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In gradient echo (GRE) imaging, three compartment water modeling (myelin water, axonal water and
extracellular water) in white matter has been demonstrated to show different frequency shifts that depend on
the relative orientation of fibers and the B0 field. This finding suggests that in GRE-based myelin water imaging,
a signal model may need to incorporate frequency offset terms and become a complex-valued model. In the
current study, three different signal models and fitting approaches (a magnitude model fitted to magnitude
data, a complexmodel fitted to magnitude data, and a complexmodel fitted to complex data) were investigated
to address the reliability of eachmodel in the estimation of themyelinwater signal. For the complexmodel fitted
to complex data, a new fitting approach that does not require background phase removal was proposed. When
the three models were compared, the results from the new complex model fitting showed the most stable
parameter estimation.

© 2015 Elsevier Inc. All rights reserved.
Introduction

Myelin water imaging (MWI) is a noninvasive technique in explor-
ing demyelinating diseases such as multiple sclerosis (Mackay et al.,
1994). Conventional approaches use multi-echo spin echo (mSE)
based T2 imaging in separating short T2 signals, which have been
suggested to originate from myelin water (Mackay et al., 1994;
Whittall et al., 1997), from long T2 signals. Recently,multi-echo gradient
echo (mGRE) based T2⁎ imaging has been introduced as an alternative
approach (Du et al., 2007; Hwang et al., 2011, 2010; Lenz et al., 2012).
The mGRE MWI has several technical advantages such as large volume
coverage, fast scan time, insensitivity to B1 inhomogeneity, and a low
specific absorption rate over themSEMWI.Moreover, mGRE can simul-
taneously generate various susceptibility related contrasts including T2⁎,
phase and susceptibilitymaps (Duyn et al., 2007;Haacke et al., 2004;Oh
et al., 2013b; Shmueli et al., 2009), which may provide additional
information about myelin integrity (Lee et al., 2012; Li et al., 2009; Liu
et al., 2011a).
nkim@yonsei.ac.kr (D.-H. Kim).
In previous studies (Du et al., 2007; Hwang et al., 2010), mGREMWI
estimated the myelin water fraction (MWF) by fitting a signal decay
model to mGRE data. The model had three components with different
T2⁎ values. These three components have been suggested to originate
from different water compartments (myelin water, axonal water, and
extracellular water) in white matter. Among them, the myelin water
has been associated with the shortest T2⁎ component due to the restrict-
ed mobility by myelin sheath. The other two long T2⁎ components have
been suggested to originate from axonal and extracellular space waters
(Du et al., 2007; Hwang et al., 2010; Lancaster et al., 2003).

Recently, structured residual errors have been observed when the
three-pool model was fitted to mGRE data from a region where the
fiber orientation is perpendicular to B0 (van Gelderen et al., 2012).
These fitting errors have been suggested to originate from the frequency
offsets of the three water pools (van Gelderen et al., 2012). This
observation has been further consolidated by other studies (Chen
et al., 2013; Kim et al., 2014a; Sati et al., 2013; Sukstanskii and
Yablonskiy, 2014; Wharton and Bowtell, 2012), demonstrating that
the frequency offset and T2⁎ values of individual pools are dependent
on the relative orientation of white matter fibers to the B0 field. In
particular, the frequency offset between axonal water and myelin
water becomes large when fiber orientation is perpendicular to the B0
field. These findings, in addition to the structured residual errors
observed in the three-pool model, suggest that the frequency offsets
need to be incorporated in the model in order to improve the accuracy
of MWF estimation. When adding the frequency offset terms, one
potential challenge is to generate reliable frequency estimation that
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only includes frequency shifts from microstructural contribution (e.g.
from myelin magnetic susceptibility) while excluding those from
macroscopic (non-local) contribution (e.g. from air/tissue magnitude
susceptibility difference). Several methods have been proposed for
this purpose (Li and Leigh, 2001; Liu et al., 2011b; Neelavalli et al.,
2009; Schweser et al., 2011c), but no solution completely separates
the two.

In this study, we introduce a new complex-valued three-pool model
and a newdata fitting approach that does not require the removal of the
macroscopic frequency shifts. Using this method, we demonstrate that
the new complex model provides a more stable MWF estimation than
a magnitude model or a magnitude fitting of a complex model by
showing reduced sensitivity to the number of echoes used for the
fitting.

