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Low signal-to-noise ratios (SNR) and long scan times are endemic in spatially localized spectroscopy. While chemical shift imaging (CSI) offers
the best SNR efficiency, the minimum scan time is set by the need to acquire a full set of phase-encoding gradients steps (PEs), even if
an average spectrum from a multi-voxel compartment would suffice. Moreover, adding voxels to create a compartment-average spectrum
post-acquisition sacrifices SNR compared to directly acquiring the spectrum from a correctly sized compartment. Spectroscopy with linear
algebraic modeling (SLAM) is a relatively new approach to localization that directly encodes spectra in C arbitrarily prescribed compartments
that are segmented from accompanying scout images. SLAM uses a tiny subset (>() of the CSI PEs selected from central k-space plus prior
knowledge of the compartments, to maximize SNR/volume and greatly reduce scan times. Spectra representing compartment averages are
reconstructed by solving a set of Clinear simultaneous equations that eliminate unneeded PEs from the standard CSI algorithm. SLAM is further
optimized for SNR and compartmental bleed errors, by permitting fractional- instead of integer-stepped gradients. SLAM is amenable to spatial
and temporal inhomogeneity corrections, as used routinely in CSI. Combining SLAM with sensitivity encoding (SENSE) techniques from parallel
MRI permits replacement of even more of the already-reduced SENSE encoding PEs, for even faster acquisitions. Adoption of the technique
in initial cardiac 3'P and brain "H patient studies has demonstrated effective acceleration factors of 4- to 120-fold, SNR efficiency gains of
several-fold, and accurate metabolite quantification with respect to reference CSI scans.
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be restored by co-adding voxel signals post-acquisition. To
illustrate this, consider two CSI experiments* wherein voxel
volumes Vand V/4 are encoded with SNR = 20 per unit volume
V, in the same total scan time T. As given in Table 1, if V is
the ultimate voxel size of interest, the SNR obtained by directly
encoding V from the outset is double that of performing the
V/4 experiment in the same scan time and then co-adding the
individual spectra post-acquisition. This result obtains because
SNR adds as /n and the noise is independent of the voxel
size.!® Therefore, matching the CSI voxel size to the desired

Introduction

Scan time and signal-to-noise ratio (SNR) constitute the main
technical impediments to in vivo spatially localized mag-
netic resonance spectroscopy (MRS) of low-concentration
metabolites. Compared to single volume element (voxel) MRS
techniques, such as PRESS,! STEAM,? and ISIS,? the stan-
dard multi-voxel chemical shift imaging (CSI) method* has
the advantages of accessing multiple regions simultaneously
with higher SNR per unit scan time. However, the clinical

application of CSI is limited by the long scan time required
for a complete set of phase-encoded acquisitions before any
individual spectra can be reconstructed. Often, the acquisition
of spectra from multiple spatially resolved voxels is essential
for human studies,” !> while the massive number of spectra
and voxels provided by CSI is over-kill. Spectra from a few,
say C <10, compartments would suffice; however, the C-fold
sacrifice in scan time for single voxel acquisitions compared to
CSI may not be tolerable.

In addition, owing to the way that SNR adds in magnetic
resonance imaging (MRI) and MRS, there is a significant cost
to SNR whenever the CSI voxel size is set smaller than the
desired compartment during acquisition.!®!” This loss cannot

anatomical compartment a priori yields the best SNR per unit
scan time.!®

Extending the same principle to an experiment in which
an MRS compartment of interest is directly encoded with CSI
gradients, the SNR gain is:

compartment size

g (1)

CSI voxel size

as compared to co-adding signals from the individual voxels
that comprise the compartment in a higher resolution CSI
experiment, post-acquisition. The proportionality recognizes
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Table 1. Comparison of the SNR for the same ultimate voxel volume (V)
and total scan time (T) for two CSI experiments in which V is encoded
directly from the outset (#1), vs encoding with resolution V/4 and summing
the result post-acquisition (#2).

Attribute Experiment 1 Experiment 2
Voxel size \4 Vi4
SNR/acquisition 20 5
Averages 4 1
Phase encodes/V 1 4

Scan time T T
SNR/voxel/T 40 10

Final SNR/V/T 40 20

the mitigating effects of nonuniform sensitivity and concentra-
tions, and differences in the integrated spatial response function
(SRF) of the compartment and its constituent voxels.

Such a g-fold SNR gain could be realized by other MRS
localization methods employing phase-encoding gradient steps
(PEs) and anatomical compartmentalization, such as SLIM, '3
GSLIM," and SLOOP? described elsewhere in this book, if
the compartments were prescribed before acquisition (e.g.,
from scout MRI), and if an appropriate SNR-optimized set
of PEs were chosen and applied. Most applications of SLIM,
GSLIM, and SLOOP have been limited to retroactively acquired
CSI data,?! ~2¢ which precludes realization of this g-fold SNR
advantage vs CSI. Undoubtedly, proactive implementation of
these MRS methods has been impeded by the difficulty in
proactively manipulating the PE gradient sets in commercial
MRI scanners. This is likely to change with the advent of
compressed sensing MRI techniques,”’ which also requires
manipulating the encoding gradients used for MRI.

SLAM, or localized Spectroscopy with Linear Algebraic
Modeling,'”?® is an alternative technique that uses a modi-
fied PE gradient set to directly encode, excite, and acquire
average spectra from arbitrarily defined anatomical compart-
ments identified from scout MRI, rather than the standard
NxN rectilinear arrays of equally sized CSI voxels. Unlike
SLIM, GSLIM, and SLOOP, the gradient set employed for
SLAM is SNR-optimized, and it permits retrieval of almost
all of the missing g-fold SNR advantage vs co-adding the CSI
signals to obtain a spectrum from the same compartment. In
addition, use of a dramatically reduced set of ~C PEs permits
drastic (Nx N)/C-fold reductions in MRS scan times compared
to CSI. A minor caveat is that the C prescribed compartments
should include all of the MRS signal-generating tissue. Table 2
summarizes differences among the SLIM, GSLIM, SLOOP, and
SLAM approaches.
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Instead of the standard CSI Fourier transform (FT) algo-
rithm, the SLAM compartment spectra are reconstructed by
matrix analysis of a set of C linear simultaneous equations by
eliminating unneeded PEs. The ~C PEs used by SLAM can
be chosen from any of the conventional integer-stepped CSI
PEs, except that choosing them from the center of k-space
results in the highest SNR. Using a strategy of always selecting
the PEs from central k-space for a SLAM acquisition results
in a gradient set that is fixed only by the number C. This
eliminates the requirement that compartments actually be pre-
scribed scanner-side before acquisition: the compartments can
be segmented post-acquisition and compartment spectra com-
puted from the highest SNR PE gradient set already acquired.
A more advanced version of SLAM, fSLAM, uses fractional
instead of conventional integer stepped PEs. The fractional
PEs are tailored a priori to specific compartment(s), to further
maximize SNR and minimize compartmental leakage errors.!”

SLAM has been implemented in both retroactively acquired
MRS data, by dropping all of the high k-space frames of regular
CSI acquisitions for testing and validation, and proactively in
MRS studies of the human leg, heart, and brain, with 1-D,
2-D, and 3-D (one-dimensional, two-dimensional, and three-
dimensional) encoding.!”?® These studies have demonstrated
SNR gains of 30-200% in 1-D 3'P studies of the human
leg and heart as compared to conventional 1-D CSI for the
same net volume and scan time,'” and acceleration factors
from 5 to >100 in 2-D and 3-D applications.?® SLAM is also
amenable to incorporation of all of the conventional ancillary
CSI methods for correcting spatial and temporal (i.e., eddy-
current) inhomogeneities in the main (B;)) and RF (B,) fields.
In addition, it can also be combined with parallel imaging
techniques — SENSE,? wherein signals from the individual
phased-array detection coils can replace more PEs to achieve
even higher acceleration factors.

