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A B S T R A C T

Blood vessel related magnetic resonance imaging (MRI) contrast provides a window into the brain's metabolism
and function. Here, we show that the spin echo dynamic susceptibility contrast (DSC) MRI signal of the brain's
white matter (WM) strongly depends on the angle between WM tracts and the main magnetic field. The apparent
cerebral blood flow and volume are 20% larger in fibres perpendicular to the main magnetic field compared to
parallel fibres. We present a rapid numerical framework for the solution of the Bloch-Torrey equation that allows
us to explore the isotropic and anisotropic components of the vascular tree. By fitting the simulated spin echo DSC
signal to the measured data, we show that half of the WM vascular volume is comprised of vessels running in
parallel with WM fibre tracts. The WM blood volume corresponding to the best fit to the experimental data was
2.82%, which is close to the PET gold standard of 2.6%.
1. Introduction

The distribution of blood in the human brain is regulated via a
specialized vascular network. Although the brain comprises only 2% of
the total body mass, it receives 15% of the cardiac output (Bouma and
Muizelaar, 1990). Cerebral blood flow (CBF), volume (CBV), and
oxygenation are, thus, essential parameters of brain physiology and
stable levels are required to maintain brain function. MRI is able to probe
these parameters, usually via changes in the magnetic properties of the
vascular system, to which the MRI signal is exquisitely sensitive. In DSC
MRI, a paramagnetic contrast agent (CA) is administered intravenously
during the repeated acquisition of a rapid imaging technique (Østergaard
et al., 1996b, 1996a), typically gradient echo or a spin echo echo planar
imaging (EPI). The contrast mechanism of DSC is a change in coherence
due to the field inhomogeneities around the blood vessels. With
increasing CA concentration, the vessels become more paramagnetic and
the field inhomogeneities become stronger (Ogawa et al., 1990), which
results in an accelerated loss of coherence. Analysis of DSC scans usually
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assumes that the vascular architecture within the voxel is spatially
isotropic, and therefore that the local orientation of the vascular tree
relative to the main magnetic field plays no role. However, the vascular
bed is not isotropic, particularly in white matter. Postmortem images
show many vessels running in parallel with WM tracts (Nonaka et al.,
2003a, 2003b; Okudera et al., 1999). Microscopic images of a rodent
model of ischemia (Cavaglia et al., 2001), and maps of perivascular
spaces in humans (Cai et al., 2015) exhibit anisotropy of the vascular
architecture. In venography based on susceptibility weighted imaging
(SWI) (Deistung et al., 2008; Denk and Rauscher, 2010; Reichenbach and
Haacke, 2001), the anisotropy of the vascular system can be readily
appreciated in vivo. Furthermore, it has been recently shown that the
gradient echo perfusion signal and the maps of CBF and CBV derived
therefrom exhibit a strong dependence on the local orientation of WM
fibre tracts (Hern�andez-Torres et al., 2017). Numerical simulations of
static spin dephasing that best fit the measured data suggested that about
half the blood volume is within larger anisotropic vessels. Gradient echo
scans are usually used for DSC experiments, due to their high sensitivity
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to changes in blood oxygenation or CA concentration. However, spin
echo scans are also sensitive to the presence of an intravascular CA due to
spins losing coherence while diffusing in the magnetically inhomoge-
neous environment created by the blood vessels (Boxerman et al., 1995).

Since smaller vessels produce shorter ranged field inhomogeneities,
loss of coherence due to diffusion is stronger in the vicinity of small
vessels, and therefore the spin echo signal is more sensitive to small
vessels than to large vessels. For this reason, fMRI, which uses changes in
blood oxygenation as an intrinsic contrast mechanism, is more specific to
the location and spatial extent of neural activation when acquired with
spin echo EPI (Norris, 2012; Uluda�g et al., 2009; Uluda�g and Blinder,
2018). With anisotropic vascular architecture, the loss of coherence
should depend on tissue orientation and give rise to orientation effects.
The anisotropy of the cerebral vasculature, in particular in WM, raises
several questions: How strongly does the DSC signal depend on the
orientation of WM? How much blood resides in the isotropic and
anisotropic compartments of the vascular network, and what is the role of
vessel size? Based on our previous findings for gradient echo DSC and on
the above considerations, we hypothesize that spin echo DSC exhibits
tissue orientation effects. In this work, we investigate the vascular ar-
chitecture experimentally by combining spin echo DSC with diffusion
tensor imaging for the analysis of WM fibre orientation. We then fit a
model of the spin echo signal for fibre orientations between 0� and 90�

from which we extract isotropic and anisotropic components of the
vascular tree. These calculations require the solution of the Bloch-Torrey
equation, which describes the spin echo signal in a magnetically inho-
mogeneous environment. Since we fit for the vascular parameters of the
orientation dependent DSC signal, thousands of solutions of the
Bloch-Torrey equation need to be computed on a large 3D grid that
contains an anisotropic vascular tree. To do so in a computationally
feasible manner, we developed a framework that is based on the equiv-
alence of the Bloch-Torrey equation to the single-particle time dependent
Schr€odinger equation.

