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Abstract

Assertive diagnosis of cancer, Alzheimer’s disease, epilepsy and other metabolic
diseases is essential to provide patients with the adequate treatment. Recently,
different invasive and non-invasive techniques have been developed for this
purpose, nevertheless, due to their harmless properties the non-invasive techniques
have gained more value. Magnetic Resonance is a well-known non-invasive
technique that provides spectra (metabolite peaks) and images (anatomical
structures) of the examined tissue. In Magnetic Resonance Spectroscopy (MRS),
molecules containing certain excitable nuclei, such as 1H, provide the metabolite
information. As a consequence, the peaks in the MR spectra correspond to
observable metabolites which are the biomarkers of diseases. Finally, metabolite
concentrations are computed and compared against normal values in order to
establish the diagnosis. The method to obtain such amplitudes is also called
quantification and its accuracy is essential for diagnosis assessment.

Quantification of MRS signals is affected by a relatively low signal-to-noise ratio
(SNR), a residual water resonance, lineshape distortions, overlapping resonances
and underlying macromolecules and lipids affecting their baseline. Our ultimate
goal was, therefore, the development of signal processing tools and algorithms
to improve the quantification of MRS signals. For this, we first proposed a
heuristic method to improve the residual water filtering using Hankel Singular
Value Decomposition (HSVD). Additionally, a method for lineshape estimation of
distorted MR spectra was developed and evaluated in simulated, in vitro and in
vivo signals. Furthermore, a baseline approach was implemented via a parametric
modelling method based on prior knowledge acquired from a set of in vivo
macromolecular signals (measured via inversion recovery), which aims at avoiding
long measurements and allowing a flexible set of baseline components. Finally, for
the analysis of quantification results we focused on an automatic evaluation of the
residual, thereby benefiting MRS spectral analysis in the clinic. This work was
developed within the context of the European project ‘FAST’ (MRTN-CT-2006-
035801) - Advanced Signal Processing for Ultra Fast Magnetic Resonance -, which
was a Research and Training Network granted by Marie Curie Actions in the 6th

Framework Program (2007-2010), http://fast-mrs.eu.
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Notations

Ala Alanine
AMARES Advanced method for accurate, robust and efficient spectral fitting
AQSES Automated quantification of short echo time MRS spectra
Asp Aspartate
Cho Choline
Cr Creatine
CRLB Cramér-Rao lower bounds
CSI Chemical shift imaging
dB Decibels
DSS Trimethylsilylpropanesulfonic acid sodium salt
ECC Eddy current correction
FASTMAP Fast, automatic shimming technique by mapping along projections
FFT Fast Fourier transform
FID Free induction decay
FIR Finite impulse response
FOV Field of view
FWHM Full width at half maximum
GABA Gamma-aminobutyric acid
GAMMA General approach to magnetic resonance mathematical analysis
Glc D-Glucose
Gln Glutamine
Glu Glutamate
Glx Glutamine+Glutamate
Gly Glycine
GPC Glycerophosphorylcholine
GSH Glutathione
GUI Graphical user interface
HLSVD Hankel Lanczos singular value decomposition
HLSVD-PRO HLSVD with partial reorthogonalization
Lac Lactate
LCModel Linear combination of model spectra
Lip Lipids

v
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LOESS Local regression and smoothing scatter-plots
MDL Minimum description length
MM Macromolecule
MOIST Multiple optimizations insensitive suppression train
MP-FIR Maximum phase FIR
MRS Magnetic resonance spectroscopy
MRSI Magnetic resonance spectroscopic imaging
m-Ins Myo-inositol
NAA N-acetyl-aspartate
NAAG N-acetylaspartylglutamate
NDP Number of data points
NLLS Nonlinear least squares
NMR-SCOPE NMR spectra calculation using operators
OVS Outer volume suppression
PBS Phosphate buffer solution
PCh Phophorylcholine
PCr Phophocreatine
PE Phosphorylethanolamine
PRESS Point-resolved spectroscopy
QUALITY Quantification improvement by converting lineshapes

to the Lorentzian type
QUECC QU from QUALITY and ECC
QUEST Quantitation based on quantum estimation
RF Radio frequency
RMSE Root mean squared errors
s-Ins Scyllo-inositol
SAMOS Subspace-based automatic order selection method
SNR Signal-to-noise ratio
SPID Simulation Package based on in vitro databases
SSE Sum of square errors
STEAM Stimulated echo acquisition mode
SV Single voxel
SVD Singular value decomposition
SW Spectral width
T Tesla
Tau Taurine
TE Echo time
TI Inversion time
TR Repetition time
tCho Total choline
tCr Total creatine
VAPOR Variable power RF pulses and optimized relaxation delays
VARPRO Variable projection
VOI Volume of interest
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Chapter 1

Introduction

This chapter aims at introducing the reader to Magnetic Resonance (MR), its basic
principles and phenomena followed by some applications. In Section 1.1 the basics
of MR Spectroscopy (MRS) and MR Spectroscopic Imaging (MRSI) are described
together with the parameters involved in the acquisition and interpretation of MR
spectra. Section 1.2 refers to the diagnosis of diseases using 1H MRS(I) data
considering the most relevant metabolites. Finally, the goals of the thesis and the
outline of each chapter are presented in section 1.3.

1.1 Basics of Magnetic Resonance

One of the non-invasive diagnostic techniques used for detection of cancer and
metabolic diseases is Nuclear Magnetic Resonance (NMR) or often referred to
as simply Magnetic Resonance (MR). NMR, as its name indicates, is based on
the magnetic properties that certain nuclei experiment when exposed to an
external magnetic field. These nuclei have a unique resonance frequency related
to the radio waves emitted. Compared with other diagnostic techniques such
as Computed Tomography (CT), Radionuclide imaging (e.g., Positron Emission
Tomography (PET), Gamma camera) and Optical Imaging (Fluorescence), MR
emits no ionizing radiation to the patient, making it harmless and feasible for
follow up studies in children and adults. The information obtained with MR
includes Imaging (MRI), Spectroscopy (MRS) and Spectroscopic Imaging (MRSI).
Spectroscopic signals help in the visualization of metabolic information and images
provide details of the anatomic structures. Only certain atomic nuclei have a
nuclear magnetic moment (also called spin), giving them the properties of a sort
of small magnet and a non-zero quantum number. Such nuclei are, for instance,

1



2 INTRODUCTION

Proton (1H) (used in this thesis), Phosphorus (31P), Carbon (13C), Fluor (19F),
Nitrogen (14N), Sodium (23Na), etc. Due to its abundance in the human body,
the most common nucleus used in MR is 1H.

An 1H MR signal is obtained by placing the sample under investigation into a
static external magnetic field B0 to which the angular momentum of the nuclei is
aligned (see Fig. 1.1). The magnetic moments align parallel or antiparallel to the
direction of B0 with a spin number of +1

2 (low energy state) or - 1
2 (high energy

state), respectively (see Fig. 1.2). Spins rotate about the Z axis (or precess) with
a specific frequency called the Larmor frequency (f0) proportional to the magnetic
field B0. At the Larmor frequency the nuclei absorb energy causing the proton to
change its alignment and to be detected in a magnetic field. This Larmor frequency
is defined by:

f0 =
γB0

2π
(1.1)

where γ represents the gyromagnetic ratio specific for each isotope (e.g., γ
2π =42.58,

17.25, 10.71, 40.08, 3.08 and 11.26 MHz/T, for 1H, 31P, 13C, 19F, 14N and 23Na,
respectively). Thus, for the data used in this thesis, with B0=1.5 Tesla (T), 3.0 T,
and 9.4 T, the resulting Larmor frequencies for 1H are f0=63.87, 127.74, and
400.252 MHz, respectively.

Figure 1.1: Left: Spins are precessing along two opposite orientations to the external
magnetic field B0. Right: Spin rotation around its own axis and around the magnetic
field axis. Partially adapted from [188].
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The MR signal intensity is reflected in the amount of energy emitted, which
depends on the difference between the two energy states given by:

∆E = γ~B0, ~ =
h

2π
(1.2)

where h is the Planck constant (6.626 × 10−34 J sec).

In thermal equilibrium the distribution between spin +1
2 and spin -1

2 is defined
by:

n−

n+
= e−∆E/kT (1.3)

where k is Boltzmann’s constant (1.381 × 10−23 J/K) and T is the temperature in
Kelvin. This ratio in Eq. (1.3) is close to unity in normal circumstances producing
a low absorption of energy and causing the low signal-to-noise ratio (SNR) of the
signal emitted.

In order to excite all the nuclei within the required frequency range a radio
frequency (RF) pulse with a selected bandwidth is applied. When the RF field
matches the Larmor frequency at which the nuclear magnets naturally precess in
the magnetic field B0, some of the n− nuclei are promoted from the low energy
state to the high energy state, and n+ increases. The RF signal is applied as a
single powerful pulse, which effectively covers the whole frequency range and lasts
a time (tp) typically of a few microseconds. This oscillating magnetic field (B1)
was applied along the x axis, perpendicular to the applied magnetic field (B0)
which is defined as being along the z axis (see Fig. 1.1, left). The effect of the
pulse is to tip the magnetization through an angle given by:

Θ = γB1tp (1.4)

Commonly, tp is chosen so that Θ is 90◦, and such pulses are called 90 degree pulses.
The magnetization, disturbed from its orientation along the z axis, precesses in the
xy plane, generating an oscillating signal, which is to be picked up by a receiver
coil. This signal is called the free induction decay (FID) and has a complicated
wave pattern decaying away to zero. The decay takes place because the individual
nuclei relax, as they get back to their equilibrium states. The MR signal intensity is
proportional to the number of nuclei contributing to it, so in case of low SNR, more
acquisitions are necessary and their average will represent the final acquired MR
signal. Moreover, the signal intensity can be higher by increasing the magnetic
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Figure 1.2: Energy level of 1H spins when an external field B0 is applied. The spins
parallel to B0 (+ 1

2
) correspond to a lower energy level, while spins aligned antiparallel to

B0 (− 1
2
) correspond to higher energy levels.

field B0 and decreasing the temperature T . However, in in vivo studies large
temperature variations in patients’ bodies are not possible.

Thanks to the difference between the magnetic field at the nucleus and the
magnetic field applied, electrons around the nucleus shield it from the applied
field and produce the nuclear shielding which allows the differentiation between
molecules. On the other hand, the RF pulse is able to excite all nuclei of an isotope
and the amount of shielding experienced by a nucleus determines the net magnetic
field given by:

B = B0(1 − σ′) (1.5)

where σ′ is the dimensionless shielding constant that depends on the electrical
environment of a nucleus.

The electron density in a molecule varies according to the type of nuclei and bonds
in the molecule, therefore the opposing field and also the net magnetic field vary at
each nucleus. This phenomenon is also known as chemical shift and is the reason
why different molecules are distinguishable in the MR spectrum as different peaks.
However, when nuclei are close to each other and influence each other’s magnetic
fields, cause something called spin-spin coupling or J-coupling. Thus, coupling
arises when multiple spins are within a molecule, producing alterations in the
local magnetic field surrounding each nucleus. This is reflected in the MR spectra
as the splitting of peaks into multiplet structures.

There are different parameters affecting the detection and measurement of an MR
signal: field strength, natural abundance, concentration and mobility in the tissue
and spin state. For instance, macromolecules with a molecular weight greater
than 20 Kilodaltons are not detected, while those in the millimolar range can be
adequately detected. MRS signals can be measured in vivo where no intervention
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is required, or ex vivo on a biopsy of the tissue of interest using High Resolution
NMR or Magic Angle Spinning (HR-MAS). Additionally, this extracted biopsy
can be used for complementary histopathology studies.

1.1.1 Magnetic Resonance Spectroscopy (MRS)

MRS is the MR technique used to obtain the metabolic information in the form
of signals. These signals are the emitted signals and correspond to a sum of
complex-damped exponentials in the time domain, also called free induction
decay (FID). The transformation in the frequency domain using the Fast Fourier
Transform (FFT) is useful to observe the individual molecules in the form of
peaks corresponding to the excited nuclei. See Fig. 1.3. Estimating the area
under each peak allows the computation of the metabolite concentrations (also
known as quantification or quantitation), where the peak area is proportional to
the number of spins giving rise to it. In the spectrum, the variation in magnetic
field strengths experienced by each molecule is related to their chemical shift, also
called resonance frequency, denoted in parts per million (ppm). The representation
in the frequency axis is commonly given in ppm in order to be independent from
the spectrometer frequency, so that metabolites resonate at fixed ppm-values for
all spectrometer frequencies. The transformation from Hz to ppm is:

ppm =
fHz × 106

fs
+ ppmRef (1.6)

where fHz is the resonance frequency in Hz (specific frequency for a certain
metabolite), fs the spectrometer frequency in Hz (also called transmitter frequency,
specific for the type of scanner) and ppmRef the ppm value of the carrier
frequency (center frequency of the spectrum) which is commonly selected at the
water resonance (4.7 ppm) in 1H MRS. The carrier frequency is the sum of the
spectrometer frequency (in MHz) and the spectrum offset (in Hz) about which the
pulse is applied. Incorrect setting of the spectrum offset may lead to folded peaks
outside the spectral window.

For instance, if we consider a 1H signal from mouse brain measured at 9.4 T
(400.310 KHz), creatine would have a peak located at -671 Hz and the computation
of the ppm ratio following Eq.(1.6) is:

ppm =
−671 × 106

400.310 × 103
+ 4.7 = 3.025 ppm (1.7)

If we have a 1H signal from human brain measured at 3.0 T (127.74 KHz), the
same peak of creatine will be located at -209 Hz, leading to 3.07 ppm (Eq.(1.6)).
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Figure 1.3: Left: Time domain signal representation (i.e., Free induction decay - FID)
in two planes corresponding to the real and imaginary parts. Right: Real and imaginary
parts of the Fourier Transformed signal. Adapted from [35].

The acquisition parameters of an FID include:

• Pulse sequence: a set of RF pulses are required to select a voxel. The
orientation of the selected slice can also be chosen freely by an appropriate
weighted combination of the three available field gradients within the MR
scanner. For a selection of a volume instead of a slice, three slice selections
with different orientations are necessary. The selected volume of interest
(VOI) is built by the intersection of the three selected slices. In 1H MRS the
most common pulse sequences are Point-RESolved Spectroscopy (PRESS)
[12] and STimulated Echo Acquisition Mode (STEAM) [48]. In the PRESS
sequence, a 90◦ excitation and two 180◦ refocusing pulses are used and in
the STEAM-sequence all three pulses are 90◦ excitation pulses. See Fig. 1.4.

An additional acquisition sequence used for measuring the contribution of
macromolecules and lipids is called inversion recovery. In this sequence, a
180◦ RF pulse that inverts the magnetization is first applied followed by
a 90◦ RF pulse that brings the residual longitudinal magnetization into
the xy plane where it can be detected by an RF coil. This technique is
time inefficient due to the large recovery delay needed to allow the complete
recovery of the signal. The time between the initial 180◦ degree pulse and
the 90◦ degree pulse is the inversion time (TI) [35]. Alternatively, a short TI
inversion recovery sequence (STIR) has been proposed by Dwyer et al. [43]
for fat suppression, where a relatively short inversion time is used to null the
fat signal while maintaining water and soft tissue signal. In practice, several
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Figure 1.4: Left: PRESS sequence with three RF pulses applied simultaneously with field
gradients along the main axes of the magnet. Right: STEAM sequence with the refocusing
gradients positioned before the second RF pulse and after the third RF pulse. Only the
first part of the data acquisition time is shown as the first part of the FID. Figures from
[80].

inversion times are measured and finally the one with maximum metabolite
suppression is selected.

• Echo Time (TE): represents the time in milliseconds (ms) between the
application of the first pulse and the beginning of the data acquisition.
MRS signals can be acquired at long and short TE, where long TE signals
provide a good observation of slowly decaying components (e.g., N-acetyl-L-
aspartate (NAA), Choline (Cho) and Creatine (Cr)), while short TE signals
provide more metabolic information. Typical long TE signals are in the
range between 60 and 300 ms and short TE signals are in the range between
1 and 50 ms. An illustration of the difference between short and long TE is
shown in Fig. 1.5.

• Repetition time (TR): is the time between successive pulse sequences applied
to the same slice.

• T1: is also called the spin-lattice relaxation time and refers to the time to
reduce the difference between the longitudinal magnetization after the RF
pulse and its equilibrium value by a factor of e1, where e is Euler’s number
e = 2.71828. Thus, we have

Mz(t) = M0(1 − e−
t

T1 ) (1.8)
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Figure 1.5: Simulated signal composed of Cr, Glu, NAA and Tau obtained using a
PRESS sequence with short TE (5 ms) and long TE (272 ms). These simulations were
performed using NMR-SCOPE [164].

where Mz(t) is the longitudinal net magnetization at time t and M0 the
initial net magnetization aligned with B0. See Fig. 1.6.

• T2: is also called the spin-spin relaxation time and refers to the time constant
which describes the return to equilibrium of the transverse magnetization
Mxy as:

Mxy(t) = Mxy0
e−

t
T2 (1.9)

where Mxy0
is the net transversal magnetization at time 0. T2 is always ≤ T1.

The net magnetization in the xy-plane goes to zero and then the longitudinal
magnetization still grows until the net magnetization is reached along the
z-axis.

• T ∗
2 : is also known as the effective transverse relaxation time, thus, the time

constant for the observed decay of the FID. It is a combination of transverse
relaxation and magnetic field inhomogeneity effects. In the presence of a
homogeneous magnetic field T ∗

2 = T2, however, in an inhomogeneous field
T ∗

2 < T2. We have the following relation between time and frequency domain
parameters:

T ∗
2 =

1

πυ 1
2

(1.10)
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where υ 1
2

corresponds to the linewidth1 of the Fourier transformed signal

(i.e., the Full Width at Half Maximum (FWHM)). See Fig. 1.6.

Figure 1.6: Left: Graphical representation of the T1 and T2 relaxation times along the
magnetization M0. The time constants T1 and T2 are measured in seconds (or ms) and
refer to the exponential nature of the two relaxation processes. Middle: real part of the
FID during relaxation and its envelope, which is related to the T ∗

2 relaxation time. Right:
Real part of FFT of the FID showing the linewidth of the spectrum, which corresponds to
the Full Width at Half Maximum (FWHM). Adapted from [35].

• Single or multi-voxel: Single-voxel (SV) MRS measures a signal from a single
volume, while multi-voxel MRS measures signals from a grid of multiple
volumes. See Fig. 1.8.

• Number of averages: number of acquisitions performed in order to increase
the SNR.

