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Abstract

In diffusion tensor magnetic resonance imaging (DT-MRI), limitations concerning complex fiber
architecture (when an image voxel contains fiber populations with more than one dominant
orientation) are well-known. Fractional anisotropy (FA) values are lower in such areas because
of a lower directionality of diffusion on the voxel-scale, which makes the interpretation of

FA less straightforward. Moreover, the interpretation of the axial and radial diffusivities is

far from trivial when there is more than one dominant fiber orientation within a voxel. In

this work, using (i) theoretical considerations, (ii) simulations, and (iii) experimental data, it

is demonstrated that the mean diffusivity (or the trace of the diffusion tensor) is lower in
complex white matter configurations, compared with tissue where there is a single dominant fiber
orientation within the voxel. We show that the magnitude of this reduction depends on various
factors, including configurational and microstructural properties (e.g., the relative contributions
of different fiber populations) and acquisition settings (e.g., the b-value). These results increase
our understanding of the quantitative metrics obtained from DT-MRI and, in particular, the effect
of the microstructural architecture on the mean diffusivity. More importantly, they reinforce the
growing awareness that differences in DT-MRI metrics need to be interpreted cautiously.
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1 Introduction

Many diffusion tensor MRI (DT-MRI) studies aim to determine whether differences in white
matter (WM) microstructure can be observed between different groups of subjects, e.g.,
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between healthy and diseased subjects, or to correlate some aspect of behaviour/performance
with WM structural attributes. The two most frequently used metrics for characterizing
tissue microstructure are the fractional anisotropy (FA) and the mean diffusivity (MD, which
is defined as one third of the trace, Tr), which can be calculated from the diffusion tensor
model (Basser et al., 1994; Jones, 2010; Tournier et al., 2011). Although DT-MRI is still

the most widely used approach to analyze diffusion MRI data, there are many confounding
factors that may affect the analyses and interpretation (e.g., Jones and Cercignani, 2010; Vos
etal., 2011). One of the most important confounds is the inability of the tensor model to
describe the diffusion correctly in regions of complex fiber architecture (e.g., bending or
interdigitating fibers) (Basser et al., 2000; Frank, 2001; Alexander et al., 2002; Jones, 2003;
Tuch, 2004). The FA, in particular, is known to be strongly affected in areas of complex fiber
architecture, as described in detail in previous studies (Pierpaoli et al., 1996; Alexander et
al., 2001; Tuch et al., 2003).

In this work, we will use the generic phrase of “crossing fibers” (abbreviated forthwith

as “CF”) for any WM configuration where there is more than one dominant fiber
orientation within a voxel, including crossing, “kissing”, twisting, splaying, kinking and
bending configurations. By contrast, configurations where there is only one dominant fiber
orientation will be referred to as “single fiber” configurations, and abbreviated forthwith as
“SF”,

Recently, the interpretation of two other DT-MRI metrics, the axial and radial diffusivities
(AD, the largest eigenvalue of the tensor; and RD, the average of the second and third
eigenvalues of the tensor) was shown to be non-trivial in CF-configurations (Wheeler-
Kingshott and Cercignani, 2009). Upon simulating a voxel with two crossing fiber
populations and fitting a single tensor to that signal, increases in the AD of this tensor
were observed when the RD of one of the underlying populations was increased. Similarly,
decreases in the RD of such a CF-configuration were found when reducing the AD of one
underlying population.

In this work, we expand upon previous simulations that show that the trace is influenced
by the architectural configuration of the WM (Alexander et al., 2001). Many issues
concerning this dependence are still unclear, such as the effect of the exact architectural
configuration and whether the dependence can actually be observed in experimental data.
Based on (i) a mathematical derivation of the trace of an ensemble of fiber populations, (ii)
simulations, and (iii) experimental data, we demonstrate that the mean diffusivity is lower
in CF-configurations compared to SF-configurations. We also show that the magnitude of
this reduction depends on several factors that include microstructural and configurational
properties (e.g., the intrinsic diffusivities of the fiber populations) and acquisition parameters
(such as the b-value). These findings improve our understanding of quantitative DT-MRI
indices and, in particular, show how architectural aspects and configurational properties of
complex WM diffusion profiles can affect the estimation of the mean diffusivity.
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2 Theory

In this section, a general mathematical formulation is given for the trace in a CF-
configuration, in relation to the diffusion properties of the individual fiber populations.

