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Abstract

This paper introduces a multi-compartment model for microscopic diffusion anisotropy imaging.
The aim is to estimate microscopic features specific to the intra- and extra-neurite compartments
in nervous tissue unconfounded by the effects of fibre crossings and orientation dispersion, which
are ubiquitous in the brain. The proposed MRI method is based on the Spherical Mean Technique
(SMT), which factors out the neurite orientation distribution and thus provides direct estimates of
the microscopic tissue structure. This technique can be immediately used in the clinic for the
assessment of various neurological conditions, as it requires only a widely available off-the-shelf
sequence with two &-shells and high-angular gradient resolution achievable within clinically
feasible scan times. To demonstrate the developed method, we use high-quality diffusion data
acquired with a bespoke scanner system from the Human Connectome Project. This study
establishes the normative values of the new biomarkers for a large cohort of healthy young adults,
which may then support clinical diagnostics in patients. Moreover, we show that the microscopic
diffusion indices offer direct sensitivity to pathological tissue alterations, exemplified in a
preclinical animal model of Tuberous Sclerosis Complex (TSC), a genetic multi-organ disorder
which impacts brain microstructure and hence may lead to neurological manifestations such as
autism, epilepsy and developmental delay.
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Introduction

In biomedical research and clinical practice, diffusion MRI is today’s method of choice for
the noninvasive detection of microscopic tissue structure below the nominal image
resolution. This technique provides measurements that are sensitive to diagnostically
relevant features in the range of few micrometres like cell size, shape and density. Diffusion
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tensor imaging (DTI), a popular method which builds on a second-order approximation of
the macroscopic diffusion process (Basser et al., 1994), is routinely used for the clinical
assessment of pathological changes in the brain microstructure. However, the DTI-based
anisotropy indices are not only a function of microscopic tissue features, but are confounded
by fibre crossings and orientation dispersion, which are ubiquitous in the brain
(Schmahmann and Pandya, 2006). Consequently, it is difficult to trace the origin of observed
signal abnormalities; whether they are due to intrinsic alterations in the tissue microstructure
or are caused by deviations in the neural circuitry which have modified the neurite
orientation distribution. Any comparisons of DTI anisotropy metrics between subjects are
affected by the brain connectome, which exhibits both high complexity and interindividual
variability.

The directional tissue architecture, including fibre crossings and orientation dispersion, can
be accurately described by orientation distributions. The spherical convolution with the
microscopic diffusion signal (also known as impulse response function), which denotes the
signal arising from a potentially anisotropic microenvironment of nervous tissue, yields the
MR signal observable on the voxel scale (von dem Hagen and Henkelman, 2002). Thus, two
effects are interwoven in the macroscopic diffusion signal, that is, the microscopic diffusion
process and the neurite orientation distribution. Deconvolution techniques aim to recover the
orientation distribution from diffusion MR measurements. These methods may be
categorised according to the signal dictionary in which the estimation problem is solved.
Examples are spherical harmonics (Tournier et al., 2004; Anderson, 2005), maximum-
entropy regularisation (Alexander, 2005), mixtures of Bingham distributions (Kaden et al.,
2007), reproducing kernel Hilbert spaces (Kaden et al., 2008; Kaden and Kruggel, 2011) and
Dirichlet process mixtures (Kaden and Kruggel, 2012), among others. However, these
dictionaries model only subsets of neurite orientation distributions, as the space of all
orientation distributions is far too large to be computationally manageable, hence
introducing approximation errors.

Another limitation of DTI and most spherical deconvolution methods is that they ignore the
presence of multiple tissue components, such as neurons, their cellular extensions, neuroglia
and extracellular space, that compartmentalise water and may have different signal
properties. Multiple tensor models typically describe two or more microscopic
compartments (Niendorf et al., 1996) but neglect axon crossings and orientation dispersion,
or are interpreted as multiple fibre bundles (Tuch et al., 2002) but ignore compartmentalised
water on the (sub-) cellular scale. Since there is no significant attenuation of the intra-axonal
diffusion signal perpendicular to highly myelinated fibres (in the absence of microscopic
undulation) at gradient strengths of | Gi<100 mT/m and echo times of #g<125 ms, it appears
reasonable to set the transverse diffusivity inside the axons to zero, as done by Behrens et al.
(2003a, 2003b, 2007). Their “ball-and-stick” model, however, considers only a discrete set
of axon orientations, neglecting orientation dispersion within the fibre bundles. WMTI
(Fieremans et al., 2011) infers various microstructural features in the case of a single axon
orientation, which are calculated from metrics obtained with diffusion kurtosis imaging.
Hereafter we shall ignore biophysical models (see Panagiotaki et al. (2012) for a review) that
aim to recover structural parameters like the axon diameter because current clinical scanners
(with | G<100 mT/m) lack sensitivity to such features (Drobnjak et al., 2016). Moreover, the
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assumption of a single axon orientation per voxel is grossly simplistic: even orientationally
coherent white matter regions such as the corpus callosum exhibit significant directional
heterogeneity featuring axon undulation and orientation dispersion (Axer et al., 2001;
Mikula et al., 2012).

More recently, Jespersen et al. (2007, 2010) estimated the neurite density and per-dendrite/
axon diffusion coefficients in the presence of complex orientation distributions using low-
order spherical harmonics, which, however, exclude mixtures of Dirac masses and are
impractical for crossings of three fibre bundles. These post-mortem studies of baboon and
rat brain rest on rich MRI data sets with a multitude of 4-values. The “ball-and-rackets”
model (Sotiropoulos et al., 2012), a special case of parametric spherical deconvolution
(Kaden et al., 2007), represents the directional tissue structure using mixtures of Bingham
distributions. Their approach assumes that the parallel intra-axonal and isotropic extra-
axonal diffusivities are equal within a voxel. The NODDI technique (Zhang et al., 2012)
attempts to recover the neurite orientation dispersion and density. This method describes the
axon orientation distribution with a single Watson distribution and thus does not account for
fibre crossings, which can be found in large parts of the brain white matter (Schmahmann
and Pandya, 2006). The technique also assumes a single and fixed intrinsic diffusivity for
nervous tissue (in human /n-vivo studies 1.7 pm2/ms) over the whole brain and across MRI
protocols, subjects of different age and patients with different neurological conditions, which
is doubtful and a major source of the systematic overestimation of free-water content in the
cerebral white matter, in contrast to what is known from 75-relaxometry (MacKay et al.,
1994) and neuroanatomy studies (Nieuwenhuys et al., 2008). Further, NODDI models the
extra-neurite water pool in fast exchange over all neurite orientations, which is questionable
since the microenvironment a diffusing water molecule covers during the observation time is
orders of magnitudes smaller than the dimension of the voxel the measured signal comes
from.

For the recovery of microscopic tissue features in the brain, it is clear that first and foremost
we need to factor out the intra-voxel fibre orientation distribution. To achieve this, we use
microscopic diffusion anisotropy mapping based on the Spherical Mean Technique (SMT).
The key insight of the recently proposed method (Kaden et al., 2016) is that for any fixed
gradient magnitude and timing, hence fixed &-value, the spherical mean of the diffusion
signal over the gradient directions does not depend on the microdomain orientation
distribution. In particular, the mean diffusion signal is only a function of the voxel-averaged
microscopic diffusion process. This seminal result was formally proven for general
microscopic diffusion models or, equivalently, impulse response functions. To demonstrate
the approach, Kaden et al. (2016) have chosen, for low &-value measurements, a microscopic
diffusion tensor that is rotationally symmetric, /.e. a second-order approximation of the
microscopic diffusion process.

In this paper we extend SMT-based microscopic diffusion anisotropy imaging and introduce
a multi-compartment model that takes the presence of multiple tissue components on the
microscopic scale into account. The objective is to map, using clinically viable data, the
neurite density and compartment-specific microscopic diffusivities unconfounded by the
effects of fibre crossings and orientation dispersion. This multi-compartment microscopic
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model overcomes key limitations in existing techniques like WMTI (Fieremans et al., 2011)
or NODDI (Zhang et al., 2012) as we make no assumptions about the neurite orientation
distribution (e.g. single orientations, spherical harmonics or mixtures of Bingham
distributions) and estimate the microscopic diffusion coefficients from the data. Once the
microscopic diffusion signal has been uncovered, we reconstruct the fibre orientation
distribution using spherical deconvolution, which, unlike traditional methods, utilises a
spatially varying multi-compartment impulse response function, and calculate the orientation
dispersion entropy to quantify directional tissue heterogeneity.

To demonstrate the developed technique, we use high-quality diffusion data acquired with a
bespoke scanner system from the Human Connectome Project (Van Essen et al., 2012). The
aim is to establish the normative values of the simple-to-estimate biomarkers for a large
cohort of healthy young adults, which may then support clinical diagnostics in patients.
Multi-compartment SMT can be immediately used in the clinic, as well as with various
retrospective studies, since the method requires only a widely available off-the-shelf pulse
sequence with two or more &-shells and uniformly distributed gradient directions runnable
within clinically feasible scan times. Second, we showcase the potential of the new
technique for the detection of pathological tissue alterations in a preclinical animal model of
TSC, a genetic multi-organ disorder which also impacts the structural integrity of brain
tissue and hence may lead to neurological manifestations such as autism, epilepsy and
developmental delay (Crino et al., 2006). This ex-vivo MRI study uses conditional
knockouts (CKO) of Rictorand Tsc2in Olig2-Cre mice, which both target the formation of
oligodendrocyte precursors and oligodendrocyte differentiation (Carson et al., 2015; Kelm et
al., 2016). A distinguishing feature in comparison to previous DTI-based studies (Jansen et
al., 2003; Makki et al., 2007; Simao et al., 2010; Peters et al., 2012) is that the microscopic
diffusion indices have factored out the neurite orientation distribution, which is useful for the
evaluation of TSC pathology in tissue with complex directional architecture.

