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Combining parallel detection of proton echo
planar spectroscopic imaging (PEPSI)
measurements with a data-consistency
constraint improves SNR
Shang-Yueh Tsaia,b, Yi-Cheng Hsuc, Ying-Hua Chuc, Wen-Jui Kuod and
Fa-Hsuan Linc,e*
One major challenge of MRSI is the poor signal-to-noise ratio (SNR), which can be improved by using a surface coil
array. Here we propose to exploit the spatial sensitivity of different channels of a coil array to enforce the k-space
data consistency (DC) in order to suppress noise and consequently to improve MRSI SNR. MRSI data were collected
using a proton echo planar spectroscopic imaging (PEPSI) sequence at 3 T using a 32-channel coil array and were averaged with one, two and eight measurements (avg-1, avg-2 and avg-8). The DC constraint was applied using a regularization parameter λ of 1, 2, 3, 5 or 10. Metabolite concentrations were quantiﬁed using LCModel. Our results
show that the suppression of noise by applying the DC constraint to PEPSI reconstruction yields up to 32% and
27% SNR gain for avg-1 and avg-2 data with λ = 5, respectively. According to the reported Cramer–Rao lower bounds,
the improvement in metabolic ﬁtting was signiﬁcant (p < 0.01) when the DC constraint was applied with λ ≥ 2. Using
the DC constraint with λ = 3 or 5 can minimize both root-mean-square errors and spatial variation for all subjects
using the avg-8 data set as reference values. Our results suggest that MRSI reconstructed with a DC constraint can
save around 70% of scanning time to obtain images and spectra with similar SNRs using λ = 5. Copyright © 2015 John
Wiley & Sons, Ltd.
Keywords: proton echo planar spectroscopy imaging; data consistency; SNR; regularization

quality by reducing motion artifacts. This beneﬁt is a consequence of pursuing the data consistency (DC) among channels

INTRODUCTION
MRSI can noninvasively elucidate the regional distributions of
brain metabolites. Because both spatial and spectral information
are measured together in MRSI, the acquisition time can be long.
For example, one single 2D MRSI measurement with 3.5 × 3.5 mm2
spatial resolution covering a single slice with 2 kHz bandwidth and
2 Hz spectral resolution takes about 30 min. The acquisition time of
MRSI can be shortened by using fast switching gradient waveforms, such as EPI (1) and spiral (2), to encode spectral and spatial
information efﬁciently (3–7). These fast MRSI techniques can reduce
the scanning time from tens of minutes to a few minutes (8–10).
Alternatively, the MRSI acquisition time can be reduced by
using parallel imaging (pMRI) techniques (3,4,11–13), where a
surface coil array is used to detect NMR signals in parallel (14).
The cost of the acceleration factor (R) is the reduced signal-tonoise ratio (SNR) as a consequence of reduced data samples
and ampliﬁed noise in pMRI image reconstruction (15). While
the latter cost can be partially alleviated by using prior information to regularize the reconstruction (16–18), the former cost is
inevitable in accelerated acquisitions. Quantitatively, this √R-fold
SNR reduction in R-fold accelerated pMRI becomes highly undesirable in SNR-hungry MRSI experiments. Noise correlation
among phase array coils can be considered to improve the SNR
in MRSI experiments (19).
Instead of reducing the acquisition time, simultaneously acquired pMRI data can be used to improve the MRSI data
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of a coil array in either k-space (20–22), image domain (23) or
coil sensitivity maps (24). Such a DC feature has also been applied to improve the pMRI reconstruction by considering the

evolution of magnetization (25). Since the amount of data is
not reduced, compared to the original MRSI reconstructions,
the SNR may be even improved, if the noise suppression by

Figure 1. (A) SNR maps from avg-1, 2 and 8 data sets with DC reconstruction using constraints up to 5. (B) SNR maps from another subject. SNR is
calculated based on the NAA peak. (C) The ROIs deﬁned for the peripheral and central regions, and the location of representative spectra using one
subject as an example.

