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Abstract

Magnetic Resonance Spectroscopic Imaging (MRSI) provides MR spectra from multiple
adjacent voxels within a body volume represented as a 2 or 3 dimensional matrix, allowing
measurement of the distribution of metabolites over this volume. The spectra of these voxels
are usually analyzed one by one, without exploiting their spatial context. In this paper we
present an advanced metabolite quantification method for MRSI data, in which the available
spatial information is considered. A nonlinear least squares algorithm is proposed, where
prior knowledge is included in the form of proximity constraints on the spectral parameters
within a grid and optimized starting values. A penalty term that promotes a spatially smooth
spectral parameter map is added to the fitting algorithm. This method is adaptive, in the sense
that several sweeps through the grid are performed and each solution may tune some
hyperparameters at run-time. Simulation studies of MRSI data showed significantly improved
metabolite estimates after the inclusion of spatial information. Improved metabolite maps
were also demonstrated by applying the method to in vivo MRSI data. Overlapping peaks or
peaks of compounds present at low concentration can be better quantified with the proposed

method than with single-voxel approaches. The new approach compares favorably against the

multivoxel approach embedded in the well-known quantification software LCModel.

Keywords: quantification, MRSI, spatial information, metabolites

Abbreviations: AQSES, accurate quantitation of short echo time domain signals; HLSVD-
PRO, Hankel-Lanczos singular value decomposition with partial reorthogonalization; RMSE,
relative mean-squared error; Lipl, lipids at 1.3 ppm; Lip2, lipids at 0.9 ppm; dB, decibel;

GMREF, Gaussian Markov random field.
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Introduction

Brain tumors in humans occur in a large number of different types, with variable survival
prospects and requirements for treatment. The most common type, gliomas, has a very
unfavorable prognosis. Magnetic Resonance Imaging (MRI) is widely used in the clinic for
differential diagnosis and prognosis of brain tumors, but with conventional MRI, essentially
assessing anatomy, this is often difficult. Therefore, more functional MR approaches, such as
MR spectroscopy (MRS), are explored to investigate specific characteristics of brain lesions.
MRS has been shown to offer significant metabolic information that is useful for clinical
diagnosis and treatment evaluation and in pre-clinical investigations of tumors. Magnetic
Resonance Spectrocopic Imaging (MRSI) is an MR technique that combines MRS and MR
imaging methods by measuring MR spectra of a 2 or 3 dimensional array of voxels. It
facilitates the observation of the spatial distribution of metabolic patterns over tumor and
surrounding tissue regions, which is important because of the heterogeneous nature of
tumors. The results of MRSI measurements can be exploited in tissue segmentation and
classification techniques, which may be used for the quantification of tissue volumes, and
localization and spatial characterization of the heterogeneous lesions in tumor tissue (1-5).
This can play an important role in pre-surgical and (radio-)therapy planning. In practice the
result of tissue segmentation should be part of a clinical decision support system able to
improve the quality of clinical decision making, offer better diagnosis, prognosis and

treatment selection of brain tumors.

When classifying brain tumors using MRSI data, the input used by the pattern recognition
techniques are either the full spectra or a set of metabolic features extracted from the spectra.
Still, due to computational matters, using the metabolite tissue concentrations as input
features is preferred, as previous studies reported high accuracy with such feature-based

classification approaches (4, 6, 7). Since metabolite concentration estimates from MRSI
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signals are the input variables for advanced classifiers for tissue type differentiation and
tumor recognition, it is clear that reliable quantification results are very important. The
problem of quantifying metabolite concentrations from in vivo single voxel MRS
measurements has been tackled by a variety of model-based methods, both in time and
frequency domain, such as VARPRO (8), AMARES (9), LCModel (10, 11), TDFDfit (12),
QUEST (13) and AQSES (14). These methods are initially designed to work on individual
voxels and when applied to MRSI data the signals from each voxel within the MRSI grid are
quantified separately. As opposed to single-voxel measurements, the MRSI signals usually
have a lower quality, due to the spatial/spectral trade-off for the available measuring time.
Thus, although MRSI is getting more and more popular in the MR community, retrieving
accurate estimates of the most relevant metabolite concentrations remains a challenging
computational task because of magnetic field inhomogenieties, relatively low signal-to-noise
ratio (SNR) and physiological motion, compromising spectral resolution, and strongly
overlapping metabolite peaks. Since MRSI provides measures of multiple metabolites
simultaneously at each voxel, there is furthermore great interest in exploiting the available
spatial information, as this is expected to improve the accuracy of quantification compared to

processing the signals on an individual voxel basis.

Incorporating spatial prior knowledge to optimize processing of MRSI data has been
addressed previously (15-17). The prior knowledge that has been considered so far includes
the assumption that the signals are perfectly aligned in frequency and/or the phase of the
resonances is constant over the grid under proper preprocessing (15), that the frequency,
damping and phase parameters have spatially smooth variations (16), that the metabolite
composition of each tissue type is relatively constant over a local region and MRI-derived
tissue distribution functions can be used as prior knowledge for MRSI quantification (17). In
all these approaches a common quantification solution is formulated for the whole MRSI grid

assuming that many characteristics of the signals within the same grid are related. Still
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differences in the signals may appear due to the heterogeneity of the tissue under
investigation and inhomogeneities in the magnetic field applied in the scanner. It is well-
known that some metabolite concentrations differ with tissue type. For example the
compound N-Acetyl Aspartate (NAA) is reduced in voxels containing tumor tissue as
compared to normal tissue (18, 19). Moreover, T2 relaxation times of metabolite spin systems
may also depend on tissue type (20, 21) and pathology (22). At the same time, the spectral
parameters such as damping and frequency are magnetic field-dependent. The process called
shimming aims to obtain a constant magnetic field throughout the MRSI grid. Although an
optimal shimming result is not guaranteed, it is reasonable to assume that there are no abrupt
changes in the magnetic field between neighboring voxels and that possible variation in the
damping and frequency parameters proceed smoothly over the considered MRSI grid.
Exceptions could be the occurrence of abnormal features strongly affecting susceptibility,

such as bleeds or cysts or for voxels at sharp boundaries like the borders of ventricles.