• Number of points (NDP): number of time samples used in the acquisition.

When the homogeneity of the magnetic field is inappropriate, a technique called
shimming (referring to adjustment) is normally performed. By shimming a magnet,
the magnetic field becomes more homogeneous and a better spectral resolution can
be obtained. Broad lines, asymmetric lines, and a loss of resolution are indications
that a magnet needs to be shimmed. The shape of an NMR line is a good indication
of which shim is mis-adjusted.

Shimming can be performed by tuning the Z, X or Y gradient coils. Z indicates
that the field produced by these shims are symmetric about the z axis of the
magnetic field. Fig. 1.7 shows graphically how the profiles of the magnetic fields
produced by Z1, Z2 and Z3 appear. The shape of fields is described by their
names: Z1 is a linear gradient across the sample, Z2 is parabolic, Z3 is cubic, etc.

1In the time domain we refer to the damping or the decay of the FID MRS signal, while in
the frequency domain we refer to the linewidth or lineshape of the spectral peaks.
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The higher the power of the Z inhomogeneity, the further away the asymmetry
is from the center of the line. Room temperature shims are metal coils able to
generate small variable magnetic fields, which compensate for imperfections [68].

Figure 1.7: This plot shows graphically the profiles of the magnetic fields produced by
Z1, Z2 and Z3. Obtained from [68]

Proton (1H) MRS is the most common spectroscopy technique used in brain
studies, where up to 15-20 metabolites can be distinguished and quantified
[128, 170, 111, 169, 38]. The metabolites commonly observed in 1H MRS are:
N-acetyl-L-aspartate (NAA), Creatine (Cr), Choline (Cho), Myo-inositol (m-Ins),
Lactate (Lac), Glutamate (Glu) and Glutamine (Gln). However, depending on
the magnetic field, TE, SNR and the overlap between metabolites, some of these
metabolites are barely observed. For instance, due to their short relaxation times,
the resonances of Glu, Gln and m-Ins are not well visualized at long TEs, while
short TEs allow a better resolution of metabolites resonating with short relaxation
time. Another effect of TE happens in metabolites like Lac: at echo times around
even multiples of 1/J-coupling (144 ms or 136 ms), the Lac doublet at 1.3 ppm
appears positive (pointing upwards), while at odd multiples of 1/J-coupling the
resonance appears negative (pointing downwards).

In vivo 1H MRS signals contain a water resonance several orders of magnitude
larger than those of metabolites. In order to visualize the metabolites, a
suppression of the water peak is required. For this purpose, several water
suppression techniques included in the acquisition protocol, such as presaturation,
watergate, water flip-back and suppression by coherence pathway rejection, are
typically used to provide a residual water signal at the level of most observable
metabolites [47, 170, 21, 117, 112]. Moreover, when 1H in vivo MRS signals
are measured, an unsuppressed water signal is also acquired. This water signal
contains a prominent water resonance together with barely visible metabolites of
interest and is commonly used as reference for phase correction and quantification,
as will be explained in chapter 2 and 3.



DISEASES AND DIAGNOSIS IN 1H MRS 11

1.1.2 Magnetic Resonance Spectroscopic Imaging (MRSI) and
MRI

MRSI is also known as Chemical Shift Imaging (CSI) or multi-voxel spectroscopy,
where the visualization of spectral intensities from multiple voxels is achieved. It
provides a set of signals (FIDs) containing the metabolic information in a two- or
three dimensional grid of volume elements called voxels, allowing the identification
of different neighboring regions in the tissue under investigation. In contrast
to MRSI, MRI provides the anatomical image of the scanned region giving the
morphology (i.e., tissue structure). The spatial distribution of protons in the form
of images in the chosen slice is localized by using different gradients. These images
can be obtained in the same measurement session and used as complementary
diagnostic information. A great advantage of MRI is the difference in contrast
between tissues. Moreover, in order to enhance the specific characteristics of a
certain region, contrast agents are injected intravenously. For some diseases, it is
advantageous to evaluate both, the anatomical image and the individual spectra
because with the anatomical image only certain structures and diseases can be
clearly identified, whereas individual spectra can complementary be used to extract
metabolic information per voxel. See Fig. 1.8.

MRSI resolution is limited by the low SNR, which can be improved by measuring
large voxels or increasing the number of averages. Processing and quantification
of MRSI data can be performed similarly to single voxel MRS, however, some
studies have shown that by including spatial information in the quantification of
MRSI data, improvements in the metabolite estimates and metabolite maps can
be achieved [28, 78].

1.2 Diseases and diagnosis in 1H MRS

MRS and MRSI play an important role in the non-invasive diagnosis of cancer and
metabolic diseases such as: pediatric diseases [39], brain diseases (e.g., Alzheimer’s
disease, multiple sclerosis, ischemia, inflammation) [100, 49], epilepsy [64], brain
tumors [15], cardiovascular diseases, breast and prostate cancer [116], liver and
muscle diseases [99]. In particular, 1H is highly used due to its natural abundance
in the body and its capability of detection in different tissues.

In MRS/MRSI, increases or decreases in metabolite concentrations are used to
address the type and gravity of diseases by comparing to normal ranges. These
concentrations can be obtained by quantifying MRS signals and different methods
have been developed for this purpose [129, 176, 158, 66, 180]. Basically, the
area under the peaks (obtained by the so-called peak integration method) in
the MR spectrum corresponds to the metabolite concentration, however, more
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Figure 1.8: Brain MRI and MRSI data of a patient acquired at 3.0 T in a Philips MR
scanner (Achieva, Philips, Best, The Netherlands). MRSI parameters were: PRESS pulse
sequence with the water suppression method MOIST (Multiple Optimizations Insensitive
Suppression Train), repetition time (TR)=2 s, echo time (TE)=35 ms, spectral width
(SW)=2 KHz and number of data points (NDP)=2048 points. Measurements were done
at the University Hospital of the Katholieke Universiteit Leuven, Belgium. Top left: T2-
weighted image. Top right: Spectrum of the selected voxel without water filtering; the
region between 0.5 ppm and 4.5 ppm corresponds to the region of interest. Bottom: Set
of spectra from the voxels of interest preprocessed by water filtering.
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advanced methods based on the fitting of metabolite profiles to the in vivo FIDs
or corresponding spectra have been successfully applied [140, 143, 137, 182, 28]. A
further step, which is not addressed in this thesis, corresponds to the classification
and automatic diagnosis, based on the obtained metabolite estimates (or the
“feature extraction” step) from quantification [98].

A list of metabolites known to be important biomarkers of diseases in 1H MRS are
listed in section 1.2.1 and Fig. 1.9 shows three MR spectra measured at different
magnetic fields and indicating the main biomarkers of diseases. In this thesis,
1H MRS in the brain has been essentially used for studying lineshape, baseline
and residual analysis issues. Spectra from normal brain, Alzheimer’s disease and
epilepsy [123, 122, 121, 120] have been used for validating the proposed methods.
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Figure 1.9: Real part of the spectra of three in vivo signals acquired at: (a) 1.5 T
with acquisition parameters: PRESS pulse sequence, TR=6 s, TE=23 ms, SW=1 KHz,
NDP=512 points, 64 averages. (b) 3.0 T with acquisition parameters: PRESS pulse
sequence, TR=2 s, TE=35 ms, SW=2 KHz, NDP=2048 points, 1 average. (c) 9.4 T
with acquisition parameters: PRESS pulse sequence, TR=4 s, TE=12 ms, SW=4 KHz,
NDP=2048 points and 256 averages.
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1.2.1 Metabolites of interest in 1H MRS

• Alanine (Ala): This amino acid is present in the human brain at a
concentration of about 0.5 mM, presenting higher values in the case of tumors
such as meningioma and glioma. It has two main resonances: a doublet
located at 1.47 ppm, which highly overlaps with the resonances from lipids
and macromolecules, and a quartet located at 3.77 ppm [56].

• Aspartate (Asp): This is an excitatory amino acid with multiple
resonances at 3.89 ppm, 2.65 ppm and 2.80 ppm. Its concentration in the
brain is about 1-2 mM [56].

• Choline (Cho) - Phosphorylcholine (PCh) - Glycerophospholyl-
choline (GPC): Choline components consist of brain myelin and fluid-cell
membranes. The main peak is observed as a singlet at 3.2 ppm which
contains a mixture between Cho, PCh and GPC, also denoted as total
Choline (tCho). The concentration in human brain is approximately 1-
2 mmol/Kg wet weight, with approximately 0.6 mM of PCh, 1 mM of GPC
and only a small concentration of free Cho of about 0.03 mM. Changes in
tCho are associated to changes in membrane composition, such as membrane
turnover and demyelination [56]. An increase may indicate cancer, ischemia,
head trauma, Alzheimer’s disease or multiple sclerosis, while a decrease may
indicate a liver disease and stroke. Cho compounds are known to be larger
in tumor than in normal tissues.

• Creatine (Cr) - Phosphocreatine (PCr): These metabolites reflect the
energetic status of the tissue and, due to their stability, they are often used as
an internal reference for computing relative concentrations. Total Creatine
(tCr) is characterized by two singlets, one at 3.03 ppm and the other one
at 3.9 ppm. In the human brain, Cr and PCr have been found to be in
concentrations between 4.8-5.6 mM and 4-5.5 mM, respectively; however,
small differences have been observed in gray and white matter. Due to their
short T2 and overlapping with other resonances, the separation of the Cr and
PCr resonances is difficult in in vivo MRS [56].

• γ-Aminobutyric acid (GABA): It is a primary inhibitory neurotransmit-
ter with low concentrations in the brain of approximately 1 mM. Increased
levels have been used for treatment of epileptic seizures and muscle spasms.
GABA resonances contain multiplets centered at 1.89 ppm, 2.28 ppm and
3.01 ppm, which unfortunately overlap with other metabolite resonances and
hinders their estimation [56].

• D-Glucose (Glc): It is essential in the brain as a source of energy and as
a precursor for other compounds. Its concentration is about 1 mM, but can
increase to 9 mM due to the plasma Glc. It contains two anomers (α and
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β) which coexist in aqueous solutions, with an equilibrium concentration of
36% and 64%, respectively. The signal corresponding to the β-Glc anomer
is eliminated when water suppression is performed. For both anomers, the
resonance groups are located in the range between 3.2 ppm and 3.88 ppm
[56].

• Glutamate (Glu): It is the most abundant amino acid in the brain
at a concentration of about 12 mM. It is known to be an excitatory
neurotransmitter presenting changes in different diseases. It has resonances
at 3.74 ppm, 2.04 ppm and 2.35 ppm, therefore, the overlapping with
resonances of GABA, NAA and Gln complicates its estimation [56].

• Glutamine (Gln): It is a precursor and storage form of Glutamate. It has
a concentration of about 2-4 mM and presents multiple resonances between
2 to 3.8 ppm. At low magnetic field, the separation between Gln and Glu is
difficult, so their contributions are usually combined and called Glx [148].

• Glutathione (GSH): This metabolite is a tripeptide made up of glycine,
cysteine and glutamate, which is present as reduced (GSH) and oxidated
(GSHH) in living systems. GSH is an important antioxidant for maintaining
the normal red-cell structure and keeping hemoglobin in the ferrous state.
Its concentration is about 2-3 mM and is mostly located in astrocytes.
Differences in the GSH levels have been reported in neurodegenerative
diseases. GSH resonates at 2.15 ppm, 2.55 ppm 2.93 ppm, 2.98 ppm,
3.77 ppm and 4.56 ppm. These resonances, however, overlap with those of
Glu, Gln, GABA, Cr, Asp and NAA, making their estimation complicated
[56].

• Glycine (Gly): It is a simple amino acid acting as inhibitory neurotrans-
mitter and antioxidant. Its concentration is about 1 mM in human brain
with a singlet at 3.55 ppm overlapping with that of m-Ins. Gly differences
have been observed in diverse types of tumors [56].

• Lactate (Lac): This is the end product of the anaerobic glycolysis, and due
to its low concentrations in normal brain, it is difficult to observe in in vivo
MRS. High concentrations are observed in diseases such as stroke, trauma,
tumors and hyperventilation. Its characteristic resonance is a doublet located
at 1.31 ppm but it highly overlaps with the resonances from lipids and
macromolecules. Moreover, a quartet resonating at 4.09 ppm may overlap
with the water resonance [56].

• Myo-inositol (m-Ins): The concentration of m-Ins in neonates is initially
high and can be detected at short TE. It is a precursor for inositol lipid
synthesis and is a constituent of membrane lipids. It is characterized by
a multiplet around 3.56 ppm with a normal concentration between 4-8 mM
[56]. m-Ins is considered to be essential for cell growth, acting as an osmolite,
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and a storage form for glucose [149]. Changes in the m-Ins levels have been
associated with Alzheimer’s disease [70, 149, 191], hepatic encephalopathy
[101], and brain injury [150].

• N-Acetyl aspartate (NAA) - N-Acetylaspartylgluatamate (NAAG):
This amino acid is a marker of the neural function present in the central and
peripheral nervous systems (mainly localized in neuron, axons, and dendrites)
of several species, and it is present at high concentrations heterogeneously
distributed within the brain [110, 139]. Its concentration changes in the
presence of neurological disorders. NAA has seven protons giving signals
between 2 and 8 ppm, where its main resonance shows a singlet around
2.01 ppm. The typical concentration of NAA in in vivo human brain
has been reported to be between 7-16 mmol/Kg of wet weight, while the
concentration of NAAG in normal brain has been reported in the range of
0.6-3 mmol/Kg wet weight [56]. Because NAAG is structurally similar to
NAA and Glutamate, many of their resonances overlap and can only be
distinguished at high magnetic fields. NAAG has the main resonance at
2.04 ppm, appearing as a shoulder of the main resonance of NAA. This
metabolite has been one of the markers for neuronal integrity, but altered
levels may not always represent neuron loss [105].

• Phosphorylethanolamine (PE): It contains multiple resonances at
3.22 ppm and 3.98 ppm. Its concentration in human brain is about 1.4 mM
[56].

• Scyllo-inositol (s-Ins): It is the second most abundant isomer of inositol
that is found in mammals. It has a singlet resonance at 3.34 ppm, and
in humans its concentration is reported to be closely coupled with that of
myo-inositol, with a ratio of 12:1 [56].

• Taurine (Tau): Tau is an amino acid with several biological functions, such
as osmoregulation and modulation of the action of neurotransmitters. It is
high in neonates and decreases to 1.5 mM in adults. Its spectrum contains
two triplets at 3.25 and 3.42 ppm. In in vivo studies at low magnetic field,
these resonances overlap with the resonances of m-Ins and Cho [56].

1.3 Goals and overview of the thesis

This thesis aims at improving the preprocessing and quantification of MRS signals
acquired in vivo at low and high magnetic fields in humans and animals. By
improving quantification, diagnosis of cancer and metabolic diseases can be better
assessed and becomes more reliable. Therefore, advanced signal processing of
MRS data is approached after acquisition to improve quantification results thereby



GOALS AND OVERVIEW OF THE THESIS 17

enhancing the diagnosis. Specifically, improvements on the water filtering [119],
lineshape [123] and baseline estimation [121] using advanced statistics and signal
processing methods are proposed in this thesis, making use of simulated, in vitro
and in vivo data measured mainly at the University Hospital of the Katholieke
Universiteit Leuven. Furthermore, additional studies have been addressed to
highlight the importance of residual analysis after quantification [122].

The research described here has been developed within the FAST project
(Advanced Signal-Processing for Ultra-Fast Magnetic Resonance, MRTN-CT-2006-
035801, a Research and Training Network (RTN) granted by Marie Curie Actions
in the 6th Framework Program (2007-2010), http://fast-mrs.eu). This project
aimed to pave the way to real-time MRSI, including cutting-edge MRSI signal
processing algorithms for quantification and imaging of metabolites (a virtual
scanner based on quantum mechanics, advanced semiparametric estimation and
innovative graphical user-interfacing), ultra-fast data acquisition at the forefront
of MR-methodology and innovative e-Training/transfer of knowledge for young
researchers and experts. Additionally, it aimed to establish MRSI as a non-
invasive routine tool in the clinic for combating major diseases (e.g., MRSI during
surgery) and an innovative graphical user-interface with web-collaboration to
enable interactive communication sessions, with data- and action-sharing, between
multiple users. The partners’ expertise ranged from medicine to theoretical
physics, including biochemistry, chemistry, physics, signal processing, informatics,
numerical algebra, together with four industrial partners. Thus, FAST aimed
to make MRSI a reliable, ultra-fast, non-invasive, metabolite monitor for the
clinic. As a fellow of this project, my work was focused on the improvement
and development of statistical and signal processing techniques for metabolite
quantification.

The thesis is organized as follows:

Chapter 1 illustrates the basic principles of MR and the type of data used in
the thesis. In this chapter, general information about the characteristics of MRS
signals, measurement parameters, data studied and the most relevant metabolites
in 1H MRS is included. Finally, it presents the goals and structure of the thesis.

Chapter 2 introduces the details of MRS signals and the preprocessing steps
required before quantification. Here, different methods studied and applied to the
considered MRS data are also outlined. Additionally, some of the most common
signal preprocessing problems are discussed in detail.

Chapter 3 describes some existing quantification methods developed for MRS
and MRSI signals. In particular, the Automated Quantification of Short Echo
time MRS Spectra (AQSES) and the quantitation based on QUantum ESTimation
(QUEST) are introduced in more detail, as they are the methods used and modified
in this thesis for obtaining metabolite concentrations.

http://fast-mrs.eu
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Chapter 4 investigates the causes of incomplete water suppression in MRS and
MRSI signals. Initially, the water filtering method HLSVD-PRO was used for
accurate peak removal, however, choosing the adequate number of sinusoids was
found to play an important role. Therefore, this chapter presents a heuristic
approach to automatically determine an overestimated number of sinusoids that
can be set in HLSVD in order to improve the peak removal not only for in vivo,
but also for in vitro signals.

Chapter 5 describes the lineshape distortion problem and presents a lineshape
estimation method that allows the quantification of lineshape-distorted MRS
signals. This method has been validated in simulated, in vitro and in vivo 1H
MRS signals.

Chapter 6 is related to the background estimation of MRS data, more specifically,
the macromolecular baseline. Making use of already acquired macromolecular
signals, an advanced method for accurate, robust and efficient spectral fitting
(AMARES), is used for estimating specific macromolecular and lipid resonances.
These resonances are further used for creating a basis set of estimated individual
baseline peaks which facilitates the quantification of baseline distorted signals.

Chapter 7 investigates the accuracy of quantification via residual analysis.
Using different statistical tools, the presence of residual peaks and overfitting is
evaluated.