Table 1. SNR of three ROIs from all subjects (mean ± standard deviation). Relative SNRs for avg-1, 2 and 8 data were calculated
according to data without DC reconstruction. A pixel-wise paired Student t-test was performed for each subject. Statistical significance was marked if all subjects had p < 0.01 (*) and p < 0.05(†)
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avg-1

avg-1

avg-1

avg-1

avg-1

avg-1

w/o DC

DC λ = 1

DC λ = 2

DC λ = 3

DC λ = 5

DC λ = 10

13.4 ± 0.5
–
14 ± 1.4
–
14 ± 0.3
–
avg-2
w/o DC
18.6 ± 0.8
–
19.5 ± 2.0
–
19.6 ± 0.1
–
avg-8
w/o DC
35.5 ± 2.3
–
37.1 ± 4.7
–
37.2 ± 0.3
–

14.9 ± 0.5*
1.12
16.2 ± 1.8†
1.16
15.0 ± 0.3†
1.07
avg-2
DC λ = 1
20.6 ± 0.8*
1.11
22.2 ± 2.4
1.14
21.0 ± 0.1†
1.07
avg-8
DC λ = 1
38.6 ± 2.3*
1.09
41.3 ± 5.1
1.11
39.2 ± 0.3†
1.05

15.7 ± 0.5*
1.17
17.1 ± 1.9*
1.23
15.6 ± 0.3*
1.11
avg-2
DC λ = 2
21.5 ± 0.8*
1.15
23.3 ± 2.5†
1.20
21.7 ± 0.2*
1.11
avg-8
DC λ = 2
39.7 ± 2.3*
1.12
42.6 ± 5.2†
1.15
40.1 ± 0.3*
1.08

16.3 ± 0.5*
1.22
17.9 ± 2*
1.28
16.2 ± 0.4*
1.15
avg-2
DC λ = 3
22.2 ± 0.8*
1.19
24.2 ± 2.6*
1.24
22.3 ± 0.2*
1.14
avg-8
DC λ = 3
40.6 ± 2.2*
1.14
43.5 ± 5.2†
1.17
40.9 ± 0.2*
1.10

17.6 ± 0.4*
1.32
19.4 ± 2.1*
1.39
17.4 ± 0.4*
1.24
avg-2
DC λ = 5
23.7 ± 0.7*
1.27
25.7 ± 2.7*
1.32
23.8 ± 0.3*
1.22
avg-8
DC λ = 5
42.0 ± 2.1*
1.18
45.0 ± 5.3*
1.21
42.4 ± 0.1*
1.14

18.1 ± 0.3*
1.35
20 ± 2.2*
1.43
17.8 ± 0.6*
1.27
avg-2
DC λ = 10
24.4 ± 0.5*
1.31
26.6 ± 2.8*
1.36
24.5 ± 0.6*
1.25
avg-8
DC λ = 10
42.5 ± 1.8*
1.19
45.4 ± 5.3*
1.23
43.0 ± 0.4*
1.15
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pursuing the DC is more than the noise ampliﬁcation in the
reconstruction.
Here we propose to exploit the sensitivity information
of a coil array to enforce the k-space DC in order to suppress noise and consequently to improve the SNR of MRSI.

With in vivo experimental data at 3 T using a 32-channel
coil array, we investigated the SNR gain because of using
the DC constraint in reconstruction and examined the improvement in spectral ﬁtting in metabolite concentration
estimation.

Figure 2. Representative spectra from (A) right central region of brain and (B) left frontal region of brain. Spectra from avg-1 and avg-8 data displayed
in metabolite range 0.5 ppm–4 ppm and noise range 6.5 ppm–8.2 ppm. Noise inspected by baseline ﬂuctuation on the noise spectra with DC processing using λ = 1 and λ = 5 is clearly reduced compared with that without DC reconstruction. In the signal spectra, the intensities of metabolic peaks are
not changed by the DC process, by visual inspection. Note that the signal spectra [2 to 10] and noise spectra [2 to 2] are displayed using different
vertical scales.
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MATERIAL AND METHODS
Data acquisition
Proton echo planar spectroscopic imaging (PEPSI) was performed on six healthy volunteers (25 ± 5 years old) using a 3 T
scanner (Skyra, Siemens Medical Solutions, Erlangen, Germany)
with a 32-channel head coil array. All volunteers submitted
written informed consent in accordance with the institutional
review board approval. Before PEPSI acquisitions, T1-weighted
images, using a gradient echo sequence (TR/TE/ﬂip angle,
250 ms/2.61 ms/70°; FOV, 256 × 256 mm2; matrix, 128 × 128), were
acquired for localizing the PEPSI slice and subsequent region
of interest (ROI) selection. In vivo PEPSI data were acquired from
a para-axial slice at the upper edge of the ventricles using the
following parameters: TR = 2 s, TE = 35 ms, ﬂip angle = 90°,
32 × 32 spatial matrix, FOV = 240 mm, slice thickness = 15 mm.
Complete eight-slice outer volume suppression was applied
along the perimeter of the brain to suppress the lipid signal.
The PEPSI sequence used in this study has been described previously (5,26). The PEPSI scan was repeated eight times. Data
from each repetition were saved individually. PEPSI data were
averaged afterwards with one, two and eight measurements

