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Diffusion imaging and bound pool fraction (BPF) mapping are two quantitative magnetic resonance imaging
techniques that measure microstructural features of the white matter of the brain. Diffusion imaging provides
a quantitative measure of the diffusivity of water in tissue. BPF mapping is a quantitative magnetization
transfer (qMT) technique that estimates the proportion of exchanging protons bound to macromolecules,
such as those found in myelin, and is thus a more direct measure of myelin content than diffusion. In this
work, we combined BPF estimates of macromolecular content with measurements of diffusivity within
human white matter tracts. Within the white matter, the correlation between BPFs and diffusivity measures
such as fractional anisotropy and radial diffusivity was modest, suggesting that diffusion tensor imaging and
bound pool fractions are complementary techniques. We found that several major tracts have high BPF,
suggesting a higher density of myelin in these tracts. We interpret these results in the context of a quantitative
tissue model.
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Introduction

Most long-range axons in the white matter of the vertebrate brain
are wrapped in myelin, a dielectric material, to enable rapid and
metabolically efficient conduction of neural signals over long
distances (Rushton, 1951; Waxman, 1975; Baumann and Pham-
Dinh, 2001). Myelin has long been known to be important in healthy
brain function due to the debilitating effects of demyelinating diseases
such as multiple sclerosis. In addition, white matter microstructural
features such as myelination are important in learning, and cognition
more generally (see (Fields, 2008) for a review).

Diffusion imaging is a non-invasive magnetic resonance (MR)
method that provides quantitative information about how water
diffuses within the brain (Le Bihan et al., 1988; Basser et al., 1994).
Water diffusion probes microscopic tissue structure, so that when
properly interpreted, macroscopic diffusion imaging measurements
can provide insights into several aspects of tissue microstructure.
Diffusion tensor imaging (DTI) has been used to measure white
matter in development (e.g., (Mukherjee et al., 2001)), normal brain
function (e.g., (Stufflebeam et al., 2008)), and pathology (e.g.,
(Sundgren et al., 2004)). The diffusion tensor in white matter is
often anisotropic; its orientation indicates the dominant orientation of
the axons that comprise the white matter, and its magnitude
measures diffusivity along and across the axons. Diffusion anisotropy
is affected by myelination (Song et al., 2002) and is sometimes
interpreted as reflecting the degree of myelination. But in addition to
being affected by myelination, diffusion anisotropy is also affected by
factors such as fiber tract geometry (Beaulieu, 2002), especially in
regions where tracts cross. Given these multiple influences, diffusion
anisotropy without supplementary measures is not a reliable
indicator of myelination (Paus, 2010). However, DTI combined with
a more direct measure of myelination can provide a more complete
understanding of white matter tissue microstructure.

Magnetization transfer (MT) measures an additional MR contrast
mechanism that is sensitive to white matter microstructure. Myelin is
approximately 80% lipid and 20% protein (Laule et al., 2007); the MT
myelin sensitivity arises because of the large number of myelin-bound
protons that exchangemagnetizationwith the unbound protons (Edzes
and Samulski, 1977; Wolff and Balaban, 1989). The MT effect can be
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quantified using the magnetization transfer ratio (MTR) (Dousset et al.,
1992), and it can be adequately modelled using a two-pool model
(Henkelman et al., 1993;Morrison andHenkelman, 1995; Levesque and
Pike, 2009). A quantitative relationship between measures of MTR and
myelin has been demonstrated in several types of studies (Kucharczyk
et al., 1994; Rademacher et al., 1999; Filippi et al., 1995; Schmierer et al.,
2004). During development, the MTR increases in heavily myelinated
tracts (Rademacher et al., 1999). The association ofMTRwithmyelinhas
been validated in animal studies, postmortem tissue samples, and
demyelinating diseases (Horsfield, 2005) includingmultiple sclerosis in
vivo (Filippi et al., 1995), and ex vivo (Schmierer et al., 2004).

While MTR is sensitive to myelination, the MTR metric includes
contributions from several MR parameters (Graham and Henkelman,
1997; Sled and Pike, 2000; Henkelman et al., 2001), such as the
longitudinal relaxation rate T1, the exchange rate k, and the bound
pool fraction (BPF), defined as the fraction of exchanging protons that
are bound to macromolecules. These contrasts can mask the myelin
loss on an MTR map. For example, some MS lesions are associated
with an increase of the longitudinal relaxation, which counteracts the
decrease in the BPF (Levesque et al., 2005). Several quantitative
magnetization transfer (qMT) methods have been proposed to
separate the contribution of these different contrasts (Sled and Pike,
2001; Ramani et al., 2002; Yarnykh, 2002; Ropele et al., 2003;
Cercignani et al., 2005; Gochberg and Gore, 2007; Gloor et al., 2008).
While there has not been a comprehensive study comparing all of
these methods, the pulsed off-resonance techniques (Sled and Pike,
2001; Ramani et al., 2002; Yarnykh, 2002; Cercignani et al., 2005)
appear to provide consistent measurements of the macromolecular
pool size (Tofts, 2003; Cercignani and Barker, 2008) that are
comparable to ex vivo results (Stanisz et al., 2005).