Methods

Data acquisition

Data fromeleven volunteers (mean age=24±3 years)were collect-
ed. All scans were performed using a 3 Tesla clinical scanner (Tim Trio,
Siemens, Erlangen, Germany) under approval of the local institutional
review board. A 12-channel phased-array head coil was used for data
reception.

For MWI, whole brain 3D mGRE data were acquired using the
following parameters: voxel size = 2 × 2 × 2 mm3, matrix size =
128 × 128 × 72, flip angle = 30°, TR = 120 ms, number of
echoes = 32, TE = 2.1 ms to 61.93 ms with 1.93 ms echo spacing,
unipolar readout, bandwidth per pixel = 1502 Hz, and data
acquisition time = 18:43 min. To determine the fiber orientation,
diffusion tensor imaging (DTI) was performed with the following
parameters: voxel size = 2 × 2 × 2 mm3, matrix size =
128 × 128 × 64, TR = 9700 ms, TE = 92 ms, diffusion directions =
64, b-value = 600 s/mm2, and data acquisition time = 5 min 30 s.
The total scan time including localization and shimmingwas approx-
imately 25 min. For data reconstruction, a Tukey window
(parameter = 1/3) was applied in k-space data to reduce ringing ar-
tifacts. Prior to multi-channel signal combination, the global phase
offsets of individual channels were corrected (Hammond et al.,
2008). The acquired data were reconstructed and analyzed using
MATLAB (MathWorks Inc., Natick, MA, USA).

Signal models

Three different models were compared to explain the signal decay
characteristics in white matter.

Model 1: three-pool magnitude model fitted to magnitude data
The first model was the three-pool model suggested by Du et al.

(2007) and Hwang et al. (2010). This model consisted of a myelin
water pool (my), an axonal water pool (ax) and an extracellular water
pool (ex) that had three different T2⁎ values. The model was formulated
as follows:
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where Amy, Aax and Aex represent the amplitude of the three water
pools, and T2⁎my, T2⁎ax, and T2⁎ex represent T2⁎ of the three water
pools. The model was fitted to the magnitude signal of the mGRE
data.

Model 2: three-pool complex model fitted to magnitude data
In van Gelderen et al.'s study (van Gelderen et al., 2012), the

three-pool model was modified to include the frequency offsets
and fitted to the magnitude data. Similarly, here the three-pool
complex model was constructed as follows:
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whereΔfmy,Δfax andΔfex represent the frequency offsets of the three
water pools. To reduce one fitting parameter, the relative frequency
offsets (Δfmy − ex and Δfax − ex) with respect to the extracellular
water pool were fitted in this model. The model was fitted to the
magnitude signal of the mGRE data (van Gelderen et al., 2012).

Model 3: three-pool complex model fitted to complex data
This new three-pool complex model included background phase

term as follows:
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where Δfbg is a background frequency offset term that originates from
the macroscopic (nonlocal) field inhomogeneity, and ø0 is an initial
phase term that comes from B1

+ phase offset (Kim et al., 2014b;
Schweser et al., 2011a).

In previous studies (Sati et al., 2013; Schweser et al., 2011b;
Wharton and Bowtell, 2012), the background phase terms (i.e. Δfbg
and ø0) were removed before three-pool fitting by background filtering
techniques (Li and Leigh, 2001; Liu et al., 2011b; Neelavalli et al., 2009;
Schweser et al., 2011c). In our new model, the background frequency
offset term (Δfbg)was incorporated into each pool. Then a new frequen-
cy offset that included the background frequency offset term was
estimated in the complex fitting (e.g. Δfmy + bg = Δfmy + Δfbg) in
order to avoid errors in the background filtering process. The new
model is written as follows:
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where Δfmy + bg, Δfax + bg and Δfex + bg represent a sum of the back-
ground frequency offset and the frequency offset of each pool. In this
model, Δfmy + bg − Δfex + bg and Δfax + bg − Δfex + bg correspond to
Δfmy − ex and Δfax − ex in Model 2, respectively.

The fitting parameters of all models are listed in Table 1 with the
initial values and parameter search ranges. These parameters were
estimated using an iterative non-linear curve-fitting algorithm
(lsqnonlin function in MATLAB, TolX = 1e-5, TolFun = 1e-5). The
MWF was defined as the ratio of the signal amplitude of the myelin
water to that of the total water (i.e. MWF = Amy / (Amy + Aax + Aex)).