In this paper we propose a novel approach: an alternating nonlinear least squares algorithm
for fitting and modeling MRSI data, in which both the parameters’ variability and similarity
within an MRSI grid are considered. In the quantification of all voxels, penalties are added to
promote, within neighboring regions, smooth parameters maps for frequency shifts and
damping corrections, while allowing complete freedom to the metabolite amplitudes (tissue
concentrations). Due to the heterogeneity of the tissue that characterizes brain tumors, and to
the variations induced by magnetic field inhomogeneities, a common optimization over the
whole MRSI array is not explicitly formulated, as opposed to previous studies (15-17). We
use a dynamic approach, in which the bounds on the relevant values of the parameters are
iteratively adapted, and/or the parameters of the model function take new starting values for
each voxel, at each iteration. To assess the quality of our method, an extensive Monte Carlo

simulation study and several in vivo MRSI examples of brain tumor patients are presented.
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1. Methods

The method we propose is an important extension of the time-domain quantification method
AQSES (Accurate Quantitation of Short-echo Time Magnetic Resonance Spectroscopic
Signals) (14) for MRSI data, aiming to exploit spatial knowledge present in the data. AQSES
fits the measured signal to a nonlinear model (23), which is derived from metabolite profiles
that are measured in vitro or quantum-mechanically simulated. The AQSES optimization
problem is further modified in order to account for the spatial prior knowledge available
when dealing with MRSI data. We further refer to the new version as AQSES-MRSI. The

method is embedded as a plugin to the in-house software SPID (24), a Matlab® (The
MathsWorks™) platform for advanced spectroscopic signal preprocessing, processing and

classification.

1.1 Single voxel quantification based on a metabolite basis set

MRS and MRSI signals are measured in the time-domain and are Fourier transformed for
better visualization into frequency-domain spectra. In most quantification methods an
appropriate nonlinear model is fitted to the measured MRS signal by minimizing the sum of
the squared residuals, which is the maximum likelihood solution under the assumption of
additive white Gaussian noise. The fitting can be done in the time domain (9, 13-14), in the

frequency domain (10, 11), or by combining both domains (12).

In AQSES (14) the free induction decay (FID) signal is modeled as a linear combination of K

possibly damped, phase and frequency-shifted metabolite templates. We consider that we are
given a “metabolite basis set” as a set {v,, for k =/,...,K} of complex-valued signals of

length N, representing in vitro measured or quantum mechanically simulated NMR responses
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of pure metabolites. An in vivo NMR signal y, which is also a complex-valued time series of

length N, is assumed to satisfy the model:

)=yt +¢&,,t=ty ... tn; [1]
K 2

@)=Y a g vi () +b(@) + w(t) 2]
k=1

where «,, ¢,, 17, € C are unknown parameters that account for amplitudes of the
metabolites in the basis set and for the necessary corrections of the basis set signals. The
complex amplitudes ¢, and the complex values ¢, and 77, can be written as (with j =\-1)

(23):

a, =a, exp(jé,)
{exp(—dk + 27qfk) for Lorentzian and Voigt lineshapes

exp(27;7fk ) for Gaussian lineshapes

n, = eXp(—gk ) for Gaussian and Voigt lineshapes

where a, are positive real-valued amplitudes, ¢, are the phase shifts, f; are frequency shifts,
d, are Lorentzian damping corrections, and g; are Gaussian damping corrections. In [1], the
term &, denotes an unknown noise perturbation with zero mean. In [2], b(z) denotes the

“baseline”, which is the response of macromolecules that are not included in the basis set, and
w(t) denotes the water component. For ease of exposition, the analysis in this paper is
restricted to the assumption that the water and baseline contributions have been filtered out in

a preprocessing step.
Typically, the single voxel time-domain quantification problem can be expressed as:

2
Iy

. 1 K i .
min — Y |y(t)— > a, exp(jdy)sin; v, (t) ;3]
k=1

ai..se - N =
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This nonlinear least squares problem can be solved separately for each signal of MRSI data,
without taking into account any spatial information. From a computational point of view, we
only focus on the damping corrections and frequency shifts of all metabolites, which can be
stacked in a vector €. This comes from the fact that AQSES is implemented as a separable
problem using a variant of the variable projection method (23), which means that the

parameters appearing linearly into the model (the complex amplitudes ¢, , yielding the real-

valued amplitudes and phases) are projected out, since they are uniquely determined_through

a linear least squares problem by the values of the nonlinear parameters.

1.2 Modalities of exploiting spatial information

If we consider a voxel ¢ within an MRSI grid of voxels, smooth parameter maps can be
locally measured at voxel ¢ by using the parameter value at the current location and the
values in a certain neighborhood. AQSES-MRSI starts by individually fitting each signal in
the grid using nonlinear least squares (14, 23). Then several sweeps through the grid are
performed until convergence. At each sweep spatial information is taken into account in the
fitting algorithm by imposing smoothness constraints in more steps, outlined below and
explained in Section 1.3 in full details:

-1*" step: in this step changes are made to the starting values of the nonlinear

parameters, @, (vector containing damping corrections and frequency shifts for voxel

¢), to be set to the median of the parameter values from the considered neighbors 6.,

obtained in the previous sweep (s = /,...,S, where S is the total number of voxels in
the considered neighborhood).

2" step: this step optimizes the bounds on the parameters’ variability. We add an
extra box constraint so that the parameters of the neighboring voxels do not present a

high variability. The upper and lower bounds of this constraint are imposed by

http://mc.manuscriptcentral.com/nbm
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tightening the previous box based on the current information available in the
neighboring voxels.