Methods and materials

Spherical Mean Technique

To examine microscopic tissue features unconfounded by the directional brain structure, we
use the Spherical Mean Technique (SMT) to factor out the effects due to the neurite
orientation distribution (Kaden et al., 2016). This method requires the parametric
specification of a microscopic diffusion model describing the signal coming from a tissue
microenvironment, which may be directionally anisotropic. The observable MR signal on
the voxel scale is produced by a large population of microdomains that potentially have a
complex orientation distribution. We assume that the microscopic tissue geometry is
rotationally symmetric with rotation axis w€S?, henceforth called orientation, where & =
{w€RS3: lwl =1} denotes the two-dimensional unit sphere. Let £#20 denote the diffusion
weighting factor and g€ 5? the normalised gradient direction, whilst keeping the timing of
the pulse sequence fixed. Then the microscopic diffusion signal

hy(g,w)=hy((9,w)) (1)
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depends only on the spherical distance {g,a)€[-1,1] between any two points g,w€ . We
will use both notations in Eq. (1) interchangeably. The signal function / is set to be
antipodally symmetric, /.e. fip(g w)= hp(—g w).

Once the microscopic diffusion model has been defined, Kaden et al. (2016) proved that the
spherical mean of the diffusion signal ¢, over the gradient directions — with the other
sequence parameters, in particular the gradient magnitude and timing, hence the diffusion
weighting factor 4, fixed — is invariant with respect to the neurite orientation distribution.
More specifically, the mean diffusion signal takes the form

v=/7"%hy(cos(0))sin(0)do, @)

where @is an auxiliary variable which encodes the angle between the gradient direction and
microdomain orientation. Eq. (2) shows that, for a given £-value, ¢, is fully determined by
the microscopic diffusion model. This insight has enabled us to estimate the tissue
microanatomy unconfounded by and without knowledge of the directional brain architecture
in a simple, fast and robust way. SMT exploits this invariance property using a two-step
procedure as follows (Kaden et al., 2016). First, the spherical mean signal is computed by
averaging the T,.normalised diffusion signals acquired with uniformly sampled gradient
directions for each &-value separately. Second, the parameters of the microscopic diffusion
model (1) are estimated using a least-squares technique that fits the spherical mean version
(2) of the model to the measured mean signals for a set of diffusion weighting factors.

Multi-compartment microscopic model

Next we shall develop a new microscopic diffusion model. The present work divides brain
tissue into an intra-neurite domain and extra-neurite compartment. The former component
consists of dendrites and axons, which may be surrounded by myelin sheath. A characteristic
feature of these cellular extensions is their cylindrical geometry. The latter compartment
includes neurons, glial cells, e.g. oligodendrocytes, neurolemmocytes and astrocytes, and
extracellular space. The objective is to decompose microscopic diffusion anisotropy into
signal components coming from the water pools inside and outside the neurites, respectively,
based on the fact that these signal contributions are markedly different. Hence, the diffusion
signal for a microscopic environment of brain tissue with orientation w€S? is modelled as

hy(9,@)=vinehi™ (9, w)+(1 — vine)hE (9, w),

intra—neurite extra—neurite (3)

where p/"* denotes the signal from the intra-neurite water pool, 4{*t the signal component
due to the extra-neurite compartment and v;€[0,1] the intra-neurite volume fraction. Since
water between the myelin layers, because of its rapid 7,-relaxation (MacKay et al., 1994),
does not significantly contribute to the measured signal at sufficiently long echo times, we
do not include a myelin compartment, but assume that the intra- and extra-neurite water
pools have a similar 7,-relaxation behaviour.
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Under the assumption that the intra-neurite water pool is isolated from its surroundings, for
low &-value measurements as commonly obtained in clinical practice the applied gradients
are not strong and/or long enough to produce detectable attenuation of the signal component
perpendicular to the neurites since the diameter of the dendrites and axons is too small.
Therefore, we set the transverse microscopic diffusivity to zero as proposed in the “ball-and-
stick” model (Behrens et al., 2003a, 2003b). The microscopic signal from the intra-neurite
compartment reads

hi™(g,w)=exp (—b(g,w)*A) )

where 0SA< A is the intrinsic diffusion coefficient parallel to the neurites and the upper
bound A is given by the free-water diffusivity. Note that A is an apparent (or effective)
parameter that depends not only on the diffusion process in the underlying material but also
on the MRI experiment, such as the temporal profile of the gradient sequence (Grebenkov,
2010).

Furthermore, we take into account that the extra-neurite tissue compartment potentially
features a directionally anisotropic geometry on the micrometre scale. Thus, it is reasonable
to describe this signal component with a rotationally symmetric microscopic tensor model

) =esp (g N (51 (7)),

longitudinal transverse (5)

The first term on the right-hand side describes the microscopic diffusion process in the
surroundings parallel to the neurites, while the second term quantifies the microscopic
diffusivity in the characteristic vicinity perpendicular to the axons and dendrites. The
transverse extra-neurite diffusion coefficient is modelled as a function of the intra-neurite
volume fraction ¥y and intrinsic diffusivity A. Here we use a basic approach to describing
the microscopic diffusion process around the neurites, that is, the first-order tortuosity

approximation \9*=(1 — v;,,;) A Which was derived for a system of randomly placed parallel
cylinders of variable diameter with impermeable boundaries in the long-time diffusion limit
using effective medium theory (Bruggeman, 1935; Sen et al., 1981; Szafer et al., 1995).
Unlike NODDI (Zhang et al., 2012), SMT does not assume that there is a fast mixing of
extraneurite water across all axon and dendrite orientations. The microenvironment to which
the diffusion process is sensitive (on the scale of the root-mean-square displacement of the
water molecules) includes only an infinitesimal fraction of the large ensemble of neurites
inside the voxel. In addition, this assumption gives rise to certain abnormalities, which are
discussed in Appendix A.

Mean diffusion-signal model

Following (Kaden et al., 2016), we calculate the spherical mean of the diffusion signal for a
large population of microdomains with potentially complex orientation distribution using
Eqg. (2). The mean diffusion signal takes the form
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=I5 *huleos(®))sin(0)db.  (g)

where
—int ﬁerf ( \/ﬁ)
b 2V @)
and

Vaer (\/bA = A7)
2\ /b[ X — A

et =cxp(—bAT")

(8)

are the spherical mean signals from the intra- and extra-neurite water pools, respectively.
=0 denotes the diffusion weighting factor and erf the error function. Then we fit the
spherical mean version of the multi-compartment microscopic diffusion model provided in
Egs. (6) to (8), which have factored out the effects due to fibre crossings and orientation
dispersion, to the measured mean signals for a set of 4-values. Given an extra-neurite

diffusion model )\, the parameters to be estimated are the intra-neurite volume fraction
Vint€[0,1] and intrinsic diffusion coefficient A subject to the constraint 0SA<Asyee, Where the
free-water diffusivity Afee (Mills, 1973) is circa 1.88 um2/ms at 17 °C (which is used for the
ex-vivo mouse study) and about 3.05 pm2/ms at 37 °C (for /n-vivo human imaging). Thus,
the recovered model parameters are ensured to lie within a physically meaningful range.

Human data

To establish the normative values of the novel microscopic diffusion indices, we use high-
quality data kindly provided by the Human Connectome Project, WU-Minn Consortium
(500 Subjects Data Release, Washington University, June 2014, available online at http://
www.humanconnectome.org). The data sets were acquired on a bespoke Siemens 3T MRI
scanner equipped with a customised gradient insert featuring a maximum gradient strength
of 100 mT/m (Van Essen et al., 2012). A Stejskal-Tanner sequence measured 90 uniformly
distributed gradient directions for each £-shell of nominally 1000, 2000 and 3000 s/mm?,
keeping the gradient timing fixed with pulse duration of 10.6 ms and pulse separation of
43.1 ms. Only the magnitude, hence the &-value, and the directions of the diffusion encoding
gradients were altered during the experiment. Additionally, 18 images without diffusion
weighting were acquired. The spin-echo EPI scan with echo time of 89.5 ms and repetition
time of 5.52 s was performed using a multi-band sequence (Setsompop et al., 2012) with
slice acceleration factor of 3. The diffusion data were acquired with in-plane phase encoding
in both right-to-left and left-to-right directions. SENSE1 multiple-coil combination was
applied (Roemer et al., 1990). The diffusion-weighted images with an isotropic voxel
resolution of 1.25 mm covered the whole brain.
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The data sets analysed in this study came from 100 unrelated adult subjects (47 male, aged
29.1+3.7 years). The magnitude images were preprocessed using HCP’s Minimal
Preprocessing Pipeline, version 3.1 (Glasser et al., 2013). Briefly, the signal intensity was
normalised across the scan, the susceptibility-induced distortions were eliminated using the
two images acquired with reversed phase-encoding polarities, and the data sets were
corrected for eddy-current artefacts and subject motion (Andersson and Sotiropoulos, 2016).
Spatial distortions due to gradient field nonlinearities were rectified and the diffusion-
weighting gradients were adjusted at each voxel. Finally, the diffusion images were aligned
to the axes of MNI152 space using rigid transformations without scaling (Jenkinson et al.,
2002; Greve and Fischl, 2009). We analyse the diffusion data in the native volume space,
which is consistently oriented across the cohort and faithfully represents the subject’s brain
size and shape. Since the MR signal was combined with SENSE1 from multiple receive
coils, the noise regime of the magnitude signal is well described by a Rician distribution
(Gudbjartsson and Patz, 1995), albeit data preprocessing may alter its characteristics to a
certain extent. To minimise potential effects of the noise-induced bias, the measurements
were adjusted accordingly (Kaden et al., 2016).

