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ARTICLE INFO ABSTRACT

Keywords: Phosphorus MR spectroscopy and spectroscopic imaging (**P-MRS/MRSI) provide information about energy
31P-MRSI metabolism, membrane degradation and pH in vivo. In spite of their proven utility, *'P-MRS/MRSI are not often
Compressed sensing used primarily because of the challenges imposed by the low sensitivity and low concentration of metabolites
Ez‘il cank leading to low signal to noise ratio (SNR), coarse spatial resolution and prolonged acquisition time. More re-

cently there has been considerable interest in compressed sensing as an acceleration method for MR signal
acquisition. This approach takes advantage of the intrinsic sparsity of the spectral data. In this work, we present
a 3!P-MRSI sequence that combines a flyback EPSI trajectory and compressed sensing, and we compared two
different reconstruction methods, L1 norm minimization and low rank Hankel matrix completion. Our phantom
results showed good preservation of spectral quality for both x 2.0 and X 3.0 acceleration factors, using both CS
reconstruction methods. However, in vivo >'P-MRS brain data showed the low rank reconstruction approach was
most suitable. Overall, this study shows the feasibility of combining a flyback EPSI trajectory and compressed
sensing in the acquisition of >'P-MRSI as well as the better suitability of a low rank reconstruction approach.

Hankel matrix

1. Introduction

Phosphorus MR spectroscopy and spectroscopic imaging (*'P-MRS/
MRSI) provide information about energy metabolism, membrane de-
gradation and pH in vivo. These methods have been applied in the
study of both healthy and disease conditions in different types of tissue
such as skeletal muscle and brain [1-5]. In spite of their proven utility,
31p.MRS/MRSI are not often used due to a number of challenges.
Specifically, low intrinsic signal to noise ratio (SNR) represents a major
limitation as it leads to coarse spatial resolution and very long acqui-
sition times. In addition, relatively short T2 relaxation times of some
phosphorus metabolites (i.e. T25tp = 50 ms at 3T) make pulse-acquire
sequences preferable.

In order to reduce acquisition time while preserving sufficient SNR
for spectral analysis, different acceleration methods common in MRI
have been translated to 3!P-MRSI. Methods such as echo planar spec-
troscopic imaging (EPSI) [6,7], spiral trajectories [8] and variations of
compressed sensing (CS) [9,10] have shown promising results in order
to acquire spectra of sufficient quality. More recently, compressed

sensing has grown in popularity as an acceleration method for acqui-
sition of MR signals. The basic framework behind it states that it is
possible to accurately recover signals from a subset of samples as long
as three main criteria are met [11]: (1) The data have a sparse re-
presentation in a transformed domain; (2) the aliasing generated due to
the sub-sampling scheme is incoherent and (3) a non-linear re-
construction method is to be used in order to enforce consistency with
the measurements and sparsity of the data.

The main task in MR spectroscopy is to find a spectrum x from a
measured free induction decay (FID) signal y by solving Sx = y, where
S is the inverse Fourier transform operator. When non-uniform sub-
sampling is employed, the problem becomes undetermined and can be
expressed as J,x = §, where ¥ is the vector of acquired points filled
with zeros at the locations where the signal is not sampled and S, is the
undersampled inverse Fourier transform operator. From the different
solutions to this problem, the compressed sensing framework seeks to
find the sparsest, which is found through L; norm minimization as

argmin |IxIl; subjectto |Tx-y I, < € D
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where € controls the fidelity of the reconstruction to the measured data.

In the original work of compressed sensing applied to MR images,
Lustig et al. proposed a non-linear conjugate gradient algorithm to solve
the task [11]. Soon after, the method was extended to applications of
hyperpolarized '>C-MRSI experiments as its intrinsic sparsity makes it a
natural candidate for CS [12]. Furthermore, the work by Hu et al. es-
tablished the basis for the development of very fast imaging methods
capable of tracking cellular metabolism [13-16].

