time-dependence at
long diffusion times in GM could be the intra-extracellular exchange.
Since we have not accounted for this mechanism in our simulations, we
hypothesize that the discrepancy of our simulation results with respect
to published experimental data at diffusion times longer than ~20 ms
can be due to intra-extracellular exchange. This indirectly suggests that
intra-extracellular exchange in GM may affect the measured MD and
MK time-dependence for diffusion times > 20 ms more than the soma-
branch exchange and the branch-branch exchange (both included in our
simulations).

The conclusions concerning water DDE measurements may also
be altered by the exchange with extracellular space. Earlier studies
(Lampinen et al., 2017; Lampinen et al., 2019) exclusively based on
water dMRI measurements at b values < 2 ms/um? showed lower yA
in GM. Given the relatively low b value, this could be explained by
fast intra-extracellular exchange as well as significant contribution from
mostly isotropic extracellular space. However, the recent study by Lun-
dell et al. (Lundell et al., 2021) compared DDE measurements of metabo-
lites and water diffusion in healthy human brain and showed that water
uA at high b values (> 2 ms/um?2) in GM is similar to that of some
purely intracellular metabolites (e.g. NAA), suggesting that the signal
from the extracellular space is effectively suppressed at high b values (~
4-7 ms/um?) and that intra-extracellular exchange has small effect un-
der the investigated experimental conditions (gradient separation ~45
ms; mixing time ~5 ms). Our simulation setup includes these experi-
mental conditions and indeed our results mirrors the experimental ob-
servations by Lundell et al. for both water and metabolites. The DDE
simulations show similar trends for different b-values, nevertheless for
water this may change at low b-values (~1 ms/um?) due to the effect
of extracellular space.

Moreover, tortuosity values in the cytoplasm for water and NAA were
found remarkably similar, while exhibiting a clear difference between
gray and white matter, suggesting a more complex cytomorphology of
neuronal cell bodies and branching dendrites in GM compared to WM
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(Lundell et al., 2021). These findings are also in good agreement with
our DDE results, which support the hypothesis that the more complex
cytomorphology of neural cells in GM can significantly impact DDE mea-
surements and DDE acquisitions can be potentially used to quantify it.

Finally, a study by Ianus et al (Ianus et al., 2018) measuring the time
and frequency dependence of yA in mouse brain, ex-vivo, showed that
the observed uA time dependence cannot be explained by any simple
model of water restricted in cylinders and/or spheres, also supporting
our simulation results at the fastest diffusivity (i.e. mimicking intracel-
lular water diffusion) and the possibility of measuring new features of
brain cell morphology, such as branching.

4.3. Impact of soma-branch exchange and branch-branch exchange

In this work we investigate two potential mechanisms of exchange
in neural cells that have been previously ignored: the soma-branch and
the branch-branch exchange. Our results show that soma-branch ex-
change can have a significant effect on SDE measurements within an
experimental regime which is quite different from that of the branch-
branch exchange (see Table 1). This suggests that it may be possible
to tune dMRI/dMRS measurements to disentangle the two mechanisms
and potentially quantify them. For metabolites dMRS, these conclusions
directly point towards exciting new perspectives for future experiments,
informing the design of acquisitions aiming to disentangle and measure
these two exchange mechanisms. Perhaps, more sophisticated encod-
ings of the diffusion gradients (Westin et al., 2016; de Almeida Martins
and Topgaard, 2016) could be envisioned, also benefitting from filter-
ing techniques such as the relaxation-enhanced dMRS at ultrahigh field
(Shemesh et al., 2017). Such measurements could be important in the
context of measuring in vivo brain plasticity (Zatorre et al., 2012) in
psychiatric disorders (Li et al., 2010) or in the context of degenerative
diseases (Cusack et al., 2013), providing new insights into changes in
neural cell soma-branch connectivity or branching order of projections.

Concerning water dMRI, an additional third mechanism of exchange
can play a significant role: the intra-extracellular exchange. Based on
the comparison of our results on water MK time-dependence with re-
cent experimental findings (see previous section), we can hypothesis
that the intra-extracellular exchange may have a dominant impact at
diffusion times > 20 ms, hence potentially outweigh the influence of
branch-branch exchange. However, whether the intra-extracellular ex-
change actually dominates over the other two mechanisms of exchange
is a new open question for future works.