-3" step: in this step spatially smooth parameter maps for the frequency shifts and

damping corrections are imposed. The nonlinear least squares problem is modified by

adding a penalty term, which builds a sum over the squared distances between the
parameters of all neighboring voxels. The weight on the smoothness of individual

parameters is adjustable.

The convergence

The convergence measure is defined at each sweep i as:

where Q,i(p) is the estimated parameter p of signal / in sweep i, P is the number of

parameters per signal, L is the number of signals. The iterative algorithm continues until
C;<0.001 or we reached the maximum of 10 sweeps. Still we observed that the convergence

is typically reached in less than 10 sweeps.

1.3 The quantification method AQSES-MRSI

In the single voxel implementation of AQSES, it was found convenient to set to zero all the
initial values of the nonlinear parameters (frequency and damping corrections). In this way
the optimization starts with no spectral correction with respect to the signals from the
metabolite basis set. The latter are assumed to be reasonably aligned to the in vivo signals. In
AQSES-MRSI we introduce spatial information by initializing the nonlinear parameters of

the voxel of interest with the median value of parameters in the previous sweep from the
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voxels considered in the selected neighborhood area. The first sweep uses initial values equal

to zero.

0! = median(0.”") , where
Hj represents the starting values of the nonlinear parameters at sweep i,

6’5‘1 represents the optimal parameters of the surrounding voxel s obtained at sweep i-1.

In the 2™ step we introduce an effective spatial constraint such that the parameters of the
neighboring voxels do not yield a high variability. AQSES itself uses soft constraints (i.e.,

reasonable bounds on the damping and frequency corrections) of the form

d,€[0,A,], f, €[-A;,A;], where A, and A, are small scalar values. Recall that the

nonlinear parameters represent corrections applied to the metabolite profiles. These soft

constraints can be written in vector form as a box constraint: 8, €[B,

low?

B, 1. The allowed
parameter variation in this step of AQSES-MRSI is bounded by the following interval:
g eld. —a'B

low?

—i-1 i1
0, +a B,1

—iet
where o is a scalar value initially set to 0.25, ;s is computed at sweep i as the mean of the

damping and, respectively, frequency of the voxels surrounding the voxel of interest and

estimated in the sweep i-. The value of o' decreases with each sweep as &' = /i, where

i is the sweep counter.

Finally, in the 3™ step, inspired by (16), a penalty term over the parameter maps is

formulated. With AQSES-MRSI a complex optimization problem is considered by imposing

a trade-off between solving the minimization problem as described in [3] and minimizing the

nonlinear parameters variation within neighboring regions:
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2
2

w0, -6,)

(4]

) 1 INo . 2
Hgnﬁz yc(t)_yc(t’QCX +O-2 285’855

¢ =1 Hc¢gs

where the signal y_(¢) corresponds to voxel ¢ and the model , (I,HC) is considered as a

weighted sum of metabolite signals with nonlinear corrections €.. Spatial information is

introduced via the second term, called penalty term, which encourages a smooth solution for

the problem (16). The penalty terms are multiplied by adjustable scalar penalty
parameters &, , which account for the trade-off between an optimal fitting of the current signal
and the penalty.

o’ is an estimate of the noise variance computed from the tail of the signal in time domain

in voxel c. B, is a weighting scalar which gives the influence of the parameters @, on the

parameters 6., as described below. W is a diagonal weighting matrix, with W e R¥"™*"

’

which accounts for the scale differences between parameters, where K is the number of
metabolite profiles and m is the number of parameters per metabolite. For example, for the
Lorentzian model, m=2 (damping and frequency), if we use variable projection and solve for
amplitude and phase in closed form. Thus W can be used to adjust the weight on the
smoothness of certain individual parameter maps and even to turn off smoothing for some of

the parameters by using a zero weight. In summary, all the parameters in the penalty term,

&, o, Wand B, determine the trade-off between fitting the individual signals against

N

smoothing the parameter maps.

The spatial model

Following the work of (25), we apply a sliding window method, i.e., the sweeps go through
the voxels row-wise (a checker-board pattern or a spiral starting from the center of the grid

are also possible). In choosing the geometry of the neighborhood, different models can be
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used for introducing spatial information in the optimization problem (26). Yet, based on the
assumption that tissue and magnetic field inhomogeneities influence the parameter maps,
spatial constraints are further considered only within the voxels surrounding the voxel of
interest, restricting in this way the neighborhoods to small areas. Throughout the 2D
experiments the “3x3 spatial model” (the adjacent voxels plus voxels on the diagonal are
considered as neighbors, giving a total of 8 voxels (26), see Figure 1-a) is used. An extension
to the 3D MRSI case could be possible. The selection of a fixed neighborhood (26) can be a
disadvantage, in particular for very heterogeneous data. To overcome this limitation, we

introduced an extra decision factor in the proposed method, £, , which makes the process of

selecting the neighborhood more flexible. AQSES-MRSI allows the user to account for both

the similarities and the variability within an MRSI grid.

Defining the weighting scalar 3,

The spatial information is taken into account via:
_ neighborhood ptissue
IB cs — Mes ﬂ cs

where 3" is () or 1 depending on whether voxels ¢ and s are neighbors according to,

cs

e.g., the “3x3 spatial model” for selecting the neighborhood area, see Figure 1-a.

B is based on tissue information and reflects how similar two voxels ¢ and s are,

cs

independently from spatial consideration. The higher 8"

.., the higher the influence of voxel
s on voxel ¢, in other words, the closer the parameters &, and €, should be. To simplify, one

can use S5 = 1 if tissue type is similar, and B = 0 otherwise. 5" has to be

available as prior information (Figure 1-b). It can be obtained previously via MRI

segmentation or classification. This segmentation procedure is not part of this study.