Chapter 8 summarizes the main achievements of the thesis and outlines ideas for
future research.

1.4 Conclusions

In this chapter, MRS and MRSI have been introduced and their applications in
the diagnosis of tumor and metabolic diseases have been addressed. This thesis
focuses on the preprocessing and intermediate steps for improving quantification
of MRS(I) signals.



Chapter 2

Magnetic Resonance
Spectroscopy (MRS) signals

In this chapter, the characteristics of MRS signals are described in detail
considering their acquisition protocol and complexity. Section 2.1 presents the
properties and types of 1H MRS used in this thesis, namely simulated, in vitro
and in vivo signals. In Section 2.2 some preprocessing and correction methods for
analyzing MRS signals are presented.

2.1 Proton MRS signals

Thanks to its high sensitivity,1H MR has been successfully employed for studying
in vivo tissues. 1H MRS signals are measured in the time domain and often
represented in the frequency domain for a better visualization of the metabolite
resonances. When proton MR is used, all molecules containing 1H are excited
and can be observed in the MR spectrum, e.g., water, metabolites and possibly
macromolecules/lipid components. For diagnosis purposes, only metabolite and
macromolecules/lipid information are of interest, therefore, the water resonance is
usually filtered out to increase the reliability of metabolite estimation [167, 2, 62,
21, 112].

When quantifying metabolites, the biochemical information in the studied tissues
can be obtained, helping clinicians in the understanding of metabolites in normal
and pathological conditions. Recently, the clinical implementation of 1H MRS has
increased due to the technical improvements and performance of available MR
scanners.

19



20 MAGNETIC RESONANCE SPECTROSCOPY (MRS) SIGNALS

2.1.1 Time vs Frequency domain signals

Time domain MRS signals have ideally a decaying shape, also called FID,
corresponding to a sum of complex-damped exponentials. However, in order to be
able to visually observe the contribution of individual metabolites, MRS signals
are transformed to the frequency domain using the FFT. This technique produces
a spectrum that allows the visualization of peaks, which correspond to resonances
of the detected metabolites reflecting the metabolic information of the tissue under
investigation.

Noise standard deviation.

The noise standard deviation (σ) of an MRS signal can be computed in the time
and in the frequency domain. In the time domain, it is usually computed from
the last points of the FID (typically around 100) while in the frequency domain it
is computed from the metabolite-free region (i.e., from 6 to 10 ppm in 1H MRS).
In order to be able to numerically compare both computations, it is necessary to
divide the σ computed in the frequency domain by

√
NDP . This issue arises from

the fact that some implementations of FFT (such as the one in Matlab) do not
use a normalization factor. In practice, it is important to consider that the time
domain signal could be influenced by ‘ghost’ echoes and the frequency domain
signal could be influenced by baseline contamination [83]. Therefore, a moving
window along each signal is used and σ is set to the smallest standard deviation
among all the windows.

2.1.2 In vivo signals

In vivo 1H MRS signals are obtained without surgical intervention and allow in a
non-invasive and non-ionizing way the diagnosis of cancer and metabolic diseases.
The method employed to compute metabolite concentrations (amplitudes) is called
quantification. This can be done by computing the area under each peak or by
using a linear combination of individual peaks or metabolite profiles.

The set of metabolite profiles considered in some quantification methods contain
complex-valued time domain signals that can be measured in vitro or simulated
with information from quantum mechanics. Govindaraju et al. [56] present a list
of 1H NMR chemical shift and J-coupling values for 35 metabolites that can be
detected by in vivo or in vitro NMR studies of mammalian brain. This information
is also suitable for computer simulation of metabolite spectra.
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The model describing a short TE in vivo time-domain MRS signal y(t) as a
combination of several metabolite profiles is:

y(t) =

K
∑

k=1

ake(jφk)e(−dkt+2πjfkt)vk(t) + B(t) + w(t) + ǫ(t) (2.1)

where K is the number of metabolites, vk(t) the metabolite profile in the basis set
(k = 1, ...,K), ak the amplitudes, φk the phase shifts, dk the damping corrections,
fk the frequency shifts due to B0 inhomogeneity, B(t) is the baseline due to
macromolecules/lipid contamination, w(t) the water resonance and ǫ(t) denotes
white noise with standard deviation σ.

The in vivo signals used in this thesis were measured with the following acquisition
parameters:

• 1.5 T signals. These are single voxel MRS signals from a volunteer’s brain
acquired on a 1.5 T Philips NT Gyroscan (Philips Medical Systems, Best,
The Netherlands) MR scanner. The acquisition parameters were: PRESS
pulse sequence [12], TR=6 s, TE=23 ms, SW=1 KHz, NDP=512 points, 64
averages and a volume PRESS box of 4×3×3 cm3. A spectrum with these
acquisition parameters is shown in chapter 1 section 1.2 Fig. 1.9 (a).

• 3.0 T signals. These are MRSI signals from a patient acquired on
a 3.0 T Philips MR scanner (Achieva, Philips, Best, The Netherlands).
The MRSI acquisition parameters were: PRESS pulse sequence with the
water suppression method MOIST, TR=2 s, TE=35 ms, SW=2 KHz,
NDP=2048 points, 1 average, FOV=16×16 cm2, VOI=8×8 cm2, slice
thickness=1 cm, acquisition voxel size=1×1 cm2, reconstruction voxel
size=0.5×0.5 cm2, shimming=pencil beam (first and second order), parallel
imaging with SENSE factor: left-right=2, anterior-posterior=1.8, outer
volume saturation bands with circular shape with gap 30 mm, power 10,
in order to avoid lipid contamination from the skull. A spectrum with these
acquisition parameters is shown in chapter 1 section 1.2 Fig. 1.9 (b).

• 9.4 T signals. These are single voxel signals from mice acquired on a 9.4 T
Bruker Biospec small animal MR scanner (Bruker BioSpin MRI, Ettlingen,
Germany) with a magnet bore of 20 cm using a 7 cm linear body resonator
as transmitter combined with a circularly polarized 1H mouse brain surface
coil for signal reception. The MR acquisition parameters were: PRESS
pulse sequence with implemented pre-delay outer volume suppression as
well as the water suppression method, VAPOR [170], TR=4 s, TE=12 ms,
SW=4 KHz, NDP=2048 points and 256 averages. Spectra were corrected
for B0 instability due to eddy currents as well as B0 drift using the Bruker
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built-in routines. Remaining shimming problems, line broadening and non-
Lorentzian character of the peaks may still be present after correcting for
eddy currents. Shimming was performed using FASTMAP [59]. A spectrum
with these acquisition parameters is shown in chapter 1 section 1.2 Fig. 1.9
(c).

2.1.3 In vitro signals

In vitro MRS signals refer to signals measured from phantom solutions containing
either individual metabolites or a solution containing metabolic mixtures. Indi-
vidual metabolite profiles can be used as basis set for the quantification of in vivo
signals. These phantom solutions are produced with known concentrations that
are taken into consideration for absolute quantification.

Three in vitro basis sets of metabolites used in this thesis were measured with the
following acquisition parameters:

• 1.5 T. A set of metabolites was measured on a 1.5 T Philips NT Gyroscan
(Philips Medical Systems, Best, The Netherlands) MR scanner containing
solutions of: Ala, Asp, Cr, GABA, Glc, Gln, Glu, GPC, Gly, Lac, m-Ins,
NAA, PCh and Tau. Metabolites phantom solutions had concentrations
from 50 to 200 mM and were dissolved in Phosphate Buffer Solution (PBS).
5 mM 3-trimethylsilyl-1-propane-sulfonic acid (DSS) was added as a chemical
shift reference. Due to their chemical reaction in PBS, the metabolites GPC
and PCh were dissolved in 100 mM NaCl instead of PBS. pH control was
also required to assure reliability and avoid shifting of peaks such as NAA,
Lac and Glu; thus, the pH for every phantom was adjusted to 7.20±0.10.
The VOI was positioned almost in the middle of the phantom containing the
metabolites.

Two reference compounds not overlapping with other metabolite resonances
were added to the phantoms. The concentration of these compounds is
unknown but they are assumed to be equal in all phantoms. One of these
resonances is located at 0.0 ppm and the second one is located at 8.44 ppm
(normally used for alignment and scaling purposes, respectively).

The MR acquisition parameters were: PRESS pulse sequence, TR=6 s,
TE=23 ms, SW=1 KHz, NDP=2048 points and 64 averages with a volume
PRESS box of 2×2×2 cm3. B0 eddy current correction [79] was performed
using the water reference signal. Fig. 2.1 shows the real part of the spectra
for the measured metabolites.

• 3.0 T. The basis set of metabolites contained the same metabolites measured
at 1.5 T. The MRS acquisition parameters were: 3.0 T Philips MR scanner
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Figure 2.1: Real part of the spectra of the in vitro basis set of metabolites acquired at
1.5 T and used for quantification of MRS signals. Metabolites used for quantification
are: Ala, Asp, Cr, GABA, Glc, Gln, Glu, GPC, Lac, m-Ins, NAA and Tau. Acquisition
parameters: PRESS pulse sequence, TR=6 s, TE=23 ms, SW=1 KHz, NDP=2048 points
and 64 averages.

(Achieva, Philips, Best, The Netherlands), PRESS pulse sequence with
the water suppression method MOIST (Multiple Optimizations Insensitive
Suppression Train), TR=2 s, TE=35 ms, SW=2 KHz, NDP=2048 points, a
8 channel head coil, 128 averages, iterative shimming, saturation bands with
circular shape with gap 19 mm and power 3. Fig. 2.2 shows the real part of
the spectra for the measured metabolites.

• 9.4 T. The basis set of metabolites contained the same metabolites measured
at 1.5 T plus the metabolite profiles of GSH and PE. In cases where s-Ins was
required, its profile was generated from the model solution Gly by shifting
the Gly resonance to the appropriate location. In the same way the profiles
of NAAG and PCr were created from the NAA and Cr, respectively. The
MR acquisition parameters were: 9.4 T Bruker Biospec small animal MR
scanner (Bruker BioSpin MRI, Ettlingen, Germany), with a magnet bore of
20 cm using a 7 cm linear body resonator as transmitter combined with a
circular polarized 1H rat brain surface coil for signal reception, PRESS pulse
sequence with implemented pre-delay outer volume suppression and water
suppression VAPOR, TR=8 s, TE=20 ms, SW=4 KHz, NDP=6144 points
and 64 averages. No B0 drift correction was used. The basis set of reference
metabolites is shown in Fig. 2.3.
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Figure 2.2: Real part of the spectra of the in vitro basis set of metabolites acquired at
3.0 T and used for quantification of MRS signals. Metabolites used for quantification
are: Ala, Asp, Cr, GABA, Glc, Gln, Glu, GPC, Lac, m-Ins, NAA and Tau. Acquisition
parameters: PRESS pulse sequence, TR=2 s, TE=35 ms, SW=2 KHz, NDP=2048 points
and 128 averages.

2.1.4 Simulated signals

Making use of prior knowledge from measured metabolites, MRS signals and
individual metabolites can also be simulated by providing the acquisition and
quantum mechanical information: number of spins and spin parameters (J-
coupling, chemical shift, etc.) and acquisition parameters (echo time, sequence,
number of points and sampling frequency). Simulation of MRS signals becomes
interesting because multiple individual measurements can be avoided. Several
software packages have been developed for this purpose [160, 56, 165]. Fig. 2.4
shows two sets of metabolites obtained with similar parameters, namely (a) a
set of in vitro measured metabolites and (b) a set of simulated metabolites. As
can be seen here, only small differences are noticeable and therefore, both sets
of metabolites can be used for quantification. Moreover, Cudalbu et al. [31] also
proved that the quantification results obtained with both basis sets are similar.
Further details about simulated metabolite signals and how to model them are
given in chapter 3.
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Figure 2.3: Real part of the spectra of the in vitro basis set of metabolites acquired at
9.4 T and used for quantification of MRS signals. Metabolites used for quantification
are: Ala, Asp, Cr, GABA, Glc, Gln, Glu, GPC, Lac, m-Ins, NAA, PCh, PCr, PE and
Tau. Acquisition parameters: PRESS pulse sequence, TR=8 s, TE=20 ms, SW=4 KHz,
NDP=6144 points and 64 averages.

2.2 Preprocessing MRS signals

MR signal processing is required in order to extract relevant information about the
metabolites. In the case of 1H MRS, an essential procedure is related to the removal
of the water resonance and other unwanted components [167, 2, 27, 62, 21, 112].
Moreover, the correction of signal artifacts originating at the acquisition level
is also necessary [168, 46, 83, 183, 77]. In [138], Poullet et al. suggest that all
preprocessing techniques should be applied in the adequate order because some
steps may affect the subsequent procedures.

The preprocessing methods below are only a fragment of the extensive procedures’
list that can be applied to in vivo 1H MRS:
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Figure 2.4: Comparison of an in vitro and simulated basis set of metabolites. (a) Set
of in vitro spectra illustrating Cr, Gln, GPC and NAA, measured at 9.4 T in a Bruker
scanner with acquisition parameters: PRESS sequence, TR=8 s, TE=20 ms, SW=4 KHz
and 64 averages. (b) Simulated spectra illustrating Cr, Gln, Cho and NAA, obtained with
a protocol similar to that described for the in vitro signals in (a); these simulations were
performed in NMR-SCOPE [164].

2.2.1 Time circular shift

Due to an analog-digital filter incorporated in the Bruker system, the first data
points of the time domain signal (FID) are initially zero and then increase until
the actual FID starts [26]. The circular shift consists of removing data points
from the beginning and adding them to the end of the signal, thus the data are
shifted N points. The time circular shift is performed in the time domain for data
which have been digitally filtered and decimated before saving the FID. Fig. 2.5
shows the FID and its respective spectrum before and after applying the time
circular shift correction. As can be seen on the top plot, without correcting the
time circular shift no resonances can be actually observed in the frequency domain.
On the plot below, the initial points are added to the end of the FID and a well
resolved spectrum can be observed. In order to avoid difficulties in the time domain
quantification, these last points of the FID are simply truncated.

2.2.2 Frequency alignment

Spectral alignment is essential for most of the quantification methods. In this
preprocessing step the FID is transformed to the frequency domain and the spectra
are shifted such that some recognizable peaks reach the desired frequency locations
[93, 184, 52]. In 1H MRS, the resonance frequency of observable metabolites is
known and, therefore, they can be used for shifting the full spectra. For instance,
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Figure 2.5: Real parts of time and frequency domain representation of an in vivo signal
from mouse brain measured at 9.4 T in a Bruker scanner using a PRESS sequence and
with acquisition parameters of TR=4 s, TE=12 ms, SW=4 KHz and 256 averages in a
VOI of size 3×1.75×1.75 mm3. Top: the first points of the FID are nearly zero, giving rise
to a distorted spectrum as shown in the right plot. Bottom: time circular shift corrected
signal where the initial points have been added to the end of the FID and produce a sort
of increasing tail; the well defined spectrum shown in the right plot indicates the effect of
time circular shift correction.

the main resonance of NAA (known to be located at 2.01 ppm) is commonly used
as reference and spectra are aligned according to this peak. See Fig. 2.6.

In some particular cases, the chemical shifts of in vivo metabolites can vary
depending on the tissue, temperature and pH. These variations affect the accurate
estimation of metabolite resonances, especially when fitting a set of metabolite
profiles to the in vivo signal. Therefore, advanced alignment using for instance
quantum mechanics, may be necessary if displacement of individual spectral peaks
in a metabolite are detected [92].
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Figure 2.6: Real part of spectrum of an in vivo signal from mouse brain measured at
9.4 T in a Bruker scanner using a PRESS sequence and with acquisition parameters of
TR=4 s, TE=12 ms, SW=4 KHz and 256 averages in a VOI of size 3×1.75×1.75 mm3.
Normally, the carrier frequency is located at the water peak (i.e., 4.7 ppm), however,
when this position is changed the metabolites of interest resonate at different locations.
Nevertheless, the resonance frequency of other peaks in 1H MRS is known (e.g., NAA at
2.01 ppm) and can be used for peak alignment.

2.2.3 Phase correction

When MRS spectra are not zero-phased (also called absorption mode, thus
peaks of interest pointing upwards), a correction is required in order to improve
visualization and spectral analysis [22, 53, 126]. This correction consists of the
multiplication of the complex spectrum by a complex phase factor equal to the
initial phase of the FID [73]. In particular, for frequency domain methods (e.g.
peak integration) zero-phased spectra are required before quantification in order
to obtain reliable metabolite estimates. On the other hand, for the time domain
methods presented in this manuscript, the phase correction is not necessary
because all processing and analysis is done considering the real and imaginary
parts of the time domain signal.

The usual phase correction term consists of two components, one frequency-
dependent (first order phase) and the other one frequency-independent (zero order
phase). The component which is frequency dependent is different for each peak in
the spectrum. In order to phase-correct the spectrum, both the zero and the first
order phases must be adjusted. This adjustment is, however, performed separately
for the two phase correction components. To adjust the zero order phase manually,
it is sufficient to tune the phase until all peaks in the real part of the spectrum are
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positive. Adjusting the first order phase corresponds to the modification of the
begin time of the MR signal, i.e., the FID would no longer be supposed to start
at time 0, but at a time t0 6= 0. See Fig. 2.7.

jMRUI [164] allows manual and automatic phase corrections, alternatively, other
methods such as ACME [22] can be used to perform automatic phase correction.
Moreover, quantification in the time domain can fit zero and first order phase
factors.

Figure 2.7: Top: zero order phase distortion influencing all peaks in the spectrum in
the same way. Bottom: first order phase distortion influencing the peaks depending on
the central frequency ωcent and the parameter τ which determines how steeply the first
order phase changes with the frequency. Figure reproduced from [73].

2.2.4 Truncation vs zero filling

In the acquisition of an FID, the time between successive data points is called
dwell time and determines the spectral window. Hence, the total number of points
multiplied by this dwell time represents the total time that the FID is sampled,
which is also called the acquisition time. In order to adequately truncate the
signal, it is necessary to consider that the minimum sampling frequency is twice
the Nyquist frequency. The Nyquist Theorem states that the minimal sampling
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frequency fs of the time domain data (FID) should be at least twice the largest
frequency difference, denoted here by ν, i.e., fs ≥ 2×ν; thus, the digital resolution
of a signal is given by fs

NDP . Therefore, a large NDP is essential for obtaining high
resolution peaks in the spectrum.

