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ABSTRACT

Diffusion MRI is a non-invasive technique to study brain microstructure. Differences in the microstructural
properties of tissue, including size and anisotropy, can be represented in the signal if the appropriate method of
acquisition is used. However, to depict the underlying properties, special care must be taken when designing the
acquisition protocol as any changes in the procedure might impact on quantitative measurements. This work
reviews state-of-the-art methods for studying brain microstructure using diffusion MRI and their sensitivity to
microstructural differences and various experimental factors. Microstructural properties of the tissue at a
micrometer scale can be linked to the diffusion signal at a millimeter-scale using modeling. In this paper, we first
give an introduction to diffusion MRI and different encoding schemes. Then, signal representation-based
methods and multi-compartment models are explained briefly. The sensitivity of the diffusion MRI signal to
the microstructural components and the effects of curvedness of axonal trajectories on the diffusion signal are
reviewed. Factors that impact on the quality (accuracy and precision) of derived metrics are then reviewed,
including the impact of random noise, and variations in the acquisition parameters (i.e., number of sampled
signals, b-value and number of acquisition shells). Finally, yet importantly, typical approaches to deal with
experimental factors are depicted, including unbiased measures and harmonization. We conclude the review
with some future directions and recommendations on this topic.

1. Introduction

The classical way of studying microstructural information of tissue is
histology. This method has some limitations; it needs a biopsy, tissue
preparation, the samples are small, and longitudinal measurements of
the same sample are not easy (Gurcan et al., 2009). Diffusion MRI, on the
other hand, can provide information about tissue microstructure
non-invasively (Le Bihan et al., 1988). The advantages of the technique
compared to histology are that it does not need a biopsy or tissue
preparation, is a non-invasive technique, and is easy to run repeated
measurements (Basser et al., 1994b; Le Bihan, 2003; Jones, 2010). The
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imaging field-of-view can be large enough to cover the whole organ
instead of imaging only a small sample of the tissue. The data acquisition
is faster than analysis of histology sections (Alexander et al., 2019).
Histological studies have provided a lot of knowledge about brain
microstructure and connectivity (Braak and Braak, 1995). The very first
works in this area began with post-mortem tissue (Schulz et al., 1980).
The non-invasive nature of diffusion MRI makes it feasible to study brain
microstructure in healthy volunteers as well as patients (van Gelderen
et al., 1994; Fazekas et al., 1987; Shenton et al., 1992). The acquisition
of data on a population is possible and therefore group analysis studies
are feasible (Afzali et al., 2011). It is also possible to make repeated
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measurements in the study of brain development or ex-vivo studies
(Roebroeck et al., 2019) and in pathological disorders, preventing the
risk and side-effects of the biopsy (Kreth et al., 2001). The study of the
whole organ is possible preventing the false-negative effect due to
sampling the wrong part of the tissue.

The level of anatomical detail in histology studies is much higher
than in microstructure imaging techniques. The submicron resolution in
histology/electron microscopy provides insight into the cellular struc-
ture of the tissue while the millimeter resolution of diffusion MRI pro-
vides statistical descriptions of the tissue. In some cancer studies,
information at the cellular level is useful while in some other biomedical
applications, being able to detect statistical changes in the tissue is
useful (Mouras et al., 2010). For example, the size distribution of axons
in white matter determines the conduction velocity (Drakesmith et al.,
2019). Different shapes and configurations of the cells can indicate the
type of tumor (Kauppinen, 2002).

Diffusion MRI provides a tool to study brain tissue based on the
Brownian motion of water molecules (Tanner, 1979; Le Bihan et al.,
1988) and it is therefore sensitive to differences in the microstructure of
the tissue (Callaghan et al., 1988; Basser et al., 1994b; Jones, 2010). In
this technique, the images are acquired with different number of di-
rections, b-values, b-tensor encoding schemes (Callaghan et al., 1988;
Basser et al., 1994b; Jones, 2010; Westin et al., 2016). Then a model is
fitted to the signal and a set of parameters can be obtained for each voxel
in the image—either for signal representations (e.g. DT-MRI) (Basser
et al., 1994b) or modelling (Stanisz et al., 1997). These parameters are
related to the microstructural properties of the tissue. Diffusion MRI
sensitizes the signal to the random motion of the water molecules in a
diffusion time from millisecond up to one second. At room or body
temperature, the mean displacement due to motion over this time-scale
is at the scale of the micrometer, which is the cellular scale. Therefore
the cellular structure of the tissue directly affects the motion of the water
molecules, so diffusion MRI is a useful tool to study the tissue
microstructure.

Diffusion MRI has found a lot of applications in biomedical imaging
in recent years. This work reviews the sensitivity of the diffusion signal
to the microstructure of the underlying tissue and the experimental
factors. Therefore, we focus on signal representation techniques as well
as biophysical modeling (Novikov et al., 2019). In this review, we will
explain how the signal is sensitive to the underlying microstructure and
how it can be misinterpreted in the presence of noise and various
experimental factors. In Section 2 we explain brain microstructure
briefly. In Section 3 we provide some background information about the
diffusion MRI signal and different encoding schemes. In Section 4 we
focus on diffusion signal representation-based methods and then in
Section 5 we introduce multi-compartment models, the sensitivity of the
signal to the axon diameter, size distribution, and curvedness of neural
trajectories.  Furthermore, we present the limitations of
multi-compartment models and present the inherent effects of model
fitting procedures. Next, in Section 6, we explain the effect of noise and
present typical experimental factors that might affect diffusion MRI
studies. Finally, in the last section, we conclude the review and give
some hints and tips for future directions.

2. Brain microstructure

The brain contains neurons and glial cells and has three main parts;
white matter (WM), gray matter (GM), and cerebrospinal fluid (CSF).
The gray matter includes cell bodies and dendrites. White matter is
mainly composed of densely packed axons that emerge from the soma in
the GM. Glial cells are also present in the WM (Buzsaki et al., 2013). The
diameter of dendrites is around 0.2-3 pm. The structure of the dendritic
branches depends on the type of neuron (Fiala et al., 2007). A few
dendrites (less than five) emerge directly from the soma. In the cerebral
cortex the branches of the dendritic tree are isotropically distributed
while in other regions such as the hippocampus, they are anisotropic
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(Zagout and Kaindl, 2016). The length of axons in the human brain
changes from a few millimeters in intra-cortical connections to around 1
meter in the corticospinal pathway (Schiiz and Braitenberg, 2002). In
the WM the axon diameter ranges from 0.1 to 10 pm (Aboitiz et al.,
1992; LaMantia and Rakic, 1990; Ong et al., 2008; Waxman and Ben-
nett, 1972; Drakesmith et al., 2019). The axon diameter distribution
(ADD) is different in different species (Innocenti et al., 2014, 2016;
Caminiti et al., 2009). When modeling axon diameters, a gamma dis-
tribution is normally assumed for this distribution (Sepehrband et al.,
2016a; Assaf et al., 2008) though alternative distributions have been
considered based on optimal information flow subject to relevant con-
straints (Pajevic and Basser, 2013). The mean of the ADD containing the
myelinated axons is around 0.5-0.8 pm. Most of the diffusion-based
ADD measurements, to date, have been made in the mid-sagittal
corpus callosum (CC). The reason is that the fibers in the callosum are
most co-aligned and this makes the orientation known and reduces the
complexity of the modeling. The mid-body has a larger mean ADD than
the genu, the smallest ADD in CC is observed in splenium (Aboitiz et al.,
1992; LaMantia and Rakic, 1990; Caminiti et al., 2009; Riise and Pak-
kenberg, 2011). In mammals, the brain connection through the
mid-body has larger axons (Caminiti et al., 2009).

The myelin contains 80% lipids and 20% proteins with 10 nm
thickness wrapping the axons. The myelin divides into segments, the
spaces between the segments are the nodes of Ranvier. The length of
segments is around 0.2-2 mm (Rushton, 1951) while the length of nodes
is 1-2 pm (Salzer, 1997). The myelin increases the conduction velocity
(Waxman and Bennett, 1972; Rushton, 1951). The inner diameter of the
myelinated axon to the outer diameter of the myelinated axon is called
g-ratio and in normal CNS it is around 0.7 (Smith and Koles, 1970). In
the CC most of the axons are myelinated. In the genu, the amount of
unmyelinated axons is around 16-20% (Aboitiz et al., 1992; LaMantia
and Rakic, 1990). The central nervous system contains glial cells. In
human adult, the glial cells fall into three categories: 76.6 % oligoden-
drocytes, 17.3% astrocytes, and 6.5% microglia in number (Pelvig et al.,
2008; Salvesen et al., 2017). Oligodendrocytes create the myelin sheaths
around axons (Baumann and Pham-Dinh, 2001). Astrocytes have somas
with a diameter around 10 pm which generates a star-shaped structure.
They are responsible for tissue repair and balancing the amount of
extracellular ions (Ding et al., 2016). Microglia provide the first reaction
after an injury (see Gehrmann et al., 1995) and their soma is approxi-
mately 10 pm in diameter.

In the white matter, there are intra-axonal and extra-cellular spaces.
The intra-axonal space is the space-separated by the membrane of axons.
In axons, filaments preserve the shape and organization of axons and
provide support for the intra-axonal transportation system. Microtu-
bules are part of the cytoskeleton and they aid in transportation. The
diameter of the microtubules is around 25 nm. The density of microtu-
bules is related to the axon diameter (Fadic et al., 1985).

In addition to intra-axonal space, there is also extra-cellular space
that surrounds cells, axons, and dendrites. The amount of extracellular
volume fraction in the non-human brain is reported as 15-35% using
invasive microscopy (Sykova and Nicholson, 2008). But the shrinkage
effect of this microscopy has been reported as 1-65% (Aboitiz et al.,
1992; LaMantia and Rakic, 1990; Riise and Pakkenberg, 2011; Houzel
et al., 1994).

The images acquired using diffusion MRI are at the scale of mm while
the features that we are interested in such as anisotropy, cell size, and
axon diameter are at the scale of the micrometer. Each voxel may
contain hundreds of thousands of axons that may bend, fan, or cross
which makes the modeling of the geometry of the axons complicated.

3. Different acquisition schemes
Time-varying magnetic field gradients are incorporated into MR

pulse sequences for encoding diffusion. The most commonly used
scheme was introduced by Stejskal and Tanner (1965), which employs a
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(a) The pulsed gradient spin-echo sequence with gradient amplitude G, pulse duration §, distance
pulses A which determines the diffusion time, echo time (TE) and radio-frequency (RF) pulses 90°

between two
and 180°.

Double diffusion encoding sequence (DDE)

RF 90° RF 180°

RF signal
£ £

Gradient Cfl ?2 _
e = g
TR

Time ) ) ) -

0 TE/2 TE

(b) Double diffusion encoding sequence with gradient amplitudes G1 and G2, pulse durations §; and 2, distances

between pulses A; and Az, and separation time 7.
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(¢) Oscillating diffusion encoding diffusion sequence with gradient amplitude G, pulse duration § /N with N being
the number of half periods, and distance between two oscillating gradient waveforms A.

Fig. 1. Diffusion acqusition schemes: (a) pulsed gradient spin-echo (PGSE), double diffusion encoding sequence (DDE) and oscillating diffusion encoding (ODE). For

more details about diffusion MRI sequences see Table 1 and Section 3.

pair of pulsed magnetic field gradients around the 180° radiofrequency
pulse in a spin-echo measurement as illustrated in Fig. 1a. We adopt the
nomenclature in Shemesh et al. (2016) and refer to such a Pulsed
Gradient Spin Echo (PGSE) sequence by single diffusion encoding (SDE).
It should be noted, however, that the method can be incorporated into
sequences other than spin-echo based ones. Since its introduction
(Stejskal and Tanner, 1965), there have been different works aimed at
maximizing the information that can be obtained from a dMRI experi-
ment by exploring different acquisition protocols (Jones, 2004; Alex-
ander, 2008; Alexander et al., 2019).

In SDE, the MR signal is sensitized to diffusion using a pair of
gradient pulses that encode the position of the spins along the axis
defined by the diffusion gradients. In this sequence, the magnetic field
gradient is applied in the direction g where the pulse duration is 6 and
the time between the leading edges of the two pulses is A which de-
termines the diffusion time (see Fig. 1a). The diffusion of water mole-
cules between and during the pulses attenuates the signal. This
attenuation increases when the molecules have a larger displacement
between the two pulses.

For free diffusion, the diffusion coefficient can be estimated directly
from the signal attenuation based on §, A, and gradient strength. In

restricted diffusion, however, the displacement is limited and the signal
attenuation is smaller than that for free diffusion. The signal attenuation
in a restricted medium depends on the size and shape of the pore as well
as the parameters of the sequence such as 6, A, and G (gradient strength).
By varying the experimental parameters one attempts to obtain the
geometric features of the pore (Assaf et al., 2000; Stanisz et al., 1997;
Aslund et al., 2009). These parameters are typically collapsed into the
so-called the b-value. The b-value determines the diffusion weighting of
a sequence and for SDE is given by b =y?5°G*(A — 5/3) (Stejskal and
Tanner, 1965), where y is the gyromagnetic ratio. The ramp time of the
pulse is neglected here. For free diffusion, the b-value is sufficient to
determine the signal attenuation, which is not sensitive to changes in the
timing parameters of the signal as long as they generate the same
b-value. For free diffusion, the signal exhibits a monoexponential decay
according to

S(b) = S(0)exp( — bD), €))
where D is the (scalar) diffusion coefficient. In the presence of restricted
diffusion, the signal attenuation depends on the timing parameters of the
sequence even though they might provide the same b-value.

Some other types of SDE can provide some practical benefits. For
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Fig. 2. The free gradient waveforms g(t) = gx(t),gy(t),gz(t)] of the linear, planar, and spherical tensor encoding. For more details about the gradient waveforms see

Section 3.

example, using asymmetric gradients or twice-refocused spin-echo se-
quences can reduce the effect of eddy currents (Reese et al., 2003; Fin-
sterbusch, 2009a). Using pulsed-gradient stimulated-echo sequences
(PGStE) (Callaghan, 1991) provides longer diffusion times compared to
the pulsed gradient spin-echo (PGSE) sequence at the cost of half the
signal-to-noise ratio (SNR). In PGSE, the minimum echo time (TE), and
therefore minimum T,-signal loss, is dictated by the diffusion time and
the duration of the gradients. PGSE contains a 90° and a 180°
radio-frequency pulse while PGStE has three 90° pulses to excite, store
and recall the magnetization (Tanner, 1970; Merboldt et al., 1985). In
PGStE, only T relaxation occurs between the second and the third 90°
pulses, which is typically slower than the Ty relaxation that attenuates
the PGSE signal. Therefore, PGStE can provide a larger signal amplitude
at a longer diffusion time. The limitation of PGStE is that half of the SNR
is lost in the storage and recall process (Callaghan, 1991; Schick, 1998).
Therefore, PGStE is preferred over PGSE when long diffusion times are
desired (Ozarslan et al., 2012) and for tissue in which the Ty is relatively
short (e.g., muscle). Another type of SDE employs gradient pulses of
different durations, providing sensitivity to the pore shape (Laun et al.,
2011).

In addition to the size and shape of the cells, other properties such as
exchange, intra-voxel incoherent motion (IVIM), and fiber density are
among the quantities and phenomena that influence the signal. Each
voxel may contain several compartments, including cell bodies, intra-
axonal and extra-cellular spaces, and glial cells. Using multi-shell ac-
quisitions, one may be able to extract the anisotropy and density of
different compartments (Kaden et al., 2007; Jespersen et al., 2007). The
size of the compartments can be estimated by changing the diffusion
time in SDE acquisitions (Callaghan, 1993; Packer and Rees, 1972).
Compared to full restriction, if there is an exchange between compart-
ments, the signal attenuation increases with increasing diffusion time. In
practice, an increase in the restriction size has a similar effect as ex-
change and therefore it is not easy to disentangle them from each other
using SDE (Nilsson et al., 2010). For low b-values, the SDE signal con-
tains the effect of perfusion (IVIM) (Le Bihan et al., 1988).

Another useful sequence is Double Diffusion Encoding (DDE) which
contains two pairs of pulsed-field gradients that are separated from each
other with a mixing time 7 (see Fig. 1b) (Cory et al., 1990; Callaghan,
2011). An alternative realization to this sequence involves overlapping
the two pulses in the middle to realize short 7 values when narrow pulses
are not feasible (Ozarslan and Basser, 2008). It has been shown that
DDE, as well as other multiple encoding schemes (Ozarslan and Basser,
2007; Finsterbusch, 2009b; Avram et al., 2013) such as Triple Diffusion
Encoding (TDE) (Topgaard, 2017; Ramanna et al., 2020), provide in-
formation that is not accessible with single diffusion encoding (Mitra,
1995; Cheng and Cory, 1999; Ozarslan and Basser, 2007). This approach
has been utilized by several groups for extracting microstructural in-
formation (Ozarslan et al., 2009b; Jespersen et al., 2013; Benjamini
et al., 2014; Ianus et al., 2016; Yang et al., 2018; Coelho et al., 2019).
Varying the relative gradient directions of the two SDE blocks, one is

able to estimate microscopic diffusion anisotropy (Cheng and Cory,
1999; Ozarslan, 2009; Finsterbusch, 2011; Jespersen et al., 2013; She-
mesh, Ozarslan et al., 2010a) whereas varying the gradients’ strengths
while keeping them orthogonal to each other reveals compartmental
kurtosis (Paulsen et al., 2015). In order to estimate exchange, e.g.
through the membrane between extra-cellular and intra-cellular spaces,
parallel gradients with variable mixing time can be used (Furo and
Dvinskikh, 2002; Aslund et al., 2009; Lasic¢ et al., 2011; Sgnderby et al.,
2012; Nilsson et al., 2013; Ning et al., 2018). In this experiment, the first
pair of pulsed-field gradients differentially attenuates the signals in the
two compartments, assuming that their diffusivities are different and
this gradually returns to equilibrium. To measure exchange, the mixing
time is increased gradually and the second block of gradients is used to
monitor this equilibrium. Another application of DDE is the estimation
of compartment size using parallel and antiparallel gradients with a
short mixing time (Koch and Finsterbusch, 2008; Finsterbusch, 2011).

Oscillating diffusion encoding (ODE) can be achieved by changing
the single pulsed gradient on either side of the 180° RF pulse to a series
of pulsed gradients having the oscillating form (see Fig. 1c) (Callaghan
and Stepisnik, 1995). Estimation of the diffusivity in small compart-
ments needs short diffusion times using SDE, this limits the b-value that
can be achieved and therefore decreases the sensitivity to microscopic
features. By repeating multiple pulses in ODE, one can maintain a high
b-value at short diffusion times. This improves the sensitivity to diffusion
coefficients in small pores and therefore the feasibility of estimating
small pore sizes (Gore et al., 2010; Xu et al., 2014). The ODE is useful for
the estimation of axon diameters in the presence of orientation disper-
sion because it provides a low signal from free diffusion along the cyl-
inder axis and retains sensitivity to the size (Drobnjak et al., 2016;
Nilsson et al., 2017).

Although SDE, DDE, and ODE are the most common gradient
waveforms there is no reason to limit the shape of the gradient to a
rectangular/trapezoidal waveform. Having free gradient waveforms
may be more useful than the trapezoidal ones (Drobnjak and Alexander,
2011; Drobnjak et al., 2010). One example is double oscillating diffusion
encoding (DODE), which can enhance the estimation of size and shape
(lanus et al., 2017; Ianus et al., 2018). Another category is multiple
diffusion encoding to disentangle microscopic anisotropy from isotropic
diffusion, which is not feasible using SDE alone (Mitra, 1995). A
framework called g-space trajectory imaging (QTI) was recently intro-
duced by Westin et al. (2016) to probe tissue using different gradient
waveforms. The traditional, pulsed field gradient sequences attempt to
probe a point in g-space but in q-space trajectory encoding, time-varying
gradients are used to probe a trajectory in g-space. By employing a
diffusion tensor distribution model (Jian et al., 2007), the QTI frame-
work provides some microstructural information that is not available in
traditional pulsed gradient encoding proposed by Stejskal and Tanner.
In multi-dimensional diffusion MRI, the b-matrix is defined as an
axisymmetric second order tensor (Topgaard, 2017)
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where I is the identity matrix, g is the diffusion gradient direction and
the b-value, b, is defined as the trace of the b-matrix. The eigenvalues of
the b-matrix are b, b(f) and b(f) where b(f) = b(f) =b, and by is the
largest. by is defined as by = (b —b,)/(b;+2b,). In this framework,
SDE and ODE are just special realizations of linear tensor encoding (LTE;
Fig. 2) where the b-tensor has only one non-zero eigenvalue as all gra-
dients are in the same orientations. DDE is a special case of planar tensor
encoding (PTE; Fig. 2) as all gradients line on a plane and the b-tensor
has two non-zero eigenvalues. In spherical tensor encoding (STE; Fig. 2)
the gradients may point in all directions giving rise to a rank-3 b-matrix.
Changing ba, we can generate different types of b-tensor encoding. For
LTE, PTE, and STE, by =1, — 1/2, and O respectively (see Topgaard,
2017).

In Table 1 we summarize diffusion encoding schemes aforemen-
tioned in this section and provide the information they reveal.

4. Signal representations

Most diffusion MRI based analysis of microstructure falls into two
categories: a model of the signal to compute quantitative physical
properties of the diffusion and representations of the tissue to acquire
tissue-specific metrics. Techniques based on the representation of the
signal focus on delineating the diffusion signal attenuation without
explicitly considering the underlying tissues that create this attenuation
(Basser et al., 1994b; Descoteaux et al., 2011; Jensen et al., 2005; Merlet
and Deriche, 2013; Ozarslan et al., 2013; Tournier et al., 2011; Ning
etal., 2015b; Fick et al., 2016). The most widely used, DT-MRI, employs

Table 1
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a tensor to characterize the Gaussian distribution of displacements and
MRI signal decay (Basser et al., 1994b,a). DT-MRI (Basser et al., 1994b)
has been widely used to determine anisotropy in the tissue in vivo. The
microstructure of the tissue can be used to determine the effect of aging
(Abe et al., 2002), mild traumatic brain injury (Shenton et al., 2012), or
some diseases of the central nervous system such as schizophrenia and
Alzheimer’s disease (Kubicki et al., 2007; Alexander et al., 2019) or even
in the preoperative evaluation of tumor grade (Inoue et al., 2005).
DT-MRI can provide noninvasive markers of tissue state (Pierpaoli and
Basser, 1996) and also can map anatomical connections between
different regions of the brain (Mori et al., 1999; Conturo et al., 1999;
Basser et al., 2000).

DT-MRI is obtained when the Maclaurin series representation of the
natural logarithm of the MR signal is terminated after the first term.
Such an expansion is sometimes referred to as the cumulant expansion as
the coefficients of different terms correspond to the cumulants of the net
displacement distribution (Liu et al., 2004). While the first term, hence
the diffusion tensor, is related to the covariance (Basser, 2002), the next
term in the series contains the kurtosis of this distribution. Diffusion
Kurtosis Imaging (DKI) is obtained when the kurtosis term in addition to
the covariance term is preserved in the expansion (Jensen et al., 2005).
Doing so extends the validity of the representation towards larger
b-values. More importantly, a measure of Generalized Kurtosis is pro-
vided, which is a 3-dimensional equivalent of the 1-dimensional kurtosis
measure used in the DKI literature. However, complex white matter
structures such as fiber crossing, bending and branching can obscure the
true kurtosis measurements. There are some researches that extend DKI
in microstructural environments with orientation heterogeneity
(Ankele, 2019; Huynh et al., 2019b; Ankele and Schultz, 2015) and show

Summary of diffusion encoding schemes and information they reveal. Each gradient waveform can be incorporated into spin echo or stimulated echo sequences where
the latter is preferred for long diffusion times particularly for species in which Tj is relatively short (e.g., muscle) (Callaghan, 1991).

Encoding Sequence  Applications Advantages Disadvantages Reference
Single SDE Measuring free and restricted diffusion Easy to implement Non-optimized in (Stejskal and Tanner, 1965; Huynh
measuring some et al., 2020; Kaden et al., 2016a)
microstructural
features of the tissue
Ensemble average propagator (Karger and Heink, 1983)
Diffraction-like features (Callaghan et al., 1991)
Modeling anisotropic diffusion, Diffusion tensor (Basser et al., 1994b)
imaging
Fiber-tract mapping (Mori et al., 1999)
Mapping Connectomes (Sotiropoulos and Zalesky, 2019)
Neurosurgery, Neuro-oncology (Panesar et al., 2019; Potgieser et al.,
2014)
ODE Diffusivity in small compartments, axon diameter (Callaghan and Stepisnik, 1995)
Double DDE Microscopic diffusion anisotropy (Cory et al., 1990; Cheng and Cory,
1999)
Compartment size and disambiguation of free and Sensitive to microscopic Long acquisition (Mitra, 1995)
restricted diffusion anisotropy time and long TE
compared to SDE
Exchange between different compartments (Callaghan et al., 2003)
Compartmental kurtosis (Paulsen et al., 2015)
DODE Enhances the estimation of size and shape (lanus et al., 2017)
Multiple MDE Isotropic (spherical tensor) encoding for direct Sensitive to microscopic Long acquisition (Mori and van Zijl, 1995)
measurement of the trace of the diffusion tensor anisotropy time
Same as DDE with potential advantages (Ozarslan and Basser, 2007;
Finsterbusch, 2009b; Topgaard, 2017)
Free QTI Microscopic and macroscopic diffusion anisotropy, Short echo time compared Complicated (Westin et al., 2016)
waveform size variance, orientational coherence to DDE and MDE gradient waveforms,

long TE compared to
SDE, diffusion time is
ill-defined in time
domain, needs
spectrally matched
waveforms for
comparison (Lundell
et al., 2019)

Acronyms: SDE - single diffusion encoding, ODE - oscillating diffusion encoding, DDE — double diffusion encoding, DODE - double oscillating diffusion encoding,
MDE - multiple diffusion encoding, QTI — g-space trajectory imaging, TE — echo time.
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Fig. 3. MAP-MRI indices of an HCP WuMinn data with b=1000, 2000,, and 3000 s/mm?. RTOP — return-to-the-origin probability, RTAP — return-to-the-axis

probability, RTPP - return-to-the-plane probability, NG — non-Gaussianity.

significantly higher consistency in quantifying microstructure than the
conventional DKI in the presence of orientation heterogeneity. Recent
works are available on modeling the effects of diffusion in curving
structures (Karayumak et al., 2018; Bastiani et al., 2017; Wu et al., 2020;
Lee et al., 2020). Diffusion measurements are antipodally symmetric
which means the probabilities of displacement along x and —x are equal,
while the distribution of fiber orientations within a voxel is not sym-
metric in general (Karayumak et al., 2018). Different sub-voxel patterns
such as crossing, fanning, and bending, cannot be distinguished if a
voxel-wise model is fitted to the signal. Therefore, the spatial informa-
tion from the neighboring voxels should be considered (Bastiani et al.,
2017; Wu et al., 2020)

4.1. From g-space to MAP-MRI

The reciprocity of the Fourier Transform (FT) between the ensemble
average propagator and g-space (Callaghan et al., 1988) provides
another way to characterise diffusion without explicit models. This
property is directly used in Diffusion Spectrum Imaging (DSI), which has
been employed for mapping complex fiber architectures in tissues by
sampling the g-space data in a Cartesian grid and performing a Fourier
transform of the measured signal’s modulus (Wedeen et al., 2005).

A recently proposed signal-based framework called Mean Apparent
Propagator (MAP)-MRI uses a series of basis functions to fit the three-
dimensional g-space signal and transform it into diffusion propagators
(Ozarslan et al., 2013). By efficiently computing the probability density
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Fig. 4. Comparison of quantitative measures derived from DT-MRI and confinement models when applied to the signal from the whole voxel (see Section 4.2). For
the new model, the direction-encoded color map was computed by color-coding the direction of the eigenvector of the stiffness tensor associated with its smallest
eigenvalue. In the color-coded map, red, green, and blue represent fibers running along the right-left, anterior-posterior, and superior-inferior axes, respectively.

function (PDF) of spin displacements and deriving various metrics from
this PDF that accounts for the non-Gaussianity of diffusion, MAP-MRI
provides richer information compared to DT-MRI (Avram et al., 2016;
Ma et al., 2020).