Localized Spectroscopy with SLAM
The CSI Model

Consider the time-domain (t) signal, s(k,t), acquired in a simple
1-D CSI experiment in the x spatial dimension, with conjugate
spatial frequency variable k. s(k,t) is related to the set of CSI
spectra in the frequency (f) domain, p(x,f), via:

stk = [[ s pe e agan 2)

Because the spatial and frequency domains are independent,
we also denote the spectrum at x after FT of s(k,t) as p(x). For
M PEs, k, ...k, the discretized version of equation (2) for N
time-domain data points is:

B (kl) e—iZTL’klxl/M e—iZT[klxz/M . e—iZT\TklxM/M P (xl)

S(kz) e—iZTrkle/M e—i2nk2x2/M e—i2nk2xM/M ,O(xz) (3)
. = X .

S(kM) N e—12nkMx1/M e—lZT[kMXz/M e—zZTrkMxM/M Y IO(XM) N
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Table 2. Comparison among SLIM, GSLIM, SLOOP, SLAM, and fSLAM prior-knowledge-based MRS localization methods.

eMagRes

SLIM GSLIM SLOOP SLAM fSLAM
Property
Method CSI PEs and CSI PEs and CSI PEs may be Only the M central Central k-space PEs
MRI-based MRI-based optimized to k-space CSI PEs are chosen to optimize
segmentation segmentation minimize bleed used to yield SNR, errors/
when optimum SNR. contamination.
compartments are
nonuniform.
Assumption Every compartment is SLIM’s nonuniform Uniform Compartment Compartment
uniform. compartments are compartments, but spectrum is the spectrum is the
addressed with gradients adjusted average of the CSI average of the CSI
non-Fourier to minimize spectra from each spectra from each
generalized series inter-compartment uniform uniform
(GS) basis sets. bleed for compartment. compartment, with
nonuniform SNR & errors
compartments. optimized vs CSI.
Gradient Not optimized Not optimized May be optimized for SNR optimized using Optimized for SNR,
optimization SNR and minimum number inter- &
inter-compartment of central k-space Intra-compartment
bleed. phase-encodes leakage/errors
Gradient step Stepped as ~n/FOV, Stepped as ~n/FOV, Stepped as ~p/FOV, p  Stepped as ~n/FOV, Stepped per
n=...—2,—10,1, n=...-2,—10,1, integer or with —M/2 <n < optimization.
2... (integer) 2... (integer) non-integer (if M]/2, n integer, Maximum gradient
optimized) C<M limited by
compartment size.
Reconstruction Compartment signal Same as SLIM, Compartment signal Starting from CSI, PEs  Signals acquired with
computed from the followed by GS computed from the are eliminated proactively
integrated Fourier constrained integrated Fourier down to C optimized PEs are
signal contributions modeling to signal contributions compartments. reconstructed same
minimize errors as SLAM.
Errors Exact for infinite . Reduces leakage for Inter-compartment Errors increase as the Both
Inter- and finite n by applying leakage reduced vs number of phase inter-compartment
intra-compartment GS modeling to SLIM. encodes decrease. bleed and
errors arise for SLIM result. Intra-compartment intra-compartment
small n. nonuniformity error are
errors remain. suppressed.
Invivo human use  Applied to retroactive None Applied to retroactive Retroactive and Applied to proactive
(as of 2014) 'H CSI data in 31p CSI data from proactive human human cardiac *'P
human calf. human heart. cardiac 'P and MRS.

brain 'H MRS
done.
Quantification
validated.

Each row of the known signal matrix S, 5y on the left side of
equation (3), and of the unknown spectral matrix p,,« y on the
right, is an N-point array. The first matrix of exponential terms
on the right side is the PE FT operator, PE. For simplicity, we
write equation (3) as:

(4)

Saveenw = PEyperr X Paren

For 1-D CSI, PE is simply a discrete Fourier transform (DFT)
operator.

Reconstructing Compartment Spectra with SLAM

The goal of the CSI experiment is to reconstruct the M unknown
spectra in p«y, from the M known signals (S) acquired with
M different PEs using equation (4). However, suppose from
a scout MRI scan we determine that p has just C (<M) MRS

compartments of interest. If the spatial location and extent
of each compartment can be defined, then in theory, only
C measurements with C PEs would suffice to solve p and
reconstruct the C spectra.

For example, consider a four-voxel 1-D CSI experiment.
Equation (3) can be written:

€1
€
€3
€4

€13 Cuy
e e
3 Q|
€33 €34
€43 €44

where ¢;; denote the exponential terms. If, based on prior
information, the second and third rows of p can be considered
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identical (i.e., p, = p3), then we need to solve only:

e epten ey o 51

€ epnTeyn ey _ | % (6)
+ Sk i

€31 €3 T €33 €3y 04 S3

€y epTeys ey S4

Because equation (6) is over-determined, the minimum
number of PEs needed to resolve p,, p,, and p, reduces from
4 to 3. The same procedure allows us to reconstruct C spectra
from C homogeneous compartments using only C PEs instead
of M steps.

In general, the prior information can be incorporated by
introducing a matrix, b, formed from an identity matrix in
which ‘—1’ elements are inserted to zero-out identical rows in
the p-matrix to leave only one spectrum per compartment. For
example, for an eight-voxel 1-D CSI experiment performed on
a two-compartment sample in which the first compartment
extends from voxels #1 -3 and the second extends from voxels
#4-8,

1 00 0 00 0 0
-1 10 0 00 0 0
-1 01 0 00 0 0
0 00 1 000 0
b=140 00 -1 10 0 0 )
0 00 —1 01 0 0
0 00 —1 0 0 1 0
(0 00 -1 00 0 1]

Here, only the spectra in the compartments corresponding
to voxels #1 and #4 are kept after dimensional reduction. The
signal is:

Sun = PEypenr X byginy X bypeas X ey (8)

If M'>C PEs are predefined and the identical rows are
eliminated to reduce the dimension of by« X 1y« 5 from M
to C, then equation (8) shrinks to,

Sy = PEj e X Pxn 9)

Here, p(«y is a submatrix of the C non-eliminated rows of
by« pr X 0pr+ N3 PEjn is @ submatrix of PEy ), x by With
C columns that correspond to the C non-eliminated rows; and
Sy 1s @ submatrix of Sy« \ acquired from the sample using
the subset of M'<<M PEs. Solving equation (9) results in a set
of spectra that each closely approximate the average spectrum
from each compartment.

The SLAM Recipe
The SLAM experiment is thus performed as follows:

1. Acquire an MRI to extract the prior knowledge of the
number of compartments (C<M), and the spatial location
and extent of each compartment for SLAM reconstruction.

2. Choose M'>C PEs.

3. Apply the chosen M’ PEs and acquire the M’ signals.

4. Determine the b matrix from the spatial position of each
compartment identified by MRI.

5. Reduce the dimensions from M to C and compute the C
spectra in the p” matrix using:
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| Scout image ‘

Segment into C
compartments

13

No Optimize gradients? S
SLAM fSLAM

Choose C or M’ low k-space Optimize SNR and/or leakage
integer gradients =>Fractional gradients

-~

Apply chosen gradients ‘

L

| Acquire raw data ‘

L3

Determine b matrix
based on segmentation

Dimensional reduction
from Mto C

Compute a spectrum for
each compartment

Figure 1. Flow chart depicting implementation of SLAM (left pathway)
or fSLAM (right pathway).!” (Reprinted from J. Magn. Reson., 218, Y.
Zhang, R. E. Gabr, M. Schar, R. G. Weiss, and P. A. Bottomley, Highly-
accelerated quantitative 2D and 3D localized spectroscopy with linear
algebraic modeling (SLAM) and sensitivity encoding, 66—76, Copyright
(2012), with permission from Elsevier)

Py =PEL X Sppy (10)

where ‘4’ denotes either the Moore—Penrose pseudo-inverse
when M'> C or the inverse for M'=C, of PE} .-

Figure 1 presents a block diagram of the reconstruction
algorithm.