4.4. Potential impact of extracellular signal and intra-extracellular
exchange on water dMRI results

In this work we focus on intracellular signal only, in order to sys-
tematically investigate the effect of branching order of cellular projec-
tions and soma size, without considering exchange with any extracellu-
lar space. The exchange between intra and extracellular space could im-
pact water dMRI experiments and might alter some of the corresponding
conclusions. Therefore, the prominent direct application of our results
is in intracellular metabolite dMRS studies, with our simulations mim-
icking water diffusion surely of interest for dMRI applications, when
the effect of water exchange can be considered negligible. For example,
as already discussed in Section 4.2, intra-extracellular exchange could
alter our results on the MD and MK time dependence, potentially ex-
plaining the mismatch of our simulations with the experimentally ob-
served behaviours of MD and MK at medium-long diffusion times (> 20
ms). However, it is still unclear how fast the intra-extracellular water
exchange is in vivo in brain grey matter and at which time scale its ef-
fect becomes significant. While substantial information exists on water
exchange through cellular membranes in vitro, the in vivo information
remains limited and controversial. From experiments using in vitro cul-
tures of rat cortex, Bai et al. (Bai et al., 2018) and Yang et al. (Yang et al.,
2018) consistently estimated the apparent water exchange time to be of
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~ 0.5-0.8 seconds. On the other hand, studies using a technique called
filter-exchange imaging (FEXI) (Lasic et al., 2011) consistently measured
apparent water exchange time in vivo in human brain cortex of ~1.4-2.5
seconds (Nilsson et al., 2013; Lampinen et al., 2017; Bai et al., 2020).
According to these FEXI estimates, for in vivo dMRI applications we can
consider water exchange effects to be negligible in brain grey matter
for diffusion and mixing times much shorter than ~2 seconds. This is
the case concerning our DDE results, where the longest mixing time is
0.2 seconds, while it may indeed affect our conclusions about the MD
and MK time-dependence from SDE measurements, where the longest
diffusion time is 2.450 seconds. More quantitatively, assuming the FEXI
framework and parameters previously reported in the literature for in
vivo human brain grey matter (Nilsson et al., 2013, Lampinen et al.,
2017; Bai et al., 2020), we estimate that the signal difference between
the DDE signal (total b value = 4 ms/um?) at 7, = 1 ms and 7, = 200
ms due to exchange would be ~5 times smaller than the signal ampli-
tude difference due to the branching of cellular projections as quanti-
fied in Supplementary Information section S3 and Fig. S7. Of course,
these considerations should be revised by appropriate rescaling if new
experimental evidences would suggest faster apparent water exchange
times in gray matter. Moreover, we note that highly permeable cellular
projections could still support long voxel-level exchange times, if the
soma and myelinated axons had a low permeability. Nevertheless, re-
cent findings using metabolites and water DDE in humans (Lundell et al.,
2021) show high microscopic anisotropy in grey matter measured at
high b-values and challenge previous results in (Lampinen et al., 2017,
Lampinen et al., 2019), pointing towards the possibility of negligible im-
pact from extracellular signal and intra-extracellular exchange on DDE
measurements under specific experimental conditions, which have been
investigated here as well. Future works are needed to assess when and to
what extent the intra-extracellular exchange and different permeability
for different cellular sub-compartments (e.g. nucleus, soma, projections,
myelinated axons etc) could change our results and conclusions.

4.5. Limitations and future works

One main limitation of this simulation study is that it does not in-
clude exchange with extracellular space, which can also affect MD and
MK time dependence for SDE sequences as well as the mixing time de-
pendence of angular DDE signals and microscopic anisotropy metrics
in case of water-based measurements, especially if longer diffusion /
mixing times are considered. We chose to focus on intracellular signal
only in order to systematically investigate the effect of soma size and
branching order of cellular projections, without the added complexity
of cellular packing and exchange between intra and extracellular spaces,
which is a research topic on its own. Furthermore, there is currently lack
of computational tools able to densely pack complex cellular structures
like those considered in this work into realistic virtual tissues. This is
a crucial aspect necessary to assess any realistic and sensible impact of
exchange with brain extracellular space. Moreover, the meshes simplify
the cellular structure and do not account for cellular nuclei or axonal
features such as variations in calibers and axonal undulations that can
have a larger impact on the dMRI signal than the cylinder diameter itself
(Lee et al., 2020; Brabec et al., 2020). However, it is worthwhile to note
that substantial steps forward have been recently achieved for white
matter numerical phantoms (Ginsburger et al., 2019; Callaghan et al.,
2020; Lee et al., 2020). Future works will aim at adapting these kinds
of approaches for realistic grey matter numerical phantoms generation,
enabling an exhaustive study of also the intra-extracellular exchange.
Nevertheless, the results presented here for D = 0.5 ym?/ms, which
show similar SDE and DDE signatures, are highly relevant for spec-
troscopy studies which investigate intracellular metabolites, as proven
in (Lundell et al., 2020; Shemesh et al., 2017; Shemesh et al., 2014;
Vincent et al., 2020), and the use of potentially high b vales (b>4
ms/um?2) may mitigate the effect of extra-cellular water in dMRI ap-
plications.
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The meshes used in these simulations have been designed in order
to assess the effect of branching and soma size on the diffusion time
and b-value dependence in as fair a way as possible. As the signal frac-
tion of restricted diffusion has a great influence on the time-dependence
of the measured signal, we designed the meshes to have the same cel-
lular volume fraction occupied by the soma (~30%). To achieve this,
we have adjusted the diameter of the branches. Therefore, cells with
N;, = 6, have very thin projections, and thus a smaller exchange poten-
tial between the soma and the branches. On the other hand, cells with
no branching (N}, = 1) have wider projections, with diameter >1.5 ym in
some cases, thus the time dependence of restricted diffusion inside the
cylinders can become noticeable at short diffusion times, especially for
D = 0.5 um?2/ms. Moreover, for the same cells with larger diameters, the
effects of exchange between the branches and the soma can also play a
role for medium to long diffusion times. As the focus of this work was to
investigate the effect of spherical soma size and branching order of pro-
jections, the sensitivity to branch diameter is a secondary effect given by
the way the substrates were designed, and not a sought-after contrast.
As described in previous literature (Drobnjak et al., 2015; Nilsson et al.,
2017), other sequences might significantly improve the contrast to the
diameter of cylindrical objects, which is outside the scope of this work.