2. Materials and methods

2.1. Theoretical considerations

We first develop a numerical framework for the investigation of the
effect of field inhomogeneities on the DSC signal. The simulation con-
tains a small number of free parameters, which will be determined by
fitting the simulated DSC signal data to the corresponding experimental
data in a non-linear least squares fashion. The simulated DSC data is the
change in transverse relaxationΔR2 that occurs due to the administration
of the paramagnetic CA. This change in R2 can be computed by simu-
lating the magnetization within a single WM voxel until an echo time TE,
both with and without CA. The resulting ΔR2 is given by

ΔR2 ¼ � 1
TE

ln
�
S
S0

�
; (1)

where S0 is the signal before the arrival of the CA, and S is the signal at
the time point corresponding to a particular CA concentration
(Østergaard et al., 1996b, 1996a). In order to investigate the effect of WM
fibre tract orientation on the resulting ΔR2 values, we define α to be the
angle between the main magnetic field and the WM fibre and allow α to
vary between 0� and 90� in the simulations. The two major components
of the simulations are the generation of the geometry of the problem for a
given set of simulation parameters, and the subsequent propagation of
the magnetization through time.

The simulation takes place inside a single voxel of dimensions
3� 3� 3mm3, wherein we place an isotropic vascular bed consisting of
small blood vessels (with radii in the order of 10 μm), as well as aniso-
tropic vasculature consisting of a variable number L of large blood vessels
(with radii in the order of 100 μm) running in parallel with the z-axis
surrounded by a fluid-filled perivascular space (Kwee and Kwee, 2007).
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An example of this geometry with L¼ 5 anisotropic vessels is shown in
Fig. 1. The orientation of the WM fibres is assumed to be parallel to the
anisotropic blood vessels, and therefore the WM fibre is oriented in the z-
direction as well. The total amount of vasculature contained in the voxel
is determined by the blood volume fraction (BVF), a free parameter. The
isotropic vasculature is simulated as cylinders with uniformly random
orientation and position within the voxel, with radii of 7.0 μm
(Meier-Ruge et al., 1980). The total number of isotropic vessels is
determined by a second free parameter, the isotropic relative blood
volume fraction (iRBVF). The anisotropic vasculature is simulated as
uniformly spaced cylinders with axes parallel to the z-axis. The radii of
the anisotropic vessels are determined by the anisotropic relative blood
volume fraction (aRBVF), a constrained parameter given by
aRBVF¼ 1� iRBVF.

The voxel may now be thought of as being separated into three re-
gions: vasculature, perivascular space, and the surrounding tissue. In
these regions, we prescribe different values for the relaxation rate R2 and
for the magnetic susceptibility χ. The T2 value of the tissue is set to 69ms
(Stanisz et al., 2005); the T2 value of the perivascular space is set to the T2
of CSF at 3T, 1790ms (Spijkerman et al., 2018); the radius of the peri-
vascular space is chosen to be twice that of the corresponding anisotropic
vessel radius (Kwee and Kwee, 2007). Additionally, the value of both R2
and χ within the blood depends on the peak CA concentration (CAPEAK),
the third free parameter of the simulation. The dependence of R2 and χ on
CAPEAK is detailed in our previous study; see equation (4) in (Hern�an-
dez-Torres et al., 2017). Since χ is non-constant within the voxel, local
magnetic field inhomogeneities are induced according to

δBðrÞ
B0

¼ GαðrÞ � δχðrÞ; (2)

where Gα is the unit dipole kernel defined as

GαðrÞ ¼ 1
4π

3 cos2ðθÞ � 1
r3

: (3)

This is the forward field calculation for the magnetic field by
convolution of the spatial magnetic susceptibility distribution with a unit
dipole (Marques and Bowtell, 2008). The spherical radial distance and
polar angle (r, θ) in equation (3) are relative to the main magnetic field
direction. In our simulations, it is convenient to work in coordinates
where the WM fibre is in the z-direction, hence the subscript α on the
dipole kernel. The resulting local resonance frequency shift as seen by the
diffusing protons is given by

δωðrÞ ¼ γ � δBðrÞ (4)

In the experimental data, α was computed by taking the angle be-
tween the main magnetic field direction and the principal diffusion di-
rection as measured with DTI. Each WM voxel was then sorted into bins
according to their α-value. The bin widths were taken to be 5�, resulting
in 18 bins corresponding to angles from 2.5� to 87.5� in 5� increments. In
the numerical simulations, α varies over these 18 angles in order to match
the experimental data. Cross sections of δω in the xy-plane for three
different angles α are shown in Fig. 1. Next, we consider the propagation
of the magnetization through time, which is described by the Bloch-
Torrey equation (Torrey, 1956)

∂M
∂t ¼ γM� B�

�
M x

T2
;
M y

T2
;
M z �M 0

T1

�T
þr �DrM: (5)

Accounting for diffusion in the presence of the α-dependent field in-
homogeneities introduces α-dependent simulated ΔR2 values. Since
TE� T2 ≪ T1, we neglect T1 effects. We assume isotropic diffusion by
setting D¼DI. Additionally, we denote

M: ¼ M x þ iM y (6)

the complex transverse magnetization and



Fig. 1. The top-left figure shows an example voxel
geometry. The 3� 3� 3mm3 voxel is populated with
an isotropic vascular bed and L¼ 5 anisotropic large
vessels in the z-direction. The total volume occupied
by the blood vessels is determined by the blood vol-
ume fraction BVF. The relative fraction of blood con-
tained in the isotropic vascular bed is determined by
the isotropic relative blood volume fraction iRBVF,
and the amount of blood contained in the anisotropic
vessels is then aRBVF¼ 1� iRBVF. The magnetic field
generated by this configuration is computed by the
convolution of the susceptibility map with the unit
dipole kernel. Example cross-sections of the frequency
shift map δω are shown for α¼ 0� (top right), 45�

(bottom left), and 90� (bottom right). It can be easily
observed that near large vessels, the resonance fre-
quency (i.e. the magnetic field) remains locally rela-
tively constant compared to the resonance frequency
near small vessels, which changes rapidly over short
distances. Note also the increase in strength and range
of inhomogeneities around the large anisotropic ves-
sels as α increases, introducing the dependence on the
angle α into the simulations.
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ΓðrÞ :¼ R2ðrÞ þ iωðrÞ (7)
the complex decay rate, where ω(r)¼ ω0þ δω(r) with ω0¼ γB0, and R2(r)
is the piecewise constant R2 value taking different values in tissue and in
blood. The resulting Bloch-Torrey equation is

∂
∂tMðr; tÞ ¼ Dr2Mðr; tÞ � ΓðrÞMðr; tÞ; (8)

where r2 is the 3D Laplacian operator. The Bloch-Torrey equation ad-
mits no closed form for general Γ(r), and must be solved numerically.

At this point, we change coordinates such that the WM fibre is in the
z-direction and so M represents the magnetization transverse to the
magnetic field B ¼ B0 [sin α, 0, cos α]T. This is purely a matter of con-
venience, as now instead of generating new vasculature networks for
each desired WM fibre angle α, the WM fibres can remain fixed and only
the frequency shifts δω(r) must be recomputed.

The simulation contains four free parameters: the peak contrast agent
concentration CAPEAK, the total blood volume fraction BVF, the isotropic
relative blood volume fraction iRBVF, and the total number of large
anisotropic vessels L. The task is now to find parameters such that the
solutions to equation (8) result in a ΔR2 vs. α curve that is as close as
possible to the experimental ΔR2 vs. α data. The basic algorithm to do so
is as follows: for a given number of anisotropic vessels L choose an initial
set of parameters CAPEAK, BVF, and iRBVF; for each angle α calculate the
corresponding 3D map of resonance frequencies and initialize the
magnetization with the constant value of M(r, 0)¼ i¼√(-1); propagate
the magnetization by solving the Bloch-Torrey equation both with and
without CA for each angle α to obtain a simulated ΔR2 vs. α curve;
compare the resulting curve with the observed ΔR2 vs. α data set; choose
new parameters based on an error minimization algorithm such as
gradient descent; repeat until convergence of parameters. Approximately
25–30 iterations are needed for convergence of a typical set of parame-
ters to a tolerance on the order of 0.1% given an appropriate initial guess.
Due to the fact that the Bloch-Torrey equation must be solved both with
and without CA for each of the 18 angles α, approximately 1000 solutions
to the Bloch-Torrey equation must be computed for a given initial guess.
For this reason, and because the anisotropic nature of the vascular tree
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requires a simulation in three dimensions, rapid computation is required.

2.2. Fast solution of the Bloch-Torrey equation

In order to solve equation (8) efficiently, we begin by considering
techniques used to solve the imaginary-time Schr€odinger equation (Wick,
1954), which is equivalent to the Bloch-Torrey equation (8) (Ziener et al.,
2009, 2012). In this analogy, �Dr2 is the kinetic energy operator K, and
Γ is the complex potential energy operator V. Note that Γ is formally
distinct from Γ(r): Γ is the operator whose action on a function is to
multiply pointwise by Γ(r), just as r2 is the operator whose action is to
apply the Laplacian.

This approach allows us to use Diffusion Monte Carlo (DMC) tech-
niques for solving the Bloch-Torrey equation (8). DMC methods were
originally developed to solve the imaginary-time Schr€odinger equation
by approximating the evolution operator exp (-Ĥt) which acts on an
initial wave function Ψ(r, t ¼ 0), where Ĥ is the Hamiltonian of the
system. In our case, Ĥ¼ Kþ V¼�Dr2þ Γ andΨ(r, 0)¼M(r, 0). We use
a particular set of DMC methods known as splitting methods, wherein the
evolution operator of the imaginary-time Schr€odinger equation is
approximated by decoupling the actions of the kinetic and potential
energy terms over sufficiently small time intervals Δt. We have the ap-
proximations (Bader et al., 2013; Guardiola, 1998)

e� _HΔt ¼ e�ðKþVÞΔt (9)

e� _HΔt ¼ e�KΔte�VΔt þ O
�
Δt2

�
(10)

e� _HΔt ¼ e�VΔt=2e�KΔte�VΔt=2 þ O
�
Δt3

�
: (11)

Equations (10) and (11) hold for any pair of linear operators K and V
in the limit of small Δt. The error terms occur due to the fact that in
general, K and V do not commute. Otherwise, these approximations
would both be exact. Additionally, hermiticity of the Hamiltonian is not
required, as would typically be the case in quantum mechanics.

Importantly, in our case the actions of the evolution operators e�Kt

and e�Vt in approximations 10 and 11 have the known closed forms
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(Guardiola, 1998)

e�KtMðr; 0Þ ¼ Φðr; tÞ �Mðr; 0Þ (12)

e�VtMðr; 0Þ ¼ e�ΓðrÞtMðr; 0Þ; (13)

where Φ(r, t) is the Gaussian kernel defined as

Φðr; tÞ :¼ 1

ð4πDtÞ3=2
e�r2=4Dt (14)

and * denotes the convolution over space. Note that, as opposed to using
equation (9) which does not in general admit a closed form, the evolution
of the initial transverse magnetization M(r, 0) via equation (12) or 13 is
extremely fast to compute. Equation (12) simply convolves the initial
state with a Gaussian kernel (or equivalently, it applies uniform
smoothing of width σ ¼ ffiffiffiffiffiffiffiffi

2Dt
p

). This convolution can be computed effi-
ciently using the Fast Fourier Transform (FFT), since the boundary con-
ditions are taken to be periodic (Nguyen et al., 2014). Equation (13)
involves point-wise multiplication and exponentiation, and thus is even
faster to compute.