To simplify the mathematical expressions, we provide this derivation for the trace of the
diffusion tensor, being equivalent to three times the MD. Using an extension of the Stejskal-
Tanner equation (Stejskal and Tanner, 1965) to describe a diffusion signal originating from
more than one fiber population (Alexander et al., 2001; Frank, 2001; Assaf et al., 2002), we
find a lower trace in CF-configurations with respect to SF-configurations.

Consider the Stejskal-Tanner equation for a diffusion-weighted signal Sy along diffusion
weighting direction g (Stejskal and Tanner, 1965):
~bDyg )

’

T
Sg = Spe~08 D& = 5pe

where S is the signal without diffusion weighting, &is the scalar value of diffusion
weighting, D is the diffusion tensor, and D the apparent diffusion coefficient (ADC) along
orientation g. Consequently, along a given gradient orientation g, the estimated diffusion
coefficient Dy is:
__ 1 (Se

Dg= — Eln (?0) . 7
When multiple populations are present in one voxel, the signal originating from that voxel
may be regarded as an average of the diffusion-weighted signals of the underlying fiber

populations, if we assume that the spins of the different populations are in slow exchange
(Alexander et al., 2001; Frank, 2001; Assaf et al., 2002). Eq. (1) can then be generalized to:

Sg = S0§ f%e~bDg | with % =1, @)

where Dg represents the ADC of population a along orientation g, and 7 is the relative
volume fraction of population a.

Combining Egs. (2) and (3), one can calculate the estimated diffusivity in a CF-
configuration along any direction g, denoted as DgF, as follows:

1 1
DgCF= Zln —|. e

Zfae_ng

a

The trace is mathematically derived from the sum of the diffusivities along any three
orthogonal orientations. These measurements can be taken along the orientations of the
three eigenvectors of a specific population A, provided the diffusion profile is Gaussian or a
low b-value ensures that the Gaussian part of the displacement profile dominates the signal
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attenuation (Basser, 2002). By defining orientation e4 as the first eigenvector of population
A, so that DeAl = ,1{‘, the diffusivity in a CF-configuration along this orientation (denoted as

pg") can be derived from Eq. (4) as:

1

A a
fAem b 4 Y fo%ebDey (5)
a\A
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In
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where

1ln fA + ) fae_b(Dg_ A) (6)

FOo. f f 8.0 =5 )
[e4

and the summation over a\A indicates that this summation is over all populations a with the
exception of population A.

Equivalently, p&" and D, the diffusivities along e, and ej (the second and third eigen-
vectors of population A) can also be calculated with Eq. (5). By definition, the trace in a
“crossing fibers” voxel, i.e., Tr(DF), can now be calculated as:

Tr") = pEF + DEF + DEF
3
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Eq. (7) describes the trace after combining any number of fiber populations, in terms of

the trace of population A and a correction factor C. This equation is valid for any set of
relative volume fractions / and any geometric configuration of the fiber populations. From
this general expression, it is trivial to derive a formulation for the trace for any specific fiber
configuration. As an example, for an orthogonally oriented two-fiber population with equal
volume fractions, Eqg. (7) can be simplified to:

(e i) i)
TrMH) = TrD?) - 7ln 1 , ®)

when assuming equal diffusivity properties for each individual fiber population (i.e.,
it =8, 25 = A8, and 44 = 48). As the anisotropy of the fiber populations decreases, i.e., as

i and ,15‘ differ less, the correction factor C will be smaller.
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3 Materials and methods

3.1 Simulations

The mathematical framework presented in the previous section provides theoretical evidence
for a change in trace for a voxel with more than one fiber population/orientation. In these
calculations, however, several factors were not included that may influence the estimate of
the trace, for example the choice of tensor estimation routine or the set of diffusion gradient
sampling vectors. For a detailed characterization of these effects, simulation experiments
were performed (Leemans et al., 2005).