Development of reconstruction methods for non-uniform sampled
signals has also been a focus of research in NMR. A recent comparison
[17] points to the strengths and weaknesses of the most common
methods used in the field. From this work, the low-rank Hankel matrix
completion algorithm [18] is postulated as one of the most robust op-
tions to accurately recover the subsampled signals. Briefly, this method
exploits the sparsity of a NMR signal from the perspective of finding the
solution with the fewest number of spectral peaks rather than finding
the spectrum with fewest non-zero values. Thus, the method is less
sensitive to fail when reconstructing broad spectral peak signals. It
converges on a solution by minimizing the nuclear norm of a Hankel
matrix made up of the FID signal.

Under the compressed sensing framework, the purpose of this study
was to analyze and compare the performance of two different re-
construction methods, applied to >'P-MRSI data. The first method was
the “traditional” compressed sensing (CS) reconstruction first proposed
by Lustig et al. [11] and the second, the low rank Hankel matrix
completion (LR) recently presented by Qu et al. [18].

1.1. Theory

The CS reconstruction problem based on non-uniform sampling
showed in Eq. (1) assumes that the spectrum x is the sparsest solution
that matches the measurements y. In the early work of compressed
sensing applied to MRI signals [11-13], sparsity was promoted through
the use of a Wavelet transformation and a total variation parameter (\),
thus the unconstrained problem in a Lagrangian form can be written as
[11]:
min ligxlh + 1%,x — i )
where v is the Wavelet transform operator and A is the trade-off be-
tween sparsity and data consistency. Here, the L1 norm penalizes many
of the small coefficients more than the fewer large coefficients and the
parameter A can be chosen solving the Eq. (2) for different values and
choosing A so that ||Fux-y||2 = &.

The above problem is solved using a nonlinear conjugate gradient
descent algorithm with backtracking line search. Details of such algo-
rithm can be found in the Appendix 1 of reference [11].

Another approach to a sparse solution for the problem in Eq. (1) was
introduced by Qu et al. [18]. Here, the sparse solution is the one con-
taining the fewest spectral signals rather than non-zero values (as in the
above approach). Thus, a spectrum consisting of one, possibly broad,
spectral peak is considered strictly sparse. A way to quantify the
amount of peaks in a spectrum is to compute the nuclear norm of a
Hankel matrix made of the FID signal. A Hankel matrix has the fol-
lowing form:

Y Yy Vs Yo
V2 V3 Vs © Yo+
H(y) =Ry = : Do
Y@ Y—0+1 Y—Q+2 7 I
Yn*Q+1 yn—Q+2 yn—Q+3 A 3

where y; is the i-th measurement point of the fully sampled FID. The
nuclear norm of a matrix is the sum of its singular values and it is
denoted as |[|...]|,. Thus, the reconstruction problem can be formulated
as:
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Here, y is the FID to be estimated, the operator R arranges y into a
Hankel matrix, y is the vector of measured samples, U is an under-
sampling operator and A is a data consistency parameter. The number Q
should be chosen so that it is bigger than the number of peaks in the
signal. The solution to Eq. (4) is found using an alternating direction
minimization method (ADMM). Details of the algorithm are found in
the supporting information of reference [18]. It is worth mentioning
that this method performs the reconstruction in the time domain, thus
the output signal is an FID and the resultant spectrum is calculated as

x=S"ly.