Because reconstruction of the SLAM compartment spec-
tra simply involves solution of a set of linear simultaneous
equations, theoretically, the choice of gradients in Step 2 is
arbitrary. However, different choices result in different SNR
and condition numbers for the matrix PE} .., which affect
computational accuracy.’® Importantly, selecting the M’ PEs
that lie closest to the center of k-space of the original CSI
gradient steps, generally yields the best SNR. Because the CSI
steps are discrete and fixed, by applying a rule that all PEs be
chosen from central k-space, the set of PEs used in any SLAM
experiment is determined entirely by the number M or C.
Furthermore, because C is typically the same for a given study
protocol (e.g., C=4 in cardiac studies with chest, heart, and/or
adipose and ventricular blood compartments), the same SLAM
gradient set can be used for all studies performed with a given
protocol. This strategy eliminates the need for scanner-side
gradient optimization or image-based gradient prescription
before acquisition, while ensuring optimum or near-optimum
SNR for each exam.
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SLAM with Fractional Gradients (fSLAM)

Choosing the M" PEs need not be limited to the original CSI
basis set of M integer (k;) stepped gradients in equation (3). The
M’ PEs can instead be chosen to optimize desirable properties of
the reconstruction, such as to maximize SNR and/or minimize
inter- or intra-compartmental signal contamination or errors.
This effectively requires accommodating fractional k’s in the
CSI equation. The trade-off is that unlike SLAM, fractional
SLAM, denoted fSLAM, being tailored to optimize a specific
desired compartment(s) does require scanner-side gradient
optimization and prescription.

In order to maximize the SNR,
equation (10) is modified to include noise terms &, whose
standard deviation (SD) in the time-domain signal is o

pesn +Ecn =PEL ) X Sppey +&0pey) (1)

where & - is the noise in the reconstructed spectra. The noise
in the time and frequency domains are related via &..y =
PE'g*M/ X Eppeny SO the SNR of the spectrum reconstructed
from the ith compartment is:

.o
SNR, = Py (12)
M/
Y lPEL,, Gm) x o]
m=1
where PEJCZF (i m) isthe element corresponding to the mth sig-

nal. To maximize the SNR of the ith spectrum in equation (12),
the cost-function

M/
1= Y UPEL (o) ) /L (13)
m=1

is numerically minimized. Here, I,4 =1 when the condition
number® of PE(,, , is less than a user-defined threshold u,
and ‘0’ otherwise, to ensure that the equation system is well
conditioned. Minimization of I';, yields the best SNR for the
ith compartment of the fSLAM experiment, as well as in the
SLAM experiment in the case where PEé* ) 18 limited to integer
gradient steps.
For comparison, the SNR of the CSI experiment is:

SNRS = (L,/M)V2 - p&L (1) /o (14)

where L; is the size of the ith compartment with average
spectrum p&Sh (7). When multiplied by «/M/M’ to account for
scan-time differences, the quotient of equations (12) and (14)
approximates equation (1) for fSLAM, as well as for SLAM
when the C PEs are chosen from central k-space.!”

So far, every com-
partment is assumed homogeneous. However, spectra in the
CSI basis set that deviate from the compartmental averages can
generate signals that cause errors and/or signal bleed artifacts
upon reconstruction. To minimize these errors in an fSLAM
experiment using M’ PEs, the original p matrix in equation (8)

is decomposed into average and inhomogeneous parts:

Suren = PEypeas X by X byrens X (O + PAER)
= PEypup; X byhas X Bapenr X Pyon + PEypyy X oM
(15)

Each row in p?ﬁN is now the average spectrum of its
compartment, and each rowin pi™9™ is the deviation of the true
spectrum from its compartmental average. For example, for
a three-voxel compartment comprised of single-point spectra
with magnitudes [1.1, 1.0, 0.9], the compartment average
spectrum will be ‘1’ and the inhomogeneity part will be [0.1, 0,
—0.1].

The solution to equation (15) after dimensional reduction
is:

PE’.,, X Sypen = Py + PEL, o X PEyny X AR (16)

The first term on the right of equation (16) satisfies the ideal
homogeneity assumption for which the SLAM reconstruction
is valid. The second term gives rise to localization errors
and must be minimized. Because pﬁ}i‘;\,m will be unknown
in any SLAM study performed without CSI, a reasonable
strategy is to minimize the coefficients of PE’C* M= PEJCQ w X
PE,;.\;. Moreover, because the inhomogeneity terms in the
same compartment must sum to zero by definition, their
mean can be subtracted. For example, if the three coefficients
corresponding to the inhomogeneity [0.1, 0, —0.1] above
were [1/2, 1/3, 1/6], they would generate the same errors as
coefficients [1/6, 0, —1/6] after subtracting the mean value
of 1/3. The sum-of-the-squares of these coefficients is smaller
than [1/2, 1/3, 1/6], and is independent of the mean coefficient
of each compartment. The new matrix of coefficients that
results when the mean is subtracted from PEZC* (D) for each
compartment, is denoted PE%* M.

Generally, localization errors can arise from both inter-
compartmental leakage and intra-compartmental signal inho-
mogeneity. To minimize the inter-compartmental leakage into
the ith compartment of the fSLAM experiment, the sum-of-
the-squares of the coefficients in PE%* m(D) that derive from
outside of the ith compartment, is minimized analogous to
SLOOP?:

j#1 mecompartment j

wyj X |PEG Gom)> (17)

Here, w;; is the weight of inter-compartment leakage from
the jth compartment into the ith compartment. w;; could, for
example, be adjusted to accommodate intrinsic differences in
metabolite concentrations between compartments.

To minimize errors due to intra-compartment inhomo-
geneity in the ith compartment of the fSLAM experiment,
the sum-of-the-squares of the coefficients from within the ith

compartment are minimized similarly:

M

b= )

mecompartment i

w;; X |PEb (i, m)[? (18)

where the w;; weight the intra-compartmental errors.
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To perform a numerical optimization that minimizes both
the inter- and intra-compartmental errors, the cost-function:

A= (¢ +9)/Lona (19)

is minimized for each of the i compartments.

The fSLAM Recipe

In practice, the fSLAM experiment is performed with the
same Steps 1-5 as SLAM (Figure 1) except that the PEs in
Step 2 are obtained by minimizing the SNR cost-function in
equation (13) and/or the error cost-function in equation (19).
The different optimizations will generally produce different PE
gradient sets comprised of fractional gradients. To optimize
for both maximum SNR and minimum localization error, a
weighted sum of the ratio of cost functions for fSLAM, to those
for SLAM can suffice: equations (13) and (19) have different
scales and cannot just be added. The choice of the weighting
will depend on the application and error tolerance.

By optimizing SNR, fSLAM can always achieve higher SNR
than standard CSI, independent of the number of PEs (M’ > C)
thatare chosen. This reflects the fact that fSLAM is free to choose
fractional PEs that all fall close to central k-space where SNR
is greatest. In addition, adding PEs will further reduce signal
bleed as A; is minimized.!” However, as noted earlier, because
PE’é* m (D) is derived from b and requires prior knowledge of
compartment location and size, and because the gradients are
not constrained to the integer-stepped CSI gradients, gradient
optimization and selection for fSLAM must be performed
scanner-side as part of the MRS set-up, in order to determine
the optimized set of PEs to apply. In initial studies, scanner-side
optimization was performed on a lap-top computer using the
simplex method (MATLAB ‘fminsearch’, MathWorks, Natick,
MA) with threshold u = 50 in equations (13) and (19), and all
the leakage weighting factors, w;; set to ‘1’ in equations (17)
and (18).7

Computing Leakage and Localization Errors

Because SLAM produces arbitrarily shaped compartments
instead of a regular array of voxels that have a point spread
function, its spatial selectivity is more appropriately evaluated
by an analysis of the SRF.22*! The SRF is both specific to
each defined compartment, and is dependent on the other
compartments.