Choosing the weighting matrix W

12 http://mc.manuscriptcentral.com/nbm
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The diagonal matrix W, which accounts for the different scales and variability of the

parameters, can be used to adjust the smoothness of individual parameter maps. Let

W, 0 0 0
0w, 0 0

W =
0 0 W, 0
0 0 0 W,

where W € R"*" We consider equal weights for all damping corrections and equal weights
for all frequency shifts. Both for simulation experiments as well as for in vivo data W, = 0.2

is used for the Lorentzian damping parameters and W;= 2 for the frequency maps (16).

Choosing the penalty parameters &,

The positive scalar parameters &, accounts for the trade-off between fitting the model y, to
the signal y,.in least squares sense and imposing the minimization of the penalty term. We

allow &, to be adaptively chosen for each particular signal at each sweep by evaluating the

2

1 Iy .
current residual sum of squares RSS = — Z Y, (t) -V, (t, 4961 and the current penalty norm

t=t,

penalty . = ||W(6?r —Qy]z and setting &, =0.1v/RSS /\/penotlty_Y , which gives 90%

importance to the fit and 10% importance to the penalty.

Performance measures

To evaluate the robustness and performance of the method a simulation and an in vivo

experiment were designed.
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Firstly, Monte Carlo studies were performed on a series of 225 MRSI simulated signals
grouped in 25 simulated MRSI grids of dimension 3x3 voxels. To analyze the performance of
the proposed method for different levels of noise, white Gaussian noise with different levels
of SNR was added to the signals. The signal power, Py, , was measured for each signal as the
squared Euclidean norm of the time-domain signal divided by the length of the signal, and
transformed to dB through Py, := 10log;o(Py;,). Then the standard deviation of the added

noise, N(t), for the different levels of SNR was computed as:

[P\.,.g—SNRJ

std,, =\N10° "

Figure 2 illustrates how the different levels of SNR (10, 15, 20, 25 and 30) perturb the
signals. For this experiment, damping, frequency and amplitude values were set to take
values corresponding to the signals measured in normal brain tissue. These nominal values
were chosen as in (14) and are within the intervals reported for in vivo MRSI (19, 29).
Typically, before quantifying in vivo MRSI data, a phase-correction preprocessing step is
performed. Assuming phase-corrected in vivo MRSI data, within the same grid, the phase
values are kept constant for the same metabolite profile. Randomly valued, but reasonably
smooth parameter maps were considered for damping and frequency so that, for each
metabolite, the distortions of the exponential damping factor are limited to £15% from its
nominal value d within the MRSI grid. Thus, the damping values for each metabolite
uniformly cover the interval [d — 0.15%d, d + 0.15%*d]. Similarly, frequency shifts are allowed
a variation of £10%, [f~0.1%f, f+0.1%f].

The relative mean-squared error (RMSE) was computed for each metabolite k within the

simulated grid, as follows:

14 http://mc.manuscriptcentral.com/nbm
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A

where a, , is the estimated amplitude of the 1" signal and a.* is the true amplitude. L is the

number of signals within the MRSI grid.

The performance over the whole grid and over all metabolites is computed as:

1 o«
RMSE = (E D RMSEkj :

where K defines the number of metabolites.

For every specific test we compute the corresponding Cramer-Rao lower bounds (CR bound)
from the Fisher information matrix corresponding to the true parameter values of the
nonlinear model function. Then, we compare the calculated RMSEs with the theoretical CR
bounds. This gives us an excellent indication of the gain in the accuracy that can be obtained

by using AQSES-MRSI.

In order to analyze the effect of sharp edges versus smoothness and the influence of different

levels of inhomogeneities on the performance of AQSES-MRSI, a 2™ simulation experiment

was designed. For this purpose four MRSI data sets of 10x10 voxels have been generated

with different parameter maps. Each simulated MRSI grid containing a region with normal-

tissue-like spectra and a region with tumor-like spectra. We considered parameter maps with:

A. sharp edges but constant parameter values within a tissue region and different between the

regions; B. sharp edges with slightly varying random parameters values within the tissue

region, but highly different between the regions; C. sharp edges with smooth parameter map

within the tumor region, and D. smooth edges with smooth parameter maps over the whole

grid. Gaussian white noise of SNR = 15 was added to all signals. RMSE; and RMSE were

computed for each data set.

Thirdly, to verify to which extent the conclusion drawn in the simulation studies are

consistent with real conditions, in other words, to analyze whether the method preserves its
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robustness and accuracy when applied to real data, in vivo studies are performed. To this end
we apply the method to several in vivo MRSI measurements. The cases are extracted from the
INTERPRET database (27). As an illustration we present and discuss the quantification

results coming from three patients diagnosed with different tumor types. The performance of

AQSES-MRSI on in vivo MRSI cases is compared with the single voxel time domain
quantification methods AQSES (14) and QUEST (13), the latter being a well-known
quantification method included in the jMRUI tool (28), applied on individual voxels. We

also compared our results with LCModel (11), which incorporates a functionality that allows

the user to consider spatial information when analyzing multivoxel data. When quantifying

the in vivo MRSI data with LCModel, the same metabolite basis set as for the other methods

was_considered. As explained in LCModel’s User Guide, prior information of phase and

frequency adjustments from one voxel are included as soft constraints for the next voxel in a

row-by-row analysis. These are preceded by locating Cho and NAA peaks for a "preliminary

analysis" for the improved estimation of phase and frequency adjustments. The final full

analysis calculates relative concentrations of metabolites across all voxels. To asses the

quality of the fit, the quantification results are translated into metabolic maps. Additionally,

an analysis of the fit and of the residual is performed.

