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A B S T R A C T

Recent years have seen growing interest in measuring axonal water fraction (AWF) using the spherical mean
diffusion weighted signal, but information about the reproducibility of this method is needed before applying it
in large-scale studies. The current study aims to evaluate the reproducibility of AWF derived from the spherical
mean signal method. This retrospective study analyzed the Human Connectome Project (HCP) test-retest dif-
fusion data of ten healthy adults. The diffusion scan was performed two times for each subject. Diffusion tensor
imaging-based fractional anisotropy (FA) was calculated with b=1000 s/mm2. AWF was calculated with
b=3000 s/mm2 using the spherical mean signal method. Gradient nonlinearities were corrected in both
methods. Reproducibility was assessed using the reproducibility error, which is the percent absolute change
relative to the mean. The mean reproducibility error of fractional anisotropy (FA) is 9.7 ± 1.0% in white matter
and 18.0 ± 2.0% in gray matter. The mean reproducibility error of AWF is 4.6 ± 0.6% in white matter and
7.0 ± 1.5% in gray matter. Spherical mean signal-based AWF is more reproducible than FA for the HCP high
resolution, low signal-to-noise ratio diffusion data.

1. Introduction

Diffusion MRI is an invaluable tool to detect tissue microstructure
non-invasively. By varying the gradient direction, one can estimate the
main fiber direction [1] or fiber orientation distribution [2]. And by
varying the gradient separation or diffusion time, one can measure the
fiber size quantitatively [3]. The information provided by varying the
gradient strength has also been explored. The conventional diffusion
tensor imaging (DTI) [1], which assumes a simple Gaussian model,
usually employs a b-value of 1000 s/mm2. The derived fractional ani-
sotropy (FA) is used to reflect white matter structural coherence and the
derived mean diffusivity (MD) is an important indicator of the level of
restricted or hindered diffusion. DTI has been widely used to assess
white matter injuries in clinic. The diffusion kurtosis imaging model [4]
was developed to describe the non-Gaussian diffusion behavior at b-
value ~ 2000 s/mm2. The excess kurtosis is estimated to quantify the
departure from a Gaussian form. A high b-value of 3000 s/mm2 is
commonly used in multi-compartment tissue modeling studies [5,6],
which provide more specific tissue microstructural information such as
axonal water fraction (AWF).

AWF is defined as the ratio of intra-axonal water to the sum of intra-

and extra-axonal water. Due to the short T2 of myelin water, the con-
tribution of myelin water is usually ignored in diffusion models. Since
the T2 difference between intra- and extra-axonal water is not taken
into account, AWF is a better terminology than axonal volume fraction
or neurite density [7]. Neurite orientation dispersion and density ima-
ging (NODDI) [5] was previously proposed as a clinically feasible ap-
proach to measure AWF. However, NODDI is based on several ques-
tionable assumptions, such as the simplified Waston fiber orientation
distribution and the tortuosity assumption. The assumptions may
compromise the specificity of the estimates [8–10]. Recent years have
seen growing interest in measuring AWF using the spherical mean
diffusion weighted signal [11–16]. The spherical mean diffusion
weighted signal is the signal averaged over all gradient directions at the
same b-value, and it is independent of the underlying fiber orientation
distribution when the number of gradient directions is sufficiently large
[2,17]. The minimal number of gradient directions for robust mea-
surement of spherical mean signal has been determined recently [18].
When the diffusion weighting b-value is sufficiently large, the extra-
axonal water contribution is negligible and AWF is simply the product
of the spherical mean signal and bD π2 / , where D is the intra-axonal
intrinsic diffusivity [19]. Here the measurement of AWF does not
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require the tortuosity assumption. Compared with DTI-based FA,
spherical mean signal-based AWF is easier to calculate and more ap-
propriate to assess fiber integrity in situations of fiber crossings or fiber
dispersions.

The reproducibility of diffusion MRI has been investigated in nu-
merous studies [20–23]. It is imperative to address the test-retest re-
liability of diffusion metrics before applying them in large-scale studies.
Most of the previous reproducibility studies were focused on the con-
ventional DTI model with a single b-value of 1000 s/mm2 and an iso-
tropic image resolution of 2mm. With the advances of gradient hard-
ware and data acquisition, the Human Connectome Project (HCP) is
able to acquire multi-shell diffusion dataset with b-value ranging from
1000 s/mm2 to 3000 s/mm2 at an isotropic image resolution of
1.25mm [24,25]. The current study aims to evaluate the test-retest
reproducibility of AWF derived from the spherical mean diffusion
weighted signal using the HCP test-retest dataset. The reproducibility
errors of DTI-based FA and MD were also quantified for comparison. In
addition, the effect of gradient nonlinearities on the accuracy of AWF
was investigated through computer simulations.