The approximate solutions given by equations (10) and (11) can be
interpreted as follows: instead of simulating decay and diffusion simul-
taneously through Ĥ, the signal undergoes pure decay due to Γ followed
by pure diffusion due to Dr2 in an alternating fashion, repeating over
small time steps of order Δt until the desired time t is reached.

We are now in a position to solve the Bloch-Torrey equation effi-
ciently. We begin by discretizing the 3� 3� 3mm3 voxel into N3 sub-
voxels. The subvoxels need to be small enough that diffusion effects can
be captured during each time step, but large enough that solving the
system is still computationally feasible. The root mean square distance
travelled by a freely diffusing particle in n-dimensions is

drms ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2nDΔt

p
: (15)

If we choose Δt¼ TE/30¼ 2ms and the diffusion constant
D¼ 3.037 μm2/ms (Holz et al., 2000), the mean free diffusion distance in
n¼ 3 dimensions is d¼ 6.04 μm. Choosing N¼ 512 gives a subvoxel size
of 5.86 μm, capturing diffusion effects while being computationally
feasible. Algorithm 1 details how to compute the signal at time TE using
the approximate evolution equation (10). To assess the accuracy of the
approximate solution from Algorithm 1, we compute the solution of
equation (8) directly. This can be achieved by first discretizing the
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Hamiltonian operator using the method of lines (Schiesser, 1991),
wherein space is discretized into a uniform set of grid points ri, the
Laplacian r2 is approximated using second order centred finite differ-
ences, and Γ is approximated as a diagonal matrix consisting of the values
Γ(ri). This process represents the Hamiltonian Ĥ as a matrix H, and the
magnetization M(r, t) as a vector M(t), where each element Mi(t) rep-
resents M(ri,t). The Hamiltonian matrix H then acts on the transverse
magnetization M through matrix multiplication. The resulting dis-
cretized forms of equations (8) and (9) are

∂
∂tMðtÞ ¼ �HMðtÞ (16)

⇒ MðtÞ ¼ e�HtMð0Þ; (17)

where the notation e�Ht, in this context, represents the matrix expo-
nential of the matrix �Ht. In our case, despite having N¼ 512 and
therefore an extremely large N3�N3 complex matrix H, we need only
compute the matrix exponential vector product (also known as the action
of the matrix exponential), and not exp (�Ht) itself, which is in general
full despite H being sparse (Moler and Van Loan, 2003). Algorithms for
computing the action of the matrix exponential are known (Al-Mohy and
Higham, 2011; Caliari et al., 2014). We use the algorithm described by
Al-Mohy and Higham in (Al-Mohy and Higham, 2011), as well as their
MATLAB code expmv. A comparison of the signal resulting from Algo-
rithm 1 versus equation (17) and expmv is shown in Fig. 2, revealing that
the difference between the approximate and exact solution is less than
0.2%. However, the exact solution with expmv is almost two orders of
magnitude slower than approximations 10 or 11, making it unsuitable for
parameter fitting.
Algorithm 1. Magnetization propagation algorithm used to simulate
the signal S(TE) for a given set of free parameters CAPEAK, BVF, iBVF, and
L. All four free parameters are encoded solely in the complex decay rate
Γ(r); the rest of the algorithm does not depend on them. The notation Mν
is shorthand for M(r,νΔt) throughout the algorithm. If the O(Δt3) order
evolution equation (11) were used instead, line 3 should be modified to
decay for only a half time step Δt/2, line 4 should perform the Gaussian
convolution in-place, and an extra line should be added directly
following the convolution which decays for another half time step Δt/2.

We are now able compute a solution to the original problem of fitting



Fig. 2. Comparison between solving the Bloch-Torrey equation exactly using
the method of lines in conjunction with Higham's expmv integrator (Al-Mohy
and Higham, 2011), and solving the Bloch-Torrey equation approximately using
the two-step approximate solution as described in Algorithm 1. The signal decay
through time calculation shows strong agreement between the two methods,
with error values of 0.064% � 0.045%; the maximum error value of 0.14%
occurs at 60 ms.
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the simulated ΔR2 vs. α curve to the observed data on a PC with an Intel
Core i7-3930 K CPU and 32 GB of memory running Gnu/Linuxwithin less
than a day rather than several weeks. An initial set of simulation pa-
rameters (BVF, iRBVF, CAPEAK, and L) are chosen, and the Bloch-Torrey
equation (8) is propagated numerically using Algorithm 1 until time
TE¼ 60ms. ΔR2 is subsequently calculated for each angle α using
equation (1). For L ranging from 1 to 9 the corresponding optimal
simulation parameters BVF, iRBVF, and CAPEAK are determined through a
gradient descent based non-linear ℓ2-normminimization algorithm using
MATLAB's lsqcurvefit (MATLAB, 2015).
Fig. 3. ΔR2 versus fibre angle α (blue) and fitted model (red) for L¼ 3 aniso-
tropic blood vessels. ΔR2 was 20% larger for fibres perpendicular to the main
magnetic field compared to parallel fibres. The resulting parameters found are
CAPEAK ¼ 4.00 mM, BVF ¼ 2.82%, and iRBVF ¼ 56.0%, corresponding to a
1.58% isotropic BVF, and a 1.24% anisotropic BVF.
2.3. Experimental procedures

2.3.1. Standard protocol approval, registrations and patient consents
This study was approved by the Clinical Research Ethics Board

(Videnskabsetiske Komit�eer for Region Midtjylland, M-2013-239-13,
August 5th, 2013) and is in accord with the Declaration of Helsinki. All
subjects gave written informed consent.