(avg-1, avg-2 and avg-8), representing spectra at different
SNR levels. A non-water-suppressed (NWS) reference scan
was acquired using only one average as the reference for
phase correction, calibration of metabolic signal and estimation of the coil convolution kernel. The total scanning time
was 10 min.
DC processing
The DC constraint was applied to individual measurement of
PEPSI. These PEPSI data were then averaged to generate avg1, avg-2 and avg-8 PEPSI data sets. It has been reported previously that each k-space data point of a coil can be expressed
as a linear combination of the k-space data points from all coils
in the vicinity of the chosen k-space data point (14,27). Among
methods of pMRI reconstruction, SPIRiT is a method that synthesizes missing k-space data points by using one k-space lattice structure to linearly correlate neighboring k-space data
points from all coils (28). Mathematically, such a relationship
has a matrix representation
x¼G x

[1]

Figure 3. Concentration maps of NAA, tCr, tCho, mI and Glx from one subject.
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where x denotes the concatenation of k-space data from all
coils and G is a convolution kernel. Intuitively, the equation
stands for the attempt to synthesize a k-space data point
from its neighboring k-space data points. Importantly, the lattice structure required by SPIRiT prohibits the trivial solution
of G as an identity matrix. Equation [1] describes the k-space
DC constraint among channels of a coil array.
Reconstructing an MRI data set enforcing this DC constraint
can be formulated as an optimization problem:

 

x^ ¼ argx min λGx-x22 þ jSx-yj22

and a combination of glutamine and glutamate, denoted as
Glx (33).
Spectral and error analysis
The performance of our reconstruction algorithm using the DC
constraint was evaluated by calculating the SNR of the reconstructed spectra, which were calculated in the spectral domain
at the NAA peak:
X
si ,
SNR ¼ i∈nsignal

[2]

n

where matrix S denotes a sampling matrix of k-space data. y is
the acquired data across all channels of a coil array. λ is a regularization parameter adjusting the weight between two error
terms: the DC term |Gx  x|22 and the measurement consistency term |Sx  y|22. We call the ﬁrst error term the DC term
to emphasize the property that the k-space data cross channels of a coil array should be related to each other by a convolution kernel, such as that deﬁned in SPIRiT.
Practically, we ﬁrst estimated the convolution kernel G and
then reconstructed k-space data in each channel x by minimizing the cost function |Sx  y|2 + λ|Gx  x|2. Again, G has a
structure relating target k-space data locations and the associated k-space neighbors, as required by the SPIRiT formulation.
Thus G cannot be degenerated to be the trivial solution of an
identity matrix. The convolution kernel matrix G can be ﬁrst
estimated from a NWS scan around the water peak, which
has a higher SNR. Subsequently, the solution minimizing the
cost described by Equation [2] was calculated iteratively using
a conjugated gradient method (29,30) based on the estimated
G, the sampling matrix S and experimental data y. Unless otherwise noted, the regularization parameter λ was varied between 1, 2, 3, 5 and 10 in this study in order to avoid bias
toward either error term. The size deﬁning the neighborhood
of the k-space data points (kernel size) was 2 × 2 in this study,
because the difference between results using different kernel
sizes was found to be relatively minor (31). Finally, the k-space
data at each time point of the water-suppressed scan of each
coil were reconstructed separately. The DC process did not
change the data size or number of coils.
Post-processing
After DC processing, standard PEPSI post-processing steps were
performed, including sinusoidal spatial ﬁltering, time-domain ﬁltering with a 2 Hz exponential ﬁlter, phase correction and even–
odd echo editing (5,26). The reconstructed spectral width after
even–odd echo editing was 1086 Hz, with 512 complex-number
data points, yielding a spectral resolution of 2.1 Hz. The phase
correction was performed before averaging data from individual
coils to reduce the possible artifacts caused by partial phase
cancellation.
In vivo localized spectra were quantiﬁed by the LCModel software package (http://s-provencher.com/pages/lcmodel.shtml).
Spectra were ﬁtted between 0.5 and 4 ppm. Metabolic signals
were calibrated to NWS data using the water scaling method
(32). In this study, ﬁve metabolites in the brain were quantiﬁed:
N-acetyl aspartate (NAA), total creatine (tCr), including creatine
and phosphocreatine, total choline (tCho), including
glycerophosphocholine and phosphocholine, myo-inositol (mI)
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signal
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u X 2,
u
sj
uj∈n
t noise

[3]

nnoise

Here, nsignal and nnoise represent the numbers of spectral
points in the metabolite and in the noise ranges, respectively.
The range for metabolite was deﬁned as 0.1 ppm symmetrical
around the peak maximum, whereas the range for noise was
calculated between 7.5 ppm and 8.5 ppm. sj indicates the real
part of the reconstructed spectrum with the spectral index j.
The relative SNR (rSNR), the ratio between the SNR of the reconstruction with and without the DC constraint, was calculated as
the following:
rSNR ¼