2. Material and methods
2.1. MR system and pulse sequence

All experiments were performed using a 60 cm bore 3T GE MR750
(GE Healthcare, Milwaukee, WI) scanner (50 mT/m amplitude and
200 T/m/s slew rate gradient system). The pulse sequence developed
for this study was built on a recently presented flyback EPSI sequence
“fidepsi” written in the EPIC programming language (version DV25.R1,
GE Healthcare, Milwaukee, WI), due to its flexibility to design the echo
planar trajectory [6]. Non-uniform undersampling was achieved by the
inclusion of pseudo randomly distributed blips in the G, dimension
during the flyback readout to allow sampling multiple kpk, lines during
the same phase encoding step. The pulse duration of the blips was set to
be equal to, or slightly less than, the rewinder segment of the EPSI
waveform (0.2 84 ms), whereas the amplitude was determined by the
pulse sequence to achieve a blip area equal to, or a multiple of, the
phase encoding increment. Four different subsampling schemes were
implemented in order to achieve acceleration factors ranging from 2 X
to 4 X, using different densities for k-space coverage. Fig. 1 shows the
pulse sequence diagram and subsampling schemes. The flyback EPSI
trajectory was designed to achieve 2.75 X 2.75 cm? resolution over an
22 x 22 cm? field of view (i.e. 8 X 8 voxels), with a spectral bandwidth
of 1428 Hz and 512 spectral points (dwell time = 0.7 ms, EPSI flat-top
duration = 0.4 ms). Thus, the compressed sensing implementation
herein presented further accelerates the already fast EPSI trajectory. Of
note, when compared to a fully sampled standard fidCSI, the overall
acceleration factors for our “fidepsiCS” approach are x16, X 24 and
% 32. These values are calculated from the number of excitations per
average required to sample an 8 X 8 voxels grid, the fully sampled
fidCSI requires 64 excitations whereas the fidepsiCS variants require 4,
3 and 2 excitations for the xX16, x24 and X 32 acceleration factors
(Table 1). However, as the fully sampled case is the EPSI trajectory, we
refer to the CS acceleration factors as x 2.0 (two fold acceleration,
uniform sampling density), x2.0w (two fold acceleration, sampling
density weighted at the center of k-space), X 2.7 (three fold accelera-
tion, sampling density weighted at the center of k-space) and x 4.0 (four
fold acceleration, uniform sampling density). Further details on the
undersampling scheme are mentioned in the caption of Fig. 1.

2.2. Phantom data acquisition

Data collection was performed using an in house designed/built
24 cm diameter quadrature birdcage coil tuned to 51.720 MHz. The
pulse sequence was characterized using a custom-built spherical
phantom (volume = 1L, pH = 6.7) containing 25mmol/L and
10 mmol/L concentrations of sodium phosphate (P1) and phospho-
creatine disodium salt (P2) respectively in order to mimic in vivo dif-
ferences in chemical shift and amplitude. Acquisitions for character-
ization consisted on collecting six 2D-MRSI datasets using (a) phase
encoded MRSI (fidCSI), (b) flyback-EPSI (fidEPSI) and (c) each of the
four variation of flyback EPSI combined with compressed sensing
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Fig. 1. Pulse sequence diagram (a) and undersampling schedules (b—e). (b) Two fold acceleration with uniform sampling density (x 2.0), one excitation to acquire
every two phase encoding steps. (c) Two fold acceleration with sampling density weighted at the center of k-space ( X 2.0 w), first excitation samples first three phase
encode steps, second and third fully sample the two central lines and the fourth acquires the later three lines. (d) Three fold acceleration with sampling density
weighted at the center of k-space ( x 2.7), first excitation acquires the first three lines whereas the second and third sample the two central and three remaining lines
respectively. (e) Four fold acceleration with uniform sampling (x 4.0), first excitation acquires first four lines and the second samples the remaining four. White

spaces indicate location of samples, black are absence.

Table 1

Features of each pulse sequence variation. Acq. time: acquisition time. Ex/Avg:
number of excitations per average. Acquisition times were calculated by mul-
tiplying the number of excitations per average times the number of averages
times the repetition time.

