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Abstract

Purpose—To remove nuisance signals (e.g., water and lipid signals) for 1H MRSI data collected
from the brain with limited and/or sparse (K, t)-space coverage.

Methods—A union-of-subspace model is proposed for removing nuisance signals. The model
exploits the partial separability of both the nuisance signals and the metabolite signal, and
decomposes an MRSI dataset into several sets of generalized voxels that share the same spectral
distributions. This model enables the estimation of the nuisance signals from an MRSI dataset that
has limited and/or sparse (k, t)-space coverage.

Results—The proposed method has been evaluated using in vivo MRSI data. For conventional
CSlI data with limited k-space coverage, the proposed method produced “lipid-free” spectra
without lipid suppression during data acquisition at 130 ms echo time. For sparse (k, t)-space data
acquired with conventional pulses for water and lipid suppression, the proposed method was also
able to remove the remaining water and lipid signals with negligible residuals.

Conclusions—Nuisance signals in *H MRSI data reside in low-dimensional subspaces. This
property can be utilized for estimation and removal of nuisance signals from 1H MRSI data even
when they have limited and/or sparse coverage of (k, t)-space. The proposed method should prove
useful especially for accelerated high-resolution *H MRSI of the brain.

Keywords
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Introduction

In 1H MRSI experiments, especially of the brain, it is necessary to remove the nuisance
signals (e.g., the water and lipid signals) because they are often orders of magnitude stronger
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than the desired metabolite signal. Many methods have been proposed for suppression of the
nuisance signals during data acquisition by exploiting the differences between the nuisance
and metabolite signals in resonance frequency, spatial support, and relaxation parameters.
For example, water suppression can be achieved using chemical shift-selective saturation
(CHESS) pulses (1-5), and lipid signals can be suppressed using long echo-time (TE)
acquisition, outer-volume-suppression (OVS) (6, 7), inversion recovery (8, 9), and selective
excitation of the brain region (10, 11). However, the usefulness of these methods is often
limited by practical conditions (e.g., Bg and B, inhomogeneities).

Alternatively, post-processing methods can be used for removing nuisance signals. In
conventional, fully-sampled chemical shift imaging (CSlI, (12)) acquisitions, linear
predictive methods (e.g., HSVD (13)) are effective for removing the water signal. However,
removing the lipid signal (e.g., from the subcutaneous layer of the brain) is more difficult if
the MRSI data cover only limited k-space, as is often the case in CSI acquisitions, where
resolution is typically sacrificed in order to maintain a short scan time. One approach is to
use prior knowledge of the lipid and metabolite signals, such as the spatial support of the
lipid signal (14-17), the spectral support of the metabolite signal (18, 19), and sparsity (20).
Another approach is to merge low-resolution MRSI data with a high-resolution lipid
estimate (obtained in a short auxiliary scan) (20-24). While a complete removal of the lipid
signal is difficult for limited k-space data, the problem becomes more challenging when (k,
t)-space is sparsely sampled as is the case with recent accelerated MRSI techniques (25-27).

In this work, we address the nuisance signal removal problem using a union-of-subspaces
model. The proposed model exploits the partial separability (PS) properties of both the
nuisance signals and the metabolite signal (28—-30) and decomposes an MRSI dataset into
several sets of generalized voxels that share the same spectral distributions. This model
enables the estimation and removal of the nuisance signals from MRSI data that have
limited and/or sparse (k, t)-space coverage. We demonstrate the effectiveness of the
proposed method using in vivo MRSI data collected from healthy volunteers ona 3.0 T MRI
scanner. We show that the proposed method produced “lipid-free” spectra for a CSI dataset
acquired at 130 ms TE with 16 x 16 spatial encodings and no extra lipid suppression. We
also show that the proposed method removed the remaining water and lipid signals (after
nominal water and lipid suppression) with negligible residuals from a sparse (k, t)-space
dataset that was acquired using an echo-planar spectroscopic imaging (EPSI (31)) sequence.
A preliminary account of this work was presented in (32). The MATLAB codes and data for
generating the results in the paper are made available online at http://mri.beckman.uiuc.edu/
software.html.