2. Materials
2.1 Simulation experiments

The simulated signals were obtained as a linear combination of 11 metabolite profiles, which

were individually shifted in frequency and broadened as described in the previous section:

nine measured metabolite profiles: NAA, myo-inositol (Myo), creatine (Cr), phosphocholine
(PCh), glutamate (Glu), lactate (Lac), alanine (Ala), glucose (Glc), taurine (Tau) plus two
simulated lipids profiles: lipids at 1.3ppm (Lipl) and lipids at 0.9ppm (Lip2) (13). The

measured profiles were selected from a measured database acquired with a 1.5 T Philips NT

16 http://mc.manuscriptcentral.com/nbm
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Gyroscan using a PRESS sequence with an echo time of 23 ms, and a PRESS box of 2 x 2 x

2cm’, as described in (14).

2.2 In vivo MRSI studies

The MRSI data were acquired in the Radboud University of Nijmegen Medical Centre
(RUNMC) on a 1.5T clinical MR system (Siemens Vision), using a 2D STEAM pulse
sequence with the STEAM box positioned in a transversal plane through the brain showing
the largest tumor diameter in the Gd contrast enhanced image. The study was approved by the
ethical committee of the UMCN and for tumor typing followed the rules of the World Health
Organization (WHO). The MRSI parameters are: 16x16x1024 samples, TR/TE/TM=2000 or
2500/20/30 ms, slice thickness = 12.5 or 15 mm, FOV (field of view) = 200 mm, spectral

width = 1000 Hz. The water suppressed MRSI signals are preprocessed as follows: filtering

of k-space data by a Hanning filter of 50% using the LUISE software package (Siemens,
Erlangen, Germany), zero filling to 32 x 32 and spatial 2D Fourier transformation to obtain
time domain signals for each voxel, Eddy current correction, water removal with HLSVD-
PRO (30) and baseline correction performed as described in (24). Finally, all spectra were

normalized with respect to the amplitude of the water unsuppressed signal. The SNR of the

preprocessed data is computed as the power of the signal, P,;, after extracting the estimated

noise power, divided by the power of noise, P,,;. _computed from the last 180 points of the

time-domain signals. For the considered data, SNR values are between 8 and 16 dB.

As in the simulation study, 9 measured metabolites and 2 simulated ones were considered for

quantifying the data. The measured metabolite profiles were selected from a measured basis

set acquired on a 1.5 T Siemens system, using a STEAM sequence with an echo time of 20

ms, and a STEAM box of 2x2x2 cm’, as described in (14). These metabolites were chosen

based on their potential as biomarkers to separate between different brain tissue types as well

as to identify brain lesions. Another important aspect in the choice of a restricted basis set is

that fitting metabolites that are actually not visible in the spectrum or that are too correlated

17 http://mc.manuscriptcentral.com/nbm
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with each other may increase the complexity of the problem and affect the accuracy of the

algorithm (14). AQSES-MRSI can be combined with any other simulated or measured basis

set under the same protocol as the considered in vivo data and the basis set given here is just a

representative example.

3. Results

3.1 Monte Carlo simulations

First we analyze the improvement brought in by introducing spatial information at different
levels in the fitting algorithm. The results are presented with respect to different noise levels,
see Figure 3, and compared with the single-voxel approach AQSES. This is done separately
for the sequential steps of the algorithm (see Section 1.2) so that we can observe how each
step aimed at introducing spatial prior knowledge influences the quantification results. For
low level of noise both AQSES and AQSES-MRSI 1%, 2™ and 3™ step prove to be very

robust and accurate as the RMSE curves almost converge to the CR bound values.

For higher levels of noise, we observe a clear difference between the performance obtained
with the individual voxel approach versus the multivoxel approach. From the results we can
conclude that incorporating spatial information in the form of dynamic starting values for
nonlinear parameters contributes in minor percentage to the final performance reached by
AQSES-MRSI, as a small improvement in the accuracy is obtained after this step (see
AQSES-MRSI, «ep). The gain in accuracy becomes obvious after the o step where we
impose soft constraints on the damping and the frequency parameter maps (see AQSES-
MRSDLyug gep). After the ond step, the accuracy with respect to the single-voxel approach
improves with up to 70% at low SNR. At high noise levels (see Figure 3), the last step, which
imposes smoothness penalties, AQSES-MRSI; ¢ep, brings an improvement of 78% in the

accuracy.
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We also investigated the performance of AQSES-MRSI for each metabolite individually,
(Figure 4). A major improvement in estimating the overlapping metabolites (Lip1, Lip2, Lac
and Ala) is obtained with the proposed method. Low standard deviation values with respect
to the mean performance are registered with AQSES-MRSI proving that the problem of
metabolite mis-quantification is reduced. Indeed, these peaks are strongly overlapping with
other metabolites, thereby decreasing the robustness of metabolite estimation. In contrast,
AQSES-MRSI still provides good estimates showing that by using spatial constraints in the
fitting algorithm we are able to obtain robust parameter estimation of overlapping peaks; see

Figure 5 for the RMSEs of these metabolites for a range of SNRs.

To estimate the impact of using spatial information in quantifying inhomogeneous data we

further present the results obtained with AQSES-MRSI in the second experiment, where four

sets of simulated MRSI grids presenting different types of parameter maps were used. The

results of this experiment are presented in Figure 6. Regardless of the degree of

inhomogeneity, AQSES-MRSI outperforms the single voxel approach. The RMSE for

AQSES-MRSI stays constantly below 3 within the MRSI grid. For the voxels situated at the

interference between the two considered tissue types we can notice some problems for the

sharp edge maps (see map A and map B). Even if the error remains low in these regions, the

performance of the algorithm is influenced by sudden parameters change.

The error in estimating the metabolite concentrations for map D are detailed in Figure 6.b-c.
A percentage of improvement of up to 75% is reported when using AQSES-MRSI. The
estimates obtained with AQSES-MRSI are very close to the true amplitudes regardless of the
tissue type. AQSES performance shows to be tissue type dependent (see the error maps of the
following metabolites: Cr, Lac, Lipl, Lip2, Ala, in Figure 6c). This drawback is a

consequence of the fact that metabolite concentration varies with the tissue type and,
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therefore, metabolites in low concentration in a certain region can not be estimated with high

accuracy with a single voxel approach. With AQSES-MRSI this problem is reduced.