These simulations have also considered ideal sequences with short
gradient duration § = 1 ms and covered a wide range of b-values and
diffusion times, leading to very high gradient strengths for some con-
figurations, not all of which are feasible in practice. For instance, the
maximum gradient strength to achieve SDE sequences with A; = {10,
30, 80} ms and a b-value of 60 ms/um?2, are G = {9.3, 5.3, 3.2} T/m; for
the SDE time-dependence analysis, to achieve a b-value of 8 ms/um? for
a diffusion time of A, = 1.1 ms the gradient strength needs to be G =12.1
T/m,; for the DDE sequences with A5 = 5 ms and by = 16 ms/um? the cor-
responding gradient is G = 4.9 T/m. Although these values are higher
than what is practically feasible at present, similar SDE / DDE acqui-
sitions can be achieved for example on high performance pre-clinical
gradients which reach up to ~ 3 T/m, by increasing the gradient dura-
tion 6 to 2-3 ms (Ianus et al., 2018; Veraart et al., 2020). For systems
with lower gradient capabilities, the pulse durations would need to be
further increased to reach high b-values, and the contrast provided by
the sequences would need to be further investigated given the specific
hardware constrains (Drobnjak et al., 2015).

Future works will also benefit from the promising results obtained
here, by, for example, using them to design real experiments target-
ing the non-invasive mapping of cell processes branch order in differ-
ent areas of the brain known to be comprised of neural cells with very
different morphologies: for instance the cerebral cortex, mostly com-
prised of pyramidal neurons, and the cerebellar molecular layer, mostly
comprised of Purkinje cells’ dendritic trees having branch order at least
double that of pyramidal neurons.

5. Conclusion

This study uses advanced numerical simulations to systematically
investigate for the first time the effects of dendritic branching on the
dMRI and dMRS signal and shows the potential of DDE rather than
SDE acquisitions to non-invasively map such microstructural features.
In particular, the simulation results reported here can inform the design
of dMRI/dMRS experiments focused on the quantification of branching
order of cellular projections, a tissue feature of pivotal importance for
characterizing a wide range of disorders (Kulkarni and Firestein, 2012),
as well as normal and atypical development and aging (Dickstein et al.,
2007). Although a purely simulation study, our results are in good agree-
ment with previously published dMRI and dMRS experimental evidence,
supporting the fascinating perspective of non-invasively mapping the
complex brain cell morphology in-vivo with double diffusion encoding
measurements.

16

Neurolmage 241 (2021) 118424
Credit authorship contribution statement

A. Ianus: Conceptualization, Methodology, Investigation, Visual-
ization, Writing — original draft. D.C. Alexander: Conceptualization,
Methodology, Writing — review & editing, Resources, Funding acquisi-
tion. H. Zhang: Conceptualization, Methodology, Writing — review &
editing, Resources, Funding acquisition. M. Palombo: Conceptualiza-
tion, Methodology, Software, Writing — review & editing, Supervision,
Resources.

Acknowledgments

The authors acknowledge support from the EPSRC grant no.
EP/N018702/1 and the UKRI Future Leaders Fellowship grant no.
MR/T020296/1 (to MP). Al’s work also received support from ”la Caixa”
Foundation (ID 100010434) and from the European Union’s Horizon
2020 research and innovation programme under the Marie Sktodowska-
Curie grant agreement No 847648 and No 101003390, fellowship code
CF/BQ/PI120/11760029.

Data and code availability

The meshes used for Monte Carlo simulations and the associated
analysis codes are available from the corresponding author upon re-
quest.

Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.neuroimage.2021.118424.

References

Uylings, H.B., de Brabander, J.M., 2002. Neuronal changes in normal human aging and
Alzheimer’s disease. Brain Cogn. 49 (3), 268-276.

Cassey, B.J., et al., 2005. Imaging the developing brain: what have we learned about
cognitive development? Trends Cognit. Sci. 9 (3).

Zatorre, R.J., Fields, R.Douglas, Johansen-Berg, H., 2012. Plasticity in gray and white: neu-
roimaging changes in brain structure during learning. Nature Neurosci. 15, 528-536.

Bezchlibnyk, Y.B., et al., 2007. Neuron somal size is decreased in the lateral amygdalar
nucleus of subjects with bipolar disorder. J. Psychiatry Neurosci. 32 (3), 203-210.