2.3.2. Data acquisition
Data from 10 healthy subjects (3 female; age¼ 34–65 years,

mean¼ 47.24 years) were acquired on a 3 T system (Skyra, Siemens,
Erlangen, Germany). DSC was acquired with spin echo EPI (300 repeti-
tions, TE¼ 60ms, TR¼ 1530ms, flip angle¼ 90�, voxel vol-
ume¼ 3� 3� 3mm3). 0.2 mmol/kg body weight of Gadovist (Bayer)
was injected at a rate of 5 ml/s starting at scan 200, followed by a 30 ml
saline flush. Fibre orientation was calculated from a diffusion tensor scan
acquired for diffusion kurtosis imaging with a 1 þ 3þ9 scheme (b-
values ¼ 0/1000/2500 s/mm2, voxel size¼ 2.29� 2.29� 2mm3,
TE¼ 101ms, TR¼ 12200ms) (Hansen et al., 2013, 2014).

2.3.3. Data processing
Fibre orientation maps were computed from the b¼ 0 and 2500 s/

mm2 data of the diffusion scan using the approach presented previously
(Hern�andez-Torres et al., 2017). Motion correction, eddy current
correction, brain extraction, and computation of the DTI data was per-
formed using FSL's DTIfit (Jenkinson et al., 2012). The DSC data were
motion corrected, brain extracted, and registered into DTI space via the
fractional anisotropy maps using FSL.

Next, the DSC signal in each WM voxel was sorted into bins according
to α, the local angle with respect to the main magnetic field B0, as
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determined through the diffusion tensor scan (Hern�andez-Torres et al.,
2015). The voxels of the DSC signal data were split into 18 bins centred
around the angles ranging from 2.5� to 87.5� in 5� increments. Each bin
was then averaged, resulting in a set of 18 signal vs. time curves
parameterized by α. The last step was to calculate ΔR2 for each curve
according to equation (1).

For each voxel, the time point with the lowest T2-weighted signal was
selected as the time point with peak CA concentration. The resulting set
of data is a peak ΔR2 vs. α curve with 18 data points, and it is this set of
data that is compared with numerical simulations. In addition, CBF, CBV,
and MTT were also calculated as function of fibre orientation, as
described previously for gradient echo DSC (Hern�andez-Torres et al.,
2017).

The perfusion parameters CBF, CBV, and MTT were estimated using a
parametric approach informed by a physiological model of the micro-
vasculature (Mouridsen et al., 2006, 2014). In this approach, it is
assumed that the intravascular contrast agent reaches the capillary bed at
a particular blood concentration C(t) modulated by the constant κ, which
depends on hematocrit but is assumed constant here. The contrast agent
concentration and CBF are then related via

κCðtÞ ¼ CBF
Z t

0
Cαðt � τÞRðτÞdτ; (18)

where Cα(t) denotes the arterial input function and R(t) the residue
function. The transport function h(t), used to estimate the residue func-
tion, is parameterized as a gamma distribution

hðt; α; βÞ ¼ �dR
dt

¼ 1
βα ΓðαÞt

α�1e�t=β; α; β > 0: (19)

In this approach, MTT equates to αβ¼ CBV/CBF, where CBF is the
peak of the estimated residue function.

3. Results

The presence of CA in WM vasculature causes a change in ΔR2 that
depends on local WM fibre orientation measured with diffusion MRI
(Fig. 3). In WM perpendicular to the main magnetic field, ΔR2 is 20%
larger than in fibres parallel to the main magnetic field, as shown by the
blue curve in Fig. 3, which represents the average across data acquired in
the 10 healthy volunteers. Moreover, the simulated ΔR2 also depends
considerably on the simulated vascular architecture. Since the loss of
coherence is mediated by diffusion, not only does the total volume of the
blood vessel compartments play a role, the vessel sizes do as well. The
simulation with L¼ 3 anisotropic blood vessels with a radius of 107.6 μm
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is highlighted in red, as it provided the lowest average error compared to
the observed data.

The simulated and measured curves represent a combination of an
isotropic vascular component, which results in a constant offset, and an
anisotropic component, which results in the observed orientation
dependence. Simulations containing only an isotropic vascular bed
exhibit no angle dependence, whereas simulations containing only
anisotropic vasculature exhibits no offset (not shown), which is in
agreement with our earlier findings for gradient echo DSC (Hern�an-
dez-Torres et al., 2017).

The best fit resulted from L¼ 3 anisotropic vessels with a peak
contrast agent concentration of CAPEAK¼ 4.00mM and a total blood
volume fraction of BVF¼ 2.82%, where iRBVF¼ 56.0% of the blood is
contained in the isotropic vasculature and aRBVF¼ 44.0% of the blood is
contained in the anisotropic vasculature. The radii of the anisotropic
vessels range from 52.1 μm for 9 vessels to 206.3 μm for 1 vessel. The best
fit corresponds to a vessel radius of 107.6 μm, with the next best fits
occurring for L¼ 4 followed by L¼ 2 vessels with radii of 80.3 μm and
137.3 μm, respectively.