3.2 Effect of including spatial prior knowledge on analyzing in vivo MRSI data
We showed in the simulation studies that by including prior knowledge in the form of spatial
constraints, the accuracy of estimating metabolite concentrations improves. Now we further

analyze the performance of AQSES-MRSI on in vivo MRSI data.

Metabolic maps

We present the results obtained with AQSES-MRSI on three patients with different tumors (a

meningioma, a glioblastoma and an oligoastrocytoma tumor grade III). Similar results were

obtained for other patients within the INTERPRET database (31). Since this study is not
aimed at evaluating a preliminary MRI segmentation step, when defining the parameters 3.,

tissue class prior knowledge is not included. This means that we impose the spatial
constraints on all the voxels surrounding the voxel of interest as defined with the 3 x 3 spatial
model (see Section 1.3). The resulting metabolite estimates are exported into metabolite
maps. By analyzing these maps we can have a fast visual overview on the performance of the
method. We emphasize that no post-smoothing has been performed on the metabolite map
images.

For all cases, the proposed method provides a much less noisy spatial distribution for the

metabolites, with well-contoured metabolic maps, as opposed to AQSES, QUEST and

LCModel. Even for metabolites that are difficult to quantify with conventional approaches

we obtain good results, as can be seen in Figures 7-9.

For the meningioma patient, AQSES-MRSI results are in agreement with previous studies,

(e.g. 19, 32, 33) and in the tumor area the NAA, Cr and Myo levels are lower with respect to
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the non-affected area, while Glc levels are higher. The Myo and Glc metabolite maps drawn
based on the results obtained with the single-voxel approaches are noisier and a clear
differentiation between the normal and tumor tissue is not obtained when analyzing the levels
of these compounds over the whole grid (Figure 7). A decrease in NAA and Cr in the tumor
area is observed for all four approaches. Still, a smoother map is obtained when using spatial

prior knowledge. Compared to LCModel, similar metabolite maps were obtained for NAA,

Cr and Myo. The LCModel map for Glc is in disagreement with all the other results and with

the literature (32).

For the patient with a glioblastoma (Figure 8), Ala and Lac concentration estimates with
AQSES-MRSI are increased in the tumor region while NAA is low, which has been observed
in previous studies for these tumors (e.g. 19, 34). Lips levels are reported by all methods as

elevated in the affected area, being very high towards the center of the tumor area which

could be a sign of necrotic tissue (19, 35). Also in this example, the parameter maps obtained

with AQSES, QUEST and LCModel are less smooth. For the single voxel approaches, high

levels of Ala and Lac are present in isolated voxels in the normal tissue region, not likely to

represent the true situation, but rather artifacts due to mis-fitting. Compared to AQSES-

MRSI, LCModel, which considers spatial knowledge, provides smooth metabolites in the

normal tissue region, while for the tumor region the maps are very noisy and present

variations that seem to be above the limit of a normal inhomogeneity behavior (the metabolite

value in a voxel within the tumor tissue region is closer to the mean of the metabolite value

within the normal tissue region). A better fit is observed with AQSES-MRSI for the spectra

coming from tumor regions, where the residual presents no contribution from the considered

metabolites. With AQSES-MRSI the tumor region is nicely contoured and the whole grid
gives a smooth overview over the whole investigated image. These results are also closer to

the diagnosis agreed by the clinicians after the histopathology. Moreover, the metabolite
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maps seem more plausible when using the proposed spatial prior than without it, which is

justified by comparing spectra of neighboring voxels.

For the oligoastrocytoma case the quantification results allow us not only to separate between

tumor and normal tissue region, but also to find the contour of the CSF zone. When analyzing

AQSES-MRSI results from the quality-of-fit point of view we observe high performance both

in the tumor and in the normal tissue region. As an illustration, two signals from different

tissue regions are presented together with their AQSES-MRSI fit and the residual, see Figure

9. The residuals do not exhibit obvious unassigned metabolite peaks.

4. Discussion

In this study we developed a new, fully automated method, called AQSES-MRSI, to estimate
metabolite levels in MRSI data, that includes spatial information of neighboring voxels, and
demonstrated its enhanced performance with respect to the time-domain quantification

methods AQSES and QUEST, both working on a single-voxel basis. An analysis of MRSI

data by LCModel software, which also includes spatial information, showed a relatively low

performance in tumor regions, suggesting that its accuracy is tissue type dependent, which

could be a drawback in the processing of very heterogeneous MRSI data

An important advantage of using spatial prior knowledge in the quantification of MRSI

spectra is that overlapping peaks as Ala, Lac and Lip, can be better assessed independently,

also in cases where single-voxel approaches fail to do so. This can represent a critical point in

the quantification of MRSI data and further in the classification of brain tumors based on

spectroscopic MR signals, as we know that these peaks are important biomarkers to

discriminate different tissue types. In addition, resonances of metabolites present at relatively

low concentration can be better estimated. This represents an added value in the analysis of

MRSI data for the detection and characterization of brain lesions and disorders, as most of the
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classification algorithms are applied on feature vectors derived from tissue levels of relevant
metabolites. Application of the new method to brain tumors, which can be very
heterogeneous, showed improvements compared to conventional processing methods. Thus it
is expected that starting from more reliable spectral parameter estimates the accuracy and
robustness to separate tumor and normal tissue and to differentiate between tumor types will
be enhanced. AQSES-MRSI results can be used as more robust starting points towards

improved tissue segmentation and classification.