ROI analysis

Two regions of interest (ROIs)weremanually drawnwith the aid of a
DTI fiber orientation map. Optic radiation regions where primary fiber
orientation was perpendicular to B0 were chosen as perpendicular ROIs
(Figs. 1a and b). Spinal-cortical tract regions where fibers were primarily
aligned parallel to B0 were determined for parallel ROIs (Figs. 1f and g).



Table 1
Initial values and search ranges of the parameters forModel 1 (three-poolmagnitude model fitted tomagnitude data), Model 2 (three-pool complexmodel fitted tomagnitude data) and

Model 3 (three-pool complex model fitted to complex data). S1 = S (TE1). Δ fbg;init ¼ ∠
∑N−1

n¼1 S�nSnþ1

n o
2πΔTE : initial Δfbg (N = number of echoes used in fitting).

Models 1, 2, and 3

Amy Aax Aex T2⁎my (ms) T2⁎ax (ms) T2⁎ex (ms)

Initial value 0.1 × |S1| 0.6 × |S1| 0.3 × |S1| 10 64 48
Lower bound 0 0 0 3 25 25
Upper bound 2 × |S1| 2 × |S1| 2 × |S1| 25 150 150

Model 2 Model 3

Δfmy − ex (Hz) Δfax − ex (Hz) Δfbg + my (Hz) Δfbg + ax (Hz) Δfbg + ex (Hz) Ø0 (rad)

Initial value 5 0 Δfbg,init Δfbg,init Δfbg,init ∠S1
Lower bound −75 −25 Δfbg,init − 75 Δfbg,init − 25 Δfbg,init − 25 −π
Upper bound 75 25 Δfbg,init + 75 Δfbg,init + 25 Δfbg,init + 25 π
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Each ROI region included 80–120 voxels (640–960 cm3) in mGRE
images.

The ROI data were processed as follows: First, magnitude ROI data
were generated by averaging the magnitude of complex data over the
ROI. For phase ROI data, the angles of a ROI-averaged complex data
were taken. Then, the ROI-averaged signals, which were generated
from the magnitude and phase ROI data, were fitted to each model.
The residual errors (i.e. |data–model|) were calculated in each TE and
averaged across all subjects. The residual errors between the models
(Models 1, 2 and 3) as well as between the ROIs (i.e. parallel ROI vs.
perpendicular ROI) were compared.

To evaluate the reliability of each model, the ROI analysis was
repeated for the data with a smaller number of early echoes (from the
first 12 echoes to first 31 echoes). The resulting values of MWF and
Δfmy − ex from each data were averaged across all subjects and
compared. For each data, Student's t-test was performed with respect
to the values estimated using all 32 echoes. The root mean squared
errors (RMSE) were calculated for all models.

Voxel-by-voxel analysis

Whole brain MWF maps were generated for three different
datasets (data with first 16 echoes, first 24 echoes, and all 32 echoes)
Fig. 1. Population-averaged (n=11) residual patterns forModel 1 (three-poolmagnitudemod
andModel 3 (three-pool complexmodelfitted to complex data)when all 32 echoeswere used i
magnitude images and the corresponding DTI fiber orientationmaps. (c, d and e) The residues (
ROI.
using the three models. Compared to the ROI-averaged signal fitting,
voxel-by-voxel signal fitting was challenging due to a low SNR and
other factors including macroscopic B0 field inhomogeneity. To re-
duce these effects, two adjacent slices were averaged, and weighted
least-squares fitting was performedwith themagnitude of each echo

as a weight (i.e. minbyι∑n
i¼1wi yi−byι� �2 was performed where i is an

echo index, wi is magnitude of each echo, yi is the ith echo data,
and byι is the ith echo fitted value). The fitting was performed for
each voxel using the aforementioned procedure.