Consider for example, a three-compartment 1-D SLAM
acquisition from a cardiac phosphorus (*'P) study whose
true continuous signal distribution f(x) can be decomposed
into heart, f,(x), chest, f.(x), and ‘other’, f,(x) compart-
ments. The ‘other’ compartment is generally required because
any unassigned signal originating from outside of the desig-
nated compartments is otherwise distributed into the assigned
compartments during reconstruction, potentially contributing
‘bleed’ errors. The SRF of the heart compartment correspond-
ing to the row PEJCF* A (B) st

SRE, (x) = Y " PE(,, (h) - exp(—i2mkx) (20)
k
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The spectrum from the heart compartment is

oy = / SRF,,(x) - f(x)dx
FOV

= / SRF, (x) - f,(x)dx + / SRE, (x) - f.(x)dx

heart chest
+ / SRE, (x) - f,(x)dx (1)
other

The second and third integrals in equation (21) represent
leakage from chest, L._, , and ‘other’, L._, , signals into the
heart compartment. For the chest compartment, we write f.(x)
as a mean f. plus an inhomogeneity Af.(x). Then:

Lc—>h = / SRFh(x) : [E‘i‘ Afc(-x)]dx

chest

=f- / SRE,(x)dx + / SRE, (%) - Af.(x)dx

chest chest
<f / SRF;, (x)dx + /lSRFh(xN-IAfc(x)Idx
chest chest

<f.- / SRFh(x)dx+max(|Afc(x)|)/|SRFh(x)|dx

chest chest

(22)

The last line of equation (22) is the upper limit of con-
tamination of the heart spectrum by chest signal. The upper
limit of leakage from other compartments (e.g., L, _, ;) can be
computed similarly.

It is important to recognize that the signal derives from
the integral of the SRF over each compartment, which the
SLAM reconstruction effectively minimizes — or actually zero’s
out in the case of homogeneous compartments. However, this
integral depends fairly critically on the cancellation of positive
and negative variations in the SRF outside of each selected
compartment.

In a typical example, a clinical surface coil >' P MRS study of
the heart employing a standard 16-step, 1 cm resolution 1-D
CSI, might expect signals from three voxels in the chest, and
up to four voxels in the heart, as depicted in Figure 2(a). An
exemplary four-step 1-D SLAM experiment employing only the
central four k-space PEs of the CSI acquisition would realize a
fourfold acceleration in the minimum scan time, as compared
to 16-step CSL In computing the SRF, for a metabolite-of-
interest such as phosphocreatine (PCr), f.(x) must account for
the much higher signal intensity in the chest owing to the
surface coil’s higher sensitivity and higher PCr concentration
in the chest compared to the heart. If the signal contamination
is computed assuming the chest and heart signals are uniform
within their own compartments but with the chest signal four
times higher than the heart signal (Figure 2a, black curve), the
contaminating signals almost perfectly cancel upon integration
of the SRF,’s for SLAM and fSLAM, but not CSI, as given
in Table 3. When the signal from the chest compartment is
in addition varied by up to 30% peak-to-peak due to the
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Figure 2. (a) Three-voxel chest, four-voxel heart model used for an SRF analysis of cardiac >'P 1-D CSI data. The chest/heart signal ratio is 4 (black
curve; the dashed blue curve depicts a surface coil sensitivity profile). (b) 1-D surface coil >'P spectrum acquired from the same six-voxel volume in the
human leg with four-step SLAM (red, top; averaged four times), and with 16-step CSI (blue, lower; one average; Pi =inorganic phosphate), in the same
scan time (2.1 min). Locations of the CSI are annotated on the scout image (top left) with the H;PO, disk phantom on top. (c) Surface coil 1P spectra
acquired from the same four-voxel volume in a normal human heart (annotated MRI, top left) using 1-D CSI (blue) in 8.4 min, overlaid with a SLAM
spectrum (red; ATP =adenosine triphosphate, PCr =phosphocreatine) reconstructed from the four central k-space phase-encodes. SLAM assumed a
three-compartment model (chest, heart and ‘other’). (d) SLAM spectra using just two phase-encodes (green), and a two-compartment model (chest and
heart). The effective SLAM acquisition times were 1/4th and 1/8th of CSI. (Adapted from J. Magn. Reson., 218, Y. Zhang, R. E. Gabr, M. Schar, R. G.
Weiss, and P. A. Bottomley, Highly-accelerated quantitative 2D and 3D localized spectroscopy with linear algebraic modeling (SLAM) and sensitivity

encoding, 66—76, Copyright (2012), with permission from Elsevier)

coil’s sensitivity profile (Figure 2a), the upper bound, L._, j,
for contamination of the heart compartment by chest muscle
PCr rises to 12—14% for fSLAM and SLAM. However, this is
still comparable to the 9% seen by the reference 16-step CSI.
Meanwhile, a four-step CSI (zero-filled to 16 steps) would be
basically unusable (Table 3; 77%).

Inhomogeneity and Segmentation Errors

In the absence of inhomogeneity or noise, computer simu-
lations of the accuracy of SLAM for the three (chest, heart,
and ‘other’) compartment 1-D cardiac 31p MRS model above,
produces indistinguishable results from the 16-step CSI acqui-
sition with only the three central k-space PEs.!” Even with
the effects of white noise (SNR=20 for the heart component),
random inhomogeneity (up to £15%, or 30% total; Figure 2a)
and variable compartment size (chest, 2—3 voxels; heart, 2—6
voxels; separation, 0—1 voxel) included, Monte Carlo analysis
shows that the mean error of SLAM compared to regular CSI
of the same compartment is <10%.”

Monte Carlo simulations of the sensitivity of SLAM to
random segmentation errors of between —2 and 42 mm at the
edges of either heart or chest compartments, and partial volume
errors of 22 mm, also show that SLAM is either less sensitive
or comparable to CSI, as compared to the true spectrum from
the compartment.!” This is important as perfect segmentation
is rarely possible in practice, especially in cardiac *'P MRS.

Applications to 1-D 3'P MRS with Surface Coil Detection

SLAM and fSLAM have been evaluated in *'P MRS studies of
phantoms, the human leg, and the human heart, performed on
a 3T Philips Achieva MRI/MRS system to test its suitability for
replacing an existing, proven 1-D CSI protocol.>®3%3 The
1-D CSI protocol employed 16 integer-stepped PEs (k= —8,
-7, —6, =5, —4, =3, =2, —1,0, 1, 2, 3, 4, 5, 6, 7) with 1
cm resolution, and a surface coil detector.!” The compart-
ment average spectra delivered by SLAM and fSLAM were
compared with the sum of CSI spectra from the voxels of the
equivalent segmented volumes, post-acquisition. Scanner-side
fSLAM optimization required 1-2 min to manually segment
the scout MR, and a few seconds to optimize the gradient set
on the lap-top computer.