To examine the influence of the angle between fibers in a CF-configuration, two identical
fiber populations were defined (with FA = 0.7 and trace = 2.1x1073 mm?/s) (Le Bihan et
al., 2001; Jones and Basser, 2004), in which one population (characterized by diffusion
tensor D) was then rotated over a range of 0-90° with respect to the other population
(characterized by diffusion tensor D). For each rotation, the diffusion-weighted signals
along 60 gradient directions (b = 1000 s/mm?) were computed for the resulting CF-
configuration, assuming equal volume fractions (i.e., #* = = 0.5), according to Eq.

(3). From this set of signals, a single tensor, DS, was estimated and the trace of that
single tensor (Tr(D¢F)) was compared with the trace of the underlying SF-populations
(Tr(DSF). This experiment was performed using three types of tensor estimation: (i) linear
least squares, (ii) weighted linear least squares, and (iii) nonlinear least squares (initialized
with the fitted values from a weighted linear least squares estimation) (Marquardt, 1963;
Basser et al., 1994; Koay, 2010). For a more in-depth analysis, the eigenvalues of D were
compared to the eigenvalues of the individual diffusion tensors, D (using only nonlinear
least squares tensor estimation).

To determine the impact on the trace of changing the relative volume fractions of the
individual fiber populations in an orthogonal crossing configuration, the volume fractions
A and 7 (of populations A and B, respectively) were varied from 0 to 1, with 72 + /8
=1 (while FA = 0.7, trace = 2.1 x 1073 mm?2/s, b = 1000 s/mm?, and with 60 unique
diffusion encoding vectors). Again, Tr(DF) was calculated from D" estimated with the
three different estimation procedures.

Furthermore, the impact of varying the relative orientations of three fiber populations on
the trace was simulated, maintaining the same microstructural properties and acquisition
properties as described above.

Previous work has shown that, in simulations of SF-voxels, there is variation in the
estimated trace depending on the orientation of this population with respect to the diffusion
encoding gradient set (Jones, 2004). This variation in trace decreased with increasing
numbers of diffusion encoding directions, and the variation diminished at between 10-30
directions, depending on the FA of the simulated fiber population. Analogous to that work,
we simulated two fiber populations crossing orthogonally with equal volume fractions using
arange (6 to 60) of gradient directions (with b-value = 1000 s/mm? and the FA and trace
values of the underlying fibers populations were 0.7 and 2.1 x 103 mm?/s, respectively).
For each number of gradient directions, the whole configuration of crossing populations
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was rotated over the sphere in 2° steps around the azimuthal and polar axes (corresponding
to over 4000 samples). After tensor estimation for each sample, the mean and standard
deviation of Tr(DF) were calculated for each of the 6 to 60 gradient directions.

From Eq. (7) it becomes apparent that, apart from the configurational aspects, there are
other factors that affect the trace values in CF-voxels, i.e., the FA and trace values of the
individual fiber populations (FASF and Tr(D5F), respectively), and the b-value. We have
therefore simulated two fiber populations, crossing perpendicularly and with equal volume
fractions, and varied FASF, Tr(DSF) and the b-value in a range of relevant values. Since
Tr(DSF) is one of the parameters of interest in these simulations, the differences in Tr(DSF)
are shown relative to the simulated Tr(D5A).

3.2 Data acquisition

Cardiac-gated DT-MRI datasets were acquired from six healthy subjects (3 males and 3
females) aged 23.7 to 29.1 years (mean age 26.1 years), on a 3T HDx MRI system (General
Electric) using a single-shot spin echo EPI sequence with a b-value of 1200 s/mm?, 60
gradient directions distributed uniformly over the half sphere (Jones et al., 1999), 6 b =

0 images and an ASSET factor 2. The acquisition matrix of 96x96 was reconstructed

to 128x128 with a field-of-view of 230x230 mm2, and 60 contiguous axial slices with
thickness 2.4 mm were acquired, with an effective TR of 15 R-R intervals and a total
acquisition time of approximately 25 min. In addition to the DT-MRI scans, 3D T1-weighted
FSPGR scans were obtained with 1 mm isotropic resolution, using the following acquisition
parameters: TR/TE/TI = 7.9/3.0/450 ms and a flip angle of 20°. All subjects gave a written
informed consent to participate in this study under a protocol approved by the Cardiff
University School of Psychology.