MAP-MRI represents the diffusion signal E(q) in 3D g-space and its
Fourier transform, mean apparent propagator,

P(r) = /:JE(q)exp( — i27[qTr)dq 3)

as a linear combination of some basis functions. For each voxel, a local
anatomical reference frame is determined such that the diffusion tensor
D is diagonalized. Setting

ERS)

u

(=]

A =2R"DRy, = @

o 8, o

0
0

BaS

where RT is a rotation matrix that diagonalizes the diffusion tensor and
Uy, Uy, and u, are scaling factors in the local frame of reference deter-
mined by the diffusion time t; and the eigenvalues Akj of D as uﬁ = 2ty
(Ozarslan et al., 2013). Using a complete set of orthogonal Hermi-
te-Gaussian basis functions, the diffusion signal E(q) and the propagator
P(r) can be represented as

E@ =¢"a < Pr)=y"a, ®)

where we use column vector notations a(A), ¢(A, q), and w(A, r) to
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represent the series coefficients ap,n,n, and corresponding 3D MAP-MRI
basis functions in g-space

¢n|nzn; (A7 q) = ¢n, (MM qx)‘l]nz (M_W q,\‘)d)n; (u:7 qz) (6)
and equivalently in displacement r-space domain
Vo, (A1) = W, (e, ), (1, Y)W, (1, 2). )

The basis functions (6) and (7) are defined by indices n;, ny, ng with
n; + ny + n3 = N representing the total order in the expansion (truncated
at Npmay). The relation between dimensional basis functions ¢n(u,q) and
ywn(u, x) is given by

i (27 u)?
¢n(u7 f]) = \/27;1"€XP< - 2 )Hn(zﬂq u)

(®

FT 1

1 X X
= —— |H,(-),
) = e <2 ) ().

where H,(x) is the nth order Hermite polynomial. The propagator and
diffusion signal are symmetric and real, therefore, there are (Npax + 2)
(Nmax + 4)(2Nmax + 3)/24 coefficients (see Avram et al., 2016). The
propagator and diffusion signal can be represented by the same co-
efficients and different basis functions, which are FT couples. Therefore,
it is easy to impose physical constraints like symmetry, non-negativity,
and normalization of the propagator when fitting the data (Ozarslan
et al., 2013; Haije et al., 2020). Analytical descriptors of the propagator
can be obtained from MAP-MRI coefficients. For example,
return-to-origin  probability (RTOP) which is one type of
zero-displacement probability (ZDP) can be computed from MAP-MRI
coefficients. This index has been suggested as an indicator for
restricted diffusion (Wu and Alexander, 2007; Ozarslan et al., 2013).
Similarly, the deviation from Gaussian diffusion is represented by the
non-Gaussianity (NG) index (Ozarslan et al., 2013), which is related to
the non-Gaussian terms in the MAP-MRI expansion. Rathi et al. (2013)
and Ning et al. (2015b) also provided analytical formulations to estimate
measures such as RTOP and RTAP. Their method is robust to noise but
the number of fibers must be known a priori.

The MAP basis functions are separable along three dimensions;
therefore, the propagator matrices can be decomposed along the axes
and planes of the diagonalized diffusion tensor. For example, the pres-
ence of restrictive barriers in the radial and axial orientation can be
represented by the return-to-axis and return-to-plane probabilities
(RTAP and RTPP, respectively). Heterogeneous diffusion in the radial
and axial direction is reflected by the parallel and perpendicular non-
Gaussianity (NG) indices (NG, and NG, respectively). These scalar
parameters encode directional information for characterizing diffusion
in anisotropic tissues, similar to the diffusivities in the DT-MRI, and
could provide WM biomarkers for axonal loss or demyelination. Fig. 3
shows an example of MAP-MRI indices (RTOP, RTAP, RTPP, NG, NG,
and NG ) on a single slice of Human Connectome Project (HCP) data.

4.2. Confinement model

DT-MRI is based on the assumption that diffusion is free. There are
several ramifications and manifestations of this assumption: (i) DT-MRI
does not account for multiple fiber orientations within the voxel; (ii) the
signal decay implied by DT-MRI is purely monoexponential, so it does
not address the upward curvature of the semi-logarithmic signal vs. b-
value plots (Pfeuffer et al., 2000); and (iii) the particular dependence of
the signal on the timing parameters of the SDE sequence (5 and A) is
substantially different than implied in more realistic scenarios. Indeed,
the time-dependence of the MR signal in a homogeneous tissue (Latour
et al., 1994) and biophysical studies suggest the presence of restricted
diffusion within cells (Beaulieu and Allen, 1994). There are many
methods developed over the years to address the first two shortcomings.
For example, DT-MRI’s limitation in determining fiber crossings has
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been addressed by using multi-compartment models with different
diffusion tensors for each compartment (Inglis et al., 2001; Tuch et al.,
2002). However, the third issue has received less attention. The
confinement model was developed to address this deficiency (Yolcu
et al., 2016).

In the confinement model, the particles diffuse under the influence of
a Hookean restoring force (Uhlenbeck and Ornstein, 1930), which
constrains the distances the particles can travel. Thus, the diffusion
characteristics exhibit features of restricted diffusion. In fact, in several
MR studies, the model was employed due to its relative simplicity
(Stejskal, 1965; Le Doussal and Sen, 1992; Mitra and Halperin, 1995).
Recent work suggests that the confinement model is more than just a
simplified approximate model, it is the effective model of restricted diffu-
sion under diffusion acquisition scenarios highly relevant to clinical
imaging (Ozarslan et al., 2017). Its generalization to three-dimensions
(Yolcu et al., 2016) is thus a viable alternative to DT-MRI at low diffu-
sion weightings.

The confinement model (Yolcu et al., 2016) is similar to the diffusion
tensor representation in spirit. However, taking confinement into ac-
count, one can model the time dependence of the diffusion signal which
is similar to that for restricted diffusion (Yolcu et al., 2016). The
confinement model employs a harmonic confinement instead of direct
restricted diffusion, which can encode full anisotropy. For example, the
restricted diffusion model of a capped cylinder (Ozarslan, 2009) has two
length parameters due to its transverse isotropy while the confinement
model has three distinct size parameters just like the diffusion tensor
model. Moreover, it is possible, though sometimes tedious, to obtain
analytical expressions of the signal intensity for general gradient
waveforms. As an example, the normalized signal for the SDE experi-
ments is given by

S = exp(—G"AG) ©)
with

A = —DpP*Q7[(1 — exp(—QA)) (1 — exp(—Q5)) exp(Q5) (10)
—(1 — exp(—2Q5))exp(Q85) + 2965 |

Here Q = pDf, where = (kgT)~! with kg the Boltzmann constant and T
the temperature, f is the tensorial spring constant, D is the diffusion
coefficient, and G is the magnetic field gradient vector. It should be
noted that D is the bulk diffusivity, hence it is not affected by the
characteristics of the restricting geometry. Thus, when the stiffness
tensor goes to 0, one obtains the expression given by Eq. (1) as expected.
The confinement model is ideally suited to representing the signal for
each restricted subdomain of a heterogeneous medium (Yolcu et al.,
2016, 2019) in a multi-compartment model (see Section 5.1). However,
it was also employed to represent the signal from the whole voxel in a
way similar to how DT-MRI is employed. Afzali et al. (2015) have shown
the feasibility of this model on in vivo brain images while (Zucchelli
etal., 2016) have reported improved performance when applied on data
with varied timing parameters. Fig. 4 shows the comparison between the
diffusion tensor and confinement tensor indices as an example on a
single slice of Human Connectome Project (HCP) data (McNab et al.,
2013). In Fig. 4, we illustrate the trace, FA, and direction-encoded color
(DEC) maps for DT-MRI (left) and the confinement (right) models. In
general, one expects a negative image in trace(A) maps as regions with
large diffusivity should correspond to springs with small stiffness values.
Such behavior is indeed observed in the trace maps. The most visible
difference is the presence of hyperintense regions in the trace(A) map
scattered within the white matter areas. The FA maps contain the same
information for the most part. The DEC maps are also similar when the
eigenvector corresponding to the smallest eigenvalue of A is used. The
FA map from the confinement model seems to be noisy, especially in the
ventricle. The structure in this region is simpler and more homogeneous
than other regions, thus, a noisy FA map is not expected. The apparently
noisy and anisotropic outcome in the ventricles is fully explained by the
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Fig. 5. Estimated fractional anisotropy, and the results of power-law fit (S/S(0) = b~ “) to the brain image.

limited sensitivity of the signal on the stiffness values when these values
are small.

4.3. Power-law scaling of the diffusion signal

Water molecules in the intra- and extra-cellular spaces form two
compartments with different behaviors (Assaf et al., 2004). The intra-
cellular compartment is assumed as thin cylinders. Neurites have a very
small diameter and one can neglect the effect of the perpendicular
diffusivity on the data acquired on a clinical scanner. This behaviour
(Behrens et al., 2003) was reported for water and for N-acetyl-L-as-
partate (NAA) diffusion (Kroenke et al., 2004).

The power-law behavior in diffusion MRI was first observed by Kopf
et al. (1996) who conducted experiments on nonneural tissues exploit-
ing the fringe field of an MR scanner, which features extremely large
gradients. They reported fractional values for the exponent character-
izing the tail of the MR signal decay and those values varied from
specimen to specimen; these observations were interpreted within the
framework of fractional Brownian dynamics and an analysis involving
fractal concepts was performed (Kopf et al., 1998). Yablonskiy et al.
(2003) introduced a statistical model employing a distribution of
diffusion coefficients, and predicted a decay characterized by b~!. Jian
et al. (2007) proposed a tensor distribution model for the
diffusion-weighted MR signal and demonstrated that their model could
provide any non-negative integer and half-integer exponent depending
on the characteristics of the tensor distribution. They adopted a decay
rate b2 in their implementation, which is consistent with the
Debye-Porod law adapted to the field of diffusion MR (Sen et al., 1995),
and successfully resolved the orientational complexity of the tissue
within each voxel.

When the problem does not involve resolving fiber orientations, one
can opt to suppress the anisotropy of the detected signal; doing so re-
duces the multi-dimensional signal profile into a lower-dimensional one
that depends only on the microstructural features. Earlier studies on

DDE proposed such a reduction. For example, Ozarslan and Basser
(2008) employed an irreducible representation of the orientation dis-
tribution function and taking its “isotropic component” to rid the signal
of the effects of ensemble anisotropy. Jespersen et al. (2013) achieved
the same effect by employing numerical integration of the signal profile.
In the case of SDE, MAP-MRI has introduced the propagator anisotropy
(PA) index (Ozarslan et al., 2013), which is based on the dissimilarity of
the isotropically-averaged signal from the actual (anisotropic) one.
Kaden et al. (2016b) employ a simple arithmetic averaging over each
shell in multi-shell data to obtain the one-dimensional signal vs. b-value
profile while (Szczepankiewicz et al., 2017) propose a
weighted-averaging scheme for this purpose.

Using any of the above-mentioned methods, one obtains a repre-
sentation of the so-called powder-(or direction- or orientationally-)
averaged signal, which is the same signal for a specimen that has un-
dergone “powdering”—a process employed for analyzing solid-state
samples that involves grinding the specimen to eliminate any orienta-
tional coherence in its structure. Such specimens have been studied via
MR before (Callaghan et al., 1979; Edén, 2003). It was reported recently
that diffusion MR images after direction-averaging have good contrast
between GM, WM, and CSF (Cheng et al., 2020).

For the powder-averaged signal, the diffusion attenuation is a func-
tion of the orientation-invariant aspects of the diffusion process as well
as the experimental scheme employed for encoding diffusion. For
example, Eriksson et al. (2015) provide the expression for a specimen
consisting of identical, though possibly incoherently-aligned, collection
of subdomains, given by

View( 20!+ 20" ~ a0 - D))

24/bbs(D — DY)

S(b) = erf (/bbs (D! = D*) ) -

an

where S is the normalized orientationally-averaged signal and D!' and D*



M. Afzali et al.

are the parallel and perpendicular diffusivities, respectively. Here, the
measurement tensor is also axisymmetric.

The above expression suggests that if the diffusivity in the perpen-
dicular direction is zero, the orientationally-averaged SDE signal obeys a
power-law S = b~ with a= —1/2. Therefore, the presence of this
particular power-law would suggest vanishing diffusivity in the di-
rections perpendicular to the fiber direction, justifying the “stick” model
of neurites.! The observation of this particular power-law decay was
recently reported for white matter by McKinnon et al. (2017) and
Veraart et al. (2019).

Ozarslan et al. (2018) pointed out that such slow decay with expo-
nent a = —1/2 could only occur in an intermediate range of b-values as
the true asymptotic behavior of the powder-averaged signal is governed
by a power law with a = 2 for narrow pulses (due to Debye-Porod law;
Sen et al., 1995), and faster than any power law for longer pulses
(Ozarslan et al., 2018). Recently, Veraart et al. (2020) exploited such
deviation of the SDE signal decay curve from the S = gb~'/2 behaviour at
large b-values to estimate the diameter of the axons in white matter.

Herberthson et al. (2019) studied the effect of b-tensor shape on the
diffusion-weighted signal at high b-values and generalized (11) to the
cases involving non-axisymmetric diffusion and/or b-tensors. They
predicted another power-law with @ =1 when one of these tensors is of
rank 1 and the other is of rank 2. Afzali et al. (2020) showed the
power-law relationship between PTE diffusion MR signal and the
b-value. They observed the exponent @ = 1 using planar tensor encoding
in vivo.

Yolcu et al. (2019) considered powder-averaged SDE and DDE
measurements and derived exact expressions for the signal when the
compartment is defined by a confinement tensor (Yolcu et al., 2016).
They predict that for confined diffusion within stick-like geometries, the
same kind of power-laws persist while the coefficient § exhibits a
different dependence on the timing parameters of the sequence if
diffusion along the stick is confined.

In gray matter, McKinnon et al. (2017) and Afzali et al. (2020)
observed an exponent (a) larger than in white matter using linear and
planar tensor encoding, respectively. Three proposals have been made to
explain such different behaviour in gray-matter; one is the permeability
of the cell membrane resulting in a significant exchange between the
intra and extra-cellular spaces (McKinnon et al., 2017). Another one is
the curvature of the neural projections (Ozarslan et al., 2018), and the
third one is the abundance of a three-dimensional compartment (e.g.
spherical), which could be due to the cell bodies (Palombo et al., 2018b).

The effect of diffusion in curving structures on the MR signal has
been investigated in different contexts (Ozarslan et al., 2009a; J espersen
and Buhl, 2011; Nilsson et al., 2012; Reisert et al., 2012; Pizzolato et al.,
2015; Cetin Karayumak et al., 2018). Recently, Ozarslan et al. (2018)
studied the effect of size and curvature of the neurites and glial pro-
jections in the context of the power-laws. They showed that for
one-dimensional diffusion along curvy structures, longer pulse durations
lead to a decay steeper than b~'/2 while the power-law with a =1/2
persists when the gradient pulses are narrow. Therefore, the curvature
effect may be a significant contributing factor to the steeper attenuation
observed in clinical scanners due to the long pulse durations employed.

Fig. 5 shows the maps of estimated fractional anisotropy (FA), $ and
a (S/5(0) = fb~*) values for five different slices of a brain image. The
data for this experiment were acquired with 61 gradient directions per
shell using LTE on a 3T Connectom MR imaging system (Siemens
Healthineers, Erlangen, Germany). The voxel size was 3 mm isotropic,
TE = 88 ms, TR = 3000 ms, b = 6000, 7500, 9000, 10,500 s/mm?. The
estimated p map has a similar appearance to the FA map, on the whole.
However, notably in regions with known fibre crossings (e.g. near the

1 The stick model refers to neurites as cylinders of infinitesimal diameter
(Behrens et al., 2003). See Section 5.1.
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horns of the lateral ventricles), the FA has the well-known ‘dip,” while
the B-map is more homogeneous. The exponent «a is very small in CSF
because no signal remains from free diffusion at high b-values. The
decay in gray matter is faster than white matter as discussed above.

5. Microstructure models

This section explains methods that relate the diffusion signal to the
features of the brain microstructure and discusses some of the applica-
tions in biomedical sciences.

5.1. Multi-compartment models

Many microstructure models developed over the years for inter-
preting the diffusion MR data employ a multi-compartmental approach
wherein the signal is written as the sum of contributions from different
structures making up the neural tissue (Stanisz et al., 1997; Alexander,
2008; Alexander et al., 2010; Kaden et al., 2016b; Panagiotaki et al.,
2012; Scherrer et al., 2016).

Utilizing biophysical models in diffusion MRI to estimate the
microstructure of the underlying tissue resembles the physical chemistry
field where these types of models were used to determine the micro-
structure of the sample (Schmidt-Rohr and Spiess, 2012). The size dis-
tribution of oil droplets was quantified by a model of spheres with
log-normal distributed radii (Packer and Rees, 1972). After DT-MRI
was proposed (Basser et al., 1994b), the eigenvalues of the diffusion
tensor or related indices such as mean diffusivity (MD) or fractional
anisotropy (FA) were interpreted as measures of fiber density or mye-
lination (Brubaker et al., 2009). In brain regions containing highly
parallel fibers such as CC, these parameters may be able to reflect such
tissue properties (Stikov et al., 2011). But in general, because of the fi-
bres’ orientational dispersion (De Santis et al., 2014), simple indices
such as FA and MD cannot provide proper information about the fiber
density and more complicated models are necessary to disentangle the
effect of dispersion from the fiber density (Zhang et al., 2012).

In this section, we focus on models that consider the signal in each
voxel as the sum of several compartments each of which could represent
a single cellular compartment. This method tries to find compartment-
specific properties and is different from signal models such as DT-MRI
(Basser et al., 1994a), DKI (Jensen et al., 2005), g-space imaging
(Callaghan, 1993; King et al., 1994; Wu et al., 2008), DSI (Wedeen et al.,
2005) and MAP-MRI (Ozarslan et al., 2013) that attempt to characterize
voxel-averaged quantities. The biophysical models relate the signal
directly to the microstructural features of the tissue. Similar to repre-
sentations, the parameters of the model can be estimated by fitting the
model to the signal. For example, the axons can be modeled as cylinders,
and fitting the signal expression for diffusion inside cylinders to the
collected data could reveal the diameter of the axons.

Stanisz et al. (1997) were the first to use a multi-compartment model
to study the nerve-tissue microstructure. They considered separate
compartments for glial cells, axons, and extracellular space and tried to
estimate the signal fraction of each compartment and the size of cells.
The glial cells are modeled as spheres and axons as ellipsoids where
restricted diffusion is defined by their geometry. Diffusion in the
extracellular space is approximated with a tortuosity model. Tortuosity
refers to the reduction in apparent diffusivity compared to the bulk
diffusivity in an environment with obstacles (Fried and Combarnous,
1971; Gray, 1975; Lehner, 1979; Nicholson and Phillips, 1981). The
particle mobility is determined by this factor (Nicholson and Phillips,
1981). Stanisz et al. (1997) used the method presented in Szafer et al.
(1995) that relates the packing density to a reduction in diffusivity as a
function of the signal fraction of the obstacle; higher signal fractions
lead to lower extracellular diffusivity. Their model also considers ex-
change between intracellular and extracellular compartments using
Karger’s model (Karger et al., 1988).

Recent models of WM represent axons as straight, impermeable
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cylinders. The ball and stick model (Behrens et al., 2003) considers the
axons as sticks (cylinders with zero diameters) with a zero perpendicular
diffusivity and the extracellular part is modeled as isotropic diffusion
(ball). The model assumes the same values for extra- and intra-cellular
diffusivity. The next model in the evolution of microstructural map-
ping was proposed by Assaf and Basser (2005), Assaf et al. (2004)
composite hindered and restricted models of diffusion (CHARMED)
where the distribution of the cylinder radii is assumed as gamma dis-
tribution (Assaf et al., 2008). In this model, the intra-axonal space is
modeled using cylinders with parallel and perpendicular diffusivities.
The extracellular compartment is modeled by a diffusion tensor without
any tortuosity constraint. In Kroenke et al. (2004), Jespersen et al.
(2007), Fieremans et al. (2011), Hui et al. (2015) the model is simplified
by considering a stick model for axons. In Barazany et al. (2009) a free
water compartment is added to the model to consider the CSF. The
AxCaliber model (Barazany et al., 2009; Assaf et al., 2008) is based on
CHARMED and is used to estimate the axon diameter distribution
(ADD), which requires knowledge about the fiber direction. More recent
implementations of AxCaliber use a continuous Poisson rather than a
Gamma distribution, which reduces the number of fitted parameters (De
Santis et al., 2016). ActiveAx (Alexander et al., 2010; Alexander, 2008)
simplifies and combines the assumptions in Stanisz’s model (Stanisz
et al., 1997) and the CHARMED model (Assaf and Basser, 2005) to
produce the minimal model of white matter diffusion (MMWMD) (Dyrby
et al., 2013). The simplifications are, considering one axon radius, a
fixed diffusivity for intra- and extra-axonal compartments and consid-
ering a tortuosity constraint for the extra-cellular compartment (Szafer
et al., 1995). The MMWMD has an isotropic restricted compartment
similar to the glial cell model in Stanisz et al. (1997). Further studies,
such as Panagiotaki et al. (2012) and Ferizi et al. (2017) made a tax-
onomy of compartment models of WM.

An intra-axonal compartment assumed in MMWMD does not
consider the bending and fanning fibers. Spherical deconvolution
(Tournier et al., 2004; Kaden et al., 2007; Anderson, 2005) aims to es-
timate the fiber orientation distribution. This technique does not
consider the microstructure of the tissue. The fiber crossing and
dispersion (Behrens et al., 2007; Sotiropoulos et al., 2012; Zhang et al.,
2011) can be considered in ball-stick, MMWMD, AxCaliber3D models
(Barazany et al., 2011). Models of complex orientation distribution can
be used both in gray matter and white matter. Jespersen et al. (2007)
first explored this by a two-compartment model of neurites. They
consider the spherical harmonic representation of orientation distribu-
tion function. They also considered a perpendicular diffusivity to reflect
the effect of radius, bending, undulation, and exchange. The
extra-axonal compartment is modeled with a diffusion tensor.

The next model in the evolution of microstructural mapping was a
simpler model proposed for neurite orientation dispersion and density
imaging (NODDI) (Zhang et al., 2012). NODDI is a simplified version of
MMWMD (Zhang et al., 2011). The orientation distribution function in
the NODDI model is assumed as a Watson distribution. Having all these
assumptions makes the fitting stable but the estimated parameters may
be biased (Lampinen et al., 2018; Jelescu et al., 2016). Other models
tried to relax these constraints and estimate the parameters instead of
fixing them. Tariq et al. (2016) used a Bingham instead of Watson dis-
tribution. Fiber crossing is considered in Farooq et al. (2016). Kaden
et al. (2016a) used a spherical mean technique that does not need any
assumption about the orientation distribution of the fibers and it allows
the estimation of the diffusivities which was fixed in NODDI model.
Jelescu et al. (2016) extended the two-compartment model by releasing
all the constraints on intra- and extra-cellular diffusivities and they have
shown that there is a degeneracy in the fitting of the parameters in this
two-compartment model using conventional diffusion imaging. The
problem with these models is that the fitting is not stable anymore and
different sets of parameters lead to the same solution. Different strate-
gies were proposed to solve the problem of degeneracy in the fitting of
the model parameters. Veraart et al. (2018) proposed to use echo time
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(TEDDI) as an extra measurement to solve the degeneracy problem. The
problem with this model is that it adds two more parameters which
makes the fitting more complicated. Fieremans et al. (2018) suggested
using a combination of linear and spherical tensor encoding to improve
the estimation of some of the parameters of the model. Reisert et al.
(2018) and Coelho et al. (2019) used analytical solutions to show that
the combination of linear and planar tensor encoding solves this prob-
lem. They have also shown that the spherical tensor encoding does not
help to solve the degeneracy in the estimation of parameters in this
two-compartment model. Lampinen et al. (2017) show that adding the
spherical tensor encoding acquisition helps to solve this degeneracy
problem. A framework for machine learning, reconstruction, optimiza-
tion, and microstructure modeling called MicroLearn is provided by
Fadnavis et al. (2019b,a) which is part of Diffusion Imaging In Python
(DIPY) library (Garyfallidis et al., 2014).

There is another category of the compartment models that focuses on
the statistical modeling of the tissue heterogeneity. One of these tech-
niques is diffusion basis spectrum imaging (DBSI) (Wang et al., 2011). It
models the extra-axonal space as a spectrum of isotropic diffusion ten-
sors. This spectrum is defined by a function that determines the fraction
of isotropic tensors with a specific diffusivity. A similar idea exists in the
generalization of the ball and stick model (Jbabdi et al., 2012) that as-
sumes a spectrum of diffusivities with gamma distribution. Restricted
spectrum imaging (White et al., 2013) considers diffusivity spectra for
both intra- and extra-axonal diffusivities. Recently, Scherrer et al.
(2016) have proposed a model to capture heterogeneity from restricted,
hindered and isotropic diffusion modeling heterogeneity by a gamma
distribution (Jian et al., 2007; Jbabdi et al., 2012; Ramirez-Manzanares
et al., 2007; Leow et al., 2009). Ning et al. (2017a) proposed a method
which connects time-varying diffusion and spatially varying diffusivity.
This is done without assuming the number of compartments in the
model, and it allows determination of the level of disturbance that is
caused by the complexity of the medium. A comparison of different
power-laws (in the time domain) (Ozarslan et al., 2006; Novikov et al.,
2014) is reported in the work by Ning et al. (2017b). There are different
methods to determine the compartment size distribution. Packer and
Rees (1972) assumed a log-normal distribution for the compartment size
and used the molecular displacement measurements to estimate the
parameters of the distribution. Ozarslan et al. (2011b) proposed a
strategy to measure all moments of the compartment size distribution
directly from the diffusion signal decay. This method does not have the
assumption of known parametric size distribution. However, this is
accomplished in “ideal” experiments involving narrow pulses and long
diffusion times. Also, the g-value sampling has to be dense and broad to
provide significant signal attenuation. Although obtaining the actual
size distribution is prohibitively difficult, experiments conducted on
well-characterized phantoms demonstrated that a contrast based on the
moments of the distribution of cylinder radii can be obtained using this
method (Ozarslan et al., 2011b).

In Table 2 we summarize different multi-compartment models along
with assumptions behind them, acquisition schemes and parameters of
interest of each technique.

5.2. Curvedness of neural trajectories and estimating the axon diameter

In Section 4.3, we discussed the effect of neurite curvature on the
power-law scaling of the diffusion MR signal. Here, we consider its effect
on the axonal diameter estimations.

Most methods extract the size of axons using the effect of time-
dependent diffusion. This strategy works if the axons are straight. The
curvedness of the axonal trajectory will affect signal decay and the
estimated size (Brabec et al., 2019). Besides, the microscopic orientation
dispersion will affect the estimated size. The estimated diameter with
the straight-cylinder assumption is dependent on the microscopic
orientation dispersion and the undulation amplitude. The undulation
can be represented in the power-law behavior of the signal. If we
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consider this in our experiments we can separate the undulating fibers
from the straight ones.