Animal study

To test multi-compartment microscopic diffusion imaging for the evaluation of tuberous
sclerosis neuropathology, we conducted an ex-vivo study with two knockout mouse models
of TSC. The disease, inherited in an autosomal dominant manner or appearing sporadically
due to spontaneous mutations, results from an inactivating mutation in either the 7scZ or
7sc2 gene encoding hamartin and tuberin, respectively. These proteins control the activity of
the mammalian target of rapamycin (mTOR) kinase, which regulates cell size, proliferation
and differentiation (Tee et al., 2002). As a follow-on study to Carson et al. (2012, 2013), we
used conditional knockouts of Rictor, the rapamycin-insensitive component of mTOR, and
Tsc2in Olig2-Cre mice, which have been introduced recently (Carson et al., 2015; Kelm et
al., 2016). Both models are expected to impact myelination in the central nervous system, as
Olig2 plays an important role in the formation of oligodendrocyte precursors and
oligodendrocyte differentiation (Lu et al., 2000; Zhou et al., 2000). Rictor-deficient mice
showed moderate adverse effects, whilst 7s¢2 CKO resulted in a phenotype with severe
adverse effects, yet the mice from both models were able to live into adulthood. All animal
procedures were completed with approval of the Vanderbilt University Institutional Animal
Care and Use Committee.

Eight normal, five Rictorand five 7s¢2P60 mouse brains were scanned on a 15.2 T Bruker
Biospec system with a 35 mm quadrature volume coil at bore temperature of 17+0.5 °C
(Kelm et al., 2016). The preparation of the excised brains followed standard procedures. In
addition, the mouse brains were doped with 1 mM Gd-DTPA, lowering the 7;-relaxation
time to approximately 400 ms and thus increasing the SNR efficiency of the MRI scan. Note
that D’ Arceuil et al. (2007) found little change in various metrics obtained from diffusion
tensor imaging over a wide range of Gd-DTPA concentrations of up to 10 mM. The data
were acquired using a 3D diffusion-weighted fast spin-echo sequence with repetition time of
200 ms, echo time of 19.0 ms, echo spacing of 7.1 ms and echo train length of 4. The scan
with 128 x 96 x 72 image matrix and 19.2x14.4x10.8 mm3 field of view covered the whole
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brain, resulting in an isotropic voxel resolution of 150 um. Diffusion weighting was achieved
with a Stejskal-Tanner experiment consisting of two b-shells of nominally 3000 and 6000
s/mm?2 with 30 gradient directions each, which were uniformly distributed (Jones et al.,
1999) and measured twice with the gradient polarity reversed. The timing of the gradients
was fixed with pulse duration of 5 ms and pulse separation of 12 ms so that the same
diffusion propagator is observed during the experiment. In addition, 5 images without
diffusion weighting were collected. The total scan time was about 12 h per mouse brain.

The MR images were reconstructed from the 4-space data using a custom preprocessing
pipeline, which includes Gibbs ringing suppression via Hann windowing, 3D Fourier
transform and magnitude computation. Further, the diffusion scans were corrected for cross-
term effects using the images obtained with opposite gradient polarities (Neeman et al.,
1991). The microscopic diffusion indices are estimated in native measurement space,
thereby neglecting the nature of Rician noise because SNR in tissue is about 100 for the zero
b-value images. For comparison of the Rictor- and Tsc2-deficient models with control mice,
we arbitrarily chose a mouse brain from the control group as reference, to which all other
subjects were transformed using the FNIRT tool for nonlinear registration, as implemented
in FSL (2012). After spatial normalisation of the microscopic diffusion maps, the voxelwise
significance of any population differences were evaluated between Rictorand control as well
as 7sc2and normal mice via unpaired two-sample #tests. We calculated the threshold-free
cluster enhanced (TFCE) pseudo #statistics using standard parameters (Smith and Nichols,
2009). Multiple comparison correction across space was carried out by exhaustive
permutation testing (Winkler et al., 2014) subject to the masked brain, which then yielded
family-wise error (FWE) corrected p-value maps.

After MRI scanning, three Rictor, four TscZand six normal mouse brains were sectioned for
histological analysis. Following a midsagittal cut, we examined four white matter regions,
1.e. the genu (GCC), midbody (MidCC) and splenium (SCC) of the corpus callosum as well
as the anterior commissure (AC). The tissue sections were stained with 1% toluidine blue
and scanned with an FEI Tecnai T12 transmission electron microscope at various
magnifications. Since two sections from the 7s¢2model were corrupted during processing,
we added a fourth 7sc2subject. The images were segmented into myelin and non-myelin
pixels (Otsu, 1979), from which we obtained histological measurements of myelin fraction
Tmyel and myelinated axon fraction £. The myelinated axon density pax Was quantified by
manually counting myelinated axons within the field of view. We refer the reader to Kelm et
al. (2016) for technical details.

Multi-compartment microscopic diffusion

From a population of 100 unrelated young adults we have chosen a representative subject to
demonstrate multi-compartment microscopic diffusion imaging. Fig. 1 maps the intra-
neurite volume fraction v (top) and apparent intrinsic diffusivity A for various slices in the
axial plane. In comparison to previous work, we have factored out the neurite orientation
distribution, including fibre crossings and orientation dispersion, to obtain these microscopic
diffusion parameters. The figure shows that the neurite density index is markedly higher in
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brain white matter than in grey matter and microenvironments of white matter are
heterogeneous across the cerebral white matter, even after the directional tissue structure has
been integrated out. For instance, the intra-neurite volume fraction is higher in the corpus
callosum and internal capsule compared to other white matter regions, which is presumably
due to the converging pattern of the callosal fibres and corticospinal tract, respectively, that
results in a reduction of the extra-neurite space together with a higher neurite density. Note
that the intra-neurite volume fraction is measured with respect to the voxel volume
excluding the myelin compartment because at an echo time of 89.5 ms the MR signal from
myelin water is almost fully attenuated due to its short 7,-relaxation time. Further, our data
analysis suggests that the intrinsic diffusivity, which is the microscopic diffusion coefficient
parallel to the neurites, varies substantially over the brain and is on average significantly
higher in white matter tissue than earlier assumed (Zhang et al., 2012). The estimation of
this parameter from the data is a key advantage of the new technique, as the intrinsic
diffusivity strongly influences the quantification of other structural features such as the
neurite density.

Another noteworthy result is that in the ventricular system and subarachnoid space the
intrinsic diffusivity approaches the diffusion coefficient of free water and the intra-neurite
volume fraction, /.e. the signal component of highly anisotropic microscopic diffusion, tends

to zero. Fig. 2 (left) maps the transverse microscopic diffusivity %' outside the neurites as a
function of the intra-neurite volume fraction v, and intrinsic diffusivity A, here

AT =(1 — ;¢ )\ The right plot of this figure shows the microscopic mean diffusivity of the
extra-neurite water pool, which is defined as

—ext _ % ()\ext +2/\ext)
(1 Uznt) (9)

where Ae"t denotes the extra-neurite longitudinal microscopic diffusivity which equals A.
The figure demonstrates that the estimated microscopic diffusivities of the extra-neurite
compartment are close to the self-diffusion coefficient of free water in the ventricles and
around the cerebral cortex. It is straightforward to segment regions with high free-water

content from these maps; especially the extra-neurite microscopic mean diffusivity yextis a
useful biomarker of cerebrospinal fluid, whose microscopic diffusion process is isotropic. In
summary, the intra-neurite volume fraction and intrinsic diffusivity provide contrast between
different types of nervous tissue without the confounding effects of fibre crossings and
orientation dispersion. Multi-compartment microscopic diffusion imaging is also able to
discriminate cerebrospinal fluid, even though the underlying model does not have a
dedicated free-water component. Alternatively, we may eliminate partial volume effects due
to cerebrospinal fluid contamination by adding a fluid attenuated inversion recovery
(FLAIR) sequence.
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Sparse gradient sampling

To demonstrate the reliability of SMT, we simulate fibre orientation distributions that closely
resemble the tissue geometry of white matter. Here a Dirichlet process mixture with bipolar
Watson kernel (Kaden and Kruggel, 2012; Kaden et al., 2016) is used to draw random
spherical density functions, which include a broad range of fibre crossings and orientation
dispersion. In fact, under the topology of weak convergence the Dirichlet process mixture
includes all orientation distributions in its closure. The spherical convolution of these
synthetic distributions with the multi-compartment impulse response function (3) yields the
diffusion signals, which are then disturbed by Rician noise. For our simulation experiments
the ground-truth intra-neurite volume fraction Vi, and intrinsic diffusivity A are uniformly
drawn from the intervals [0,1] and [0, Aree], respectively. 50,000 trials each were run to
investigate the estimation error of the microscopic diffusion indices under various scenarios
after adjustment for the Rician noise bias. Fig. 3 shows the absolute error of the intra-neurite
volume fraction and the relative error of the intrinsic diffusivity as a function of the signal-
to-noise ratio (SNR, left column), using the human acquisition protocol, and of the total
number of diffusion gradients evenly distributed over three £-shells, here 1000, 2000 and
3000 s/mm2. The fixed parameter is indicated in a corner of the plots. The box-and-whisker
diagrams demonstrate that the variance of the estimator decreases as the signal-to-noise ratio
and/or the number of diffusion gradients increase. This average-case study over density
functions drawn from a Dirichlet process mixture suggests that SMT is a robust estimator of
Vint and A. The simulations also show that adverse effects due to the Rician noise regime are
removed to a large extent.