Dukkipati, S.S., Garrett, T.L., Elbasiouny, S.M., 2018. The vulnerability of spinal motoneu-
rons and soma size plasticity in a mouse model of amyotrophic lateral sclerosis. J.
Physiol. 596 (9), 1723-1745.

Kulkarni, V.A., Firestein, B.L., 2012. The dendritic tree and brain disorders. Mol. Cell.
Neurosci. 50 (1), 10-20.

Dickstein, D.L., et al., 2007. Changes in the structural complexity of the aged brain. Aging
Cell 6 (3), 275-284.

Robinson, C., Apgar, C., Shapiro, L.A., 2016. Astrocyte hypertrophy contributes to aber-
rant neurogenesis after traumatic brain injury. Neural Plasticity 2016, 1347987 Arti-
cle ID.

De Strooper, B., Karran, E., 2016. The cellular phase of Alzheimer’s Disease. Cell 164 (4),
603-615.

Alexander, D.C., et al., 2017. Imaging brain microstructure with diffusion MRI: practicality
and applications. NMR Biomed. 32 (4), e3841.

Novikov, D.S., et al., 2019. Quantifying brain microstructure with diffusion MRI: Theory
and parameter estimation. NMR Biomed. 32 (4), e3998.

Ghosh, A., Ianus, A., Alexander, D.C., 2018. Advanced diffusion models. In: Cercignani, M.,
Dowell, N.G., S., T.P. (Eds.), Quantitative MRI of the Brain, Principles of Physical
Measurement, 2nd Ed. Editors.

Basser, P.J., Mattiello, J., LeBihan, D., 1994. MR diffusion tensor spectroscopy and imag-
ing. Biophys. J. 66 (1), 259-267.

Jensen, J.H., et al., 2005. Diffusional kurtosis imaging: the quantification of non-gaussian
water diffusion by means of magnetic resonance imaging. Magn. Reson. Med. 53,
1432-1440.

Ozarslan, E., et al., 2013. Mean apparent propagator (MAP) MRI: a novel diffusion imaging
method for mapping tissue microstructure. Neuroimage 78, 16-32.

Behrens, T.E., et al., 2003. Non-invasive mapping of connections between human thalamus
and cortex using diffusion imaging. Nat. Neurosci. 6, 750-757.

Zhang, H., et al., 2012. NODDI: practical in vivo neurite orientation dispersion and density
imaging of the human brain. Neuroimage 61 (4), 1000-1016.

Fieremans, E., et al., 2013. Novel white matter tract integrity metrics sensitive to
Alzheimer disease progression. AJNR Am. J. Neuroradiol. 34 (11), 2105-2112.

Reisert, M., et al., 2017. Disentangling micro from mesostructure by diffusion MRIL: a
Bayesian approach. Neuroimage 17, 964-975.

Stanisz, G.J., et al., 1997. An analytical model of restricted diffusion in bovine optic nerve.
Magnetic Res. Med. 37, 103-111.


https://doi.org/10.1016/j.neuroimage.2021.118424
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0020

A. Ianus, D.C. Alexander, H. Zhang et al.

Assaf, Y., et al., 2008. AxCaliber: a method for measuring axon diameter distribution from
diffusion MRI. Magn. Reson. Med. 59, 1347-1354.

Alexander, D.C., et al., 2010. Orientationally invariant indices of axon diameter and den-
sity from diffusion MRI. Neuroimage 52 (4), 1374-1389.

Jespersen, S.N., et al., 2010. Neurite density from magnetic resonance diffusion measure-
ments at ultrahigh field: comparison with light microscopy and electron microscopy.
Neuroimage 49 (1), 205-216.

Sotiropoulos, S.N., Behrens, T.E.J., Jbabdi, S., 2012. Ball and rackets: inferring fiber fan-
ning from diffusion-weighted MRI. Neuroimage 60, 1412-1425.

Nilsson, M., et al., 2010. Evaluating the accuracy and precision of a two-compartment
Karger model using Monte Carlo simulations. J. Magn. Reson. 206, 59-67.

Nedjati-Gilani, G., et al., 2017. Machine learning based compartment models with perme-
ability for white matter microstructure imaging. Neuroimage 150, 119-135.

Lampinen, B., et al., 2017. Neurite density imaging versus imaging of microscopic
anisotropy in diffusion MRI: a model comparison using spherical tensor encoding.
Neuroimage 147, 517-531.

Palombo, M., et al., 2020. SANDI: a compartment-based model for non-invasive apparent
soma and neurite imaging by diffusion MRI. Neuroimage 215, 116835.

Ligneul, C., et al., 2019. Diffusion-weighted magnetic resonance spectroscopy enables cel-
I-specific monitoring of astrocyte reactivity in vivo. Neuroimage 191, 457-469.

Valette, J., et al., 2018. Brain Metabolite Diffusion from Ultra-Short to Ultra-Long Time
Scales: What Do We Learn, Where Should We Go? Front Neurosci 12 (2).