Modeling axons as straight impermeable cylinders is widely used in
diffusion MRI studies. However, the validity of this assumption is not yet
proven (Lee et al., 2018b; Nilsson et al., 2017). For example, the
diameter of an axon may vary along its length (Lee et al., 2018b; Perge
et al., 2009). Besides, axons may have fine morphological features such
as spines, leaflets, or beads (Palombo et al., 2018a). Maybe the most
important aspect among the all mentioned above is that axons are not
straight (Nilsson et al., 2012). Some axons have sinusoidal trajectories
with an undulation amplitude in the order of magnitude higher than the
axon diameter. Such axons are present extracranially such as the phrenic
nerve (Lontis et al., 2008) and in the cranial nerves such as the roots of
the trigeminal nerve (Kaplan, 1960). Also, the undulation is present in
some parts of the central nervous system such as corona radiata, optical
nerve radiations, and the corpus callosum (Nilsson et al., 2012; Wil-
liams, 1995). Considering the undulation effect is important because it
may result in the overestimation of the axonal diameter (Nilsson et al.,
2012). (Brabec et al., 2019) investigated the features of non-straight
axons that can be captured by dMRI and also explored how these fea-
tures could complicate an analysis based on the straight cylinder
assumption. The time-dependence effect observed in white matter is
subtle and may come from the undulation instead of axonal diameter
(Nilsson et al., 2009). Axonal diameter indices of 3-12 microns were
reported using the ActiveAx model to the corpus callosum in the human
and monkey brain (Alexander et al., 2010). The presence of a weak
undulation of axons with a diameter below 3-5 microns, which is bio-
logically feasible shows similar results (Nilsson et al., 2017). The reason
that undulation is misinterpreted as the axonal diameter is that the
undulating thin-fibers (Here ‘thin-fiber’ is functionally equivalent to a
‘stick’, i.e., the diffusivity perpendicular to the local long-axis of the fibre
is zero) and straight cylinders have the same diffusion behavior in the
regions that are sensitized by common diffusion encoding protocols.
Nilsson et al. (2012) studied the effect of undulation on the diffusion
propagator and they showed that the width of the propagator reflects the
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undulation amplitude instead of the cylinder diameter (Nilsson et al.,
2012).

The undulating thin-fiber model is only valid for the small-diameter
axons (smaller than 4-5 microns) in the brain white matter, which is the
same as the resolution limit in clinical scanners (Nilsson et al., 2017).
Below this limit, axons can be represented by thin-fibers. Note that large
axons exist to a limited extent in the brain but they are more common in
the spine and the nerves outside the central nervous system. Small axons
are present in the corpus callosum (Aboitiz et al., 1992; Liewald et al.,
2014; Mikula et al., 2012), optic nerve (Jonas et al., 1990) or phrenic
nerve (Takagi et al., 2009).

5.3. Limitations of multi-compartment models

Available models have several limitations. The main feature of multi-
compartment models is that they divide the signal into separate com-
partments. It is necessary to disentangle the signal into several compo-
nents but it is difficult to assess the validity of the result. Although the
previous studies show that WM is composed of intra- and extra-cellular
compartments, the presence of distinguishable compartments for glial
cells and CSF has not been shown explicitly. The signal fraction esti-
mated from the current models is weighted by T; and T, relaxation
times. The straight model for axons is clearly an oversimplification for
the vast majority of axons in the brain. In the axons, there is undulation
(Nilsson et al., 2012) and dendritic branching (Palombo et al., 2016).
The impermeability assumption (in the slow-exchange domain) can be
valid for healthy WM but it can be violated in pathology (Aslund et al.,
2009; Lasic et al., 2011; Nedjati-Gilani et al., 2017). Extra-axonal space
is assumed to exhibit time-independent diffusion but some experiments
(Silvaetal., 2002; Shemesh et al., 2011) suggest that in a densely packed
environment, the extracellular component may show some
time-dependency. In other experiments (Burcaw et al., 2015; De Santis
et al., 2016) the time dependence of the extracellular component is not
negligible when the diffusion time is about 10-100 ms. Some models
consider fixed or constrained diffusivity while some recent experiments

Table 2
Summary of different multi-compartment models.
Parameter of interest Recommended Assumptions Acquisition Reference
methods
Axon diameter CHARMED Single diameter, no exchange between intra- and PGSE with variable (Assaf and Basser, 2005; Assaf et al., 2004)
extracellular compartments, axons are assumed as diffusion time
straight cylinders
AxCaliber Gamma distribution for axon diameters PGSE (Assaf et al., 2008; Barazany et al., 2009)
ActiveAx Single diameter PGSE (Alexander et al., 2010)
MMWMD Single diameter PGSE (Dyrby et al., 2013)
ActiveAx-D Axon diameter index, dictionary-based fitting PGSE (Sepehrband et al., 2016b)
Axon diameter Watson ODF, single diameter PGSE (Zhang et al., 2011)
mapping

Diffusivity and signal Ball + Stick
fraction

Stick + Tensor

Same intra and extracellular diffusivity

Different intra- and extracellular diffusivity

PGSE, clinical (Behrens et al., 2003)

PGSE (Kroenke et al., 2004; Jespersen et al., 2007;

Fieremans et al., 2011; Hui et al., 2015)

NODDI Watson ODF, fixing intracellular diffusivities, tortuosity ~ PGSE, clinical (Zhang et al., 2012)
constraint

NODDIDA Watson ODF, variable diffusivities, no tortuosity PGSE (Jelescu et al., 2016)
constraint

TEDDI Variable TE PGSE (Veraart et al., 2018)

Standard Model Variable diffusivities, no tortuosity constraint PGSE (Novikov et al., 2018)

LEMONADE Rotation invariant mapping PGSE (Novikov et al., 2016)

LEMONADE(t) Time dependency is considered PGSE (Lee et al., 2018a)

Ball + Stick +
sphere

Sphere size, diffusivity
and signal fraction

No exchange

(Fieremans et al., 2018; Reisert et al., 2018;
Coelho et al., 2019; Lampinen et al., 2017,
2018, 2020)

(Palombo et al., 2020)

B-tensor encoding

PGSE

Acronyms: CHARMED - composite hindered and restricted model of diffusion, PGSE - pulsed gradient spin echo, MMWMD - minimal model of white matter diffusion,
ODF - orientation distribution function, NODDI - neurite orientation dispersion and density imaging, NODDIDA — NODDI with diffusivity assessment, TEDDI — TE
dependent diffusion imaging, TE — echo time, LEMONADE - linearly estimated moments provide orientations of neurites and their diffusivities exactly.
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show that this assumption is not valid in the brain (Lampinen et al.,
2017; Jelescu et al., 2016; Kaden et al., 2016b; Hutchinson et al., 2017).

Models usually consider biophysical influences on the signal. How-
ever, using the available practical acquisitions, a small set of parameters
can be estimated. Some constraints such as fixing parameters, ignoring
some effects (Jelescu et al., 2016), enforcing the relationship between
the model parameters, or imposing prior distribution may bias the
estimation of the remaining parameters.

With multi-compartment models, one often uses “volume fraction” to
describe a compartment, when in fact the fraction computed is “signal
fraction”. The concept of ‘signal fraction’ is more appropriate to describe
what has always been referred to as ‘volume fraction’ (Frigo et al.,
2020). These two concepts are not interchangeable. ‘Volume fraction’
measures the volume of the tissue compartment that is present in the
voxel. To better understand this difference, consider given proton den-
sity [H], the repetition time TR, the echo time TE, and T; and T, of a
tissue, the signal intensity in a spin-echo experiment is S ~ [H](1 — exp
(— TR/T1)) exp(— TE/T2). The T, time of the CSF is smaller than the
white matter, therefore, the signal amplitude in the CSF is larger. Simple
normalization of dMRI signal by the non-diffusion-weighted signal S(0)
does not take into account this difference and assumes that different
tissues have the same S(0) response which is not true (Just and Thelen,
1988). This issue cannot be solved by acquiring images with multiple TE
((Veraart et al., 2018)) because this method provides the estimates of the
composite Ty in each voxel and the T; of the single compartment is still
unknown. All the multi-compartment models that try to estimate the
volume fraction of tissue are actually describing the signal fraction.

5.4. The effect of acquisition method on the parameter estimation

The choice of experimental design affects the parameter estimates in
any model-based estimation technique. Optimal experimental design
means the right choice of the pulse sequence and the acquisition pa-
rameters to maximise sensitivity to the parameters of the model (Koay
et al., 2012). In diffusion MRI, the acquisition parameters to consider
might, depending on the complexity of the model, range from simply
having to consider the b-value, to having to consider a whole range of
parameters including 5, A, g, TE, etc. The optimal design will also
maximise the SNR per unit time as the acquisition time in in vivo studies
is usually limited by participant’s compliance. For in vivo studies, the
acquisition time has to stay in a reasonable range.

5.5. Effect of model fitting

After deciding the choice of model and acquiring the data, we have to
fit the model to the data. The standard method is to use maximum
likelihood estimations via non-linear fitting such as gradient descent in
each voxel separately. In the fitting, a best-guess parameter estimate is
reported. Also, the gradient descent techniques usually provide an
additional measure of confidence in the parameter estimate. Sampling
methods such as Markov chain Monte Carlo (MCMC) sample the pos-
terior distribution on the parameter values and can provide a confidence
interval in each parameter estimate and can avoid the local minima
problem which is common in gradient descent.

Recently, several linear fitting approaches have been reported in the
diffusion MRI modeling literature, including convex optimisation and
dictionary-based techniques. Linear approaches avoid the local minima
and are faster than the non-linear methods, but reduce the precision of
the final estimates. Methods such as AMICO (Daducci et al., 2015),
LEMONADE (Novikov et al., 2015), WMTI (Fieremans et al., 2011;
Sepehrband et al., 2016b) are examples of this linearization. However,
finding the confidence interval from these types of techniques is not
straightforward. Haije et al. (2020) investigated the necessity of
non-negativity constraints for diffusion MRI models and Harms et al.
(2017) proposed a fast and robust optimization method for diffusion
MRI microstructure models.
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Considering local inter-voxel coherence of tissue properties some-
times improves the results, because instead of treating each voxel in-
dependent from the neighbors, we can analyze the voxels with similar
signal decay. In WM, the macroscopic continuity (Sherbondy et al.,
2010) of the fibers provides more constraints on the parameter esti-
mates. Morgan (2012) used this dependency to fit the trend in axon
diameter across the CC. Scherrer et al. (2016) used the BOBYQA algo-
rithm (Powell, 2009) to improve the fitting of the DIAMOND model. The
recent combination of global tractography and microstructure is also
available (Reisert et al., 2014; Sherbondy et al., 2010).

Besides conventional model-fitting methods, deep-learning-based
methods have recently gained attention (Ye, 2017; Ye et al., 2019).
Deep learning approaches have some advantages over conventional
fitting methods; Conventional methods can be very time consuming
while deep learning methods can be very fast once the training pro-
cedure has been completed. Spatial consistency of diffusion signals can
be used to reduce the effect of noise in deep learning methods while in
conventional fitting methods noise is a serious issue. It can handle a
large amount of data while this is not easy in conventional fitting ap-
proaches. A lot of deep learning methods can handle highly nonlinear
relationships that cannot be handled using a normal fitting approach.
There are some disadvantages in using deep learning methods
comparing to the conventional fitting methods; Deep learning ap-
proaches usually need a large data set to train, computationally very
expensive, requiring a large amount of memory and computational re-
sources, and usually require very advanced optimization techniques.

5.6. Validation

One important aspect of developing microstructural models is vali-
dation. Most, if not all, models establish validity with numerical ex-
periments based on some simulated models or hypothetical assumptions
about tissue architecture. Here we discuss different validation tech-
niques and their advantages and disadvantages.

A good microstructural model should be able to capture the under-
lying features of the tissue. To evaluate the performance of a model,
different strategies can be used including simulations and a combination
of dMRI and microscopy measurement in tissue and phantom. Numeri-
cal simulations usually provide high control while it is far from the real
data, while the microscopy measurements are from the real data and
controlling different factors in the measurement is not as straightfor-
ward as in the numerical simulations.

In Table 3 we briefly summarize evaluation techniques presented in
this section along with advantages and disadvantages of each technique.

5.6.1. Numerical analysis

To investigate the robustness of parameter estimates under ideal
conditions or controlled noisy situations, numerical simulations can be
used. The basic idea in these types of simulations is to generate the signal
for a given measurement protocol, add different levels of noise, and fit

Table 3
Summary of evaluation techniques.
Method Advantages Disadvantages
Numerical Different factors are under Simulated data is generated from
analysis control the model

Different factors are under Data does not come from
control. Complex substrates
can be modeled

Ground-truth values are

Monte Carlo
measurements

Phantoms Measured data is similar to ideal

controlled samples
Fixed tissue Ground-truth values are not ~ The time between death and
controlled fixation should be short. The

fixation process may change the
microstructure
Direct validation for tumour  Impossible in healthy human

cells

In vivo + ex
vivo
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the model. By simulating and fitting the same model, one can establish
the effects of noise level and measurement protocol on the parameter
estimates (Jones and Basser, 2004). In addition, the resolution limit and
the range in which parameters can be estimated with high accuracy
(Nilsson et al., 2010; Alexander et al., 2001) can be provided at this
stage. Numerical simulations also provide the interplay between
parameter estimates and hardware constraints. For example, the
maximum gradient strength of the scanner affects the resolution limit of
the axon diameter estimates (Nilsson et al., 2017; Dyrby et al., 2013).
This type of evaluations establish an upper bound for parameter accu-
racy in different protocols.

5.6.2. Monte Carlo

In the numerical simulations, the synthetic data is generated using
the same model that is used for the fitting. These types of simulations are
useful to investigate how diffusion parameters respond to different
scenarios such as crossing fibers, partial volume effect (Szczepankiewicz
et al., 2015; Alexander et al., 2001; Vos et al., 2011), or degeneracy in
parameter estimation (Jelescu et al., 2016; Lampinen et al., 2017, 2018,
2020). There is another type of simulation, Monte Carlo (MC), where the
idea is to investigate the model parameters under departure from the
model assumptions. In this case, the synthetic data is generated with a
procedure that is more complicated than the model that is used for the
fitting. MC simulations are especially useful to study complex micro-
structure (Nilsson et al., 2010; Hall and Alexander, 2009; Balls and
Frank, 2009; Ford and Hackney, 1997). In MC simulations, a micro-
structure substrate is defined numerically and the random walkers move
in this environment. For each walker, the signal is predicted using a
phase accrued by an ensemble of spins in a simulated gradient wave-
form. The microstructure substrate can be simulated based on the model
assumptions such as parallel cylinders (Nilsson et al., 2010; Hall and
Alexander, 2009; Balls and Frank, 2009; Ford and Hackney, 1997).
Alternatively, the substrate can be more complicated with more detailed
microstructural features such as fiber shape, permeability, undulation,
and dispersion (Ong et al., 2008; Nilsson et al., 2010, 2012; lanus et al.,
2017; Hall and Alexander, 2009). Segmented histology slides yield a
complicated substrate in both intra-axonal and extracellular spaces (Xu
et al., 2014; Panagiotaki et al., 2010).

5.6.3. Physical phantoms

Physical phantoms represent a simplified version of the tissue and
are useful in testing the model with measured data from ideal samples
(Fieremans and Lee, 2018). In the process of phantom construction, the
ground-truth values of model parameters (ground-truth means one
exactly knows what the answer is.) can be controlled and can be
measured by microscopy. Phantoms are made of different materials. To
have a long life, high reproducibility, and good control over micro-
structural parameters, some inert materials such as glass or plastic are
used in phantom construction. Alternatively, biological phantoms, such
as vegetables and cell cultures have a short shelf life but are cheap and
easy to prepare but the microstructural features are harder to measure
and control. Hollow glass capillaries are utilized to make axon-like
phantoms and are useful in verifying diffusion models (Avram et al.,
2008; Shemesh et al., 2009), validating the relation between pore size
and diffraction pattern from DDE (Shemesh, Ozarslan et al., 2010b),
testing size estimation with ODE (Li et al., 2014), investigating micro-
scopic anisotropy (Komlosh et al., 2007) and testing dMRI with free
gradient waveforms (Siow et al., 2012). Liquid crystals (Topgaard,
2016) as well as phantoms constructed with co-electrospinning (Hub-
bard et al., 2015; Greiner and Wendorff, 2007), are other examples of
axon-like phantoms. Capillaries in asparagus stems and the vascular
tissue in celery stalk can model large axons (Latt et al., 2007; Pan-
agiotaki et al., 2010; Ozarslan et al., 2011a; Boujraf et al., 2001) whereas
microscopic anisotropy can be studied by asparagus puree (Lasic et al.,
2014). Oil-water emulsions can be used to test round cells (Packer and
Rees, 1972) as well as compartment models (Topgaard et al., 2002;
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Fig. 6. The functional dependence of the variance of Rician and non-central chi
(nc-y) distributed random variables M in terms of noise-free amplitude signal
Ar. Variance of nc-y random variable additionally depends on the number of
receiver coils L and underlying noise standard deviation which is fixed to 6 =1
in all cases. The symbol ,F; indicates the confluent hypergeometric function of
the first kind while I is the gamma function.

Hakansson et al., 1998) and multimodal microstructure estimation
(Proverbio et al., 2014). Yeast cells can also be used for investigating
isotropic intra- and extracellular compartments (Lasic et al., 2011; Silva
et al., 2002; Suh et al.,, 2003; Malmborg et al., 2006). Membrane
permeability of the yeast cells change with temperature which can be
detected by DDE (Aslund et al., 2009) and the yeast cell sizes range
between 4 to 8 micron which makes it ideal for evaluating the cell size
estimation methods (Shemesh et al., 2012, 2015). Another manipulat-
able physical phantom involves human erythrocyte ghosts (Benga et al.,
1987), which have been employed in studies on assessing membrane
permeability (Benga et al., 1990; Waldeck et al., 1995), origins of
non-monoexponential signal decay (Thelwall et al, 2002) and
time-dependent diffusion (Ozarslan et al., 2006).

5.6.4. Fixed tissue

Measurements on fixed tissue are very close to the in vivo and also has
many advantages of the phantoms. The disadvantage of this compared
to phantoms is that the ground-truth microstructure in the fixed tissue is
not as controlled and well-characterized as in phantoms. Obtaining
high-quality data from fixed tissue is usually challenging (Dyrby et al.,
2011). The time between the death and fixation should be very short
(D’Arceuil et al.,, 2007) but after fixation, the microstructure and
diffusion parameters stay stable for several years (Dyrby et al., 2011).
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Fig. 7. HCP diffusion-weighted brain data for (a) b = 1000 s/mm?, (b) b = 3000 s/mm?, (c) b = 5000 s/mm? and (d) b = 10, 000 s/mm? (top row), and corresponding
local signal-to-noise ratio (SNR) obtained with the non-stationary unbiased non-local means filter (Pieciak et al., 2018) and the variance-stabilizing approach (Pieciak
et al., 2017). For the sake of visualization, the diffusion-weighted signal has been normalized with baseline signal S(0) and the colorbars rescaled to [0-0.8] for

all b-values.

However, the fixation process may change the microstructure
(Richardson et al., 2014). Another option is using the viable tissues
where the bias due to fixation can be avoided (Richardson et al., 2013,
2014; Shepherd et al., 2006). Comparing parameters obtained from
dMRI with those from microscopy (Alimi et al., 2020) of the fixed tissue
shows that the time-dependent diffusion is in agreement with the
restricted diffusion inside axonal compartments (Assaf et al., 2008,
2000) and also there is a good congruency between the myelinated
neurite fractions from dMRI and histology (Jespersen et al., 2010).
OGSE-frequency dependence in the intra-axonal and extracellular
spaces was observed by Xu et al. (2014). The level of axonal orientation
dispersion can be quantified by analysis of the fixed tissue images
(Leergaard et al., 2010; Choe et al., 2012).

5.6.5. In vivo + ex vivo

If the same tissue is used for both dMRI and histology, the model
parameters, such as axon diameters can be directly validated and
interpreted (Barazany et al., 2009). This validation method is impossible
in healthy human tissue therefore, comparing with the values reported
in the literature can be used as an indirect validation (Alexander et al.,
2010). Resection of the tumour can also provide tissue for direct vali-
dation (Zetterling et al., 2016; Szczepankiewicz et al., 2016).

Ex vivo optical imaging or staining could provide useful insights for
validation of non-invasive techniques like dMRI. Using ex vivo mea-
surements in combination with in vivo dMRI can help in the validation
of structural connectivity in the brain. Light microscopy (Howard et al.,
2019; Mollink et al., 2017) provides higher spatial resolution while in
vivo measurements provide larger 3D fields of view, therefore, the
combination of these two is ideal for the mapping of mesoscale con-
nectivity such as subcortical projection systems and layered intracortical
projections. With the introduction of complicated g-space sampling
schemes, advanced tractography, and fiber orientation distribution
reconstruction techniques, the need for validation of these methods is
increasing. The overlap of ex vivo dMRI with light microscopy in terms
of special resolution in the mesoscopic scale and performing the ex-vivo
and in vivo measurement of the same tissue provides the ability to
evaluate different microstructural models with a ground-truth mea-
surement. However, ex vivo dMRI data is not usually in high-quality
which is sometimes because of the changes that happen in the tissue
in the fixation process.
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6. Signal sensitivity to experimental factors

In this section, we consider various experimental factors typically
observed during the acquisition that affect the diffusion signal and
subsequent quantitative studies. Among them, the most significant ones
are thermal noise, deviations from the prescribed b-value, a variable
number of diffusion-sensitizing gradients and acquisition shells In terms
of signal recovery from a sparse set of gradient directions, there is the
SPARC-dMRI challenge (Ning et al., 2015a) as well as relevant methods
for sparse recovery (Rathi et al., 2014; Ning et al., 2016). We conclude
the section by reviewing alternatives to previously mentioned ap-
proaches to quantitatively evaluate the diffusion, which, by definition,
should be independent of one or multiple experimental factors. Finally,
we give a brief insight into data harmonization techniques and quality
assurance protocols that allow comparing and pooling the data from
multi-center acquisitions.

6.1. Noise in diffusion MRI

Noise in diffusion MRI studies has many faces as it appears under the
form of acoustic (Tan et al., 2018), physiological (Walker et al., 2011),
and thermal effects (Henkelman, 1985). Acoustic noise is related to
inherent sounds generated by the device and received by the patient
during the scan. Physiological noise consists of any form of physiological
signs such as cardiac or respiratory cycles that induce changes in the
brain during scan time. For instance, the cardiac cycle activates changes
in cerebral blood flow and cerebral blood volume and induces brain
pulsation that affects diffusivity and anisotropy parameters (Nakamura
et al., 2009; Brooks et al., 2013). Thermal noise, also called the John-
son-Nyquist noise, originates from the random motion of free electrons
in a radio-frequency coil and eddy current losses in the scanned subject
or object (Miller and Joseph, 1993; Macovski, 1996; Aja-Fernandez and
Vegas-Sanchez-Ferrero, 2016). In this paper, however, we mostly focus
on thermal noise as it is one of the critical experimental factors that
negatively affect diffusion MRI signals. From now on, for simplicity, we
will refer to thermal noise, translating to signal fluctuations in the ac-
quired data, exclusively as noise.

In the k-space domain (i.e., acquisition domain) noise is typically
assumed to be complex Gaussian distributed with a constant variance of
a% over the acquired data (Henkelman, 1985). As the inverse Fourier
transform is a linear and orthogonal operator, the noise propagates to
the x-space domain (i.e., spatial domain) preserving its additive
Gaussian character. The variance of noise in x-space domain is given
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then by 62 = [FOV| '62 with |FOV| being the number of points in the
field-of-view (FOV) (Den Dekker and Sijbers, 2014; Aja-Fernandez and
Vegas-Sanchez-Ferrero, 2016). Once the magnitude data is recon-
structed from a (complex) x-space signal representation using a
non-linear operator (e.g., the absolute value), the noise is no longer
additive, but it follows a signal-dependent nature. In other words, the
variance of the noise is in a functional dependence of the hypothetical
noise-free amplitude signal. For single-coil acquisitions, the noise is
modeled using the well-known Rician distribution as the modulus of the
complex Gaussian signal (Rice, 1948; Gudbjartsson and Patz, 1995). In
Fig. 6 (top) we show signal-dependency of the variance of Rician
distributed signal in terms of the noise-free amplitude signal Ar and
fixed noise standard deviation ¢ (i.e., a standard deviation of Gaussian
noise in the x-space domain).

In parallel acquisitions typically used in diffusion MRI such as the
SENSitivity Encoding (SENSE) (Pruessmann et al., 1999; Sotiropoulos
et al., 2013; Zhang et al., 2015) and GeneRalized Autocalibrating
Partially Parallel Acquisition (GRAPPA) protocols (Griswold et al.,
2002; Heidemann et al., 2012; Setsompop et al., 2012), the noise in
magnitude data additionally exhibits a non-stationary behavior (Aja--
Fernandez et al., 2011; Aja-Fernandez et al., 2014; Pieciak et al., 2017),
i.e., the level of noise changes with the position in the final image ¢(x).
This is in contrast to single-coil acquisitions where the level of noise in
the magnitude signal is roughly assumed to be constant across the
image, i.e., 6(X) =0 (Aja-Fernandez et al., 2009). Notice here that a
direct consequence of spatially-variant noise in the data is the SNR also
changes with position as presented in Fig. 7.

The spatially-variant nature of noise in magnitude data retrieved
from parallel accelerated acquisitions depends on various factors such as
subsampling ratio in the k-space domain, the number of receiver coils
used to acquire the data, correlations between receiver coils and
reconstruction procedures used to obtain x-space representation and
final magnitude signal (Dietrich et al., 2008; Aja-Fernandez et al., 2011;
Aja-Fernandez et al., 2014). As an illustration, in parallel accelerated
SENSE imaging the signal at reach receiver coil in x-space domain is
reconstructed using the inverse Fourier transform. Noise in the x-space
domain increases then proportionally with the subsampling ratio r as
given by Aja-Fernandez et al. (2014)

2

ro
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where a%l and o7 are underlying noise variances at Ith receiver coil in k-
space and x-space domains, respectively, and L is the number of receiver
coils. Once the magnitude signal is reconstructed using the (weighted)
least-squares procedure following by an absolute operator it presents a
non-stationary signal-dependent Rician noise (Aja-Fernandez et al.,
2014; Pieciak et al., 2017). In other words, the noise besides of being a
signal-dependent one, as in single-coil acquisitions, changes also its
variance with the position.

Another statistic frequently used in diffusion MRI is the non-
stationary non-central chi (nc-y) model. The nc-y statistic originates
from squared sum-of-squares (SoS) of Gaussian random variables, all
assumed to have the same distributional parameters. Therefore, the nc-y
model is suited to present the noise in Cartesian GRAPPA+SoS acqui-
sitions as the final magnitude data is retrieved using the SoS procedure
from L complex samples once no correlations are assumed between them
(i.e., coils are assumed to be non-correlated) (Constantinides et al.,
1997; Aja-Fernandez et al., 2011). Over here, the noise in the magnitude
data also presents a signal-dependent nature (Fig. 6; bottom), and its
properties change with spatial position. However, to properly address
noise characteristics in the magnitude GRAPPA + SoS signal retrieved
from correlated data, as typically observed in real scenarios, it is
necessary to employ a parametrized nc-y model with effective parameters
namely the increased variance of noise 6%;(x) and decreased number of
receiver coils Leg(x) (Aja-Fernandez et al., 2011; Aja-Fernandez et al.,
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2013). Secondary to SoS reconstruction in GRAPPA is that magnitude
data can also be obtained with a spatially matched filter (Walsh et al.,
2000). In this scenario, the final magnitude signal follows a
signal-dependent non-stationary Rician noise.

To conclude, the noise in magnitude diffusion MRI data obtained
from parallel accelerated techniques is signal-dependent and follows a
non-stationary behavior depending on the acquisition set-up and data
reconstruction algorithm. In SENSE imaging the noise characteristics are
fully represented with spatially-variant noise level map o(x). In GRAP-
PA+SoS the noise must be specified by two effective spatially-variant
parameters that is to say the variance 62;(x) and number of coils Leg(x).

6.2. Consequences of noise and ways of dealing with it

Noise in medical imaging is typically interpreted as an observable
quality deterioration of the data. In diffusion MRI, however, the noise
has far-reaching consequences as it affects the fitting procedures and
therefore translates to quantitative measures such as the ones derived
from DT-MRI, DKI, or MAP-MRI.