The HCP data sets were acquired on a bespoke scanner system using a sophisticated
imaging protocol with lengthy scan time, which leads to unique data sets with
unprecedented quality but extends only partially to clinical practice that generally needs to
cope with modest hardware and limited time for MRI examination. These high-quality data
total 270 diffusion-encoding gradients evenly distributed over three &-shells. Since the
imaging gradients and field nonlinearities give rise to small spatial variations in the diffusion
weighting factor, we will use the nominal £-values, in the present study 1000, 2000 and 3000
s/mm2, to refer to them. The following experiment subsamples the diffusion gradients,
noting that those gradients were arranged in a way so that a subset of the first 72 directions,
together with their antipodal points, are approximately evenly distributed on the sphere
(Caruyer et al., 2013). Fig. 4 plots the intra-neurite volume fraction vi; and intrinsic
diffusivity A for subsets of 180, 90 and 45 diffusion gradients over the three £-shells. This

figure also maps the difference ¢, , — ,,, and ratio ) /\ with respect to vi,; and A, which
were estimated from the full data set, respectively. Fig. 4 demonstrates that SMT-based
multi-compartment microscopic diffusion imaging produces reliable results with much less
diffusion-sensitising gradients within clinically feasible scan times, but at the expense of a
noisier appearance of the microscopic diffusion indices. Note, however, that these
difference/ratio maps overestimate the estimation error since the microscopic diffusion
parameters fitted from all 270 diffusion gradients are also subject to errors.

Next we sampled random subsets of diffusion gradients from the full data set (without
replacement) to study the estimation precision of the new imaging biomarkers quantitatively.
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SMT requires two or more &-shells for the recovery of the intra-neurite volume fraction and
intrinsic diffusivity because otherwise the estimation problem is underdetermined. In detail,
for the representative subject we investigated four different £-shell designs with {1000,
2000}, {1000, 3000}, {2000, 3000} and {1000, 2000, 3000} s/mm? over which various
numbers of diffusion gradients were evenly distributed. Fig. 5 shows the results of this
random subsampling analysis, which was repeated 100-times for each gradient design
configuration. The top row of this figure plots the absolute estimation error of the intra-
neurite volume fraction, while in the bottom row the relative error of the intrinsic diffusivity
is shown, both with respect to the full data set. The estimation error decreases with an
increasing number of diffusion gradients. Moreover, a two-shell design with {1000, 3000}
s/mm? is statistically more efficient than two-shell designs with {1000, 2000}, {2000, 3000}
s/mm? or a three-shell design with {1000, 2000, 3000} s/mm2, which suggests that the &
values should be separated from each other for better performance. In conclusion, we have
demonstrated the clinical applicability of the developed imaging technique, which is able to
recover microscopic diffusion-based features without the confounding effects due to the
neurite orientation distribution.

Normative database

Next we establish the normative values of the new microscopic diffusion indices over a
population of 100 healthy young adults coming from the HCP data set. For this purpose we
spatially normalise the parameter maps, which were obtained in native measurement space,
across the subjects using HCP’s Minimal Preprocessing Pipeline, version 3.1 (Glasser et al.,
2013). Briefly, the estimated maps were transformed into MNI1152 space using the FNIRT
tool for non-linear registration so that the brain size and shape are the same for all
participants. Fig. 6 depicts the voxel-wise population averages of the intra-neurite volume
fraction v (top) and intrinsic diffusivity A, which are shown for various axial slices. Note
that the number in the upper right corner denotes here the plane in standard MNI152 space.
All observations previously made on the representative subject extend to the cohort of 100
unrelated adults, which demonstrates the consistency and reproducibility of the developed
method. For instance, the neurite density index is considerably higher in brain white matter
than in grey matter and the intra-neurite volume fraction is increased in the corpus callosum
and internal capsule compared to other white matter regions. Fig. 7 maps the transverse
microscopic diffusivity (left) and microscopic mean diffusivity of the extra-neurite water
pool averaged across the subjects in stereotactic coordinate space. We observe that in the
ventricular system and sub-arachnoid space the extra-neurite microscopic mean diffusivity
approaches the self-diffusion coefficient of free water.

For a region-based population analysis the brain white matter was automatically segmented
using HCP’s Minimal Preprocessing Pipeline, where the cortical parcellation obtained by
FreeSurfer (2014) was expanded to white matter. A distance constraint halted the label
propagation after 5 mm, thus producing an anatomical parcellation of the gyral white matter
(Salat et al., 2009). Subsequently we computed the mean of the parameter under
consideration over a region of interest in native measurement space for each subject. Fig. 8
summarises the empirical distribution of the intra-neurite volume fraction vy and intrinsic
diffusivity A in various white matter regions for a cohort of 100 healthy young adults using
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box-and-whisker plots (with 1.5-times the interquartile range). The figure shows that the
neurite density index, which is obtained with respect to the voxel volume excluding the
myelin compartment since the echo time of 89.5 ms is significantly longer than the 75,-
relaxation time of myelin water, is substantially higher in the corpus callosum, which is most
likely due to the dense packing of the converging fibres. The plot further illustrates the
microscopic diffusion-based metrics in entorhinal, parahippocampal and precuneus white
matter, which were recently proposed to be important for understanding entorhinal cortex
pathophysiology and its propagation over the brain in early preclinical stages of Alzheimer’s
disease (Khan et al., 2014). A key feature of the developed biomarkers is that they do not
depend on the directional tissue architecture. Moreover, it is evident that the intrinsic
diffusivity is not invariant in white matter and significantly higher than previously suggested
(Zhang et al., 2012).

Neurite orientation distribution

Once the microscopic diffusion process has been recovered voxel by voxel, we are able to
estimate the fibre orientation distribution from the diffusion measurements using spherical
deconvolution (Tournier et al., 2004; Anderson, 2005). Knowledge of the microscopic
diffusivities is crucial for the specification of the impulse response function and hence the
quantitative estimation of neurite orientation dispersion. The density function may be found
in a reproducing kernel Hilbert space (Kaden et al., 2008; Kaden and Kruggel, 2011), which
does not truncate the spherical harmonic expansion and ensures its characteristic properties,
namely antipodal symmetry, non-negativity and normalisation with one. In previous work a
microscopic diffusion tensor was used as impulse response function, which is here replaced
by the multi-compartment model formulated in Egs. (3) to (5). Fig. 9 demonstrates the
recovery of the neurite orientation distribution from all 4-shell data for a representative
subject. The density function pis visualised by the quasi-spherical surface

Sw— p(w)wERS3. The figure shows the crossing of the callosal fibres and corona radiata
in the centrum semiovale of the left hemisphere. Further, the orientation dispersion in the
corpus callosum seems to be higher than previous studies have suggested, but is in
agreement with histological findings (Axer et al., 2001; Mikula et al., 2012). We may also
use alternative deconvolution techniques based on, for example, mixtures of Bingham
distributions (Kaden et al., 2007; Kaden and Kruggel, 2012).

Moreover, we may calculate summary statistics of the neurite orientation distributions. A
useful example is the relative entropy H(p) of the density function p: > — [0, ©0), which is
defined as Kullback-Leibler divergence

H(p) =Dy, (p,(Q))
1 pfe)in (29
=/ p@)t (q( )>dw (10)

with respect to a reference measure, here the uniform distribution g(w)=1/(4 ), w€ES? on the
sphere. Fig. 10 shows maps of the orientation dispersion entropy for various slices in the
axial plane, which were estimated in native measurement space. In contrast to previous
work, this index takes the full axon orientation distribution into account. The orientation
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dispersion entropy is close to zero when the estimated microdomain orientation distribution
approaches the spherical uniform distribution, such as in the ventricular system,
subarachnoid space and parts of the grey matter. In the corpus callosum, internal capsule and
other white matter regions mainly formed by a single fibre bundle with a coherent
orientational structure, the relative entropy of the neurite orientation distribution is high.
Whereas the orientation dispersion entropy describes the directional tissue architecture, the
fractional anisotropy of the classical tensor model encodes both the microscopic diffusion
process and the neurite orientation distribution. We obtain similar results for the other
subjects studied in this work. To conclude, SMT does not only allow to recover the
microscopic diffusion process but also facilitates the quantitative estimation of neurite
crossings and orientation dispersion, for the first time without any assumptions on unknown
diffusivities.

Tuberous Sclerosis Complex

The following ex-vivo study of age-matched mice demonstrates that features of the
microscopic diffusion process provide valuable biomarkers sensitive to TSC-induced
abnormalities in the brain microstructure. Fig. 11 plots the voxelwise difference of the
population means we observe between Rictor CKO and controls (top) as well as FWE-
corrected p-value maps quantifying the significance of voxelwise group differences between
75¢2 CKO and normal mice for the intra-neurite volume fraction v (left) and intrinsic
diffusivity A. The underlying maps in the bottom diagrams display, in the coronal plane, the
population average of the microscopic diffusion indices over normal controls. Moreover, we
study the four white matter regions examined in histology, /.e. the genu (GCC), midbody
(MidCC) and splenium (SCC) of the corpus callosum as well as the anterior commissure
(AC) in the midsagittal plane, which were delineated in the population average of the control
mice. Fig. 12 shows a region-based group analysis for Rictorand Tsc2 CKO with respect to
normal controls using unpaired two-sample #tests. For Rictor-deficient mice, which result in
a phenotype with moderate adverse effects, we observe only minor deviations in the SMT
estimates (which are not statistically significant in the voxel-level analysis), whereas 7sc2-
deficient mice show a significant decrease in the neurite density index over wide areas of the
brain white matter, presumably leading to the severe adverse effects seen in this TSC model.
The abnormal intrinsic diffusivities suggest an altered intra- and/or extracellular milieu due
to ongoing neuropathological processes. Further, in contrast to the /7-vivo human data sets,
we observe, at a 4-value of 6000 ssmm?, a relatively high diffusion signal for gradient
directions parallel to the main fibre orientation in the corpus callosum and other white matter
regions, suggesting the presence of a signal component of very slow diffusion (Stanisz et al.,
1997; Alexander et al., 2010), which, however, is not explicitly modelled here.