Recently DTI has been correlated with qMT measurements in ex
vivomouse brains (Ou et al., 2009a,b) and in humans (Underhill et al.,
2009). Ou et al. found that in the unmyelinated brains of shiverermice
the radial diffusivity was higher and the bound pool fraction was
lower compared to the corresponding measures in myelinated brains
of control littermates (Ou et al., 2009a). Underhill et al., on the other
hand, found a weak correlation between qMT parameters and
diffusion measurements in white matter, but found a strong
correlation of qMT parameters with FA and RD in grey matter. They
attributed these results to the variable density of myelinated axons in
grey matter.

Here we show that diffusion measures and qMT measures are
complementary and we demonstrate the benefits of combining these
two measurement techniques to gain insight into tissue microstruc-
ture. As diffusion tractography has no information about the myelin
content of the fiber tracts, adding qMT to the mix allows us to identify
the level of myelination of fiber tracts. By computing qMT and
diffusion parameters along major white matter fascicles, we show
that qMT and diffusion anisotropy covary across these structures. In
addition we identify the tractography fibers with the highest qMT
values and show that these heavily myelinated tracts are clustered
into distinct fiber groups with small variations across subjects. Several
of these high qMT tracts are not particularly high in diffusion
anisotropy, further demonstrating the complementary nature of the
twomeasures. Finally, we also replicate the previous finding of a weak
coupling between diffusion measures and qMT measures by (Under-
hill et al., 2009) when we compare across all white matter voxels.
However, our detailed analyses of the corpus callosum show that in
this region of high fiber direction coherence, the correlation between
the diffusion and qMT parameters is higher than in other whitematter
regions.

To understand the relationship between these two measures of
whitemattermicrostructure, we create a quantitative tissuemodel that
predicts the relationship between several tissue properties and the qMT
and diffusion measures. This model shows that the fiber density in the
white matter affects both qMT and diffusion measures, but only qMT is
sensitive to myelin density. Based on this model, we hypothesize that
the observed covariance between qMT and diffusion is primarily due to
the effect of the fiber density. When qMT and diffusion anisotropy
diverge, this can be due to low fiber direction coherence (which affects
only diffusion) and myelin density (which affects only qMT). We
propose that these measures can be combined in regions of high fiber
direction coherence to estimate the myelin g-ratio, which is defined as
the ratio between the axon caliber and the total caliber of the axon plus
its myelin sheath (i.e., the fiber caliber) (Rushton, 1951). Finally, we
speculate that this g-ratio may form a novel MR contrast mechanism
that varies between different white matter fascicles and across
individuals.

Methods

Measurements were performed on five healthy human volunteers
using a 1.5T GE Signa MRI scanner and an 8-channel head coil. We
collected high-resolution T1-weighted anatomical images for each
subject using an 8-minute sagittal 3D-SPGR sequence (1×1×1 mm3

voxel size). The following anatomical landmarks were manually
defined in the T1 images: the anterior commissure (AC), the posterior
commissure (PC), and the mid-sagittal plane. With these landmarks,
we used a rigid-body transform to convert the T1-weighted images to
the conventional AC-PC aligned space. This T1-weighted image was
used as a common reference for alignment of the T1, BPF and DTI
maps.

We used cross-relaxation imaging (Yarnykh and Yuan, 2004) to
estimate the T1 relaxation time and the bound pool fraction. Unlike
the T1 relaxation time, which is an average of the longitudinal
relaxation times of the protons in different tissues comprising white
matter (Fullerton et al., 1984), the bound pool fraction is only
sensitive to the protons bound to macromolecules. The way this
specificity is achieved is with off-resonance magnetization transfer
pulses, that excite the protons bound to macromolecules, such as
those found in myelin, leaving the water protons unperturbed. This
makes bound pool fractions more specific to myelin content, even
thoughmapping the BPF parameter takes about five times longer than
a T1 mapping sequence.

The T1 map was obtained using four variable flip-angle SPGR scans
(TR=20 ms, TE=2.4 ms, α=4°,10°,20°,30°) and a linear fitting
procedure (Fram et al., 1987). Before computing the T1 maps, the raw
images were automatically aligned to the T1-weighted reference
image using a rigid body mutual information algorithm and
resampled to 2 mm isotropic voxels using a 7th-order b-spline
algorithm based on code from SPM5 (Friston and Ashburner, 2004).
The T1 histograms were shifted to ensure all volunteers had the same
white matter peaks. This was done to avoid drifts in the T1 values
across subjects due to the small flip angle errors that are common on
MR scanners.

