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ABSTRACT
Fractional anisotropy (FA), a widely used measure of fiber
integrity based on diffusion tensor imaging (DTI), is theoretically
confounded by several other quantities including the degree of
fiber orientation incoherence within each voxel, and partial volume
effects from neighboring gray matter or CSF. High angular
resolution diffusion imaging (HARDI) can potentially resolve
more complex diffusion geometries and thus disentangle
confounds from fiber incoherence and partial voluming when
assessing fiber integrity. Yet, to date, no study has systematically
investigated the clinical implications of this potential advantage.
Here, we describe our recent efforts in developing TDF (tensor
distribution function) based probabilistic tractography for HARDI.
Comparing TDF- and DTI-based tractography results in the genu
of corpus callosum, we demonstrated the variable effect of these
confounds in images acquired at different spatial resolutions,
suggesting possible relevance of adjusting for fiber incoherence
when assessing white matter integrity.
Index Terms— High-Angular Resolution Diffusion Imaging;
Diffusion tensor imaging; Fractional Anisotropy.
1.

INTRODUCTION

2. METHODS
2.1. Data acquisition

Diffusion-weighted MRI is a powerful tool to study water
diffusion in tissue, providing vital information on white matter
microstructure, such as fiber connectivity and integrity in the
healthy and diseased brain. The diffusion tensor imaging (DTI)
model [1, 2] describes the anisotropy of water diffusion in tissues.
It estimates, from a set of K diffusion-sensitized images, the 3x3
diffusion tensor (the covariance matrix of a 3-dimensional
Gaussian distribution). In this single-tensor diffusion model, each
voxel’s signal intensity in the k-th image is attenuated, by water
diffusion, according to the Stejskal-Tanner equation [3]: Sk = S0
exp [-bgkT D gk], where S0 is the non-diffusion weighted signal
intensity, D is the 3x3 diffusion tensor, gk is the diffusion gradient
direction and b is Le Bihan’s factor containing information on the
pulse sequence, gradient strength, and physical constants. Seven
independent gradients are mathematically sufficient to determine
the diffusion tensor, but MRI protocols with higher angular and
radial resolutions, such as high-angular resolution diffusion
imaging (HARDI) or diffusion spectrum imaging [4-12], have
been proposed to resolve more complex diffusion geometries, such
as fiber crossings and intermixing of tracts.
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Much progress has been made in modeling various degrees of
fiber incoherence with HARDI, but most clinical studies still rely
on simple DTI-derived measures such as the fractional anisotropy
(FA; a commonly used measure of white matter integrity) and
mean diffusivity (MD). One plausible explanation for such
reluctance to embrace HARDI is that there has been no systematic
effort investigating how the theoretical confound of fiber
incoherence impacts clinical research. In this study, we seek to
provide evidence showing that fiber incoherence confound is
highly relevant and anything but negligible. In particular, we will
show the following:
1. FA values of the same brain structure heavily depend on the
spatial resolution during image acquisition, making their
interpretation questionable and comparisons across studies
problematic.
2. This dependence is mostly due to the higher degree of fiber
incoherence in lower spatial resolution scans due to partial
voluming. A measure with such high dependence on scanning
parameters is questionable in quantifying underlying physiology.
3. Such dependence can be mostly overcome by HARDI-based
analysis methods.
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Two sets of 32-direction diffusion-weighted images (DWI) were
acquired from an individual subject using single-shot spin-echo
echo-planar imaging (EPI) sequence from Philips Achieva 3.0 T
scanner with an 8-channel head-coil at the UIMC (University of
Illinois Medical Center) Advanced Imaging Center. The two 32direction volumes were acquired back-to-back in one single
session with minimal subject movement. The two scans used
identical parameters except for the final reconstructed volume
sizes (the low resolution at 2.14mm x 2.14mm versus the higher
“reconstructed” resolution at 0.83mm X 0.83 in-plane). The
following parameters were used: b = 700s/mm2, FOV=240 mm, inplane resolution: 2.14mm x 2.14mm, slice thickness 2.2 mm, no
gap, 68 axial slices, TR=6994ms and TE=71ms and Flip angle 90o
(total scan time: 4 min11s per scan; parallel imaging was also
utilized with a SENSE factor of 2 to reduce scanning time). The
32 gradient directions are consistent with the default setting in DTI
Studio (http://cmrm.med.jhmi.edu/; a widely distributed program
developed by researchers at the Johns Hopkins University led by
Prof. Susumu Mori), and are commonly used by the neuroimaging
community.
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2.2. Data processing
To reconstruct standard DTI, a positive definite diffusion tensor
was estimated at each voxel from the raw data using the DTI
Studio software, followed by deterministic tractography. Based on
the diffusion tensor eigenvalues (Ȝ1, Ȝ2, and Ȝ3), the standard FA
(denoted as FADTI to avoid confusion) is defined as:
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Its values range from 0 (no directional dependence of diffusion) to
1 (diffusion along a single direction). Concurrently, in addition to
standard DTI, we applied the TDF framework [13] to the same
data, computing a probabilistic ensemble of 3D Gaussian diffusion
processes at each voxel that best describes the observed signal.
Briefly, in the TDF approach, a Tensor Distribution Function P
defined on the tensor space D is computed to explain the
diffusion-weighted images using the least squared-error principle
(with respect to the observed signals Sobs):
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As the solution space is a six-parameter space (3 eigenvalues plus
3 angles), some dimension reduction is helpful for numerical
optimization. We assume that fiber tracts are cylindrical by
enforcing two eigenvalues of each individual tensor to be equal.
Thus, Ȝ1Ȝ2=Ȝ3 for each individual tensor. Given any tensor
distribution function, P, the dominant fiber orientations may be
estimated by examining the local maxima of the tensor orientation
distribution (TOD). The TOD is defined as the marginal density of
TDF with respect to the spherical angle:

TOD(T )

³O P( D(O ,T ))dO

(3)

With Eq. (3), TDF-based probabilistic tractography can now be
performed by following trajectories originating from selected ROIs
by randomly sampling the local TOD profiles. The procedure is
similar to ODF (orientation distribution function) based HARDI
tractography (e.g., [14]). However, instead of sampling the ODF to
determine fiber tract directions, we sample the TOD profile. This
has several advantages. First, unlike the ODF, the TOD has sharp
and distinct local maxima at the estimated dominant fiber
directions (with the ODF, however, the water diffusion profile is
collapsed onto the unit sphere using radial integration). As a result,
the ODF has a relatively flat profile and is unsuitable for
tractography without some pre-processing (e.g., the ‘min-max”
operation [4]). The pre-processing is thus designed to “sharpen”
the ODF profile. By contrast, directly sampling the TOD renders
the tractography much more precise and may reduce the likelihood
of recovering erroneous fiber tracts. In our implementation, the
step size is set to be 0.25, and a maximum bending angle is set
between 50-60 degrees. The fiber tracts are built in both directions
until reaching voxels where dominant diffusion direction can no
longer be determined (i.e., gray matter as operationally defined
using the TDF). The resulting algorithm, called TDF-TRACT, is
probabilistic in nature, so tracts are constructed with multiple
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repeats at each seed point. We found that 10-100 repeats with
random initiations inside the seed voxel are usually sufficient to
extract all major white matter tracts.
The TDF-corrected eigenvalues (
) are determined by
computing the expected values of the eigenvalues with respect to
the tensor distribution function P, and thus mathematically average
the eigenvalues of all estimated dominant fiber directions:

Oi

³ P(D O,T )O dOdT
i

(4)

The TDF-corrected FA is defined as the FA value computed using
the TDF-corrected eigenvalues and thus provide an overall
assessment of anisotropy by decomposing the fiber incoherence
confound.
Lastly, we propose the circular standard deviation (CSD), a
quantity that can be found in classical theories on directional
statistics (see, for example [5]), as a measure of fiber incoherence.
At each voxel, given the TOD, CSD is computed via the mean
fiber direction (R) of all detected fiber directions (the Zis) as
follows:

° R = ¦ TOD( Z i ).Z i dT
i
®
 2 log(|| R ||)
°̄ CSD

(5)

Where the ||.|| sign denotes the Euclidian norm.
3. RESULTS AND DISCUSSION

3.1 Graphical user interface for TDF-tractography
The graphical user interface (GUI) for our TDF-TRACT program,
is shown in Figure 1. It is implemented in the Matlab
environment. The user interface has the capabilities of displaying
the TOD along with the colored fiber orientation (e.g., red denotes
left-right orientation), as well as various slice views of the
corresponding structural image. This allows the user to easily
navigate between structural anatomy and local fiber directional
information, making it easier to identify and trace ROIs. Similar to
DTI Studio, the “and/not” function is implemented such that the
user may perform virtual dissections of white matter structures, in
an interactive manner. In addition, the user may specify the
number of random samplings of trajectories per seed point. Figure
1 shows the procedure we used to extract commissural fibers in the
corpus callosum, by first identifying the mid-sagittal TOD (upper
left panel) relative to the anatomy (upper middle panel) followed
by placing a seed region tracing the contour of corpus callosum in
the TOD space. The tracts were then visualized in the “tract view”
overlaid on the structural image (lower left panel).
3.2 Standard versus TDF-corrected FA
To demonstrate that the standard FA values are heavily
confounded by the degree of fiber orientational incoherence, we
constructed the corpus callosum fibers in the genu region for data
at both spatial resolutions using DTI Studio using the procedure
described in Figure 1. The commissural fibers in the genu have
been previously studied: in [15, 16], the FA values along the fiber

tracts were computed and plotted against their geodesic distance
from the midline point. There, the authors investigated early
neonatal development of the corpus callosum using DTI measures
including FA, by plotting and assessing regional longitudinal
changes of FA values. Interestingly, in the results the authors

commented that “FA seems to be more dependent on tract
organization, whereas MD seems to be more sensitive to
myelination”, which is consistent with our hypotheses.