• Truncation: This is the operation used to reduce the number of points in
the acquired signal (FID). Truncation of an MRS signal consists of removing
the last data points of the FID, as shown in Fig. 2.8. As a result, the
spectral resolution is reduced, however, a severe truncation produces typical
oscillatory ripples that can be observed in the spectrum [73]. This operation
is computationally favorable for time domain quantification methods, though
disadvantageous for frequency domain quantification methods.

• Zero filling: By adding zeros after the last data point of the FID is possible
to increase the digital resolution in the frequency domain (see Fig. 2.9).
However, adding zeros to the acquired FID brings no new information to the
signal, therefore, no improvement of the true resolution is obtained. Still,
it improves the digital resolution and, thus, helps with the characterization
of the peak shapes in the spectrum when frequency domain quantification
methods are used. Zero filling is useful when a longer acquisition time would
only result in the acquisition of noise [73].

Finally, it is important to consider that avoiding ripples in the baseline can
be achieved by multiplying the FID with an exponential function (also called
apodization), which ought to be performed prior to zero filling if the FID has not
decayed to the noise level at the end of the acquisition window [73].

2.2.5 Eddy current corrections

Eddy currents are caused by the scanner and can not always be avoided. They are
induced by the rapid switching in the magnet of the gradient coils and surrounding
metal structures. These currents are a manifestation of Faraday’s law of induction
caused by the switching of the magnetic field gradients [35]. Klose [79] has
developed a method to correct eddy currents (called ECC) by point-wise dividing
the water suppressed signal by the phase term of the water unsuppressed signal.

2.2.6 Lineshape correction/estimation

Common lineshape models used in MRS [131, 127]:

Lorentzian: The spectrum of 1H NMR signals contain symmetrical lines about
the central peak depending on the size and shape of the molecular
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Figure 2.8: Real parts of time and frequency domain representations of an in vivo MRS
signal from mouse brain measured at 9.4 T in a Bruker scanner using a PRESS sequence
and with acquisition parameters of TR=4 s, TE=12 ms, SW=4 KHz and 256 averages in
a VOI of size 3×1.75×1.75 mm3. These plots show the original and the truncated signal
with increasing number of truncation points, where the decrease in frequency resolution
can be observed (points in the spectra).



32 MAGNETIC RESONANCE SPECTROSCOPY (MRS) SIGNALS

0 50 100 150 200 250

ms
01234

ppm

Zero filling

Time domain Frequency domain

Figure 2.9: Real parts of time and frequency domain representations of an in vivo MRS
signal from mouse brain measured at 9.4 T in a Bruker scanner using a PRESS sequence
and with acquisition parameters of TR=4 s, TE=12 ms, SW=4 KHz and 256 averages in
a VOI of size 3×1.75×1.75 mm3. Zero-filled signal corresponding to the lower truncated
signal from Fig. 2.8.

subgroup. Moreover, the interaction between the nuclear spins of the
neighboring molecular groups causes broadening in these lines. Under ideal
circumstances, MR spectra are expected to have a Lorentzian lineshape, thus
the corresponding decay in the time domain has the formula:

DL(t) = e−αt (2.2)

Gaussian: When the relative orientations and positions of randomly distributed
and interacting species do not change with time, a Gaussian lineshape is
obtained. This lineshape is a consequence of the Central Limit Theorem,
which states that if a large number of statistical distributions are summed,
the result will tend to be a Gaussian (Normal) distribution. A Gaussian
lineshape can thus be considered as the result of the influence of many
unknown/unparameterizable factors. The decay in the time domain has
then the formula:

DG(t) = e−βt2 (2.3)

Voigt: The Voigt lineshape is the product of Gaussian and Lorentzian lineshapes.
The Lorentz part expresses the ideal T2 decay mechanism, while the Gaussian
part the influence of unknown/unparameterizable factors. The time domain
formula is:

DV (t) = e−αt−βt2 (2.4)
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The time and frequency domain representation of these functions are shown in
Fig. 2.10.

MRS quantification methods commonly assume that the spectral resonances have
lineshapes of the Lorentzian type, which is acceptable under ideal experimental
circumstances. Nevertheless, due to magnetic field inhomogeneities, imperfect
shimming, residual eddy current effects, and macro-/micro- susceptibility effects
caused by tissue heterogeneities, this Lorentzian shape is inadequate. Alterna-
tively, other shapes such as Gaussian [127] and Voigt [104] have been used to
compensate this problem [35].
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Figure 2.10: Real part of the time (left) and frequency (right) domain of ideal lineshapes:
Lorentzian, Gaussian and Voigt.

Furthermore, Abragam [1] suggested that in solid state (including tissue), NMR
can yield many different shapes. Thus, the lineshape may have any arbitrary
form different from the basic Lorentzian, Gaussian or Voigt type (see Fig. 2.11).
From the results presented by Deelchad [38], the microscopic susceptibility effects
are the main factor contributing to the line broadening as the field strength
increases since the contribution of the relaxation pathways via dipolar mechanisms
to T2 are relatively small compared to the relaxations induced by local magnetic
susceptibility relaxation effects. Therefore, several lineshape estimation methods
have been developed as part of the pre-processing steps to deal with different
lineshapes and correct the distortions.

Some of the methods related to hardware setup are called shimming techniques,
and are applied during the MR scanning session in order to correct field
inhomogeneities and thus improve spectral quality [59, 11, 74, 75]. MRS
acquisitions at high magnetic fields exhibit lineshape distortions that may only be
corrected using higher-order shimming techniques, which are not always available
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Figure 2.11: Real parts of the frequency and time domain representations of a simulated
eddy current and lineshape distortion function.

[59, 60, 83]. Moreover, in measurements near an air cavity such as sinuses,
shimming can not always compensate for local field inhomogeneities, and the lack
of spectral quality leads to lineshape distortions.

Methods aiming at enhancing the spectral resolution of 1H MRS signals based on
the deconvolution of spectra using the lineshape derived from a reference signal
have been successfully applied to in vivo MRS signals [115, 34, 178, 6, 107].
De Graaf et al. [34] proposed the time domain deconvolution method called
QUALITY, in which the FID is point-wise divided by a reference signal obtained
separately or via inverse Fourier transform of an isolated single resonance from the
original spectrum. As a consequence, Lorentzian lineshapes can be approximated.
Some years later, Bartha et al. [6] proposed the spectroscopic lineshape correction
called QUECC by integrating the lineshape correction methods QUALITY and
ECC. Similarly, Metz et al. [107] proposed a simple and effective reference
deconvolution method for resolution enhancement in MRS which uses the shape
of a single resonance line to measure the actual frequency distribution produced
by the local B0 inhomogeneity and then deconvolves that distribution from the
whole spectrum. This is a simple linear process which requires no prior knowledge
of the number of lines, their intensities, or their relaxation characteristics, and no
fitting procedures are used.

Apart from these methods used as a preprocessing step, there are other lineshape
estimation methods included in the quantification of MR signals, which will be
described in detail in chapter 3.
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2.2.7 Residual water suppression

In vivo 1H MRS signals contain a water resonance usually 103 to 104 larger than
those of metabolites. Thus, to be able to identify metabolites and obtain a high
SNR, an efficient suppression of the water peak is required. Water suppression
techniques during acquisition provide a residual water signal at the level of
most observable metabolites [47, 170, 21, 117, 112]. Although these methods
have a good performance, there is usually an incomplete water suppression and
residual water remains in the signal (see Fig. 2.12, left). As a consequence, the
metabolite peaks near the water resonance are altered and the tail of the residual
water may affect the baseline of the signal. Furthermore, complete and accurate
suppression of unwanted peaks in in vitro metabolite measurements is essential
for reliable quantification. Therefore, numerical methods are required to suppress
the unwanted peaks after acquisition.

Hankel Singular value decomposition (HSVD) -based methods have been success-
fully used for water removal [129, 190, 90]. Similarly, time domain [102], filtering
[167, 175, 136], wavelets [2] and indirect covariance [23] methods have shown to
provide good results.

In chapter 4 we propose to combine HLSVD with a heuristic method to
overestimate the model order in HLSVD. Results obtained for in vitro and in
vivo signals show a complete elimination of water and reference peaks.
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Figure 2.12: Real part of an in vivo spectrum from mouse brain measured at 9.4 T in
a Bruker scanner using a PRESS sequence and with acquisition parameters of TR=4 s,
TE=12 ms, SW=4 KHz and 256 averages in a VOI of size 3×1.75×1.75 mm3. Left:
unfiltered signal. Right: water suppressed signal using the method HLSVD-PRO [90].



36 MAGNETIC RESONANCE SPECTROSCOPY (MRS) SIGNALS

2.2.8 Baseline correction/estimation

Baseline estimation is very important in the quantification of in vivo MRS signals
and can be the source of many systematic errors, therefore, an adequate correc-
tion/estimation method is necessary. Successful baseline correction approaches
have been presented for in vitro [7] and in vivo measurements [71, 118, 153].

The baseline of in vivo MRS signals is characterized by a broad and non-flat
unknown spectrum overlapping with the peaks of interest. This baseline has very
short T ∗

2 values corresponding to lipids and macromolecules. Therefore, it can
be identified with a fast decaying FID. In in vivo 1H MRS signals with long TE
the baseline is not present, while short TE signals exhibit a significant baseline
distortion.

The major issue with the baseline is that it complicates quantification and
affects accurate metabolite estimation. An additional reason for obtaining a
baseline distortion in in vivo 1H MRS signals is the incorrect or incomplete water
suppression/filtering, since the tail of the water peak may also affect the baseline
of the neighboring resonances [73].

Several acquisition and numerical methods have been proposed to correct the
baseline before or during quantification. On the one hand, despite the time
consuming required for the acquisition-based methods such as inversion recovery,
they are widely used. In this group of baseline methods, Knight [81] proposed
the application of multiple inversion recoveries for suppression of macromolecule
resonances in short TE 1H MRS of human brain. Moreover, Hofmann et al. [67]
proposed the characterization of the macromolecule baseline in localized 1H MR
spectra of human brain based on a series of saturation recovery scans allowing
the simultaneous recording of the macromolecular baseline and the fully relaxed
metabolite spectrum. Compared to inversion recovery, the saturation recovery
method is less susceptible to T1 differences inherent in signals from different
metabolites or introduced by pathology. Seeger et al. [155] presented a reliable
detection of macromolecules in single volume 1H NMR spectra of the human
brain, indicating that the spatial presaturation of fat-containing regions leads to
a sufficient suppression of the lipid contamination and enables the detection of
highly reproducible macromolecular resonances. Thus, in single voxel as well as
in multiple voxel MR acquisitions, the combination of volume selection and outer
volume presaturation is highly recommended to ensure accurate detection and
reliable evaluation of even small pathological alterations in macromolecules. More
recently, Kunz et al. [88] proposed a novel diffusion-weighted spectroscopy method
to determine the macromolecular resonances.

Alternatively, when no baseline measurement has been performed in the acquisition
step, numerical methods based on, e.g., polynomials and splines to fit a smooth
function below the actual spectrum have been widely used [162, 61, 25, 185, 37].
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For instance, Cobas et al. [25] presented an automatic baseline correction of NMR
data by modelling the baseline based on the Whittaker smoother algorithm using
basically spline curves. Chang et al. [19] proposed a fully automated method for
baseline correction which is able to accurately determine baseline points in very
dense spectra without destroying the lineshapes of prominent peaks; to this end,
signal points are differentiated from baseline points. Golotvin and Williams [54]
create a smooth spectrum and use it for baseline area recognition and modeling;
moreover, to complete the model, an interpolation technique is employed over the
signal regions and the model is subtracted from the measured spectrum giving a
flat baseline. See Fig. 3.3.

Figure 2.13: 1H MR spectrum illustrating the baseline estimation method proposed
by Golotvin and Williams [54]. Top: Original 400 MHz spectrum with a water hump.
Middle: the baseline model consisting of fragments of the smoothed spectrum and regions
interpolated by straight lines. Bottom: the spectrum after baseline subtraction. Figure
from [54].

Diverse baseline estimation methods applied during quantification have been pro-
posed using either inversion recovery measurements or semi-parametric modeling
methods. Such methods have been proposed by Provencher [140], Soher et al.
[161], Ratiney et al. [143], Elster et al. [45], Poulllet et al. [137] and the method
presented in this thesis in chapter 6 [121]. Additionally, Gottschalk et al. [55] and
Cudalbu et al. [33] have compared the baseline estimation using both, inversion
recovery and semi-parametric estimation. Further details on the estimation of the
baseline during the quantification are described in chapters 3 and 6.
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2.3 Conclusion

This chapter describes the MRS signals used in this thesis and the preprocessing
steps used before analysis. Particular interest is focused on the water filtering,
the lineshape and the baseline estimation. Concerning the water filtering of in
vivo signals and reference peaks from in vitro signals, a detailed description of
the proposed methods with overestimation is given in chapter 4. Moreover, a
lineshape estimation method used for correcting in vivo signals is described in
detail in chapter 5. Finally, the baseline estimation approaches using AQSES,
QUEST and parametric methods based on individual peaks, are further discussed
in chapter 6.



Chapter 3

Quantification

Chapter 3 presents the quantification methods used in this thesis and the main
issues to consider when quantifying in vivo 1H MRS signals. Particularly, the
quantification methods AQSES and QUEST are introduced and some hints about
handling simulated and in vitro metabolite basis sets are given. Finally, section
3.2.5 deals with the interpretation and understanding of quantification results.

3.1 Introduction

In vivo MRS signals contain the metabolite information of the tissue under
investigation. Nowadays, MRS(I) can be non-invasively performed in the
most important organs of the body and serves as a complementary tool for
diagnosis. This technique avoids unnecessary surgeries and facilitates the early
detection of cancer and metabolic diseases. However, limitations concerning the
quality and direct interpretation of MRS(I) data need to be solved. Therefore,
continuous improvements of acquisition techniques, hardware and protocols are
being developed in order to overcome these problems. All these achievements
increase the potential of integrating MR techniques in the clinical diagnosis routine
[64].

Although numerous MRS studies have shown to successfully serve in the non-
invasive and complementary diagnosis of multiple diseases [98, 64, 100, 179],
reliable quantification is still an issue and further improvements are necessary.

Several quantification methods have been developed in the time and the frequency
domain allowing the quantification of MR signals from different nuclei measured at
different TEs, such as LCModel [140, 141], AMARES [176], QUEST [143], AQSES

39
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[137]. Other quantification methods are based on time-domain non-iterative fitting
(HLSVD) [4, 129, 171, 20, 40, 90, 91], iterative time- and frequency domain fitting
[158], semi-parametric fitting [45], variable projection (VARPRO) [16, 172], time
domain fitting of one peak at a time and wavelet modelling for the baseline [147, 41],
constrained least squares (TARQUIN) [145, 182], genetic algorithms [108], fast
Padé transform [9, 8], artificial neural networks [10, 66], sparse representation
[63], circular fitting [51] and principal component analysis [13, 166]. An extended
review of time- and frequency domain methods has been given in [174, 109] and
more recently in [138]. Poullet et al. [138] present the advantages and drawbacks
of each method, together with an overview of preprocessing methods including
lineshape correction and removal of unwanted components. Moreover, advice
about processing and data handling depending on the data under investigation
is also given. Finally, other studies have compared the performance between
quantification methods [76, 32], where inclusion of prior knowledge appeared to
be important for the robustness and accuracy of metabolite estimates.

3.2 Methods

In this section, two time-domain metabolite quantification methods for short
TE MRS signals are presented. Both methods are based on fitting the model
presented in chapter 2 section 2.1.2 Eq.(2.1), using a basis set of metabolites. The
baseline distortions are taken into account in different ways using semi-parametric
estimation. Both methods have been developed by partners of the FAST project
(Advanced Signal-Processing for Ultra-Fast Magnetic Resonance, MRTN-CT-2006-
035801, a Research and Training Network granted by Marie Curie Actions in the
6th Framework Program (2007-2010), http://fast-mrs.eu).

3.2.1 Automated Quantification of Short echo time MRS signals
(AQSES)

The method mostly used and improved in this thesis is AQSES [137]. This method
provides the metabolite amplitudes of short MRS data and these amplitudes are
the weighting coefficients of a linear combination of corrected in vitro metabolite
profiles used for quantification. A major issue in short TE data is the presence of
a smooth lipid/macromolecular baseline underneath the spectra. In AQSES, this
baseline (B(t) from Eq.(2.1)) is fitted via nonparametric modeling using a basis
of splines [44]. This baseline is computed to be smooth in the frequency-domain,
but fitting is done in the time domain [134, 157].

http://fast-mrs.eu
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To be able to fit the model and the smooth baseline together, a regularized
nonlinear least squares (NLLS) criterion is considered:

min
1

N

tN−1
∑

t=t0

|y(t)−
K
∑

k=1

ake(jφk)e(−dkt+2πjfkt)vk(t) + B(t)|2 + λ2 ‖ Dc ‖2 (3.1)

where the estimated signal includes the baseline computed using splines, (B(t) =
B · c, where B is a spline basis matrix and c the linear coefficients multiplying
the splines matrix), λ2 ‖ Dc ‖2 gives the degree of smoothness to the splines
in the frequency domain. In particular, the regularization matrix D is needed
to measure the smoothness of the baseline in the frequency domain, taken as a
(combination of) discrete derivative operator(s) and λ is a fixed regularization
(penalty) parameter that can be automatically selected using a generalized cross
validation criterion [157]. Concerning the residual water (w(t) in Eq.(2.1)), it could
be filtered out using a maximum-phase pass-band FIR filter [136]. Alternatively,
HLSVD methods can also be used for filtering out the water resonance before
performing quantification [90]. AQSES fits the model to the experimental data
using constrained optimization based on the Levenberg-Marquardt [114] algorithm.
Improvements in quantification performance can be obtained by including prior
knowledge [16] between metabolites.

In order to assess quantification results, the approximate Cramér-Rao lower
bounds (CRLB) [17, 18] are computed. They provide an indication about the
uncertainty and reliability of the estimated amplitudes (concentrations). Exact
CRLBs provide, for any choice of noise level, the lowest possible estimation
errors for the model parameters for any estimation procedure, but they can
only be computed if we have an exact model function depending on a finite
number of model parameters and if we know the true values of those model
parameters. Then, CRLBs are computed from the diagonal elements of the
inverse of the Fisher information matrix (F−1) evaluated at the true values of
the model parameters. Since the nonlinear least squares estimator (maximum
likelihood estimator) is asymptotically normally distributed (by application of
the central limit theorem), F−1 acts as an asymptotic covariance matrix for
the model parameters and ellipsoidal confidence bounds with a given confidence
level can be constructed with this covariance matrix. The individual CRLBs for
each model parameter are the diagonal elements of F−1. In maximum likelihood
estimation, the estimated parameter values are substituted for the unknown true
parameter values, thus giving an “observed” Fisher information matrix and leading
to approximate CRLBs. Moreover, when part of the model is unknown (semi-
parametric estimation), as it is the case for MRS signals with baseline contributions
or with unknown decay function, the estimated parameters are necessarily biased.
In general, the CRLB theory does not hold for this situation. Only under some
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additional assumptions, Ljung [97, chapter 9, p. 283] and later Pintelon and
Schoukens [130, chapter 15, p. 502] provided an extensive explanation of the
validity of CRLB for biased, but consistent estimators.