2. Materials and methods

2.1. Data

Test-retest data from ten healthy adults, as part of the WU-Minn
Human Connectome Project Retest Data, were downloaded from
ConnectomeDB (http://db.humanconnectome.org).The ten subjects
were scanned for two times using the same 3 T imaging protocol with a
test-retest interval ~ 4months. Diffusion data were acquired with 3 b-
values of nominally 1000, 2000 and 3000 s/mm2. The number of gra-
dient directions was 90 at each shell and the number of b=0 images
was 18. For each scan, the diffusion data were acquired twice with
opposite phase encoding directions to correct for susceptibility induced
image distortions. Other imaging parameters were: TR= 5520ms,
TE= 89.5ms, gradient duration (δ)= 10.6ms, gradient separation
(Δ)= 43.1 ms, image resolution=1.25×1.25×1.25mm3, phase
partial Fourier= 0.75, and multiband factor= 3. As downloaded, the
data were preprocessed with corrections for gradient nonlinearity dis-
tortions, susceptibility induced distortions, head motion, and eddy
current artifacts [24,25]. During the preprocessing, images acquired
with opposite phase encoding directions were combined to obtain the
final image. The noise regime of the final image cannot be described by
a Rician distribution. Since the noise bias is not expected to affect the
test-retest reproducibility results significantly, it was not reduced in the
current study. The effect of Rician noise on spherical mean signal was
investigated and corrected in previous studies [16,18].

2.2. Data analysis

DTI was analyzed with b=1000 s/mm2 using FSL [26]. FA and MD
were estimated with weighted least squares and correction for gradient
nonlinearities. The gradient nonlinearities would alter the strength and
direction of diffusion gradients from their nominal values. Thus, the b-
values and gradient directions were corrected for each voxel as sug-
gested previously [27]. AWF was calculated with b=3000 s/mm2

using MATLAB (Mathworks, Natick, MA, USA). Without gradient non-
linearities, AWF can be written as [19].

= ∙
bD
π

S
S

AWF 2
0 (1)

where S is the spherical mean diffusion weighted signal and S0 is the
signal for b=0. Eq. (1) was first derived in the fiber-ball imaging work
[19]. Details of the derivation can also be found elsewhere [28]. The
intra-axonal intrinsic diffusivity D is fixed as 2.25 μm2/ms based on
recent D estimates [14,29]. The gradient nonlinearity corrected AWF is

expressed as.
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where N is the number of gradient directions, Sn is the measured dif-
fusion weighted signal along the nth gradient direction, and bn is the
corresponding b-value after gradient nonlinearity correction. Eq. (2) is
an empirical equation. It is a simple expansion of Eq. (1) in the case of
varied b-values. Eq. (2) was used for AWF measurement on the HCP
data.

For each subject, the FA map of scan 1 and the FA map of scan 2
were linearly registered to their halfway space using FSL flirt and
midtrans commands [30]. The MD and AWF maps were then appro-
priately rotated and registered into the halfway space. The reproduci-
bility error (ε) was then evaluated by calculating the percent absolute
change relative to the mean for each diffusion metric (DM) as follows:
[22,23].

= ×
∣ − ∣

+
ε 100 DM DM

(DM DM )/2DM
scan1 scan2

scan1 scan2 (3)

where DM refers to any of the three scalar metrics: FA, MD and AWF.
Finally, T1-weighted image was segmented to gray matter (GM), white
matter (WM) and cerebrospinal fluid using MRtrix 5ttgen command
[31,32] in order to compute tissue-specific reproducibility. For each
subject, the mean εDM over all voxels within a tissue was denoted as
〈εDM〉. The statistical results of 〈εDM〉 were given as mean ± standard
deviation over all ten subjects.

2.3. Simulations

Computer simulations were performed to investigate the effect of
gradient nonlinearities on the accuracy of AWF quantification. The
nominal b-table and gradient deviation files were from one of the HCP
subjects. The gradient deviation in each voxel is a 3× 3 tensor L. As an
example, Fig. 1 (a) shows the first element Lxx. The closer the value is to
0, the smaller is the gradient deviation. Simulations were based on a
simplified two-compartment analytical model of intra- and extra-axonal
spaces [18]. Axons are modeled as randomly placed parallel cylinders
and the extra-axonal diffusion is based on the first-order tortuosity
approximation [11]. The intra-axonal compartment is a stick com-
partment. Specifically, Din

⊥=0, Dex
⊥=(1− AWF) ⋅D, and

Din
‖= Dex

‖=D, where Din
⊥, Dex

⊥, Din
‖ and Dex

‖ are intra-axonal radial
diffusivity, extra-axonal radial diffusivity, intra-axonal axial diffusivity,
and extra-axonal axial diffusivity, respectively. The ground truth AWF
is 0.6. Diffusion weighted signals were simulated with the actual b-table
under gradient deviation. The uncorrected AWF is based on Eq. (1)
using the nominal b-value of 3000 s/mm2 and the corrected AWF is
based on Eq. (2). To take into account the effect of fiber direction,
10,000 different fiber directions were simulated in each voxel and the
mean value was reported as the final result.