Finally, we report quantitative histology results from a subsample of the experimental
animals. An initial examination shows that the overall architecture of the mouse brains
remains intact, but with diffuse hypomyelination. In addition, decreased oligodendrocyte
number was appreciated in the 7s¢2 CKO. As seen with other mouse models of TSC, we
could not observe cerebral tubers, 7.¢e. benign focal malformations at the grey-white matter
junction disrupting the normal lamination of the cortex and a hallmark of the disease, nor a
gross inflammatory response (Carson et al., 2015; Kelm et al., 2016). Fig. 13 shows (from
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left to right) the group mean and standard error of the histological myelin fraction e,
myelinated axon fraction with the myelin fraction excluded 7£y/(1-fynyel), Where %y denotes
the histological axon fraction, and myelinated axon density p,y, /.. the number of
myelinated axons per unit area, for four white matter regions in normal controls, Rictor- and
7sc2-deficient mice. Significant group differences of the respective histological measures
compared to controls, based on a Wilcoxon rank-sum test, are indicated. This figure
demonstrates a reduction of the myelin fraction and myelinated axon density, thus
hypomyelination, in the Rictorand especially 7s5¢2 CKO. The decrease in myelinated axon
fraction (with the myelin fraction excluded) is reflected by a reduction of the MRI-based
intra-neurite volume fraction, which has excluded the myelin compartment because of its
short 7>-relaxation time, but generally includes unmyelinated axons. Note that observed
abnormalities in the MRI measure may be not only due to alterations in the total axon
density, but also secondary effects of reduced myelination, which might lead to substantial
water exchange between the intra- and extra-neurite compartments during the diffusion time.

Discussion

This paper has introduced multi-compartment microscopic diffusion anisotropy imaging
based on the recently proposed Spherical Mean Technique (SMT, Kaden et al., 2016). The
rationale of this technique is that the macroscopic signal we measure on the voxel scale
conflates two physical effects, which are microscopic diffusion anisotropy and the
microdomain orientation distribution. Both features are crucial to data analysis since, if the
microscopic environments were uniformly oriented and/or not directionally anisotropic, we
would not be able to observe macroscopic diffusion anisotropy. Because of that, a primary
aim of modern diffusion MRI in neuroscience research and clinical neurology is to
disentangle these two effects. SMT-based microscopic diffusion anisotropy mapping has
enabled us to do this, using off-the-shelf sequences with two (or more) b-shells achievable
on standard clinical scanners. Once the two key contributors of the diffusion signal have
been separated from each other, we are able to recover microstructural parameters in the
presence of directional heterogeneity. Examples are the neurite density index and intrinsic
diffusivity in nervous tissue, as shown in Figs. 1 and 6. At the same time, we can quantify
the microdomain orientation distribution, including fibre crossings and orientation
dispersion that are ubiquitous in the brain, and calculate summary statistics such as the
orientation dispersion entropy (compare Figs. 9 and 10).

Model assumptions

To establish clinical practicability, we need to limit the complexity of the diffusion model
and thus the amount of experimental data required to fit its parameters robustly, which
inevitably means that we need to make simplifying assumptions. It may then come to a
surprise that a distinguishing feature of SMT (Kaden et al., 2016) is that it makes no
assumptions about the a priori unknown orientation distributions and hence recovers the
microscopic features in an unbiased way. The technique is solely based on the insight that
for any fixed gradient magnitude and timing, thus fixed &-value, the spherical mean of the
diffusion signal over the gradient directions does not depend on the neurite orientation
distribution, but is only a function of the microscopic diffusion process. In this paper we
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have proposed a new multi-compartment model decomposing the microscopic signal into
intra- and extra-neurite water pools, which are described by two rotationally symmetric
microscopic diffusion tensors. The developed model does not include a myelin
compartment, as the 7,-relaxation time of water between the myelin layers is much shorter
than the echo time of standard clinical scans. Therefore, the obtained volume fractions
should be interpreted accordingly.

We impose three constraints on the double-microscopic-tensor model since otherwise the
estimation problem is underdetermined for two-shell diffusion data, which can be easily
seen after factoring out the microdomain orientation distribution using SMT. Compare also
Jelescu et al. (2016) for an exhaustive analysis of a related model. First, we assume that the
effective transverse diffusivity inside the neurites is zero (Behrens et al., 2003a, 2003b). This
is a sensible choice for myelinated axons because the myelin sheath isolates the intra-neurite
water pool from the surroundings to a large extent and the low &-value measurements
typically performed in clinical practice do not give rise to any significant attenuation due to
the small diameter of the axons. However, for unmyelinated axons and dendrites this
approximation may hold only partially because of the permeability of membranes and
possible neurite undulation on the microscopic scale (Nilsson et al., 2012). Second, the
proposed method does not differentiate between the longitudinal microscopic diffusivities
inside and outside the axons and dendrites (which might be different), but estimates a voxel
average over the intra- and extra-neurite compartments. A key feature of the present work is
that the intrinsic water diffusivity, which describes the hindered diffusion process across
neurons and glia as well as cell organelles and cytoskeleton, is obtained from the data. Our
results in Figs. 1, 6, 8 and 11 demonstrate that this parameter varies markedly in the brain,
reflecting the fine-structural variability of the underlying cellular milieu.

In contrast to previous work, we do not approximate the extra-neurite signal component with
an isotropic diffusion model (Behrens et al., 2007; Jespersen et al., 2007; Sotiropoulos et al.,
2012), but allow for microscopic anisotropy in the case of high neurite densities. As a third
constraint, the transverse microscopic diffusion in the extra-neurite compartment is
represented as a function of the intra-neurite volume fraction and intrinsic diffusivity using a
first-order approximation of the tortuosity effect (Bruggeman, 1935; Sen et al., 1981; Szafer
et al., 1995). This model is based on effective medium treatment of a system of randomly
placed parallel cylinders of variable diameter with impermeable boundaries in the long-time
diffusion limit, which may only partially reflect the underlying microgeometry because of
microscopic neurite undulation and the permeability of membranes in unmyelinated axon
and dendrites. Alternatively, we may use a more advanced extra-neurite model (Novikov and
Fieremans, 2012; Novikov et al., 2014) or estimate the transverse microscopic diffusivity
outside the neurites from the data, which, however, requires a more sophisticated experiment
design. Especially in highly densely packed white matter regions like the corpus callosum,
where the microscopic diffusivity perpendicular to the axons is very low, diffusion
measurements with higher &-values may be able to resolve the transverse microscopic
diffusion process more accurately. Although the general approach of SMT naturally extends
to more complex microscopic diffusion models as formally proven by Kaden et al. (2016),
the presented multi-compartment model provides simple-to-estimate markers of
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microstructural tissue features achievable on standard scanners, acknowledging the tight
time constraints in clinical settings.

Comparison with WMTI and NODDI

In the following we compare multi-compartment microscopic diffusion imaging with two
related techniques. WMTI (Fieremans et al., 2011) attempts to infer microstructural
parameters from metrics obtained with diffusion kurtosis imaging. This method provides
independent estimates of the intra-axonal volume fraction vy, the intra-axonal longitudinal

ext

diffusivity Aﬁ”t, the extra-axonal longitudinal diffusivity A|™ and the extra-axonal transverse

diffusivity \%<, thereby setting the intra-axonal transverse diffusivity \"** to zero and
assuming that the tangential distribution of the intra-voxel fibre population at millimetre
resolution is a Dirac mass, which means that all axons form straight lines and run parallel to
each other. The latter is overly simplistic as fibre crossings and orientation dispersion are
ubiquitous in the human brain. Even in the corpus callosum the directional architecture is far
from homogeneous (Axer et al., 2001; Mikula et al., 2012). In contrast, SMT does not make
any assumptions about the fibre orientation distribution and hence is universally applicable.

The proposed technique estimates a voxel average of Aﬁ”t and Aﬁ"t, which we call intrinsic
diffusivity A, and the extra-neurite transverse diffusivity is inferred from A and the intra-
neurite volume fraction v, as demonstrated in Figs. 2 and 7. Furthermore, even if the
diffusion signal from a single microdomain is modelled by a microscopic diffusion tensor
(thus is mono-exponential in all directions), the diffusion signal observed at the voxel level
is in general not mono-exponential for complex orientation distributions. Fieremans et al.
(2011) made no attempt to relate higher-order effects seen in diffusion kurtosis imaging to
directional tissue heterogeneity.

The NODDI technique (Zhang et al., 2012) models the neurite orientation distribution with a
single Watson density and hence ignores fibre crossings which are a distinctive feature of
human connectional neuroanatomy. Specifically, Kaden et al. (2007) showed in a diffusion
MRI study that the majority of white matter voxels features multiple fibre bundles whose
accurate representation requires two or more Bingham distributions. In comparison, SMT is
free of orientation distribution models. NODDI assumes a single and fixed intrinsic
diffusivity A (in human /n-vivo studies 1.7 pum2/ms), whereas the developed method
estimates the microscopic diffusion coefficients from the data. Figs. 1, 6, 8 and 11
demonstrate that A varies significantly over the brain white matter with an average value that
is considerably higher than earlier assumed (Zhang et al., 2012). We also expect to see
differences in A across age and neurological conditions, making the intrinsic diffusivity a
valuable biomarker (compare Figs. 11 and 12). Moreover, the underestimation of A in
NODDI gives rise to a systematic overestimation of free-water content in the cerebral white
matter, which stands in contrast to 7,-relaxometry (MacKay et al., 1994) and well-known
neuroanatomy (Nieuwenhuys et al., 2008), and may adversely affect the recovery of other
parameters such as their neurite density index. Lastly, the NODDI method assumes that the
extra-neurite water pool is in fast exchange across all neurite orientations, which is doubtful
and leads to contradictory results as detailed in Appendix A. Multi-compartment
microscopic diffusion imaging overcomes these model inconsistencies.
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Tuberous Sclerosis Complex

Pathological manifestations of tuberous sclerosis are manifold, but the impairment of the
structural integrity of brain tissue contributes substantially to the morbidity seen in patients.
Recent studies with mouse models of TSC (Meikle et al., 2008; Carson et al., 2012, 2013)
suggested that global diffuse changes in white matter might give rise to universal cortical
dysfunction together with various neuropsychiatric conditions, in addition to the multifocal
tuber pathology. Indeed, Marcotte et al. (2012) demonstrated widespread microstructural
alterations distinct from tubers in human patients via histological analysis of post-mortem
brain specimen. This ex-vivo MRI study with conditional knockouts of Rictorand 7sc2in
Olig2-Cre mice has shown that the developed technique is capable of discovering non-tuber
white matter abnormalities, e.g. a significant reduction in the neurite density index (Figs. 11
and 12), in agreement with histological measurements (Fig. 13). Note, however, that for low
myelinated and unmyelinated axons there might be significant exchange between the intra-
and extra-neurite water pools, making the differentiation between hypomyelination and
reduced axon density solely based on diffusion experiments not that straightforward. Our
findings have clear translational significance as SMT may help oversee treatment success in
promising clinical trials (Franz et al., 2006; Bissler et al., 2008; Krueger et al., 2010; Tillema
et al., 2012) where patients receive mTOR inhibitors such as everolimus and sirolimus.
Unlike the DTI-derived anisotropy metrics, the novel biomarkers are invariant with respect
to the axon orientation distribution, which exhibits a high variability between subjects, and
thus have potential to increase the detectability dramatically.