3.3 Pre-processing of experimental data

Prior to data analysis, each DT-MRI dataset was corrected for eddy current induced
geometric distortions and subject motion by realigning all diffusion-weighted images
(DWIs) to the b = 0 images using elastix (Klein et al., 2010), with an affine coregistration
technique (with 12 degrees of freedom) and mutual information as the cost function (Pluim
et al., 2003). In this procedure, the diffusion gradients were appropriately reoriented to
account for subject motion (Leemans and Jones, 2009). The tensor model was fitted with
the Levenberg-Marquardt nonlinear regression method (Marquardt, 1963), using the fitted
values from a weighted linear least squares estimation as initialization.

3.4 Experimental data analysis

To characterize how complex fiber architecture affects the trace in experimental diffusion
MRI data, we examined two WM fiber bundles that are known to have regions of complex
fiber architecture, the cortico-spinal tracts (CST) and the arcuate fasciculus (AF) (Tuch et
al., 2003; Behrens et al., 2007). These bundles were reconstructed with fiber tractography
based on the estimated fiber orientation distribution obtained from constrained spherical
deconvolution (CSD), in which spherical harmonics were limited to maximum harmonics
of order L = 8 (Tournier et al., 2007; Jeurissen et al., 2011). For each bundle, all voxels
that were intersected by the fiber tracts were used to investigate the impact of “crossing
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fibers” on the trace. In addition, a WM segmentation was obtained from the T1-weighted
MR images using the Unified Segmentation algorithm (Ashburner and Friston, 2005) to
examine the effect of complex fiber architecture on the trace in the global WM.

The linear and planar diffusion tensor geometry indices (Westin et al., 2002; Ennis and
KindImann, 2006) were used as criteria to distinguish SF-voxels from CF-voxels. More
specifically, all voxels where the planar diffusion coefficient (Cp) is largest —i.e., larger
than the linear, C,, and spherical, C g, coefficients — were classified as CF-configuration
voxels; all voxels where C; was largest were classified as SF-configuration voxels; all
voxels where Cgwas largest were not included in the analyses, because a high Cg

may not only arise from multiple fiber populations but also from partial voluming with
cerebrospinal fluid. The average trace of the CF-regions (Tr(D")) and SF-regions (Tr(D5F))
was calculated for all subjects, and compared using the non-parametric Wilcoxon signed
rank test. Image processing, tractography, and experimental analyses were performed in
ExploreDT/ (Leemans et al., 2009).

4 Results

4.1 Mathematical derivation of Tr(DF) values

From Eq. (7), the trace can be computed for a voxel with any number of fiber populations

— once the FA and trace of each population has been specified, along with their volume
fractions 72, their geometric configuration and the b-value. As an example of a voxel with
multiple fiber orientations, consider a voxel with one fiber bundle fanning out. To emulate
such a voxel, Eq. (7) can be used to calculate the trace for any number of orientations.
Assuming a set of in-plane orientations distributed uniformly along one quadrant of a circle
(e.g., 0°, 45° and 90° for 3 populations, or 0°, 30°, 60° and 90° for 4 populations, etc.), one
can observe an increase of the trace with more orientations, as shown in Fig. 1 (with FASF =
0.7, Tr(D5F) = 2.1 x 1073 mm?/s, b-value = 1000 s/mm?).

4.2 Simulations

In a voxel with two fiber populations, the trace in that voxel (Tr(DSF)) is not only dependent
on the trace values of the underlying populations (Tr(D5), but also depends on the angle

of intersection between these two fiber populations, as shown in Fig. 2a. With increases in
the angle between the two populations, Tr(DSF) gradually decreases with respect to Tr(DF),
reaching its minimum when the populations are orthogonal, where Tr(DF) is 5% lower than
Tr(DSF). Performing this simulation for three different types of tensor estimation (linear,
weighted linear, and nonlinear least squares) shows that the choice of tensor estimation
during data analysis also influences the estimate of Tr(D<F). The weighted linear least
squares estimator consistently yields lower values of Tr(DF) than linear or nonlinear least
squares estimation. The larger the decrease in trace, the bigger this difference between
different tensor estimators becomes.