3. Results

Fig. 1 (b) and (c) shows the simulated AWF maps before and after
correction for gradient nonlinearities. It is evident that gradient non-
linearities would bias the calculation of AWF and that the bias is pro-
portional to the level of gradient deviation. The corrected AWF map is
more spatially uniform than the uncorrected one. Fig. 2 shows the
histograms of the simulated AWF values before and after correction for
gradient nonlinearities. The uncorrected AWF is 0.630 ± 0.015 over
all the simulated voxels. The distribution becomes narrower after cor-
rection and the corrected AWF is 0.633 ± 0.003. The simulation re-
sults demonstrate that Eq. (2) can help reduce the gradient nonlinearity
induced bias in AWF measurement on the HCP data.

Fig. 3 shows the test-retest parametric maps and the corresponding
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reproducibility errors from a representative subject. Consistent with
previous studies [20,21], the reproducibility error of FA is larger in GM
than in WM. The reproducibility error maps are more uniform for MD
and AWF. Fig. 4 shows the histograms of the reproducibility errors for a
specific tissue region (GM or WM) of the same subject shown in Fig. 3.
The distributions of εMD are similar with that of εAWF. The statistical
results of GM and WM mean reproducibility errors over all subjects are
listed in Table 1. The WM mean reproducibility error of AWF
(〈εAWF〉=4.6 ± 0.6%) is much smaller than that of FA
(〈εFA〉=9.7 ± 1.0%). The experiment results suggest that AWF is
more reproducible than FA for the HCP data.

4. Discussion

The current study assessed the reproducibility of spherical mean
signal-based AWF on the HCP data, along with DTI-based FA and MD.
DTI was analyzed with b=1000 s/mm2 and AWF was calculated with
b=3000 s/mm2. Gradient nonlinearities were corrected in both
methods. AWF shows smaller mean reproducibility errors than FA in
both GM and WM. It suggests that AWF is a more reproducible diffusion
metric than FA for the HCP data. The results of this study can be applied
to the HCP data and presumably data acquired with a similar protocol,
such as the Baby Connectome Project [33] and the Adolescent Brain
Cognitive Development study [34].

As reported previously [27], gradient nonlinearities may cause se-
vere spatial variations of the diffusion encoding, especially for high
performing gradients. For the 3T HCP diffusion imaging, the actual b-
values within the brain can deviate up to 15% from the nominal b-value
[25]. The strong gradient nonlinearities would bias the measured dif-
fusion parameters, which in turn affects the accuracy of the measure-
ments. Thus, gradient nonlinearities should be corrected to obtain the
true gradient directions and magnitudes [27]. Besides, the corrected b-
values along different directions may be slightly different after cor-
rection for gradient nonlinearities. Thus, Eq. (2) was proposed to cal-
culate AWF with the b-value difference taken into account. While the
correction is needed for the HCP scanner, it may not be necessary for
standard scanners with much lower gradient nonlinearities [24]. The
simulated result of AWF (0.63) is slightly larger than the ground truth
AWF (0.6) because the contribution of the extra-axonal water to the
total mean signal is not completely negligible at b=3000 s/mm2 as
illustrated in previous simulations [28]. The systematic error is reduced
at higher b-values [28]. A higher b-value was previously recommended
to fully suppress the extra-axonal water contribution [35,36]. The dif-
ferences in AWF when using b=3000 s/mm2 and b=5000 s/mm2

(from MGH-USC HCP dataset) have been assessed in a previous work
[28]. The spherical mean signal measured at b=3000 s/mm2 is highly
correlated with that measured at b=5000 s/mm2, which suggests that
b=3000 s/mm2 may be sufficient for spherical mean signal-based AWF
measurement in human brain [28].

The reproducibility error of FA in WM observed in this study (~
10%) is larger than that of other studies (~ 5%) [21,23,37], presumably
due to the low SNR of the HCP data. The SNR value is ~ 20 in WM in
the final b=0 image. Since the final b=0 image is the combination of
two b=0 images acquired with opposite phase encoding directions, it
indicates an approximate SNR of 14 in WM in a single b=0 image. The
SNR value in a single b=0 image has also been computed in two
previous HCP studies [17,25], but with different image resolutions. It
was reported that SNR≈ 45 when image resolution is 2mm isotropic
[25] and SNR≈ 17.5 when image resolution is 1.5mm isotropic [17].
Those studies suggest a SNR value of 10–11 for 1.25mm isotropic
image resolution. The estimated SNR value for the HCP data is similar
with that of a previous study (SNR=10) investigating the effect of SNR
on the reproducibility of DTI metrics [20]. And the reproducibility re-
sults are also similar: FA is less reproducible in GM than in WM and the
MD errors are comparable in GM and WM [20]. Besides, MD is more
reproducible than FA [20]. It should be noted that the estimation error
also depends on the number of measurements and the gradient sam-
pling schemes. Previous studies suggest to use as many unique gradient
directions as possible for robust estimations of DTI parameters [20,38].