The simulation studies showed that by exploiting spatial prior knowledge and by using
information from the spectral parameters (frequencies, dampings) of spectra from
surrounding voxels, statistically better results are obtained compared to processing the signals

on an individual basis. The spectral resolution of the in vivo data sets was too low to permit

proper differentiation between Glu and Gln; the Cramer-Rao lower bounds were larger than

50% for each of the two metabolites. However, the sum of Glu and Gln could be reasonably

estimated.

Previous quantification studies that exploit spatial prior knowledge demonstrated that this
information can improve the estimation of metabolite levels (15, 16). The approach proposed
in (15) extends the AMARES,, method (Advanced Method for Accurate, Robust and Efficient
Spectral fitting - time series approach) (36) and exploits the idea of processing the spectra
within the MRSI grid simultaneously, while equating some spectral parameters across the
grid. The problem is seen as a quantification of a series of MRS signals, which boils down to
minimizing a cost function that includes more signals simultaneously. In (15) it is assumed
that the frequencies and phases remain constant over the whole MRSI grid, thus equality
relations between these parameters of the same type are imposed for all signals. The signals
need to be preprocessed by eddy current correction and spectrum alignment such that these

assumptions are sufficiently met. Then the model function is used for all the voxels, but the
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number of free model parameters is lowered due to the imposed equalities on frequencies and
phases, respectively, across all voxels. However, the distortion of the nonlinear model
parameters of in vivo MRS signals depends on magnetic field inhomogeneities. These are, in
turn, also dependent on the heterogeneity of the tissue. Hence, such a simplified solution does
not satisfy the complexity of the problem in realistic cases. To better meet such conditions
small variations in the frequency shifts are allowed in AQSES-MRSI, and smooth parameter

maps are imposed for the damping corrections.

In another study spatial information is being used by a hierarchy of neighborhood systems in
the form of a generalized Gaussian Markov random field (GMRF) (16). Instead of exact
equality relations, softer constraints are considered in the form of spatially smooth parameter
maps for the frequencies, dampings and phase variables. To this end, a Bayesian approach of
specifying a prior distribution over the considered parameter maps is used (37). This means
that penalty terms in the form of weighted distances between parameters of the same type are
added to the nonlinear least squares fitting problem based on the classical model of a sum of
damped exponentials. As in (15) the optimization function is modified so that several signals
are fitted simultaneously and the method is not sensitive to the heterogeneity of the
information contained in the MRSI grid. Although GMRF provide an elegant methodology,
the structure of the GMRF is often a poor model of the true components underlying the data,
especially if we deal with very heterogeneous data. Part of the problem stems from the
Markov property that the relationship among adjacent voxel pairs is determined by the input
features (38). First order (four neighbors) and second order (eight neighbors) hierarchies of
neighborhood systems are used (16). This makes the optimization problem very hard to solve
because it requires a global adjustment and we deal with extremely high-dimensional data.
We have shown that a computational cheaper approach for introducing spatial information
can bring very satisfactory improvements in the quantification process. In our proposed

adaptive method, AQSES-MRSI, a nonlinear least squares problem is solved only for the

24 http://mc.manuscriptcentral.com/nbm

Page 24 of 43



Page 25 of 43

O©CoONOOGOPDWN-=-

NMR in Biomedicine - For Peer Review Only

parameters of the current signal for each voxel at a time, and several sweeps through the
MRSI grid are performed so that some of the hyperparameters of the problem are optimized
at each sweep. Hence, as opposed to previous studies (15, 16), a common optimization for
simultaneously fitting all the signals in the MRSI grid and simultaneously penalizing all their

parameters was not explicitly needed in this study.

Quantification methods based on numerical optimization usually require excellent starting
values for the model parameters. With AQSES-MRSI an intrinsic correction mechanism, to
adapt the starting values and to correct the non-linear parameters variability in the
quantification of each signal at each sweep through the grid, is proposed. Thus, simply
starting in the first sweep with zero corrections on the dampings and zero frequency shifts for
all the metabolite profiles, still leaves the possibility of multi-start optimization, since starting
values can change at each sweep according to the parameters of the neighboring voxels. The
LCModel software package (10, 11) also offers the possibility to analyze MRSI data in one
multivoxel run. It first analyzes a central voxel of the subset and then works outwards, using
Bayesian learning to get starting estimates and ‘“‘soft constraints” for the first-order phase
correction and the referencing shift from the preceding central voxels for the outer voxels.
Still no smoothing on the nonlinear parameters is imposed. As in (16) we show that by
adding a smoothing penalty term an improved solution is obtained. Another added value of
AQSES-MRSI is the fact that neighboring regions are dynamically chosen, giving the user
the possibility to extend or to limit the neighborhood area by adding tissue prior knowledge

when defining this area.

AQSES-MRSI, the methods proposed in (15, 16) and LCModel software have in common
that the resolution of the parameter maps equals the resolution of the MRSI grid, although
MRI information can be used for pre-assignment of voxels to a certain tissue type. An

interesting different approach is considered by the recent k-space-time methods (17, 39),
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which use prior anatomical knowledge to reconstruct MRSI signals and metabolic maps at

the resolution of the underlying MRI.

S. Conclusions

A new automated method for the quantification of MRSI data, called AQSES-MRSI, which
incorporates spatial information, is proposed. It uses simple spatial constraints on the
nonlinear spectral parameters, while allowing total freedom to the metabolite weights.
Results show that it significantly improves metabolite estimates of MRSI data and can
provide easy-to-interpret metabolite maps, which in turn could further be exploited for tissue
classification. We demonstrate how essential it is to have a robust method for tuning the
starting values, the soft constraints and the additional penalties involved in the optimization

algorithm.