Fig. 2b illustrates that Tr(D<) also depends on the volume fractions of the two populations,
with a minimum when both populations contribute equally (similar to the setting in Fig. 2a).
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In addition, there is a small effect of the different tensor estimators on Tr(DF), with the
weighted linear least squares estimation giving the lowest MD values.

To examine the reduction in Tr(DSF) with larger angles between the individual populations
in more detail, the eigenvalues (11 = 1, = 13 > 0) of the tensor in a CF-configuration are
investigated. Fig. 3 shows that A, is lower in CF-voxels, with larger differences as the angle
between the two individual populations increases. By contrast, A, and A3 values are higher
in CF-configurations than in SF-configurations.

In a CF-configuration with three fiber populations, the change in trace depends on the angles
between all three populations (Fig. 4). Note that if the three populations are orthogonal,
Tr(DSF) is 6.5% lower than Tr(D>F), lower than if there are only two orthogonal populations
(Fig. 2).

The dependence of the mean and standard deviation of the trace values on the number of
gradient directions is shown in Fig. 5. Independent of the number of gradient directions,
Tr(DSF) was consistently lower than Tr(D=F). In the range of 1030 gradient directions, the
orientational dependence of the trace estimates is mostly reduced.

Fig. 6 shows that the b-value, as well as both microstructural parameters present in Eq. (7),
FASF and Tr(DSF), all modulate Tr(D<F).

4.3 Experimental data

In experimental data, the trace in CF-voxels is significantly lower than in SF-voxels,
confirming the results of the simulations. For all subjects, Tr(D¥) is lower than Tr(DSF)

in the CST, AF, and the total WM (Table 1). Fig. 7 illustrates the regions of linear and planar
diffusion along the CST and AF. In Fig. 8, it can be seen that this differentiation between
regions of linear and planar diffusion is also consistent across subjects within the WM.

5 Discussion

In DT-MRI, the issue of “crossing fibers” is well-known. Apart from a single study
showing that the trace is affected in simulated fiber crossings (Alexander et al., 2001),

no research has been conducted to validate this finding /7 vivo. In this work, we have
studied this observation in further detail, starting from a general theoretical basis that can
explain these results. In addition, simulations have been performed to highlight the effect of
several aspects related to “crossing fibers”. Finally, to the best of our knowledge, we have
demonstrated for the first time that the expected reduction in trace in complex WM tissue
can also be shown in real diffusion MRI data.

5.1 Mathematical derivation of Tr(DCF) values

The mathematical correction factor derived in this work (Egs. (7) and (8)) shows that the
trace in a CF-voxel is not always equal to the trace in an SF-voxel. For two orthogonal
populations, it can be deduced from Eq. (8) that Tr(DF) < Tr(D>F) will always hold. The
fraction in the logarithm in Eq. (8) will never be smaller than one, so the correction factor to
the Tr(DSF), C, will always be equal to or larger than zero.
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5.2 Simulations

Following the mathematical derivation demonstrating a decrease in trace in “crossing
fibers”, results from simulation experiments support a reduction in trace in voxels with
complex fiber architecture. Moreover, this decrease depends on the configuration of the
crossing, i.e., the angle of intersection between the populations and the volume fraction of
each of the fiber populations in a voxel (Fig. 2). It is apparent from Eq. (7) that the number,
orientation, FA, and trace of the individual populations, and the b-value affect Tr(D<F).

In simulations, all these configurational (Figs. 2 and 4), microstructural (Fig. 6a, b) and
acquisition (Fig. 6¢) parameters are confirmed to modulate Tr(DF). Note that the relative
change in Tr(DSF) with all these parameters is nonlinear.