As shown in Eq. (1), the reproducibility of AWF is equivalent to the

Fig. 1. The first element of the gradient deviation tensor is shown in (a) to illustrate the spatial variations of gradient nonlinearities. The simulated axonal water
fraction (AWF) map before correction for gradient nonlinearities is shown in (b), and it was obtained with Eq. (1) using the nominal b-value of 3000 s/mm2. The
gradient nonlinearity corrected AWF is shown in (c).

Fig. 2. Histograms of the simulated AWF values before (red) and after correc-
tion (blue) for gradient nonlinearities. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this
article.)
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reproducibility of spherical mean diffusion weighted signal after S0
normalization. The effect of noise on the precision of AWF has been
described analytically and validated with simulations [18]. Since the
spherical mean signal is the signal averaged over N gradient directions,
the noise-induced variance can be estimated as

∙SNR N
1 [18]. Therefore,

a large number of gradient directions can be used to improve the pre-
cision of AWF in the situation of low SNR. The voxel-wise

reproducibility error of AWF is around 5% in WM, suggesting that AWF
is a reliable diffusion metric for the HCP high resolution, low SNR data.
As pointed out in the fiber-ball imaging work, Eq. (1) is based on sev-
eral general assumptions: (1) water can be divided into intra- and extra-
axonal pools without exchange between the two pools; (2) the axons
can be regarded as sticks with intra-axonal radial diffusivity equal to
zero; (3) the b-value is sufficiently large so that the extra-axonal water

Fig. 3. Fractional anisotropy (FA), mean diffusivity (MD) and AWF maps of a representative Human Connectome Project (HCP) subject scanned for two times. The
corresponding reproducibility error maps are shown in the last column.

Fig. 4. Histograms of the reproducibility errors for FA (a), MD (b) and AWF (c). Red is for all gray matter voxels and blue for all white matter voxels of the same
subject shown in Fig. 3. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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contribution is negligible; (4) the intrinsic diffusivity D is constant for
all the axons within any given voxel. The assumption of a constant
intra-axonal intrinsic diffusivity D may not hold true over the whole
brain. Several methods [11,12,14,29,39] have been proposed to have
an accurate measurement of D, but the results have not been validated
yet. The assumption of a constant D has previously been used in the
NODDI model [5]. Compared with NODDI or other multi-compartment
modeling methods, spherical mean signal-based AWF does not rely on
complex fitting procedures. Besides, it only requires a single high b-
value to separate intra- and extra-axonal water. The clinical diffusion
protocols are usually less than 5min. Given the limited scanning time in
clinic, the single b-value requirement is a significant advantage of the
spherical mean signal method for clinical applications. The spherical
mean signal method is a fast and simple approach to estimating AWF
and shows great potential for clinical applications [16]. It should be
noted that the quantification of AWF using Eq. (1) is not accurate in GM
[16,35,36]. Recent power law scaling studies [35,36] found that the
diffusion behavior in GM is remarkably different from that in WM.
However, since the spherical mean signal may still be able to provide
some useful information about microstructural changes [40], the re-
producibility of spherical mean signal in GM was also investigated in
this study. Despite various advanced diffusion models, the diffusion
trace is used for almost everything in clinic [8]. The spherical mean
signal method is as simple as the diffusion trace. It only requires a
higher b-value, but is able to provide more quantitative information.
Given this consideration, it is desirable to further explore the clinical
potential of AWF derived from the spherical mean diffusion weighted
signal.

The current work can be summarized in three points. First, a simple
method was proposed to correct for the gradient nonlinearity effect for
the spherical mean diffusion weighted signal. This is an interesting
topic as demonstrated by the recent abstract investigating gradient
nonlinearity correction for spherical mean diffusion imaging [41].
Second, the current study measured the reproducibility errors of DTI
metrics on the HCP data. The reproducibility error of FA in WM ob-
served on the HCP data (~ 10%) is larger than that of other studies (~
5%). This result is important for the studies using the HCP protocol or a
similar protocol. Third, the reproducibility error of spherical mean
signal-based AWF is around 5%, suggesting that the derived axonal
water fraction is a robust diffusion metric for tissue microstructure
assessment.

In conclusion, spherical mean signal-based AWF is more re-
producible than FA for the HCP data. AWF is a reliable metric for the
HCP high resolution, low SNR diffusion data.
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