In this section, we first introduce the proposed union-of-subspaces model and then describe
a general framework to estimate nuisance signals from measured data using the proposed
model, followed by procedures for removing nuisance signals from 1) limited k-space data,
2) sparse (k, t)-space data, and 3) hybrid data comprising of two datasets that have limited
and sparse (k, t)-space coverage, respectively.
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Union-of-subspaces modeling

We decompose the desired spatial-temporal signal p(x, t) of an MRSI experiment as

Py, P, Py
p(x7t):pl\/[ (X7t)+pL (X’ t)+p\N (X’ t): pjluM,p (X)UM,p (t)+zp:1uL,p (X)UL,p (t)+zp:1uW,p (X)U\N,p (t) [1]

where opm(x, t) represents the desired metabolite signal, o (X, t) the lipid signal, and pw(X, t)
the water signal. The model in Eqg. [1] indicates that oy (X, t) resides in a subspace (denoted

. P, . . .
as Sy) spanned by a set of temporal basis {v,, , (t)},Y; with spatial coefficients

{uy, (%) 5241, oL(x, t) in a subspace (denoted as S| ) spanned by a set of temporal basis
{vm(t)}f;l with spatial coefficients {u, , (x)}fil, and pw(x, t) in a subspace (denoted as
Sw) spanned by a set of temporal basis {v,, , (t)}jff1 with spatial coefficients {u,,, (x)}fﬁ’l.
Therefore, opy(X, 1), pL(X, t) and pw(X, t) reside in the union of Sy, S|_and Sy, and Eq. [1]
is called a union-of-subspaces model. Note that p(X, t) resides in the sum of Sy, S| and Sy,
and is not a union-of-subspaces signal in the strict sense of (33).

Without assuming any prior structure of the subspaces, it very challenging to recover each
signal component from a given dataset that has limited and/or sparse (k, t)-space coverage.
The proposed model provides necessary means to incorporate prior knowledge of the water,
lipid and metabolite signals and thus enables the estimation of the nuisance and metabolite
signals from such data. For the metabolite signal, the resonance frequencies of most
detectable metabolites of the human brain are between 0.5 ~ 4.2 ppm (34), and the spatial
support is the brain region. The lipid signal originates from multiple regions surrounding the
brain, especially the subcutaneous layer of the head; and its spectrum consists of multiple
peaks between 0.9 ~ 5.7 ppm with a main peak at 1.3 ppm (35). These peaks are broad due
to short T, and large magnetic field inhomogeneities near the air/tissue boundary.

The key issue of using the proposed model for removing nuisance signals is to determine the
temporal basis of each subspace and the corresponding spatial coefficients. In the following,
we first describe a general approach to determining the temporal bases and the spatial
coefficients and then discuss specific procedures to remove nuisance signals in conventional
and accelerated MRSI.

Determination of the temporal bases

The use of the union-of-subspaces model in the proposed method first depends on
determining the temporal basis for each subspace in Eq. [1]. Without any additional prior
knowledge, determination of the temporal bases requires (k, t)-space data satisfying both the
temporal and spatial Nyquist criteria. If each signal component can be separated from such
(k, t)-space data, determining the temporal basis for each subspace is straightforward and
has been described in previous works (28). However, there are two practical issues faced by
our proposed method: a) the presence of magnetic field inhomogeneities, and b) estimation
from data with limited k-space coverage.
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In the presence of magnetic field inhomogeneities, the measured (k, t)-space data can be
expressed as

s(k,t)=[p(x,t)e A )te=2rkxgx L o(k 1), [2]

where Af(x) is the frequency shift due to magnetic field inhomogeneity, and £(k, t) is the
measurement noise (often assumed to be white Gaussian). The field inhomogeneity results
in spectral shift and lineshape distortion in the Fourier transform reconstructed MRSI data,
and the union-of-subspaces model in Eq. [1] is a poor approximation of such a
reconstruction. The proposed method uses a separately acquired magnetic field map to
correct for field inhomogeneity using the conjugate phase method (36, 37) prior to
estimating the temporal bases.

Another practical issue is limited k-space coverage. Ideally, the lipid and metabolite signal
can be separated from each other based on their distinct spatial supports; however, the
leakage of the lipid signal due to limited k-space coverage can be significant. To address this
issue, we exploit the prior knowledge of the spectra of the lipid and metabolite signals. More
specifically, to separate the lipid signal, the water signal is first separated from the lipid and
metabolite signals based on its distinct spectral support using the HSVD method. The spatial
mask of the lipid signal (e.g., comprising the subcutaneous fat layer) is then applied, and the
HSVD method is used to extract the lipid signal at each voxel of the masked data based on
its known resonance frequencies and short 73 value. The metabolite signal can be extracted
similarly.