Small CRLB values may (but not necessarily) indicate good parameter estimates,
however, they can be affected by low SNR, incomplete basis set of metabolites or
metabolites with similar spectral characteristics. These CRLB are proportional
to the variance of the residue obtained from subtracting the fitted signal and
the baseline from the original signal. Additionally, the results can be evaluated
performing residual analysis.

AQSES has been implemented in the Java open source available software AQSES
GUI [36, 137] and as a quantification method inside the Matlab® graphical user
interface SPID [135]. See Fig. 3.1 for an illustration. More recently, AQSES has
been included in the jMRUI software package [165] and is available as a plug in.
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baseline

0
2

4

individual corrected components

00.511.522.533.544.55

residual
filtered original signal − filtered estimated signal − baseline)

00.511.522.533.544.55

ppm

filtered original signal and filtered estimated signal

Figure 3.1: Quantification results window for AQSES in SPID (left side) of an in
vivo 1H MRS signal from mouse brain measured at 9.4 T in a Bruker scanner using a
PRESS sequence and with acquisition parameters of TR=4 s, TE=12 ms, SW=4 KHz,
NDP=2048 and 256 averages in a VOI of size 3×1.75×1.75 mm3. The basis set of 16
metabolites used in the quantification were measured in vitro. The plots on the right
side from top to bottom correspond to: residue, baseline (computed with splines using a
small regularization parameter λ=0.1), estimated metabolites and original with estimated
signal.
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3.2.2 Quantitation based on QUantum ESTimation (QUEST)

Similar to AQSES, QUEST [143, 144] is a time domain quantification method
that can accommodate any basis set lineshape to the experimental signal with
Lorentzian corrections via NLLS. Here, the inclusion of prior knowledge between
metabolites and the computation of the CRLB are similar to AQSES. Additionally,
it requires the water removal as a preprocessing step (e.g., HLSVD [129, 186, 90]).
The baseline estimation is integrated in the quantification and estimated via a
non-parametric procedure based on the short T ∗

2 of macromolecules and lipids.
QUEST assumes the baseline to be present only in the first data points of the
time domain signal (FID).

The baseline estimation approaches in QUEST are called ‘Subtract’ and ‘InBase’
[143] and consists of the following steps [134]:

(i) Truncate the initial data points of the original FID which are expected to
contain the macromolecules and lipids contribution.

(ii) Estimate the metabolite parameters from the truncated signal using NLLS
fitting with a metabolite-only basis set.

(iii) Using the estimated metabolite parameters, reconstruct the non-truncated
metabolite signal and subtract it from the original FID to obtain a noisy
version of the macromolecular signal.

(iv) Model the macromolecular signal by a sum of K exponentially damped
sinusoids using HSVD. Thereafter, the baseline in QUEST can be handled
in two ways:

(a) Obtain a metabolite-free signal by subtracting the modeled macro-
molecular signal from the original FID and quantify the resulting signal.
This algorithm is called Subtract-QUEST.

(b) The modeled macromolecular signal is added to the basis set of
metabolites and the original FID is quantified using this new basis
set. This algorithm is called InBase-QUEST.

QUEST has been implemented as a quantification method in the software package
jMRUI1 [165]. See Fig. 3.2 for an illustration.

3.2.3 Metabolite profiles

Quantification methods using a basis set of metabolite profiles rely on the quality
and number of metabolites included in the basis set and facilitate the quantification

1http://www.mrui.uab.es/mrui/ (Accessed: June 1, 2011)
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Figure 3.2: Quantification results window for QUEST in jMRUI (left side) of an in
vivo 1H MRS signal from mouse brain measured at 9.4 T in a Bruker scanner using a
PRESS sequence and with acquisition parameters of TR=4 s, TE=12 ms, SW=4 KHz,
NDP=2048 points and 256 averages in a VOI of size 3×1.75×1.75 mm3. The basis set
of 16 metabolites used in the quantification were measured in vitro. The plots on the right
side from top to bottom correspond to: residue, estimated metabolites, estimated signal
with baseline (computed by truncating the first 20 points of the FID) and original with
estimated signal.

of overlapping peaks. These signals can be created via simulations based on
quantum mechanics (e.g., NMR-SCOPE [58] and GAMMA [160]), or from in vitro
spectra measured using phantom solutions of individual metabolites. In both cases,
the basis set should satisfy the same acquisition scheme as that of the signals under
investigation.

Simulated basis set

In this thesis, we use NMR-SCOPE [58] for simulating metabolite profiles. The
sequence and spin parameters can be defined as follows:

• Acquisition sequence: PRESS was the pulse sequence used in this thesis.
Moreover, NMR-SCOPE allows the setting of additional sequences and their
corresponding phases.
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• Echo Time (TE) in ms: This parameter is important and should be equal to
that of the in vivo measured signals.

• Number of data points (NDP): This number is set equal to the number of
acquisition points in the measured signal, which is normally a power of 2
and is also related to the sampling frequency. Usually, an NDP from 512 to
2048 is good enough to acquire an in vivo signal.

• Sampling step in ms: This parameter is also called dwell time and is equal
to the time between data points.

• Damping factor in Hz: This damping allows the simulation of spectra with
a linewidth similar to that of in vivo signals (a value of 10 Hz is normally
used).

• Number of spins: jMRUI [165] provides a set of metabolite files with their
spin characteristics i.e., the chemical shifts and coupling constants for 1H
NMR based on the work presented by Govindaraju et al. [56].

• Transmitter frequency in Hz: It is absolutely necessary to indicate the
magnetic field at which the signals need to be simulated (e.g., 63.861 Hz
for 1.5 T).

• Carrier frequency: In case of 1H MRS, the carrier frequency is usually located
at the water peak, thus, at 4.7 ppm.

Until now, the effects of temperature, pH, B0 inhomogeneities and RF pulses were
not included in the NMR-SCOPE simulation package. However, Starcuk et al.
[163] have recently presented an updated NMR-SCOPE tool. This package gives
the MR spectroscopist the possibility to simulate MR signals with the real shaped
pulses used in the experiment. Moreover, it is possible to obtain proper spectral
patterns including line phases influenced by frequency selective excitation, and to
study the effects of various parameters with minimum programming.

In vitro basis set

For several studies described in this thesis, a set of in vitro metabolite profiles
measured at 1.5 T, 3 T and 9.4 T were acquired. A full description of the
acquisition protocol and a figure illustrating all three basis sets is presented in
chapter 2 section 2.1.3. Concerning temperature of the phantoms, it is acceptable
to measure metabolites at room temperature up to 3 T. However, at higher fields
it is necessary to increase the temperature to 37℃, especially for Cr and PCr [142].
Basically, the basis set should have a higher SNR and resolution than the in vivo
MRS signals. Moreover, it is important to measure all metabolites at the same
location in the scanner in order to keep the same voxel size positioned in the middle
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of each phantom and to shim before each acquisition is done. The acquisition time
should be taken long enough to allow the FID to decay into the noise.

Using in vitro profiles yield the following advantages and drawbacks:

Advantages

• The characteristics of in vitro profiles are usually closer to the in vivo
measured signals due to similar field conditions.

• Once a basis set is correctly acquired, it can be used to quantify all in vivo
signals measured under similar conditions. Moreover, variations in the TR,
the spectral bandwidth and the acquisition time per scan are allowed.

Drawbacks

• In contrast to simulated basis sets, the acquisition of individual signals
require a lot of effort and expertise (scanner and personnel). Since all
in vivo MRS signals will be further quantified using the measured basis
set, this measurements must be carefully performed. Thus, reliability of
quantification results also depends on the quality of those measured in vitro
profiles [142].

• Phantom solutions of individual metabolites degrade with time, which means
that some phantoms may only be used immediately after preparation (e.g.,
Gln, GSH). This issue makes the measurements more expensive and inflexible
for posterior measurements. Therefore, for consistency it is better to acquire
them all with different protocols in one session [142].

• Metabolite spectra must have higher accuracy and resolution than the in vivo
spectra. This can be achieved by measuring highly concentrated phantom
solutions, which are rather expensive [142].

• Acquisition of in vitro signals is done at the TE of the in vivo signal, however,
if the acquisition protocols are updated or changed, new measurements are
required to fit the new protocol.

Simulated or in vitro basis set?

Differences in both sets of metabolites are sometimes observed. However, some
studies encountered insignificant differences in metabolite estimates when using
both approaches in quantification [31, 181]. Regardless of the way of obtaining
the basis set, spectral quality has a large influence on metabolite quantification,
therefore, it is essential to carefully simulate and measure these metabolite profiles.
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When realistic signals can not be achieved with simulations, a well measured in
vitro basis set is more appropriate. Nevertheless, a very important issue to consider
is the number and selection of metabolites used for quantification.

• A list of the main metabolites to be included in quantification of 1H MRS
signals are: Ala, Asp, Cr, Cho compounds (GPC, PCh), GABA, Glc, Gln,
Glu, m-Ins, Lac, NAA, NAAG, PCr, s-Ins and Tau. This list can be
decreased or extended depending on the data quality (metabolites present)
and the magnetic field.

• The metabolite profile of Gly is a singlet that can not be resolved from m-Ins
(∼ 3.56 ppm), and therefore, it should not be included in the basis set [142].

3.2.4 Parameters to be considered in quantification of 1H MRS
signals

Before performing quantification, it is essential to consider different quantification
parameters important for increasing the reliability and accuracy of metabolite
estimates. When using a basis set of metabolites the following parameters need
to be set:

Damping constraint

In order to allow the individual metabolite profiles to vary in damping, such that
they can adequately fit the experimental signal, it is necessary to set a damping
constraint. This parameter is measured in Hz in AQSES [137] and QUEST [143]
and can take positive or negative values, meaning that the damping in the basis set
can be bigger or smaller than that of the experimental signal. In AQSES there is
a unique input number to be considered positive and negative while in QUEST it
consists of two input parameters - one positive and one negative. This parameter
is set manually in both quantification methods. It is important to consider that
a small damping constraint will not allow the metabolites (which usually have a
smaller damping) to correctly fit the in vivo signal. On the contrary, a very large
damping constraint will be disadvantageous for small metabolites, as they will
rather fit the baseline. We propose a way to compute an approximate damping
constraint (see [122] or chapter 7), by computing the upper bound for the damping
factor constraint as the difference between the FWHM of the reference water signal
and a reference peak selected from the in vitro metabolites (e.g., NAA). Further
influence on quantification and experimental results about this issue are described
in chapter 7.
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Frequency constraint

Similar to the damping constraint, the setting of the frequency constraint allows
the metabolite profiles to be shifted, such that they are aligned and can adequately
fit the corresponding metabolites in the experimental signal. Setting of this
parameter in AQSES and QUEST is similar to the setting of the damping
constraint. Usually, simulated and in vitro signals have a frequency location similar
to that of the experimental signals, however, small shifts may be required in order
to correct for temperature and pH changes. On the other hand, shifting of relative
resonances in one metabolite may occur and advanced frequency alignment is
required [92].

Baseline estimation

The baseline methods used before quantifying in vivo signals have been described
in chapter 2. Thus, the baseline estimation methods described in this section are
focused on: (a) inversion recovery (acquisition technique described in chapter 1),
(b) modeling with splines in AQSES [137], (c) truncation of the initial points of the
FID implemented in QUEST [143] and (d) a proposed parametric method with
individual peaks based on measured macromolecular baselines [121] described in
detail in chapter 6.

(a) Inversion recovery. The Baseline from inversion recovery allows the
suppression of metabolite resonances and visualization of macromolecules
and lipids. The obtained signal can be included in the basis set of metabolites
for fitting short TE signals contaminated with short T ∗

2 components. Results
in in vivo signals using this method have been reported in [128, 30, 33, 121,
88, 55].

Kreis et al. [85] proposed the integrated data acquisition and processing
(IPAD) method based on a combined 2-dimensional experimental and
fitting strategy to determine metabolite contents, relaxation times, and
macromolecular baseline in single examinations of individual subjects. With
this approach, a series of localized saturation recovery spectra are recorded
and combined with 2-dimensional prior knowledge fitting to simultaneously
determine metabolite T1, T2, concentrations and macromolecular baseline.
Seeger et al. [154] proposed an extension of the basis set of brain metabolites
by including several parameterized components for macromolecules and
lipids derived from metabolite-nulled in vivo spectra of normal brain
and high-grade gliomas. Further studies using the measured baseline in
quantification methods such as LCModel [141, 111] have been presented in
[128]. Other approaches using QUEST [30, 29, 55] and AQSES [120] have
been more recently presented.
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(b) Modeling with splines in AQSES. The baseline is characterized by a smooth
function modeled with a basis of splines as described in Section 3.2.1. This set
of splines is fitted together with the model functions (metabolites) following
a regularized NLLS criterion and the degree of smoothness can be tuned
via a regularization parameter. In [120] (see also chapter 6) a comparison
of baseline approaches using inversion recovery and the modeled splines
in AQSES suggests that a combination of both methods provides a better
approximation of the macromolecular baseline.

(c) Truncation of the initial points of the FID. The components having a short
T ∗

2 correspond to macromolecules and lipids. Their contribution is, therefore,
present in the first points of the FID and this property is used by the
QUEST algorithm. Further details about the baseline estimation approach
in QUEST are described in Section 3.2.2 on Page 43. This technique has
been demonstrated to be a reliable method to estimate the macromolecular
baseline in short TE in vivo signals [30, 33, 55].

(d) Parametric method with individual peaks based on measured macromolec-
ular baselines. A basis set of resonances corresponding to macromolecules
and lipids is obtained by extracting the information from measured inversion
recovery signals. Then, extracted resonances are used together with the
basis set of metabolites to fit the baseline allowing frequency and damping
corrections to fit different experimental signals [154, 67, 121]. This baseline
method with parametric peaks is further explained in chapter 6.

Lineshape

The ideal lineshape of MR spectra is considered to be Lorentzian, however, due
to field inhomogeneities and tissue heterogeneities this Lorentzian lineshape may
change and take any arbitrary form. The model in Eq.(2.1) includes Lorentzian
lineshape corrections for all spectra. However, a lineshape correction method or
a lineshape estimation may be required in order to obtain reliable quantification
results. Additionally, in quantification methods such as peak integration, a phase
correction, ECC [79] and lineshape estimation are essential for reliable metabolite
estimation. In the quantification based on a basis set of metabolites, each profile
has normally a lineshape of Lorentzian type as a result of a well-shaped simulated
signal or a homogeneous phantom.

Some preprocessing methods such as ECC [79], QUALITY [34] and QUECC [6]
described in Section 2.2.6 are not always able to correct lineshape distortions.
There exist also several reference-free methods that extract a common lineshape
by modelling the signal itself [140, 106, 107, 132, 158, 156, 123] or by magnetic
field mapping [42]. Therefore, in order to adequately fit the metabolite profiles to
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Figure 3.3: Real part of a 1H in vivo spectrum from mouse brain measured at
9.4 T in a Bruker scanner using a PRESS sequence and with acquisition parameters
of TR=4 s, TE=12 ms, SW=4 KHz, NDP=2048 points and 256 averages in a VOI
of size 3×1.75×1.75 mm3. The three plots below the in vivo signal correspond to
different baseline estimation methods: inversion recovery, QUEST (truncating 20 points),
AQSES (splines with small λ=0.1) and parametric method with 11 identified peaks selected
according to the method presented in chapter 6.
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the lineshape distorted spectra, it is recommended to modify the lineshape of the
metabolite profiles.

Maudsley [106] proposed a method to determine spectral lineshapes using
deconvolution of the data with an initial estimate of the same spectrum, referred
to as self-deconvolution. It determines amplitude and phase lineshape distortions
which may be caused by field inhomogeneity and gradient eddy current effects.
This lineshape is incorporated into a parametric spectral analysis procedure,
resulting into a reduction of the number of parameters to be determined and
an accuracy improvement of the fit. In a similar approach, Sima et al. [156]
study the self-deconvolution method for automatic estimation of the unknown
lineshape distortion and show that using adequate hyper-parameters for denoising
the estimated lineshape, the overall quantification results are improved. Later,
Osorio et al. [123] presented an improvement of the method described in [156] by
reducing the number of hyper-parameters in the denoising step and showed results
in simulated, in vitro and in vivo signals. Further details about this last method
are described in chapter 5.

Popa et al. [132] proposed a lineshape estimation method inferred from the data
at hand. Because the estimation of metabolite concentrations is usually done by
NLLS fitting of a physical model function based on minimizing the residue, the
semi-parametric task is handled by two criteria: (a) obtaining a minimal residue
and (b) limiting the width of the spectral line.

Prior knowledge

Due to the difficulty of disentangling the contributions from overlapping res-
onances, underlying baseline (macromolecule and lipid components), water
resonance and random noise, previous studies suggest that the inclusion of prior
knowledge increase the accuracy and reliability of the metabolite estimates. In
the past, prior knowledge referred to imposing relations between individual peaks
(e.g., known frequency location, equal damping and phase, constant amplitude
ratios) [20, 158, 40, 41, 16, 17, 172, 176]. More recently, prior knowledge involves
the use of appropriate metabolite basis sets [140, 143, 137, 182] and, in the case of
MRSI data, even imposing spatial constraints such as smoothness in the spectral
parameter maps [78, 28].

3.2.5 Quantification results

Metabolite estimates provided by quantification are used to determine their
concentration in either an absolute or relative way. When absolute molar
concentrations are considered, a direct comparison between, for instance, a healthy
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and a diseased tissue is possible. On the other hand, relative concentrations are
computed using ratios between peak areas of other metabolites and therefore, a
direct comparison is not possible. Here, the assumption that the denominator
remains constant and is not a part of the disease process studied is essential. For
instance, the peak of Creatine at 3.03 ppm is widely used as the denominator and
its concentration is relatively stable with age but reflects variations with tumors
and diseases [151]. Finally, obtaining reliable absolute concentrations is a challenge
due to the numerous factors affecting the final results. In practice, the differences
in the T1 and T2 relaxation times, diffusion, susceptibility and location of VOI
need to be considered between the calibration compound and the acquired MR
signal.