Figure 1. Here the GUI for the TDF-TRACT program is shown. There are three available views: the TOD view (upper left panel), slice
view (upper right panel), and the tract view (lower left). TDF-TRACT also implements the “and/not” function, and users may specify the
number of probabilistic tracts per seed (highlighted in red and green circles). As in DTI Studio, the user may perform virtual dissections of
white matter structures in an interactive fashion, by switching among these three views. Here the three views show how commissural fibers
originating from the genu are extracted and displayed. The lower right panel shows an axial slice of the four different FA maps studied in
this paper.
Following the same analyses, in Figure 2 we plot the average FA
values (from DTI Studio) against this geodesic distance, across all
reconstructed commissural fibers, for both the high and low spatial
resolution data. Although the raw data were acquired in one single
session on the same subject using the same parameters except for
the final reconstructed volume, FA values are substantially higher
for the higher spatial resolution data, especially in the central
portion of the plot. We hypothesize that such an increase of FA
values is due to the lower fiber incoherence, within each voxel, as
a result of the higher spatial resolution. Indeed, around the genu,
commissural fibers curve and roughly trace the trajectory of a
semi-circle, and thus a larger voxel would capture more this
curving trajectory, leading to a higher degree of incoherence. Also,
here we note in passing that FA, being a measure of such strong
dependence on image spatial resolution is thus problematic in
quantifying underlying physiology.
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To further investigate this surprisingly large difference in FA
values, Figure 3 plots the TDF-corrected FA versus the standard
DTI FA for both datasets. The commissural tracts used to compute
TDF-corrected FA were generated using the in-house TDFtractography program. Here, we notice that for the low resolution
dataset, TDF-corrected FA also has values much higher than the
non-corrected FA, supporting that the low FA values in low spatial
resolution data is a direct result of the higher degree of fiber
incoherence due to the larger voxel size. In addition, TDFcorrected FA values appear to have minimal dependence on the
spatial resolution, thus confirming their theoretical advantage over
their standard DTI counterparts.
Indeed, if this FA variability in standard DTI is mostly a result
of fiber incoherence, we might expect, at least for the low spatial
resolution data, that CSD would closely follow the opposite effects
to FA with respect to the geodesic distance (i.e., high degree of
fiber incoherence leads to higher CSD values but lower FA
values). Not surprisingly, plotting CSD and DTI-FA against

geodesic distance for the lower resolution data confirms this
(Figure 4). The dotted blue line of the FA closely follows the
trend of the inverse CSD (red line).

Figure 2 plots the averaged FA values (second panel) with respect
to the geodesic distance from the mid-sagittal point (marked with
white arrows, top panel) across all reconstructed commissural
fibers in the genu of corpus callosum (top panel). Although the
two sets of raw data were acquired in one single session on the
same subject using the same parameters except for the final
reconstructed volume, we notice that the FA values are much
higher for the higher spatial resolution data, especially in the
central portion of the plot (i.e., around the mid-sagittal point). All
results in this figure were produced using the DTI Studio software.
Third panel shows the mid-sagittal point, the geodesic distance,
and the low and high spatial resolution voxel sizes (the blue
squares) with respect to a typical commissural fiber in the genu of
corpus callosum.
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4. CONCLUSION
Using two sets of DTI/HARDI data acquired from one human
subject scanned in a single MRI session using the same parameters
except for the final reconstructed spatial resolution, we showed
that FA values depend heavily on the spatial resolution of the final
reconstructed images. In particular, the average FA values of
commissural fibers around the genu varied from 0.3-0.4 using the
low-resolution data, to 0.6-0.8 using the high resolution data. As
one expects the neuroanatomy and its physiology to stay the same,
for all intents and purposes, during a one-hour scan session, one
can conclude that standard FA derived from DTI may not be
clinically acceptable in quantifying the underlying physiological
properties of white matter such as myelination, as is widely and
generally assumed.
Future imaging studies of white matter integrity may benefit
from adopting HARDI-based analyses to better disentangle various
confounds contributing to standard FA as a measure of fiber
integrity.

Figure 3 plots the TDF-corrected FA versus the standard DTI FA
for both low and high resolution data (lower panel). Tracts were
generated using our TDF-tractography program, and used to
extract TDF-corrected FA values along the curves (upper panel).
Here, we notice that for the low resolution dataset, TDF-corrected
FA also has values higher than the non-corrected FA. Moreover,
TDF-corrected FA has minimal dependence on the spatial
resolution. This supports our hypothesis that the low FA values in
low spatial resolution data are a direct result of the higher degree
of fiber incoherence due to the larger voxel size.
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Figure 4 plots the CSD and average DTI-derived FA against the
geodesic distance from the mid-sagittal point, across all
reconstructed fibers, for the low spatial resolution data. The CSD
is interpreted as a measure of the degree of fiber incoherence.
Here, the FA tracing (dotted blue line) closely follows the trend of
the inverse CSD tracing (red line) within 15mm from the midsagittal point. Thus, FA values along tracts are highly correlated
with, and dependent upon, the degree of fiber incoherence. This is
more pronounced in lower spatial resolution images.
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