Clinical translation

To establish the normative values of the microscopic diffusion indices, we have used high-
quality data sets from a large cohort of healthy young adults acquired on a bespoke scanner
(cf. Figs. 6 to 8). Our experiments have demonstrated that the acquisition time can be greatly
reduced for rapid adoption in hospitals. Indeed, a moderate number of diffusion gradients
evenly distributed over two &-shells is sufficient to recover the new biomarkers efficiently, as
shown in Figs. 4 and 5. For example, a diffusion protocol with 30 gradient directions for
each H-value of 1000 and 2500 s/mm? — just twice as many as in standard DTI (Jones et al.,
1999) — does not exceed 5 min of scan time on a today’s clinical MRI scanner when
acquired with a multiband EPI sequence (Setsompop et al., 2012) for whole brain coverage
in 2 mm isotropic resolution. As SMT is computationally very fast, microscopic diffusion
maps can be made available to clinicians shortly after the scan has been finished. In
conclusion, multi-compartment microscopic diffusion imaging has enabled us to reveal key
features of brain microanatomy, such as neurite density, without unwanted side effects due to
fibre crossings and orientation dispersion. The novel technique provides direct sensitivity to
abnormalities in the microscopic tissue structure, as demonstrated in a model of tuberous
sclerosis, and offers unique opportunities for various applications, ranging from clinical
diagnostics to early patient stratification and treatment response assessment in interventional
trials. Moreover, this framework recovers the neurite orientation distribution completely,
which allows us to track crossing fibre pathways and then to quantify neural connectivity in
the individual brain.
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The software is available online at https://ekaden.github.io.
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Appendix A. Extra-neurite water diffusion

In the following we shall compare two different approaches to modelling the diffusion
process in the extra-neurite compartment. Specifically, NODDI (Zhang et al., 2012) assumes
that extra-neurite water is in fast exchange across all axon and dendrite orientations within a
voxel, which is, however, questionable. The microenvironment a diffusing water molecule
covers during the observation time is typically orders of magnitudes smaller than the
dimension of the voxel the measured signal comes from. In more detail, Zhang et al. (2012)

model the extra-neurite diffusion signal ¢5**(4) for a given b-value and gradient direction g
as

es¥t(g)=exp (—bqtﬁemq> D eXt:[ p(w) D (w)dw,
b . . . ’ J g2 ’ (A].)

where p(@) denotes the neurite orientation distribution and

D! (w)=(AJ" — AT )Jww'+AT" I3 the extra-neurite diffusion tensor for a dendrite or axon

ext

with orientation w. A|™ and \** are the parallel and perpendicular diffusivities, respectively.
In plain words, Eq. (A.1) averages the microscopic diffusion tensor over the microdomain
orientation distribution, instead of averaging the microscopic diffusion signal from the
microscopic diffusion tensor as done in SMT-based microscopic diffusion anisotropy
imaging, to obtain the macroscopic diffusion signal at the voxel level.

Furthermore, the fast-exchange approach leads to certain model inconsistencies. Let us
consider a high-resolution image consisting of nequally sized voxels with neurite
orientation distributions p{w) for = 1, ...,n, where all other parameters are the same. The

extra-neurite diffusion signal of voxel /reads ¢§%'(g)=cxp(—bg'D;™ g). If we reduce the
resolution to one big voxel retrospectively, the total signal takes the form

1" e
eg"t(g):—Zea)p <—bgtD,‘L-e * )
Nz (A:2)
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On the other hand, we next measure a low-resolution image with just one voxel. The total
n
neurite orientation distribution is then p(w)=1/nY ___ pi(w)and, according to Eq. (A.1), the
extra-neurite diffusion signal reads
ext ¢ et
e (g)=exp | —bg' | =Y D;" | g,
i (A:3)
which may be rewritten as
n 1/n
ex —=ext
e5 (9)= <H6Ip (—b9'D; g)) :
i=1 (A:4)
It is obvious that in general Egs. (A.2) and (A.4) give rise to different signals, which is
contradictory. For this reason, in addition to the observation that the diffusing water
molecules sense only a small environment in the range of few micrometres which typically
includes merely a fraction of the neurite orientations present in a voxel, we do not assume
the fast-exchange regime for the extra-neurite compartment here.
References

Alexander DC. Maximum entropy spherical deconvolution for diffusion MRI. Proceedings of the 19th
International Conference on Information Processing in Medical Imaging. 2005:76-87.

Alexander DC, Hubbard PL, Hall MG, Moore EA, Ptito M, Parker GJM, Dyrby TB. Orientationally
invariant indices of axon diameter and density from diffusion MRI. Neurolmage. 2010; 52:1374-
1389. [PubMed: 20580932]

Anderson AW. Measurement of fiber orientation distributions using high angular resolution diffusion
imaging. Magn Reson Med. 2005; 54:1194-1206. [PubMed: 16161109]

Andersson JLR, Sotiropoulos SN. An integrated approach to correction for off-resonance effects and
subject movement in diffusion MR imaging. Neurolmage. 2016; 125:1063-1078. [PubMed:
26481672]

Axer H, Axer M, Krings T, Graf von Keyserlingk D. Quantitative estimation of 3-D fiber course in
gross histological sections of the human brain using polarized light. J Neurosci Methods. 2001,
105:121-131. [PubMed: 11275269]

Basser PJ, Mattiello J, Le Bihan D. Estimation of the effective self-diffusion tensor from the NMR spin
echo. J Magn Reson Ser B. 1994; 103:247-254. [PubMed: 8019776]

Behrens TEJ, Johansen-Berg H, Woolrich MW, Smith SM, Wheeler-Kingshott CAM, Boulby PA,
Barker GJ, Sillery EL, Sheehan K, Ciccarelli O, et al. Non-invasive mapping of connections
between human thalamus and cortex using diffusion imaging. Nat Neurosci. 2003a; 6:750-757.
[PubMed: 12808459]

Behrens TEJ, Woolrich MW, Jenkinson M, Johansen-Berg H, Nunes RG, Clare S, Matthews PM,
Brady JM, Smith SM. Characterization and propagation of uncertainty in diffusion-weighted MR
imaging. Magn Reson Med. 2003b; 50:1077-1088. [PubMed: 14587019]

Behrens TEJ, Johansen-Berg H, Jbabdi S, Rushworth MFS, Woolrich MW. Probabilistic diffusion
tractography with multiple fibre orientations: what can we gain? Neurolmage. 2007; 34:144-155.
[PubMed: 17070705]

Bissler JJ, McCormack FX, Young LR, Elwing JM, Chuck G, Leonard JM, Schmithorst VVJ, Laor T,

Brody AS, Bean J, Salisbury S, Franz DN. Sirolimus for angiomyolipoma in tuberous sclerosis
complex or lymphangioleiomyomatosis. N Engl J Med. 2008; 358:140-151. [PubMed: 18184959]

Neuroimage. Author manuscript; available in PMC 2017 August 13.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Kaden et al.

Page 21

Bruggeman DAG. Berechnung verschiedener physikalischer Konstanten von heterogenen Substanzen:
I. Dielektrizitatskonstanten und Leitfahigkeiten der Mischkdrper aus isotropen Substanzen. Ann
Phys. 1935; 24:636-664.