It should be noted that more than 97% of data points have an angle
with B0 greater than 15�. For angles below 15�, there was an upward
trend that may be an artifact of the small number of voxels contributing
to these angles. This trend was not observed in the gradient echo EPI
experiment (Hern�andez-Torres et al., 2017), nor in the simulations of this
study, and therefore these points were excluded for the purposes of
parameter fitting.

The orientation dependence in ΔR2 translates to corresponding
orientation dependencies in the measured CBF, CBV, and MTT, as shown
in Fig. 4. Both CBV and CBF are about 20% larger inWM perpendicular to
the main magnetic field compared to WM parallel to the main magnetic
Fig. 4. CBV, CBF, and MTT versus fibre angle α. CBV and CBF exhibit larger values
curves represent individual subjects. As no normalization of CBV and CBF to an intern
which were normalized to the average from zero to five degrees.
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field, whereas the temporal parameter MTT shows only a small angle
dependence.

4. Discussion

4.1. Solution of the Bloch-Torrey equation

We hypothesized that the vascular anisotropy of WM leads to an
orientation dependence of spin echo DSC. We demonstrated this effect
experimentally and we presented a rapid approach for parameter fitting
that allows us to derive vascular parameters from the orientation
dependent DSC signal. For solving the Bloch-Torrey equation (Eq. (8)),
we introduced an algorithm which is based on techniques originally
developed for quantum mechanics. This algorithm approximates the
Green's function of the Bloch-Torrey equation - which cannot be
expressed analytically - over small time steps Δt. These intermediate
solutions are iteratively updated during each time step until the desired
time TE is reached. This method results in solutions that are within a
fraction of a percent of the solution computed directly through matrix
exponential methods, as illustrated by Fig. 2. Importantly, the solution
found by this algorithm is typically one to two orders of magnitude faster
to compute for typical simulation parameters than traditional ap-
proaches. This is a large advantage over the direct method, as this
approach allows us to rapidly investigate varying complex 3D geometries
and move quickly through the parameter space. In particular, the mini-
mization to produce Fig. 2 could be performed on a personal computer
within a day, rather than weeks.

While the identification between the Bloch-Torrey equation and the
imaginary-time Schr€odinger equation has been known, methods used to
solve the Bloch-Torrey equation that take advantage of quantum-inspired
at 90� compared to 0�. The orientation dependence of MTT is weak. Coloured
al reference tissue was performed, both CBV and CBF are given in arbitrary units,
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techniques typically use eigenfunction expansion based approaches
(Grebenkov, 2008), which are appropriate for quantum mechanical
systems. However, these techniques are not useful for large 3D simula-
tions of magnetized spins. As the eigenfunction decomposition is
expensive, speed is largely completely sacrificed to begin with. More-
over, the goal of solving the Schr€odinger equation in physical systems
generally revolves around computing the ground state and the ground
state energy, and possibly a small number of excited states above that. In
our case, however, we are interested in propagating an initial state
through time. Such an approachwould require a suitably large eigenbasis
in order to represent the magnetization accurately, and this would be
prohibitively expensive both to store in memory and to compute.

For these reasons, the Bloch-Torrey equation has most commonly
been solved using finite element based (Nguyen et al., 2014) or finite
difference based techniques. Such approaches are feasible if only one
solution is computed, for example the BOLD effect for a particular
vascular geometry, especially when said geometry is given in terms of a
realistic vasculature mesh. However, as with matrix exponential based
methods, these approaches are too slow and expensive for our problem of
iterating through parameter space with the goal of determining the
vascular geometry associated with an experimental DSC signal; we need
to be able to quickly generate vascular geometries programmatically
based on the parameters BVF and iRBVF. Using the splitting method
described in Algorithm 1 provides a balance between accuracy and speed
in solving the Bloch-Torrey equation.

4.2. Perfusion experiment

We found that the apparent perfusion parameters measured with spin
echo DSC imaging depend on the WM fibre orientation, with ΔR2, CBF,
and CBV increasing for increasing angles between WM and the main
magnetic field, while the effect was rather small for MTT. The most likely
explanation for this phenomenon that is consistent with current scientific
knowledge is that a proportion of the vascular network in WM runs in
parallel with the fibre tracts. Solving the Bloch-Torrey equation for a
range of vascular architectures and CA concentrations and fitting the
results to the DSC signal reveals that about half of the WM blood volume
is in vessels that run in parallel with the fibre tracts, giving rise to
orientation dependent field inhomogeneities.