After each signal component is separated, the temporal bases are determined by constructing
the corresponding Casorati matrices followed by singular value decomposition (SVD). For

example, suppose the extracted lipid signal oy (x, t) is defined over a grid {(zm, tn) } o ey,

its Casorati matrix is given by

ﬁL(Xlatl) ﬁL(X17t2) ce ﬁL(Xl,tN)

~ ﬁL (Xz?tl) ﬁL (X27 t2) T ﬁL (Xg,tN)
C(pL): : . . . [31

ﬁL (XM ’ tl) ﬁL (XM ) t2) e :511 (XJ\I)tN)

The temporal basis of the lipid signal is chosen to be the P, most significant right-singular
vectors of C(op).

We determine the model order P by examining the singular values of C(,q:) (denoted as
aLp P=1,2,...). Assuming the measurement noise is i.i.d Gaussian noise and its standard
deviation is known, the Marchenko-Pastur distribution can be used to estimate the singular
values of the Casorati matrix formed by the measurement noise (30, 38). Suppose the largest
singular value of the Casorati matrix of the noise is oy, we choose P so that

Magn Reson Med. Author manuscript; available in PMC 2017 February 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Maetal. Page 5

L.P > UO>O’LJ)L+1' [4]

Determination of the spatial coefficients
After the temporal bases are determined, the remaining problem is to determine the spatial
coefficients ({u,, p(x)}p 1 {uw(x)}j?;land{uw(x)}j,j‘:”1 in Eg. [1]) from the given (k, t)-
space data, which can have limited or sparse (k, t)-space coverage. The spatial coefficients
can be estimated by fitting the given data using the proposed model in Eq. [1], while

incorporating the prior knowledge of the spatial supports of different signals for better
estimation.

More specifically suppose the estimated temporal bases are

{0y, (1) p_l, {o,,(t) leand{vw (t) p—1, the desired signal can be written as

Py P Py
P, 1) =Wy (%)Y uyy, ()03, (6 FWV, () Dy, (x)0, () F W (%) Dy, (X)0y, (1), 18]
p=1 p=1 p=1

where Wy (x), W_(x), and Wyy(X) represent the spatial supports of the metabolite, lipid and
water signals, respectively.

Discretizing Eq. [5] and substituting to the signal equation Eq. [2], yields the following
optimization problem to determine the spatial coefficients (25, 32):

ﬂ:argn%an - QF, {WU\A/'}HE—H\R(U, V), 6]

where the first term describes data consistency, the second term is a regularization penalty
with parameter ), s is a vector containing the (k, t)-space data, Q is the corresponding
sampling operator, Fg is a discrete Fourier transform operator including the field
inhomogeneity induced phase term as in Eq. [2], W = diag{Ww, W, W} is a weighting
matrlx U = [Uy, UL, Upm] contains the spatial coefficients to be determined, and V = [VW,
V|_, VM]H contains the temporal bases estimated in the previous step. The regularization
term R(U, V) can be used to incorporate prior information about the nuisance and metabolite
signals (e.g., edge information (39) and sparsity (20)). In this paper, we focus on describing

the general framework of the proposed union-of-subspaces method and let R(U, V):HUHi
to penalize noisy reconstructions. We formulated the optimization problem in Eq. [6] to
include a weighting matrix W for incorporating the known spatial supports of the different
signal components. For example, W|_is written as

1, x,,within lipid region
'W — ) m b
L (mm) { d, otherwise,
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where §is a small regularization constant, which is used to reduce noise artifacts (16) and
improve the condition number of the optimization problem in Eq. [6].

The resulting optimization in Eq. [6] is a least-squares problem with a 4-norm penalty,
which can be efficiently solved using a conjugate gradient algorithm. The regularization
parameter A was chosen based on the discrepancy principle (40).

Case 1: Nuisance signal removal from limited k-space data

In conventional MRSI experiments using either a CSI or EPSI sequence, (k, t)-space is often
sampled at the Nyquist rate but with limited coverage. Assuming the water signal is
effectively removed (e.g., using the HSVD method), the procedure for lipid signal removal
is as follows:

1. Determine the temporal bases of the lipid and metabolite signals using the water-
removed (k, t)-space data, following field inhomogeneity correction and separation
of signals.

2. Determine the spatial coefficients of the lipid and metabolite signals by fitting the
same data using Eq. [6]. The sampling operator 2 in Eq. [6] is a truncation operator
and spatial supports of the lipid and metabolite signal are used. These supports can
be derived from high-resolution anatomical or water/fat images (41).