Absolute vs relative concentrations

Absolute concentrations are obtained taking into account a calibration signal and
measurement parameters between the reference signal and the measured MR signal
(e.g., T1 and T2 relaxation times which are tissue dependent, localization, etc.).
Absolute concentrations are normally given in millimoles [mM=mmol/L] (number
of moles of metabolite per liter of tissue water), or molality [mm=mmol/Kg]
(number of moles of metabolite per kilogram of tissue water). A way to calculate
the absolute concentrations is:

[Cmet] =

(

Smet

Sref

)

[Ref ]CnCav (3.2)

where Cmet is the concentration of a particular metabolite, Smet is the amplitude
of the metabolite signal with the applied correction factors (e.g., T1, T2, hardware,
localization, etc.), Sref is the amplitude of a reference signal with the applied
correction factors, [Ref ] is the concentration of the reference compound, Cn is
the correction for the number of equivalent nuclei for each resonance and Cav the
correction for the number of averages [35].

In absolute quantification the following computations can be considered:

• Using an internal concentration reference. The peak areas in the acquired
spectrum are compared with the areas of a ‘stable’ reference compound. In
1H MRS, the water, tCr and NAA are normally used as references, however,
their concentrations may change during the development of diseases. For
instance, NAA has been found to change in neurodegenerative diseases and
when discriminating between water and cerebrospinal fluid (CSF) a difference
of about 30-40% has been observed [84].
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When the water is used as reference, the term [Ref ] in Eq.(3.2) becomes
the concentration of water which is equal to 110 M. This concentration is
obtained as:

CH2O =
nH2O

V
(3.3)

where nH2O is the molecular mass of the water molecule and V the volume
of the VOI. Because the molecular mass of water molecule is 18 g/mol, the
density of water is 1000 g/L and the water molecules contains 2 protons, we

have that CH2O = 1000g/L
18g/mol × 2 = 111 M, but it is normally set as 110 M.

Additionally, a correction factor corresponding to the water content in the
VOI is necessary. This correction factor is ∼0.82 for gray matter, ∼0.73 for
white matter, >0.95 for CSF and ∼0.78 for skeletal muscle [35].

• Using an external concentration reference. For this approach, a reference
signal from a calibration sample can be obtained and the concentration is
computed using Eq.(3.2). With this technique, problems caused by the B1

field distribution can be solved by symmetric placement of the sample with
respect to the coil [35].

• Using an external simulated phantom concentration reference. This can be
obtained by simulating human tissue using a spherical phantom of known
composition. In this method, systematic errors such as B1 inhomogeneity
and localization affect the phantom and the tissue in similar ways. Usually,
a reference sample with resonances outside the region of interest is selected
(e.g., TMS, DSS) [35].

Relative concentrations can be obtained by dividing the estimated amplitudes
by a reference peak or reference signal. For instance, the Creatine peak at
3.03 ppm and the water reference signal are commonly used for this purpose.
These concentrations are given in arbitrary units [65, 72].

Considering both strategies one may conclude that [134]:

• Relative concentrations are less sensitive to abnormalities than absolute
concentrations.

• When using a reference peak for obtaining relative concentrations, it is
essential to consider a peak that does not change (which may be difficult
to assure depending on the variability of the tumor or metabolic disease).

• Errors coming from relative concentrations may be higher compared to
absolute concentrations [72, 95].

• Absolute concentrations require the correct assessment of calibration signals
and measurement conditions.
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3.3 Conclusion

In this chapter the main issues involved in the quantification of 1H MR signals have
been presented. Special focus was given to the quantification methods AQSES
and QUEST (mostly used in this thesis) and the parameters involved in the
improvement of quantification reliability. Additional studies considering these
methods and further improvements concerning the removal of the unsuppressed
water, lineshape and baseline will be discussed in chapters 4, 5 and 6.



Chapter 4

Filtering of residual water

In this chapter several model order selection methods using HLSVD for peak
removal are presented. The aim is to introduce the water filtering in 1H MRS
signals using HLSVD and describe a way to automate the selection of the number
of sinusoids to be used in HLSVD.

4.1 Introduction

In vivo 1H MRS signals contain a water resonance usually 103 to 104 larger than
those of metabolites. Several acquisition techniques are able to suppress this
resonance, however, a residual peak remains and may affect the metabolites in the
neighborhood or the baseline of the signal. Furthermore, complete and accurate
filtering of unwanted peaks1 in in vitro metabolite solutions is essential for building
up a basis set used in quantification.

Numerical methods have been developed to suppress the remaining peaks in the
MR signals, such as singular value decomposition (SVD) [129, 190, 90], filtering
[102, 167, 175, 136], wavelets [2] and indirect covariance methods [23], which
require the setting of specific parameters.

Hankel Singular Value Decomposition (HSVD) methods [87, 4, 186, 129] have
been successfully used for modeling and quantifying an MRS signal as a sum of
exponentially damped complex-valued sinusoids of Lorentzian type. Moreover, the
computation time of the SVD can be reduced significantly by using the Lanczos
algorithm (HLSVD) [129]. When HLSVD is used for filtering, the modeled

1By unwanted peaks we mean not only the residual water, but also the peaks corresponding
to the buffer solution and additional reference peaks (see chapter 2 section 2.1.3).

55
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components in the desired region (corresponding to the water and unwanted
peaks) can be subtracted from the original signal. Then, HLSVD filters out
these resonances without affecting the resonances of the metabolites of interest.
On the other hand, when HLSVD is used for quantification, the amplitudes
of the individual components provide the metabolite concentrations. In both
cases, the expected number of sinusoids (i.e., the model order K) and cutoff
frequencies where peaks should be suppressed are defined by the user and therefore,
performance depends on these user defined parameters.

Several approaches have been focused on the automatic determination of an
optimal model order K and reliable water peak removal [86, 173, 96, 14, 125,
89, 69, 187]. Their validation in simulated, noiseless or non-overlapping peaks
shows promising results. However, a validation study in real in vivo signals will
provide more insight of the power of each method.

Cabanes et al. [14] presented a method to estimate the model order for HLSVD
based on a large series of simulated signals coming from in vivo short echo time
signals with distorted water lineshapes and low SNR. After validating the method
using HLSVD with different model orders, an optimal model order of 25 (K = 25)
appeared to be a good choice for short TE in vivo 1H MRS signals of human brain.

Other studies have suggested model orders of 10 [50] and 25 [31] for in vivo and in
vitro signals obtained at 1.5 T and 7.0 T, respectively, corresponding to the visible
peaks in the spectra. Due to the fact that MRS resonances may have a non-ideal
Lorentzian shape, an overestimation of the model order used in HLSVD may be
beneficial. In this case, multiple complex-damped sinusoids can better describe a
non-Lorentzian lineshape-distorted resonance.

4.2 Materials and Methods

4.2.1 MRS signals

In vitro and in vivo data were acquired at different magnetic fields:

1.5 T signals.

These signals were acquired on a 1.5 T Philips NT Gyroscan (Philips Medical
Systems, Best, The Netherlands) MR scanner.

• In vitro signals. The following metabolites were measured in vitro to be used
as basis set for quantification: Ala, Asp, Cr, GABA, Glc, Gln, Glu, GPC,
Lac, m-Ins, NAA, PCh, and Tau. A complete description of the acquisition
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protocol and a figure illustrating the basis set is presented in chapter 2 section
2.1.3.

• In vivo signals. Single voxel MRS data from a volunteer’s brain were acquired
on a 1.5 T scanner. A complete description of the acquisition protocol and
a figure illustrating an in vivo signal is presented in chapter 2 section 2.1.2.

3.0 T signals.

These signals were acquired on a 3.0 T Philips MR scanner (Achieva, Philips, Best,
The Netherlands).

• In vitro signals. The basis set of metabolites measured at 3.0 T contained
the same metabolites used at 1.5 T. A complete description of the acquisition
protocol and a figure illustrating the basis set is presented in chapter 2 section
2.1.3.

• In vivo signals. MRSI data from a patient were acquired with a 3.0 T scanner.
A full description of the acquisition protocol and a figure illustrating an in
vivo signal is presented in chapter 2 section 2.1.2.

9.4 T signals.

These signals were acquired on a 9.4 T Bruker Biospec small animal MR scanner
(Bruker BioSpin MRI, Ettlingen, Germany).

• In vitro signals. The basis set of metabolites at 9.4 T contained the same
metabolites used at 1.5 T plus two additional metabolites: GSH and PE. A
complete description of the acquisition protocol and a figure illustrating the
basis set is presented in chapter 2 section 2.1.3.

• In vivo signals. These single voxel signals were acquired from wild-type mice
and a model mice for Alzheimer’s disease (APP.V717I transgenic mice2). A
full description of the acquisition protocol and a figure illustrating an in vivo
signal is presented in chapter 2 section 2.1.2. Mice were anesthetized by using
1.25% isoflurane and their heads were immobilized during the experiments.

All experiments were performed conform with regional, national and European
regulations.

2These mice serve as valuable preclinical models for the amyloid pathology in Alzheimer’s
disease and are exploited for biotechnological and pharmaceutical drug development
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MRS signals were preprocessed before quantification following the steps described
in chapter 2 section 2.2 according to the acquired signals, (i.e., in vitro and in
vivo at different magnetic fields):

a) Time circular shift. A time circular shift of 68 points (provided with the scan
files) was applied to all in vitro and in vivo Bruker signals. Consequently, a
truncation of those last points from the tail is necessary to ensure that the
FID decays into the noise.

b) Eddy current corrections. All in vitro 1.5 T signals were eddy current
corrected using Klose’s method [79]. For the 3.0 T and 9.4 T signals, this
procedure is performed in the scanner software directly.

c) Phase correction. Zero order phase corrections were applied to 1.5 T and
9.4 T signals.

d) Water and reference peak filtering. This step is evaluated in detail in the
next sections. Basically, we need to filter out the residual water in all in vivo
and in vitro 1H MRS(I) signals, as well as the reference peaks in the in vitro
signals.

4.2.2 HLSVD method

HLSVD [129] is a reliable method for peak filtering with application in different
fields, which decomposes a signal into a sum of exponentially damped complex-
valued sinusoids [90, 89, 69]. HLSVD is non-iterative and requires minimal user
interaction (black box method). Therefore, very limited prior knowledge about
the resonances can be imposed on the fitting procedure and the model function is
limited to exponentially decaying sinusoids (e.g., Lorentzian).

The signal of length N is arranged in a matrix as follows:

HLxM =











x1 x2 . . . xM

x2 x3 . . . xM+1

...
...

. . .
...

xL xL+1 . . . xN











where L > K, M > K and L + M − 1 = N , K being the (unknown) number
of exponentially decaying sinusoids. Then, the matrix will be decomposed in:
HL×M = UL×LSL×MV H

M×M , where U , V are unitary, H stands for conjugate
transpose of a matrix, S is the diagonal matrix which contains the singular values.
The rank of the matrix, i.e., the number of non-zero singular values, is equal to the
model order in a noiseless signal, i.e., K, but H will be full rank in the presence
of noise in the signal.
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Concerning the size of the Hankel matrix, it has been demonstrated [14] that it
is convenient not to use the last points of the signals which contain only noise.
Above a certain SNR, the singular values of H, arranged in decaying order, can be
split into signal-related and noise-related singular values. Then, the noise-related
singular values are smaller than the K singular values describing the signal, i.e.,
they are closer to zero [129].

For well-resolved spectra with reasonable SNR, the value of K can be determined
from the sharp cutoff in magnitude of the singular values, or the number of resolved
peaks in the spectrum above a predefined threshold region. However, for low SNR
spectra, the determination of an appropriate threshold region is more difficult.

HLSVD applied to MRS signals provides K exponentially damped complex-valued
sinusoids with specific amplitudes Ak, frequencies fk, dampings dk and phases φk,
corresponding to every peak in the signal. Thus, for water and unwanted peak
suppression, the exponentially damped sinusoids located at specified frequency
regions are selected and subtracted from the original signal. In this study, we use
HLSVD-PRO [90] to filter all MRS signals; this is an implementation of HLSVD,
where the singular value decomposition is computed using the Lanczos method
with Partial ReOrthogonalization.

4.2.3 Model order selection

Several studies have focused on the optimal model order selection and different
approaches have been developed for that purpose [96, 14, 125, 189, 69, 187].
However, determining whether K should be equal to or larger than the number of
visible peaks in the spectrum remains an issue. On one hand, underestimating K
leads to a poor signal decomposition where not all peaks are modeled and therefore
a frequency selective region suppression may lead to a significant residual. On the
other hand, a too large overestimation of K results in a signal decomposition
including noise components and generates unwanted spectral features. Therefore,
Lin et al. [96] suggest that the choice of K is related to the SNR, the overlapping
frequencies and the length of the signal.

Here, we consider 5 different methods to estimate the model order used in HLSVD:
(a) rank determination [173], (b) Minimum Description Length (MDL) [96], (c)
Subspace-based Automatic Order Selection (Samos) [125], (d) Fixed model order
of 25 [14, 31] and (e) a simple heuristic approach based on overestimation. The
methods in (a), (b) and (c) estimate the model order automatically using the SVD
and the method in (e) is a fast peak-counting based approach.

a) Rank determination method
This method is described in [173, p. 89] and presents the rank determination
of a noisy matrix. If the elements in a low-rank matrix are affected by
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independently and identically distributed zero mean errors with variance
σ2, an appropriate rank (i.e., the number of singular values that can be
numerically considered nonzero) is selected from counting how many singular
values of the diagonal matrix S are larger than

√

2max{L,M}σ (4.1)

where L×M are the dimensions of the data matrix (in our case the Hankel
matrix H). σ2 is computed in MRS signals from the last sample points (e.g.,
the last 100) of the time domain signal, which are assumed to contain only
noise (see chapter 2 section 2.1.1).

b) Minimum description length (MDL)
This method was initially described independently by Schwarz [152] and
Rissanen [146], see also [177]. Schwarz used Bayesian arguments assuming
that each competing model can be assigned a prior probability, and the
model that yields the maximum posterior probability is selected. In parallel,
Rissanen considered information theoretic arguments, where each model is
used to encode the observed data and the model that yields the minimum
code length is selected. Later, Lin et al. [96] applied MDL to MRS signals
and determined the optimal value of K by minimizing a discrete function of
the singular values already computed:

MDL(k) = − log

[

(
∏L

i=k+1 σi)
N

(

1
L−k

∏L
i=k+1 σi

)(L−k)N

]

+
1

2
k(2L − k) (4.2)

where σi are the singular values of H, i.e., the diagonal elements of the
matrix S.

c) Subspace-based Automatic Order Selection method (Samos)
Papy et al. [125] proposed a model order estimator based on the matrix

U tb
k = [U↑

k |Uk↓] by varying k from 1 to L-2 with unit step. Uk contains

the first k left singular vectors of the Hankel matrix H. The matrices U↑

k

and Uk↓ are derived from Uk by omitting its first and last row respectively.
Then, the SVD of U tb

k is computed as U tb
k = Y ΓWH where the matrix Γ is a

diagonal matrix which contains the singular values γi. Using Γ, it is possible
to estimate the model order K as

K̃ = arg max
k

1

E(k)
, 1 ≤ k < (L − 1)/2 (4.3)
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where

E(k) =
1

k

2k
∑

i=k+1

γi (4.4)

d) Fixed model order of 25
A fixed model order of 25 has been widely used in HLSVD methods to filter
out resonances from in vivo and in vitro spectra. As described in [14, 31],
a fixed model order of 25 can be used to sufficiently suppress the residual
water of in vivo and in vitro signals.

e) Heuristic approach based on overestimation
We propose an alternative approach to estimate the model order by
overestimating the number of sinusoids describing one single resonance. First,
the time domain signal is truncated in order to obtain a spectrum with
lower, but still adequate, spectral resolution. Then, considering the spectral
resolution of the truncated signal, an estimated number for the model order
is obtained by counting spectral points significantly above the noise level.

(A) Truncation. Because the metabolite information is contained in the
decaying part at the beginning of the FID, we aim to decrease the
spectral resolution of long signals by truncating the completely decayed
part containing only noise. This truncation point is computed based on
the point at which the FID starts decaying into the noise.

To find this truncation point, all points of the original signal smaller in
absolute value than the standard deviation σ computed as explained in
chapter 2 section 2.1.1 are selected. Due to signal oscillation, the first
selected points might not necessarily belong to the noise and therefore
they should not be considered as part of the tail. In order to select
the truncation point, these points are binned (as in a histogram) and
K-means clustering function from Matlab® is used to separate the
bins into two classes according to their height. The class with higher
average height represents truly noise points, since they reflect high
density of selected points lower than σ. Finally, the first point of this
class is selected as the truncation point. This whole procedure is fully
automated.

(B) Model order overestimation. An approach considering the fre-
quency resolution of the truncated signal is proposed to determine
an overestimated model order K. First, the Fourier transform of the
truncated FID, which is a lower resolution but less noisy spectrum than
the one obtained from the full-length FID, is computed. Then, we
consider that the number of frequency points describing the resonances
of the truncated spectrum is a good approximation of an overestimated
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number of sinusoids. Finally, the model order K is computed as
the number of spectral points outside a noise-related threshold region
defined by [-5σ,5σ], as shown in Fig. 4.1 (b).

0 200 400 600 800 1000 1200 1400 1600 1800

Number of samples

(a)

01234567

ppm

(b)

Figure 4.1: (a) Real part of the time domain signal showing the sample point determined
for truncation. (b) Real part of the truncated spectrum showing the selection of the model
order K equal to the number of spectral points outside the threshold region [-5σ,5σ].

4.3 Results

In order to evaluate the performance of the methods described in section 4.2.3, we
consider in vivo and in vitro 1H MRS signals and filtered them using HLSVD-PRO.
Results of the obtained model orders using all methods are listed in Table 4.1.

Table 4.2 shows the relative standard deviations after suppressing the water
resonance computed as

σfilteredW ater

σoriginalF ID
, where σfilteredWater is the standard deviation

of the spectral region from 4.5 ppm to 5.5 ppm and σoriginalFID is the noise
standard deviation of the time domain signal. In Table 4.2 a value below 1
indicates that some noise components might have been eliminated, a value above
1 indicates that the filtering of the desired peaks was incomplete and a value close
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to 1 indicates that the noise level is similar to the original noise and the filtering
was done appropriately.

In contrast to the heuristic overestimation approach, the selection of the model
order for long signals (length NDP) is computationally expensive for the other
methods due to the computation of the SVD of the corresponding L×(NDP−L+1)
matrix. Moreover, using the truncated signal to compute the model order for the
method presented in a) to d), lower a less adequate model orders are obtained
(results not shown).