SNRdc
SNRw=o dc

[4]

The Cramer–Rao lower bound (CRLB), provided by LCModel,
was used as the error metric for metabolite quantiﬁcation. It is
the lowest bound of the standard deviation of the estimated metabolite concentration. Expressed in percentage concentration,
the CRLB can be used as an indicator of the reliability for metabolic concentration quantiﬁcation. The CRLB for each metabolite
is typically used to quantify the goodness of ﬁt in LCModel. To
facilitate the presentation of metabolite maps and the comparison between metabolite concentrations, spectroscopic image
voxels with CRLB > 50% and spectral linewidth > 0.1 ppm were
rejected.
To evaluate the spatial uniformity of quantiﬁed metabolite
concentrations for each subject, the coefﬁcient of variation
(CV), which represents the spatial variation of metabolite concentrations within the ROI, was calculated as the standard deviation divided by the mean. The values were displayed as
percentages.
The metabolite concentration errors were evaluated in a pixelby-pixel manner based on the root mean square difference:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
uX C ref i  C R i 2 
RMS error ð%Þ ¼ t
N;
C ref i
i

[5]

where Cref is the concentration from the avg-8 data set without using the DC constraint in the reconstruction, CR is the
concentration from the PEPSI data with avg-1, avg-2, avg-4
or without DC constraint and N is the total number of image
voxels in the ROI. The subscript i indicates the spatial location
of the image voxel.

Copyright © 2015 John Wiley & Sons, Ltd.
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To investigate the regional differences in the PEPSI reconstruction with the DC constraint, we manually selected three ROIs in
the anatomical image: the peripheral brain region, the central
brain region and the whole brain region. The RMS error and
SNR at these three ROIs were calculated for each subject. The
SNR, linewidth and CRLB for the PEPSI reconstruction with the
DC constraint were compared with those without the DC constraint using Student’s t-test at each image pixel.

RESULTS
Figure 1 shows the NAA SNR maps from two subjects. We found
that the SNR increased after applying the DC constraint to avg-1,
avg-2 and avg-8 data sets. SNR and rSNR are listed in Table 1. For
reconstructions without using the DC constraint, the SNR gain
between avg-2 and avg-1 was 1.39, and the gain between avg8 and avg-2 was 1.9. This matches the theoretical SNR gain of
1.41 and 2 based on the number of measurements. The overall
SNR improvement by using the DC constraint with λ = 5 was
32%, 27% and 18% in avg-1, avg-2 and avg-8 data sets, respectively. SNR gains increase to 35%, 31% and 19% in avg-1, avg-2

and avg-8 data when = 10. The SNR gains are statistically signiﬁcant (P < 0.01) with λ ≥ 2 in the avg-1 data set and with λ ≥ 3 in
the avg-2 data set. Signiﬁcantly higher SNR gain was found in the
peripheral region than in the central region (p < 0.01) for all subjects. The averaged line width (across all image voxels) in the
brain region of a representative subject was 0.057 ppm, with a
standard deviation of 0.009 ppm. The difference in the line width
for data reconstructed with and without the DC constraint was
not statistically signiﬁcant (p > 0.5) at three ROIs in all subjects.
Figure 2 shows the spectra from two representative voxels located in the white and gray matter in the metabolic range between 0.5 and 4 ppm and in the noise range between 6.5 and
8 ppm. Major metabolite peaks were clearly identiﬁed in all spectra. The noise level was reduced by using the DC constraint for
both avg-1 and avg-8 data sets. The NAA, tCr and tCho signals
were not affected by using the DC constraint even using λ = 5.
Note that peaks around 2.2 ppm in the avg-1 data reconstructed
with the DC constraint, potentially from the Glx, showed similar
shapes to those in the avg-8 data.
In vivo metabolite concentration maps of NAA, tCr, tCho, mI
and Glx with their corresponding CRLB maps from one subject
are shown in Figures 3 and 4. Metabolic maps were relatively

Figure 4. CRLB maps of NAA, tCr, tCho, mI and Glx from one subject.
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the avg-1 data set than in the avg-2 data set for all metabolites. Means and standard deviations of averaged concentrations from the whole brain region from all subjects are
summarized in Table 3. A tendency of lower mean concentrations using larger λ can be found for avg-1, avg-2 and avg-8
data sets. For reference avg-8 data sets, the differences of
mean concentrations using λ from 1 to 5 are less than 2% for
all metabolites. In general, using the DC constraint can reduce
both RMS errors and CV, and using λ = 3 or 5 can give the lowest RMS errors and CV. Larger RMS errors were found in the peripheral region than in the central region.