In recent years, several methods have been proposed to mitigate the
unfavorable effects of the non-stationary Rician and nc-y noise. These
include well-celebrated the non-local means framework that evaluates
the similarity in terms of non-local patches (Manjon et al., 2010; Manjon
et al., 2013; Manjon et al., 2015; Bouhrara et al., 2016; Sudeep et al.,
2018; Pieciak et al., 2018), the random matrix theory approach which
exploits the Marchenko-Pastur law of the eigenvalues of noise (Veraart
etal., 2016c¢) and a group of algorithms that uses joint information from
spatial and g-space domains to significantly improve previous results
(St-Jean et al., 2016; Chen et al., 2019b,a). Notice here that any
aggregation-based algorithm introduces a systematic bias to aggregated
signal that should be corrected prior to a quantitative interpretation.
Such methodologies have been proposed for averaged (stationary)
Rician/nc-y signals including a correction in squared magnitude domain
(McGibney and Smith, 1993; Miller and Joseph, 1993; Aja-Fernandez
and Krissian, 2008; Wiest-Daesslé et al., 2008) or the so-called analyti-
cally exact correction scheme using a fixed point formula of SNR (Koay
and Basser, 2006). Recently, Pieciak et al. (2018) derived new
closed-form formulas for aggregation of squared and non-squared
non-stationary Rician and nc-y signals. These formulas can be used
along with any averaging-based filters such as the aforementioned
non-local means or bilateral filters to correct noise-induced bias in
non-stationary data. Contrary to the magnitude space noise removal
algorithms, some authors have proposed removing noise in complex
x-space domain (Wirestam et al., 2006; Baselice et al, 2017;
Cordero-Grande et al., 2019). Such approaches provide unbiased results
since they operate directly on a Gaussian distributed signal before the
magnitude reconstruction is performed.

As the noise in magnitude signal retrieved from accelerated diffusion
MRI acquisitions follows a non-stationary form, a proper spatially-
variant noise estimation technique must be arranged to feed the adap-
tive denoising algorithm. Such techniques have also been recently
introduced both for non-stationary Rician (Maximov et al., 2012;
Veraart et al., 2013a; Aja-Fernandez et al., 2015; Pieciak et al., 2017)
and non-stationary nc-y noise (Tabelow et al., 2015; Veraart et al.,
2016b; Pieciak et al., 2016). Unlike the variance-stabilizing approach
(VST; Pieciak et al., 2016, 2019) that firstly transforms the
signal-dependent Rician/nc-y noise to a signal-independent variate and
then estimates the noise pattern, most approaches estimate noise maps
assuming Gaussian distribution and then apply a post-hoc correction by
Koay and Basser (2006). As a side note, most of the methods intended for
diffusion MRI estimate the spatially-variant noise map given all gradient
directions at a certain b-value. In other words, a single noise map is
produced independently from the number of gradients from the same
acquisition shell (see Veraart et al., 2016b). On the other hand, a group
of methods designed to work on a single-slice can estimate noise patterns
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Fig. 8. Comparison of RTOP and RTAP measures derived from the MAPL framework (Fick et al., 2016) under different maximal b-value parameter. The RTOP
measures have been scaled to the power of 1/3 while the RTAP to the power of 1/2.

separately for each diffusion-sensitizing gradient direction. This is done
without any additional information needed, such as the repeated ac-
quisitions, sensitivity maps in the case of SENSE or reconstruction co-
efficients for GRAPPA (see Aja-Fernandez et al., 2015; Tabelow et al.,
2015; Pieciak et al., 2016, 2017). All in all, both approaches to noise
estimation provide excellent results and can be successfully used in
diffusion MRI studies.

6.3. Sensitivity to changes in the number of gradients

Proper sampling of the g-space domain in diffusion MRI plays a
crucial role in the optimization process of data acquisition procedures.
In DT-MRI, various acquisition schemes and side effects due to protocol
changes have been exhaustively studied in the literature so far (Papa-
dakis et al., 1999; Skare et al., 2000; Jones, 2004; Landman et al., 2007;
Barrio-Arranz et al., 2015). Early efforts by Papadakis et al. (1999) and
Skare et al. (2000) investigated possible advantages in retrieving
anisotropy measures once going beyond the standard six measurements
protocol. A more comprehensive study on the effects of gradient sam-
pling by Jones (2004) has shown that at least 20 non-collinear and
non-coplanar diffusion-sensitizing gradient directions are required for
robust estimation of fractional anisotropy. In contrast to anisotropy
measure, at least 30 gradient directions are needed to obtain the mean
diffusivity and tensor orientation.

Veraart et al. (2013b) showed that increasing the number of gradient
directions translates differently to quantitative descriptors depending on
the method used to estimate the tensor. In general, the performance of
the WLS (Weighted Least Squares) estimator depends on the selection of
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the weighting mechanism. For instance, the multi-step approaches (see
Veraart et al., 2013b for details) appear to be more robust than the
original proposal by Basser et al. (1994a). Precisely, increasing the
number of gradient directions improves the accuracy of retrieved
quantitative maps obtained via the multi-step WLS approach with the
least-squares method used as a pre-estimation step. However, once
applied the squared noisy signals as a weighting mechanism, the results
are biased, i.e., a negative bias is observed with FA and MD, whereas a
positive one with the MK. Contrary to linear estimators, the non-linear
least-squares estimator (Koay et al., 2006) introduces a constant bias
for the FA and an increasing bias for the MD and MK parameters as the
number of gradients increases (Veraart et al., 2013b).

The evaluation of the optimal number of gradients in higher-order
models is not as straightforward as in DT-MRI or DKI. Here, not only
the reconstruction technique might affect the analysis, but many other
factors, such as the order of harmonics used to represent the data [
(Tournier et al., 2013; Schilling et al., 2017), regularization constants
(Fick et al., 2016) and other tunable method-dependent control pa-
rameters (Hutchinson et al., 2017). Moreover, the algorithms might
provide either continuous or discrete information (Tournier et al.,
2013). All these factors make it challenging to identify a single number
of gradient directions that meet the criteria of all High Angular Reso-
lution Diffusion Imaging (HARDI) methods. However, in Tournier et al.
(2013), the authors tried to find a consensus and determined the optimal
number of different orientations for robust Q-ball imaging and spherical
harmonic deconvolution. This methodology uses the angular properties
of the signal itself analogous to the well-known Nyquist-Shannon the-
orem (Shannon, 1949). Once fixing the order of harmonic degree l in the
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in non-Gaussian diffusion MRI across different modalities. Author Modality Factors Relevant reported effects
Author Modality Factors Relevant reported effects grac?h-e nts t_r a{lslates toMa
positive bias in the GFA (up to
(Tournier et al., QBI, SD Gradients, b- The acquisition with the b- about 30% deviation for
2013) value value approximately at reduced acquisition scheme
3000 s/mm? and SHs degree from 90 to 48 gradients and
1 =8 maximizes the the SH order 8 fit), (2) the
achievable angular overestimation of the number
resolution, and at least 45 of fibers (peaks) inside a
diffusion-sensitizing gradient single voxel independently of
directions are required to the SHs order and (3) a
capture the angular positive (negative) angular
properties of the signal. bias in the ODF up to +15°
Further substantial increase (—10°) at angles less than 60°
in the number of gradient (between 80° and 90°) for
directions does not improve reduced acquisition from 90
the angular properties of the to 48 gradients and the SH
signal. The angular order 8 fit. Increasing the b-
information for [ > 8 at value parameter (from
b= 3000 s/mm? is negligible b=1000s/mm> to
(Veraart et al., DKI Gradients, The accuracy of the MK b =3000 s/mm?) results in
2013b) SNR depends on the method used increased estimate of crossing
to estimate the kurtosis tensor fiber fraction in the WM
and the choice of the weights voxels independently of the
in the case of the WLS used SHs order
estimation. Increasing the (Hutchinson DKI, MAP- Shells, Changes in maximal b-value
number of gradients (1) et al., 2017) MRI, gradients, b- (i.e., number of shells and
reduces the bias of the MK NODDI values, noise gradients) lead to significant
measure in the WLS multi- alterations in the MK, KFA,
step approach, and (2) NG, and PA quantities (e.g.,
enlarges the bias of the MK the KFA is highly positively
measure when using standard biased). The noise causes (1) a
WLS (Basser et al., 1994a) considerable amplification of
and NLS procedures (Koay NG, intracellular volume
et al., 2006)) fraction Vic and PA, and (2)
(Hosseinbor BFOR, SNR Decreasing the SNR of the mixed changes in histogram
et al., 2013) SPFI, mgq- signal leads to mixed effects and mode of the MK and
DPI in changes of RTOP and GFA isotropic volume fraction Viso
indices (i.e., overestimation (Chuhutin et al., DKI b-value Decreasing the maximal b-
and underestimation) 2017) value leads to the increased
depending on the properties value of the MK parameter
of the measured component (Parvathaneni NODDI + Gradients, b- The recommended
(e.g., fast/slow isotropic, fast/ et al., 2018) AMICO value acquisition set-up for NODDI
slow anisotropic) derived parameters is the b-
(Ning et al., RBFs, 3D- Gradients Decreasing the number of value at 2500 s/mm? with at
2015b) SHORE gradient directions increases least 128 total gradient
the percentage of false peaks directions.
in two fiber crossing regions (Li et al., 2018) SMT gradients The recommended number of
(Fick et al., MAPL Shells, Decreasing the b-value uniformly distributed
2016) gradients, b- parameter (the number of diffusion-sensitizing
value shells and diffusion- gradients defined in terms of
sensitizing gradients as well) CV < 0.05 to a reference is
leads to an augmentation of given by 10 x b/b;
the apparent axon diameter (b, =1000 s/mm?) for a
and reduction of the mean typical SNR ~ 20 measured at
value of the non-Gaussianity the baseline. Decreasing the
NG parameter both in the number of gradients increases
Corpus Callosum region at an exponential rate the CV
(Avram et al., MAP-MRI Noise Decreased the SNR (i.e., of the signal
2016) increased noise level) of the (Pieciak et al., MAP-MRI, Gradients Decreasing the number of
signal translates to (1) 2019) MAPL diffusion-sensitizing
overestimations in the RTOP, gradients increases the mean
RTAP, RTPP, NG (including relative error (up to 20% for
NG, and NG ) and (2) 10% measurements out of
underestimations in the PA, 270) and the standard
all in WM regions. The deviation of the RTOP both
measures derived from for the MAP-MRI and MAPL.
projecting the propagator on The mean relative error of the
axes (i.e., RTAP, NG) and RTOP increases
planes (RTPP, NG ) of the approximately linearly in the
anatomical coordinate system function of the subsampled
are more prone to noise than gradients
overall EAP-derived (Aja-Fernandez MAP-MRI, Shells, Increasing the maximal b-
quantities (i.e., RTOP, NG) et al., 2020) MAPL, gradients, b- value parameter (i.e., number
(Schilling et al., QBI Gradients, b- Decreasing the number of RBFs value of shells and gradients) leads
2017) value diffusion-sensitizing to the amplification of
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Table 4 (continued)

Author Modality Factors Relevant reported effects

measures (RTOP, RTAP,
RTPP) independently of the
technique used to estimate
the EAP function (MAP-MRI,
MAPL, RBFs)

Modalities: QBI — Q-ball imaging, SD - spherical deconvolution, NODDI —
neurite orientation dispersion and density imaging, DKI - diffusion kurtosis
imaging, 3CM - three-compartment model, SMT - spherical mean technique,
MAP-MRI - mean apparent propagator MRI, MAPL — Laplacian MAP, RBFs —
radial basis functions, 3D-SHORE - three-dimensional simple harmonic oscil-
lator based reconstruction and estimation, AMICO — accelerated microstructure
imaging via convex optimization.

Measures or properties: MK — mean kurtosis, GFA — generalized fractional
anisotropy, ODF - orientation distribution function, MK — mean kurtosis, KFA —
kurtosis fractional anisotropy, NG — non-Gaussianity, PA — propagator anisot-
ropy, RTOP - return-to-the-origin probability, RTAP - return-to-the-axis prob-
ability, RTPP - return-to-the-plane probability, EAP - ensemble average
propagator.

Others: SH — spherical harmonics, WLS — weighted least squares, NLS — non-
linear least squares, SNR - signal-to-noise ratio, WM — white matter, CV - co-
efficient of variation.

Spherical Harmonics (SHs) decomposition, it sets an upper limit on the
angular frequencies that can be resolved. In clinical conditions, har-
monic degree equals [=8 has been found to enable characterizing
angular properties of the signal. Consequently, at least 45 gradient di-
rections (no. of gradients = (14 1)(I + 2)/2) are necessary to resolve the
angular features of the signal. Further substantial increase in the number
of measurements does not involve notable improvements in the angular
properties of the signal. However, due to imperfections in sampling over
the sphere, a slightly higher number of gradients is typically favored
(Tournier et al., 2013).

The optimal number of gradient directions may also depend on other
factors, such as spatial resolution or the b-value. In Li et al. (2018), the
authors propose a linear formula in terms of the b-value to determine the
minimal number of diffusion-sensitizing gradients that enabled robust
measurement of spherical mean signal. Here, for a common SNR ~ 20
measured at the baseline signal, the number of gradients can be calcu-
lated using the formula no . of gradients = 10 x b/b; (b; = 1000 s/mm>?).
In the signal representations category, the reduction of the number of
encoding directions in the MAP-MRI seems not to affect the EAP mea-
sures significantly at bpax = 6000 s/mm? (Avram et al., 2016). This
study was not confirmed by Fick et al. (2016), where significant de-
teriorations have been observed with the RTOP and RTAP. Further,
Pieciak et al. (2019) has shown that the relative error of the RTOP
measure increases approximately linearly with decreasing the number of
gradients once fixing the maximal b-value parameter.

6.4. Sensitivity to changes in the number of shells and b-values

The number of acquisition shells (i.e., distinct b-values) is yet
another factor that seems to be one of the most critical ones in diffusion
imaging. The optimal b-value(s) and/or the number of shells depend on
the modality to be used by the operator and is a topic of vigorous debate
in the community (Kingsley and Monahan, 2004; Jones, 2007; Tournier
et al.,, 2013; Chuhutin et al., 2017; Hutchinson et al.,, 2017,
Pena-Nogales et al., 2020). In general, higher b-value (i.e., setting larger
g-value leaving the diffusion time constant) causes the acquisition pro-
cess more vulnerable to catch smaller particle motions. On the other
hand, the SNR of collected data drops down as the b-value increases (see
Fig. 7). Therefore, more total number of measurements are typically
favored at high b-value acquisitions.

The selection of the optimal number of shells and b-values depends
on the acquisition goal and planned diffusion MRI techniques to be used.
In the DT-MRI adult brain studies a typical set-up is a single-shell
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acquisition with b-value near 1000 s/mm? while in neonate and infant
brains the b-value at 700 s/mm? is recommended due to higher water
content (O'Donnell and Westin, 2011; Pannek et al., 2012). In DKI, the
situation is more complex as the optimal maximal b-value seems to
depend on a tissue type to be quantified. For example, the b-value of
about 2500 s/mm? has been found to be optimal in WM areas while
b-values less than 1000 s/mm? achieves the minimum error in GM re-
gions (Chuhutin et al., 2017). Higher b-values in the range of
2000-4000 s/mm? are satisfactory for spherical deconvolution (Tour-
nier et al., 2008, 2013; Schilling et al., 2017), mixture models such as the
multi-tensor (Tuch et al., 2002), Q-Ball imaging (Kuo et al., 2008) or
NODDI (Parvathaneni et al., 2018).

Even higher maximal b-values about 6000 s/mm? are beneficial for
clinical applications using the MAP-MRI framework (Avram et al.,
2016). Just as importantly, most of the studies on optimal b-value(s) are
purely empirical as they evaluate a set of configurations and select the
optimal set-up in terms of precision and accuracy of derived quantitative
parameters. Recently, Pena-Nogales et al. (2020) proposed a new
framework to obtain a set of optimal b-values for the Apparent Diffusion
Coefficient (ADC) imaging in the liver using a Cramér-Rao lower bound
based analysis under Rician noise distribution.

Altering the b-value typically influences parametric signal repre-
sentation and diffusion MRI studies. For example, Hutchinson et al.
(2017) observed significant changes in the mean kurtosis (MK) and
fractional anisotropy (KFA) under a varying number of shells and
maximal b-value. In particular, the KFA seems to be highly positively
biased when the maximal b-value decreases leading to a lack of
distinction between WM and GM areas. Tournier et al. (2013) has shown
a functional dependence of the spherical harmonics (SHs) coefficients on
the b-value parameter in g-ball imaging and spherical deconvolution, i.
e., the reconstructed signal profile becomes sharper as the b-value in-
creases. In practice, the acquisition at b =3000s/mm? with harmonic
degree set to [ =8 is enough to capture the angular properties of the
diffusion signal with both techniques. Notice here that the dependence
of signal profile on the b-value had been revealed earlier for two
diffusion-tensor compartments by Alexander et al. (2001). Concerning
the Q-ball imaging, Schilling et al. (2017) observed that increasing the
b-value parameter results in an enlarged estimate of crossing fiber
fraction in the WM voxels independently of the SHs order used to
reconstruct the orientation distribution functions (ODFs).

In multi-shell acquisitions, various studies have also examined how
the changes in maximal b-value and number of shells affect the precision
and reproducibility of quantitative metrics. For instance, in the Lap-
lacian MAP-MRI (MAPL) technique, Fick et al. (2016) observed
increased estimates of apparent axon diameter and decreased mean
value of non-Gaussianity parameter over the corpus callosum when
reducing the maximal b-value. When compared to histological studies,
the apparent axon diameter seems to be overestimated even at the order
of magnitude. This is likely due to the relatively moderate value of the
peak gradient strength used to acquire the HCP MGH data, i.e.,
100 mT/m (Van Essen et al., 2012). Microstructural-related measures
obtained from the MAP-MRI framework, such as the RTOP, RTAP, or
RTPP, were observed to be rather stable across a different number of
shells and maximal b-value (Hutchinson et al., 2017). However, these
results are in contradiction to a recent paper by Aja-Fernandez et al.
(2020), where a systematic functional dependence of all three parame-
ters with an increasing number of shells and maximal b-value has been
observed for the HCP MGH data. Most notably, significant over-
estimations in the EAP-derived microstructural indices have been
recognized when including the fourth shell at b =10, 000 s/mm?2. This
unstable behavior of the quantities across the maximal b-value has been
observed despite the methodology used to calculate the EAP function, as
verified with the MAP-MRI (Ozarslan et al., 2013), MAPL (Fick et al.,
2016), and Radial Basis Functions (Ning et al., 2015b). In Fig. 8 we show
the RTOP and RTAP measures obtained from the MAPL framework on an
axial slice of HCP MGH data. The quantities have been calculated using
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Fig. 9. Comparison of DT-MRI-based mean diffusivity to the average sample diffusion measure (ASD) and fractional anisotropy to the diffusion coefficient of
variation (CVD) all obtained from 30 diffusion-sensitizing gradient directions and b= 1000 s/mm? The ASD and CVD measures were derived directly from the q-
space data representation. The Pearson correlation coefficients equal 0.99988 and 0.97501 for diffusivity and anisotropy measures, respectively.

three different maximal b-values particularly b=3000s/mm?
b=15000s/mm? and b= 10, 000 s/mm? corresponding to two-, three-
and four-shells acquisition, respectively.

In Table 4 we summarize some recent studies on experimental factors
and their possible consequences in non-Gaussian diffusion MRI.

As unveiled in this section, the optimal b-value(s) set-up depends on
many factors, including the modality to be used, fitting procedure, tis-
sue, and the study group to be imaged (i.e., neonates, infants or adults).
Thus, any diffusion MRI data collection should be preceded by a sys-
tematic literature review in order to choose the optimal acquisition
protocol.

6.5. Managing experimental factors

As highlighted in earlier sections, numerous experimental factors
interfere with diffusion MRI studies to a varying extent. Therefore,
considerable care must be taken when analyzing the data collected
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under various acquisition conditions. The solutions to address the un-
wanted experimental effects fall into two categories, particularly the
techniques that calculate unbiased measures and data harmonization
protocols.

The former group includes alternative measures that can be obtained
for example from the g-space domain data representation (Wu and
Alexander, 2007; Wu et al., 2008; Aja-Fernandez et al., 2018; Pieciak
et al.,, 2019; Aja-Fernandez et al., 2019; Aja-Fernandez et al., 2020).
Illustrative examples are the average sample diffusion (ASD) and the
diffusion coefficient of variation (CVD). Both measures, by definition,
are insensitive to changes in the number of diffusion gradient directions
and the b-value (Aja-Fernandez et al., 2018). These two indices are
defined directly in the g-space domain, and for regularly sampled data
over the sphere can be expressed as follows:

=
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where E(q;) =S(b; x;)/S(b = 0;x;) is the normalized diffusion-weighted
signal, x; is the spatial location in i-th direction, Ny is the number of
diffusion-sensitizing gradients and V(-) is the sample variance.

The ASD measure provides a substitute for the mean diffusivity. The
CVD tells about the variate of diffusion inside a single voxel, thus can be
related to the fractional anisotropy. In Fig. 9, we compare the DT-MRI-
related quantities to the above-mentioned unbiased measures derived
directly from the q-space representation of the signal at b = 1000 s/mm?.
Both g-space measures exhibit high correlations expressed by the
Pearson correlation coefficient, to the DT-MRI based parameters over
the foreground area.

The alternative measures should exhibit unbiasedness in terms of one
or multiple factors such as the noise (e.g., the expectation of log-Rician
random variable is assumed to be unbiased for high SNR; see Aja--
Fernandez et al., 2018), the number of diffusion-sensitizing gradients or
the b-value. Besides, they should provide new diagnostic information
(see Aja-Fernandez et al., 2019) previously hindered by other techniques
or exhibit high correlations to community accepted quantities for
instance DT-MRI-based parameters (Aja-Fernandez et al., 2018) or
microstructural quantities derived from the MAP-MRI model like the
RTOP, RTAP, and RTPP (Pieciak et al., 2019; Aja-Fernandez et al.,
2020).

The latter group includes data harmonization methods. Under the
term data harmonization, we define any mathematical algorithm or sta-
tistical tool that transforms the data to suppress the experimental factors
that arose from diverse data acquisition protocols or centers (Zhu et al.,
2018; Huynh et al., 2019a; Mirzaalian et al., 2016). Data harmonization
enables us to compare and pool the data acquired across multiple centers
and thus to evaluate rare cases not always geographically available to be
scanned in the same place. Moreover, data harmonization protocols
allow testing if the found effects are seen in a single cohort, or they are
regularly observed in the population (Zhu et al., 2018).

Diffusion MRI data collected from various scanners may vary in
many aspects including the vendor used to scan the subject or object,
acquisition set-up (e.g., sequence, number, and distribution of diffusion-
sensitizing gradients, b-value(s), etc.) and computational algorithms
used to reconstruct the data (e.g., GRAPPA, SENSE and their modifica-
tions). In the intra-scanner session, one also observes inherent scanner
instabilities, such as the static magnetic field inhomogeneity and eddy
currents distortions (Bruce et al., 2018) or Gibbs ringing artifacts (Per-
rone et al., 2015; Veraart et al., 2016a). Besides, the data before the
analysis might be corrected using different non-standardized
algorithms.

In recent years, various quality assurance protocols for multi-center
studies have been proposed (Belli et al., 2016; Zhou et al., 2017). These
procedures enable to assess the reliability of diffusion MRI metrics
across scanners before initiating any multifaceted studies. For instance,
Helmer et al. (2016) proposed a histogram distance-based method to
explore within- and between site effects. This procedure allows verifying
whether the data coming from intra- and inter-scanner trials with
different vendors and acquisition parameters stay in acceptable limits.

To harmonize the data, we can recognize parametric (Mirzaalian
et al.,, 2016; Huynh et al., 2019a; Karayumak et al., 2019) and deep
learning-based algorithms (Nath et al., 2018, 2019). For instance, Mir-
zaalian et al. (2016) proposed the multi-site harmonization pipeline that
enables to correct differences between different scanners. To this end,
they register each diffusion volume to a common template, convert
diffusion MRI signal to the SH basis and calculate rotation invariant
spherical harmonic features followed by a voxelwise correction. This
correction is done by scaling each SH energy band with the known en-
ergy band difference between each scanner. Different work by Huynh
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et al. (2019a) harmonizes diffusion MRI data directly in the space of
diffusion-weighted signal via the method of moments estimating a linear
mapping function.

All in all, many factors may lead to variabilities in inter- and intra-
scanner diffusion MRI scans both at the acquisition set-up and data
preprocessing levels. All these factors make multi-center comparison
and data pooling difficult, introducing a certain degree of variability to
the analysis. As a response to weak statistical power and reproducibility
of neuroimaging studies, the community has started developing diffu-
sion MRI data harmonization protocols.

7. Conclusion

Despite the great amount of information that we get from micro-
structure imaging, the available biophysical models are oversimplified.
There are simplifying assumptions such as fixing the diffusivities, fixing
the axon diameter distribution, neglecting the effect of exchange,
perfectly aligned cylinders, tortuosity constraint, and so on. These
simplifications may bias the estimation of the remaining parameters.
Adding more parameters to the model makes fitting more complicated
and unstable. The recent trend toward computational models may help
to capture the effects of undulation, exchange, branching, and tortuosity
(Nedjati-Gilani et al., 2017; Silva et al., 2002).

Most published works have collected data using the SDE approach,
however advanced acquisition methods may increase the sensitivity to
tissue features. There are clear benefits to using special sequences. For
example, the OGSE improves the sensitivity to axon diameter in the
presence of orientation dispersion (Drobnjak et al., 2016). DDE and QTE
can disentangle microscopic anisotropy from distributed microscopic
pore size which we cannot distinguish using simple SDE (Mitra, 1995;
Ozarslan and Basser, 2008; Ozarslan, 2009; Jespersen et al., 2013; Lasic¢
et al., 2014; Szczepankiewicz et al., 2016). The DDE improves the
sensitivity to exchange (Callaghan and Furo, 2004; Nilsson et al., 2013;
Lasic et al., 2011). Using more reliable methods of fitting improves the
precision of the parameter maps. The dictionary-based approaches are
faster than nonlinear methods and are good for the estimation of pa-
rameters if we have a large database of images.

Except for the sequence and representation or model selection to be
used of no lesser importance are other factors that can interfere with
diffusion signal and quantitative studies. The noise in diffusion signal
magnitude is signal-dependent and in parallel acquisitions, it typically
follows a non-stationary behaviour (Tabelow et al., 2015; Aja-Fernandez
and Vegas-Sanchez-Ferrero, 2016; Pieciak et al., 2017). Hence, a proper
spatially-variant noise estimation algorithm (see Tabelow et al., 2015;
Aja-Fernandez et al., 2015; Veraart et al., 2016b; Pieciak et al., 2016,
2017) should be used to feed the adaptive filtering algorithm (Veraart
et al., 2016¢; St-Jean et al., 2016; Pieciak et al., 2018; Chen et al.,
2019a). To that end, considerable attention must be paid when choosing
a proper denoising algorithm as contrary to structural imaging; any
noise-induced bias can alter the quantitative studies (Jones and Basser,
2004; Lauzon et al., 2013; Gahm et al., 2014; Pizzolato et al., 2016;
Gilani and Johnson, 2019; Pieciak et al., 2018).

Numerous experimental factors might affect the diffusion signal with
particular attention to changes in the number of gradient directions,
acquisition shells, b-value(s), and the SNR of the signal. Extreme caution
must be used when choosing the estimation approach in the DT-MRI as
the classical WLS approach, and NLS might introduce a systematic bias
to the measures when increasing the number of gradient directions
(Veraart et al., 2013b). In HARDI methods, at least 45 gradient di-
rections with the SHs harmonic degree at [ = 8 are required to retrieve
the angular properties of the signal (Tournier et al., 2013). Experimental
factors can significantly alter the diffusion signal, e.g., decreasing the
number of gradients introduces a positive bias to the GFA (Schilling
et al., 2017) and linearly increases the mean relative error to the RTOP
(Pieciak et al., 2019), changes in the number of shells (gradients and the
b-value) is critical to the quantitative measures including the KFA, NG,
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PA, RTOP, RTAP, RTPP, and apparent axon diameter estimation
(Hutchinson et al., 2017; Aja-Fernandez et al., 2020; Fick et al., 2016),
the low SNR affect the microstructural (i.e., RTOP, RTAP, RTPP) and
non-Gaussianity (NG, NGy, NG ) measures (Avram et al., 2016). To deal
with experimental factors one can use either the unbiased measures
defined directly over the g-space domain (Wu et al., 2008; Aja--
Fernandez et al., 2018; Pieciak et al., 2019; Aja-Fernandez et al., 2020)
or employ harmonization protocols to pool the data across multiple
sources (Mirzaalian et al., 2016; Huynh et al., 2019a).