In the presence of low SNR, the performance of all methods is similar (e.g., for
in vivo MRSI signals measured at 3.0 T, with SNR values between 4 dB and
10 dB) independently of the model order. In this case, a low model order (e.g., 25)
performs as good as a high model order because only the resonances corresponding
to the main metabolites are perceived, while the small ones are embedded in the
noise. Results shown in Fig. 4.2 to 4.9 illustrate the filtering using all methods.

Table 4.1: HLSVD model order estimated for 1H MRS signals acquired at 1.5 T, 3.0 T
and 9.4 T (column 1) considering different in vitro and in vivo measurements (column 2)
and using several model order estimation methods (columns 3 to 7): rank determination
method [173], MDL method [96], Samos method [125], a fixed model order of 25 as
described in [14, 31] and the proposed heuristic approach based on overestimation.

Signal Method SNR (dB)
Rank det. MDL Samos Fixed K Overest.

1.5 T In vivo 39 16 1 25 44 23
NAA 137 21 458 25 309 23
PCh 139 18 3 25 219 24

3.0 T In vivo (1) 241 2 1 25 87 4
In vivo (2) 205 2 2 25 78 9
Lac 81 16 4 25 239 21
Glu 103 24 1 25 231 10

9.4 T In vivo 163 5 488 25 134 12
Glc 206 36 34 25 126 10

• Filtering signals at 1.5 T.

Filtering of residual water and reference peaks for the NAA and PCh signals
was done by suppressing all peaks in the frequency region outside the interval
[1 ppm, 4.44 ppm]. As can be seen in Table 4.1 the rank determination,
Samos and the overestimation methods provide a high model order for the
NAA signal, whereas a low model order was obtained for the PCh signal.
Results shown in Fig. 4.2 and Fig. 4.3 illustrate the incomplete filtering of
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Table 4.2: Standard deviation of the ppm region near the water resonance (i.e., 4.5 ppm
to 5.5 ppm) for all investigated signals using the model order illustrated in Table 4.1. Each
standard deviation was normalized to the noise standard deviation in the original signal.
We have highlighted the standard deviations closer to 1 to indicate that the residual water
was filtered sufficiently, but without filtering noise components.

Signal Method
Rank det. MDL Samos Fix K Overest.

1.5 T In vivo 2.25 5.15 33.41 3.78 1.35
NAA* 2.06 3.71 1.65 2.66 1.39
PCh 1.49 2.11 20.39 1.76 0.89

3.0 T In vivo (1) 1.12 3.30 9.06 1.55 1.16
In vivo (2) 1.08 2.76 2.76 1.41 0.96
Lac* 1.50 3.63 27.68 1.89 1.41
Glu 0.83 1.82 25.80 1.81 1.03

9.4 T In vivo 1.19 2.24 0.55 1.23 1.29
Glc 0.89 0.99 0.99 0.99 0.99

*The FID of this metabolite is not fully decayed, therefore we computed the
standard deviation from a metabolite-free region in the frequency domain

the reference peaks at 0 ppm and 8.4 ppm. The in vivo signal presented in
Fig. 4.4 is a short MRS signal with high SNR, here the peak suppression
was done by removing all resonances in the frequency region outside the
interval [0 ppm, 4.3 ppm]. Results show that a good water suppression is
obtained when using all methods, except Samos, which resulted in almost
no suppression of the water resonance.

• Filtering signals at 3.0 T.

The in vitro Lac signal contained an extra peak at 3.7 ppm (due to phantom
contamination) which was successfully suppressed using the overestimation
method (see bottom of Fig. 4.5). Filtering was done by suppressing all peaks
in the frequency region outside the interval [1 ppm, 4.44 ppm] and the peaks
in the interval between [3.35 ppm, 3.88 ppm]. The in vitro Glu signal also
contained an extra unwanted peak at 3.26 ppm which was well suppressed
using the rank determination and the overestimation method. Filtering was
done by suppressing all peaks in the frequency region outside the interval
[1 ppm, 4.44 ppm] and the peaks in the interval [3.03 ppm, 3.44 ppm]. In this
case, a high model order was beneficial to eliminate all unwanted resonances.
The plot in Fig. 4.6 shows a residual resonance at 3.26 ppm for most of
the methods. The in vivo MRSI signal shown in Fig. 4.7 has a low SNR.
Filtering was done by suppressing all peaks in the frequency region outside
the interval [0 ppm, 4.3 ppm]. Results in Table 4.2 show that at low SNR
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Figure 4.2: Top: Real part of the spectrum of in vitro NAA measured at 1.5 T
with acquisition parameters: Philips scanner, PRESS sequence, TR=6 s, TE=23 ms,
SW=1 KHz, NDP=2048 points and 128 averages. Bottom: filtered signal with HLSVD-
PRO with the model orders computed from all methods. All modelled peaks in the
frequency region outside the interval [1 ppm, 4.44 ppm] were suppressed. Residual
resonances are visible in the water and reference peak regions, i.e., 4.7 ppm, 0 ppm
and 8.44 ppm.

the model order plays a less important role and comparable results can be
obtained regardless of the method.

• Filtering signals at 9.4 T.

The in vitro Glc is a long MRS signal with 6144 points and a good
frequency resolution. It contained an extra unwanted peak at 2.8 ppm
which was only suppressed when using a large model order. Filtering was
done by suppressing all peaks in the frequency region outside the interval
[2.95 ppm, 4.44 ppm]. From the results shown in Table 4.1, model orders
between 25 and 206 were obtained, however, results in Table 4.2 show that
similar filtering results at the water region were obtained for all methods.
Fig. 4.8 illustrates the filtering results where a clear water suppression
is observed, however, at the region between the dashed lines (2.8 ppm)
as well as at 0 ppm, a good suppression is only achieved with the rank
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Figure 4.3: Top: Real part of the spectrum of in vitro PCh measured at 1.5 T
with acquisition parameters: Philips scanner, PRESS sequence, TR=6 s, TE=23 ms,
SW=1 KHz, NDP=2048 points and 128 averages. Bottom: filtered signal with HLSVD-
PRO with the model orders computed from all methods. All modelled peaks in the
frequency region outside the interval [1 ppm, 4.44 ppm] were suppressed. Residual
resonances are visible in the water and reference peak regions, i.e., 4.7 ppm, 0 ppm
and 8.44 ppm; the dotted line in the middle correspond to the incomplete filtering using
Samos.

determination and the overestimation methods (high model orders). The
in vivo signal in Fig. 4.9 shows a good water resonance suppression when
using the fixed model order and the overestimation methods. Filtering was
done by suppressing all peaks in the frequency region outside the interval
[0 ppm, 4.3 ppm]. Moreover, Table 4.2 shows that the rank determination
method provides a slightly better standard deviation. On the contrary, the
Samos method provided a too large model order suppressing the water and
the noise resonances in the water region.
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Figure 4.4: Top: Real part of the spectrum of an in vivo MRS signal measured at 1.5 T
with acquisition parameters: Philips scanner, PRESS sequence, TR=6 s, TE=23 ms,
SW=1 KHz, NDP=512 points and 64 averages. Bottom: filtered signal using HLSVD-
PRO with the model orders computed from all methods. All modelled peaks in the
frequency region outside the interval [0 ppm, 4.3 ppm] were suppressed; the dotted line in
the middle correspond to the incomplete filtering using Samos.

4.4 Discussion

HLSVD can be used for reliable filtering of water and unwanted resonances in in
vitro and in vivo signals. However, we have shown that the model order plays
an important role. We presented the results obtained when filtering resonances
using HLSVD-PRO, in particular, including a model order estimation method for
peak suppression when MR signals have different residual water shapes, low and
high SNR, long and short MRS signals and well-resolved peaks. To this end, we
compared four model order estimation approaches from the literature and proposed
a heuristic approach that overestimates the model order. For some of the signals
illustrated here, the performance of the existing methods is limited.

The rank determination method has been used to reliably obtain the numerical
rank of a noisy matrix, however, in the presence of high SNR signals, noise
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Figure 4.5: Top: Real part of the spectrum of in vitro Lac measured at 3.0 T
with acquisition parameters: Philips scanner, PRESS sequence, TR=2 s, TE=35 ms,
SW=2 KHz, NDP=2048 points and 128 averages. Bottom: filtered signal with HLSVD-
PRO with the model orders computed from all methods. All modelled peaks in the
frequency region outside the interval [1 ppm, 4.44 ppm] were suppressed; additional peaks
in the interval between [3.35 ppm, 3.88 ppm] were also suppressed. Residual resonances
are visible in the water and reference peak regions, i.e., 4.7 ppm, 0 ppm, 3.3 ppm and
8.44 ppm; the dotted line in the middle corresponds to the incomplete filtering using
Samos.

components may be also modeled. Concerning the MDL method, it has been
successfully used to model noisy MRS signals having relatively good computational
efficiency, high precision and accuracy of the estimated spectral parameters and
less tendency for spurious estimates at low SNR. The Samos method assumes a
good separation of the signal and noise subspace, is based on the shift invariance
property of the dominant subspace of the Hankel data matrix and has been
successfully compared to the ESTimation ERror method (ESTER) [3] (which
is also based on the shift invariance property). However, a possible reason for
its inaccuracy is the predominance of the water peak which will have priority
in the modeling. Samos method has not been used for 1H MRS signals before,
though. Finally, a fixed model order of 25 sinusoids has been successfully used to
decompose in vitro and in vivo signals [14, 31]. Nevertheless, good results depend



DISCUSSION 69

−10123456789

ppm

−10123456789

Glu

Rank det.

MDL

Samos

Fixed 25

Overestimation

Figure 4.6: Top: Real part of the spectrum of in vitro Glu measured at 3.0 T
with acquisition parameters: Philips scanner, PRESS sequence, TR=2 s, TE=35 ms,
SW=2 KHz, NDP=2048 points and 128 averages. Bottom: filtered signal with HLSVD-
PRO with the model orders computed from all methods. All modelled peaks in the
frequency region outside the interval [1 ppm, 4.44 ppm] were suppressed; additional peaks
in the interval between [3.03 ppm, 3.44 ppm] were also suppressed. Residual resonances
are visible in the water and reference peak regions, i.e., 4.7 ppm, 0 ppm, 3.3 ppm and
8.44 ppm; the dotted line in the middle corresponds to the incomplete filtering using
Samos.

on the particular signal characteristics and therefore this fixed model order of 25
may also be inaccurate.

Compared to other methods, the overestimation approach is able to suppress
distorted lineshapes and multiple resonances in the presence of low or high SNR. A
major advantage of the proposed overestimation method is that long signals can be
reliably truncated to a sample point where no metabolite information is contained
and acceleration of the HLSVD computations can be achieved. The proposed
overestimation method is able to identify a large number of resonances and
therefore, suppression of the selected unwanted peaks can be accurately achieved.
In this study, we focused on 1H MRS signals, but potential implementation in
other applications is also feasible.
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Figure 4.7: Top: Real part of the spectrum of an in vivo MRSI signal measured at 3.0 T
with acquisition parameters: Philips scanner, PRESS sequence, TR=2 s, TE=35 ms,
SW=2 KHz, NDP=2048 points and 1 average. Bottom: filtered signal with HLSVD-PRO
with the model orders computed from all methods. All modelled peaks in the frequency
region outside the interval [0 ppm, 4.44 ppm] were suppressed; the dotted line in the
middle corresponds to the incomplete filtering using Samos.

Results in Table 4.2 are related to the frequency region around the water resonance
i.e., between 4.5 ppm and 5.5 ppm. However, when analyzing in vitro MRS signals,
we must consider additional resonances present in the region between 0 ppm and
8.44 ppm, which correspond to reference peaks that must be suppressed. These
peaks may be tiny compared to the residual water or the metabolite peaks, thus
an overestimated model order may be beneficial.

An important aspect to consider when filtering MRS signals is the fact that
both in vitro metabolites and in vivo signals will be used to assess metabolite
concentrations via quantification.

HLSVD-PRO has been broadly used for suppression of unwanted resonances,
however, other methods of filtering such as MP-FIR [167] have also proven to
provide successful results. In [136] MP-FIR was compared with HLSVD-PRO in
the context of quantification accuracy. However, preprocessing with MP-FIR is
not advisable due to a nonlinear phase distortion occurring in the filtered signals.
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Figure 4.8: Top: Real part of the spectrum of in vitro Glc measured at 9.4 T with
acquisition parameters: PRESS pulse sequence with implemented pre-delay OVS as well
as the water suppression method VAPOR, FASTMAP shimming correction, TR=4 s,
TE=12 ms, SW=4 KHz, 64 averages and NDP=6144 points. Bottom: filtered signal with
HLSVD-PRO with the model orders computed from all methods. All modelled peaks in
the frequency region outside the interval [2.95 ppm,4.44 ppm] were suppressed. Residual
resonances are visible at the region around 2.8 ppm (between the two vertical dashed
lines).

This study is important for the assessment of quantification results via residual
analysis (see chapter 7 for further details about residual analysis). For instance, a
significant residual may be observed when incorrect peaks suppression is obtained
in the preprocessing step, as a result the final assessment of conclusions is affected.

4.5 Conclusions

In this study, we have evaluated the suppression of water and unwanted peaks
for different in vitro and in vivo 1H MRS signals obtained at 1.5 T, 3.0 T and
9.4 T. These signals were representative for evaluation of different SNRs, water
shapes and signal resolutions. Normally, acquisition protocols include a residual
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Figure 4.9: Top: Real part of the spectrum of an in vivo MRS signal measured at
9.4 T with acquisition parameters: PRESS pulse sequence with implemented pre-delay
outer volume suppression (OVS) as well as the water suppression method VAPOR,
FASTMAP shimming correction, TR=4 s, TE=12 ms, SW=4 KHz, 256 averages and
2048 points. Bottom: This signals was filtered with HLSVD-PRO with the model orders
computed from all methods. All modelled peaks in the frequency region outside the interval
[0 ppm,4.3 ppm] were suppressed.

water suppression method, but incomplete water removal may affect metabolite
resonances and the signal’s baseline. However, in MRS signals a good peak
suppression is essential to achieve accurate quantification results and is therefore
important for disease assessment.

The proposed model order determination approach was successfully evaluated
and compared to other methods applied to different in vitro and in vivo
signals for filtering of residual water and additional reference peaks. Although
the computation of the SVD using a large model order is computationally
intensive, automatic truncation of the MRS signal allows us to keep a reasonable
computational time while providing a more accurate decomposition of the signal.



Chapter 5

Lineshape estimation in MRS
signals

The lineshape estimation of MRS signals is studied in detail and a revised-
deconvolution method described in [156, 123] is presented. Results obtained from
validation of the methods in simulated, in vitro and in vivo 1H MRS signals show
the potential of this method. Finally, some conclusions concerning applications of
the lineshape estimation are presented.

5.1 Introduction

The lineshape is defined in the frequency domain as the shape of a spectral
component (or peak). When the broadening is homogeneous, it is ideally
represented by a Lorentzian, Gaussian or Voigt function, corresponding in the time
domain to an exponentially decaying sinusoid. When magnetic field perturbations,
field inhomogeneities or tissue heterogeneities are present, these lineshapes are
disturbed (in symmetry and linewidth) making the fitting of the MR signal
using an basic lineshape (e.g., Lorentzian) unreliable or tending to mislead the
metabolite estimates. In practice, the lineshape of MR signals is determined by
the decay function (damping) of the time domain signal.

Popa [131] describes the origin of the most common lineshapes used in MRS: a)
Lorentzian lineshapes arise from the intrinsic interactions between spins and under
perfect acquisition conditions, spectra are expected to have a Lorentzian lineshape.
b) Gaussian lineshapes can be considered as the result of the influence of many
unknown/unparameterizable factors, such as the spatial distribution of the actual
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B0 magnetic field. c) Voigt lineshapes are the product of Gaussian and Lorentzian
lineshapes, where the Lorentz part expresses the T2 decay mechanism while the
Gaussian part the influence of unknown/unparameterizable factors.

Some of the lineshape problems are related to faster relaxation (i.e., when the
external local magnetic field is not ideally homogeneous, this produces a shorter
effective relaxation time T ∗

2 ), inhomogeneities caused by the magnet design, tissue
inhomogeneities, variations in the tissue type or paramagnetic material inside
the bore, such as dental materials in filling, crowns, metallic dental implants
and head holders. Hence, in vivo measurements are more susceptible to sample
heterogeneities compared to in vitro signals.

Different approaches related to the lineshape correction as a preprocessing step
have been described in chapter 2 section 2.2.6 and those related to the lineshape
estimation during quantification are described in chapter 3 section 3.2.4. Because
reference deconvolution methods require the use of a separate reference acquisition
signal or a well-separated reference peak, there are limitations related to extra
acquisitions, missing water reference (when targeting other nuclei rather than
1H) and unclear reference peak separation due to overlapping of resonances.
On the other hand, self-deconvolution methods using the lineshape estimation
during quantification assume a common distortion for all metabolites within a
measurement and appeared to be more robust. In both cases, it is possible to
correct for lineshape distortions either by convolving a non-decaying metabolite
database with the estimated lineshape or by deconvolving the experimental signal
by the estimated lineshape function.

Several methods incorporate parametric and non-parametric techniques for
modelling the lineshape, such as exponential functions, polynomials, sinusoids,
wavelets or splines, which include the adjustment of certain hyper-parameters for
those specific functions. For instance, Provencher [140], uses a balance between
over-parameterization and over-simplification of the baseline and lineshape
parameters. He uses a complex regularization scheme, having a flexible lineshape
model in the frequency domain together with a constrained regularization to
determine the amplitude coefficients describing the lineshape. In [158], Slotboom
et al. model the lineshape together with the regular model parameters, thus the
lineshape is modelled as a sum of weighted Dirac delta functions in the frequency
domain.

5.1.1 Assuming a common decay

Starting in 1995, Maudsley [106] proposed the determination of spectral lineshapes
using the deconvolution of the data with an initial estimate of the decay function
obtained from the same spectrum. In particular, all resonances are assumed to
be distorted in a similar way, thus, the lineshape broadening is dominated by
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macroscopic and microscopic magnetic susceptibility effects, i.e., the lineshape
is determined by T ∗

2 and not T2. More recently, Deelchad [38] reported that
microscopic susceptibility effects are the main factor contributing to the line
broadening as the field strength increases. In [133], Popa et al. explained that
at high B0, these susceptibility effects are due to the heterogeneity within the
analyzed tissue and, therefore, anatomical structures containing fluid or air have
different magnetic susceptibilities, causing inhomogeneity of the applied magnetic
field B0. Moreover, the frequencies of the sinusoids contained in the signal are
proportional to B0 and the inhomogeneity of B0 affects the lineshapes in an
unknown manner. Finally, if the decay mechanisms other than B0 inhomogeneity
are insignificant, and the spatial distributions of the metabolites are equal, the
decays of all individual sinusoids making up the signal should be approximately
equal [133].