Variability in the estimated tensor depending on the chosen tensor estimation method has
been described previously by Jones and Basser (2004) (see also Jones and Cercignani,
2010). To examine the effect of various tensor fitting procedures on the results presented
in this work, the effects of changing the angle between two populations and the volume
fractions of these populations have been investigated with three types of tensor estimation.
From Fig. 2 we can see that the weighted least squares systematically yields lower

trace estimates in CF-configurations than linear and nonlinear tensor estimation. These
simulations were noise-free, so comparable results for the linear and nonlinear estimators
were expected (Jones and Basser, 2004). The lower trace estimates from the weighted least
squares algorithm can be explained by the fact that this estimator weights each diffusion
measurement as a function of its signal magnitude. Given that the highest signals are
obtained in directions with lowest diffusion, the estimator gives greater weights to low
diffusion measurements, yielding a lower trace estimate.

5.2.1 Eigenvalue simulations—With lower MD values in regions of complex fiber
architecture, an associated reduction in one or more of the tensor’s eigenvalues (11 =

Ao = A3 > 0) would be expected. With two fiber populations in a voxel, the diffusivity

will become more planar, which would intuitively lead to an underestimation of 1, and

an overestimation of A,. These expected changes are confirmed for A, and A,, as shown

in Fig. 3. The increase in A3 (Fig. 3), on the other hand, is counterintuitive. The third
eigenvector of the CF-configuration is oriented perpendicular to the plane of the crossing. In
the simulations, both individual tensors were defined to be axially symmetric, which results
in equal diffusivities perpendicular to their crossing. As a result, theory dictates that 13
would not be affected in such a “fiber crossing”. In the simulations, however, A3 is slightly
overestimated. This overestimation of A3 originates from the finite number of sampling
directions in data acquisition protocols: in a two-fiber crossing, A3 will only be the same

as in a “single fiber” population when sampled precisely perpendicularly to the plane of the
crossing.

5.2.2 Number of gradient directions—Until now, only one study has previously
shown that, in simulations, the trace is underestimated in CF-configurations (Alexander et
al., 2001). When simulating a crossing between two fiber populations with two different
sets of six gradient directions, Alexander et al. (2001) observed trace values that were lower
than the simulated trace values of the individual constituent fiber populations. However,
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the decrease in trace that was observed with the two sets of gradient orientations varied
drastically. More recently, it was shown in simulations that in SF-voxels, variation in the
estimated trace was observed depending on the orientation of this population with respect
to the diffusion encoding gradient set (Jones, 2004). This variation in trace decreased as
the number of gradient encoding directions was increased, with the variation diminished
at between 10-30 directions, depending on the FA of the simulated fiber population.

To confirm that the observed reduction in trace seen in the simulations carried out by
Alexander et al. (2001) was not due to the relatively low number of gradient directions, we
have investigated whether such variations in trace values are also present in CF-voxels.

As shown in Fig. 5, Tr(D) was consistently lower than Tr(DS) for all number of
gradient directions. In agreement with the findings for SF-configurations (Jones, 2004),
the orientational dependence of the trace estimates is largely reduced in the range of 10-30
unique gradient directions.

5.3 Experimental data analysis

Previous studies have shown that in experimental data, MD values can differ between

fiber bundles (e.g., Eluvathingal et al., 2007; Lebel et al., 2008). Even within one bundle,
however, there can already be a large heterogeneity of MD values (Jones et al., 2005). In this
work, we show such heterogeneity, and, more specifically, we demonstrate that MD values
in CF-configurations are significantly lower than in SF-configurations (Table 1, Fig. 9). This
difference, observed in the two bundles of interest, the CST and the AF, is also valid for the
global WM (Table 1).

It can be observed from Table 1 that while Tr(DF) values are not different for the CST and
the AF, the mean Tr(D¥) values are lower in the CST than in the AF for all subjects. For
the CST, Tr(DF) is 8% lower than Tr(D5F), whereas this decrease is only 3% for the AF.
This variation may be attributed to a difference in configurational properties between the
two bundles. Other WM bundles crossing the CST may be more orthogonally oriented to the
CST than is the case for bundles intersecting the AF, which could explain the larger decrease
in Tr(DSF) in the CST than in the AF (as is illustrated in Fig. 2a). In addition, there could

be a larger portion of equally distributed volume fractions in the CST compared to the AF,
which could also contribute to lower Tr(DSF) values in the CST than in the AF (Fig. 2b).

The dependence of the MD on the tissue geometry has implications for statistical testing.