Palombo, M., Ligneul, C., Valette, J., 2017. Modeling diffusion of intracellular metabo-
lites in the mouse brain up to very high diffusion-weighting: Diffusion in long fibers
(almost) accounts for non-monoexponential attenuation. Magn. Reson. Med. 77 (1),
343-350.

Ingo, C., et al., 2018. Studying neurons and glia non-invasively via anomalous subdiffusion
of intracellular metabolites. Brain Struct Func 223 (8), 3841-3854.

Lundell, H., et al., 2020. Cytosolic diffusivity and microscopic anisotropy of N -acetyl
aspartate in human white matter with diffusion-weighted MRS at 7 T. NMR Biomed.
€4304 Early View.

Palombo, M., et al., 2016. New paradigm to assess brain cell morphology by diffu-
sion-weighted MR spectroscopy in vivo. Proc. Natl Acad. Sci. 113 (24), 6671-6676.

Palombo, M., et al., 2018. Can we detect the effect of spines and leaflets on the diffusion
of brain intracellular metabolites? Neuroimage 182, 283-293.

Mitra, P.P., 1995. Multiple Wave-Vector Extensions of the NMR Pulsed-Field-Gradient
Spin-Echo Diffusion Measurement. Physical Review B 51, 15074-15078.

Cheng, Y., Cory, D., 1999. Multiple scattering by NMR. J. Am. Chem. Soc 121, 7935 -7396.

Ozarslan, E., 2009. Compartment shape anisotropy (CSA) revealed by double pulsed field
gradient MR. J. Magn. Reson. 199 (2), 56-67.

Tanus, A., Drobnjak, I., Alexander, D.C., 2016. Model-based estimation of microscopic
anisotropy using diffusion MRI: a simulation study. NMR Biomed. 29, 627-685.
Shemesh, N., Cohen, Y., 2011. Microscopic and compartment shape anisotropies in gray
and white matter revealed by angular bipolar double-PFG MR. Magn. Reson. Med. 65,

1216-1227.

Lawrenz, M., Finsterbusch, J., 2015. Mapping measures of microscopic diffusion
anisotropy in human brain white matter in vivo with double-wave-vector diffusion
weighted imaging. Magn. Reson. Med. 73 (2), 773-783.

Yang, G., et al., 2018. Double diffusion encoding MRI for the clinic. Magn. Reson. Med.
80 (2), 507-520.

Tanus, A., et al., 2017. Double oscillating diffusion encoding and sensitivity to microscopic
anisotropy. Magn. Reson. Med. 78 (2), 550-564.

Ianus, A., et al., 2018. Accurate estimation of microscopic diffusion anisotropy and its
time dependence in the mouse brain. Neuroimage 183, 934-949.

Shemesh, N., 2018. Axon diameters and myelin content modulate microscopic fractional
anisotropy at short diffusion times in fixed rat spinal cord. Front. Phys..

Westin, C.F., et al., 2016. Q-space trajectory imaging for multidimensional diffusion MRI
of the human brain. Neuroimage 135, 345-362.

Szczepankiewicz, F., et al., 2016. The link between diffusion MRI and tumor heterogene-
ity: Mapping cell eccentricity and density by diffusional variance decomposition (DI-
VIDE). Neuroimage 142, 522-532.

Jelescu, LE., et al., 2020. Challenges for biophysical modeling of microstructure. J. Neu-
rosci. Methods, 108861.

Palombo, M., Alexander, D.C., Zhang, H., 2019. A generative model of realistic brain
cells with application to numerical simulation of the diffusion-weighted MR signal.
Neuroimage 188, 391-402.

Hall, M.G., Alexander, D.C., 2009. Convergence and parameter choice for monte-carlo
simulations of diffusion MRI. IEEE Trans. Med. Imaging 28, 1354-1364.

Yeh, C.H., et al., 2013. Diffusion Microscopist Simulator: A General Monte Carlo Simula-
tion System for Diffusion Magnetic Resonance Imaging. PLoS One 8 (10), €76626.

Fieremans, E., et al., 2010. Monte Carlo study of a two-compartment exchange model of
diffusion. NMR Biomed. 23, 711-724.

Ginsburger, K., et al., 2019. MEDUSA: A GPU-based tool to create realistic phantoms of
the brain microstructure using tiny spheres. Neuroimage 193, 10-24.

Nilsson, M., et al., 2011. The importance of axonal undulation in diffusion MR measure-
ments: a Monte Carlo simulation study. NMR Biomed. 25, 795-805.

Kleinnijenhuis, M., et al., 2015. Monte Carlo Diffusion Simulations Disambiguate The Bio-
physical Mechanisms Of Diffusion Hinderance Along Tracts. ISMRM, Toronto.

Callaghan, R., et al., 2020. ConFiG: Contextual Fibre Growth to Generate Realistic Axonal
Packing for Diffusion MRI Simulation, p. 2003 arXiv.10197.

Ginsburger, K., et al., 2018. Improving the realism of white matter numerical phantoms: a
step toward a better understanding of the influence of structural disorders in diffusion
MRI. Front. Phys..