The finding that 44.0% of the blood resides within anisotropic
vasculature and 56.0% in the isotropic component is in good agreement
with our earlier gradient echo experiment (Hern�andez-Torres et al.,
2017) in a different cohort. Simulations based on a larger isotropic vessel
radius of 13.7 μm obtained with MRI (Jochimsen et al., 2010), which was
used in our previous gradient echo study, result in a total blood volume
fraction of 3.5%, an anisotropic blood volume fraction of about 34%, and
an optimal L¼ 5 large vessels with radii of 81.5 μm. An explanation for
the larger total blood volume is that the spin echo experiment is less
sensitive to larger vessels (Boxerman et al., 1995). Larger vessels create
field inhomogeneities with lower spatial frequencies, causing diffusion to
happen within a locally more homogeneous environment. In other
words, the spin echo experiment is sensitive to the size of the vessels, in
addition to blood volume. Nevertheless, in our simulations the simulated
radii of the anisotropic vessels are relatively insensitive to the assumed
radii of the isotropic vessels. In gradient echo DSC most of the signal loss
is due to static dephasing where the size of the vessels plays no role
(Yablonskiy and Haacke, 1994), as long as it is much smaller than the
voxel. In our previous gradient echo DSC study, the anisotropic blood
volume fraction was, therefore, assumed to be contained in only one
anisotropic vessel, even though the same amount of blood volume could
reside within more than one vessel. The present study is an extension in
that it also provides an estimate of the anisotropic vessel radius. Of
course, it is a simplification to assume that all vessels have the same
radius. Rather, these vessels with a radius of 107.6 μm should be seen as
representative of a number of vessels each with different radii and with
orientations that only on average (within a given voxel) are in parallel
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with the WM tracts. It should also be noted that due to the pooling of
voxels from various brain regions, our results are an average for WM
across the entire brain. Regional variations in vascular architecture are
not addressed by this approach. This, however, does not limit our general
experimental observation that the DSC signal depends on local WM fibre
orientation. Furthermore, due to partial volume effects such as crossing
fibres, local tissue orientation is not equally well defined across all voxels
that are pooled together for a certain fibre orientation.

Both an isotropic and an anisotropic vascular component are neces-
sary to explain the observed changes in ΔR2 of WM. The isotropic
component results in a constant offset, whereas the anisotropic compo-
nent gives rise to the orientation dependence. This finding is equivalent
to our previous results for gradient echo DSC (Hern�andez-Torres et al.,
2017), where we showed that the orientation effect in CBF and CBV is
about 100%. As expected, the orientation effect is weaker in spin echo
DSC than in gradient echo DSC. This observation may also explain why
whole brain histograms of CBF are broader for gradient echo DSC than
for spin echo DSC, and why arterial spin labelling derived CBF agrees
better with spin echo DSC than with gradient echo DSC (Wong et al.,
2014).

The best fit resulted in a total blood volume fraction of 2.82%, which
is close to the 2.6 ml/100 g for WM tissue determined with positron
emission tomography, which is considered the gold standard for CBV
measurement (Leenders et al., 1990). A spin echo DSC study reported 1.3
ml/100 g for WM tissue and 4.6 ml/100 g for GM tissue, which converts
approximately to 1.3% and 4.6% (Helenius et al., 2003). Using gradient
echo DSC, Arakawa et al. reported a CBV of 1.44 ml/100 g in normal
appearing WM and 1.86 ml/100 g in normal appearing GM of subjects
with stroke (Arakawa et al., 2006). While the CBF determined herein is in
good agreement with the PET gold standard, it should be kept in mind
that the present study had a relatively small sample size.

The parameter maps CBF and CBV derived from ΔR2 also show an
angle dependence of about 20%, whereas the angle dependence of MTT
is small. This finding is in agreement with previous work in gradient echo
DSC (Hern�andez-Torres et al., 2017) and the notion that tissue orienta-
tion has an influence on the magnitude of the measured signal but should
not have a major influence on the temporal features of the CA bolus
measurement.
4.3. Implications for DSC, vessel size imaging, and BOLD fMRI

The vascular anisotropymay have a range of implications for methods
that rely on vascular contrast, such as DSC studies, vessel size imaging,
and BOLD fMRI. Since the signal to noise ratio of arterial spin labelling is
too low in WM, DSC is currently the method of choice for the evaluation
of WM perfusion. In multiple sclerosis (Lapointe et al., 2018), for
instance, white matter lesions are often seen around central veins (Sati
et al., 2016). Therefore, multiple sclerosis lesions that are traversed by a
vein parallel to the orientation of the main magnetic field, such as
Dawson fingers, may appear to have lower CBF and CBV than lesions
around a vein oriented perpendicular to the main magnetic field.
Furthermore, the comparison of lesions and contralateral non-lesional
tissue needs to control for the presence or absence, and orientation of
venous vessels. On the other hand, the orientation dependent approach
may allow for more accurate assessment of average perfusion parameters
across the whole WM.

A possible orientation effect in DSC can be also seen in Fig. 1 of a
publication on WM perfusion in neuropsychiatric lupus by (Papadaki
et al., 2018) where CBF is much lower in fibres parallel to the main
magnetic field compared to perpendicular fibres.

Vessel size imaging which relies on susceptibility-induced contrast to
estimate the CBV and vessel size index (VSI) may also be affected by the
orientation dependency of ΔR2 and ΔR2*. Trop�es et al. have shown that
CBV and VSI derived from ΔR2 and ΔR2* DSC measurements are pro-

portional to ΔR2* and
�
ΔR*

2=ΔR2
�3=2

respectively (Tropr�es et al., 2001).
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Assuming a 20% orientation dependency in ΔR2 as demonstrated in this
work and a 100% dependency in ΔR2* as demonstrated in our previous
work (Hern�andez-Torres et al., 2017), one would expect approximately a
100% increase in CBV measured in perpendicular fibres compared to
parallel fibres, and a corresponding 115% increase in VSI measurements.