Carson RP, Van Nielen DL, Winzenburger PA, Ess KC. Neuronal and glia abnormalities in Tscl1-
deficient forebrain and partial rescue by rapamycin. Neurobiol Dis. 2012; 45:369-380. [PubMed:
21907282]

Carson RP, Fu C, Winzenburger P, Ess KC. Deletion of Rictor in neural progenitor cells reveals
contributions of MTORC2 signaling to tuberous sclerosis complex. Hum Mol Genet. 2013;
22:140-152. [PubMed: 23049074]

Carson RP, Kelm ND, West KL, Does MD, Fu C, Weaver G, McBrier E, Parker B, Grier MD, Ess KC.
Hypomyelination following deletion of 7sc2in oligodendrocyte precursors. Ann Clin Transl
Neurol. 2015; 2:1041-1054. [PubMed: 26734657]

Caruyer E, Lenglet C, Sapiro G, Deriche R. Design of multishell sampling schemes with uniform
coverage in diffusion MRI. Magn Reson Med. 2013; 69:1534-1540. [PubMed: 23625329]

Crino PB, Nathanson KL, Henske EP. The tuberous sclerosis complex. N Engl J Med. 2006;
355:1345-1356. [PubMed: 17005952]

D’Arceuil HE, Westmoreland S, de Crespigny AJ. An approach to high resolution diffusion tensor
imaging in fixed primate brain. Neurolmage. 2007; 35:553-565. [PubMed: 17292630]

Drobnjak I, Zhang H, lanus A, Kaden E, Alexander DC. PGSE, OGSE, and sensitivity to axon
diameter in diffusion MRI: Insight from a simulation study. Magn Reson Med. 2016; 75:688-700.
[PubMed: 25809657]

Fieremans E, Jensen JH, Helpern JA. White matter characterization with diffusional kurtosis imaging.
Neurolmage. 2011; 58:177-188. [PubMed: 21699989]

Franz DN, Leonard J, Tudor C, Chuck G, Care M, Sethuraman G, Dinopoulos A, Thomas G, Crone
KR. Rapamycin causes regression of astrocytomas in tuberous sclerosis complex. Ann Neurol.
2006; 59:490-498. [PubMed: 16453317]

FreeSurfer. FreeSurfer Software Suite v5.3.0-HCP. Martinos Center for Biomedical Imaging; 2014.
URL: http://surfer.nmr.mgh.harvard.edu

FSL. FMRIB Software Library v5.0.6. University of Oxford; 2012. URL.: http://
www.fmrib.ox.ac.uk/fsl

Glasser MF, Sotiropoulos SN, Wilson JA, Coalson TS, Fischl B, Andersson JL, Xu J, Jbabdi S,
Webster M, Polimeni JR, Van Essen DC, Jenkinson M. The minimal preprocessing pipelines for
the Human Connectome Project. Neurolmage. 2013; 80:105-124. [PubMed: 23668970]

Grebenkov DS. Use, misuse, and abuse of apparent diffusion coefficients. Concepts Magn Reson Part
A. 2010; 36:24-35.

Greve DN, Fischl B. Accurate and robust brain image alignment using boundary-based registration.
Neurolmage. 2009; 48:63-72. [PubMed: 19573611]

Gudbjartsson H, Patz S. The Rician distribution of noisy MRI data. Magn Reson Med. 1995; 34:910-
914. [PubMed: 8598820]

Jansen FE, Braun KPJ, van Nieuwenhuizen O, Huiskamp G, Vincken KL, van Huffelen AC, van der
Grond J. Diffusion-weighted magnetic resonance imaging and identification of the epileptogenic
tuber in patients with tuberous sclerosis. Arch Neurol. 2003; 60:1580-1584. [PubMed: 14623730]

Jelescu 10, Veraart J, Fieremans E, Novikov DS. Degeneracy in model parameter estimation for multi-
compartmental diffusion in neuronal tissue. NMR Biomed. 2016; 29:33-47. [PubMed: 26615981]

Jenkinson M, Bannister P, Brady M, Smith S. Improved optimization for the robust and accurate linear
registration and motion correction of brain images. Neurolmage. 2002; 17:825-841. [PubMed:
12377157]

Jespersen SN, Kroenke CD, @stergaard L, Ackerman JJH, Yablonskiy DA. Modeling dendrite density
from magnetic resonance diffusion measurements. Neurolmage. 2007; 34:1473-1486. [PubMed:
17188901]

Jespersen SN, Bjarkam CR, Nyengaard JR, Chakravarty MM, Hansen B, Vosegaard T, @stergaard L,
Yablonskiy D, Nielsen NC, Vestergaard-Poulsen P. Neurite density from magnetic resonance
diffusion measurements at ultrahigh field: comparison with light microscopy and electron
microscopy. Neurolmage. 2010; 49:205-216. [PubMed: 19732836]

Neuroimage. Author manuscript; available in PMC 2017 August 13.


http://surfer.nmr.mgh.harvard.edu
http://www.fmrib.ox.ac.uk/fsl
http://www.fmrib.ox.ac.uk/fsl

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Kaden et al.

Page 22

Jones DK, Horsfield MA, Simmons A. Optimal strategies for measuring diffusion in anisotropic
systems by magnetic resonance imaging. Magn Reson Med. 1999; 42:515-525. [PubMed:
10467296]

Kaden E, Kruggel F. A reproducing kernel Hilbert space approach for g-ball imaging. IEEE Trans Med
Imaging. 2011; 30:1877-1886. [PubMed: 21609878]

Kaden E, Kruggel F. Nonparametric Bayesian inference of the fiber orientation distribution from
diffusion-weighted MR images. Med Image Anal. 2012; 16:876-888. [PubMed: 22381587]

Kaden E, Kndsche TR, Anwander A. Parametric spherical deconvolution: Inferring anatomical
connectivity using diffusion MR imaging. Neurolmage. 2007; 37:474-488. [PubMed: 17596967]

Kaden E, Anwander A, Kndésche TR. Variational inference of the fiber orientation density using
diffusion MR imaging. Neurolmage. 2008; 42:1366—1380. [PubMed: 18603006]

Kaden E, Kruggel F, Alexander DC. Quantitative mapping of the per-axon diffusion coefficients in
brain white matter. Magn Reson Med. 2016; 75:1752-1763. [PubMed: 25974332]

Kelm ND, West KL, Carson RP, Gochberg DF, Ess KC, Does MD. Evaluation of diffusion kurtosis
imaging in ex vivo hypomyelinated mouse brains. Neurolmage. 2016; 124:612-626. [PubMed:
26400013]

Khan UA, Liu L, Provenzano FA, Berman DE, Profaci CP, Sloan R, Mayeux R, Duff KE, Small SA.
Molecular drivers and cortical spread of lateral entorhinal cortex dysfunction in preclinical
Alzheimer’s disease. Nat Neurosci. 2014; 17:304-311. [PubMed: 24362760]

Krueger DA, Care MM, Holland K, Agricola K, Tudor C, Mangeshkar P, Wilson KA, Byars A,
Sahmoud T, Franz DN. Everolimus for subependymal giant-cell astrocytomas in tuberous
sclerosis. N Engl J Med. 2010; 363:1801-1811. [PubMed: 21047224]

Lu QR, Yuk D, Alberta JA, Zhu Z, Pawlitzky I, Chan J, McMahon AP, Stiles CD, Rowitch DH. Sonic
hedgehog-regulated oligodendrocyte lineage genes encoding bHLH proteins in the mammalian
central nervous system. Neuron. 2000; 25:317-329. [PubMed: 10719888]

MacKay A, Whittal K, Adler J, Li D, Paty D, Graeb D. In vivo visualization of myelin water in brain
by magnetic resonance. Magn Reson Med. 1994; 31:673-677. [PubMed: 8057820]

Makki MI, Chugani DC, Janisse J, Chugani HT. Characteristics of abnormal diffusivity in normal-
appearing white matter investigated with diffusion tensor MR imaging in tuberous sclerosis
complex. Am J Neuroradiol. 2007; 28:1662-1667. [PubMed: 17893226]

Marcotte L, Aronica E, Baybis M, Crino PB. Cytoarchitectural alterations are widespread in cerebral
cortex in tuberous sclerosis complex. Acta Neuropathol. 2012; 123:685-693. [PubMed: 22327361]

Meikle L, Pollizzi K, Egnor A, Kramvis |, Lane H, Sahin M, Kwiatkowski DJ. Response of a neuronal
model of tuberous sclerosis to mammalian target of rapamycin (mTOR) inhibitors: effects on
mTORC1 and Akt signaling lead to improved survival and function. J Neurosci. 2008; 28:5422—
5432. [PubMed: 18495876]

Mikula S, Binding J, Denk W. Staining and embedding the whole mouse brain for electron
microscopy. Nat Methods. 2012; 9:1198-1201. [PubMed: 23085613]

Mills R. Self-diffusion in normal and heavy water in the range 1-45°. J Phys Chem. 1973; 77:685-
688.

Neeman M, Freyer JP, Sillerud LO. A simple method for obtaining cross-term-free images for
diffusion anisotropy studies in NMR microimaging. Magn Reson Med. 1991; 21:138-143.
[PubMed: 1943671]

Niendorf T, Dijkhuizen RM, Norris DG, van Lookeren Campagne M, Nicolay K. Biexponential
diffusion attenuation in various states of brain tissue: Implications for diffusion-weighted imaging.
Magn Reson Med. 1996; 36:847-857. [PubMed: 8946350]

Nieuwenhuys, R., Voogd, J., van Huijzen, C. The Human Central Nervous System. Springer; 2008.

Nilsson M, Létt J, Stahlberg F, van Westen D, Hagslatt H. The importance of axonal undulation in
diffusion MR measurements: a Monte Carlo simulation study. NMR Biomed. 2012; 25:795-805.
[PubMed: 22020832]

Novikov, DS., Fieremans, E. Proceedings of the 20th Annual Meeting of the ISMRM. 2012. Relating
extracellular diffusivity to cell size distribution and packing density as applied to white matter; p.
1829

Neuroimage. Author manuscript; available in PMC 2017 August 13.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Kaden et al.

Page 23

Novikov DS, Jensen JH, Helpern JA, Fieremans E. Revealing mesoscopic structural universality with
diffusion. Proc Natl Acad Sci U S A. 2014; 111:5088-5093. [PubMed: 24706873]

Otsu N. A threshold selection method from gray-level histograms. IEEE Trans Syst Man Cybern.
1979; 9:62-66.

Panagiotaki E, Schneider T, Siow B, Hall MG, Lythgoe MF, Alexander DC. Compartment models of
the diffusion MR signal in brain white matter: a taxonomy and comparison. Neurolmage. 2012;
59:2241-2254. [PubMed: 22001791]

Peters JM, Sahin M, Vogel-Farley VK, Jeste SS, Nelson CA, Gregas MC, Prabhu SP, Scherrer B,
Warfield SK. Loss of white matter microstructural integrity is associated with adverse neurological
outcome in tuberous sclerosis complex. Acad Radiol. 2012; 19:17-25. [PubMed: 22142677]

Roemer PB, Edelstein WA, Hayes CE, Souza SP, Mueller OM. The NMR phased array. Magn Reson
Med. 1990; 16:192-225. [PubMed: 2266841]

Salat DH, Greve DN, Pacheco JL, Quinn BT, Helmer KG, Buckner RL, Fischl B. Regional white
matter volume differences in nondemented aging and Alzheimer’s disease. Neurolmage. 2009;
44:1247-1258. [PubMed: 19027860]

Schmahmann, JD., Pandya, DN. Fiber Pathways of the Brain. Oxford University Press; 2006.