Sequence Averages Acq. time [min] Ex/Avg
fidCSI 1 3.2 64
fidEPSI 8 3.2 8
fidepsiCS x 2.0 8 1.6 4
fidepsiCS x 2.0 w 8 1.6 4
fidepsiCS x 2.7 8 1.2 3
fidepsiCS X 4.0 8 0.8 2

(fidepsiCS x 2.0, x2.0w, x2.7 and x4.0). Radiofrequency excitation
was applied using a 1.8 ms asymmetric partially self-refocused sinc
pulse, with one side lobe before the main lobe (bandwidth = 2289 Hz).
Parameters were matched for all sequences: TR = 3000ms; flip
angle = 50°; FOV = 22 x 22cm? matrix size = 8 X 8; slice thick-
ness = 4cm; spectral bandwidth = 1420 Hz; spectral points = 512.
Four “dummy” scans were used in all acquisitions to allow the system to
reach steady state.

2.3. Brain data acquisition

To test the performance of the algorithms using 3'P in vivo data, a
single fully sampled spectrum was acquired from the parietal lobe of 5
healthy volunteers (24 * 6years of age) using a 12.7 cm diameter
surface coil (51.705MHz) matched for brain, a single volume pulse-
acquire sequence, squared excitation pulse (0.5ms, 60° flip angle),
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2000 Hz spectral bandwidth, 512 points, 128 averages. The collected
FIDs were retrospectively under-sampled (pseudo-randomly selected
samples) using 256 (% 2.0), 170 (% 3.0) and 128 (x 4.0) data points to
match the acceleration factors of the fidepsiCS sequence, then spectra
were reconstructed using 1D implementations of the CS and LR algo-
rithms [17]. The 1D implementation of the CS algorithm corresponds to
solving the problem of L1 norm minimization by a soft thresholding
conjugate gradient search.

2.4. Data processing and compressed sensing algorithms

All data processing and reconstruction was performed using
MATLAB R2015b (The Mathworks, Natick, MA, USA). First, data was
re-shaped from the raw blipped acquisition to a raw fidepsi format, zero
filling the missing sampling points according to the sub-sampling
schedule, and then reordered to a 3D matrix of k-space data with di-
mensions krk,-k,, used as the input for both reconstruction methods.

The CS reconstruction was performed as follows: (1) data was in-
verse Fourier transformed in the fully sampled dimension (k,) to con-
vert the problem to multiple 2D reconstructions, then (2) missing k,-k¢
points were filled using the non-linear conjugate gradient algorithm
adapted from the sparseMRI toolbox [11]; (3) the forward Fourier
transform was applied in the k, dimension; and finally (4) data was 3D
Fourier transformed. The sparsifying transformation was a 1D length 4
Daubechies Wavelet transform in the spectral dimension, meaning that
sparsity of the spectral peaks was presumed and the algorithm tried to
minimize the L1 norm of a Wavelet transform of the spectral data. Also,
a total variation TV weight was included to promote sparsity of finite
differences. The TV and transform weights, as commonly done [11-14],
were empirically chosen as 0.015 and 0.005 respectively.
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fidCSI fidEPSI Fig. 2. Example of the acquisition matrix on the re-
ference image and 3 X 3 voxels region of interest
‘ with their corresponding spectra using fidCSI, fully
sampled flyback EPSI (fidEPSI) and flyback EPSI
J l combined with compressed sensing (fidepsiCS),
: : LR x2.0 using each of the acceleration factors reconstructed

_— i [ J " LA 5 ‘ A 1. | L " I

with both CS and LR algorithms.
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Fig. 3. Sample spectra from the phantom experiments. Each spectrum was taken from the same spatial position (highlighted in green on the spatial reference) to
visually compare reconstruction quality. Data is preserved for the x2.0 and X 2.7 acceleration factors, however the LR algorithm shows fewer artifacts when
compared to the CS. (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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Fig. 4. Box plots for metabolite ratio (a), amplitudes (b,c) and linewidths (d,e) comparing fidCSI, fidEPSI and each of the acceleration factors reconstructed using

compressed sensing (CS) and low rank (LR) algorithms. P1: Signal peak from sodium phosphate. P2: Signal peak from phosphocreatine disodium salt. Signal
amplitudes are measured in arbitrary units [a.u.]. The truth metabolite ratio in the phantom was 2.31.