The T1 mapping procedure was followed by magnetization
transfer SPGR scans with variable offset frequency (TR=32 ms,
TE=2.4 ms, α=10°, Δ=3,6,9, 12 kHz). These scans effectively
sample the z-spectrum of brain tissue, which is modeled by a Super
Lorentzian function (Morrison et al., 1995). According to the qMT
model, the evolution of the free and the bound pool magnetization is
represented by a linear system,

dMz

dt
= A + Bð ÞMz + C

where A represents the magnetization transfer between the two
pools, B is the direct effect of the MT pulse, and C is the longitudinal
recovery in the absence of external pulses (Yarnykh and Yuan, 2004).
The prediction model makes a priori assumptions about all unknown
parameters except for the cross-relaxation rate k and the bound pool
fraction. A non-linear least-squares Levenberg–Marquardt algorithm
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(implemented in MATLAB using the lsqnonlin routine) was used to
find the k and BPF values that minimize the prediction error. As with
the T1 maps above, the raw MT-weighted images were automatically
aligned to the T1-weighted reference image using a rigid body mutual
information algorithm and resampled to 2 mm isotropic voxels using
a 7th-order b-spline algorithm before fitting the qMT model.

Whole-brain DTImeasurementswere performed using a diffusion-
weighted spin-echo EPI sequence with isotropic 2 mm3 resolution.
Wemeasured 80 diffusion directions (40 non-colinear) with a b-value
of 0:9 ms

μm2 and seven repeats of the same sequence with no diffusion
weighting. Eddy current distortions and subject motion in the
diffusion-weighted images were removed by a 14-parameter con-
strained non-linear co-registration, based on the expected pattern of
distortions given the phase-encode direction (Rohde et al., 2004). This
procedure registers each diffusion-weighted image to the mean of the
non-diffusion-weighted (b=0) images using a two-stage coarse-to-
fine approach that maximizes the normalized mutual information.

The mean of the non-diffusion-weighted images was automati-
cally aligned to the T1-weighted reference image using a rigid body
mutual information algorithm. All raw images from the diffusion
sequence were resampled to 2-mm isotropic voxels by combining the
motion correction, eddy-current correction, and anatomical align-
ment transforms into one omnibus transform and resampling the data
using a trilinear algorithm based on code from SPM5 (Friston and
Ashburner, 2004). An eddy-current intensity correction (Rohde et al.,
2004) was applied to the diffusion-weighted images at the resampling
stage. The rotation component of the omnibus coordinate transform
was applied to the diffusion-weighting gradient directions to preserve
their orientation with respect to the resampled diffusion image. The
tensors were then fit using a least-squares algorithm.

Our DTI acquisitions used an EPI readout, so we had to ensure that
our diffusion maps were properly co-registered with the BPF maps.
Therefore, we scanned at 1.5Twhere the EPI distortions are less severe
than those at higher field strengths. We also used an 8-channel head
coil with partial k-space acquisition, which further reduced the EPI
distortions (Bammer et al., 2002). The total time for performing all
measurements was about one hour and was split into two sessions.

For analyses that measured just the white matter, we used a white
matter mask that was automatically generated by selecting voxels
with T1 values between 0.6 and 1.4 s, and FA greater than 0.2. We
looked at the relationship between BPF and FA in the whole brain, in
the white matter, and in the mid-sagittal region of the corpus
callosum. The corpus callosum was segmented into five regions, in
accordance with the segmentation performed by Aboitiz et al. (1992).

DTI fiber tractography, visualization, and analysis was performed
using mrDiffusion (Dougherty et al., 2005) and CINCH (Sherbondy
et al., 2005; Akers, 2006). Whole-brain tractography was initiated by
seeding all white matter on a 1-mm grid. Fibers were tracked from
these seed points using a deterministic streamlines tracking algorithm
(Basser et al., 2000; Conturo et al., 1999; Mori et al., 1999) with a
fourth-order Runge–Kutta path integration method and 1-mm fixed-
step size. A continuous tensor field was estimated using trilinear
interpolation of the tensor elements. Starting from the initial seed
point, fibers were traced in both directions along the principal
diffusion axis. Path tracing proceeded until the FA fell below 0.15 or
until the angle between the current and previous path segments
exceeded 30. We discarded all fibers shorter than 50 mm and longer
than 250 mm.

The large set of fibers from whole brain tractography was used to
find fibers with very high FA and those with very high BPF (Fig. 4). We
also used these fiber tracts to analyze the diffusion and qMT
properties of several major white matter fascicles (Fig. 3). For this,
the fiber tracts from the whole brain tractography were automatically
classified into twenty fiber structures as defined in the JHU white-
matter tractography atlas (Wakana et al., 2007) using a modified form
of the reference ROI approach (Wakana et al., 2007; Zhang et al., 2008;
Hua et al., 2008; Zhang et al., 2010). Specifically, we manually defined
reference ROIs (rROIs) describing two waypoints for each of the 20
major white matter tracts described in (Wakana et al., 2007). These
ROIs were drawn in MNI space on the ICBM-DTI-81 atlas by two
experts. The rROIs were warped fromMNI space into each individual's
diffusion space and fibers were retained if they passed through any
pair of rROIs. Note that some fibers passed through the rROIs for more
than one major tract. Thus, we applied an additional inclusion
criterion by warping each fiber to MNI space and measuring the
approximate overlap between the fiber points and each of the major
tracts of the probabilistic JHU tractography atlas (Wakana et al.,
2007). The fiber was classified as representing the JHU tract with
which it had the highest degree of overlap.