3. Subtract the lipid signals from the water-removed data by truncating the estimated
lipid signal in (k, t)-space.

Case 2: Nuisance signal removal from sparse (k, t)-space data

In accelerated MRSI experiments aimed at high spatial resolution, (k, t)-space is sparsely
sampled (25-27), and removal of nuisance signals requires additional calibration data
sampled at the Nyquist rate. The calibration data only need to cover limited (k, t)-space and
can be acquired in an auxiliary scan (e.g., using a low-resolution CSI sequence). The water
and lipid signal can be removed from the sparse (k, t)-space data as follows:

1. Determine the temporal bases of the water, lipid and metabolite signals using the
calibration data.

2. Determine the spatial coefficients of the water, lipid and metabolite signals by
fitting the sparse (k, t)-space data using Eq. [6].

3. Subtract the water and lipid signals from the sparse (Kk, t)-space data by sampling
the estimated water and lipid signals in (k, t)-space using €2 in Eq. [6].

Case 3: Nuisance signal removal from hybrid (k, t)-space data

In this scenario, two datasets that have different (k, t)-space coverage are acquired: one has
limited k-space coverage as in Case 1 and the other has sparse (k, t)-space coverage as in
Case 2, and the nuisance signals need to be removed from both datasets. For consistency, the
dataset with limited k-space coverage is still referred to as calibration data.

Magn Reson Med. Author manuscript; available in PMC 2017 February 01.
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One example that uses such a data acquisition scheme is the recently proposed SPICE
method (spectroscopic imaging by exploiting spatiospectral correlation) (25), which exploits
the PS properties of the metabolite signal to achieve accelerated high-resolution MRSI. The
dominant water and lipid signals need to be removed from the hybrid data prior to SPICE
reconstruction (25). Another example is the dual-density method for lipid signal removal
(20-24), where a high-resolution spectroscopic dataset is acquired to help remove lipid
signals from low-resolution CSI data.

The lipid signal can be removed from the sparse (k, t)-space data using the procedure
described in the previous section. Ideally, the high-resolution lipid signal estimated from the
sparse (k, t)-space data can be directly used to remove the lipid signal from the calibration
data. In practice, however, such an approach will be sensitive to the magnitude and phase
discrepancies between the calibration data and the sparse (K, t)-space data, especially when
these two datasets are acquired using different sequences. To address this issue, we propose
to model the discrepancy between these two datasets as a spatially smooth function using the
general-series (GS) model (42, 43).

Here, we decompose the desired signal for the calibration data (after water removal) as

R Peaiiv _jork. . P, .
pcalib(x’t):/)L,calib(X’t)+pM,cahb(X7t):‘pL(X’t”Zp:llbe 2k X’UGS,p(t)_FI/T"M(X)prluM,p(x)’UM,p(t)’ [8]

where the first term is a GS model representation of the lipid signal, pLA(x, t) represents the
high-resolution lipid signal estimated from the sparse (k, t)-space data, vgs p(t) is the GS
model coefficient to be determined, k, are the k-space coordinates of the calibration data,
and Pgip is the number of encodings of the calibration data. In the GS model, the

] . Pealiv  _jork. .x . .
modulation function Zp:l € " Vss () is used to represent the discrepancy between

the sparse data and the calibration data. Note that we let the reference image of the GS
model be |p,_(x, t)] and let the GS coefficients absorb the temporal phase variations of
AL calib(X, t), since the GS model is more stable with a real reference image in practice (42).

Given pLA(x, t) and the temporal basis of the metabolite signal v,\],p(t), the GS coefficients
and the spatial basis of the metabolite signal can be determined by fitting the calibration data
using the proposed model in Eq. [8]:

N N ) . R N 2 N .
[Vas, Uyl=arg ml{lj [[Scatib — QFB{WMUMVM_F|pL| © (UGSVGS)}||2+P‘R1(UGS’VGS)+)\R2(UM’ Vi) [9]

GS’—M

where Scqip represents the water removed calibration data, ‘=’ the entry-wise matrix product,
and Ugg a matrix discretizing e 127KpX over a given grid. As in Eq. [6], although more
advanced regularization scheme can be used, we let

GS?
optimization problem in Eq. [9] is solved by updating Vgs and Uy, alternatively. The
regularization parameters A and p were chosen based on the discrepancy principle (40).