Author contributions

Maryam Afzali: Conceptualization, writing — original draft prepa-
ration, Investigation. Tomasz Pieciak: Conceptualization, writing —
original draft preparation, investigation, visualization. Sharlene New-
man: Writing — reviewing and editing. Eleftherios Garifallidis: Writing
- reviewing and editing. Evren Ozarslan: Conceptualization, writing —
reviewing and editing, validation, investigation. Hu Cheng: Writing —
reviewing and editing. Derek K Jones: Writing — reviewing and editing,
validation, supervision.

Declarations of interest

None.

Acknowledgements

The data used for Fig. 5 were acquired at the UK National Facility for
In Vivo MR Imaging of Human Tissue Microstructure funded by the
EPSRC (grant EP/M029778/1), and The Wolfson Foundation. Maryam
Afzali and Derek K. Jones were supported by a Wellcome Trust Inves-
tigator Award (096646/Z/11/Z) and a Wellcome Trust Strategic Award
(104943/Z/14/7). Tomasz Pieciak acknowledges the Polish National
Agency for Academic Exchange for grant PN/BEK/2019/1/00421 under
the Bekker programme and the Ministry of Science and Higher Educa-
tion (Poland) under the scholarship for outstanding young scientists.
Evren Ozarslan was supported by the Linkoping University Center for
Industrial Information Technology (CENIIT, Sweden), VINNOVA/
ITEA3 17021 IMPACT (Sweden/Netherlands), Swedish Foundation for
Strategic Research AM13-0090, and the Swedish Research Council
2016-04482. Eleftherios Garifallidis is supported by the NIH
1R01EB027585 grant. The authors would like to thank Mark Drakesmith
for his feedback on the manuscript.

References

Abe, O., Aoki, S., Hayashi, N., Yamada, H., Kunimatsu, A., Mori, H., Yoshikawa, T.,
Okubo, T., Ohtomo, K., 2002. Normal aging in the central nervous system:
quantitative MR diffusion-tensor analysis. Neurobiol. Aging 23 (3), 433-441.

Aboitiz, F., Scheibel, A.B., Fisher, R.S., Zaidel, E., 1992. Fiber composition of the human
corpus callosum. Brain Res. 598 (1-2), 143-153.

Afzali, M., Aja-Fernandez, S., Jones, D.K., 2020. Direction-averaged diffusion-weighted
MRI signal using different axisymmetric b-tensor encoding schemes. Magn. Reson.
Med.

Afzali, M., Soltanian-Zadeh, H., Elisevich, K.V., 2011. Tract based spatial statistical
analysis and voxel based morphometry of diffusion indices in temporal lobe epilepsy.
Comput. Biol. Med. 41 (12), 1082-1091.

Afzali, M., Yolcu, C., Ozarslan, E., 2015. Characterizing diffusion anisotropy for
molecules under the influence of a parabolic potential: a plausible alternative to DTI.
Proc. Intl. Soc. Mag. Reson. Med., vol. 23 2795.

Aja-Fernandez, S., Brion, V., Tristdn-Vega, A., 2013. Effective noise estimation and
filtering from correlated multiple-coil MR data. Magn. Reson. Imaging 31 (2),
272-285.

Aja-Fernandez, S., Krissian, K., 2008. An unbiased non-local means scheme for DWI
filtering. Proceedings of the Medical Image Computing and Computer Assisted
Intervention: Workshop on Computational Diffusion MRI, Citeseer 277-284.

Aja-Fernandez, S., de Luis-Garcia, R., Afzali, M., Molendowska, M., Pieciak, T., Tristan-
Vega, A., 2020. Microstructure diffusion scalar measures from reduced MRI
acquisitions. PLOS ONE 15 (3). https://doi.org/10.1101/772897.

Aja-Fernandez, S., Pieciak, T., Tristan-Vega, A., Vegas-Sanchez-Ferrero, G., Molina, V.,
de Luis-Garcia, R., 2018. Scalar diffusion-MRI measures invariant to acquisition

22

Journal of Neuroscience Methods 347 (2021) 108951

parameters: a first step towards imaging biomarkers. Magn. Reson. Imaging 54,
194-213.

Aja-Fernandez, S., Pieciak, T., Vegas-Sanchez-Ferrero, G., et al., 2015. Spatially variant
noise estimation in MRI: a homomorphic approach. Med. Image Anal. 20 (1),
184-197.

Aja-Fernandez, S., Tristan-Vega, A., Alberola-Lépez, C., 2009. Noise estimation in single-
and multiple-coil magnetic resonance data based on statistical models. Magn. Reson.
Imaging 27 (10), 1397-1409.

Aja-Fernandez, S., Tristdan-Vega, A., Hoge, W.S., 2011. Statistical noise analysis in
GRAPPA using a parametrized noncentral Chi approximation model. Magn. Reson.
Med. 65 (4), 1195-1206.

Aja-Fernandez, S., Tristan-Vega, A., Molendowska, M., Pieciak, T., de Luis-Garcia, R.,
2019. Return-to-axis probability calculation from single-shell acquisitions.
International Conference on Medical Image Computing and Computer-Assisted
Intervention 29-41.

Aja-Fernandez, S., Vegas-Sanchez-Ferrero, G., 2016. Statistical analysis of noise in MRI.
Springer International Publishing, Switzerland.

Aja-Fernandez, S., Vegas-Sanchez-Ferrero, G., Tristan-Vega, A., 2014. Noise estimation in
parallel MRI: GRAPPA and SENSE. Magn. Reson. Imaging 32 (3), 281-290.

Alexander, A.L., Hasan, K.M., Lazar, M., Tsuruda, J.S., Parker, D.L., 2001. Analysis of
partial volume effects in diffusion-tensor MRI. Magn. Reson. Med. 45 (5), 770-780.

Alexander, D.C., 2008. A general framework for experiment design in diffusion MRI and
its application in measuring direct tissue-microstructure features. Magn. Reson. Med.
60 (2), 439-448.

Alexander, D.C., Dyrby, T.B., Nilsson, M., Zhang, H., 2019. Imaging brain microstructure
with diffusion MRI: practicality and applications. NMR Biomed. 32 (4), e3841.
Alexander, D.C., Hubbard, P.L., Hall, M.G., Moore, E.A., Ptito, M., Parker, G.J., Dyrby, T.
B., 2010. Orientationally invariant indices of axon diameter and density from

diffusion MRI. Neuroimage 52 (4), 1374-1389.

Alimi, A., Deslauriers-Gauthier, S., Matuschke, F., Miiller, A., Muenzing, S.E., Axer, M.,
Deriche, R., 2020. Analytical and fast fiber orientation distribution reconstruction in
3d-polarized light imaging. Med. Image Anal. 101760.

Anderson, A.W., 2005. Measurement of fiber orientation distributions using high angular
resolution diffusion imaging. Magn. Reson. Med. 54 (5), 1194-1206.

Ankele, M., Schultz, T., 2015. Quantifying microstructure in fiber crossings with
diffusional kurtosis. International Conference on Medical Image Computing and
Computer-Assisted Intervention 150-157.

Ankele, M.P., 2019. Higher-Order Tensors and Differential Topology in Diffusion MRI
Modeling and Visualization (Ph.D. thesis). Universitats-und Landesbibliothek Bonn.

;\slund, 1., Nowacka, A., Nilsson, M., Topgaard, D., 2009. Filter-exchange PGSE NMR
determination of cell membrane permeability. J. Magn. Reson. 200 (2), 291-295.

Assaf, Y., Basser, P.J., 2005. Composite hindered and restricted model of diffusion
(CHARMED) MR imaging of the human brain. Neuroimage 27 (1), 48-58.

Assaf, Y., Blumenfeld-Katzir, T., Yovel, Y., Basser, P.J., 2008. Axcaliber: a method for
measuring axon diameter distribution from diffusion MRI. Magn. Reson. Med. 59 (6),
1347-1354.

Assaf, Y., Freidlin, R.Z., Rohde, G.K., Basser, P.J., 2004. New modeling and experimental
framework to characterize hindered and restricted water diffusion in brain white
matter. Magn. Reson. Med. 52 (5), 965-978.

Assaf, Y., Mayk, A., Cohen, Y., 2000. Displacement imaging of spinal cord using q-space
diffusion-weighted MRI. Magn. Reson. Med. 44 (5), 713-722.

Avram, A.V., Ozarslan, E., Sarlls, J.E., Basser, P.J., 2013. In vivo detection of microscopic
anisotropy using quadruple pulsed-field gradient (qQPFG) diffusion MRI on a clinical
scanner. Neuroimage 64, 229-239. https://doi.org/10.1016/j.
neuroimage.2012.08.048.

Avram, A.V., Sarlls, J.E., Barnett, A.S., Ozarslan, E., Thomas, C., Irfanoglu, M.O.,
Hutchinson, E., Pierpaoli, C., Basser, P.J., 2016. Clinical feasibility of using mean
apparent propagator (MAP) MRI to characterize brain tissue microstructure.
Neuroimage 127, 422-434.

Avram, L., Ozarslan, E., Assaf, Y., Bar-Shir, A., Cohen, Y., Basser, P.J., 2008. Three-
dimensional water diffusion in impermeable cylindrical tubes: theory versus
experiments. NMR Biomed. 21 (8), 888-898.

Balls, G.T., Frank, L.R., 2009. A simulation environment for diffusion weighted MR
experiments in complex media. Magn. Reson. Med. 62 (3), 771-778.

Barazany, D., Basser, P.J., Assaf, Y., 2009. In vivo measurement of axon diameter
distribution in the corpus callosum of rat brain. Brain 132 (5), 1210-1220.

Barazany, D., Jones, D., Assaf, Y., 2011. Axcaliber 3d. Proc. Int. Soc. Magn. Reson. Med.
vol. 19, 76.

Barrio-Arranz, G., de Luis-Garcia, R., Tristan-Vega, A., Martin-Fernandez, M., Aja-
Fernandez, S., 2015. Impact of MR acquisition parameters on DTI scalar indexes: a
tractography based approach. PLoS ONE 10 (10).

Baselice, F., Ferraioli, G., Pascazio, V., Sorriso, A., 2017. Bayesian MRI denoising in
complex domain. Magn. Reson. Imaging 38, 112-122.

Basser, P.J., 2002. Relationships between diffusion tensor and q-space MRI. Magn.
Reson. Med. 47, 392-397.

Basser, P.J., Mattiello, J., LeBihan, D., 1994a. Estimation of the effective self-diffusion
tensor from the NMR spin echo. J. Magn. Reson. Ser. B 103 (3), 247-254.

Basser, P.J., Mattiello, J., LeBihan, D., 1994b. MR diffusion tensor spectroscopy and
imaging. Biophys. J. 66 (1), 259.

Basser, P.J., Pajevic, S., Pierpaoli, C., Duda, J., Aldroubi, A., 2000. In vivo fiber
tractography using DT-MRI data. Magn. Reson. Med. 44 (4), 625-632.

Bastiani, M., Cottaar, M., Dikranian, K., Ghosh, A., Zhang, H., Alexander, D.C.,
Behrens, T.E., Jbabdi, S., Sotiropoulos, S.N., 2017. Improved tractography using
asymmetric fibre orientation distributions. Neuroimage 158, 205-218.

Baumann, N., Pham-Dinh, D., 2001. Biology of oligodendrocyte and myelin in the
mammalian central nervous system. Physiol. Rev. 81 (2), 871-927.


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0010
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0010
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0015
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0015
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0015
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0035
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0035
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0035
https://doi.org/10.1101/772897
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0055
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0055
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0055
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0060
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0060
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0060
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0065
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0065
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0065
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0065
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0070
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0070
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0075
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0075
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0080
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0080
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0085
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0085
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0085
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0090
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0090
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0095
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0095
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0095
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0100
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0100
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0100
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0105
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0105
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0110
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0110
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0110
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0115
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0115
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0120
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0120
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0125
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0125
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0130
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0130
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0130
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0135
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0135
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0135
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0140
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0140
https://doi.org/10.1016/j.neuroimage.2012.08.048
https://doi.org/10.1016/j.neuroimage.2012.08.048
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0150
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0150
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0150
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0150
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0155
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0155
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0155
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0160
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0160
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0165
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0165
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0170
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0170
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0180
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0180
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0185
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0185
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0190
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0190
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0195
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0195
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0200
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0200
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0205
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0205
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0205
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0210
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0210

M. Afzali et al.

Beaulieu, C., Allen, P.S., 1994. Determinants of anisotropic water diffusion in nerves.
Magn. Reson. Med. 31 (4), 394-400.

Behrens, T.E., Berg, H.J., Jbabdi, S., Rushworth, M.F., Woolrich, M.W., 2007.
Probabilistic diffusion tractography with multiple fibre orientations: what can we
gain? Neuroimage 34 (1), 144-155.

Behrens, T.E., Woolrich, M.W., Jenkinson, M., Johansen-Berg, H., Nunes, R.G., Clare, S.,
Matthews, P.M., Brady, J.M., Smith, S.M., 2003. Characterization and propagation of
uncertainty in diffusion-weighted MR imaging. Magn. Reson. Med. 50 (5),
1077-1088.

Belli, G., Busoni, S., Ciccarone, A., Coniglio, A., Esposito, M., Giannelli, M., Mazzoni, L.
N., Nocetti, L., Sghedoni, R., Tarducci, R., et al., 2016. Quality assurance multicenter
comparison of different MR scanners for quantitative diffusion-weighted imaging.
J. Magn. Reson. Imaging 43 (1), 213-219.

Benga, G., Pop, V.I, Popescu, O., Borza, V., 1990. On measuring the diffusional water
permeability of human red blood cells and ghosts by nuclear magnetic resonance.
J. Biochem. Biophys. Methods 21 (2), 87-102. https://doi.org/10.1016/0165-022x
(90)90057-j.

Benga, G., Pop, V.I., Popescu, O., Hodarnau, A., Borza, V., Presecan, E., 1987. Effects of
temperature on water diffusion in human erythrocytes and ghosts — nuclear
magnetic resonance studies. Biochim. Biophys. Acta 905, 339-348.

Benjamini, D., Komlosh, M.E., Basser, P.J., Nevo, U., 2014. Nonparametric pore size
distribution using d-PFG: comparison to s-PFG and migration to MRI. J. Magn.
Reson. 246, 36-45.

Bouhrara, M., Bonny, J.M., Ashinsky, B.G., Maring, M.C., Spencer, R.G., 2016. Noise
estimation and reduction in magnetic resonance imaging using a new multispectral
nonlocal maximum-likelihood filter. I[EEE Trans. Med. Imaging 36 (1), 181-193.

Boujraf, S., Luypaert, R., Eisendrath, H., Osteaux, M., 2001. Echo planar magnetic
resonance imaging of anisotropic diffusion in asparagus stems. Magn. Reson. Mater.
Phys. Biol. Med. 13 (2), 82-90.

Braak, H., Braak, E., 1995. Staging of Alzheimer’s disease-related neurofibrillary
changes. Neurobiol. Aging 16 (3), 271-278.

Brabec, J., Lasic, S., Nilsson, M., 2019. Time-dependent diffusion in undulating
structures: impact on axon diameter estimation arXiv preprint arXiv:190304536.

Brooks, J.C.W., Faull, O.K., Pattinson, K.T., Jenkinson, M., 2013. Physiological noise in
brainstem fMRI. Front. Hum. Neurosci. 7, 623.

Brubaker, C.J., Schmithorst, V.J., Haynes, E.N., Dietrich, K.N., Egelhoff, J.C.,
Lindquist, D.M., Lanphear, B.P., Cecil, K.M., 2009. Altered myelination and axonal
integrity in adults with childhood lead exposure: a diffusion tensor imaging study.
Neurotoxicology 30 (6), 867-875.

Bruce, L.P., Petty, C., Song, A.W., 2018. Simultaneous and inherent correction of BO and
eddy-current induced distortions in high-resolution diffusion MRI using reversed
polarity gradients and multiplexed sensitivity encoding (RPG-MUSE). Neuroimage
183, 985-993.

Burcaw, L.M., Fieremans, E., Novikov, D.S., 2015. Mesoscopic structure of neuronal
tracts from time-dependent diffusion. Neuroimage 114, 18-37.

Buzsdki, G., Logothetis, N., Singer, W., 2013. Scaling brain size, keeping timing:
evolutionary preservation of brain rhythms. Neuron 80 (3), 751-764.

Callaghan, P.T., 1991. Principles of Nuclear Magnetic Resonance Microscopy. Oxford
Science Publications, Corby e 60.00, 492 pp., hardcover, ISBN 0-19-853944-4.
Callaghan, P., Eccles, C., Xia, Y., 1988. NMR microscopy of dynamic displacements: k-

space and g-space imaging. J. Phys. E: Sci. Instr. 21 (8), 820.

Callaghan, P., Jolley, K., Lelievre, J., 1979. Diffusion of water in the endosperm tissue of
wheat grains as studied by pulsed field gradient nuclear magnetic resonance.
Biophys. J. 28 (1), 133-141.

Callaghan, P.T., 1993. Principles of Nuclear Magnetic Resonance Microscopy. Oxford
University Press on Demand.

Callaghan, P.T., 2011. Translational Dynamics and Magnetic Resonance: Principles of
Pulsed Gradient Spin Echo NMR. Oxford University Press, New York.

Callaghan, P.T., Coy, A., MacGowan, D., Packer, K.J., Zelaya, F.O., 1991. Diffraction-like
effects in NMR diffusion studies of fluids in porous solids. Nature 351, 467-469.

Callaghan, P.T., Furd, I., 2004. Diffusion—diffusion correlation and exchange as a
signature for local order and dynamics. J. Chem. Phys. 120 (8), 4032-4038. https://
doi.org/10.1063/1.1642604.

Callaghan, P.T., Godefroy, S., Ryland, B.N., 2003. Use of the second dimension in PGSE
NMR studies of porous media. Magn. Reson. Imaging 21 (3-4), 243-248. https://doi.
org/10.1016/50730-725x(03)00131-0.

Callaghan, P.T., Stepisnik, J., 1995. Frequency-Domain Analysis of Spin Motion Using
Modulated-Gradient NMR.

Caminiti, R., Ghaziri, H., Galuske, R., Hof, P.R., Innocenti, G.M., 2009. Evolution
amplified processing with temporally dispersed slow neuronal connectivity in
primates. Proc. Natl. Acad. Sci. pnas-0907655106.

Cetin Karayumak, S., Ozarslan, E., Unal, G., 2018. Asymmetric orientation distribution
functions (AODFs) revealing intravoxel geometry in diffusion MRI. Magn. Reson.
Imaging 49, 145-158. https://doi.org/10.1016/j.mri.2018.03.006.

Chen, G., Dong, B., Zhang, Y., Lin, W., Shen, D., Yap, P.T., 2019a. Denoising of diffusion
MRI data via graph framelet matching in xq space. IEEE Trans. Med. Imaging 38
(12), 2838-2848.

Chen, G., Wu, Y., Shen, D., Yap, P.T., 2019b. Noise reduction in diffusion MRI using non-
local self-similar information in joint x-q space. Med. Image Anal. 53, 79-94.

Cheng, H., Newman, S., Afzali, M., Fadnavis, S.S., Garyfallidis, E., 2020. Segmentation of
the brain using direction-averaged signal of DWI images. Magn. Reson. Imaging.

Cheng, Y., Cory, D.G., 1999. Multiple scattering by NMR. J. Am. Chem. Soc. 121,
7935-7936.

Choe, A., Stepniewska, L., Colvin, D., Ding, Z., Anderson, A., 2012. Validation of diffusion
tensor MRI in the central nervous system using light microscopy: quantitative
comparison of fiber properties. NMR Biomed. 25 (7), 900-908.

23

Journal of Neuroscience Methods 347 (2021) 108951

Chuhutin, A., Hansen, B., Jespersen, S.N., 2017. Precision and accuracy of diffusion
kurtosis estimation and the influence of b-value selection. NMR Biomed. 30 (11),
e3777.

Coelho, S., Pozo, J.M., Jespersen, S.N., Jones, D.K., Frangi, A.F., 2019. Resolving
degeneracy in diffusion MRI biophysical model parameter estimation using double
diffusion encoding. Magn. Reson. Med. 82 (1), 395-410.

Constantinides, C.D., Atalar, E., McVeigh, E.R., 1997. Signal-to-noise measurements in
magnitude images from NMR phased arrays. Magn. Reson. Med. 38 (5), 852-857.

Conturo, T.E., Lori, N.F., Cull, T.S., Akbudak, E., Snyder, A.Z., Shimony, J.S.,
McKinstry, R.C., Burton, H., Raichle, M.E., 1999. Tracking neuronal fiber pathways
in the living human brain. Proc. Natl. Acad. Sci. 96 (18), 10422-10427.

Cordero-Grande, L., Christiaens, D., Hutter, J., Price, A.N., Hajnal, J.V., 2019. Complex
diffusion-weighted image estimation via matrix recovery under general noise
models. Neuroimage 200, 391-404.

Cory, D., Garroway, A., Miller, J., 1990. Applications of spin transport as a probe of local
geometry. Abstracts of Papers of the American Chemical Society. Amer. Chemical.
Soc., Washington, DC, vol. 199, p. 105-POLY.

Daducci, A., Canales-Rodriguez, E.J., Zhang, H., Dyrby, T.B., Alexander, D.C., Thiran, J.
P., 2015. Accelerated microstructure imaging via convex optimization (AMICO)
from diffusion MRI data. Neuroimage 105, 32-44.

D’Arceuil, H.E., Westmoreland, S., de Crespigny, A.J., 2007. An approach to high
resolution diffusion tensor imaging in fixed primate brain. Neuroimage 35 (2),
553-565.

De Santis, S., Drakesmith, M., Bells, S., Assaf, Y., Jones, D.K., 2014. Why diffusion tensor
MRI does well only some of the time: variance and covariance of white matter tissue
microstructure attributes in the living human brain. Neuroimage 89, 35-44.

De Santis, S., Jones, D.K., Roebroeck, A., 2016. Including diffusion time dependence in
the extra-axonal space improves in vivo estimates of axonal diameter and density in
human white matter. Neuroimage 130, 91-103.

Den Dekker, A., Sijbers, J., 2014. Data distributions in magnetic resonance images: a
review. Phys. Med. 30 (7), 725-741.

Descoteaux, M., Deriche, R., Le Bihan, D., Mangin, J.F., Poupon, C., 2011. Multiple g-
shell diffusion propagator imaging. Med. Image Anal. 15 (4), 603-621.

Dietrich, O., Raya, J.G., Reeder, S.B., Ingrisch, M., Reiser, M.F., Schoenberg, S.0., 2008.
Influence of multichannel combination, parallel imaging and other reconstruction
techniques on MRI noise characteristics. Magn. Reson. Imaging 26 (6), 754-762.

Ding, F., O'Donnell, J., Xu, Q., Kang, N., Goldman, N., Nedergaard, M., 2016. Changes in
the composition of brain interstitial ions control the sleep-wake cycle. Science 352
(6285), 550-555.

Drakesmith, M., Harms, R., Rudrapatna, S.U., Parker, G.D., Evans, C.J., Jones, D.K.,
2019. Estimating axon conduction velocity in vivo from microstructural MRIL.
Neuroimage 203, 116186.

Drobnjak, 1., Alexander, D.C., 2011. Optimising time-varying gradient orientation for
microstructure sensitivity in diffusion-weighted MR. J. Magn. Reson. 212 (2),
344-354.

Drobnjak, I., Siow, B., Alexander, D.C., 2010. Optimizing gradient waveforms for
microstructure sensitivity in diffusion-weighted MR. J. Magn. Reson. 206 (1), 41-51.

Drobnjak, 1., Zhang, H., Ianus, A., Kaden, E., Alexander, D.C., 2016. PGSE, OGSE, and
sensitivity to axon diameter in diffusion MRI: insight from a simulation study. Magn.
Reson. Med. 75 (2), 688-700.

Dyrby, T.B., Baaré, W.F., Alexander, D.C., Jelsing, J., Garde, E., Sggaard, L.V., 2011. An
ex vivo imaging pipeline for producing high-quality and high-resolution diffusion-
weighted imaging datasets. Hum. Brain Mapp. 32 (4), 544-563.

Dyrby, T.B., S? gaard, L.V., Hall, M.G., Ptito, M., Alexander, D.C., 2013. Contrast and
stability of the axon diameter index from microstructure imaging with diffusion MRI.
Magn. Reson. Med. 70 (3), 711-721.

Edén, M., 2003. Computer simulations in solid-state NMR. III. Powder averaging.
Concepts Magn. Reson. Part A: Educ. J. 18 (1), 24-55.

Eriksson, S., Lasi¢, S., Nilsson, M., Westin, C.F., Topgaard, D., 2015. NMR diffusion-
encoding with axial symmetry and variable anisotropy: distinguishing between
prolate and oblate microscopic diffusion tensors with unknown orientation
distribution. J. Chem. Phys. 142 (10), 104201.

Fadi¢, R., Vergara, J., Alvarez, J., 1985. Microtubules and caliber of central and
peripheral processes of sensory axons. J. Comp. Neurol. 236 (2), 258-264.

Fadnavis, S., Farooq, H., Afzali, M., Lenglet, C., Georgiou, T., Cheng, H., Newman, S.,
Rokem, A., Ahmed, S., Henriques, R.N., et al., 2019a. Fitting IVIM with variable
projection and simplicial optimization arXiv preprint arXiv:191000095.

Fadnavis, S., Reisert, M., Farooq, H., Afzali, M., Hu, C., Amirbekian, B., Garyfallidis, E.,
Microlearn:, 2019b. Framework for machine learning, reconstruction, optimization
and microstructure modeling. Proc. Intl. Soc. Mag. Reson. Med.

Farooq, H., Xu, J., Nam, J.W., Keefe, D.F., Yacoub, E., Georgiou, T., Lenglet, C., 2016.
Microstructure imaging of crossing (MIX) white matter fibers from diffusion MRI.
Sci. Rep. 6, 38927.

Fazekas, F., Chawluk, J.B., Alavi, A., Hurtig, H.I., Zimmerman, R.A., 1987. MR signal
abnormalities at 1.5 t in Alzheimer’s dementia and normal aging. Am. J. Roentgenol.
149 (2), 351-356.

Ferizi, U., Scherrer, B., Schneider, T., Alipoor, M., Eufracio, O., Fick, R.H., Deriche, R.,
Nilsson, M., Loya-Olivas, A.K., Rivera, M., et al., 2017. Diffusion MRI microstructure
models with in vivo human brain connectome data: results from a multi-group
comparison. NMR Biomed. 30 (9), e3734.

Fiala, J., Spacek, J., Harris, K., 2007. Dendrite structure. In: Stuart, G., Spruston, N.,
Hausser, M. (Eds.), Dendrites.

Fick, R.H., Wassermann, D., Caruyer, E., Deriche, R., 2016. MAPL: tissue microstructure
estimation using Laplacian-regularized MAP-MRI and its application to HCP data.
Neuroimage 134, 365-385.