For all analyses involving tractography fibers, the underlying
measurement values were summarized across the entire tract by
taking the mean of the values at each point in every fiber that
comprised the tract. This is effectively a weighted average, where
those voxels at the core of a tract have many fibers passing through
them and thus contributemore heavily to the tract average than those
voxels at the fringe of a tract.

The custom image processing and visualization software used in
our analyses is available as part of our open-source mrDiffusion
package, available for download from http://vistalab.stanford.edu/
(SVN revision 1919).

Results

Voxelwise analysis: FA and BPF do not covary closely

Fig. 1 shows two axial slices with an FA and BPF map from one
healthy volunteer. There are numerous locations where FA can be
high and BPF low, or conversely.

To understand the relationship between FA and BPF across the
whole brain, we used a median-split to separate voxels with high and
low BPF. Fig. 2a shows, across all five subjects, the distribution of FA
measures for voxels with BPF below the median and separately for
voxels with BPF above the median. Voxels with low BPF (mainly CSF
and grey matter) have lower FA. Voxels with high BPF (mainly white
matter) have a wide range of FA values. While Fig. 1 shows examples
of both types of dissociation, Fig. 2a indicates that across the whole
brain, regions with high BPF and low FA are more common than
regions with high FA and low BPF.

We then computed the relationship between FA and BPF restricted
to the white matter (Fig. 2b). The correlation plots show that when
restricted to the white matter, BPF and FA are not closely coupled. The
correlations between BPF and FA across all whitematter voxels for the
five volunteers were 0.12, 0.16, 0.15, 0.14, and 0.19. All these
correlations were statistically significant (pb0.0001) due to the
large number of voxels, but the variance in FA accounted for by BPF
was at best 4%.

FA and BPF covary in a region of high directional coherence

To see if the coupling between FA and BPF was tighter in regions
with high within-voxel fiber direction coherence, we next restricted
our analysis to voxels in themid-sagittal plane of the corpus callosum.
These scatterplots are shown in Fig. 2c. Within the corpus callosum,
the correlations were consistently better than those across all white
matter (0.35, 0.26, 0.25, 0.28, and 0.35, all pb0.001). These
correlations remained even when we removed the voxels at the
edge of the corpus callosum (shown as gray points in Fig. 2c) that
were potentially partial-volumedwith the surrounding CSF.When the
edge voxels were removed by eroding the callosal ROIs, the
correlations were 0.21, 0.45, 0.19, 0.42, and 0.38 (black points in
Fig. 2c; all p b 0.01 except the third with p=0.07), accounting for up
to 20% of the variance.

http://vistalab.stanford.edu/


Fig. 1. Dissociation of BPF and FA. (left) FA maps from two axial slices of a healthy
volunteer (right) BPF maps from the same two slices. For example, the superior
longitudinal fasciculus shown in the top slice has high bound pool fraction, but
moderate FA. Conversely, in the bottom slice, the internal capsule has high FA, but its
BPF is no different from its surroundings.
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To determine if the lack of correlation between BPF and FA is due
to noise, we estimated the measurement reliability of BPF and FA by
repeating our measurements in separate scan sessions on one subject.
The FA measures showed good reliability, with a voxelwise correla-
tion of 0.68 across voxels within the mid-sagittal plane of the corpus
callosum. Across all voxels in the white matter, the correlation was
comparable at 0.61. However, the BPF measurement was not as
reliable, with a voxelwise correlation of 0.29 in the corpus callosum
(0.38 within all the white matter). Given these reliability estimates,
the maximum correlation we can expect between BPF and FA isffip

0:29*0:68ð Þ = 0:42. The correlations that we observe are somewhat
lower than this. Expressed in terms of variance explained, if both BPF
and FA measured the same underlying tissue properties, we would
Fig. 2. Comparison of BPF and FA across all subjects. (a) Distribution of FA in voxels with low (
have lower FA. Voxels with high BPF (mainlywhitematter) have awide range of FA values. (b
voxels in the mid-sagittal plane of the corpus callosum. The gray points are voxels that are a
expect the percent variance explained to be 18%. Our callosal analysis
found that the percent variance explained varied across subjects, but
did exceed 14% in three out of five subjects. Therefore, we can
conclude that in regions of high fiber direction coherence, BPF and
diffusion anisotropy substantially overlap in their sensitivity to
underlying tissue properties, but we also note that this overlap is
not perfect.