DISCUSSION
We proposed an MRSI reconstruction algorithm enforcing the kspace DC among channels of a coil array such that noise
disturbing such a consistency is suppressed. In contrast to the
optimal reconstruction of coil array images (34), our method
does not require explicit estimates of coil sensitivity maps. For
MRSI, especially fast MRSI methods such as PEPSI, the NWS scan
is routinely collected as a reference for phase correction and
concentration calibration. Thus we consider that using NWS
data to estimate convolution kernels is practical. The suppression of noise by applying the DC constraint to PEPSI reconstruction yields up to 32% and 27% SNR gain for avg-1 and avg-2
data sets with λ = 5. Even for the data set with eight averages

Figure 5. Averaged CRLBs with standard deviations for NAA, tCr, tCho,
mI and Glx. Results are calculated over the brain region in the slice from
one subject. Statistical signiﬁcances by pixel-wise paired Student t-test
†
are shown above each bar (* p < 0.01, p < 0.05).

uniform when more measurements were averaged. The improved spatial uniformity after using the DC constraint was observed for NAA, tCr and tCho in avg-1 data and for mI and Glx
in all data sets. The reduction of CRLB values because of using
the DC constraint was observed on the corresponding data sets.
Quantitative comparison of the CRLBs for ﬁve metabolites from
the same subject is shown in Figure 5. Using the DC constraint
reduced CRLB for all metabolites in avg-1, avg-2 and even avg8 data sets, except mI in the avg-1 data set (Fig. 5). CRLBs were
signiﬁcantly reduced by using the DC constraint with λ ≥ 2 for
NAA, tCr and tCho in avg-1 and avg-2 data sets (p < 0.01). For
Glx, CRLBs decreased from 29.9 ± 24.6% to 21.9 ± 16.5% and from
17.6 ± 11.3% to 15.6 ± 6.6% for the avg-1 data set (P < 0.01) and
avg-2 data set (P < 0.05). More speciﬁcally, the lowest CRLBs
were found with λ = 3 or 5. For the avg-8 data set, the CRLB
was signiﬁcantly reduced for tCr (p < 0.01), tCho, mI and Glx
(p < 0.05). Reliable ﬁtting of a metabolite led to less variation in
metabolite quantiﬁcation for all subjects, as shown by the CV
(Fig. 6). Among avg-1, avg-2 and avg-8 data sets, avg-8 data
sets showed the lowest CV. For avg-1 and avg-2 data sets,
CVs with λ = 3 or 5 were closest to those from the avg-8 data