Ry (Ugg, Vig)=[Ve |2 andRy(U,,, V,,)=[|U,, |2 to penalize noisy reconstruction. The
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Methods

In vivo experiment

In vivo experiments were conducted on a 3T Siemens Trio scanner (Siemens Healthcare)
equipped with a 12-channel receiver headcoil. Two-dimensional proton MRSI data of the
brain were acquired from two healthy volunteers following approval of the study by local
Institutional Review Board.

Experiment I: CSI scan with water and lipid suppression—A point-resolved
spectroscopy (PRESS) sequence (44) was used to acquire a CSI dataset with water and lipid
suppression. Water suppression was done by using WET pulses (water suppression
enhanced through T effects, (2)). Lipid suppression was done by using a 160 x 160 mm?
excitation region that covered most part of brain in the chosen slice and by using eight OVS
bands to suppress the subcutaneous lipid surrounding the brain. The positions of the
excitation volume and OVS bands are shown in Fig. 1a. The imaging parameters of the CSI
scan were: 220 x 220 mm?2 FOV, 10 mm slice thickness, TR/TE = 1600/130 ms, 16 x 16
spatial encodings, and 2000 Hz readout bandwidth. The data acquisition time of the CSI
scan was 6.8 min. GRE data were acquired to estimate the field map and derive the support
regions of the subcutaneous lipids and the brain (as shown in Fig. 1b and 1c). The imaging
parameters of the GRE scan were: 220 x 220 mm? FOV, 10 mm slice thickness,
TR/TEL/TE2 = 700/9.8/12.3 ms, 128 x 128 spatial encodings, and 3 min acquisition time.

Experiment II: Hybrid CSI/EPSI scan with only water suppression—A hybrid
CSI/EPSI dataset was acquired with only water suppression from the same subject
immediately after Experiment I. The excitation region of the CSI scan was 200 x 200 mm?;
no OVS bands were used for lipid suppression. The other imaging parameters of the CSI
scan were the same as in Experiment I. A PRESS-EPSI sequence was used to acquire high-
resolution spectroscopic data to help remove the strong lipid signal leakage in the CSI data.
The EPSI scan had the same water suppression, FOV, excitation volume and TR/TE as the
CSl scan. The rest of imaging parameters of the EPSI data were: 80 x 80 spatial encodings,
100kHz readout bandwidth, bipolar readout, number of echoes = 120, echo space = 1.03 ms.
The data acquisition time of the EPSI scan was 2.1 min.

Experiment Ill: SPICE with water and lipid suppression—Another hybrid CSI/
EPSI dataset was collected to reconstruct high-resolution spectroscopic data using the
SPICE method (25) and to demonstrate nuisance signal removal in acquisitions with sparse
sampling of (k, t)-space. The imaging parameters of the CSI data were: 240 x 240 mm?
FOV, 160 x 150 mm? excitation region, 10mm slice thickness, TR/TE = 1600/130 ms, 12 x
12 spatial encodings, 2000 Hz readout bandwidth, WET pulses for water suppression and
eight OVS bands for lipid suppression. The data acquisition time of the CSI scan was 3.8
min. The EPSI data were collected with the same water and lipid suppression setup, FOV,
excitation volume and TR/TE as the CSI data, as well as the following parameters: 80 x 80
spatial encodings (3 mm in-plane resolution), 100 kHz readout bandwidth, bipolar readout,
number of echoes = 120, echo space = 1.03 ms, 12 averages. The data acquisition time of
the EPSI scan was 26.4 min. The GRE sequence in Experiment | was used to acquire a field
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map. Two spin-echo (SE) images were acquired with 1200/30 ms and 1200/130 ms TR/TE,
respectively, to obtain high-resolution structural information for SPICE. The other imaging
parameters of the two SE images were: 240 x 240 mm?2 FOV, 128 x 128 spatial encodings,
and 2.6 min data acquisition.

Data processing

Prior to nuisance signal removal, two processing steps are needed to correct for eddy-
currents and data misalignment.

Eddy-currents can cause time shift and phase mismatch between the odd and even echoes of
the EPSI acquisition, resulting in aliasing artifacts in the reconstructed spectrum. To correct
this mismatch, two navigator signals were acquired without phase-encoding blips. The
readout gradients for the first navigator signal were the same as in the EPSI readout, while
the second the opposite in amplitude. The average time shift was estimated by calculating
the correlation functions of the odd and even echoes (after data reordering) using the first
navigator data. Then, the average phase mismatch was estimated by comparing the phase
difference between the echoes of the first and second navigator data (after data reordering
and time shift correction). We used the estimated time shift and constant and linear phase
difference to correct the eddy-current effects on the EPSI data.