FA and BPF measures across major fiber tracts are correlated

While the BPF measures have substantial noise, the large-scale
patterns evident in Fig. 1 are clearly repeatable both within and across
subjects, as well as across labs (e.g., see (Yarnykh and Yuan, 2004),
Fig. 3). To quantify these large-scale patterns, we used fiber
tractography to identify the large fascicles within each subject and
performed an ROI analysis to average the measures over larger spatial
regions and thus obtain more robust estimates of BPF and FA.

The results of this tract-based analysis are shown in Fig. 3. The
relationship between FA and BPF is muchmore evident when the data
are analyzed at this macroscopic scale. The two callosal tracts (forceps
major and minor) both have high FA and high BPF, while the uncinate
fasciculus and the hippocampal projection of the cingulum both have
low FA and low BPF. The correlation coefficient (r) between FA and
BPF across all these major tracts was 0.65, with p=0.002. The
relationship between BPF and FA appears to be roughly linear, except
for the cortico-spinal tract and the forceps major, which appear to fall
below the linear trend evident in the other tracts.

BPF identifies fiber tracts with high macromolecular content

The top of Fig. 4 shows histograms of fibers generated by whole-
brain diffusion tractography and scored by the BPF (left) and FA
values (right) of the voxels those fibers pass through. In the bottom of
Fig. 4 we show the fibers with BPF scores above the 95th percentile
and those with FA scores above the 95th percentile. The fibers tended
to form clusters and we manually labelled these clusters based on
knownwhite matter anatomy. There is some overlap between the top
BPF and the top FA fibers, but there are also substantial differences.
Most of the fibers with high average FA pass through the corpus
callosum. In contrast, the high BPF group includes fibers from three
major tracts that do not pass through the corpus callosum: the
superior longitudinal fasciculus, the inferior longitudinal fasciculus
and the optic radiation. This over-all pattern was quite consistent
across subjects, but there was some individual variability (see
Supplemental Materials for data from all five subjects).

Quantitative tissue model

We created a quantitative tissue model to help interpret the
relationship between BPF and diffusion measures. The model enables
solid) and high (dashed) BPF Values. Voxels with low BPF (mainly CSF and greymatter)
) 2D histogram of all thewhitematter voxels. (c) Scatterplots for FA and BPF values from
t the edge of the callosal ROI and the black points are from the core of the callosal ROI.
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Fig. 3. FA and BPF measurements averaged across major white matter fascicles. The two
major fascicles that form the splenium and genu of the corpus callosum (forceps major
and minor, respectively) are shown with squares. For the nine symmetric tracts, each is
shown in a different color and left and right hemispheres are indicated with a left- or
right-pointing triangle. There were no obvious assymmetries, so we fit covariance
ellipses to the combined data across hemisphere. The one-standard-deviation ellipse is
shown for each major fascicle.
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us to estimate the effects of tissue properties such as axon geometry
and density on the diffusion signal. The tissue model consists of a set
of cylinders, representing white matter fibers, packed into a small
(200 μm3) voxel. The cylinders model the outer hull of an axon
surrounded by a myelin sheath.
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The diffusion simulations were performed using a numerical
simulation method (Szafer et al., 1995; Ford and Hackney, 1997;
Peled, 2007). We ran the simulations on tissue structures that more
closely resemble white matter tissue than these earlier studies. Our
diffusion simulationmethods and tissuemodels are identical to those of
Alexander et al. (Alexander et al., 2010) and very similar to those of Hall
et al. (Hall and Alexander, 2009) and Balls and Frank (Balls and Frank,
2009). Our tissue model was created by positioning the N fibers within
the simulated voxel. To achieve a randompacking, eachfiberwasplaced
by randomly sampling positions within the voxel until a position was
found in which the outer perimeter of the fiber was no closer than
0.05 μm from the previously placed fibers. The fiberswere positioned in
order of size, from largest to smallest, to expedite the algorithm. The
diffusion simulation used 100,000 particlesmoving in Brownianmotion
with a timestep of 0.01 ms. Particles within a fiber moved with an
apparent diffusivity of 1.6 μm/ms and those outside the fibers moved
with an apparent diffusivity of 2.1 μm/ms. The exact values of these
parameters did not substantively affect the results, as long as they were
kept within a biologically plausible range. For these diffusion simula-
tions, we did not model a separate myelin compartment. Regions near
the edge of the voxel were discarded to avoid contaminating the results
with edge effects. The simulated diffusion-weighting pulse sequence
approximated our DTI sequence (δ=18 ms, Δ=20 ms, gradient
amplitude=40 mT/m). We ran the simulations on an nVidia Tesla
C10 parallel processor card using the nVidia CUDA software develop-
ment library.