The estimated Δfmy − ex map was compared with the corresponding
slice of DTI fiber orientation map to examine the reliability of the esti-
mated Δfmy − ex map from Model 3. Furthermore, a myelin frequency
offset map was established from DTI data using a hollow cylinder
model suggested by Wharton and Bowtell (2012). Using the model,
the frequency shift of myelin water can be written as follows:

Δ fmy ¼
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where γ represents the gyromagnetic ratio and θ represents the angle
between fiber bundles and B0. The following parameters were used to
el fitted tomagnitude data),Model 2 (three-pool complexmodelfitted tomagnitude data)
n thefitting. (a, b, f and g) Examples of perpendicular andparallel ROIs in thefirst echoGRE
mean± s.d.) of the perpendicular ROI. (h, i and j) The residues (mean± s.d.) of the parallel
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calculate the frequency offset of myelin water with a DTI fiber
orientation map: isotropic susceptibility (χI) = −100 ppb; anisotropic
susceptibility (χA) = −100 ppb; chemical exchange (E) = 20 ppb; g-
ratio (ro/ri where ro: outer radius and ri: inner radius) = 0.8; and
B0 = 3 T (Kim et al., 2014a).

To evaluate the improvement of the proposed complexmodel fitting
method (Model 3), a previous complex model fitting method, which
removes background phase terms before the model fitting, was also
performed for the same datasets with the first 16 echoes, and the
estimated frequency offset map was compared with that from Model
3. For this purpose, phase data was high-pass filtered to remove the
background frequency offset term (Δfbg) and the constant phase term
(ø0). The high-pass filtering was performed by dividing the original
complex images with the low-pass filtered complex images. The low-
pass filtering was carried out using a Gaussian window. Three different
window sizes (σ = 2, 4, and 8 mm) were tested to investigate the
effects of thewindow size on themodel parameters. Then, the following
complex three-pool model (Sati et al., 2013) was fitted to the phase
filtered complex data:
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The initial values and parameter search ranges were identical to
Model 3 as listed in Table 1 except the initial values of Δfmy, Δfax and
Δfex which were set to zero. After estimating all parameters, a Δfmy

map was compared with the Δfmy − ex map from Model 3.

Results

Fig. 1 shows the ROI locations (Figs. 1a and f), DTI fiber orientation
maps (Figs. 1b and g), and residual errors from each model (Figs. 1c–e
for the perpendicular ROI and Figs. 1h–j for the parallel ROI) averaged
over eleven subjects. As demonstrated by van Gelderen et al. (2012),
Fig. 2.MWF estimated using various numbers of echoes (from 12 to 32 echoes). The means an
matedMWFs of the perpendicular ROIwhenModel 1was fitted. (b) The estimatedMWFs of the
ROIwhenModel 3wasfitted. (d) The estimatedMWFs of the parallel ROIwhenModel 1wasfitt
MWFs of the parallel ROI when Model 3 was fitted. Red asterisks indicate p b 0.05 in t-test wit
the perpendicular ROI showed larger residues in Model 1 confirming
systematic errors in the model. When Model 2 or 3 was fitted, the resi-
dueswere substantially reduced. This result supports that the frequency
offsets need to be included to explain the signal decay pattern of GRE
data (Sati et al., 2013; van Gelderen et al., 2012; Wharton and Bowtell,
2012). In the parallel ROI, the residual pattern did not show a noticeable
difference between the models (Figs. 1h, i, and j), indicating a smaller
contribution of the frequency offsets in the signal when fibers were
parallel to B0 (Sati et al., 2013; van Gelderen et al., 2012; Wharton and
Bowtell, 2012).

In Fig. 2, the MWFs estimated from six different numbers of echoes
(from 12 echoes to 32 echoes) are plotted for the three models in
both ROIs. When Model 1 was fitted to the perpendicular ROI
(Fig. 2a), the MWFs showed large variation (Fig. 1a; minimum MWF is
14.2% with 32 echoes and maximum MWF is 19.1% with 20 echoes;
asterisks are when p b 0.05 compared with MWF in the 32 echoes).
On the other hand, the variation was substantially smaller when data
were fitted with Model 2 (Fig. 2b; minimum MWF is 12.7% with 12
echoes and maximum MWF is 15.1% with 28 echoes) or Model 3
(Fig. 2c; theminimumMWF is 12.2%with 24 echoes and themaximum
MWF is 14.4% with 16 echoes). These results demonstrate that when
the frequency offsets were included in the model (Models 2 and 3),
the MWF estimation became more stable. For the parallel ROI, the
variations in the MWF were relatively small in all models (Figs. 2d, e,
and f; no statistically significant difference).