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0215
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0215
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0220
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0220
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0220
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0225
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0225
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0225
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0225
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0230
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0230
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0230
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0230
https://doi.org/10.1016/0165-022x(90)90057-j
https://doi.org/10.1016/0165-022x(90)90057-j
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0240
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0240
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0240
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0245
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0245
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0245
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0250
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0250
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0250
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0255
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0255
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0255
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0260
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0260
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0265
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0265
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0270
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0270
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0275
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0275
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0275
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0275
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0280
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0280
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0280
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0280
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0285
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0285
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0290
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0290
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0295
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0295
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0300
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0300
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0305
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0305
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0305
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0310
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0310
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0315
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0315
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0320
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0320
https://doi.org/10.1063/1.1642604
https://doi.org/10.1063/1.1642604
https://doi.org/10.1016/s0730-725x(03)00131-0
https://doi.org/10.1016/s0730-725x(03)00131-0
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0335
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0335
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0340
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0340
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0340
https://doi.org/10.1016/j.mri.2018.03.006
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0350
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0350
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0350
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0355
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0355
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0360
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0360
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0365
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0365
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0370
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0370
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0370
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0375
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0375
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0375
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0380
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0380
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0380
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0385
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0385
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0390
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0390
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0390
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0395
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0395
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0395
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0400
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0400
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0400
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0405
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0405
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0405
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0410
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0410
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0410
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0415
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0415
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0415
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0420
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0420
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0420
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0425
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0425
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0430
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0430
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0435
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0435
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0435
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0440
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0440
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0440
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0445
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0445
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0445
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0450
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0450
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0450
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0455
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0455
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0460
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0460
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0460
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0465
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0465
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0465
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0470
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0470
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0470
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0475
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0475
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0480
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0480
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0480
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0480
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0485
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0485
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0490
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0490
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0490
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0495
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0495
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0495
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0500
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0500
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0500
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0505
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0505
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0505
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0510
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0510
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0510
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0510
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0520
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0520
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0520

M. Afzali et al.

Fieremans, E., Jensen, J.H., Helpern, J.A., 2011. White matter characterization with
diffusional kurtosis imaging. Neuroimage 58 (1), 177-188.

Fieremans, E., Lee, H.H., 2018. Physical and numerical phantoms for the validation of
brain microstructural MRI: a cookbook. Neuroimage 182, 39-61.

Fieremans, E., Veraart, J., Benjamin, A., Filip, S., Nilsson, M., Novikov, D., 2018. Effect of
combining linear with spherical tensor encoding on estimating brain microstructural
parameters. Proceedings of the ISMRM, Paris.

Finsterbusch, J., 2009a. Eddy-current compensated diffusion weighting with a single
refocusing RF pulse. Magn. Reson. Med. 61 (3), 748-754.

Finsterbusch, J., 2009b. Extension of the double-wave-vector diffusion-weighting
experiment to multiple concatenations. J. Magn. Reson. 198 (2), 174-182. https://
doi.org/10.1016/j.jmr.2009.02.003.

Finsterbusch, J., 2011. The parallel-antiparallel signal difference in double-wave-vector
diffusion-weighted MR at short mixing times: a phase evolution perspective.

J. Magn. Reson. 208 (1), 114-121.

Ford, J.C., Hackney, D.B., 1997. Numerical model for calculation of apparent diffusion
coefficients (ADC) in permeable cylinders-comparison with measured ADC in spinal
cord white matter. Magn. Reson. Med. 37 (3), 387-394.

Fried, J., Combarnous, M., 1971. Dispersion in porous media. In: Advances in
Hydroscience, vol. 7. Elsevier, pp. 169-282.

Frigo, M., Fick, R.H., Zucchelli, M., Deslauriers-Gauthier, S., Deriche, R., 2020. Multi
tissue modelling of diffusion MRI signal reveals volume fraction bias. 2020 IEEE
17th International Symposium on Biomedical Imaging (ISBI) 991-994.

Furo, 1., Dvinskikh, S.V., 2002. NMR methods applied to anisotropic diffusion. Magn.
Reson. Chem. 40 (13), S3-S14.

Gahm, J.K., Kindlmann, G., Ennis, D.B., 2014. The effects of noise over the complete
space of diffusion tensor shape. Med. Image Anal. 18 (1), 197-210.

Garyfallidis, E., Brett, M., Amirbekian, B., Rokem, A., Van Der Walt, S., Descoteaux, M.,
Nimmo-Smith, I., 2014. Dipy, a library for the analysis of diffusion MRI data. Front.
Neuroinform. 8, 8.

Gehrmann, J., Matsumoto, Y., Kreutzberg, G.W., 1995. Microglia: intrinsic
immuneffector cell of the brain. Brain Res. Rev. 20 (3), 269-287.

van Gelderen, P., de Vleeschouwer, M.H., DesPres, D., Pekar, J., van Zijl, P.C.,
Moonen, C.T., 1994. Water diffusion and acute stroke. Magn. Reson. Med. 31 (2),
154-163.

Gilani, N., Johnson, G., 2019. Bias in MRI measurements of apparent diffusion coefficient
and kurtosis: implications for choice of maximum diffusion encoding. Appl. Magn.
Reson. 50 (1-3), 47-61.

Gore, J.C., Xu, J., Colvin, D.C., Yankeelov, T.E., Parsons, E.C., Does, M.D., 2010.
Characterization of tissue structure at varying length scales using temporal diffusion
spectroscopy. NMR Biomed. 23 (7), 745-756.

Gray, W.G., 1975. A derivation of the equations for multi-phase transport. Chem. Eng.
Sci. 30 (2), 229-233.

Greiner, A., Wendorff, J.H., 2007. Electrospinning: a fascinating method for the
preparation of ultrathin fibers. Angew. Chem. Int. Ed. 46 (30), 5670-5703.

Griswold, M.A., Jakob, P.M., Heidemann, R.M., Nittka, M., Jellus, V., Wang, J., Kiefer, B.,
Haase, A., 2002. Generalized autocalibrating partially parallel acquisitions
(GRAPPA). Magn. Reson. Med. 47 (6), 1202-1210.

Gudbjartsson, H., Patz, S., 1995. The Rician distribution of noisy MRI data. Magn. Reson.
Med. 34 (6), 910-914.

Gurcan, M.N., Boucheron, L.E., Can, A., Madabhushi, A., Rajpoot, N.M., Yener, B., 2009.
Histopathological image analysis: a review. IEEE Rev. Biomed. Eng. 2, 147-171.

Haije, T.D., Ozarslan, E., Feragen, A., 2020. Enforcing necessary non-negativity
constraints for common diffusion MRI models using sum of squares programming.
Neuroimage 209, 116405.

Hékansson, B., Pons, R., Séderman, O., 1998. Diffraction-like effects in a highly
concentrated w/o emulsion: a PFG NMR study. Magn. Reson. Imaging 16 (5-6),
643-646.

Hall, M.G., Alexander, D.C., 2009. Convergence and parameter choice for Monte-Carlo
simulations of diffusion MRI. IEEE Trans. Med. Imaging 28 (9), 1354-1364.

Harms, R.L., Fritz, F., Tobisch, A., Goebel, R., Roebroeck, A., 2017. Robust and fast
nonlinear optimization of diffusion MRI microstructure models. Neuroimage 155,
82-96.

Heidemann, R.M., Anwander, A., Feiweier, T., Knosche, T.R., Turner, R., 2012. k-space
and g-space: combining ultra-high spatial and angular resolution in diffusion
imaging using ZOOPPA at 7 T. Neuroimage 60 (2), 967-978.

Helmer, K.G., Chou, M.C., Preciado, R., Gimi, B., Rollins, N., Song, A., Turner, J.,
Mori, S., 2016. Multi-site study of diffusion metric variability: characterizing the
effects of site, vendor, field strength, and echo time using the histogram distance.
Medical Imaging 2016: Biomedical Applications in Molecular, Structural, and
Functional Imaging, vol. 9788 97881G.

Henkelman, R.M., 1985. Measurement of signal intensities in the presence of noise in MR
images. Med. Phys. 12 (2), 232-233.

Herberthson, M., Yolcu, C., Knutsson, H., Westin, C.F., Ozarslan, E., 2019.
Orientationally-averaged diffusion-attenuated magnetic resonance signal for locally-
anisotropic diffusion. Sci. Rep. 9 (1), 4899.

Hosseinbor, A.P., Chung, M.K., Wu, Y.C., Alexander, A.L., 2013. Bessel Fourier
orientation reconstruction (BFOR): an analytical diffusion propagator reconstruction
for hybrid diffusion imaging and computation of g-space indices. Neuroimage 64,
650-670.

Houzel, J.C., Milleret, C., Innocenti, G., 1994. Morphology of callosal axons
interconnecting areas 17 and 18 of the cat. Eur. J. Neurosci. 6 (6), 898-917.

Howard, A.F., Mollink, J., Kleinnijenhuis, M., Pallebage-Gamarallage, M., Bastiani, M.,
Cottaar, M., Miller, K.L., Jbabdi, S., 2019. Joint modelling of diffusion MRI and
microscopy. Neuroimage 201, 116014.

24

Journal of Neuroscience Methods 347 (2021) 108951

Hubbard, P.L., Zhou, F.L., Eichhorn, S.J., Parker, G.J., 2015. Biomimetic phantom for the
validation of diffusion magnetic resonance imaging. Magn. Reson. Med. 73 (1),
299-305.

Hui, E.S., Glenn, G.R., Helpern, J.A., Jensen, J.H., 2015. Kurtosis analysis of neural
diffusion organization. Neuroimage 106, 391-403.

Hutchinson, E.B., Avram, A.V., Irfanoglu, M.O., Koay, C.G., Barnett, A.S., Komlosh, M.E.,
Ozarslan, E., Schwerin, S.C., Juliano, S.L., Pierpaoli, C., 2017. Analysis of the effects
of noise, DWI sampling, and value of assumed parameters in diffusion MRI models.
Magn. Reson. Med. 78 (5), 1767-1780.

Huynh, K.M., Chen, G., Wu, Y., Shen, D., Yap, P.T., 2019a. Multi-site harmonization of
diffusion MRI data via method of moments. IEEE Trans. Med. Imaging 38 (7),
1599-1609.

Huynh, K.M., Xu, T., Wu, Y., Thung, K.H., Chen, G., Lin, W., Shen, D., Yap, P.T., 2019b.
Characterizing non-Gaussian diffusion in heterogeneously oriented tissue
microenvironments. International Conference on Medical Image Computing and
Computer-Assisted Intervention 556-563.

Huynh, K.M.,, Xu, T., Wu, Y., Wang, X., Chen, G., Wu, H., Thung, K.H., Lin, W., Shen, D.,
Yap, P.T., 2020. Probing tissue microarchitecture of the baby brain via spherical
mean spectrum imaging. IEEE Trans. Med. Imaging.

Ianus, A., Drobnjak, 1., Alexander, D.C., 2016. Model-based estimation of microscopic
anisotropy using diffusion MRI: a simulation study. NMR Biomed. 29 (5), 672-685.

Tanus, A., Jespersen, S.N., Duarte, T.S., Alexander, D.C., Drobnjak, I., Shemesh, N., 2018.
Accurate estimation of microscopic diffusion anisotropy and its time dependence in
the mouse brain. Neuroimage 183, 934-949.

ITanus, A., Shemesh, N., Alexander, D.C., Drobnjak, 1., 2017. Double oscillating diffusion
encoding and sensitivity to microscopic anisotropy. Magn. Reson. Med. 78 (2),
550-564.

Inglis, B., Bossart, E., Buckley, D., Wirth, E., Mareci, T., 2001. Visualization of neural
tissue water compartments using biexponential diffusion tensor MRI. Magn. Reson.
Med. 45 (4), 580-587.

Innocenti, G.M., Carlén, M., Dyrby, T.B., 2016. The diameters of cortical axons and their
relevance to neural computing. Axons and Brain Architecture. Elsevier, pp. 317-335.

Innocenti, G.M., Vercelli, A., Caminiti, R., 2014. The diameter of cortical axons depends
both on the area of origin and target. Cereb. Cortex 24 (8), 2178-2188.

Inoue, T., Ogasawara, K., Beppu, T., Ogawa, A., Kabasawa, H., 2005. Diffusion tensor
imaging for preoperative evaluation of tumor grade in gliomas. Clin. Neurol.
Neurosurg. 107 (3), 174-180.

Jbabdi, S., Sotiropoulos, S.N., Savio, A.M., Gra na, M., Behrens, T.E., 2012. Model-based
analysis of multishell diffusion MR data for tractography: how to get over fitting
problems. Magn. Reson. Med. 68 (6), 1846-1855.

Jelescu, 1., Veraart, J., Fieremans, E., Novikov, D., 2016. Degeneracy in model parameter
estimation for multi-compartmental diffusion in neuronal tissue. NMR Biomed. 29
(1), 33-47.

Jensen, J.H., Helpern, J.A., Ramani, A., Lu, H., Kaczynski, K., 2005. Diffusional kurtosis
imaging: the quantification of non-Gaussian water diffusion by means of magnetic
resonance imaging. Magn. Reson. Med. 53 (6), 1432-1440.

Jespersen, S.N., Bjarkam, C.R., Nyengaard, J.R., Chakravarty, M.M., Hansen, B.,
Vosegaard, T., (stergaard, L., Yablonskiy, D., Nielsen, N.C., Vestergaard-Poulsen, P.,
2010. Neurite density from magnetic resonance diffusion measurements at ultrahigh
field: comparison with light microscopy and electron microscopy. Neuroimage 49
(1), 205-216.

Jespersen, S.N., Buhl, N., 2011. The displacement correlation tensor: microstructure,
ensemble anisotropy and curving fibers. J. Magn. Reson. 208 (1), 34-43.

Jespersen, S.N., Kroenke, C.D., @stergaard, L., Ackerman, J.J., Yablonskiy, D.A., 2007.
Modeling dendrite density from magnetic resonance diffusion measurements.
Neuroimage 34 (4), 1473-1486.

Jespersen, S.N., Lundell, H., S¢gnderby, C.K., Dyrby, T.B., 2013. Orientationally invariant
metrics of apparent compartment eccentricity from double pulsed field gradient
diffusion experiments. NMR Biomed. 26 (12), 1647-1662.

Jian, B., Vemuri, B.C., Ozarslan, E., Carney, P.R., Mareci, T.H., 2007. A novel tensor
distribution model for the diffusion-weighted MR signal. Neuroimage 37 (1),
164-176.

Jonas, J.B., Miiller-Bergh, J., Schlotzer-Schrehardt, U., Naumann, G., 1990.
Histomorphometry of the human optic nerve. Invest. Ophthalmol. Vis. Sci. 31 (4),
736-744.

Jones, D., 2007. How many shells? Investigating a long held tradition in DT-MRI. Proc.
Intl. Soc. Mag. Reson. Med., vol. 15 4.

Jones, D.K., 2004. The effect of gradient sampling schemes on measures derived from
diffusion tensor MRI: a Monte Carlo study. Magn. Reson. Med. 51 (4), 807-815.

Jones, D.K., 2010. Diffusion MRI. Oxford University Press.

Jones, D.K., Basser, P.J., 2004. “Squashing peanuts and smashing pumpkins™: how noise
distorts diffusion-weighted MR data. Magn. Reson. Med. 52 (5), 979-993.

Just, M., Thelen, M., 1988. Tissue characterization with T1, T2, and proton density
values: results in 160 patients with brain tumors. Radiology 169 (3), 779-785.

Kaden, E., Kelm, N.D., Carson, R.P., Does, M.D., Alexander, D.C., 2016a. Multi-
compartment microscopic diffusion imaging. Neuroimage 139, 346-359.

Kaden, E., Knosche, T.R., Anwander, A., 2007. Parametric spherical deconvolution:
inferring anatomical connectivity using diffusion MR imaging. Neuroimage 37 (2),
474-488.

Kaden, E., Kruggel, F., Alexander, D.C., 2016b. Quantitative mapping of the per-axon
diffusion coefficients in brain white matter. Magn. Reson. Med. 75 (4), 1752-1763.

Kaplan, E.B., 1960. Biomechanics of the central nervous system. some basic normal and
pathologic phenomena. Alf Breig. Chicago, the Year Book Publishers, Inc., 1960.
8.50. JBJS 42 (7), 1285.


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0525
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0525
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0530
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0530
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0535
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0535
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0535
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0540
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0540
https://doi.org/10.1016/j.jmr.2009.02.003
https://doi.org/10.1016/j.jmr.2009.02.003
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0550
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0550
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0550
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0555
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0555
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0555
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0560
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0560
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0565
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0565
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0565
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0570
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0570
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0575
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0575
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0580
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0580
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0580
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0585
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0585
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0590
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0590
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0590
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0595
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0595
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0595
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0600
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0600
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0600
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0605
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0605
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0610
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0610
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0615
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0615
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0615
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0620
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0620
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0625
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0625
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0630
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0630
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0630
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0635
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0635
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0635
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0640
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0640
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0645
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0645
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0645
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0650
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0650
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0650
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0660
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0660
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0665
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0665
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0665
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0675
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0675
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0680
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0680
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0680
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0685
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0685
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0685
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0690
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0690
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0695
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0695
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0695
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0695
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0700
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0700
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0700
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0705
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0705
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0705
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0705
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0710
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0710
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0710
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0715
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0715
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0720
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0720
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0720
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0725
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0725
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0725
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0730
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0730
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0730
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0735
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0735
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0740
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0740
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0745
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0745
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0745
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0750
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0750
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0750
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0755
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0755
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0755
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0760
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0760
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0760
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0770
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0770
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0775
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0775
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0775
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0780
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0780
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0780
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0785
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0785
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0785
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0790
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0790
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0790
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0795
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0795
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0800
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0800
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0805
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0810
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0810
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0815
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0815
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0820
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0820
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0825
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0825
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0825
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0830
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0830
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0835
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0835
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0835

M. Afzali et al.

Karayumak, S.C., Bouix, S., Ning, L., James, A., Crow, T., Shenton, M., Kubicki, M.,
Rathi, Y., 2019. Retrospective harmonization of multi-site diffusion MRI data
acquired with different acquisition parameters. Neuroimage 184, 180-200.

Karayumak, S.C., Ozarslan, E., Unal, G., 2018. Asymmetric orientation distribution
functions (AODFs) revealing intravoxel geometry in diffusion MRI. Magn. Reson.
Imaging 49, 145-158.

Karger, J., Heink, W., 1983. The propagator representation of molecular transport in
microporous crystallites. J. Magn. Reson. 51 (1), 1-7.

Karger, J., Pfeifer, H., Heink, W., 1988. Principles and application of self-diffusion
measurements by nuclear magnetic resonance. Advances in Magnetic and Optical
Resonance, vol. 12 1-89.

Kauppinen, R.A., 2002. Monitoring cytotoxic tumour treatment response by diffusion
magnetic resonance imaging and proton spectroscopy. NMR Biomed. 15 (1), 6-17.

King, M.D., Houseman, J., Roussel, S.A., Van Bruggen, N., Williams, S.R., Gadian, D.G.,
1994. g-space imaging of the brain. Magn. Reson. Med. 32 (6), 707-713.

Kingsley, P.B., Monahan, W.G., 2004. Selection of the optimum b factor for diffusion-
weighted magnetic resonance imaging assessment of ischemic stroke. Magn. Reson.
Med. 51 (5), 996-1001.

Koay, C.G., Basser, P.J., 2006. Analytically exact correction scheme for signal extraction
from noisy magnitude MR signals. J. Magn. Reson. 179 (2), 317-322.

Koay, C.G., Chang, L.C., Carew, J.D., Pierpaoli, C., Basser, P.J., 2006. A unifying
theoretical and algorithmic framework for least squares methods of estimation in
diffusion tensor imaging. J. Magn. Reson. 182 (1), 115-125.

Koay, C.G., Ozarslan, E., Johnson, K.M., Meyerand, M.E., 2012. Sparse and optimal
acquisition design for diffusion MRI and beyond. Med. Phys. 39 (5), 2499-2511.
https://doi.org/10.1118/1.3700166.

Koch, M.A., Finsterbusch, J., 2008. Compartment size estimation with double wave
vector diffusion-weighted imaging. Magn. Reson. Med. 60 (1), 90-101.

Komlosh, M., Horkay, F., Freidlin, R., Nevo, U., Assaf, Y., Basser, P., 2007. Detection of
microscopic anisotropy in gray matter and in a novel tissue phantom using double
pulsed gradient spin echo MR. J. Magn. Reson. 189 (1), 38-45.

Kopf, M., Corinth, C., Haferkamp, O., Nonnenmacher, T., 1996. Anomalous diffusion of
water in biological tissues. Biophys. J. 70 (6), 2950-2958.

Kopf, M., Metzler, R., Haferkamp, O., Nonnenmacher, T.F., 1998. NMR studies of
anomalous diffusion in biological tissues: experimental observation of Lévy stable
processes. In: Losa, G.A., Merlini, D., Nonnenmacher, T.F., Weibel, E.R. (Eds.),
Fractals in Biology and Medicine, vol. 2. Birkhauser, Basel, pp. 354-364.

Kreth, F., Muacevic, A., Medele, R., Bise, K., Meyer, T., Reulen, H.J., 2001. The risk of
haemorrhage after image guided stereotactic biopsy of intra-axial brain tumours—a
prospective study. Acta Neurochir. (Wien) 143 (6), 539-546.

Kroenke, C.D., Ackerman, J.J., Yablonskiy, D.A., 2004. On the nature of the NAA
diffusion attenuated MR signal in the central nervous system. Magn. Reson. Med. 52
(5), 1052-1059.

Kubicki, M., McCarley, R., Westin, C.F., Park, H.J., Maier, S., Kikinis, R., Jolesz, F.A.,
Shenton, M.E., 2007. A review of diffusion tensor imaging studies in schizophrenia.
J. Psychiatr. Res. 41 (1-2), 15-30.

Kuo, L.W., Chen, J.H., Wedeen, V.J., Tseng, W.Y.I., 2008. Optimization of diffusion
spectrum imaging and g-ball imaging on clinical MRI system. Neuroimage 41 (1),
7-18.

LaMantia, A.S., Rakic, P., 1990. Cytological and quantitative characteristics of four
cerebral commissures in the rhesus monkey. J. Comp. Neurol. 291 (4), 520-537.

Lampinen, B., Szczepankiewicz, F., Mértensson, J., van Westen, D., Hansson, O.,
Westin, C.F., Nilsson, M., 2020. Towards unconstrained compartment modeling in
white matter using diffusion-relaxation MRI with tensor-valued diffusion encoding.
Magn. Reson. Med. 84 (3), 1605-1623.

Lampinen, B., Szczepankiewicz, F., Martensson, J., van Westen, D., Sundgren, P.C.,
Nilsson, M., 2017. Neurite density imaging versus imaging of microscopic anisotropy
in diffusion MRI: a model comparison using spherical tensor encoding. Neuroimage
147, 517-531.

Lampinen, B., Szczepankiewicz, F., Novén, M., Westen, D., Hansson, O., Englund, E.,
Martensson, J., Westin, C., Nilsson, M., 2018. Searching for the neurite density with
diffusion MRI: challenges for biophysical modeling arXiv preprint arXiv:
180602731v2.

Landman, B.A., Farrell, J.A., Jones, C.K., Smith, S.A., Prince, J.L., Mori, S., 2007. Effects
of diffusion weighting schemes on the reproducibility of DTI-derived fractional
anisotropy, mean diffusivity, and principal eigenvector measurements at 1.5 T.
Neuroimage 36 (4), 1123-1138.

Lasi¢, S., Nilsson, M., Ltt, J., Stdhlberg, F., Topgaard, D., 2011. Apparent exchange rate
mapping with diffusion MRI. Magn. Reson. Med. 66 (2), 356-365.

Lasic, S., Szczepankiewicz, F., Eriksson, S., Nilsson, M., Topgaard, D., 2014.
Microanisotropy imaging: quantification of microscopic diffusion anisotropy and
orientational order parameter by diffusion MRI with magic-angle spinning of the g-
vector. Front. Phys. 2, 11.

Latour, L.L., Svoboda, K., Mitra, P.P., Sotak, C.H., 1994. Time-dependent diffusion of
water in a biological model system. Proc. Natl. Acad. Sci. 91 (4), 1229-1233.

Latt, J., Nilsson, M., Rydhog, A., Wirestam, R., Stahlberg, F., Brockstedt, S., 2007. Effects
of restricted diffusion in a biological phantom: a q-space diffusion MRI study of
asparagus stems at a 3T clinical scanner. Magn. Reson. Mater. Phys. Biol. Med. 20
(4, 213.

Laun, F.B., Kuder, T.A., Semmler, W., Stieltjes, B., 2011. Determination of the defining
boundary in nuclear magnetic resonance diffusion experiments. Phys. Rev. Lett. 107
(4), 048102.

Lauzon, C.B., Crainiceanu, C., Caffo, B.C., Landman, B.A., 2013. Assessment of bias in
experimentally measured diffusion tensor imaging parameters using SIMEX. Magn.
Reson. Med. 69 (3), 891-902.

25

Journal of Neuroscience Methods 347 (2021) 108951

Le Bihan, D., 2003. Looking into the functional architecture of the brain with diffusion
MRI. Nat. Rev. Neurosci. 4 (6), 469.

Le Bihan, D., Breton, E., Lallemand, D., Aubin, M., Vignaud, J., Laval-Jeantet, M., 1988.
Separation of diffusion and perfusion in intravoxel incoherent motion MR imaging.
Radiology 168 (2), 497-505.

Le Doussal, P., Sen, P.N., 1992. Decay of nuclear magnetization by diffusion in a
parabolic magnetic field: an exactly solvable model. Phys. Rev. B 46 (6), 3465-3485.

Lee, H., Fieremans, E., Novikov, D., 2018a. LEMONADE (t): exact relation of time-
dependent diffusion signal moments to neuronal microstructure. Proceedings of the
26th Annual Meeting of ISMRM, Paris, France.

Lee, H.H., Fieremans, E., Novikov, D.S., 2018b. What dominates the time dependence of
diffusion transverse to axons: intra-or extra-axonal water? Neuroimage 182,
500-510.

Lee, H.H., Jespersen, S.N., Fieremans, E., Novikov, D.S., 2020. The impact of realistic
axonal shape on axon diameter estimation using diffusion MRI. Neuroimage 117228.

Leergaard, T.B., White, N.S., De Crespigny, A., Bolstad, 1., D’Arceuil, H., Bjaalie, J.G.,
Dale, A.M., 2010. Quantitative histological validation of diffusion MRI fiber
orientation distributions in the rat brain. PLoS ONE 5 (1).

Lehner, F., 1979. On the validity of Fick’s law for transient diffusion through a porous
medium. Chem. Eng. Sci. 34 (6), 821-825.

Leow, A.D., Zhu, S., Zhan, L., McMahon, K., de Zubicaray, G.I., Meredith, M., Wright, M.,
Toga, A., Thompson, P., 2009. The tensor distribution function. Magn. Reson. Med.
61 (1), 205-214.

Li, H., Chow, H.M., Chugani, D.C., Chugani, H.T., 2018. Minimal number of gradient
directions for robust measurement of spherical mean diffusion weighted signal.
Magn. Reson. Imaging 54, 148-152.

Li, H., Gore, J.C., Xu, J., 2014. Fast and robust measurement of microstructural
dimensions using temporal diffusion spectroscopy. J. Magn. Reson. 242, 4-9.

Liewald, D., Miller, R., Logothetis, N., Wagner, H.J., Schiiz, A., 2014. Distribution of axon
diameters in cortical white matter: an electron-microscopic study on three human
brains and a macaque. Biol. Cybern. 108 (5), 541-557.

Liu, C., Bammer, R., Acar, B., Moseley, M.E., 2004. Characterizing non-Gaussian
diffusion by using generalized diffusion tensors. Magn. Reson. Med. 51 (5), 924-937.

Lontis, E.R., Nielsen, K., Struijk, J.J., 2008. In vitro magnetic stimulation of pig phrenic
nerve with transverse and longitudinal induced electric fields: analysis of the
stimulation site. IEEE Trans. Biomed. Eng. 56 (2), 500-512.

Lundell, H., Nilsson, M., Dyrby, T., Parker, G., Cristinacce, P.H., Zhou, F.L., Topgaard, D.,
2019. Lasic S. Multidimensional diffusion MRI with spectrally modulated gradients
reveals unprecedented microstructural detail. Sci. Rep. 9 (1), 1-12.

Ma, K., Zhang, X., Zhang, H., Yan, X., Gao, A., Song, C., Wang, S., Lian, Y., Cheng, J.,
2020. Mean Apparent Propagator-MRI: a new diffusion model which improves
temporal lobe epilepsy lateralization. Eur. J. Radiol. 108914.