In simulations of the callosum, which has high fiber direction
coherence, the cylinders were oriented in the same direction. The
cylinder diameters were sampled from published fiber caliber distribu-
tions of post-mortem human corpus callosum ((Aboitiz et al., 1992),
Fig. 4; dimensions scaledby1.5 to account for shrinkage due tofixation).
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Aboitiz et al. report five different fiber caliber distributions for five
different regionsof the corpus callosum. Simulationswere carriedoutby
sampling N fibers according to the fiber caliber distribution of each
region. The parameterN sets thefiber density, and the simulationswere
performed for a range of different fiber densities.

Once N fibers were selected, we computed the proportion of the
voxel that is filled with fibers (the fiber volume fraction or FVF):

FVF =
∑N

n = 1πr
2
n

d2 ð1Þ

where rn is the n-th fiber radius and d is the simulated voxel size. We
use the FVF rather than the fiber density to quantify the fiber packing
density because it is independent of the axon caliber distribution. As
our simulation shows, using the FVF also makes the predicted FA
values quite comparable for the different fiber caliber distributions.

We performed simulations for each of the five callosal segments
across a range of FVFs. The FVF has a significant impact on the
diffusivity, but the fiber caliber distribution has only a small effect on
FA. Fig. 5 shows that higher fiber counts (i.e., N in Eq. (1)) are
associated with higher FA. When plotted in this way, the data also
show a large effect of fiber caliber on the simulated FA. However, this
effect is almost entirely due to the extra space occupied by large
fibers; when we account for this space by including the fiber calibers
to compute the FVF according to Eq. (1), the effect of the fiber caliber
distribution nearly disappears. For the five fiber caliber distributions
that we simulated, the largest FA difference between any pair of size
distributions was 5%. Since the effect of the caliber distribution was
small relative to the measurement noise in our data (quantified above
in the FA repeatability analysis), we collapsed across the different
fiber caliber distributions and fit a simple model. The quadratic curve
summarizes the relationship between FVF and FA for all fiber caliber
distributions combined, and gives us a way to infer the FVF from the
FA measurement:

FVF = 0:883 FA2−0:082 FA + 0:074 ð2Þ

The myelin volume fraction (MVF) is the fraction of the total
volume that is occupied by the myelin sheaths and thus is a subset of
the FVF. MVF can be computed with a simple expression by assuming
that the inner axon diameter is a fixed proportion of the total outer
fiber diameter (Rushton, 1951). For cylindrical fibers, the MVF for a
Fig. 5. Fractional anisotropy as a function of fiber count and fiber volume fraction (FV
measurements of the human corpus callosum (Aboitiz et al., 1992). (left) Higher fiber counts
regions with more large fibers (mid body and posterior body) had higher FA, while the g
differences between the different calibers and plot FA as a function of FVF, the effect of
relationship between FVF and FA for all fiber caliber distributions combined.
given voxel is:

MVF =
∑N

n = 1πr
2
n 1−g2
� �

d2
ð3Þ

where rn is the n-th fiber radius, g is the ratio of the inner axon
diameter to the outer fiber diameter, and d is the simulated voxel size.

To estimate the MVF value from BPF measurements, we must turn
to empirical measurement. Dula et al. (2010) looked at the
relationship between in-vivo BPF measures and ex-vivo MVF
measures in mice, and concluded that the BPF measure is sensitive
to myelin content, but not to other microstructural features, such as
size. BPF wasmeasured with a quantitative MTmethod similar to ours
and MVF was measured histologically with quantitative myelin
staining. They found a simple relationship between the twomeasures,
with MVF equal to 2.5 times BPF. We use this scaling constant to
convert the measured BPF values to MVF.

Now that we have methods to estimate both MVF and FVF, we can
compute the axon-to-fiber ratio (g) by combining Eqs. (1) and (3):

g =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1−MVF= FVF

p
ð4Þ

Thus we have a parameter-free model to predict the g-ratio from
BPF and diffusion anisotropy measurements when axons are arranged
in parallel. We now apply this model to estimate the g-ratio using our
FA and BPF measurements in the corpus callosum, a white matter
structure with high fiber direction coherence. We compared the FA
and BPF values across five different segments of the corpus callosum
for our five volunteers (Table 1 and Fig. 6). These measurements
confirm that there are similar trends in the corpus callosum for BPF
and FA. Namely, the genu and the splenium have higher BPF and FA
compared to the body of the CC.