Panagiotaki, E., et al., 2010. High-fidelity meshes from tissue samples for diffusion MRI
simulations. Med Image Comput Comput Assist Interv 13, 404—411.

17

Neurolmage 241 (2021) 118424

Nguyen, K.V., Hernandez-Garzon, E., Valette, J., 2018. Efficient GPU-based Monte-Carlo
simulation of diffusion in real astrocytes reconstructed from confocal microscopy. J.
Magn. Resonance 296, 188-199.

Lee, H.H., et al., 2018. Electron microscopy 3-Dimensional Segmentation and Quantifica-
tion of Axonal Dispersion And Diameter Distribution In Mouse Brain Corpus Callosum
bioRxiv.

Weisskoff, R., et al., 1994. Microscopic susceptibility variation and transverse relaxation:
theory and experiment. Magn. Reson. Med. 31 (6), 601-610.

Gudbjartsson, H., Patz, S., 1995. NMR diffusion simulation based on conditional random
walk. IEEE Trans. Med. Imaging 14 (4), 636-642.

Balinov, B., et al., 1993. The NMR self-diffusion method applied to restricted diffusion.
simulation of echo attenuation from molecules in spheres and between planes. J.
Magn. Reson, Series A 104 (1), 17-25.

Drobnjak, I., et al., 2015. PGSE, OGSE, and sensitivity to axon diameter in diffusion MRI:
Insight from a simulation study. Magn. Reson. Med. 75, 688-700.

Nilsson, M., et al., 2017. Resolution limit of cylinder diameter estimation by diffusion
MRI: the impact of gradient waveform and orientation dispersion. NMR Biomed. 30
(7), e3711.

Beebe, N.L., et al., 2016. Extracellular molecular markers and soma size of inhibitory
neurons: evidence for four subtypes of gabaergic cells in the inferior colliculus. J.
Neurosci. 36 (14), 3988-3999.

Ero, C., et al., 2018. A Cell Atlas for the Mouse Brain. Front. Neuroinform. 12, 84.

Cook, P.A., et al., 2006. Camino: diffusion MRI reconstruction and processing. In: 14th
Scientific Meeting of the International Society for Magnetic Resonance in Medicine,
Seattle, Washington, USA, p. 2759.

Neuman, C.H., 1974. Spin echo of spins diffusing in a bounded medium. J. Chem. Phys.
60 (11), 4508-4511.

Shemesh, N, et al., 2010. From single-pulsed field gradient to double-pulsed field gradient
MR: gleaning new microstructural information and developing new forms of contrast
in MRL. NMR Biomed. 23, 757-780.

Shemesh, N., et al., 2015. Conventions and nomenclature for double diffusion encoding
NMR and MRI. Magn. Reson. Med. 75, 82-87.

Finsterbusch, J., 2011. Multiple-Wave-Vector Diffusion-Weighted NMR. In: Annual Re-
ports on NMR Spectroscopy. Academic Press, Burlington, pp. 225-299.

Shemesh, N., et al., 2010. Noninvasive bipolar double-pulsed-field-gradient NMR reveals
signatures for pore size and shape in polydisperse, randomly oriented, inhomogeneous
porous media. J. Chem. Phys. 133, 044705.

Lawrenz, M., Finsterbusch, J., 2011. Detection of microscopic diffusion anisotropy on a
whole-body MR system with double wave vector imaging. Magn. Reson. Med. 66 (5),
1405-1415.

Jespersen, S.N., et al., 2013. Orientationally invariant metrics of apparent compartment
eccentricity from double pulsed field gradient diffusion experiments. NMR Biomed.
26, 1647-1662.

Olesen, J.L., Jespersen, S.N., 2020. Stick power law scaling in neurons withstands realistic
curvature and branching. Annual Meeting of the ISMRM.

Pfeuffer, J., Tkéc, 1., Gruetter, R., 2000. Extracellular-intracellular Distribution of Glucose
and Lactate in the Rat Brain Assessed Noninvasively by Diffusion-Weighted 1H Nu-
clear Magnetic Resonance Spectroscopy in Vivo. J. Cereb. Blood Flow Metab. 20 (4),
736-746.

Ellegood, J., Hanstock, C.C., Beaulieu, C., 2005. Trace apparent diffusion coefficients
of metabolites in human brain using diffusion weighted magnetic resonance spec-
troscopy. Magn. Reson. Med. 53 (5), 1025-1032.

Valette, J., et al., 2007. Isoflurane strongly affects the diffusion of intracellular metabo-
lites, as shown by 1H nuclear magnetic resonance spectroscopy of the monkey brain.
J. Cereb. Blood Flow Metab. 27 (3), 588-596.

Kan, H.E., et al., 2012. Differences in apparent diffusion coefficients of brain metabolites
between grey and white matter in the human brain measured at 7 T. Magn. Reson.
Med. 67 (5), 1203-1209.