Figure 2 shows examples of >'P SLAM in the human leg and
heart. In the leg study (Figure 2b), a 2.5x 15 cm disk phantom
containing 300 mM H;PO, was positioned on top of the leg
as an additional intense signal source to test contamination.
A three-compartment model was assumed. The SLAM experi-
ment employed only the four central CSI k-space steps (k= —2,
—1,0,1) repeated four times for the same total scan time as CSI.
The SNR of the SLAM spectrum from the leg compartment is
twice that of the CSI spectrum obtained by adding the six CSI
voxels in the same compartment, and there is negligible signal
contamination from the H;PO, phantom (Figure 2b).
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Table 3. Integral of SRF, and upper bound of chest contamination for CSI, SLAM and fSLAM for a three-voxel chest, four-voxel heart model with a

chest/heart signal ratio of 4 (Figure 2a).!”

16-step CSI 4-step CSI SLAM fSLAM
Integral of SRF, over chest” 0.014 0.17 0.005 0.007
Upper bound of L ,* 9% 77% 14% 12%

?Computed assuming homogeneous chest and heart signals (Figure 2a, black line).

bComputed with +15% (total 30%) inhomogeneity in the chest signal.

Figure 2(c) shows cardiac spectra from a four-voxel 16-
step 1-D CSI heart compartment, along with SLAM spectra
acquired with four and two PEs. Signal bleed from adjacent
chest skeletal muscle and an embedded coil marker (at ~23
ppm) appears negligible in the four-step experiment, which
reproduces the CSI heart spectrum in 1/4th of the scan time.
Even with only two steps and a two-compartment model, the
SLAM reconstruction yields a good approximation to the CSI
reference, but eight times faster (Figure 2d).

The accuracy of quantification with 1-D 3'P SLAM was
tested by comparing measurements of PCr and (y -) adenosine
triphosphate (ATP) peak areas from 16-step CSI data, with
those from SLAM spectra reconstructed using only the central
four PEs of the same CSI data. Results from healthy volun-
teers and patients with cardiomyopathy (Figure 3) showed
no significant differences in PCr, ATP, PCr/ATP, or even the
total PCr from the chest-plus-heart compartments,!” despite
the effectively fourfold scan-time reduction. As in the leg
(Figure 2b), proactive cardiac *'P SLAM and fSLAM spectra
demonstrate higher SNR than 16-step CSI acquired from the
same volume in the same subject acquired in the same total
scan time (Figure 4). The average gain in SNR for cardiac PCr
in six healthy subjects was 32—45%.!7 This is consistent with
a g-fold gain from equation (1) equivalent to combining two
of the 1 cm CSI voxels, even though the reconstruction typ-
ically assumed a four-voxel cardiac compartment. This likely
reflects the mitigating effect of the declining surface coil sen-
sitivity profile (Figure 2a), and limited 1-2 cm thickness of
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(a) CSlI heart PCr (b) CSl heart ATP

Figure 3. (a,b) Fitting results for PCrand y -ATP peak areas reconstructed
by SLAM from a subset of 4 of the 16 CSI phase encoding steps acquired
from cardiac 3'P MRS studies of heart patients and healthy subjects, as
compared to the CSI measurements.!” Peak areas were quantified in the
cardiac compartment using ‘circle fit>* (correlation coefficient, r > 0.97).
(Reprinted from J. Magn. Reson., 218, Y. Zhang, R. E. Gabr, M. Schar,
R. G. Weiss, and P. A. Bottomley, Highly-accelerated quantitative 2D
and 3D localized spectroscopy with linear algebraic modeling (SLAM)
and sensitivity encoding, 66—76, Copyright (2012), with permission from
Elsevier)

the anterior myocardium. Signal bleed from the coil marker is
reduced either by designating a separate compartment for the
coil phantom (Figure 4b), or using fSLAM (Figure 4c).

SLAM and Sensitivity Encoding in Higher
Dimensions

This section describes the extension of SLAM to 2-D and 3-
D MRS applications, its combination with multiple-receiver
sensitivity encoding techniques analogous to the SENSE MRI
method used with phased-array detectors,23>3¢ how to incor-
porate corrections for spatial and temporal inhomogeneity like
those routinely used in clinical MRS, and how to compute
the discrete spatial response function (dSRF) of compartments
localized by SLAM.

Sensitivity Encoding with the SLAM Model

The number of PEs used by SLAM can be further reduced
when additional (phased-array) detectors are available for
spatial sensitivity encoding. This is accommodated by rewriting
equation (3) more generally as:

SM/*N = EM/*M X PrrxN (23)

Here E is a combined phase- and sensitivity-encoding oper-
ator that incorporates PE. M'=N_*M, where N, >1 is the
number of coil channels used for sensitivity encoding. My is
the new reduced number of PEs, equal to M/R, where R is
SENSE acceleration factor. E is constructed by stacking ele-
ments comprised of the product of PE with the sensitivity
encoding matrix, SE for each coil element?:

PE); s X SE}
PE) «p X SEj ey
E= . (24)

.
PE,; .y X SEpiy,

Here, superscripts 1, 2, ..., N, denote each coil element.
For 2-D or 3-D CSI, PE is the Kronecker product37 of double-
or triple-serial DFT operators, respectively.

Applying the SLAM theory in section titled ‘Reconstructing
Compartment Spectra with SLAM’ with PE replaced by E
and assuming that the individual CSI spectra in each of the C
compartments are identical, yields after dimensional reduction:

Saren = Eppepr X bl X Py (25)

The solution for p.. corresponding to the C compartment
spectra in the non-eliminated rows of p,;« v is:

pe*N = (EM’*M X b;’W*C)+ X SM/*N (26)

96 © 2015 John Wiley & Sons, Ltd.
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Figure 4. Compartment average cardiac spectra acquired with: (a) 16-step CSI; (b) 4(blue)- and 3(black)-compartment SLAM; and (c) with error-
minimized three-compartment fSLAM from the same volunteer. The spectra were all acquired with the same total scan time and total voxel volume, and
are normalized to constant noise. CSI used integer PEs (—8 to +7). SLAM used integer PEs of —2, —1, 0, 1 repeated four times. fSLAM used non-integer
PEs of —2.13, —0.73, 4+0.73, 42.13 repeated four times. (Adapted from J. Magn. Reson., 218, Y. Zhang, R. E. Gabr, M. Schar, R. G. Weiss, and P. A.
Bottomley, Highly-accelerated quantitative 2D and 3D localized spectroscopy with linear algebraic modeling (SLAM) and sensitivity encoding, 6676,

Copyright (2012), with permission from Elsevier)

with b} .. representing the C columns in b&i M correspond-
ing to the C non-eliminated rows. Equations (25) and (26)
are equivalent to equations (9) and (10) but with sensitivity
encoding incorporated. A slightly different algorithm, denoted
by asterisks (SLAM* or SENSE SLAMY) is:

Py = M)t x Eppea) T X Symy (27)

Both equations (26) and (27) require that M’ >C. Note
that with SENSE included, M'=N_M/R can easily exceed M,
making (B, ),)* over-determined (e.g., with N, = 32 detector
coils and an acceleration factor of R = 16). In any case, numeric
regularization is recommended, especially where SENSE recon-
struction is involved and the SNR is low, as is often the case
with MRS. A truncated singular value decomposition (TSVD)?®
method can be used, for example, discarding values below 2%
of the maximum to ensure that the condition number <50,% or
increasing the level of numeric regularization until the results
become stable.