Macovski, A., 1996. Noise in MRI. Magn. Reson. Med. 36 (3), 494-497.

Malmborg, C., Sjobeck, M., Brockstedt, S., Englund, E., S6derman, O., Topgaard, D.,
2006. Mapping the intracellular fraction of water by varying the gradient pulse
length in g-space diffusion MRI. J. Magn. Reson. 180 (2), 280-285.

Manjon, J.V., Coupé, P., Buades, A., 2015. MRI noise estimation and denoising using
non-local PCA. Med. Image Anal. 22 (1), 35-47.

Manjon, J.V., Coupé, P., Concha, L., Buades, A., Collins, D.L., Robles, M., 2013. Diffusion
weighted image denoising using overcomplete local PCA. PLoS ONE 8 (9).

Manjén, J.V., Coupé, P., Marti-Bonmati, L., Collins, D.L., Robles, M., 2010. Adaptive non-
local means denoising of MR images with spatially varying noise levels. J. Magn.
Reson. Imaging 31 (1), 192-203.

Maximov, LI, Farrher, E., Grinberg, F., Shah, N.J., 2012. Spatially variable Rician noise
in magnetic resonance imaging. Med. Image Anal. 16 (2), 536-548.

McGibney, G., Smith, M., 1993. An unbiased signal-to-noise ratio measure for magnetic
resonance images. Med. Phys. 20 (4), 1077-1078.

McKinnon, E.T., Jensen, J.H., Glenn, G.R., Helpern, J.A., 2017. Dependence on b-value of
the direction-averaged diffusion-weighted imaging signal in brain. Magn. Reson.
Imaging 36, 121-127.

McNab, J.A., Edlow, B.L., Witzel, T., Huang, S.Y., Bhat, H., Heberlein, K., Feiweier, T.,
Liu, K., Keil, B., Cohen-Adad, J., et al., 2013. The human connectome project and
beyond: initial applications of 300 mT/m gradients. Neuroimage 80, 234-245.

Merboldt, K.D., Hanicke, W., Frahm, J., 1985. Self-diffusion NMR imaging using
stimulated echoes. J. Magn. Reson. (1969) 64 (3), 479-486.

Merlet, S.L., Deriche, R., 2013. Continuous diffusion signal, EAP and ODF estimation via
compressive sensing in diffusion MRI. Med. Image Anal. 17 (5), 556-572.

Mikula, S., Binding, J., Denk, W., 2012. Staining and embedding the whole mouse brain
for electron microscopy. Nat. Methods 9 (12), 1198.

Miller, A.J., Joseph, P.M., 1993. The use of power images to perform quantitative
analysis on low SNR MR images. Magn. Reson. Imaging 11 (7), 1051-1056.

Mirzaalian, H., Ning, L., Savadjiev, P., Pasternak, O., Bouix, S., Michailovich, O.,
Grant, G., Marx, C., Morey, R., Flashman, L., et al., 2016. Inter-site and inter-scanner
diffusion MRI data harmonization. Neuroimage 135, 311-323.

Mitra, P.P., 1995. Multiple wave-vector extensions of the NMR pulsed-field-gradient
spin-echo diffusion measurement. Phys. Rev. B 51 (21), 15074.

Mitra, P.P., Halperin, B.I., 1995. Effects of finite gradient-pulse widths in pulsed-field-
gradient diffusion measurements. J. Magn. Reson. Ser. A 113 (1), 94-101.

Mollink, J., Kleinnijenhuis, M., van Walsum, A.M.v.C., Sotiropoulos, S.N., Cottaar, M.,
Mirfin, C., Heinrich, M.P., Jenkinson, M., Pallebage-Gamarallage, M., Ansorge, O.,
et al., 2017. Evaluating fibre orientation dispersion in white matter: comparison of
diffusion MRI, histology and polarized light imaging. Neuroimage 157, 561-574.

Morgan, G.L., 2012. Regional Variation Models of White Matter Microstructure (Ph.D.
thesis). UCL (University College, London).


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0840
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0840
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0840
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0845
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0845
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0845
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0850
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0850
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0855
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0855
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0855
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0860
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0860
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0865
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0865
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0870
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0870
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0870
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0875
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0875
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0880
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0880
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0880
https://doi.org/10.1118/1.3700166
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0890
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0890
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0895
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0895
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0895
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0900
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0900
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0905
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0905
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0905
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0905
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0910
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0910
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0910
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0915
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0915
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0915
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0920
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0920
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0920
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0925
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0925
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0925
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0930
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0930
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0935
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0935
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0935
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0935
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0945
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0945
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0945
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0945
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0955
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0955
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0960
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0960
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0960
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0960
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0965
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0965
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0970
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0970
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0970
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0970
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0975
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0975
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0975
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0980
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0980
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0980
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0985
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0985
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0990
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0990
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0990
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0995
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref0995
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1000
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1000
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1000
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1010
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1010
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1015
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1015
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1015
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1035
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1035
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1040
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1040
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1040
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1055
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1055
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1055
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1060
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1060
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1060
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1065
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1070
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1070
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1070
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1075
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1075
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1080
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1080
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1085
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1085
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1085
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1090
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1090
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1095
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1095
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1100
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1100
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1100
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1105
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1105
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1105
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1110
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1110
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1115
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1115
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1120
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1120
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1125
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1125
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1130
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1130
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1130
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1135
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1135
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1140
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1140
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1145
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1145
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1145
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1145
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1150
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1150

M. Afzali et al.

Mori, S., Crain, B.J., Chacko, V., Van Zijl, P., 1999. Three-dimensional tracking of axonal
projections in the brain by magnetic resonance imaging. Ann. Neurol. 45 (2),
265-269.

Mori, S., van Zijl, P.C., 1995. Diffusion weighting by the trace of the diffusion tensor
within a single scan. Magn. Reson. Med. 33 (1), 41-52.

Mouras, R., Rischitor, G., Downes, A., Salter, D., Elfick, A., 2010. Nonlinear optical
microscopy for drug delivery monitoring and cancer tissue imaging. J. Raman
Spectrosc. 41 (8), 848-852.

Nakamura, T., Miyati, T., Kasai, H., Ohno, N., Yamada, M., Mase, M., Hara, M.,
Shibamoto, Y., Suzuki, Y., Ichikawa, K., 2009. Bulk motion-independent analyses of
water diffusion changes in the brain during the cardiac cycle. Radiol. Phys. Technol.
2 (2), 133-137.

Nath, V., Parvathaneni, P., Hansen, C.B., Hainline, A.E., Bermudez, C., Remedios, S.,
Blaber, J.A., Schilling, K.G., Lyu, 1., Janve, V., et al., 2018. Inter-scanner
harmonization of high angular resolution DW-MRI using null space deep learning.
International Conference on Medical Image Computing and Computer-Assisted
Intervention 193-201.

Nath, V., Remedios, S., Parvathaneni, P., Hansen, C.B., Bayrak, R.G., Bermudez, C.,
Blaber, J.A., Schilling, K.G., Janve, V.A., Gao, Y., et al., 2019. Harmonizing 1.5 T/3T
diffusion weighted MRI through development of deep learning stabilized
microarchitecture estimators. Medical Imaging 2019: Image Processing.
International Society for Optics and Photonics, vol. 10949 1094900.

Nedjati-Gilani, G.L., Schneider, T., Hall, M.G., Cawley, N., Hill, I., Ciccarelli, O.,
Drobnjak, 1., Wheeler-Kingshott, C.A.G., Alexander, D.C., 2017. Machine learning
based compartment models with permeability for white matter microstructure
imaging. Neuroimage 150, 119-135.

Nicholson, C., Phillips, J., 1981. Ion diffusion modified by tortuosity and volume fraction
in the extracellular microenvironment of the rat cerebellum. J. Physiol. 321 (1),
225-257.

Nilsson, M., Alerstam, E., Wirestam, R., Sta, F., Brockstedt, S., Ltt, J., et al., 2010.
Evaluating the accuracy and precision of a two-compartment Karger model using
Monte Carlo simulations. J. Magn. Reson. 206 (1), 59-67.

Nilsson, M., Lasi¢, S., Drobnjak, I., Topgaard, D., Westin, C.F., 2017. Resolution limit of
cylinder diameter estimation by diffusion MRI: the impact of gradient waveform and
orientation dispersion. NMR Biomed. 30 (7), e3711.

Nilsson, M., Latt, J., Nordh, E., Wirestam, R., St&hlberg, F., Brockstedt, S., 2009. On the
effects of a varied diffusion time in vivo: is the diffusion in white matter restricted?
Magn. Reson. Imaging 27 (2), 176-187.

Nilsson, M., Litt, J., Stahlberg, F., van Westen, D., Hagslatt, H., 2012. The importance of
axonal undulation in diffusion MR measurements: a Monte Carlo simulation study.
NMR Biomed. 25 (5), 795-805.

Nilsson, M., van Westen, D., Stdhlberg, F., Sundgren, P.C., Litt, J., 2013. The role of
tissue microstructure and water exchange in biophysical modelling of diffusion in
white matter. Magn. Reson. Mater. Phys. Biol. Med. 26 (4), 345-370.

Ning, L., Laun, F., Gur, Y., DiBella, E.V., Deslauriers-Gauthier, S., Megherbi, T.,

Ghosh, A., Zucchelli, M., Menegaz, G., Fick, R., et al., 2015a. Sparse reconstruction
challenge for diffusion MRI: validation on a physical phantom to determine which
acquisition scheme and analysis method to use? Med. Image Anal. 26 (1), 316-331.

Ning, L., Nilsson, M., Lasi¢, S., Westin, C.F., Rathi, Y., 2018. Cumulant expansions for
measuring water exchange using diffusion MRI. J. Chem. Phys. 148 (7), 074109.

Ning, L., Ozarslan, E., Westin, C.F., Rathi, Y., 2017a. Precise inference and
characterization of structural organization (PICASO) of tissue from molecular
diffusion. Neuroimage 146, 452-473.

Ning, L., Setsompop, K., Michailovich, O., Makris, N., Shenton, M.E., Westin, C.F.,
Rathi, Y., 2016. A joint compressed-sensing and super-resolution approach for very
high-resolution diffusion imaging. Neuroimage 125, 386-400.

Ning, L., Setsompop, K., Westin, C.F., Rathi, Y., 2017b. New insights about time-varying
diffusivity and its estimation from diffusion MRI. Magn. Reson. Med. 78 (2),
763-774.

Ning, L., Westin, C.F., Rathi, Y., 2015b. Estimating diffusion propagator and its moments
using directional radial basis functions. IEEE Trans. Med. Imaging 34 (10),
2058-2078.

Novikov, D., Veraart, J., Jelescu, L., Fieremans, E., 2018. Rotationally-invariant mapping
of scalar and orientational metrics of neuronal microstructure with diffusion MRI.
Neuroimage 174, 518-538.

Novikov, D.S., Fieremans, E., Jespersen, S.N., Kiselev, V.G., 2019. Quantifying brain
microstructure with diffusion MRI: theory and parameter estimation. NMR Biomed.
32 (4), e3998.

Novikov, D.S., Jelescu, 1.O., Fieremans, E., 2015. From diffusion signal moments to
neurite diffusivities, volume fraction and orientation distribution: an exact solution.
Proceedings of the International Society of Magnetic Resonance in Medicine, vol. 23
469.

Novikov, D.S., Jensen, J.H., Helpern, J.A., Fieremans, E., 2014. Revealing mesoscopic
structural universality with diffusion. Proc. Natl. Acad. Sci. 201316944.

Novikov, D.S., Veraart, J., Jelescu, 1.0., Fieremans, E., 2016. Mapping orientational and
microstructural metrics of neuronal integrity with in vivo diffusion MRI. arXiv
preprint 10 (11) arXiv:160909144.

O’Donnell, L.J., Westin, C.F., 2011. An introduction to diffusion tensor image analysis.
Neurosurg. Clin. 22 (2), 185-196.

Ong, H.H., Wright, A.C., Wehrli, S.L., Souza, A., Schwartz, E.D., Hwang, S.N., Wehrli, F.
W., 2008. Indirect measurement of regional axon diameter in excised mouse spinal
cord with g-space imaging: simulation and experimental studies. Neuroimage 40 (4),
1619-1632.

Ozarslan, E., 2009. Compartment shape anisotropy (CSA) revealed by double pulsed field
gradient MR. J. Magn. Reson. 199 (1), 56-67. https://doi.org/10.1016/j.
jmr.2009.04.002.

26

Journal of Neuroscience Methods 347 (2021) 108951

Ozarslan, E., Basser, P.J., 2007. MR diffusion - “diffraction” phenomenon in multi-pulse-
field-gradient experiments. J. Magn. Reson. 188 (2), 285-294. https://doi.org/
10.1016/j.jmr.2007.08.002.

Ozarslan, E., Basser, P.J., 2008. Microscopic anisotropy revealed by NMR double pulsed
field gradient experiments with arbitrary timing parameters. J. Chem. Phys. 128
(15), 04B615.

Ozarslan, E., Basser, P.J., Shepherd, T.M., Thelwall, P.E., Vemuri, B.C., Blackband, S.J.,
2006. Observation of anomalous diffusion in excised tissue by characterizing the
diffusion-time dependence of the MR signal. J. Magn. Reson. 183 (2), 315-323.
https://doi.org/10.1016/j.jmr.2006.08.009.

Ozarslan, E., Koay, C.G., Basser, P.J., 2009a. Remarks on q-space MR propagator in
partially restricted, axially-symmetric, and isotropic environments. Magn. Reson.
Imaging 27 (6), 834-844.

Ozarslan, E., Shemesh, N., Basser, P.J., 2009b. A general framework to quantify the effect
of restricted diffusion on the NMR signal with applications to double pulsed field
gradient NMR experiments. J. Chem. Phys. 130 (10), 104702.

Ozarslan, E., Koay, C.G., Shepherd, T.M., Komlosh, M.E., irfanoglu, M.O., Pierpaoli, C.,
Basser, P.J., 2013. Mean apparent propagator (MAP) MRI: a novel diffusion imaging
method for mapping tissue microstructure. Neuroimage 78, 16-32.

Ozarslan, E., Komlosh, M., Lizak, M., Horkay, F., Basser, P., 2011a. Double pulsed field
gradient (double-PFG) MR imaging (MRI) as a means to measure the size of plant
cells. Magn. Reson. Chem. 49, S79-S84. https://doi.org/10.1002/mrc.2797.

Ozarslan, E., Shemesh, N., Koay, C.G., Cohen, Y., Basser, P.J., 2011b. Nuclear magnetic
resonance characterization of general compartment size distributions. New J. Phys.
13 (1), 015010.

Ozarslan, E., Shepherd, T.M., Koay, C.G., Blackband, S.J., Basser, P.J., 2012. Temporal
scaling characteristics of diffusion as a new MRI contrast: findings in rat
hippocampus. Neuroimage 60 (2), 1380-1393. https://doi.org/10.1016/j.
neuroimage.2012.01.105.

Ozarslan, E., Yolcu, C., Herberthson, M., Knutsson, H., Westin, C.F., 2018. Influence of
the size and curvedness of neural projections on the orientationally averaged
diffusion MR signal. Front. Phys. 6, 17.

Ozarslan, E., Yolcu, C., Herberthson, M., Westin, C.F., Knutsson, H., 2017. Effective
potential for magnetic resonance measurements of restricted diffusion. Front. Phys.
5, 68.

Packer, K., Rees, C., 1972. Pulsed NMR studies of restricted diffusion. I. Droplet size
distributions in emulsions. J. Colloid Interface Sci. 40 (2), 206-218.

Pajevic, S., Basser, P.J., 2013. An optimum principle predicts the distribution of axon
diameters in normal white matter. PLoS ONE 8 (1), e54095. https://doi.org/
10.1371/journal.pone.0054095.

Palombo, M., lanus, A., Guerreri, M., Nunes, D., Alexander, D.C., Shemesh, N., Zhang, H.,
2020. Sandi: a compartment-based model for non-invasive apparent soma and
neurite imaging by diffusion MRI. Neuroimage 116835.

Palombo, M., Ligneul, C., Hernandez-Garzon, E., Valette, J., 2018a. Can we detect the
effect of spines and leaflets on the diffusion of brain intracellular metabolites?
Neuroimage 182, 283-293.

Palombo, M., Ligneul, C., Najac, C., Le Douce, J., Flament, J., Escartin, C., Hantraye, P.,
Brouillet, E., Bonvento, G., Valette, J., 2016. New paradigm to assess brain cell
morphology by diffusion-weighted MR spectroscopy in vivo. Proc. Natl. Acad. Sci.
113 (24), 6671-6676.

Palombo, M., Shemesh, N., Ianus, A., Alexander, D., Zhang, H., 2018b. Abundance of Cell
Bodies can Explain the Stick Model’s Failure in Grey Matter at High b-value. ISMRM
(International Society for Magnetic Resonance in Medicine).

Panagiotaki, E., Hall, M.G., Zhang, H., Siow, B., Lythgoe, M.F., Alexander, D.C., 2010.
High-fidelity meshes from tissue samples for diffusion MRI simulations. International
Conference on Medical Image Computing and Computer-Assisted Intervention
404-411.

Panagiotaki, E., Schneider, T., Siow, B., Hall, M.G., Lythgoe, M.F., Alexander, D.C., 2012.
Compartment models of the diffusion MR signal in brain white matter: a taxonomy
and comparison. Neuroimage 59 (3), 2241-2254.

Panesar, S.S., Abhinav, K., Yeh, F.C., Jacquesson, T., Collins, M., Fernandez-Miranda, J.,
2019. Tractography for surgical neuro-oncology planning: towards a gold standard.
Neurotherapeutics 16 (1), 36-51.

Pannek, K., Guzzetta, A., Colditz, P.B., Rose, S.E., 2012. Diffusion MRI of the neonate
brain: acquisition, processing and analysis techniques. Pediatr. Radiol. 42 (10),
1169-1182.

Papadakis, N.G., Xing, D., Houston, G.C., Smith, J.M., Smith, M.1., James, M.F.,
Parsons, A.A., Huang, C.L.H., Hall, L.D., Carpenter, T.A., 1999. A study of
rotationally invariant and symmetric indices of diffusion anisotropy. Magn. Reson.
Imaging 17 (6), 881-892.

Parvathaneni, P., Nath, V., Blaber, J.A., Schilling, K.G., Hainline, A.E., Mojahed, E.,
Anderson, A.W., Landman, B.A., 2018. Empirical reproducibility, sensitivity, and
optimization of acquisition protocol, for neurite orientation dispersion and density
imaging using AMICO. Magn. Reson. Imaging 50, 96-109.

Paulsen, J.L., Ozarslan, E., Komlosh, M.E., Basser, P.J., Song, Y.Q., 2015. Detecting
compartmental non-Gaussian diffusion with symmetrized double-PFG MRI. NMR
Biomed. 28 (11), 1550-1556. https://doi.org/10.1002/nbm.3363.

Pelvig, D.P., Pakkenberg, H., Stark, A.K., Pakkenberg, B., 2008. Neocortical glial cell
numbers in human brains. Neurobiol. Aging 29 (11), 1754-1762.

Pena-Nogales, 0., Hernando, D., Aja-Fernandez, S., de Luis-Garcia, R., 2020.
Determination of optimized set of b-values for apparent diffusion coefficient
mapping in liver diffusion-weighted MRI. J. Magn. Reson. 310, 106634.

Perge, J.A., Koch, K., Miller, R., Sterling, P., Balasubramanian, V., 2009. How the optic
nerve allocates space, energy capacity, and information. J. Neurosci. 29 (24),
7917-7928.


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1155
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1155
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1155
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1160
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1160
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1165
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1165
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1165
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1170
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1170
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1170
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1170
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1175
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1180
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1180
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1180
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1180
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1180
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1185
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1185
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1185
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1185
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1190
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1190
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1190
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1195
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1195
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1195
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1200
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1200
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1200
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1205
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1205
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1205
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1210
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1210
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1210
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1215
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1215
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1215
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1220
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1220
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1220
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1220
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1225
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1225
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1230
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1230
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1230
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1235
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1235
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1235
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1240
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1240
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1240
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1245
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1245
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1245
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1250
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1250
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1250
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1255
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1255
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1255
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1260
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1260
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1260
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1260
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1265
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1265
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1270
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1270
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1270
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1275
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1275
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1280
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1280
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1280
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1280
https://doi.org/10.1016/j.jmr.2009.04.002
https://doi.org/10.1016/j.jmr.2009.04.002
https://doi.org/10.1016/j.jmr.2007.08.002
https://doi.org/10.1016/j.jmr.2007.08.002
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1295
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1295
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1295
https://doi.org/10.1016/j.jmr.2006.08.009
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1305
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1305
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1305
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1310
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1310
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1310
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1315
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1315
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1315
https://doi.org/10.1002/mrc.2797
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1325
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1325
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1325
https://doi.org/10.1016/j.neuroimage.2012.01.105
https://doi.org/10.1016/j.neuroimage.2012.01.105
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1335
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1335
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1335
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1340
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1340
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1340
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1345
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1345
https://doi.org/10.1371/journal.pone.0054095
https://doi.org/10.1371/journal.pone.0054095
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1355
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1355
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1355
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1360
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1360
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1360
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1365
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1365
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1365
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1365
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1370
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1370
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1370
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1375
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1375
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1375
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1375
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1380
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1380
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1380
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1385
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1385
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1385
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1390
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1390
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1390
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1395
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1395
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1395
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1395
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1400
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1400
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1400
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1400
https://doi.org/10.1002/nbm.3363
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1410
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1410
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1415
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1415
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1415
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1420
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1420
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1420

M. Afzali et al.

Perrone, D., Aelterman, J., Pizurica, A., Jeurissen, B., Philips, W., Leemans, A., 2015. The
effect of Gibbs ringing artifacts on measures derived from diffusion MRI.
Neuroimage 120.

Pfeuffer, J., Tkag, 1., Gruetter, R., 2000. Extracellular-intracellular distribution of glucose
and lactate in the rat brain assessed noninvasively by diffusion-weighted 1 h nuclear
magnetic resonance spectroscopy in vivo. J. Cereb. Blood Flow Metab. 20 (4),
736-746.

Pieciak, T., Aja-Fernandez, S., Vegas-Sanchez-Ferrero, G., 2017. Non-stationary Rician
noise estimation in parallel MRI using a single image: a variance-stabilizing
approach. IEEE Trans. Pattern Anal. Mach. Intell. 39 (10), 2015-2029.

Pieciak, T., Bogusz, F., Tristan-Vega, A., de Luis-Garcia, R., Aja-Fernandez, S., 2019.
Single-shell return-to-the-origin probability diffusion MRI measure under a non-
stationary Rician distributed noise. 2019 IEEE 16th International Symposium on
Biomedical Imaging (ISBI 2019) 131-134.

Pieciak, T., Rabanillo-Viloria, 1., Aja-Fernandez, S., 2018. Bias correction for non-
stationary noise filtering in MRI. 2018 IEEE 15th International Symposium on
Biomedical Imaging (ISBI 2018) 307-310.

Pieciak, T., Vegas-Sanchez-Ferrero, G., Aja-Fernandez, S., 2016. Variance stabilization of
noncentral-chi data: application to noise estimation in MRI. 2016 IEEE 13th
International Symposium on Biomedical Imaging (ISBI) 1376-1379.

Pierpaoli, C., Basser, P.J., 1996. Toward a quantitative assessment of diffusion
anisotropy. Magn. Reson. Med. 36 (6), 893-906.

Pizzolato, M., Fick, R., Boutelier, T., Deriche, R., 2016. Noise floor removal via phase
correction of complex diffusion-weighted images: influence on DTI and g-space
metrics. International Conference on Medical Image Computing and Computer-
Assisted Intervention 21-34.

Pizzolato, M., Wassermann, D., Boutelier, T., Deriche, R., 2015. Exploiting the phase in
diffusion MRI for microstructure recovery: towards axonal tortuosity via asymmetric
diffusion processes. International Conference on Medical Image Computing and
Computer-Assisted Intervention 109-116.

Potgieser, A.R., Wagemakers, M., van Hulzen, A.L., de Jong, B.M., Hoving, E.W.,
Groen, R.J., 2014. The role of diffusion tensor imaging in brain tumor surgery: a
review of the literature. Clin. Neurol. Neurosurg. 124, 51-58.

Powell, M.J., 2009. The BOBYQA algorithm for bound constrained optimization without
derivatives. University of Cambridge, Cambridge, pp. 26-46. Cambridge NA Report
NA2009/06.

Proverbio, A., Siow, B.M., Lythgoe, M.F., Alexander, D.C., Gibson, A.P., 2014.
Multimodality characterization of microstructure by the combination of diffusion
NMR and time-domain diffuse optical data. Phys. Med. Biol. 59 (11), 2639.

Pruessmann, K.P., Weiger, M., Scheidegger, M.B., Boesiger, P., 1999. SENSE: sensitivity
encoding for fast MRI. Magn. Reson. Med. 42 (5), 952-962.

Ramanna, S., Moss, H.G., McKinnon, E.T., Yacoub, E., Helpern, J.A., Jensen, J.H., 2020.
Triple diffusion encoding MRI predicts intra-axonal and extra-axonal diffusion
tensors in white matter. Magn. Reson. Med. 83 (6), 2209-2220.

Ramirez-Manzanares, A., Rivera, M., Vemuri, B.C., Carney, P., Mareci, T., 2007.
Diffusion basis functions decomposition for estimating white matter intravoxel fiber
geometry. IEEE Trans. Med. Imaging 26 (8), 1091-1102.

Rathi, Y., Gagoski, B., Setsompop, K., Michailovich, O., Grant, P.E., Westin, C.F., 2013.
Diffusion propagator estimation from sparse measurements in a tractography
framework. International Conference on Medical Image Computing and Computer-
Assisted Intervention 510-517.

Rathi, Y., Michailovich, O., Laun, F., Setsompop, K., Grant, P.E., Westin, C.F., 2014.
Multi-shell diffusion signal recovery from sparse measurements. Med. Image Anal.
18 (7), 1143-1156.

Reese, T.G., Heid, O., Weisskoff, R., Wedeen, V., 2003. Reduction of eddy-current-
induced distortion in diffusion MRI using a twice-refocused spin echo. Magn. Reson.
Med. 49 (1), 177-182.

Reisert, M., Kellner, E., Kiselev, V.G., 2012. About the geometry of asymmetric fiber
orientation distributions. IEEE Trans. Med. Imaging 31 (6), 1240-1249.

Reisert, M., Kiselev, V., Dhital, B., 2018. A unique analytical solution of the white matter
standard model using linear and planar encodings arXiv preprint arXiv:180804389.

Reisert, M., Kiselev, V.G., Dihtal, B., Kellner, E., Novikov, D.S., Mesoft:, 2014. unifying
diffusion modelling and fiber tracking. International Conference on Medical Image
Computing and Computer-Assisted Intervention 201-208.

Rice, S.0., 1948. Statistical properties of a sine wave plus random noise. Bell Syst. Tech.
J. 27 (1), 109-157.

Richardson, S., Siow, B., Batchelor, A., Lythgoe, M., Alexander, D., 2013. A viable
isolated tissue system: a tool for detailed MR measurements and controlled
perturbation in physiologically stable tissue. Magn. Reson. Med. 69 (6), 1603-1610.

Richardson, S., Siow, B., Panagiotaki, E., Schneider, T., Lythgoe, M.F., Alexander, D.C.,
2014. Viable and fixed white matter: diffusion magnetic resonance comparisons and
contrasts at physiological temperature. Magn. Reson. Med. 72 (4), 1151-1161.

Riise, J., Pakkenberg, B., 2011. Stereological estimation of the total number of
myelinated callosal fibers in human subjects. J. Anat. 218 (3), 277-284.

Roebroeck, A., Miller, K.L., Aggarwal, M., 2019. Ex vivo diffusion MRI of the human
brain: technical challenges and advances. NMR Biomed. 32 (4), e3941.

Rushton, W., 1951. A theory of the effects of fibre size in medullated nerve. J. Physiol.
115 (1), 101-122.