81.Deelchand, D.K. and E.J. Auerbach, Apparent diffusion coefficients of the five major
metabolites measured in the human brain in vivo at 3T.2018. 79(6): p. 2896-2901.

Ercan, A.E., et al., 2015. Diffusion-weighted chemical shift imaging of human brain
metabolites at 7T. Magn. Reson. Med. 73 (6), 2053-2061.

Ligneul, C., Valette, J., 2017. Probing metabolite diffusion at ultra-short time scales in
the mouse brain using optimized oscillating gradients and "short"-echo-time diffu-
sion-weighted MRS. NMR Biomed. 30 (1), e3671.

Marchadour, C., et al., 2012. Anomalous diffusion of brain metabolites evidenced by diffu-
sion-weighted magnetic resonance spectroscopy in vivo. J. Cereb. Blood Flow Metab.
32 (12), 2153-2160.

Marjanska, M., Doring, A., Kreis, R., 2019. Magnetic resonance spectroscopy extended by
oscillating diffusion gradients: Cell-specific anomalous diffusion as a probe for tissue
microstructure in human brain. Magn. Reson. Med. 202, 116075.

86.Doring, A., et al., Diffusion-weighted magnetic resonance spectroscopy boosted by simulta-
neously acquired water reference signals.2018. 80(6): p. 2326-2338.

Najac, C., et al., 2016. Brain intracellular metabolites are freely diffusing along cell fibers
in grey and white matter, as measured by diffusion-weighted MR spectroscopy in the
human brain at 7 T. Brain Struct Func 221 (3), 1245-1254.

Najac, C., etal., 2014. Intracellular metabolites in the primate brain are primarily localized
in long fibers rather than in cell bodies, as shown by diffusion-weighted magnetic
resonance spectroscopy. Neuroimage 90, 374-380.

Shemesh, N., et al., 2017. Distinguishing neuronal from astrocytic subcellular microstruc-
tures using in vivo Double Diffusion Encoded 1H MRS at 21.1 T. PLoS One 12 (10),
e0185232.

Shemesh, N., et al., 2014. Metabolic properties in stroked rats revealed by relaxation-en-
hanced magnetic resonance spectroscopy at ultrahigh fields. Nature Communications
5, 4958.


http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0066
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0066
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0066
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0080
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0080
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0080
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0082
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0082
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0082
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0083
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0083
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0083
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0085
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0085
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0085
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0085
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0087
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0087
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0087
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0088
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0088
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0088
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0089
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0089
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0089
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0090
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0090
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0090

A. Ianus, D.C. Alexander, H. Zhang et al.

Vincent, M., Palombo, M., Valette, J., 2020. Revisiting double diffusion encoding MRS in
the mouse brain at 11.7T: Which microstructural features are we sensitive to? Neu-
roimage 207, 116399.

Lundell, H,, et al., 2021. Compartmental diffusion and microstructural properties of hu-
man brain gray and white matter studied with double diffusion encoding magnetic
resonance spectroscopy of metabolites and water. Neuroimage 234, 117981.

Aggarwal, M., et al., 2012. Probing mouse brain microstructure using oscillating gradient
diffusion MRI. Magnetic Resonance in Medicine 67, 98-109.

Aggarwal, M., Smith, M.D., Calabresi, P.A., 2020. Diffusion-time dependence of diffusional
kurtosis in the mouse brain. Magnetic Resonance in Medicine 84 (3), 1564-1578.
Does, M.D., Parsons, E.C., Gore, J.C., 2003. Oscillating gradient measurements of water
diffusion in normal and globally ischemic rat brain. Magnetic Resonance in Medicine

49, 206-215.

Lee, H.-H,, et al., 2020. In vivo observation and biophysical interpretation of time-depen-
dent diffusion in human cortical gray matter. Neuroimage 222, 117054.

Lampinen, B., etal., 2019. Searching for the neurite density with diffusion MRI: Challenges
for biophysical modeling. Human Brain Mapping 40 (8), 2529-2545.

de Almeida Martins, J.P., Topgaard, D., 2016. Two-dimensional correlation of isotropic
and directional diffusion using NMR. Phys. Rev. Lett. 116 (8), 087601.

Li, N., et al., 2010. mTOR-dependent synapse formation underlies the rapid antidepressant
effects of NMDA antagonists. Science 329 (5994), 959-964.

Cusack, C.L., et al., 2013. Distinct pathways mediate axon degeneration during apoptosis
and axon-specific pruning. Nat. Commun. 4, 1876.

18

Neurolmage 241 (2021) 118424

Bai, R., et al., 2018. Fast, Na+/K+ pump driven, steady-state transcytolemmal water ex-
change in neuronal tissue: A study of rat brain cortical cultures. Magnetic Resonance
in Medicine 79 (6), 3207-3217.

Yang, D.M., et al., 2018. Intracellular water preexchange lifetime in neurons and astro-
cytes. Magnetic Resonance in Medicine 79 (3), 1616-1627.

Lasic, S., et al., 2011. Apparent Exchange Rate Mapping with Diffusion MRI. Magn. Reson.
Med. 66, 356-365.