The Discrete Spatial Response Function

With the higher dimensionality of 2-D and 3-D SLAM, and
SENSE, as well as the discretization imposed by SE in the
E matrix needed to accommodate the SENSE encoding, it is
practical to replace the continuous SRF used for analyzing
leakage in section titled ‘Computing Leakage and Localization
Errors’, by a dSRF that treats the spatially discrete CSI spectra as
‘ground truth’. The CSI spectra are measurable in practice and
can reasonably approximate the various SLAM compartments,
whereas, except for phantoms the spatially continuous spectra
are generally unknown. For (SENSE) SLAM,

dSRF .\, = (Bppps X B )™ X Eppepy (28)
and for (SENSE) SLAMX,

dSRF ), = (bhs )™ X (Bypip)) ™ X Epppy (29)

The contribution to the reconstructed (SENSE) SLAM spec-
trum for the ith compartment from any specific spatial region
can be calculated from these dSRFs via:

M

Py (i) = Y [ASRF ey (i) X pppen (o] (30)
j=1

where pf.\(i,:) signifies that only the ith (I < i < C) row
corresponding to the ith compartment is selected from the
(SENSE) SLAM spectral matrix, pg.y; dSRF.,,(3,]) is the
element at the ith row and jth column of dSRF -« ;57 (1 <j <
M) is an index for each of all M spatial voxels; and p ;- 5 (> 2) is
the jth spectrum in the (SENSE) CSI spectral matrix, o« 5-

If the spatial voxels of p,«  in a specific region are grouped
to form a user-defined region k, their contribution to the ith
SLAM spectrum in the compartment of interest p(.. (i, :), is:

L;= Y dSRFq(Gij) x [pF+ 405 G9]  (31)

jeregion k

where ﬁ is the average (SENSE) CSI spectrum for region
k; and ApfA*N (1) = pp=n (o) — pF is the deviation of each
individual CSI voxel spectrum in the kth region from its
regional mean, analogous to equation (21). Then, analogous to
equation (22):

Li=pkx Y dSRFq ()

jeregion k

+ Y dSRFoy(irj) x Apt, (y0)

jeregion k

<pkx Y dSRFq.y ()

jeregion k

+ > |dSRF. ()l x [4p%, G0l (32)

jeregion k
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Equation (32) relates the SLAM spectrum reconstructed for
the ith compartment, to the contributions from the mean
signal from each region modulated by the dSRF: the inequality
sets an upper bound on contributions arising from regional
inhomogeneity.

Correcting for Spatial and Temporal Inhomogeneity

Conventional and SENSE CSI spectra are often corrected for
spatial and temporal variations in the B, and B, fields owing
to eddy-currents from the gradient pulses used for spatial
localization,” and/or the use of surface coils.”* As in CSI,
this does require quantification of the spatial and temporal
field inhomogeneities. These are accommodated in SLAM by
modifying equation (8) to incorporate a diagonal matrix A
comprised of spatially dependent correction factors, such as
reciprocals of the receiver coil sensitivity profile or conjugates
of the phase variation at each voxel**4%:

SM/*N = EM’*M X AJT/I}‘M X bl\_/II*M X bM*M X AM*M X pM*N
(33)
The corrected reconstruction for (SENSE) SLAM and
(SENSE) SLAM* are then, respectively:

Porn = Epppg X A;,II*M X b))t X Sy (34)

and pley = Ohee) ™ X Aypas X Eppa) ™ X Sppen (35)

Temporal corrections are applied by repeating the recon-
struction of equations (33—35) at each time point.

Summary of SENSE SLAM Implementation

The SENSE SLAM experimental protocol is similar to SLAM
(see section titled ‘The SLAM Recipe’):

I.  Acquire MRI for segmenting compartments, and map-
ping detector coil sensitivity for SENSE;

Il. Apply a subset of My >C/N. PEs selected from the
central k-space of a regular CSI sequence or defined by
fSLAM (see section titled ‘Reconstructing Compartment
Spectra with SLAM’), and acquire the MRS data;

lll. Register the regular CSI grid onto the corresponding
MRI;
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IV. Segment the CSI voxels into the C desired anatomical
compartments based on the MRI;

V. Reconstruct the compartmental
equation (26) or (27).

spectra  using

An Exemplary Application: Brain TH MRS
SENSE SLAM(*) Validation in Tumor Studies

SENSE SLAM and SLAM* have been evaluated on a Philips
3T MRI scanner using MRI and 'H SENSE CSI MRS data
for Ref. 28. The CSI data were acquired from patients with
brain tumors using a commercial 32-element SENSE head
coil, and a standard multi-slice 2-D spin-echo MRS protocol
employing an R =sixfold SENSE acceleration factor. The latter
reduced the number of CSI PEs from 33x27=891 rectilinear
k-space steps, to 11x14=154 steps. This was further reduced
to 120 steps, by omitting the corners of k-space as shown in
Figure 5(a). Peripheral lipids in the scalp were suppressed by
eight outer-volume selective suppression slabs that employed
dual-band water-lipid-suppression,*! and an additional 27 CSI
PEs were acquired without suppression to provide measures
enabling inhomogeneity and eddy-current compensation.’
This resulted in a total scan time of 6.2 min for three 13 mm
transaxial sections with 7x7 mm? in-plane resolution for the
standard CSI study.?

SENSE SLAM and SLAM* reconstruction were performed
using 1/5th of the central k-space data from the CSI study
(Figure 5b), for a net acceleration of 36-fold compared to
the original 891-step CSI.?® An extreme case with R=120
was also evaluated. This was achieved by spatially encoding
entirely using SENSE, with only a single central zero-gradient
PE acquisition (Figure 5c). Five compartments (#1 = tumor;
#2 = contralateral brain; #3 = ‘rest of the brain’, excluding
the first two compartments; #4 = the scalp; and #5 = back-
ground) were segmented by overlaying the standard CSI grids
on the MRIs. The segmentation included any gridded voxel
with a volume intersecting a compartment by 50% or more.
Reconstruction was done off-line on a laptop computer. Quan-
titative comparisons of the R=36 reconstructions with CSI
were performed on compartment-averaged brain metabolite
areas (choline, Cho); total creatine, CR; and N-acetylaspartate,
NAA).

Figure 6 shows compartment spectra from SENSE SLAM,
SENSE SLAM*, and SENSE CSI for a patient with a large
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Figure 5. Acquisition schemes depicting k-space sampling (filled circles) for: (a) 11 x 14 SENSE CSI with corners omitted (120 steps); (b) SENSE SLAM(*)
acquisitions with a further fivefold acceleration factor (25 steps total); and (c) SENSE SLAM* with 120-fold (one-step total) acceleration.?® (Reprinted
from J. Magn. Reson., 237, Y. Zhang, R. E. Gabr, J. Zhou, R. G. Weiss, and P. A. Bottomley, Magnetic resonance Spectroscopy with Linear Algebraic
Modeling (SLAM) for higher speed and sensitivity, 125—138, Copyright (2013), with permission from Elsevier)
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Figure 6. (a) MRI showing segmentation of five compartments in a patient with a brain tumor ( #1=‘rest of the brain’; #2=tumor, glioblastoma;
#3=contralateral brain; #4=scalp; #5=background). Spectra (b—d) are from the corresponding compartments (#1-#5) with SENSE CSI spectra depicted
in blue for comparison.”® The (b) SENSE SLAM spectra and (c) SENSE SLAM* spectra, overlaid in red, were reconstructed using 1/5th of the SENSE CSI
data, for an effective acceleration factor of R =5 compared to SENSE CSI. The SENSE SLAM* spectra in (d), were reconstructed with R = 120.2% (Adapted
from J. Magn. Reson., 237, Y. Zhang, R. E. Gabr, J. Zhou, R. G. Weiss, and P. A. Bottomley, Magnetic resonance Spectroscopy with Linear Algebraic
Modeling (SLAM) for higher speed and sensitivity, 125—138, Copyright (2013), with permission from Elsevier)

glioblastoma.28 The SENSE SLAM and SLAM* spectra (red)
are effectively five times (Figure 6b and c) and 120 times
faster (Figure 6d) than the SENSE CSI data (blue), respectively.
With SENSE, the SLAM* algorithm (equation 27; Figure 6¢)
outperforms the SLAM algorithm (equation 26; Figure 6b),
in the ~1.7 ppm lipid region where strong, broad lipid peaks
tend to corrupt the NAA peaks, while SENSE SLAM* spectra
(Figure 6¢) are relatively unaffected by the lipid peaks. Sub-
stantially less spatial leakage is also evident in the background

compartment (#5) of SENSE SLAM* as compared to SENSE
SLAM. On the other hand, without SENSE using the head
coil as a conventional quadrature receiver, the two algorithms
appear to perform comparably.?