Salvesen, L., Winge, K., Brudek, T., Agander, T.K., Lokkegaard, A., Pakkenberg, B., 2017.
Neocortical neuronal loss in patients with multiple system atrophy: a stereological
study. Cereb. Cortex 27 (1), 400-410.

Salzer, J.L., 1997. Clustering sodium channels at the node of Ranvier: close encounters of
the axon-glia kind. Neuron 18 (6), 843-846.

Scherrer, B., Schwartzman, A., Taquet, M., Sahin, M., Prabhu, S.P., Warfield, S.K., 2016.
Characterizing brain tissue by assessment of the distribution of anisotropic

27

Journal of Neuroscience Methods 347 (2021) 108951

microstructural environments in diffusion-compartment imaging (diamond). Magn.
Reson. Med. 76 (3), 963-977.

Schick, F., 1998. Signal losses in diffusion preparation: comparison between spin-echo,
stimulated echo and season. Magn. Reson. Mater. Phys. Biol. Med. 6 (1), 53-61.

Schilling, K.G., Nath, V., Blaber, J., Harrigan, R.L., Ding, Z., Anderson, A.W.,
Landman, B.A., 2017. Effects of b-value and number of gradient directions on
diffusion MRI measures obtained with g-ball imaging. Medical Imaging 2017: Image
Processing. International Society for Optics and Photonics, vol. 10133 101330N.

Schmidt-Rohr, K., Spiess, H.W., 2012. Multidimensional Solid-State NMR and Polymers.
Elsevier.

Schulz, U., Hunziker, O., Frey, H., Schweizer, A., 1980. Postmortem changes in
stereological parameters of cerebral neurons. Pathol. Res. Pract. 166 (2-3), 260-270.

Schiiz, A., Braitenberg, V., 2002. The human cortical white matter: quantitative aspects
of cortico-cortical long-range connectivity. Cortical Areas, Unity and Diversity,
pp. 377-385.

Sen, P.N., Hiirlimann, M.D., de Swiet, T.M., 1995. Debye-Porod law of diffraction for
diffusion in porous media. Phys. Rev. B 51 (1), 601.

Sepehrband, F., Alexander, D.C., Clark, K.A., Kurniawan, N.D., Yang, Z., Reutens, D.C.,
2016a. Parametric probability distribution functions for axon diameters of corpus
callosum. Front. Neuroanat. 10, 59.

Sepehrband, F., Alexander, D.C., Kurniawan, N.D., Reutens, D.C., Yang, Z., 2016b.
Towards higher sensitivity and stability of axon diameter estimation with diffusion-
weighted MRI. NMR Biomed. 29 (3), 293-308.

Setsompop, K., Gagoski, B.A., Polimeni, J.R., Witzel, T., Wedeen, V.J., Wald, L.L., 2012.
Blipped-controlled aliasing in parallel imaging for simultaneous multislice echo
planar imaging with reduced g-factor penalty. Magn. Reson. Med. 67 (5),
1210-1224.

Shannon, C., 1949. Communication in the presence of noise. Proc. IRE 37 (1), 10-21.

Shemesh, N., Adiri, T., Cohen, Y., 2011. Probing microscopic architecture of opaque
heterogeneous systems using double-pulsed-field-gradient NMR. J. Am. Chem. Soc.
133 (15), 6028-6035.

Shemesh, N., Alvarez, G.A., Frydman, L., 2015. Size distribution imaging by non-uniform
oscillating-gradient spin echo (NOGSE) MRI. PLoS ONE 10 (7), e0133201.

Shemesh, N., Jespersen, S.N., Alexander, D.C., Cohen, Y., Drobnjak, I., Dyrby, T.B.,
Finsterbusch, J., Koch, M.A., Kuder, T., Laun, F., et al., 2016. Conventions and
nomenclature for double diffusion encoding NMR and MRI. Magn. Reson. Med. 75
(1), 82-87.

Shemesh, N., Ozarslan, E., Basser, P.J., Cohen, Y., 2009. Measuring small compartmental
dimensions with low-q angular double-PGSE NMR: the effect of experimental
parameters on signal decay. J. Magn. Reson. 198 (1), 15-23.

Shemesh, N., Ozarslan, E., Adiri, T., Basser, P.J., Cohen, Y., 2010a. 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
(4), 044705.

Shemesh, N., Ozarslan, E., Basser, P.J., Cohen, Y., 2010b. Detecting diffusion-diffraction
patterns in size distribution phantoms using double-pulsed field gradient NMR:
theory and experiments. J. Chem. Phys. 132 (3), 034703.

Shemesh, N., Ozarslan, E., Basser, P.J., Cohen, Y., 2012. Accurate noninvasive
measurement of cell size and compartment shape anisotropy in yeast cells using
double-pulsed field gradient MR. NMR Biomed. 25 (2), 236-246.

Shenton, M.E., Hamoda, H., Schneiderman, J., Bouix, S., Pasternak, O., Rathi, Y., Vu, M.
A., Purohit, M.P., Helmer, K., Koerte, 1., et al., 2012. A review of magnetic resonance
imaging and diffusion tensor imaging findings in mild traumatic brain injury. Brain
Imaging Behav. 6 (2), 137-192.

Shenton, M.E., Kikinis, R., McCarley, R., Jolesz, F., Pollak, S., LeMay, M., Wible, C.,
Hokama, H., Martin, J., Metcalf, D., et al., 1992. Left temporal lobe abnormalities in
schizophrenia and thought disorder: a quantitative MRI study. N. Engl. J. Med. 327,
604-612.

Shepherd, T.M., Scheffler, B., King, M.A., Stanisz, G.J., Steindler, D.A., Blackband, S.J.,
2006. Mr microscopy of rat hippocampal slice cultures: a novel model for studying
cellular processes and chronic perturbations to tissue microstructure. Neuroimage 30
(3), 780-786.

Sherbondy, A.J., Rowe, M.C., Alexander, D.C., 2010. Microtrack: an algorithm for
concurrent projectome and microstructure estimation. International Conference on
Medical Image Computing and Computer-Assisted Intervention 183-190.

Silva, M.D., Helmer, K.G., Lee, J.H., Han, S.S., Springer Jr., C.S., Sotak, C.H., 2002.
Deconvolution of compartmental water diffusion coefficients in yeast-cell
suspensions using combined T1 and diffusion measurements. J. Magn. Reson. 156
(1), 52-63.

Siow, B., Drobnjak, I., Chatterjee, A., Lythgoe, M.F., Alexander, D.C., 2012. Estimation of
pore size in a microstructure phantom using the optimised gradient waveform
diffusion weighted NMR sequence. J. Magn. Reson. 214, 51-60.

Skare, S., Hedehus, M., Moseley, M.E., Li, T.Q., 2000. Condition number as a measure of
noise performance of diffusion tensor data acquisition schemes with MRI. J. Magn.
Reson. 147 (2), 340-352.

Smith, R.S., Koles, Z.J., 1970. Myelinated nerve fibers: computed effect of myelin
thickness on conduction velocity. Am. J. Physiol.-Legacy Content 219 (5),
1256-1258.

Sgnderby, C.K., Lundell, H., Dyrby, T.B., 2012. Assessing exchange between multiple
compartments using multi-directional double wave diffusion sequences. Proc. Int.
Soc. Magn. Reson. Med. volume 352.

Sotiropoulos, S.N., Behrens, T.E., Jbabdi, S., 2012. Ball and rackets: inferring fiber
fanning from diffusion-weighted MRI. Neuroimage 60 (2), 1412-1425.

Sotiropoulos, S.N., Moeller, S., Jbabdi, S., Xu, J., Andersson, J., Auerbach, E.J.,
Yacoub, E., Feinberg, D., Setsompop, K., Wald, L.L., et al., 2013. Effects of image


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1425
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1425
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1425
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1430
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1430
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1430
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1430
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1435
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1435
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1435
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1440
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1440
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1440
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1440
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1445
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1445
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1445
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1450
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1450
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1450
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1455
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1455
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1460
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1460
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1460
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1460
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1465
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1465
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1465
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1465
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1470
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1470
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1470
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1475
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1475
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1475
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1480
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1480
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1480
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1485
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1485
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1490
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1490
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1490
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1495
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1495
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1495
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1500
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1500
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1500
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1500
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1505
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1505
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1505
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1510
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1510
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1510
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1515
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1515
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1520
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1520
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1525
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1525
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1525
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1530
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1530
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1535
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1535
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1535
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1540
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1540
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1540
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1545
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1545
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1550
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1550
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1555
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1555
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1560
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1560
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1560
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1565
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1565
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1570
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1570
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1570
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1570
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1575
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1575
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1580
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1580
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1580
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1580
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1585
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1585
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1590
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1590
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1595
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1595
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1595
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1600
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1600
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1605
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1605
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1605
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1610
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1610
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1610
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1615
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1615
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1615
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1615
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1620
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1625
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1625
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1625
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1630
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1630
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1635
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1635
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1635
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1635
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1640
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1640
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1640
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1645
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1645
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1645
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1645
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1650
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1650
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1650
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1655
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1660
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1660
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1660
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1660
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1665
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1665
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1665
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1665
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1670
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1675
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1675
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1675
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1680
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1680
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1680
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1680
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1685
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1685
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1685
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1690
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1690
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1690
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1695
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1695
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1695
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1700
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1700
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1700
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1705
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1705
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1710
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1710

M. Afzali et al.

reconstruction on fiber orientation mapping from multichannel diffusion MRI:
reducing the noise floor using SENSE. Magn. Reson. Med. 70 (6), 1682-1689.

Sotiropoulos, S.N., Zalesky, A., 2019. Building connectomes using diffusion MRI: why,
how and but. NMR Biomed. 32 (4), e3752.

St-Jean, S., Coupé, P., Descoteaux, M., 2016. Non local spatial and angular matching:
enabling higher spatial resolution diffusion MRI datasets through adaptive
denoising. Med. Image Anal. 32, 115-130.

Stanisz, G.J., Wright, G.A., Henkelman, R.M., Szafer, A., 1997. An analytical model of
restricted diffusion in bovine optic nerve. Magn. Reson. Med. 37 (1), 103-111.

Stejskal, E., 1965. Use of spin echoes in a pulsed magnetic-field gradient to study
anisotropic, restricted diffusion and flow. J. Chem. Phys. 43 (10), 3597-3603.

Stejskal, E., Tanner, J., 1965. Spin diffusion measurements: spin echoes in the presence
of a time-dependent field gradient. J. Chem. Phys. 42 (1), 288-292.

Stikov, N., Perry, L.M., Mezer, A., Rykhlevskaia, E., Wandell, B.A., Pauly, J.M.,
Dougherty, R.F., 2011. Bound pool fractions complement diffusion measures to
describe white matter micro and macrostructure. Neuroimage 54 (2), 1112-1121.

Sudeep, P., Palanisamy, P., Kesavadas, C., Rajan, J., 2018. An improved nonlocal
maximum likelihood estimation method for denoising magnetic resonance images
with spatially varying noise levels. Pattern Recognition Letters.

Suh, K.J., Hong, Y.S., Skirda, V.D., Volkov, V.I, Lee, C.Y.J., Lee, C.H., 2003. Water self-
diffusion behavior in yeast cells studied by pulsed field gradient NMR. Biophys.
Chem. 104 (1), 121-130.

Sykova, E., Nicholson, C., 2008. Diffusion in brain extracellular space. Physiol. Rev. 88
(4), 1277-1340.

Szafer, A., Zhong, J., Gore, J.C., 1995. Theoretical model for water diffusion in tissues.
Magn. Reson. Med. 33 (5), 697-712.

Szczepankiewicz, F., Lasic, S., van Westen, D., Sundgren, P., Englund, E., Westin, C.,
Stéhlberg, F., Latt, J., Topgaard, D., Nilsson, M., 2015. Quantification of microscopic
diffusion anisotropy disentangles effects of orientation dispersion from
microstructure: applications in healthy volunteers and in brain tumors. Neuroimage
104, 241-252.

Szczepankiewicz, F., van Westen, D., Englund, E., Westin, C.F., St&hlberg, F., Latt, J.,
Sundgren, P.C., Nilsson, M., 2016. The link between diffusion MRI and tumor
heterogeneity: mapping cell eccentricity and density by diffusional variance
decomposition (DIVIDE). Neuroimage 142, 522-532.

Szczepankiewicz, F., Westin, C.F., Knutsson, H., 2017. A measurement weighting scheme
for optimal powder average estimation. Proc. Intl. Soc. Mag. Reson. Med., vol. 26
3345.

Tabelow, K., Voss, H.U., Polzehl, J., 2015. Local estimation of the noise level in MRI
using structural adaptation. Med. Image Anal. 20 (1), 76-86.

Takagi, T., Nakamura, M., Yamada, M., Hikishima, K., Momoshima, S., Fujiyoshi, K.,
Shibata, S., Okano, H.J., Toyama, Y., Okano, H., 2009. Visualization of peripheral
nerve degeneration and regeneration: monitoring with diffusion tensor tractography.
Neuroimage 44 (3), 884-892.

Tan, E.T., Hardy, C.J., Shu, Y., 2018. In: M.H, Guidon, A., Huston IIL, J., Bernstein, M.A.,
KF Foo, T. (Eds.), Reduced Acoustic Noise in Diffusion Tensor Imaging on a Compact
MRI System, 79(6, pp. 2902-2911.

Tanner, J., 1979. Self diffusion of water in frog muscle. Biophys. J. 28 (1), 107.

Tanner, J.E., 1970. Use of the stimulated echo in NMR diffusion studies. J. Chem. Phys.
52 (5), 2523-2526.

Tariq, M., Schneider, T., Alexander, D.C., Wheeler-Kingshott, C.A.G., Zhang, H., 2016.
Bingham-NODDI: mapping anisotropic orientation dispersion of neurites using
diffusion MRI. Neuroimage 133, 207-223.

Thelwall, P.E., Grant, S.C., Stanisz, G.J., Blackband, S.J., 2002. Human erythrocyte
ghosts: exploring the origins of multiexponential water diffusion in a model
biological tissue with magnetic resonance. Magn. Reson. Med. 48 (4), 649-657.

Topgaard, D., 2016. Director orientations in lyotropic liquid crystals: diffusion MRI
mapping of the Saupe order tensor. Phys. Chem. Chem. Phys. 18 (12), 8545-8553.

Topgaard, D., 2017. Multidimensional diffusion MRI. J. Magn. Reson. 275, 98-113.

Topgaard, D., Malmborg, C., Soderman, O., 2002. Restricted self-diffusion of water in a
highly concentrated w/o emulsion studied using modulated gradient spin-echo
NMR. J. Magn. Reson. 156 (2), 195-201.

Tournier, J.D., Calamante, F., Connelly, A., 2013. Determination of the appropriate b
value and number of gradient directions for high-angular-resolution diffusion-
weighted imaging. NMR Biomed. 26 (12), 1775-1786.

Tournier, J.D., Calamante, F., Gadian, D.G., Connelly, A., 2004. Direct estimation of the
fiber orientation density function from diffusion-weighted MRI data using spherical
deconvolution. Neuroimage 23 (3), 1176-1185.

Tournier, J.D., Mori, S., Leemans, A., 2011. Diffusion tensor imaging and beyond. Magn.
Reson. Med. 65 (6), 1532-1556.

Tournier, J.D., Yeh, C.H., Calamante, F., Cho, K.H., Connelly, A., Lin, C.P., 2008.
Resolving crossing fibres using constrained spherical deconvolution: validation using
diffusion-weighted imaging phantom data. Neuroimage 42 (2), 617-625.

Tuch, D.S., Reese, T.G., Wiegell, M.R., Makris, N., Belliveau, J.W., Wedeen, V.J., 2002.
High angular resolution diffusion imaging reveals intravoxel white matter fiber
heterogeneity. Magn. Reson. Med. 48 (4), 577-582.

Uhlenbeck, G.E., Ornstein, L.S., 1930. On the theory of the Brownian motion. Phys. Rev.
36, 823-841.

Van Essen, D.C., Ugurbil, K., Auerbach, E., Barch, D., Behrens, T., Bucholz, R., Chang, A.,
Chen, L., Corbetta, M., Curtiss, S.W., et al., 2012. The human Connectome Project: a
data acquisition perspective. Neuroimage 62 (4), 2222-2231.

Veraart, J., Fieremans, E., Jelescu, 1.0., Knoll, F., Novikov, D.S., 2016a. Gibbs ringing in
diffusion MRI. Magn. Reson. Med. 76 (1), 301-314.

Veraart, J., Fieremans, E., Novikov, D.S., 2016b. Diffusion MRI noise mapping using
random matrix theory. Magn. Reson. Med. 76 (5), 1582-1593.

28

Journal of Neuroscience Methods 347 (2021) 108951

Veraart, J., Novikov, D.S., Christiaens, D., Ades-Aron, B., Sijbers, J., Fieremans, E.,
2016¢. Denoising of diffusion MRI using random matrix theory. Neuroimage 142,
394-406.

Veraart, J., Novikov, D.S., Fieremans, E., 2018. Te dependent diffusion imaging (TEdDI)
distinguishes between compartmental T2 relaxation times. Neuroimage 182,
360-369.

Veraart, J., Fieremans, E., Novikov, D.S., 2019. On the scaling behavior of water
diffusion in human brain white matter. Neuroimage 185, 379-387.

Veraart, J., Nunes, D., Rudrapatna, U., Fieremans, E., Jones, D.K., Novikov, D.S.,
Shemesh, N., 2020. Nonivasive quantification of axon radii using diffusion MRI.
eLife 9, e49855.

Veraart, J., Rajan, J., Peeters, R.R., Leemans, A., Sunaert, S., Sijbers, J., 2013a.
Comprehensive framework for accurate diffusion MRI parameter estimation. Magn.
Reson. Med. 70 (4), 972-984.

Veraart, J., Sijbers, J., Sunaert, S., Leemans, A., Jeurissen, B., 2013b. Weighted linear
least squares estimation of diffusion MRI parameters: strengths, limitations, and
pitfalls. Neuroimage 81, 335-346.

Vos, S.B., Jones, D.K., Viergever, M.A., Leemans, A., 2011. Partial volume effect as a
hidden covariate in DTI analyses. Neuroimage 55 (4), 1566-1576.

Waldeck, A.R., Nouri-Sorkhabi, M.H., Sullivan, D.R., Kuchel, P.W., 1995. Effects of
cholesterol on transmembrane water diffusion in human erythrocytes measured
using pulsed field gradient NMR. Biophys. Chem. 55 (3), 197-208. https://doi.org/
10.1016/0301-4622(95)00007-k.

Walker, L., Chang, L.C., Koay, C.G., Sharma, N., Cohen, L., Verma, R., Pierpaoli, C., 2011.
Effects of physiological noise in population analysis of diffusion tensor MRI data.
Neuroimage 54 (2), 1168-1177.

Walsh, D.O., Gmitro, A.F., Marcellin, M.W., 2000. Adaptive reconstruction of phased
array MR imagery. Magn. Reson. Med. 43 (5), 682-690.

Wang, Y., Wang, Q., Haldar, J.P., Yeh, F.C., Xie, M., Sun, P., Tu, T.W., Trinkaus, K.,
Klein, R.S., Cross, A.H., et al., 2011. Quantification of increased cellularity during
inflammatory demyelination. Brain 134 (12), 3590-3601.

Waxman, S., Bennett, M.V., 1972. Relative conduction velocities of small myelinated and
non-myelinated fibres in the central nervous system. Nat. New Biol. 238 (85),
217-219.

Wedeen, V.J., Hagmann, P., Tseng, W.Y.1., Reese, T.G., Weisskoff, R.M., 2005. Mapping
complex tissue architecture with diffusion spectrum magnetic resonance imaging.
Magn. Reson. Med. 54 (6), 1377-1386.

Westin, C.F., Knutsson, H., Pasternak, O., Szczepankiewicz, F., Ozarslan, E., van
Westen, D., Mattisson, C., Bogren, M., O’donnell, L.J., Kubicki, M., et al., 2016. Q-
space trajectory imaging for multidimensional diffusion MRI of the human brain.
Neuroimage 135, 345-362.

White, N.S., Leergaard, T.B., D’Arceuil, H., Bjaalie, J.G., Dale, A.M., 2013. Probing tissue
microstructure with restriction spectrum imaging: histological and theoretical
validation. Hum. Brain Mapp. 34 (2), 327-346.

Wiest-Daesslé, N., Prima, S., Coupé, P., Morrissey, S.P., Barillot, C., 2008. Rician noise
removal by non-local means filtering for low signal-to-noise ratio MRI: applications
to DT-MRI. International Conference on Medical Image Computing and Computer-
Assisted Intervention 171-179.

Williams, P.L., 1995. Gray’s Anatomy. Nervous System, pp. 1240-1243.

Wirestam, R., Bibic, A., Latt, J., Brockstedt, S., Stdhlberg, F., 2006. Denoising of complex
MRI data by wavelet-domain filtering: application to high-b-value diffusion-
weighted imaging. Magn. Reson. Med. 56 (5), 1114-1120.

Wu, Y., Hong, Y., Feng, Y., Shen, D., Yap, P.T., 2020. Mitigating gyral bias in cortical
tractography via asymmetric fiber orientation distributions. Med. Image Anal. 59,
101543.

Wu, Y.C., Alexander, A.L., 2007. Hybrid diffusion imaging. Neuroimage 36 (3), 617-629.

Wu, Y.C,, Field, A.S., Alexander, A.L., 2008. Computation of diffusion function measures
in g-space using magnetic resonance hybrid diffusion imaging. IEEE Trans. Med.
Imaging 27 (6), 858-865.

Xu, J., Li, H., Harkins, K.D., Jiang, X., Xie, J., Kang, H., Does, M.D., Gore, J.C., 2014.
Mapping mean axon diameter and axonal volume fraction by MRI using temporal
diffusion spectroscopy. Neuroimage 103, 10-19.

Yablonskiy, D.A., Bretthorst, G.L., Ackerman, J.J., 2003. Statistical model for diffusion
attenuated mr signal. Magn. Reson. Med. 50 (4), 664-669.

Yang, G., Tian, Q., Leuze, C., Wintermark, M., McNab, J.A., 2018. Double diffusion
encoding MRI for the clinic. Magn. Reson. Med. 80 (2), 507-520.

Ye, C., 2017. Tissue microstructure estimation using a deep network inspired by a
dictionary-based framework. Med. Image Anal. 42, 288-299.

Ye, C,, Li, X., Chen, J., 2019. A deep network for tissue microstructure estimation using
modified Istm units. Med. Image Anal. 55, 49-64.

Yoleu, C., Herberthson, M., Westin, C.F., Ozarslan, E., 2019. Magnetic resonance
assessment of effective confinement anisotropy with orientationally-averaged single
and double diffusion encoding arXiv preprint arXiv:191212760.

Yolcu, C., Memic, M., Simsek, K., Westin, C.F., Ozarslan, E., 2016. Nmr signal for
particles diffusing under potentials: from path integrals and numerical methods to a
model of diffusion anisotropy. Phys. Rev. E 93 (5), 052602.

Zaqout, S., Kaindl, A.M., 2016. Golgi-Cox staining step by step. Front. Neuroanat. 10, 38.

Zetterling, M., Roodakker, K.R., Berntsson, S.G., Edqvist, P.H., Latini, F., Landtblom, A.
M., Pontén, F., Alafuzoff, 1., Larsson, E.M., Smits, A., 2016. Extension of diffuse low-
grade gliomas beyond radiological borders as shown by the coregistration of
histopathological and magnetic resonance imaging data. J. Neurosurg. 125 (5),
1155-1166.

Zhang, H., Hubbard, P.L., Parker, G.J., Alexander, D.C., 2011. Axon diameter mapping in
the presence of orientation dispersion with diffusion MRI. Neuroimage 56 (3),
1301-1315.


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1710
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1710
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1715
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1715
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1720
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1720
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1720
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1725
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1725
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1730
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1730
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1735
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1735
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1740
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1740
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1740
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1745
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1745
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1745
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1750
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1750
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1750
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1755
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1755
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1760
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1760
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1765
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1770
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1770
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1770
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1770
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1775
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1775
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1775
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1780
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1780
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1785
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1785
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1785
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1785
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1790
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1790
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1790
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1795
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1800
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1800
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1805
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1805
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1805
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1810
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1810
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1810
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1815
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1815
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1820
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1825
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1825
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1825
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1830
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1830
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1830
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1835
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1835
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1835
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1840
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1840
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1845
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1845
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1845
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1850
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1850
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1850
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1855
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1855
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1860
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1860
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1860
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1865
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1865
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1870
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1870
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1875
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1875
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1875
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1880
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1880
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1880
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1885
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1885
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1890
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1890
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1890
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1895
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1895
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1895
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1900
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1900
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1900
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1905
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1905
https://doi.org/10.1016/0301-4622(95)00007-k
https://doi.org/10.1016/0301-4622(95)00007-k
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1915
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1915
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1915
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1920
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1920
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1925
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1925
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1925
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1930
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1930
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1930
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1935
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1935
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1935
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1940
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1945
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1945
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1945
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1950
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1955
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1960
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1960
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1960
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1965
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1965
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1965
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1970
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1975
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1975
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1975
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1980
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1980
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1980
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1985
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1985
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1990
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1990
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1995
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref1995
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2000
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2000
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2005
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2010
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2010
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2010
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2015
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2020
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2025
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2025

M. Afzali et al.

Zhang, H., Schneider, T., Wheeler-Kingshott, C.A., Alexander, D.C., 2012. NODDI:
practical in vivo neurite orientation dispersion and density imaging of the human
brain. Neuroimage 61 (4), 1000-1016.

Zhang, Z., Huang, F., Ma, X., Xie, S., Guo, H., 2015. Self-feeding MUSE: a robust method
for high resolution diffusion imaging using interleaved EPI. Neuroimage 105,
552-560.

Zhou, X., Sakaie, K.E., Debbins, J.P., Kirsch, J.E., Tatsuoka, C., Fox, R.J., Lowe, M.J.,
2017. Quantitative quality assurance in a multicenter HARDI clinical trial at 3 T.
Magn. Reson. Imaging 35, 81-90.

29

Journal of Neuroscience Methods 347 (2021) 108951

Zhu, A.H., Moyer, D.C., Nir, T.M., Thompson, P.M., Jahanshad, N., 2018. Challenges and
opportunities in dMRI data harmonization. International Conference on Medical
Image Computing and Computer-Assisted Intervention 157-172.

Zucchelli, M., Afzali, M., Yolcu, C., Westin, C.F., Menegaz, G., Ozarslan, E., 2016. The
confinement tensor model improves characterization of diffusion-weighted magnetic
resonance data with varied timing parameters. 2016 IEEE 13th International
Symposium on Biomedical Imaging (ISBI) 1093-1096.


http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2030
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2035
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2035
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2035
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2040
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2040
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2040
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2045
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2050
http://refhub.elsevier.com/S0165-0270(20)30374-5/sbref2050

	The sensitivity of diffusion MRI to microstructural properties and experimental factors
	1 Introduction
	2 Brain microstructure
	3 Different acquisition schemes
	4 Signal representations
	4.1 From q-space to MAP-MRI
	4.2 Confinement model
	4.3 Power-law scaling of the diffusion signal

	5 Microstructure models
	5.1 Multi-compartment models
	5.2 Curvedness of neural trajectories and estimating the axon diameter
	5.3 Limitations of multi-compartment models
	5.4 The effect of acquisition method on the parameter estimation
	5.5 Effect of model fitting
	5.6 Validation
	5.6.1 Numerical analysis
	5.6.2 Monte Carlo
	5.6.3 Physical phantoms
	5.6.4 Fixed tissue
	5.6.5 In vivo + ex vivo


	6 Signal sensitivity to experimental factors
	6.1 Noise in diffusion MRI
	6.2 Consequences of noise and ways of dealing with it
	6.3 Sensitivity to changes in the number of gradients
	6.4 Sensitivity to changes in the number of shells and b-values
	6.5 Managing experimental factors

	7 Conclusion
	Author contributions
	Declarations of interest
	Acknowledgements
	References