DSC and BOLD fMRI are based on the same physical principles. In
BOLD fMRI, an increase in blood oxygenation reduces the magnetic
susceptibility difference between veins and surrounding tissue, resulting
in a signal increase. Therefore, in BOLD fMRI of the WM (Courtemanche
et al., 2018; Ding et al., 2013, 2018; Fabri et al., 2011; Gawryluk et al.,
2011; Mazerolle et al., 2013; McWhinney et al., 2012), the vascular
anisotropy should lead to tissue angle dependency of the BOLD contrast
comparable to that of DSC. The BOLD sensitivity in tracts perpendicular
to B0 may be much larger than the sensitivity in tracts parallel to B0. Such
tissue orientation effect has been reported previously for fMRI of the
cortical gray matter (Gagnon et al., 2015). In cortical folds parallel to the
main magnetic field, the BOLD signal was shown to be 40% higher
compared to folds perpendicular to the main magnetic field. The present
work on spin echo DSC and our previous work on gradient echo DSC
suggest that the spin echo BOLD signal of WM is less affected (about 20%)
than the gradient echo BOLD signal (about 100%).

4.4. Limitations

For the simulation, several simplifications were made. The large
vessels were assumed to have the same radius and to run in parallel.
Furthermore, the simulated vascular tree is an accumulation of cylinders
that are not connected and have no bifurcations. We also ignored that,
particularly in WM, the diffusion is anisotropic (Beaulieu and Allen,
1994). However, diffusion along the direction of a vessel does not lead to
loss of coherence within that particular vessel's magnetic field. Moreover,
we observed that low diffusion coefficients lead to large blood volumes of
5–7% and high CA concentrations, as expected. We therefore assumed a
diffusivity equal to that of free water at body temperature for the simu-
lation. One reason why this assumption leads to realistic results may be
that arteries, arterioles, veins and venules are surrounded by perivascular
spaces, which are filled with cerebrospinal (arterial vessels) and inter-
stitial (venous vessels) fluid. These spaces are approximately two to three
times the vessel size and are often enlarged in pathological conditions
and normal aging (Doubal et al., 2010; Mestre et al., 2017). The diffusion
constant within the fluid-filled perivascular space would be approxi-
mately that of water, and since most of the orientation-dependent signal
in our model occurs near the anisotropic vessels and therefore within the
perivascular space, the approximation of a diffusion constant of water
throughout the voxel is not as limiting as it would initially appear. The
notion that the fluid within the perivascular spaces can not be neglected
is in agreement with very recent work that demonstrates that free water
in perivascular spaces significantly affects DTI measures (Sepehrband
et al., 2018).

In an effort to support this claim we performed two simulations using
a non-constant diffusion coefficient within the voxel, setting the value in
the tissue to 2 μm2/ms and 1.5 μm2/ms, and solving the Bloch-Torrey
equation via equation (17) and the MATLAB code expmv by Al-Mohy
and Higham. What resulted was an increase in isotropic BVF due to
less loss of coherence due to diffusion in the tissue near smaller vessels,
but the radius of the anisotropic vessels and the anisotropic BVF
remained consistent. We concluded from this that the assumption of a
diffusion constant of water throughout the voxel leads only to a minor
reduction in isotropic BVF, as expected. It should be noted that despite
using a heavily optimized combination of MATLAB and C/Cþþ code,
curve fitting using expmv still took over two weeks to complete.

We also ignored that the vessels themselves represent boundaries to
the diffusion, since the vessels comprise only a few percent of the tissue.
Moreover, there is some inherent T20 weighting in spin echo EPI that
arises from the samples acquired before and after the nominal TE. As
these T2

0 effects were shown to be small (Duong et al., 2003), they were
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not taken into account in the present study. That our simulation yielded
realistic results for blood volume and CA concentration also suggests that
these T2’ effects can be ignored. We also assumed that in our cohort of
healthy subjects, there is no extravasation of CA. Moreover, we ignored
that prior to the spin echo study and within the same MRI session, sub-
jects also underwent a gradient echo DSC experiment with the admin-
istration of 0.1mmol/kg of the same contrast agent. The minimum delay
between the two injections was 7.5 min, allowing for baseline stabiliza-
tion prior to the second bolus injection. The second ΔR2 curve was, thus,
assumed to be unaffected by the preceding experiment, though some
drop in baseline MR signal intensity might be expected.

Due to the design of the study from which our data was obtained,
fibre orientation was not measured using conventional DTI but by taking
the b¼ 0 and b¼ 2500 scans of a diffusion kurtosis imaging sequence.
However, this is unlikely to affect the results, as only the primary
eigenvector from the diffusion tensor estimate had to be used for the
experiment.

Myelin also gives rise to an orientation dependent signal decay (Denk
et al., 2011; Lee et al., 2012; Wharton and Bowtell, 2012). A full 3D
model that includes blood vessels, myelinated axons, and possibly ferritin
would span several orders of magnitudes of length scales, making it
computationally very expensive. Since the orientation-effect of myelin is
small compared to the effects due to the contrast agent and also
time-independent, myelin was therefore neglected in the current study.

It should be kept in mind that our results are for average WM. Almost
certainly, there are brain regions with vascular anisotropy or blood
volume that are different from this average, or where the direction of the
anisotropic vessels deviates from the WM orientation.

In summary, we show that the spin echo DSC experiment exhibits a
strong dependence on the angle between WM tissue and the main mag-
netic field. In addition, we present a rapid Bloch-Torrey solution, which
allows us to derive tissue parameters by fitting a model to the measured
data. We show that half of the blood resides in an isotropic vascular
network, and half in vessels that run, on average, in parallel with WM
tissue.
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