In the extreme case with only the single zero-gradient
acquisition, SENSE SLAM* produced reasonably good spectra
(Figure 6d) whose tumor compartment (#2), maintains 23% of
the SNR of the original SENSE CSI.?® After correcting for the
over two-orders-of-magnitude speed-up in acquisition time,
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Figure 7. Comparison of SLAM (top row) and SLAM* (bottom row) metabolite measurements reconstructed from 1/6th of the 2-D CSI data acquired
from 16 patients, for an effective acceleration factor of R=6. The (a) Cho, (b) CR, and (c) NAA peak areas quantified in tumor, contralateral brain and
‘rest of the brain’ compartments, are compared with the CSI results from the same compartments (horizontal axis; correlation coefficient r >0.98 for all
cases).”® (Adapted from J. Magn. Reson., 237, Y. Zhang, R. E. Gabr, J. Zhou, R. G. Weiss, and P. A. Bottomley, Magnetic resonance Spectroscopy with
Linear Algebraic Modeling (SLAM) for higher speed and sensitivity, 125—138, Copyright (2013), with permission from Elsevier)

the SNR per unit volume per unit time is about three times
higher than the SENSE CSI data. Importantly, the high Cho/CR
characteristic of the tumor is preserved in both SLAM* and
SLAM tumor spectra (#2).

Figure 7 shows that pooled Cho, CR, and NAA peak areas
quantified in SLAM and SLAM* spectra from the tumor, con-
tralateral and ‘rest of the brain’ compartments in 16 patient
MRS studies, are in quantitative agreement with CSI measure-
ments from the same compartments. The ratios of SLAM to
CSI levels for NAA, Cho and CR, were without significant
bias, and had SDs of 15, 6, and 6.7% for SLAM, and 6, 3,
and 2% for SLAM*, perhaps reflecting a generally higher lipid
contamination of NAA.?

Implementation of SENSE SLAM* in a proactive study that
included eddy-current correction is exemplified in Figure 8. The
acceleration factor is R=>5 vs an accompanying reference SENSE
CSI. The eddy-current correction utilized the 27 PEs acquired
with the CSI scan for this purpose. These were zero-filled to the
154-step SENSE CSI grid (Figure 5a), and the spatial and time-
dependent phases interpolated across the sample volume,*
correcting for any phase jumps.*® In Figure 8(b), the proactive
(red) SENSE SLAM*, the accompanying SENSE CSI (blue),
and a set of SENSE SLAM* spectra (green) computed from
the CSI data, are all coincident. Metabolite measurements with
and without eddy-current correction did not differ significantly
from CSI in a further eight brain tumor studies. The compart-
ment average SENSE SLAM(*) spectra in these subjects were
again insensitive to errors in segmentation compared to refer-
ence SENSE CSI from the same mal-adjusted compartments,*®

as was noted for the 1-D case (see section titled ‘Tnhomogeneity
and Segmentation Errors’).

The dSRF for SLAM(*) and SENSE SLAM(”) in Practice

In order to quantify the contamination of (SENSE)
SLAM(*) spectra by extra-compartmental signals, the dSRF
of each specific compartment must be calculated from
equations (28)—(32) and then integrated. This is exemplified
here for the brain tumor compartment (#1) from Figure 8,
which was acquired with the 32-element SENSE coil and
R=6 vs SENSE CSI (25 vs 154 PEs; Figure 5b). The dSRF
was calculated assuming the five compartments indicated
(Figure 9a), both without (TSVD threshold =0%) and with
(TSVD threshold =2%) numeric regularization.?

The dSRF of SENSE SLAM* obtained from equation (29)
without numeric regularization (Figure 9b) is in theory
perfect in the tumor compartment, because the combination
of 25 PEs plus 32 separate acquisition channels creates
M’ =25 x 32 =800 known k-space signals. Although there are
M =33 x 27 =891 unknown image-space signals, application
of the sensitivity mask during SENSE reconstruction?
effectively reduces the number of unknowns to <800 so that
(Eppep) T is over-determined. With numeric regularization
(TSVD threshold =2%), which is typically needed for matrix
inversion when SNR is low, the dSRF is broadened by an
amount equivalent to ~20% in each direction compared to
Figure 9(b), but it still remains spatially well constrained
(Figure 9c¢). Edge definition improves as the TSVD threshold
is reduced.

100 © 2015 John Wiley & Sons, Ltd.
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Figure 8. SENSE CSI and SLAM* 'H spectra from a brain tumor patient with eddy-current corrections. The MRI (a) depicts a five-compartment
segmentation of a patient with a brain (#1=tumor; #2=contralateral brain; #3="rest of the brain’; #4=scalp; #5=background). (b) The corresponding
spectra (#1—#5) are corrected for eddy-currents. SENSE CSI spectra are depicted in blue. Proactively acquired SENSE SLAMX spectra are shown in red
with R=5. Retroactive SENSE SLAM* spectra reconstructed from 1/5th of the CSI data set are shown in green. (Adapted from J. Magn. Reson., 237, Y.
Zhang, R. E. Gabr, J. Zhou, R. G. Weiss, and P. A. Bottomley, Magnetic resonance Spectroscopy with Linear Algebraic Modeling (SLAM) for higher speed
and sensitivity, 125—138, Copyright (2013), with permission from Elsevier).
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Figure 9. (a) Image of the segmented brain tumor from Figure 8 (compartment #1, red). (b) The real part of the computed tumor dSRF for SENSE
SLAM* (R=6 vs SENSE CSI) reconstructed without numeric regularization; and (c) with numeric regularization (TSVD threshold <2% of the maximum).
(d) The dSRF for SENSE SLAM (R=6 vs SENSE CSI). (e) The dSRFs for SLAM* and for (f) SLAM, both with R=6 vs CSI. (g) The computed dSRF for
compartment #3 in the extreme case of a single phase-encode in Figure 6 (intensity scale is arbitrary). (Adapted from J. Magn. Reson., 237, Y. Zhang,
R. E. Gabr, J. Zhou, R. G. Weiss, and P. A. Bottomley, Magnetic resonance Spectroscopy with Linear Algebraic Modeling (SLAM) for higher speed and
sensitivity, 125—138, Copyright (2013), with permission from Elsevier).
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The dSRF of SENSE SLAM obtained from equation (28)
on the other hand, is expansive, exhibiting both positive and
negative lobes (Figure 9d). Even so, the integral of the dSRF
outside the tumor compartment is in fact zero. The SENSE
SLAM reconstruction always forces the dSRF integral to zero
over the other compartments, facilitated by the spatially oscil-
lating dSRF lobes as noted earlier (see section titled ‘Computing
Leakage and Localization Errors’; Ref. 17). When these lobes
fall in areas that contain strong signal sources, incomplete
cancellation can contribute signal contamination, including
peripheral lipid signals evident in Figure 6(b). SLAM* does not
force the summed dSRF to zero, but does reduce the integral of
the magnitude of the dSRF, |dSRF|, thereby reducing the lipid
contamination seen in Figure 6(c), for example.

Without the SENSE reconstruction, the dSRF of SLAM*
(Figure 9¢) and SLAM (Figure 9f), computed with 1/6th of the
CSI PEs, are very similar to each other and to the numerically
regularized SENSE SLAM* (Figure 9¢). Note that while numeric
regularization affects the dSRF of SENSE SLAM*, it barely alters
that of SLAM, SENSE SLAM or SLAM*.