set for each metabolite. Overall, the CVs had similar tendency
to CRLBs (Fig. 5). RMS errors of metabolite concentrations
based on the avg-8 data set without using the DC constraint
are summarized in Table 2. Larger RMS errors were found in
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Figure 6. Averaged CVs with standard deviation for NAA, tCr, tCho, Mi
and Glx. Results are calculated over the brain region in the slices from
all subjects.
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4.3 ± 0.4
4.5 ± 0.4
6.2 ± 1.2
16.4 ± 0.6
12.1 ± 0.7
4.4 ± 0.4
5.1 ± 0.7
6.4 ± 1.2
15.5 ± 0.1
12.8 ± 1.9
4.4 ± 0.5
4.0 ± 0.3
5.8 ± 1.1
17.5 ± 1.4
11.9 ± 0.6
4.0 ± 0.3
4.3 ± 0.4
6.0 ± 0.6
16.1 ± 0.5
12.2 ± 0.3
4.1 ± 0.4
5 ± 0.9
6.6 ± 0.7
15.2 ± 0.1
13.0 ± 1.3
3.8 ± 0.1
3.4 ± 0.4
5.3 ± 0.2
16.9 ± 1.3
11.7 ± 0.6
4.0 ± 0.3
4.6 ± 0.4
6.3 ± 0.5
16 ± 0.3
12.5 ± 0.1
4.2 ± 0.3
5.3 ± 1.0
7.0 ± 0.6
15.2 ± 0.1
13.2 ± 0.7
3.7 ± 0.1
3.4 ± 0.5
5.5 ± 0.1
16.8 ± 1.2
11.8 ± 0.7
4.0 ± 0.3
4.7 ± 0.4
6.5 ± 0.3
16.2 ± 0.3
12.6 ± 0.3
4.3 ± 0.4
5.5 ± 1.1
7.3 ± 0.4
15.5 ± 0.1
13.3 ± 0.6
3.7 ± 0.1
3.5 ± 0.6
5.7 ± 0.3
16.8 ± 1.1
11.9 ± 0.8
4.1 ± 0.3
5.1 ± 0.4
6.7 ± 0.3
16.4 ± 0.3
12.9 ± 0.4
4.3 ± 0.4
5.8 ± 1.1
7.5 ± 0.4
15.5 ± 0.5
13.5 ± 0.4
3.7 ± 0.1
3.7 ± 0.7
5.8 ± 0.4
17.2 ± 0.9
12.0 ± 1.0
4.3 ± 0.3
5.5 ± 0.6
7.3 ± 0.3
17.4 ± 0.2
13.9 ± 0.4
4.5 ± 0.4
6.4 ± 1.2
8.2 ± 0.3
16.9 ± 0.3
14.9 ± 0.4
3.9 ± 0.2
4.0 ± 0.7
5.9 ± 0.7
17.9 ± 1.0
12.5 ± 0.5
5.7 ± 0.3
7.3 ± 2.6
9.2 ± 3.8
18.5 ± 1.1
17.8 ± 2.6
5.9 ± 0.5
7.6 ± 1.9
9.8 ± 4.5
19.4 ± 1.9
17.2 ± 2.7
5.7 ± 0.3
7.1 ± 3.2
8.3 ± 2.5
17.9 ± 0.9
18.8 ± 1.8
5.1 ± 0.1
5.3 ± 0.2
7.5 ± 0.6
18.8 ± 1.6
17.0 ± 2.0
5.0 ± 0.5
5.8 ± 0.1
8.3 ± 0.8
18.8 ± 0.6
16.2 ± 1.4
5.5 ± 0.4
4.7 ± 0.2
6.5 ± 0.6
19.3 ± 3.3
19.0 ± 3.0
5.1 ± 0.1
5.6 ± 0.2
8.1 ± 0.3
19.0 ± 1.2
17.2 ± 2.4
5.1 ± 0.6
6.2 ± 0.2
9.0 ± 0.3
19.1 ± 0.3
16.4 ± 1.9
5.6 ± 0.7
4.9 ± 0.1
7.0 ± 0.9
19.4 ± 3.3
19.1 ± 3.2
5.2 ± 0.1
5.9 ± 0.2
8.6 ± 0.2
19.2 ± 0.7
17.3 ± 2.5
5.2 ± 0.6
6.6 ± 0.3
9.5 ± 0.1
19.5 ± 1.0
16.5 ± 2.1
5.7 ± 0.8
5.1 ± 0.1
7.2 ± 0.9
19.5 ± 3.0
19.2 ± 3.4
5.7 ± 0.5
6.3 ± 0.2
9.3 ± 0.4
20.8 ± 2.5
18.7 ± 4.5
5.9 ± 0.3
6.7 ± 0.1
10.5 ± 0.6
22.7 ± 2.6
18.2 ± 4.8
5.8 ± 0.8
5.7 ± 0.4
7.5 ± 1.2
19.2 ± 2.7
19.3 ± 3.5
6.0 ± 0.4
7.1 ± 0.3
10.1 ± 0.1
22.5 ± 2.0
20.0 ± 4.7
6.3 ± 0.1
7.7 ± 0.2
11.6 ± 0.2
24.4 ± 1.6
19.6 ± 4.1
6.1 ± 0.6
6.2 ± 0.1
8.0 ± 1.5
20.2 ± 2.5
20.7 ± 4.7