Table 2

Metabolite ratios and mean root squared error for the reconstruction of the retrospectively undersampled in vivo data (mean + SD for 5 volunteers, 24 + 6 years of
age). SNR for the acquisitions was 25.3 = 8.2. FS: fully sampled fidEPSI. LR: Low rank reconstruction. CS: compressed sensing reconstruction (soft thresholding).
Two fold acceleration ( x 2.0); three fold acceleration (x 3.0); four fold acceleration (X 4.0). NRMSE: Normalized root mean squared error.

PCr/PME PCr/Pi PCr/PDE PCr/yATP PCr/aATP PCr/BATP NRMSE %

FS 1.68 = 0.31 4.94 + 1.66 0.56 = 0.10 0.98 = 0.21 1.29 = 0.25 1.41 = 0.28 0x0

LR X 2.0 1.75 = 0.41 4.37 + 1.38 0.60 = 0.13 0.86 = 0.20 1.32 = 0.29 1.56 = 0.39 0.99 + 0.27
IR X 3.0 1.50 = 0.21 4.44 = 2,14 0.52 = 0.10 0.94 = 0.23 1.48 *+ 0.36 1.49 = 0.34 1.72 = 0.39
IR X 4.0 2.31 = 0.82 2,92 = 1.90 0.47 = 0.09 0.67 = 0.38 1.83 = 0.40 1.79 = 0.39 2.73 = 0.24
CS x 2.0 0.31 = 0.30 0.41 + 0.33 0.81 = 0.82 0.75 = 0.16 0.70 = 0.73 0.23 = 0.18 12.13 = 0.70
CS x 3.0 0.13 = 0.1 0.12 = 0.1 0.33 = 0.31 0.25 = 0.18 0.62 + 0.46 0.06 + 0.03 12.17 + 0.69
CS X 4.0 0.94 + 0.92 1.34 = 1.46 1.59 = 1.33 6.14 = 5.09 0.53 = 0.37 0.21 = 0.19 11.9 *= 0.66
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Low Rank

Fig. 5. Comparison of performance between the reconstruction methods. Example of fully sampled brain spectrum with anatomic reference (Top row). CS (left) and
LR (right) reconstructions and corresponding residual error for three undersampling schemes. Acc x 2.0: using 256 out of 512 points. Acc X 3.0: using 170 out of 512
points. Acc x 4.0: using 128 out of 512 points. Note that plotted spectra and residual error have the same y-axis scale.

For the LR reconstruction, the 3D matrix of k-space data was (1)
reordered as a series of column vectors containing the measured sam-
ples from the FID curves of each k,-k plane sequentially; (2) each vector
was used to build a Hankel matrix, feeding into an alternating direction
minimization method; (3) reconstructed FIDs were reshaped back into a
ky-k,-ks array of data that was (4) inverse Fourier transformed in the
spatial domain and subsequently Fourier transformed in the spectral
dimensions respectively to achieve the 2D MRSI dataset. The data
agreement parameter (A\) and reconstruction tolerance threshold (tol)
values were empirically determined as 800 and 0.00005 respectively.

To compare performance of the methods, in the phantom experi-
ments we selected a region of interest at the center containing 3 X 3
voxels and measured amplitudes and linewidths from the metabolites.
Also, to compare metabolite ratios, we performed statistical analysis
using a Kruskal-Wallis test with multiple comparisons. For the in vivo
data, we measured metabolite ratios and root mean squared error
(RMSE) of the original and reconstructed FID signals. Statistical ana-
lysis was also performed to compare metabolite ratios, using ANOVA
and Kurskal-Wallis tests. All data fitting was performed using the
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AMARES implementation in the OXSA toolbox [19]. All statistical
analysis was performed using the R software (https://www.r-project.
org).