Fig. 6 shows themean FA, BPF, and the estimatedmyelin g-ratios for
each of five measured callosal segments. Each subject's mean value is
indicated by a different symbol and these symbols are consistent across
the three plots. The error bars in the FA, BPF, and g plots indicate the
standard error of the mean across all the voxels in a subject callosal
segment. The thickhorizontal bar indicates thegroupmean. Fig. 7 shows
simulated tissue cross-sections of five callosal regions derived from our
estimated FVF andMVF values and published fiber caliber distributions.
F) for five different fiber caliber distributions drawn from published post-mortem
are associated with higher FA for all five size distributions. For any particular fiber count,
enu, with many small fibers, had lower FA. (right) When we account for the volume
the fiber caliber is greatly diminished. The smooth quadratic curve summarizes the



Table 1
Mean axial diffusivity, radial diffusivity, FA, and BPF values in the corpus callosum for five subjects.

qMR quantity Genu Anterior body Mid body Posterior body Splenium

AD (10−3mm2/s) 1.73 (0.214) 1.51 (0.152) 1.54 (0.147) 1.65 (0.226) 1.98 (0.121)
RD (10−3mm2/s) 0.42 (0.062) 0.47 (0.042) 0.46 (0.043) 0.46 (0.113) 0.29 (0.037)
FA 0.71 (0.067) 0.63 (0.023) 0.65 (0.045) 0.67 (0.098) 0.84 (0.017)
BPF 0.13 (0.007) 0.11 (0.009) 0.10 (0.011) 0.10 (0.010) 0.12 (0.006)
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Discussion

The weak correlation that we observe between FA and BPF in our
voxel-wise analysis of the white matter of healthy volunteers is
consistent with the findings of Underhill et al. (2009). However, we
show that in areas with high directional coherence, such as the corpus
callosum, the correlation between BPF and FA increases. These results
suggest that BPF (and thus myelin density) and FA are more closely
coupled in areas with high directional coherence.

In addition to BPF, alternative methods based on a multi-
compartment T2 model have been proposed to measure the myelin
content of tissue (MacKay et al., 1994; Deoni et al., 2008). These
methods compute the fraction of water trapped between the myelin
layers (myelin water fraction or MWF). Mädler et al. (2008) found the
MWF to be correlated with FA, which seems to contradict the low
correlation between BPF and FA reported by Underhill et al. However,
our work shows that by using different analysis techniques, we could
replicate the findings of both groups (see Figs. 2 and 3). This does not
mean, however, that BPF and MWF necessarily measure the same
tissue properties. Recent work by Dula et al. and Levesque et al.
suggests that, in addition to being sensitive to myelin content, MWF is
also sensitive to tissue geometry and water exchange, while the BPF is
a measure that is more specific to overall myelin content (Levesque
and Pike, 2009; Dula et al., 2010).

Our tissuemodel and diffusion simulations show that both BPF and
diffusion anisotropy are sensitive to the FVF in myelinated tissue.
Thus, we speculate that the observed covariance between FA and BPF
Fig. 6. FA, BPF and g-ratio in five callosal segments. The mean FA (top), BPF (middle)
and g-ratio (bottom) is shown for each of five callosal segments. Each subject's mean
value is indicated by a different symbol and these symbols are consistent across the two
plots. The error bar at each point indicates the standard error of the mean across all the
voxels in a subject's callosal segment. The thick horizontal bar indicates the group
mean.
is primarily due to variations in the FVF. Tissue properties that are
expected to have differential effects on diffusion and BPF are fiber
direction coherence, which affects diffusion anisotropy but not BPF,
and myelin density, which affects BPF much more than it affects
diffusion. We propose that these tissue properties vary across the
white matter and perhaps across individuals, and thus cause FA and
BPF to be somewhat dissociated. Finally, our model also shows that,
across an anatomically plausible range of fiber caliber distributions,
the fiber caliber distribution does not affect FA. Likewise, BPF is not
expected to be affected by the fiber caliber distribution as long as the
g-ratio remains constant.

These observations may explain why thick fibers, such as those
found in the corticospinal tract or the body of the corpus callosum, do
not appear in our catalog of highlymyelinated fibers. While we expect
these white matter regions to have a high proportion of large and
heavily myelinated fibers, the FVF in such regions may be lower than
that of regions with smaller caliber fibers. As suggested by Aboitiz
et al. (1992), larger caliber axonsmight requiremore glial support and
thus tend to have a high proportion of glial volume-to-axon volume.
Also, some of these regions may also happen to have a higher
proportion of crossing fibers that reduces diffusion anisotropy.

The absence of the corticospinal tract from the top fibers might
also be due to the gross anatomical orientation of the tract. We have
observed a slight gradient in the T1 values across the head that results
in lower BPF values in more inferior regions where the corticospinal
tract descends into the brain stem. Thus, we can not rule out the
possibility that the lower BPF in the corticospinal tract might be due to
an artifact of the RF field inhomogeneity that causes the flip angles to
be lower than expected in inferior regions of the brain. To distinguish
between these two options will require accurate measures of the B1
field. While we remain confident in our BPF measurements through-
out most of the brain, which is near the magnet isocenter, we must be
cautious about the BPF measures in the most inferior regions of the
brain.