The spatial misalignment between the CSI and EPSI data was also determined and
corrected. The CSI data was first zero-padded to the same matrix size as the EPSI data, and
The Fourier reconstructions of the two datasets were then obtained. Two integral images
were calculated by taking spectral integrals of the magnitudes of the Fourier reconstructions
such that the correlation matrix of the two images determined the spatial misalignment. The
zero-padded CSI reconstruction was shifted accordingly, transformed back to (k, t)-space,
and truncated to obtained the alignment-corrected CSI data.

The nuisances signals were removed from conventional CSI or hybrid CSI/EPSI data using
the proposed method. For comparison, the extrapolation method in (14) was implemented
using the Papoulis-Gerchberg (PG) algorithm, and is referred to as the PG method
throughout this work. In the PG method, the spectroscopic data was extrapolated to a 64 x
64 grid. For both methods, the collected multi-channel raw data were processed channel by
channel. The nuisance signal removed, multi-channel data were then combined using the
method in (45). Additionally, we reconstructed high-resolution metabolite signals from the
SPICE acquisition with nuisance signals removed. For more details of the SPICE method,
please refer to Ref. (25). The performance of the proposed method was illustrated using
representative spectra and N-acetyl aspartate (NAA) maps. The NAA maps were generated
by taking the integral of the magnitude of the nuisance signal removed spectra in a range of
2.02 + 0.1ppm. No baseline correction was used as the baseline signals were negligible in
the presented long-TE (130 ms) MRSI data.
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Results

Experiment I: CSI scan with water and lipid suppression

The method presented in Case 1 of the Theory section was used to remove the lipid signal
(residuals after suppression) from the CSI data, and was compared with the PG method.
Results are shown in Fig. 2. The NAA map of the original data shows noticeable ringing
artifacts from the subcutaneous lipid layer. These ringing artifacts are significantly reduced
in the PG reconstruction; however, there is noticeable signal loss near the boundary of the
brain, a known issue of the PG method (14, 18). In contrast, the NAA map obtained by the
proposed method shows no noticeable ringing artifacts and better metabolite signal
protection near the boundary of the brain. Representative spectra before and after lipid
signal removal are shown in the second to the forth columns of Fig. 2. Remaining lipid
signals are found in the spectra obtained by the PG method, especially near the subcutaneous
lipid layer, while the spectra obtained by the proposed method show “lipid-free” metabolite
signals.

Experiment II: Hybrid CSI/EPSI scan with only water suppression

The method presented in Case 3 of the Theory section was used to remove the residual water
signal and the lipid signal from the hybrid CSI/EPSI dataset. The PG method was used to
remove the lipid signal from CSI data for comparison. Results are shown in Fig. 3 and 4. To
illustrate the performance of the proposed method, while assuming the sampling along the
readout direction of the EPSI sequence be instantaneous, a Fourier transform was used to
reconstruct MRSI images from the original EPSI data, the estimated residual water signal
(resampled along the sampling trajectory of the EPSI sequence), the estimated lipid signal
(resampled along the sampling trajectory of the EPSI sequence) and the nuisance signal
removed data. Spectral integrals of these reconstructions are shown in Fig. 3a to 3d,
respectively. The estimated residual water signal in Fig. 3b indicates that the water
suppression was effective except in the regions with large field inhomogeneities (see the
field map in Fig. 1c). After the nuisance signals were removed, the residual signal in Fig. 3d
only shows noise due to the very low SNR of the EPSI data, but also indicates successful
nuisance signal removal using the proposed method. Representative spectra of the estimated
lipid and the estimated residual water signal are shown in Fig. 3e and 3f. Note that the peak
around 5.8 ppm in Fig. 3e and the peak around 8 ppm Fig. 3f are the spectral aliasing
artifacts caused by direct Fourier transform reconstruction.

Lipid removal results of the CSI data with only water suppression are shown in Fig. 4.
Severe leakage of the lipid signals is seen in the NAA map of the original CSI data (the first
row of Fig. 4), and there are significant lipid signals left in the PG reconstruction (the
second row of Fig. 4). There are no noticeable lipid signals in the spectra obtained by the
proposed method (the last row of Fig. 4).