In regions that are comprised of voxels with purely SF-configurations, the MD will

be relatively uniform. Likewise, for areas of tissue where there is a uniformity in the
complexity of the tissue, the MD may be lower — but it will be uniformly lower. However, in
regions that contain a mixture of SF- and CF-configurations, or CF-configurations that take
different geometrical forms, there will be a larger variation in MD. Consequently, there will
be a higher variance in such regions, and therefore less statistical power to detect differences
in the MD.

In some neuropathological studies, investigating Wallerian degeneration and mild cognitive
impairment, higher FA values were observed in patients than in healthy controls (Pierpaoli

etal., 2001; Douaud et al., 2011). In any CF-configuration, degeneration of one fiber bundle
could cause the other fiber bundle to become more dominant, resulting in an increase in FA.
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Similarly, such a physiological change could cause an increase in MD, which, in the context
of our findings, may not be indicative for a change in MD of one of the underlying fiber
bundles.

In recent years, “crossing fibers” has been one of the foci of diffusion MRI research,
resulting in alternative methods that aim to describe the estimated diffusion more accurately
in regions of complex fiber architecture, such as CSD, Q-ball Imaging, diffusion spectrum
imaging, the ball-and-multiple-sticks model, or multi-tensor modeling (Tuch et al., 2002;
Tuch, 2004; Behrens et al., 2007; Tournier et al., 2007; Wedeen et al., 2008). Fiber
tractography based on these new techniques can resolve complex fiber architecture more
accurately, even in regions with three fiber populations, e.g., the intersection of the CST,
superior longitudinal fasciculus, and lateral projections of the corpus callosum (Descoteaux
et al., 2009; Fillard et al., 2011; Jeurissen et al., 2011). When using such techniques to
obtain fiber tract segmentations for analyses of the underlying DT-MRI metrics (Zarei et al.,
2009), the amount of CF-voxels is increased (since tracking can continue through complex
fiber architecture where tensor-based tracking would terminate). As a result, the average MD
for the whole bundle may be affected more than when tensor-based tractography algorithms
are used for tract segmentations, an effect that may need to be considered during data
analysis.

To estimate the MD of individual fiber populations in voxels with complex fiber
architecture, one could opt to model the diffusion signal using multiple tensors (Tuch

et al., 2002). Multi-tensor tractography aims to model two or three tensors per voxel,
propagating the fiber tract by selecting the tensor with its direction most consistent with the
tract (Peled et al., 2006). For each tract, the MD of the tensor chosen by the tractography
algorithm could be used to calculate bundle-specific diffusion measures, dubbed “tensor
selection”. Ideally, this yields more accurate estimates of the MD for that specific bundle
(and, similarly, also for other DT-MRI metrics). Current two-tensor methods estimate all
three eigenvalues of both tensors (assuming prolate tensors), and can thus be used for this
“tensor selection” methodology (Rathi et al., 2010). However, the most recent estimates

on the amount of WM voxels with CF-configurations show that roughly 30 to 40% of

all WM voxels contain three or more populations (Jeurissen et al., 2010), indicating that
two-tensor models may be inadequate for modeling the underlying diffusion signals in these
regions. Furthermore, multiple-tensor models may not provide unique solutions for each of
the underlying fiber populations, which further complicates data interpretation.

In conclusion, we have provided a theoretical framework and concomitant simulations
demonstrating a reduced MD in complex WM configurations. For the first time, this
reduction is observed in experimental data (e.g., the CST and the AF). These results improve
our understanding of quantitative indices derived from DT-MRI in areas of “crossing fibers”
and the impact of numerous factors, including configurational and microstructural properties
(e.g., the relative contributions of different fiber populations) and acquisition settings (e.g.,
the b-value). Most importantly, our findings strengthen the increasing awareness that DT-
MRI metrics need to be interpreted with care, and that it is essential to characterize the
effects of complex fiber architecture on the MD in order to improve the specificity of
observed MD changes /n vivo.
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Figure 1.
The calculated trace in a “crossing fibers” voxel, Tr(D), is shown for a crossing with

a varying number of orientations in a plane. Such a configuration could be considered
analogous to fibers fanning out in a voxel, as for instance can be found in the cortico-spinal
tracts. Compared with the trace in a voxel with one fiber orientation (Tr(D°F) = 2.1 x