3. Results

Spatial coverage of the data corresponded well between all acqui-
sitions. Fig. 2 shows an example of the 3 x 3 voxel region, near the
center of our phantom, and a comparison of spectra acquired using
fidCSI, fidEPSI and fidepsiCS with all the acceleration factors for both
CS and LR reconstructions. Fig. 3 depicts a single spectrum taken from
the same spatial location for each of the sequences tested. The best
reconstructions happened for the X 2.0 w variants, as expected due to
the fully sampled central k-space lines. It is also possible to observe the
degradation in spectral quality with higher acceleration factors. To
note, the spectra reconstructed with the CS algorithm presents more
artifacts when compared to LR.

Results for fitted phantom spectral peak amplitudes and linewidths
are shown in Fig. 4. Overall, there was an increase in the P1/P2 ratio for
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Fig. 6. Box plots for metabolite ratios measured from the brain data after reconstruction using the two methods and all the acceleration factors. CS: compressed

sensing. LR: low rank.

higher acceleration factors for both methods, however this over-
estimation is more accentuated for the CS reconstruction. The statistical
analysis showed differences only when comparing the metabolite ratios
of fidCSI with CS X 2.0, CS X 4.0 and LR X 4.0, as well as when
comparing fidEPSI with CS x 4.0 and LR X 4.0. As expected, best re-
constructions occurred for the variants with a higher sampling weight
in the center of k-space (i.e. Xx2.0w and X 2.7). When analyzing me-
tabolite amplitudes independently, CS reconstructions show a higher
overestimation of P1 values compared to LR. On the other hand, for the
smaller metabolite (P2), CS reconstructions showed a higher attenua-
tion of the signal, specially depicted in the CS x 2.0 and CS X 4.0.
Linewidth values were comparable for all implementations; however,
there was a stronger presence of “outliers” for the CS reconstructions.

From in vivo brain acquisition, it is clear that the CS algorithm
failed to reconstruct the data. On the other hand, the LR algorithm was
capable of achieving reasonable reconstructions, however we observed
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increasing degradation of spectral quality with higher acceleration
factor. Table 2 displays metabolite ratios and root mean squared error
(RMSE) for reconstructed spectra. Fig. 5 shows an example of a fully
sampled spectrum and the reconstructions for both algorithms with all
acceleration factors, as well as the corresponding magnitude error.
Based on such residual error, this figure clearly demonstrates two
things; first, the CS algorithm is not suitable for reconstruction of 'P-
MRS brain data. And second, there is signal degradation with the higher
acceleration for the LR method, especially for the smaller metabolite
peaks such as Pi, PDE and B-ATP. Additionally, Fig. 6 shows box plots
comparing metabolite ratios for the in vivo data. It is evident that the
low rank algorithm outperforms the compressed sensing counterpart in
the reconstruction of this type of sub-sampled data. The statistical
analysis did not show differences when comparing fully sampled with
any of the acceleration factors for both methods, however the plots
show that results using LR are very similar to the fully sampled version.
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4. Discussion

Compressed sensing is becoming a fundamental tool to accelerate
acquisition of MR signals. In this work we have compared the perfor-
mance of two reconstruction algorithms that consider different ap-
proaches to the sparse solution, applied to the acquisition of >'P-MRSI
data. The first one was the “traditional” compressed sensing re-
construction first proposed by Lustig et al. [11] which seeks the sparse
solution as the signal in the frequency domain with the least amount of
non-zero values. On the other hand, the low rank Hankel matrix com-
pletion approach presented by Qu et al. [18] exploits the sparsity of the
NMR signal seeking a solution with the least amount of spectral peaks.
From our comparison in the phantom data, the LR algorithm performed
better than CS as depicted by the reduced amount of visible artifacts
shown in the spectra of Figs. 2 and 3. Additionally, the plots shown in
Fig. 4 suggest that although there is signal degradation affecting me-
tabolite ratios for both methods, the CS reconstruction shows the
highest deterioration, and the fitted values for LR remain comparable to
fully sampled fidEPSI up to the X 2.7 acceleration. Of note, the pulse
sequence herein presented further accelerates the acquisition compared
to simply the EPSI readout. Thus when comparing to fidCSI, the ac-
celeration factors become x 16, X 24 and x 32 as shown by the number
of excitations needed per slice of data (i.e. fidCSI requires 64 excitations
for one slice of data whereas the fastest fidepsiCS requires only two).