Figure 5 shows an example of rank selection in the proposed method. The red lines in Fig.
5a to 5¢ show the singular value distributions (in decibel) of the Casorati matrices formed
from the residual water signal, the lipid signal and the metabolite signal, respectively, using
the CSI data acquired with only water suppression. The black dashed line in Fig. 5 shows

Magn Reson Med. Author manuscript; available in PMC 2017 February 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Maet al. Page 11

the singular value distribution of a random Gaussian matrix formed based on the measured
noise variance. We chose the rank of each component so that the next singular value would
be smaller than the largest singular value of the random matrix. In this specific example, the
chosen rank of the residual water signal, the lipid signal and the metabolite signal was 15, 9,
and 3, respectively.

Figure 6 shows the effects of the discrepancies in magnitude and phase between the CSI and
EPSI data when the high-resolution lipid signal estimated from the EPSI data was used to
remove the lipid signal from the low-resolution CSI data. If these discrepancies were
ignored and the lipid signal estimated from the EPSI data was directly used to remove the
lipid signal from the CSI data by truncation in (k, t)-space, significant residual lipid signals
would be found in the resulting CSI data, as shown in Fig. 6a and 6b. In the proposed
method, the discrepancies were corrected using a GS model and the residual lipid signals
were effectively reduced as shown in Fig. 6¢ and 6d.

Experiment lll: SPICE with water and lipid suppression

The method presented in Case 3 of the Theory section was used to remove the water and
lipid signals (residuals after suppression) from the SPICE data. Figure 7 shows the results of
nuisance signal removal in SPICE. The Fourier transform reconstructions of the original
EPSI data and the estimated water and lipid signals were obtained, and the spectral integrals
of the magnitude of the reconstructions are shown in Fig. 7a to 7c. NAA maps were
calculated using the nuisance-signal removed EPSI and CSI data and were zero-padded to a
80 x 80 grid for display (corresponding the resolution of the original EPSI data). Especially,
the EPSI data was truncated to a 32 x 32 grid in k-space to gain SNR before calculating its
NAA map. As expected, the NAA map of the EPSI data (Fig. 7d) has very low SNR even
after truncation in k-space. The NAA map of the CSI data (Fig. 7e) has low resolution but
high SNR. More importantly, Fig. 7d and 7e show that the proposed method successfully
removed the nuisance signals from the EPSI and CSI data, making it possible to use SPICE
for high-resolution spectroscopic imaging. Indeed, the NAA map of the SPICE
reconstruction (Fig. 7f) has both high spatial and spectral resolution, along with high SNR.
The spectra of the SPICE reconstruction have SNR nearly comparable to those of the CSI
reconstruction, as shown in Fig. 7g and 7h. Note that the lateral ventricle structure of the
brain, which is known to have low NAA concentration levels, is clearly seen in the SPICE
reconstruction.

Discussion

The proposed union-of-subspaces model provides a general framework for nuisance signal
removal in 1H MRSI, which leverages the PS properties and the prior knowledge of the
spatialspectral supports of the nuisance and metabolite signals. Our in vivo experiment
results show that the proposed method can effectively remove the nuisance signals from
MRSI data with limited and/or sparse (Kk, t)-space coverage. The resulting spectra were
almost free of lipid contamination, even when no lipid suppression was used during data
acquisition.
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In the case of conventional MRSI with limited k-space coverage, the proposed method better
removes the lipid signal than the extrapolation method (14-16), which only uses the spatial
support of the lipid signal, as shown in Fig. 2. If the MRSI data are severely corrupted by the
lipid signal, e.g., in MRSI without lipid suppression or at short TE, high-resolution (k, t)-
space data can be acquired in a short auxiliary scan using fast MRSI sequences to help
remove the lipid signal as shown in Fig.3 and Fig. 4. This data acquisition scheme has been
used in the dual-density method (20-24). Compared to the dual-density method, the
proposed method can shorten the auxiliary scan by allowing sparse sampling of the high-
resolution (K, t)-space data and gains robustness by using the GS model to compensate the
discrepancies between the high-resolution and low-resolution data.

In the case of sparse (K, t)-space data, the proposed method can effectively remove both the
water and lipid signals. This is desirable for accelerated MRSI techniques that reconstruct
high-resolution spectroscopic data from sparsely sampled (k, t)-space data by exploiting the
prior knowledge of the underlying metabolite signal, such as sparsity (26, 27) and PS (25).
In this work, we show a case where the proposed method was used to remove the nuisance
signals from sparsely sampled (k, t)-space data followed by the recently proposed SPICE
method (25) to reconstruct high-resolution spectroscopic data with high SNR (Fig. 7). The
SPICE method exploits the PS properties of the metabolite signal, and thus the dominant
water and lipid signals need to be removed prior to reconstruction.