1073 mm?/s), the Tr(DF) is strongly reduced for two orientations. With more orientations,
Tr(DSF) gradually increases, stabilizing in the range of 30-50 fiber orientations.
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Figure 2.
(a) Increasing the angle of intersection between two fiber populations (D and D5) up to 90°

decreases the trace in a “crossing fibers” configurations, Tr(DF). Performing this simulation
with three types of tensor estimation shows that the choice of tensor estimation also affects
the trace (linear least squares estimation is illustrated in black, weighted least squares in
blue, nonlinear least squares in red). (b) The volume fractions of the two populations in one
voxel also modulates Tr(DSF). As in (a), the type of tensor estimation also affects the trace
in (b).
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Figure 3.
Diffusivity profiles of the first, second, and third eigenvalues depending on the angle of
intersection between the two fiber populations (D and D#). The first eigenvalue is smaller

in “crossing fibers” configurations than in “single fiber” configurations, whereas the second
and third eigenvalues are larger.
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Figure 4.
When three fiber populations intersect, the trace (Tr(DCF)) is affected by the angle of both

the second (D®) and third (DC) population with respect to the first population (D).
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Figure 5.

V:riation in the estimated trace in a “crossing fibers” configuration, Tr(DCF), depending on
the number of unique sampling directions for two populations crossing at 90°. The average
Tr(DCF) and standard deviation (error bars) have been calculated from over 4000 different
orientations. Tr(DCF) is lower than the trace in single fiber voxels (Tr(DSF) = 2.1x1073
mm?/s) for all number of gradient directions.
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Figure 6.

Tr?e effect of simulation parameters (a: fractional anisotropy; b: trace of a “single fiber”
population (Tr(DSA)); c: b-value) on the relative decrease in trace in a “crossing fibers”
configuration, Tr(DF), with two orthogonally oriented fiber populations (with equal volume
fractions).
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Figure 7.
Sagittal views of a fractional anisotropy map with the cortico-spinal tracts and arcuate

fasciculus for all six subjects. Tracts are color-encoded by the linear and planar diffusion
coefficients (C, and Cp, respectively), where red indicates linear diffusion and green
indicates planar diffusion.
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Figure 8.

Fogr all subjects, axial slices at the level of the corpus callosum are shown with geometric
and direction-encoded color coding. In the geometric image, red and green voxels
correspond with the linear (C,) and planar (Cp) diffusion coefficients, respectively. Regions
of linear and planar diffusion can clearly be differentiated throughout the white matter.
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Figure 9.
The mean diffusivity (trace/3) is affected by configurational properties of the white matter.

The mean diffusivity decreases as the angle between two fiber populations increases, and
the relative volume fractions become more equal. The angles between two fiber populations,
as well as the relative volume fractions of these populations, have been determined from
constrained spherical deconvolution. The black regions are configurations that were not
present.
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Mean diffusivity values of “single fiber” and “crossing fibers” voxels (in 1073 mm?/s)

Table 1

Cortico-spinal tracts

Arcuate fasciculus

Global white matter

Subject MDSF MDCF MDSF MDCF MDSF MDCF

1 (female) 0.80+0.09 074+005° 0.81+0.07 (79+005° 080+0.07 076+0.06"
2 (male) 0.77+0.08 071+006° 078+0.08 075+004° 077+0.07 073+006
3 (male) 0.81+010 073+0.07F 079+007 077+005° 079+0.08 074+0067
4 (female) 0.78+0.11 070+005° 0.78+0.06 075+004" 077007 073+005
5 (female) 0.75+0.09 070+0.05° 074+0.06 072+004" 0.73%£0.07 069+006"
6 (male) 074+010 070+006° 0.76+0.08 072+005° 075+0.08 071+006"

Values shown in this table are mean diffusivity values (trace/3), for easy reference with values reported in literature

MDSF is the mean diffusivity (trace/3) in “single fiber” voxels

MDCF is the mean diffusivity (trace/3) in “crossing fibers” voxels

*
p<0.001 intra-subject comparison of MDSF vs. MDCF
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