Similar results are quantitatively summarized in Table 2 where the
MWFs, frequency offsets, and root mean squared errors (RMSE) of the
two ROIs are averaged over all subjects for 16, 24 and 32 echoes.
When Model 2 and Model 3 were compared, Model 3 showed smaller
standard deviations (across the subjects) in Δfmy − ex estimation for
the perpendicular ROI. This observation indicates a more stable
estimation of Δfmy − ex in perpendicular fibers in Model 3.

Fig. 3 shows the results from the voxel-by-voxel analysis. The
magnitude images of last echoes used in the fitting (Fig. 3a), the MWF
maps (Fig. 3b), the Δfmy − ex maps (Fig. 3c) are illustrated for the
three different numbers of the data (first 16, first 24 and all 32 echoes)
d standard deviations were calculated from the MWFs of the eleven subjects. (a) The esti-
perpendicular ROIwhenModel 2was fitted. (c) The estimatedMWFs of the perpendicular
ed. (e) The estimatedMWFs of the parallel ROIwhenModel 2wasfitted. (f) The estimated
h respect to the results estimated from all 32 echoes.



Table 2
ROI fitting results for Model 1 (three-pool magnitude model fitted to magnitude data), Model 2 (three-pool complex model fitted to magnitude data) and Model 3 (three-pool complex
model fitted to complex data). The average (±standard deviation) MWF, Δfmy − ex, and root mean squared errors (RMSE) were estimated for the eleven subjects.

Model 1 Model 2 Model 3

# of echoes used in fitting MWF (%) RMSE
×103

MWF (%) Δfmy − ex (Hz) RMSE
×103

MWF (%) Δfmy − ex (Hz) RMSE
×103

Perpendicular ROI
16 18.2 ± 3.1⁎ 1.3 ± 0.2 14.5 ± 2.9 8.1 ± 1.9 1.2 ± 0.2 14.4 ± 3.1 11.1 ± 1.4 1.1 ± 0.1
24 19.1 ± 4.4⁎ 1.3 ± 0.3 14.6 ± 2.5 8.3 ± 3.7 1.1 ± 0.2 12.2 ± 1.4 13.3 ± 2.8 1.2 ± 0.2
32 14.2 ± 2.2 2.0 ± 0.9 14.5 ± 3.0 8.6 ± 8.1 1.1 ± 0.2 13.5 ± 2.8 12.7 ± 1.7 1.3 ± 0.1

Parallel ROI
16 7.1 ± 1.4 1.1 ± 0.4 9.2 ± 1.7 2.4 ± 1.1 1.0 ± 0.3 8.5 ± 1.8 2.5 ± 0.9 1.1 ± 0.4
24 5.7 ± 1.8 1.0 ± 0.3 8.5 ± 1.5 1.4 ± 1.7 0.9 ± 0.2 7.3 ± 1.9 2.4 ± 1.8 1.1 ± 0.4
32 5.7 ± 2.0 1.1 ± 0.6 8.9 ± 1.7 1.3 ± 2.5 1.1 ± 0.6 7.3 ± 2.0 3.8 ± 3.1 1.3 ± 0.6

⁎ Indicates p b 0.05.
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used in the fitting. When theMWFmaps were compared, Models 2 and
3 showed relatively consistentMWFmaps across the different numbers
of echoes. On the other hand, the MWFmaps in Model 1 showed larger
variations (for example, optic radiation regions; white arrows in
Fig. 3b). When Model 2 and Model 3 were compared, Δfmy − ex maps
from Model 3 (right column in Fig. 3c) showed less noisy and more
consistent results over the different numbers of echoes than Model 2
(left column in Fig. 3c), agreeing with the ROI analysis results
(Table 2). The Δfmy − ex maps from Model 3 also showed better agree-
ment with a Δfmy map (Fig. 3e) generated by the hollow cylinder
model (Wharton and Bowtell, 2012). Hence, Model 3 generated more
stable maps (both MWF and Δfmy − ex) for the different numbers of
echoes used in the data fitting.

When the frontal lobe areawas examined (red arrows in Fig. 3b), the
MWF maps and the Δfmy − ex maps generated from the three different
numbers of echoes showed large variations. This is probably due to
the large macroscopic field inhomogeneity around the air–tissue inter-
face (Yablonskiy, 1998; Yablonskiy and Haacke, 1994). The effects
become more pronounced at late echoes. Hence, using a smaller
number of early echoes (e.g. first 16 echoes) may improve the MWF
estimation in the areas of large field inhomogeneity.