The proposed method can be further optimized for practical applications. First, it is critical
to accurately estimate the temporal basis of each signal component from limited k-space
data that are corrupted by magnetic field inhomogeneities. In this article, we use the CP
method to correct the magnetic field inhomogeneity effects. Additional prior knowledge and
constraints can be incorporated for more accurate subspace estimation. This issue is under
investigation and will be addressed in a subsequent paper. Second, advanced regularization
schemes can be used to better estimate the spatial coefficients in Eq. [6]. For example,
weighted-4 regularization can be used to incorporate prior knowledge of edges and 4
regularization can be used to promote the sparsity of the nuisance and metabolite signals.

Conclusions

We have presented a new union-of-subspaces approach for nuisance signal removal from
proton MRSI data. In vivo experiment results have shown that the proposed method can
effectively remove nuisance signals from limited and/or sparse (k, t)-space data. The
proposed method may prove useful for MRSI of the brain, especially for accelerated high-
resolution MRSI with sparse sampling of (k, t)-space.
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Figure 1.
CSI experiment with 130 ms TE and lipid suppression: (a) positions of the excitation

volume and OVS bands; (b) anatomical image overlaid with the boundaries of the support of
the lipid signal; and (c) measured field map.
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Figure 2.
The method presented in Case 1 of the Theory section was used to remove the lipid signal

(residuals after suppression) from the CSI data in Experiment I, and was compared with the
PG method. The first column shows the NAA maps calculated using the original data, the
PG reconstruction, and the reconstruction using the proposed method, respectively. In the
PG reconstruction, the signal in the subcutaneous lipid layer is masked out for better display.
The boundary of the brain is overlaid. The top and bottom images are zero-padded for
comparison with the PG method. The second to the forth column show the corresponding
spectra of each method, indicated by the box, triangle and diamond, respectively.
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Figure 3.
The method presented in Case 3 of the Theory section was used to remove the residual water

signal and the lipid signal from the EPSI dataset in Experiment Il. Spectral integrals of the
original EPSI data, the estimated residual water signal, the estimated lipid signal and the
nuisance signal removed data are shown in (a) to (d), respectively. Representative spectra of
the estimated lipid signal (the box in (a)) and the estimated residual water signal (the triangle
in (a)) are shown in (e) and (f), respectively (blue line: original signal; green line: estimated
lipid signal; black line: estimated residual water signal; and red line: residuals).
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Figure 4.
The method presented in Case 3 of the Theory section was used to remove the lipid signal

from the CSI dataset in Experiment I1. The results are arranged as in Fig. 2, comparing the
original data with lipid removal using the PG method and the proposed method. Despite the
significant corruption due to lack of lipid suppression, the proposed method sufficiently
recovers the spectra of the metabolite signals.
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Figure 5.

Rank selection. Using the CSI data in Experiment |1, Casorati matrices of the the residual
water signal, the lipid signal, and the metabolite signal were formed. The corresponding
singular value distributions (in decibel) are shown in (a) to (c). The black dashed line shows
the singular value distribution of a random Gaussian matrix formed based on the measured
noise variance, which served as the cutoff for temporal basis selection in the proposed
method. The singular values were normalized to the largest singular value of the Gaussian
random matrix.
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Figure 6.
Effects of the magnitude and phase discrepancies between the CSI and EPSI data on

nuisance signal removal. Using the hybrid CSI/EPSI data acquired without lipid
suppression, the high-resolution lipid signal estimated from the EPSI data was directly used
to remove the lipid signal from the CSI data by truncation in (k,t)-space. The resulting NAA
map and a representative spectrum are shown in (a) and (b), where residuals of the lipid
signal are dominant. However, if the discrepancies between the CSI and EPSI data are
corrected, as in the proposed method, the remaining lipid signals are significantly reduced

((c) and (d)).
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Figure 7.
Nuisance signal removal in SPICE using the method presented in Case 3 of the Theory

section. Spectral integrals of the original EPSI data, the estimated residual water signal and
the estimated residual lipid signal are shown in (a) to (c), respectively. NAA maps
calculated using the nuisance-signal removed EPSI and CSI data, and the SPICE
reconstruction are shown in (d) to (f), respectively. Both the CSI and EPSI reconstructions
were free of nuisance signals, as was the SPICE reconstruction. Representative spectra of
the CSI and SPICE reconstruction are shown in (g) and (h).
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