CS reconstruction was very successful when expanded to hyperpo-
larized '3C experiments as shown in [12-14]. The main reason for this
was the very high SNR of the signal, relatively narrow peak linewidths
and reduced number of metabolites. In our work, we extrapolated these
methods for the acquisition of *'P MRSI signals where there is an in-
trinsic low SNR as well as presence of five or more metabolites, all with
different amplitudes and linewidths. Thus, based on such differences,
especially the broad peaks of some 3'P metabolites such as ATP, it was
reasonable to suggest that the LR method would perform better, as it
approaches the sparsity of the NMR signal seeking for the solution with
the least number of spectral peaks, rather than the spectrum with fewer
non-zero values. Furthermore, from the same group, Cao et al. pre-
sented an improved approach where low rank reconstruction was used
[15].

Our results from the phantom experiments suggest a low to mod-
erate superiority of the LR algorithm. To further demonstrate this, re-
sults from in vivo brain data showed clear dominance of the low rank
approach. Such difference in performance between experiments was
due to the fact that the spectrum from the phantom can be considered
very sparse as it only contained two metabolites with relatively narrow
linewidth, hence the small difference in results. On the other hand, the
in vivo spectrum is clearly not sparse in the frequency domain.
However, it has a relatively low number of signal components in the
time domain, hence it is better suitable for the LR approach.
Nonetheless, results showed in Table 2, Figs. 5 and 6 suggest the re-
construction performs well up to a three fold acceleration, consistent
with the phantom data as the metabolite ratios were preserved up to the
X 2.7 acceleration factor. A limitation for the in vivo experiments is the
low sample size, which reduces power of the statistical analysis. How-
ever, the plots from Fig. 6 reinforce our results suggesting superiority of
the LR approach for this type of data.

When designing the undersampling pattern, from the CS literature
we know that the reconstruction will perform better when more sam-
ples are acquired at the center of k-space [11,14]. Our phantom results
are consistent with this, however for the 1D case when retrospective
undersampling was used, we found that there was a considerable var-
iation in the reconstruction error and thus quality of spectra was highly
dependent on the selected samples (data not shown). The NMR litera-
ture has suggested that a noticeable sensitivity enhancement is ob-
served when matching the sampling density with the envelope of the
signal [20], however that might compromise the overall quality of the
results as there is a tradeoff between the sampling density and

95

Magnetic Resonance Imaging 59 (2019) 88-96

incoherence of the aliasing generated. This issue is not within the scope
of this study and needs further investigation.

In the present work we targeted the feasibility of this pulse sequence
in the acquisition of 'P spectra from the brain and although our results
show promise, extremely fast brain acquisitions are rarely needed. On
the other hand, 3'P-MRS/MRSI has been widely used in the study of
muscle dynamics where the high temporal resolution is key [1,2].
Furthermore, our sequence was recently used in the evaluation of PCr/
Pi dynamics in skeletal muscle [21]. Another application of accelerated
31p.MRSI would be in the assessment of myocardial metabolites where
speed could be an important benefit.

5. Conclusions

We presented a 3'P-MRSI pulse sequence that combines a flyback
EPSI readout with compressed sensing and compared two different re-
construction algorithms. Our phantom experiments suggested that the
LR reconstruction performs better than the CS method. Additionally in
vivo brain data acquisition showed the LR reconstruction performed
well, when accelerating up to three-fold. Overall, our results suggest
that compressed sensing using low rank reconstruction is feasible to
accelerate the acquisition of 3'P spectroscopic data when relatively low
acceleration factors are required.
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