Exploiting spatial prior knowledge is shown to improve the accuracy of quantification
compared to processing MRSI voxels on an individual basis. It brings the advantage that
overlapping peaks or peaks of compounds present at low concentration can be better resolved
than in single-voxel approaches. Because of the automation of the method and its improved
robustness to deal with spatial heterogeneity of spectral data, AQSES-MRSI is expected to be
a better and more attractive tool to analyze clinical MRSI data, for patients with intracranial

tumours, than single-voxel approaches. Future work involves evaluating the method in

conjunction with MRI segmentation methods for voxel pre-assignment, an optimization of

the smoothing functions for data with sharp tissue boundaries and its further application to in

vivo 3D MRSI tumor studies.
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Captions of the figures

Figure 1: Visualization of the neighborhood regions (blue color) that is taken into account in

the spatial model for the parameter map of the voxel of interest (red color). In a) the

neighborhood contains all the voxels selected with the “3x3” spatial model. In b) the

neighborhood contains only the voxels selected with the “3x3” spatial model and belonging

to the same tissue class.

Figure 2: Simulated MRSI spectra reflecting normal brain tissue profile and presenting

different levels of noise (SNR = 30, 25, 20, 15, 10 and a noise free case).
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Figure 3: Mean of the RMSE amplitude values computed for the 25 simulated MRSI grids of
3x3 voxels, for different levels of SNR (30, 25, 20, 15, 10 and a noise free case); the

influence on the performance of each step within the AQSES-MRSI algorithm.

Figure 4: Mean of the RMSE, amplitudes values computed for the 25 simulated MRSI grids
of 3x3 voxels, for different metabolites. Vertical lines show the mean and the standard

deviation values. SNR level is 25.

Figure 5: Mean of the RMSE; amplitudes values of Ala, Lac and Lipl computed for the 25

simulated MRSI grids of 3x3 voxels for different levels of SNR.

Figure 6: a. Simulated MRSI grids with different parameter maps: A-D. 25% of the MRSI
grid contains tumor like spectra (lower right corner) and 75% of the grid presents normal
tissue like spectra. Color maps with the RMSE values for each voxel are presented for
AQSES and AQSES-MRSI (see 2™ and 3™ row). In b. and c. the performance of AQSES-
MRSTI versus AQSES in estimating the metabolite concentrations for map D is detailed for

each metabolite.

Figure 7: Metabolic maps obtained after applying QUEST, AQSES, AQSES-MRSI and
LCModel. The color scheme is relative to each metabolite. The patient is diagnosed to have a

meningioma (lower left corner of the MRI image).

Figure 8: Metabolic maps obtained after applying QUEST, AQSES, AQSES-MRSI and
LCModel. The color scheme is relative to each metabolite. The patient is diagnosed to have a

glioblastoma (upper right corner of the MRI image).
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Figure 9: In a. metabolic maps obtained with AQSES-MRSI and LCModel for a patient

O©CoONOOGOPDWN-=-

diagnosed with oligoastrocytoma tumor grade III (upper left corner of the MRSI grid). The
11 color scheme is relative to each metabolite. In b. the quantification results obtained with
13 AQSES-MRSI, for 2 selected spectra: the residual, the fit and the signal are visualized. Upper
signal comes from the tumor region; lower signal comes from the normal tissue area, as

marked on the NAA map.
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A new automated time-domain
quantification method for MRSI
data, which exploits the spatial
information present in the data, is
proposed. Overlapping peaks or
peaks of compounds present at low
concentration are better quantified

with the proposed multi-voxel
method than with single-voxel
approaches.
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32 Figure 1: Visualization of the neighborhood regions (blue color) that is taken into account in the
33 spatial model for the parameter map of the voxel of interest (red color). In a) the neighborhood
contains all the voxels selected with the “3x3” spatial model. In b) the neighborhood contains only
the voxels selected with the “3x3"” spatial model and belonging to the same tissue class.
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Figure 2: Simulated MRSI spectra reflecting normal brain tissue profile and presenting different
levels of noise (SNR = 30, 25, 20, 15, 10 and a noise free case).
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Figure 3: Mean of the RMSE amplitude values computed for the 25 simulated MRSI grids of 3x3
voxels, for different levels of SNR (30, 25, 20, 15, 10 and a noise free case); the influence on the
performance of each step within the AQSES-MRSI algorithm.
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Figure 4: Mean of the RMSEk amplitudes values computed for the 25 simulated MRSI grids of 3x3
voxels, for different metabolites. Vertical lines show the mean and the standard deviation values.

SNR level is 25.
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Figure 5: Mean of the RMSEk amplitudes values of Ala, Lac and Lipl computed for the 25 simulated
MRSI grids of 3x3 voxels for different levels of SNR.
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Figure 6: a. Simulated MRSI grids with different parameter maps: A-D. 25% of the MRSI grid
contains tumor like spectra (lower right corner) and 75% of the grid presents normal tissue like
spectra. Color maps with the RMSE values for each voxel are presented for AQSES and AQSES-MRSI
(see 2nd and 3rd row). In b. and c. the performance of AQSES-MRSI versus AQSES in estimating
the metabolite concentrations for map D is detailed for each metabolite.
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48 Figure 7: Metabolic maps obtained after applying QUEST, AQSES, AQSES-MRSI and LCModel. The
49 color scheme is relative to each metabolite. The patient is diagnosed to have a meningioma (lower
50 left corner of the MRI image).
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Figure 8: Metabolic maps obtained after applying QUEST, AQSES, AQSES-MRSI and LCModel. The
color scheme is relative to each metabolite. The patient is diagnosed to have a glioblastoma (upper
right corner of the MRI image).
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Figure 9: In a. metabolic maps obtained with AQSES-MRSI and LCModel for a patient diagnosed
with oligoastrocytoma tumor grade III (upper left corner of the MRSI grid). The color scheme is
relative to each metabolite. In b. the quantification results obtained with AQSES-MRSI, for 2
selected spectra: the residual, the fit and the signal are visualized. Upper signal comes from the
tumor region, lower signal comes from the normal tissue area, as marked on the NAA map.
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