The estimated parameter maps from Model 3 using the first 16
echoes are shown in Fig. 4. Additionally, a MWF map, a Δfmy − ex map,
a color-coded DTI FA map, and a Δfmy map from the hollow cylinder
model are included (Figs. 4d, e, i and j). The individual frequency offset
maps (Figs. 4f, g, and h) included nonlocal background frequency shifts.
These shifts, however, looked the same in all three frequency offset
Fig. 3. EstimatedMWF,Δfmy − ex maps from 16, 24, and 32 echoes used in fitting and Δfmymap
nitude images of the corresponding echo times. (b) The estimatedMWFmaps fromdifferentmo
calculated Δfmy map from DTI data using hollow cylinder model (HCM).
maps and were removed in the difference map (Fig. 4i). The resulting
Δfmy − ex map clearly showed that the characteristics of the myelin
water pool, revealing large positive frequency shifts when the fibers
were perpendicular to B0 (red and green regions in the DTI map) and
slight negative to zero frequency shifts when the fibers were parallel
to B0 (blue regions in the DTI map). The Δfmy − ex map also showed a
similar pattern to the myelin water frequency map generated by the
hollow cylinder model (Fig. 4j). When the axonal water frequency
shift map (Δfax + bg, Fig. 4g) was examined, areas in which fibers were
largely perpendicular to B0 yield slightly negative frequency shifts
relative to neighboring areas agreeing with previous reports (Sati
et al., 2013). Lastly, the extracellular water frequency shift map
(Fig. 4h) showed almost no structure (i.e. Δfex ~ 0) as suggested in the
previous study (Sati et al., 2013), supporting our approach of using
Δfmy − ex as a substitute for Δfmy. The parameters estimated by Model
3 using the first 16 echoes in the two ROIs were summarized in
Table S1. The results are in similar ranges to previous studies (Sati
et al., 2013; Raven et al., 2014).

Fig. 5 shows a 3DMWFmap and a 3DΔfmy − exmap generated using
the first 16 echo data in Model 3. Color-coded DTI FA maps of the
corresponding slices are displayed as a reference. The MWF map
showed regions with high MWF (e.g. optic radiation and corpus
callosum) and the Δfmy − ex map highlighted regions that have fibers
perpendicular to the B0 field.

Fig. 6 demonstrates the advantage of our proposed complex fitting
method. The method used an unfiltered phase image (Fig. 6a) and
generated a myelin water frequency offset (Δfmy − ex) map without
from DTI data and hollow cylindermodel for Model 1, Model 2 andModel 3. (a) Themag-
dels (Models 1, 2 and 3). (c) The estimatedΔfmy− exmaps and (d) TheDTI FAmap. (e) The



Fig. 4. Parameter maps from Model 3 (three-pool complex model fitted to complex data) fitted with first 16 echoes. The estimated fraction maps of (a) myelin water (Amy), (b) axonal
water (Aax) and (c) mixed water (Aex) pools. (d) The estimated MWF map. (e) The corresponding DTI FA map. The estimated frequency offset (including background phase offset,
Δfbg) maps of (f) myelin water (Δfbg + my), (g) axonal water (Δfbg + ax) and (h) extracellular water (Δfbg + ex) pools. (i) The calculated Δfmy − ex map and (j) the calculated Δfmy map
from DTI data using hollow cylinder model (HCM).
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noticeable artifacts even at the regionwith large B0 field inhomogeneity
(e.g. dashed red circle in Fig. 6a). When the background frequency
terms were removed before the model fitting, however, the myelin
water fraction map and the frequency offset map became dependent
on the filter size (Figs. 6f, g, h, j, k and l).

Discussion and conclusion

In this study, we introduced a new complex model and a new data
fitting approach that explain the signal decay characteristics of GRE
data. This method does not require any background field estimation
and removal procedure and, as shown, providesmore robust estimation
of the model parameters as compared to conventional models.
Fig. 5. Seven representative slices of a healthy volunteer from (a) the estimatedMWFmap, (b) t
to complex data) was fitted to the first 16 echoes.
One of important contribution of this new model and fitting
approach is that any background field estimation and removal steps
are not required. In previous studies, these stepswere performed before
complex model fitting (Sati et al., 2013; Schweser et al., 2011b;
Wharton and Bowtell, 2012, 2013). As shown in Fig. 6, imperfect filter-
ing leads to incorrect estimation of model parameters. Although amore
sophisticated processing method (Li and Leigh, 2001; Liu et al., 2011b;
Neelavalli et al., 2009; Sati et al., 2013; Schweser et al., 2011c) may
improve the background field estimation, one cannot completely
remove the background field. Hence, residues may potentially lead to
significant errors during the data fitting process.