Nilsson, M., et al., 2013. Noninvasive mapping of water diffusional exchange in the human
brain using filter-exchange imaging. Magn. Reson. Med. 69, 1572-1580.

Lampinen, B., et al., 2017. Optimal Experimental Design for Filter Exchange Imaging: Ap-
parent Exchange Rate Measurements in the Healthy Brain and in Intracranial Tumors.
Magn. Reson. Med. 77 (3), 1104-1114.

Bai, R., et al., 2020. Feasibility of filter-exchange imaging (FEXI) in measuring different
exchange processes in human brain. Neuroimage 219, 117039.

Lee, H.H., et al., 2020. The impact of realistic axonal shape on axon diameter estimation
using diffusion MRI. Neuroimage 223, 117228.

108.Brabec, J., S. Lasi¢, and M. Nilsson, Time-dependent diffusion in undulating thin fibers:
Impact on axon diameter estimation.2020. 33(3): p. e4187.

Lee, H.-H., et al., 2020. A time-dependent diffusion MRI signature of axon caliber varia-
tions and beading. Comm. Biol. 3, 354.

Veraart, J., et al., 2020. Noninvasive quantification of axon radii using diffusion MRI.
eLife 9, e49855.


http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0091
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0091
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0091
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0091
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0092
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0092
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0092
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0093
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0093
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0093
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0094
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0094
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0094
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0094
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0095
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0095
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0095
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0095
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0096
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0096
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0096
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0097
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0097
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0097
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0098
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0098
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0098
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0099
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0099
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0099
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0100
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0100
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0100
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0101
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0101
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0101
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0102
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0102
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0102
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0103
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0103
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0103
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0104
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0104
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0104
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0105
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0105
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0105
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0106
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0106
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0106
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0107
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0107
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0107
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0109
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0109
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0109
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0110
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0110
http://refhub.elsevier.com/S1053-8119(21)00699-6/sbref0110

	Mapping complex cell morphology in the grey matter with double diffusion encoding MR: A simulation study
	1 Introduction
	2 Methods
	2.1 General simulation design
	2.2 Implementation of computational models of synthetic neurons
	2.3 Monte Carlo simulations
	2.4 Simulated mechanisms of exchange
	2.5 Effect of soma size and branching order on SDE measurements
	2.5.1 B-value dependence
	2.5.2 MD and MK time dependence

	2.6 Effect of soma size and branching order on DDE measurements
	2.6.1 Mixing time dependence of the DDE signal’s angular modulation
	2.6.2 Mixing time dependence of the apparent microscopic anisotropy

	2.7 Noise considerations

	3 Results
	3.1 Effect of soma size and branching order on SDE measurements
	3.1.1 Spherical soma size can impact the b value dependence of the direction-averaged signal
	3.1.2 Cylindrical branch diameter can impact the high b value dependence of the direction-averaged signal at short diffusion times
	3.1.3 Negligible impact of branching order of cylindrical projections on the b value dependence of the direction-averaged signal
	3.1.4 Soma-branch exchange can impact the b value dependence of the direction-averaged signal at long diffusion times
	3.1.5 Spherical soma size can impact the MD and MK time dependence at short to intermediate diffusion times
	3.1.6 Cylindrical branch diameter can impact the MD and MK time dependence at short diffusion times
	3.1.7 Small impact of branching order of cylindrical projections on MD (but not MK) time dependence at long diffusion time
	3.1.8 Soma-branch exchange can impact the MD and MK time dependence at long diffusion times
	3.1.9 Distinct regimes for the impact of cylindrical branch size, spherical soma size, soma-branch exchange and branch-branch exchange

	3.2 Effect of soma size and branching order on DDE measurements
	3.2.1 Spherical soma size can impact the DDE signal’s angular modulation at short mixing times
	3.2.2 Cylindrical branch diameter can impact the DDE signal’s angular modulation at short mixing times
	3.2.3 Branching order of cylindrical cellular projections can impact the mixing time dependence of the DDE signal’s angular modulation
	3.2.4 Negligible impact of soma-branch exchange on the mixing time dependence of the DDE signal’s angular modulation
	3.2.5 Spherical soma size can impact the mixing time dependence of the &#x03BC;A for medium diffusion times
	3.2.6 Cylindrical branch diameter can impact the mixing time dependence of the &#x03BC;A for short diffusion times
	3.2.7 Branching order can impact the mixing time dependence of the &#x03BC;A
	3.2.8 Negligible impact of soma-branch exchange on the mixing time dependence of the &#x03BC;A

	3.3 Summary of results

	4 Discussion
	4.1 Comparison with metabolites dMRS literature
	4.2 Comparison with water dMRI literature
	4.3 Impact of soma-branch exchange and branch-branch exchange
	4.4 Potential impact of extracellular signal and intra-extracellular exchange on water dMRI results
	4.5 Limitations and future works

	5 Conclusion
	Credit authorship contribution statement
	Acknowledgments
	Data and code availability
	Supplementary materials
	References