wileyonlinelibrary.com/journal/nbm

Central region

Peripheral region

NAA
tCr
tCho
mI
Glx
NAA
tCr
tCho
mI
Glx
NAA
tCr
tCho
mI
Glx
Brain region

DC λ = 10
DC λ = 5
DC λ = 3
DC λ = 2
DC λ = 1
w/o DC
DC λ = 10
DC λ = 5
DC λ = 2
DC λ = 1
w/o DC

DC λ = 3

avg-2
avg-2
avg-2
avg-2
avg-1
avg-1
avg-1
avg-1
avg-1
avg-1

Table 2. RMS errors (%) of three ROIs from all subjects (mean ± standard deviation). Avg-8 data without DC reconstruction was used as reference standard

avg-2

avg-2
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(avg-8), with an SNR of 35, there is still another 18% SNR gain by
applying the DC constraint in the reconstruction. According to
the reported CRLBs, CVs and RMS errors, the performance of
metabolic ﬁtting is optimized when the DC constraint is applied
with λ = 3 or 5, where the SNR gain ranged between 22% and
32% for the avg-1 data set and between 19% and 27% for the
avg-2 data set.
The contribution of SNR improvement using the DC constraint
in metabolite quantiﬁcation can be speciﬁcally observed in Glx
estimation using the avg-1 and avg-2 data sets (Fig. 5). There
are fewer voxels showing unreliable Glx ﬁtting by LCModel, presented as black blobs, on the Glx maps using the DC constraints
compared to those without DC constraints (Fig. 3). Reliable
ﬁtting results in smooth metabolite distributions in the brain
(Fig. 6). However, spectral ﬁtting of in vivo spectra are affected
by many factors including SNR, linewidth, overlapping of metabolites and macromolecules in the baseline. Fitting reliabilities for
metabolites vary according to the effect of these factors on the
spectral line shape of the metabolite. In general, quantiﬁcations
of NAA, tCr and tCho are considered relatively stable compared
with mI and Glx, because mI and Glx have complex spectral
shapes. Even with 30% SNR improvement in avg-1 data, it is suggested to use avg-8 data for quantiﬁcation of Glx and mI. CRLBs
on the avg-8 data set were not signiﬁcantly different before and
after using the DC constraint, indicating that the SNR on the avg8 data set was already sufﬁcient for metabolite quantiﬁcation after multiple averages. In this study, we used the avg-8 data set as
the relative gold standard. While the avg-8 data set cannot represent the true metabolite values, the overall CRLBs are less than
5% for NAA, tCr and tCho, and less than 15% for mI and Glx. This
suggested that the avg-8 data set already had high SNR. Therefore, the avg-8 data set can suitably serve as the comparing
reference.
Increasing DC constraints from λ = 5 to λ = 10 leads to only
additional 3% SNR gain, but this raised CRLBs (Fig. 5), CVs (Fig. 6)
and RMS errors (Table 2) in the avg-1 and avg-2 data sets. One
possible explanation is that the results of using the DC constraint to suppress the noise at the cost of the marginally reduced signal (metabolite peak) are similar to the advantage of
using a priori information to regularize parallel functional MRI
reconstruction (35). Yet our method does not need to explicitly
specify the prior. Choosing a larger regularization parameter
(λ = 10) can bias the reconstruction into the null space of G,
and in turn can lead to potential reduction of spectral peaks.
Spectral ﬁtting accounts for not only SNR but also other effects
such as baseline attenuation caused by macromolecules, and
metabolite spectral peaks overlapping. Therefore, when a stronger DC constraint (λ = 10) is used, baseline ﬂuctuation can be
further reduced but may also increase errors on the quantiﬁcation of metabolite concentration (Fig. 6 and Table 2). The attenuation of signal, which leads to reduced bias metabolite
concentrations, can be found at larger regularization parameters (λ = 10) (Table 3). Using λ ≤ 5 causes less than 2% bias difference in concentrations (Table 3).
The decrease in the RMS error on avg-1 and avg-2 data sets
with the DC constraint can be attributed to the improved spectral ﬁtting, which lowers the spatial variation (Fig. 6) and indeed
gives concentration estimates close to the reference values (Table 2). This implies that the PEPSI reconstruction with the DC
constraint using a proper regularization parameter (λ = 3 or 5)
can signiﬁcantly reduce noise to achieve reliable spectral ﬁtting
without effectively attenuating the signal. One should notice
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Table 3. Means and standard deviations of concentrations for avg-1, avg-2 and avg-8 data sets from whole brain region from six
subjects

NAA
tCr
tCho
mI
Glx

NAA
tCr
tCho
mI
Glx

NAA
tCr
tCho
mI
Glx

avg-1

avg-1

avg-1

avg-1

avg-1

avg-1

w/o DC

DC λ = 1

DC λ = 2

DC λ = 3

DC λ = 5

DC λ = 10

13.23 ± 0.08
10.33 ± 0.59
2.55 ± 0.35
4.01 ± 0.17
12.43 ± 0.22
avg-2
w/o DC
13.04 ± 0.26
10.50 ± 0.17
2.56 ± 0.22
3.51 ± 0.10
12.73 ± 0.05
avg-8
w/o DC
12.89 ± 0.30
10.00 ± 0.24
2.41 ± 0.17
3.9 ± 0.10
12.68 ± 0.61

13.19 ± 0.11
10.16 ± 0.62
2.51 ± 0.34
3.91 ± 0.19
12.42 ± 0.15
avg-2
DC λ = 1
12.99 ± 0.26
10.38 ± 0.22
2.53 ± 0.22
3.52 ± 0.11
12.8 ± 0.06
avg-8
DC λ = 1
12.89 ± 0.31
9.93 ± 0.27
2.40 ± 0.17
3.97 ± 0.09
12.59 ± 0.57