One potential limitation of our approach is that the absolute
frequency offsets of three pools cannot be estimated. However, since
he estimatedΔfmy− exmap and (c) DTI FAmap.Model 3 (three-pool complexmodelfitted



Fig. 6. Comparison of the estimated frequency offset difference betweenmyelin water and extracellular water pools (Δfmy − ex) from the unfiltered phase data and the high-pass filtered
phase data. Thefirst 16 echoeswere used for parameter estimation. (a) The 16th echophase image. (b–d) The 16th echofiltered phase images for differentwindow sizes of filter (σ=2, 4,
and 8mm). (e) The estimatedMWFmap using the proposed complex fittingmethod (Model 3). (g–h) The estimatedMWFmaps from the high-pass filtered phase data for different win-
dow sizes. (i) The estimatedΔfmy − ex map using the proposed complex fitting method (Model 3). (j–l) The estimatedΔfmymaps from the high-pass filtered phase data for different win-
dow sizes.
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the frequency offset value of the extracellular water pool has been
demonstrated to be close to zero (Sati et al., 2013), Δfmy and Δfax can
be approximated by Δfmy − ex and Δfax − ex respectively in our model.
This is further supported by Δfex + bg map in Fig. 4 where the map
shows almost no white matter structure.

Shortening data acquisition duration has a practical value since it
determines the minimum TR and, in turn, total scan time. Hence,
using a smaller number of echoes helps to reduce the total scan time
or increase spatial coverage. In addition, the use of late echoes in
mGRE hampers the fitting results in the areas of large background
field inhomogeneity because it progressively affects the signal over TE.
Our results suggest that mGRE MWI may not need all 32 echoes. The
use of 16 echoes (last TE = 31.1 ms) which reduces the effects of the
macroscopic B0 field inhomogeneity and increases the spatial coverage
appears to be a reasonable choice.

Multiplemethods have been proposed to compensate for themacro-
scopic B0 field inhomogeneity in mGRE (Han et al., 2015; Hernando
et al., 2012; Nam et al., 2012; Oh et al., 2014; Yablonskiy et al., 2013).
However, many of them require a longer minimum TE and may lose a
significant portion of fast decaying myelin water signal. Hence, it may
be challenging to apply them directly.

In this work, the effects of T1 were not considered in the MWF
estimation. It has been suggested that a short TR may overestimate
MWF in mGRE (Du et al., 2007; Li et al., 2013; Nam et al., 2014; Oh
et al., 2013a). In addition, the short TRmay have introducedmagnetiza-
tion transfer effects in the data. Further research is necessary to
investigate the effects of TR on MWF and to develop an approach to
compensate for the overestimation.

In perpendicular ROI, Model 3 showedmore stable estimation of the
frequency offsets thanModel 2. In parallel ROI, however, Model 2 show
slightly smaller RMSE than Model 3. This is because the magnitude
model has better estimation of the signal than the complex model
when phase contrast does not exist (Lee et al., 2007). Since the
difference in RMSE is small in parallel ROI and the improvement of
Model 3 in perpendicular ROI are large, the use of Model 3 is overall
beneficial.

When compared withmSE MWI results (Laule et al., 2004; Oh et al.,
2006; Prasloski et al., 2012; Whittall et al., 1997), our results overall
showed similar MWF distribution showing higher MWF in corpus
callosum, optic radiation, longitudinal fasciculus and internal capsule
(see Fig. 6) although the MWF in internal capsule region is not as high
as that in mSE MWI (Laule et al., 2004; Oh et al., 2006; Prasloski et al.,
2012; Whittall et al., 1997). This may be related to a recent mSE MWI
study suggesting an overestimated MWF in this area (Russell-Schulz
et al., 2013).

Since the new model includes phase signal, it may become more
sensitive to physiological noise sources such as respiration that
have more pronounced effects on phase (Noll and Schneider,
1994). Therefore, a proper correction for these factors may be
necessary for an accurate estimation of the model parameters (Hu
and Kim, 1994).

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.neuroimage.2015.03.081.
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