We observed that some white matter regions have consistently
high BPF but only modest FA, such as the optic radiation and superior
longitudinal fasciculus (SLF). We hypothesize that these regions show
this pattern due to a high FVF and a large proportion of crossing fibers.
For example, many medial-to-lateral connections, such as those from
the corpus callosum, interdigitate with the anterior-posterior fibers
that comprise the SLF (e.g., see (Tournier et al., 2004), Fig. 8). The optic
radiation is a sheet-like structure (Sherbondy et al., 2008) that is also
likely perforated by fibers passing in the medial–lateral direction. As
our simulation shows, a crossing pattern predicts a lower FA while
myelin density remains constant. However, it does not explain why
the BPF in the SLF is higher than nearby regions of white matter. To
explain that, we hypothesize that the crossing geometry in the SLF
and optic radiation involves a significant amount of interdigitation. If
two fiber tracts interdigitate, then some type of compression must
occur to maintain the total fiber volume. Therefore, in such regions,
either the axons get compressed to a reduced caliber (e.g., see (Perge
et al., 2009), Fig. 1d) and/or the glia are squeezed out. Based on our
BPFmeasures, we estimate that the MVF in the SLF is about 32%, while
the MVF in regions surrounding the SLF is about 23%. This suggests
that some glial volume reduction occurs in the SLF, which causes the
FVF (and thus the MVF) to increase compared to surrounding regions.
Unfortunately, due to the known crossing architecture in this region,

image of Fig.�6


Fig. 7. Simulated tissue cross-sections of five callosal regions derived from the estimated FVF andMVF values and published fiber caliber distributions (Aboitiz et al., 1992). The scale
bar indicates 10 μm.
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we cannot use diffusion anisotropy to directly measure the FVF and
test this hypothesis.

Our tissue simulation and diffusion measurements suggest that
axons and their myelin sheaths comprise 44% to 61% of the volume
fraction in the corpus callosum. While the post-mortem report of
Aboitiz did not directly report fiber volume percentage, we can infer
from their reported fiber counts and size distributions an average FVF
of 71%. This value is somewhat higher than what we find. We expect
that this discrepancy is due to the loss of extracellular water in the
tissue preparation methods used to process post-mortem samples.
Barazany et al. (2009) also found a discrepancy betweenMRmeasures
of FVF and histological measures of FVF that they attribute to tissue
shrinkage. In fact, our estimate for the corpus callosum is remarkably
close to the estimated FVF of 57% in optic nerve, as reported by (Perge
et al., 2009), who used fixation methods that specifically avoid
volumetric distortions.

The ability to measure the g-ratio in vivo is important for
understanding the development of the human brain, and the model
presented here provides a potential tool for making such measure-
ments. The neural conduction speed for any given fiber caliber has a
broad maximum around a g-ratio of 0.6 (Rushton, 1951; Waxman,
1975), which is in agreement with our corpus callosum measure-
ments. While the theoretically optimal g value is around 0.6,
measurements show that the relationship between axon caliber and
myelin sheath thickness may not be strictly linear. In general, larger
axons have thicker myelin sheaths, but measurements in the lumbar
nerve of cats show that this relationship is logarithmic, ranging from
0.4 in the smallest fibers to 0.8 in the largest ones (Berthold et al.,
1983). Measurements of human peripheral nerves show that the g-
ratio is lower in older than in younger children, with axon caliber
reaching its maximum by five years of age, while the g-ratio starts at
0.8 in infants, and can drop as low as 0.4 around 16 years of age
(Friede and Beuche, 1985; Schröder et al., 1988). Finally, variations in
the g-ratio have recently been proposed to be associated with sex
differences in brain development (Paus, 2010; Paus and Toro, 2009).
The range of values reported in literature is similar to the g-ratio
variations we observed in our study.

A histology study is needed to validate our findings in the corpus
callosum, as well as to confirm the observed pattern of highly
myelinated fibers outside the callosum. The constant that relates the
myelin density to the BPF has been taken from the work of Dula et al.
and remains to be validated in a larger study, but this work suggests
that there is a one-to-one correspondence between the BPF and the
myelin content. Our tissue model relies on this assumption, and it
does not take into account the effect of extra-axonal environment on
the diffusion measurements.

Another limitation of our study is the noise in the BPF
measurement, as well as the choice of a two-pool qMT model with
many fixed parameters. A model that allows for more compartments
combined with more samples of the z-spectrum would result in a
more reliable fit, which could change our correlations. However,
Levesque et al. recently performed a four pool simulation of the qMT
fitting procedure, and found that in the brain the two pool model is
sufficient (Levesque and Pike, 2009).

Conclusion

Measuring the growth and distribution of the white matter is
critical for understanding brain structure and function. Here we show
that qMT and diffusion measures are complementary measures of
white matter microstructure. We also introduce a quantitative tissue
model that suggests a novelmethod formeasuring the averagemyelin
sheath thickness (g-ratio) by combining diffusion and qMT measures.
This work, combined with recently developed methods for estimating
axon caliber distributions (Assaf et al., 2008; Barazany et al., 2009;
Alexander, 2008), will offer a more complete understanding of the
human brain and may prove useful in assessment of white matter
diseases.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
doi:10.1016/j.neuroimage.2010.08.068.
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