Sen PN, Scala C, Cohen MH. A self-similar model for sedimentary rocks with application to the
dielectric constant of fused glass beads. Geophysics. 1981; 46:781-795.

Setsompop K, Gagoski BA, Polimeni JR, Witzel T, Wedeen VJ, Wald LL. Blipped-controlled aliasing
in parallel imaging for simultaneous multislice echo planer imaging with reduced g-factor penalty.
Magn Reson Med. 2012; 67:1210-1224. [PubMed: 21858868]

Simao G, Raybaud C, Chuang S, Go C, Snead OC, Widjaja E. Diffusion tensor imaging of
commissural and projection white matter in tuberous sclerosis complex and correlation with tuber
load. Am J Neuroradiol. 2010; 31:1273-1277. [PubMed: 20203114]

Smith SM, Nichols TE. Threshold-free cluster enhancement: addressing problems of smoothing,
threshold dependence and localisation in cluster inference. Neurolmage. 2009; 44:83-98.
[PubMed: 18501637]

Sotiropoulos SN, Behrens TEJ, Jbabdi S. Ball and rackets: inferring fiber fanning from diffusion-
weighted MRI. Neurolmage. 2012; 60:1412-1425. [PubMed: 22270351]

Stanisz GJ, Szafer A, Wright GA, Henkelman RM. An analytical model of restricted diffusion in
bovine optic nerve. Magn Reson Med. 1997; 37:103-111. [PubMed: 8978638]

Szafer A, Zhong J, Gore JC. Theoretical model for water diffusion in tissues. Magn Reson Med. 1995;
33:697-712. [PubMed: 7596275]

Tee AR, Fingar DC, Manning BD, Kwiatkowski DJ, Cantley LC, Blenis J. Tuberous sclerosis
complex-1 and -2 gene products function together to inhibit mammalian target of rapamycin
(mTOR)-mediated downstream signaling. Proc Natl Acad Sci U S A. 2002; 99:13571-13576.
[PubMed: 12271141]

Tillema JM, Leach JL, Krueger DA, Franz DN. Everolimus alters white matter diffusion in tuberous
sclerosis complex. Neurology. 2012; 78:526-531. [PubMed: 22262746]

Tournier JD, Calamante F, Gadian DG, Connelly A. Direct estimation of the fiber orientation density
function from diffusion-weighted MRI data using spherical deconvolution. Neurolmage. 2004;
23:1176-1185. [PubMed: 15528117]

Tuch DS, Reese TG, Wiegell MR, Makris N, Belliveau JW, Wedeen VJ. High angular resolution
diffusion imaging reveals intravoxel white matter fiber heterogeneity. Magn Reson Med. 2002;
48:577-582. [PubMed: 12353272]

Van Essen DC, Ugurbil K, Auerbach E, Barch D, Behrens TEJ, Bucholz R, Chang A, Chen L,
Corbetta M, Curtiss S, et al. The Human Connectome Project: a data acquisition perspective.
Neurolmage. 2012; 62:2222-2231. [PubMed: 22366334]

von dem Hagen EAH, Henkelman RM. Orientational diffusion reflects fiber structure within a voxel.
Magn Reson Med. 2002; 48:454-459. [PubMed: 12210909]

Winkler AM, Ridgway GR, Webster MA, Smith SM, Nichols TE. Permutation inference for the
general linear model. Neurolmage. 2014; 92:381-397. [PubMed: 24530839]

Neuroimage. Author manuscript; available in PMC 2017 August 13.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Kaden et al. Page 24

Zhang H, Schneider T, Wheeler-Kingshott CA, Alexander DC. NODDI: practical /n vivo neurite
orientation dispersion and density imaging of the human brain. Neurolmage. 2012; 61:1000-1016.
[PubMed: 22484410]

Zhou Q, Wang S, Anderson DJ. Identification of a novel family of oligodendrocyte lineage-specific
basic helix—loop-helix transcription factors. Neuron. 2000; 25:331-343. [PubMed: 10719889]

Neuroimage. Author manuscript; available in PMC 2017 August 13.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Kaden et al.

Intra-neurite volume fraction

Intrinsic diffusivity [um?/ms]

08

0.6

0.4

0.2

A
e
.
+
<

.

Fig. 1.

Tf?is plot depicts the intra-neurite volume fraction vy (top) and intrinsic diffusivity A for an
example subject, shown for various slices in the axial plane from left to right. The key
feature of these maps is that the confounding effects due to fibre crossings and orientation
dispersion have been factored out. Abbreviations: left (L), right (R).
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Fig. 2.

Tr?e left-hand side maps the transverse microscopic diffusivity of the extra-neurite water
pool, while the extra-neurite microscopic mean diffusivity is shown on the right-hand side.
Both indices provide useful contrast mechanisms for cerebrospinal fluid. The number in the
upper right corner denotes the plane in unscaled MNI152 space.
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Fig. 3.

Estimation accuracy of the intra-neurite volume fraction (top) and intrinsic diffusivity. In the
left column the estimation errors are shown for the acquisition protocol and various signal-
to-noise ratios. The right column depicts box-and-whisker plots (with 1.5 times the
interquartile range) for different numbers of diffusion gradients evenly distributed over three

b-shells. See text for more details about the simulation study.
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Fig. 4.

Sparse gradient sampling for (from top to bottom) 66.7%, 33.3% and 16.7% subsets of
diffusion gradients evenly distributed over three &-shells, here 1000, 2000 and 3000 s/mm?2.
The first two columns depict the intra-neurite volume fraction v, and difference ¢, — v,

while in the last two columns the intrinsic diffusivity A and ratio \ /) are shown. The
reference neurite density index vy and intrinsic water diffusivity A are both estimated from
the full data set (cf. Fig. 1).
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Fig. 5.
Random subsampling analysis for determining the estimation precision of the intra-neurite

volume fraction (top) and intrinsic diffusivity as a function of the total number of diffusion
gradients for different &-shell designs. The box-and-whisker plots (with 1.5-times the
interquartile range) quantify the absolute and relative errors, which are calculated with
respect to the estimates obtained from the full data set.
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Fig. 6.

Tr?is plot displays the population mean of the intra-neurite volume fraction v (top) and
intrinsic diffusivity A over 100 unrelated subjects, shown for various slices in the axial plane
from left to right. These multi-compartment microscopic diffusion maps establish the
normative values of the novel biomarkers for a cohort of healthy young adults.
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Extra-neurite transverse Extra-neurite microscopic
microscopic diffusivity [pm? /ms] mean diffusivity [um?/ms]

Fig. 7.
The left-hand side plots the extra-neurite transverse microscopic diffusivity, while the

microscopic mean diffusivity of the extra-neurite water pool is shown on the right-hand side.
Both parameter maps are voxel-wise averages over a cohort of 100 healthy young adults.
The number in the upper right corner denotes the plane in MNI152 space.
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Fig. 8.

Box-and-whisker plots (with 1.5-times the interquartile range) of the intra-neurite volume
fraction v (left) and intrinsic diffusivity A in various white matter regions for a population
of 100 unrelated subjects. Abbreviations: genu (GCC), midbody (MidCC) and splenium
(SCC) of the corpus callosum, entorhinal (Ent), parahippocampal (PHipC), precuneus
(PCun), cingulate (Cing), insula (Ins) and cerebellum (Cbl) white matter, brain stem (BSt).
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Fig. 9.
The plot depicts the neurite orientation distribution estimated by a reproducing kernel

Hilbert space (RKHS) technique (Kaden et al., 2008; Kaden and Kruggel, 2011). The fibre
orientation field reveals the radiation of the corpus callosum (CC), the corona radiata (CR)
and their crossing, shown in the coronal plane. The underlying map displays the standard
fractional anisotropy. Abbreviations: cingulum (CG), superior longitudinal fasciculus (SLF).
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Orientation dispersion entropy

Fig. 10.
These scalar maps depict a summary statistics of the neurite orientation distribution in native

measurement space, shown for various slices in the axial plane from left to right. The
orientation dispersion entropy is defined as Kullback—Leibler divergence (or relative
entropy) of the fibre orientation distribution with respect to the uniform spherical
distribution as reference measure.
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Fig. 11.

The plot shows the voxelwise difference of the population means between Rictor-deficient
and control mice (top) as well as FWE-corrected p-value maps quantifying the significance
of group differences between 7scZ-deficient and normal mice for the intra-neurite volume
fraction v (right) and intrinsic diffusivity A. The underlying maps in the bottom diagrams
display the control group averages of the respective biomarkers.
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This region-based group analysis depicts the population mean and standard deviation of the
intra-neurite volume fraction vy (right) and intrinsic diffusivity A for four white matter
regions in the midsagittal plane. Significant group differences of Rictor- and TscZ-deficient
mice compared to normal controls are indicated with (*) p<0.05, (**) p<0.01 and (***)
p<0.001. Abbreviations: genu (GCC), midbody (MidCC), splenium (SCC) of the corpus
callosum, anterior commissure (AC).
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Fig. 13.
Statistical analysis of quantitative histology measures, showing the group mean and standard

error of the myelin fraction #ye, myelinated axon fraction with the myelin fraction
excluded 7%y/(1-fyyel) and myelinated axon density pax (from left to right) for control,
Rictorand Tsc2 CKO mice as well as the significance of group differences with respect to
normal controls. Significance codes: (*) p<0.05, (**) p<0.01, (***) p<0.001.
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