13.03 ± 0.21
10.39 ± 0.3
2.58 ± 0.25
3.70 ± 0.11
12.24 ± 0.31
avg-2
DC λ = 2
12.95 ± 0.28
10.30 ± 0.23
2.51 ± 0.22
3.50 ± 0.10
12.73 ± 0.06
avg-8
DC λ = 2
12.87 ± 0.32
9.89 ± 0.28
2.39 ± 0.18
3.98 ± 0.08
12.55 ± 0.55

12.94 ± 0.25
10.26 ± 0.32
2.54 ± 0.25
3.69 ± 0.06
12.17 ± 0.26
avg-2
DC λ = 3
12.88 ± 0.29
10.22 ± 0.23
2.49 ± 0.22
3.47 ± 0.10
12.62 ± 0.06
avg-8
DC λ = 3
12.84 ± 0.33
9.86 ± 0.28
2.38 ± 0.17
3.97 ± 0.08
12.51 ± 0.56

12.81 ± 0.31
10.05 ± 0.37
2.46 ± 0.25
3.62 ± 0.14
12.06 ± 0.21
avg-2
DC λ = 5
12.79 ± 0.27
10.04 ± 0.26
2.44 ± 0.22
3.47 ± 0.09
12.5 ± 0.09
avg-8
DC λ = 5
12.8 ± 0.34
9.82 ± 0.27
2.36 ± 0.17
3.95 ± 0.08
12.42 ± 0.55

12.21 ± 0.34
9.00 ± 0.68
2.18 ± 0.33
3.41 ± 0.23
11.13 ± 0.32
avg-2
DC λ = 10
12.38 ± 0.40
9.6 ± 0.29
2.31 ± 0.22
3.22 ± 0.11
11.84 ± 0.17
avg-8
DC λ = 10
12.68 ± 0.36
9.65 ± 0.29
2.31 ± 0.17
3.89 ± 0.08
12.21 ± 0.56

that reconstructions using the DC constraint only reduced the
noise level without changing the noise spectra (Fig. 2). Therefore,
the spectral shapes and line widths did not change signiﬁcantly
after applying the DC constraint. As for spatial resolution, the DC
process uses a calibration kernel in k-space, and the k-space size
is not changed after the DC process, so the nominal spatial resolution should remain the same. Note that reconstructions using
the DC constraint caused less than 3% RMS error difference in
metabolite concentrations for the avg-1 and avg-2 data sets, except mI. There are bias RMS errors higher than 3% between avg1, avg-2 data sets and avg-8 data sets.
One limit of our method is closely related to the accuracy of
the kernel describing the linear relationship between one kspace data point and the collection of other k-space data points
in its vicinity from other RF channels. It is not surprising that erroneous reconstructions may arise when a noisy data set is used
to estimate the kernel G in Equation [1]. In practice, we used the
data from the NWS scan to estimate the kernel G, because it has
much higher SNR than WS data. However, the SNR of data without using the DC constraint did not show a strong difference between the peripheral and central regions (Table 1). There is no
evidence that higher SNR gain using the DC constraint in the peripheral region than in the central region is related to the estimation of kernel G.
Another limitation of our method is related to the source of
noise. The noise observed in MR originates from two main
sources: the dielectric imaged object (brain) and the receiver coil
element. Because noise from a different receiver coil would exhibit inconsistent behavior, the coil noise can be reduced by
the DC algorithm. However, the noise from the brain would show
a consistent pattern for neighboring coil elements. Body noise
cannot be suppressed by the DC algorithm. Given that with the
spatial resolution (mm–cm) at 3 T the MR noise is likely dominated by the body noise, the DC algorithm could perhaps
achieve rather limited improvements. This may be the reason
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that ﬂuctuating patterns shown in the ‘noise’ spectra, which supposedly contain only noise, only showed limited change even after DC processing (Fig. 2).
Our framework used the Tikhonov regularization framework to
reconstruct images. This work has been studied extensively in
pMRI (16,18,35). The proposed reconstruction algorithm can also
incorporate an image sparsity feature in order to further suppress noise. This is closely related to the compressed sensing
MRI (28). We expect that as the cost function in Equation [2] further incorporates the L-1 norm of a ‘sparse’ image (via, e.g., spatial differentiation or wavelet transformation), the noise in the
reconstructed image may be further reduced. This will be the
topic of our subsequent studies.
In conclusion, our experimental results suggest that the carefully optimized combination of MRSI data from a coil array can
save around 70% of scanning time to obtain a similar image
and spectra SNR using λ = 5. The conclusion is drawn in the consideration of performance of spectral quality from CRLBs, CVs
and RMS errors. In this study, we only demonstrated that the
DC constraint can be used to suppress noise in multichannel
MRSI. We expect that the DC process can also work in other experiments suffering from low SNR, such as functional brain imaging, perfusion imaging and low-ﬁeld MRI (31).
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