Finally, Figure 9(g) depicts the dSRF in the extreme case
of 120-fold accelerated SENSE SLAM* for compartment #3
of Figure 6(d).?® Here, with only the single central k-space
signal, MRS localization is entirely due to the individual SENSE
coil inhomogeneity and prior knowledge. Accordingly, there
is some signal leakage at the periphery in regions of high
sensitivity close to the coils.

Discussion
Summary and Context vs Other Approaches

Single-voxel 3-D MRS localization methods such as PRESS,!
STEAM,? or ISIS® are useful for studying single, rectangular-
shaped compartments, but do not provide optimum SNR
efficiency for studying multiple or arbitrarily shaped compart-
ments. Moreover, their dependence on spatially selective T -
and T),-based pulse sequences can introduce relaxation effects
that complicate quantification. CSI on the other hand, is a
simple pulse-acquire experiment that collects all-of-the-signal
from all-of-the-sample, all-of-the-time for maximum SNR effi-
ciency, but is limited by the minimum scan time required to
encode the entire sensitive volume, especially with large array
sizes. This means that the SNR gained from improved detector
technology, higher B, magnetic field strengths and the like, is
ultimately of limited value in reducing CSI scan times. In addi-
tion, CSI’s spatial resolution is usually set by the geometry of the
tissues that must be distinguished, which often compromises
the ability to match voxel size with a desired compartment in
order to maximize SNR.'®

The SLAM method exploits differences in volume sizes
between desired MRS compartments and the CSI resolu-
tion to realize SNR gains arising from the proportionality
of equation (1). Basically, SLAM directly encodes the com-
partments of interest using only the PEs that have the highest
SNR plus the prior MRI-based knowledge of the location and
size of the compartments. Moreover, if the ‘center of k-space’
strategy is chosen (vs fSLAM), apart from a scout MRI, the only
prior knowledge actually needed to start a SLAM study, is the
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number of compartments, C, which is typically the same for a
given application.

SLAM reconstruction involves solving a set of C linear
simultaneous equations by eliminating unneeded PEs from the
standard CSI algorithm, which are therefore not acquired. The
resulting set of spectra are at best, equal to the spectra that would
have obtained from averaging the individual voxels that com-
prise each compartment of a regular CSI acquisition, of which
the SLAM PEs represent a subset. Indeed, in retroactive and
proactive *'P cardiac and 'H brain studies of patients, SLAM
can deliver metabolite measures that are quantitatively com-
parable to results obtained by averaging CSI spectra from the
corresponding compartments, and provide many-fold reduc-
tions in minimum scan times. Moreover, because the SNR lost
by cutting the scan time (~./[scan time]), is offset in part by the
SNR gained by matching the compartment and voxel volumes
(~4/[compartment/voxel]), this reduction in minimum scan
time enables faster MRS acquisitions at a significantly mitigated
cost to the final MRS SNR.

Inter-compartmental signal contamination of SLAM spectra
increases with the inhomogeneity of the signal distribution,
the intensity of signals in adjacent compartments, and when
segmentation omits real signal sources. Such errors can arise
from intrinsic variations in tissue metabolite concentrations
(e.g., chest vs cardiac muscle in *'P spectra, or scalp lipids
in 'H brain spectra) or detector coil sensitivity, which can
also be problematic for conventional CSI. For testing, it is a
useful feature of SLAM that it can be performed retroactively
on raw CSI data that are accompanied by scout MRIs, simply
by applying the algorithm to a subset of the central k-space
frames. The retroactive SLAM spectra can then be compared
with the summed CSI from the same-sized compartments for
validation, as exemplified above (e.g., Figures 2, 3, 6-8).

fSLAM extends SLAM by removing the limitation that PEs
be selected from the set of integer-stepped CSI gradients. The
fSLAM gradients are adjusted to minimize leakage or errors
due to inhomogeneity and/or maximize SNR. Maximizing SNR
alone will typically result in a cluster of PEs at the center of
k-space that generate potentially unacceptable bleed errors,
while only minimizing the compartmental errors yields rea-
sonable results, albeit with a small reduction in SNR (Figure 4c
vs b). In addition, note that the SRF is not global but spe-
cific to the anatomical model. Inter- and intra-compartmental
leakage occurs only when the integral over the entire com-
partment is nonzero for example, due to the presence of
significant intra-compartmental heterogeneity. The segmenta-
tion in SLAM ensures that the integral of the SRF vanishes
over other compartments, while fSLAM minimizes the effect
of heterogeneity within the compartment of interest as well.

Extension to 2-D, 3-D, and SENSE

Multi-receiver SENSE is now state-of-the-art in MRI, and
is often implemented with regular 'H CSI as well, where it
already provides significant reductions in MRS scan times for
CSI. As discussed earlier, SLAM too can incorporate conven-
tional SENSE calibration. Moreover, signals from the individual
receiver channels used for SENSE encoding can be used in lieu
of the SLAM PEs to further reduce the already-limited PE
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gradient set. The upshot is significant additional scan-time
accelerations, beyond those provided by SENSE CSI alone.
The extreme example is the 120-fold acceleration achieved by
replacing all PEs but a single central k-space acquisition, with
the SENSE inputs from a 32-channel head coil (Figure 6d;
Ref. 28). The fidelity of such extreme accelerations will depend
on the localization properties of the SENSE coils, and may
not work well for other segmentations, data, or applications.
Nevertheless, in many cases adding SENSE results in a recon-
struction that is many-fold over-determined for the number of
compartments being solved. With SENSE, the SLAM* recon-
struction algorithm, equation (27), appears better at reducing
errors owing to the effects of signal heterogeneity owing to its
more spatially confined dSRF compared to equation (26), and
may be preferred. Although the integral of the dSRF computed
with equation (26) is forced to zero outside a desired compart-
ment, incomplete cancellation of intense extra-compartmental
signals such as scalp lipids close to the SENSE coils (Figure 6),
can exacerbate bleed artifacts.

While the extension of SLAM to 2-D and 3-D CSI with
acceleration factors of up to 120-fold is dramatic (Figure 6d),
much lower acceleration factors of say ~fivefold (Figures 4,
6, 8) can represent meaningful, if not enabling, scan-time
advantages. Examples include: (i) the reduction of a barely
tenable 39 min *'P human cardiac 3-D CSI cardiac scan to
just 514 min — short enough perhaps, to include *'P MRS
in a complete functional cardiac MRI exam and (ii) a 3-D
'H MRS of a brain tumor patient performed in 1.5 min with
SENSE SLAM* that was otherwise precluded from a SENSE
CSI scan by scan time.?® However, even if the time-saving were
not needed, averaging SLAM acquisitions for the same scan
time as CSI still deliver significant SNR benefits compared to a
compartmental-average CSI spectrum (e.g., Figure 2b).

Conclusion

The SLAM methodology generates localized spectra compara-
ble to the average of equivalent CSI compartments but with
potentially huge scan-time reductions, significant SNR gains,
and manageable bleed artifacts. It can be used in conjunction
with existing MRS tools commonly used in CSI to compensate
for field inhomogeneities and eddy-currents, as well as with
SENSE to yield scan-time reductions way beyond those already
provided by SENSE CSI. These efficiency advantages may be
useful for reducing MRS scan times in patient MRS studies
involving global disease such as cardiomyopathies,®®%242532
large lesions, or where single voxel methods are limited by
relaxation, motion, or other considerations.>> The reductions
in minimum scan time compared to CSI may also offer a prac-
tical means of translating the higher SNR afforded by increases
in magnetic field strength and other detector technologies, into
faster MRS. The main drawback of SLAM technology at present
is that, it is not generally available as a packaged MRS tool on
clinical MRI machines. Hopefully, this can change.
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