5.1.2 Spectral lineshape determination with self-deconvolution

There exist some self-deconvolution methods proposed by [106, 132, 156, 123]
and obtained by point-wise dividing the spectral time domain signal by an initial
estimate of the decay function obtained from the same signal. Unfortunately, the
estimated lineshape is affected by noise and therefore, an additional smoothing
procedure is required to avoid error propagation. This is explained and illustrated
in section 5.2.3.

The self-deconvolution method proposed by Maudsley [106] determines the
amplitude and phase of the lineshape caused by inhomogeneity and eddy current
effects. Because the obtained lineshape function is affected by noise, the
smoothing procedures proposed by Maudsley are based on weighted Gaussian-
shaped functions, the fitting to a polynomial function and the parametrization
of the time-domain signal with several exponentials. After determination of the
lineshape, the obtained function can be incorporated in a parametric spectral
analysis method to improve the accuracy of the fit.

5.1.3 Semi-parametric lineshape estimation without searching in
function space

Popa et al. [132, 133] use the same principle and assumptions proposed by
Maudsley [106], considering an incomplete model (i.e., unknown lineshape). In this
work, the authors devise a method that substitutes the smoothing of the lineshape
function for physical prior knowledge about the maximum frequency present in
the lineshape function. Thus, the high frequency components in the decay function
must be penalized. This is achieved by imposing two optimization criteria in the
fitting of the model to the MRS signal: minimal residue and minimal amplitude
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of high frequency components in the decay function. Due to the fact that the
model function involves both physical and mathematical model parameters, it is
called semi-parametric estimation. A plug-in version of this lineshape estimation
method is planned to be included in the quantification package jMRUI [164].

5.1.4 Lineshape estimation: self-deconvolution revisited

Sima et al. [156] presented a revised study of the lineshape estimation following
the same assumptions proposed by Maudsley [106]. In [156] extended Monte
Carlo simulation studies were used to analyze the automatic estimation of the
unknown lineshape distortion. The signals used here contained eight metabolites
and were inspired by typical short TE MRS signals from healthy human brain.
In particular, the smoothing step for spike removal of the estimated lineshape
function was addressed by comparing three smoothing methods based on the sum
of complex damped exponentials, splines and wavelets. Altogether, unavoidable
hyper-parameters of the smoothing methods need to be well chosen.

5.2 Materials and Methods

5.2.1 MRS signals

• Simulated signals. Generation of simulated signals was performed in
Matlab® (The Mathworks TM). A simulated MRS signal (ym(t)) was created
composed of 7 in vitro measured metabolites from the basis set described in
chapter 2 section 2.1.3: Ala, Cr, Gln, Glu, Lac, NAA, and Tau. The MRS
signal was generated by summing up the signals of all 7 metabolites, then
a distortion was included to simulate a damping different from the basic
Lorentzian (See Fig. 2.11 from chapter 2).

ym(t) was point-wise multiplied by a damping function:

D(t) = A(t).ej(c1eλ1t+c2eλ2t) (5.1)

where λ1, λ2 < 0, j =
√
−1 and A(t) is the Fourier Transform of an

asymmetric triangular shape,

A(t) =
1

2(f3 − f1)
.

1

2πjt

[

ex1 − ex2

x2 − x1
+

ex3 − ex2

x3 − x2

]

(5.2)



MATERIALS AND METHODS 77

where xi = 2πjfit for i = 1,2,3 and fi are the 3 frequencies defining the
triangle. See [156] for further details. The second factor of D(t) represents
eddy currents in the metal walls of the magnet.

Then the distorted signal yd(t) becomes:

yd(t) = ym(t).D(t) + N(t) (5.3)

where N(t) is the added white Gaussian noise.

The white Gaussian noise corresponding to several SNRs is added in the time
domain (see Fig. 5.1) and is related to the measured power of the signal in
dB:

Psig = 10 log10

‖ yd(t) ‖2

n
(5.4)

i.e., the squared Euclidean norm of the signal (‖ yd(t) ‖2) divided by the
length of the signal (n), transformed to dB. Then the added noise N(t) has
standard deviation of:

σ =

√

10
Psig−SNR

10 (5.5)

The simulated signal with different damping and noise levels is shown in
Fig. 5.4.

• In vitro signals. Single voxel spectra of an in vitro phantom solution
containing 5 mM of the following metabolites was measured: Ala, Cr, Gln,
Glu, Lac, NAA and Tau (see Fig. 5.5). The MR acquisition parameters
are similar to those described in chapter 2 section 2.1.3. After acquiring an
undistorted signal with default shimming settings, the shimming parameters
were mis-set by changing the shim current of the X coil generating two
distorted signals for analysis.

• In vivo signal. Single voxel spectra of rat brain were acquired with the
VOI placed on the right hemisphere of the thalamus. The MR acquisition
parameters are similar to those described in chapter 2 section 2.1.2. Then,
two additional distorted signals were acquired (see Fig. 5.6) by mis-setting
the shimming parameters, where the Z2 second order shim coil and the first
order X coil values were mis-set. The SNR of the in vivo signals is 12,
calculated in the time domain according to Eq.(5.5).
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Figure 5.1: Simulated distorted MRS signal with different SNR levels (in dB). The white
Gaussian noise is added in the time domain and is related to the measured power of the
signal.

As explained in chapter 1, shimming is the procedure to optimize the homogeneity
of the magnetic field, is aimed to counteract the effects of faster relaxation,
lower spectral resolution and an overall lower signal to noise ratio, thus, optimal
shimming of the magnet is essential. Nevertheless, when high shimming procedures
do not optimize the homogeneity, additional post-acquisition methods are required.

5.2.2 Quantification with lineshape estimation

• Signal processing. All in vitro and in vivo MR signals were time
circular shift corrected using the jMRUI software package [165]. Further
processing consisted of filtering out the residual water and the components
corresponding to reference peaks. To filter without affecting the metabolite
resonances, we applied HLSVD-PRO [90] (see chapter also 4).
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• Basis set of reference metabolites. A complete description of the
acquisition protocol and a figure illustrating the basis set is presented in
chapter 2 section 2.1.3.

The macromolecular contribution (MM) was measured using an inversion
recovery sequence with a 1 ms Hermitian inversion pulse. The inversion time
and repetition time were 800 ms and 3 s respectively and 1024 averages were
acquired. The inversion time was fine-tuned experimentally for metabolite
nulling. Remaining peaks of Cr and Tau were filtered with HLSVD-PRO
[90]. Finally, the whole spectrum was apodized with a line broadening of
10 Hz.

• AQSES. The quantification method used for analyzing the signals was
AQSES [137] (see chapter 3). A measured basis set of metabolites was used
for quantification and an additional signal corresponding to macromolecules
was added to the basis set.

AQSES uses the model described in chapter 2 section 2.1.2 Eq.(2.1). B(t) is
in this case measured in vivo and included in the basis set of metabolites as
vK+1(t).

• AQSES Lineshape. Given the fact that the volume of interest is supposed
to be sufficiently homogeneous for the metabolites to share the same
inhomogeneity profile, and no motion or contamination are supposed to
be present, the same lineshape distortion is assumed for all components.
Thus, for correcting lineshape distortions during quantification, a common
lineshape is considered for all spectral components in the model of AQSES,
except the macromolecular signal measured in vivo [156]. The exponential
dampings e(−dkt) in Eq.(2.1) are then replaced by the common factor g(t),
of arbitrary shape, resulting in:

y(t) = g(t)

K
∑

k=1

ake(jφk)e(2πjfkt)vk(t) + B(t) + ǫ(t) (5.6)

The same AQSES optimization problem could be formulated following
Eq.(3.1) described in chapter 3 section 3.2.1, which uses a nonlinear least
squares criterion, in this case with additional constraints on the decay g(t)
to be smooth in the time domain. We avoid the arbitrary parametrization
of the decay function g(t), which may add a large number of variables to the
optimization problem and require the selection of its degree of smoothness
a priori. Therefore, we propose the following data-driven algorithm that
estimates and smoothens the decay g(t) iteratively.

Because MM has a shorter relaxation time, it was excluded when calculating
the common lineshape g(t), but it was included in the metabolite basis set
for the quantification.
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The present implementation of AQSES Lineshape contains the over-optimistic
Cramér-Rao bounds computed under the assumption that the final g(t) is
the true lineshape of the model.

The algorithm for lineshape estimation is then:

Step 1 Fitting. First, with a preliminary spectral analysis we quantify
the signal assuming the basic lineshape (i.e., Lorentzian) to extract
the spectral parameters calculated by AQSES: amplitudes, frequencies,
phases and dampings. Then, the signal is reconstructed from the
estimated spectral parameters not taking into account the damping
part.

Step 2 Damping. The damping function is computed as the ratio formula
for the common damping g(t):

g(t) =
y(t) − B(t)

∑K
k=1 ake(jφk)e(2πjfkt)vk(t)

(5.7)

where in the numerator y(t) is the experimental signal and B(t) is the
current baseline estimate; and in the denominator K is the number
of metabolites, vk(t) the metabolite signal k in the basis set, and the
amplitudes ak, frequency shifts fk and phase shift φk are estimated
from a previous AQSES iteration from Step 1 or Step 4.

Step 3 Smoothing. Numerical instability caused by noise and division
by small numbers in Eq.(5.7) creates big outliers which are tackled by
smoothing g(t). We employ a robust version of local regression using
weighted linear least squares with a second degree polynomial (LOESS),
which assigns lower weight to outliers in the regression [24, 131]. Thus,
we make use of the robust smoothing implementation from Matlab®

(smooth (loess) and (rloess)).

Initially, the tail of g(t) is set to zero because in MRS signals the
information about the damping is contained in the decaying part of
the signal. The selection of the cut-off point is described in chapter 4
section 4.2.3.

At last, RLOESS and LOESS are applied, which require the selection of
a smoothing parameter, being in this case a percentage of the number of
data points. Thus, we allow values between 5 and 30 % and use cross-
validation [94] to select the parameters that better fit the damping
function. A two-fold cross-validation method was used, by partitioning
the even and odd data points of the time domain signal in order to keep
the time indexing, which is essential in MRS signals.

Step 4 Estimate. Spectral analysis is carried out again, point-wise
multiplying the original metabolite basis set with the new smoothed
function g(t).
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Steps 2-4 are repeated until a residual smaller than a chosen threshold
is obtained or a convergence of the amplitude estimates is reached;
additionally the norm of the current residual should be smaller than
that of the previous iteration. The number of iterations is fixed to a
maximum of 30. Finally, the amplitude estimates are calculated by a
final quantification of the signal which allows small damping variations
of metabolites additional to the common damping function.

5.2.3 Smoothing methods

In this section we discuss possible methods for smoothing the noisy damping
estimate g(t) obtained via the ratio formula from Eq.(5.7).

• Based on the sum of complex damped exponentials. The lineshape
can be modelled by representing a non-Lorentzian lineshape as a sum of
several complex damped exponentials. For instance, Maudsley [106] used
a limited number of exponentials with the decay parameters fitted by a
NLLS procedure using the Levenburg-Marquardt method. Additionally,
the subspace-based method HSVD [129] has also been successfully used
[124, 156]. With HSVD it is possible to accurately model non-Lorentzian
signals depending on the signal quality (e.g., the SNR). HSVD computes
the truncated singular value decomposition (SVD) of a Hankel matrix H,
containing the noisy signal in its first column and row. The rank of the matrix
H is given by the number of K complex damped exponentials describing the
signal, which should be high enough to model a distorted peak with several
Lorentzians [156]. However, when a too large model order is selected, the
spikes in the lineshape function and the noise are also modelled. Therefore,
a selection of the adequate model order considering prior knowledge about
the lineshape has been proposed in [156]. Thus, the lineshape distortion is
centered at zero and therefore a frequency band can be set considering first
a large number of components and sorting them according to the increasing
absolute value of the frequency and finally reconstructing the lineshape by
selecting components starting with the lowest-frequency component. For
this, four model selection criteria are used: Bayesian information criterion,
L-curve and Akaike’s information criterion and its second-order correction.
Finally, the median value of the number of components given by the four
methods is taken [156].

• Based on a polynomial function. In [106], a polynomial function of
at least sixth order was necessary to smooth the lineshape function. This
method was found to provide adequate amplitude values for simple lineshape
functions, but unsatisfactory for signals with eddy current or large lineshape
distortions.
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• Based on wavelets. Discrete wavelets have also been used for denoising
(decomposing) the noisy damping estimate [156]. Some of the obtained
wavelet coefficients correspond to noise components while others correspond
to the actual features of the data. A wavelet thresholding is commonly used
to set to zero all coefficients below a specified value and then use the inverse
wavelet transform to reconstruct the denoised data [156]. A drawback of
this smoothing method is the lack of appropriate and automated selection
of several parameters such as the wavelet family, the number of vanishing
moments, the level of wavelet decomposition and the threshold value itself.

• Based on splines. Splines are piecewise polynomial functions linearly
combined in order to fit a noisy signal. The degree of smoothness is
defined by: (a) tuning the number and shape of the spline components,
or (b) considering a very dense spline basis and constraining the roughness
of the fitted signal. In [156], penalized splines are considered and tuning
the smoothing parameter is necessary. This parameter gives the weighting
between the approximate error and the roughness measure.

• Based on local regression. The local regression method LOWESS or
LOESS was proposed by Cleveland [24]. This is an approach of fitting
curves to noisy data by a multivariate smoothing procedure, fitting a linear
or quadratic function of the predictor variables in a moving fashion, only in
a small range of data points similar to how a moving average is computed
for a time series. This moving window is also called span. Compared to
classical approaches like fitting global parametric functions, local regression
substantially increases the type of functions that can be estimated. Another
characteristic of local regression is that the methods for making inferences
based on local regression fits are nearly the same as those used in parametric
fitting. If the function has peaks and valleys, which is the case for the
lineshape function, a local linear fit can partially eliminate them, whereas
the curvature associated with peaks and valleys is better fit by local quadratic
curves. Outliers may strongly influence regression results, but LOESS
and RLOESS [131] can iteratively down-weight data points that have large
residuals. Fig. 5.2 shows the schema of the local regression procedure.

Concerning the span used during the fitting, here we considered a percentage
of the data points to be more adequate instead of using a fixed number
because the length of the experimental signals may vary. The size of this
span parameter has an important effect on the fitting, thus a span that is
too small leads to a large number of windows, providing little smoothing and
rather a function characterized by noise with a large variance. On the other
hand, if the span is too large, the regression curve will be over-smoothed
and the local polynomial may not fit well the data, resulting in loss of
important information, and therefore the fit will have large bias. Fig. 5.3
shows examples of the resulting lineshape function for simulated, in vitro
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and in vivo signals. Another parameter to be selected in LOESS is the
degree of the polynomial, which can be set according to the data. Thus,
for a simple function a zero degree polynomial (i.e., a moving average) may
be good enough, however, for the damping function g(t) it is necessary to
consider a higher degree. In [123] a quadratic degree appeared to be good
enough to fit the lineshape function, however, higher degrees may also be
adequate with high computational time, though.

5.3 Results with AQSES and AQSES Lineshape

The following results show the performance of the proposed AQSES Lineshape
method [123] according to the type of signal studied. The residual was evaluated
with the goodness of the fit using a linear polynomial computing the sum of square
errors (SSE) and the root mean square errors (RMSE).

• Simulated signals. Fig. 5.4 shows the quantification results obtained for
the simulated signals with triangular and eddy current distortions having
small and big damping as well as high and low SNR. The top row shows
the fits with AQSES and AQSES Lineshape considering a small damping
in the simulations, while the bottom row shows the fits with AQSES and
AQSES Lineshape considering a big damping. At the bottom of each plot,
the residual for each method is also shown. The residual from AQSES may
contain some patterns corresponding to metabolite contributions that were
not correctly quantified due to the Lorentzian lineshape model; whereas the
residuals corresponding to AQSES Lineshape show a nearly flat line that we
attribute to the free lineshape model.

Table 5.1 shows the results of mean amplitude estimates and the correspond-
ing standard deviation obtained for each metabolite when quantifying the
original simulated and distorted signal over a set of 100 noise realizations
at two SNR levels for small (a) and big damping (b). In the first place, the
original simulated signals were quantified with AQSES (with true amplitude
1), then the distorted signals were quantified with AQSES and AQSES
Lineshape.

The results obtained show small variations between both methods, however,
results with AQSES Lineshape are closer to the original values, which
suggests that the estimates with AQSES are biased from the original
expected amplitude estimates.

• In vitro signals. Results of quantification of in vitro signals are shown
in Fig. 5.5. The undistorted in vitro signal is fitted identically by AQSES
and AQSES Lineshape, i.e., AQSES Lineshape reports convergence after the
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Figure 5.2: Illustration of the steps necessary to obtain the smooth function using local
regression in a selected number of points from a given signal. LOESS gives weights to
the selected points and uses a polynomial interpolation for the computed weights. Figure
from [131].
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Table 5.1: Mean amplitude estimates and standard deviations for the simulated signals containing 7 metabolites for a set of 100
noise realizations. (a) Estimates corresponding to simulated signals with SNR=30 and SNR=2 having small damping (to simulate
in vitro signals); (b) estimates corresponding to simulated signals with SNR=20 and SNR=5 having big damping (to simulate in
vivo signals). Results in column ‘Original’ show the amplitude estimates for the undistorted signals quantified with AQSES; while
the results in columns ‘AQSES’ and ‘AQSES L’ correspond to those of the distorted signals quantified with AQSES and AQSES
Lineshape, respectively. The true amplitudes are equal to 1 for all metabolites.

Metabolites
SNR 30 SNR 2

Original AQSES AQSES L Original AQSES AQSES L
Ala 1.0000±0.0025 1.1291±0.0028 1.0124±0.0031 0.9949±0.0732 1.1433±0.0709 1.0353±0.0780
Cr 1.0000±0.001 1.1002±0.0028 1.0162±0.0014 0.9976±0.0274 1.1059±0.0277 1.0125±0.0584
Gln 1.0002±0.004 1.0084±0.0042 1.0058±0.0047 1.0142±0.0960 0.9990±0.1167 0.9968±0.1158
Glu 1.0006±0.0038 1.0555±0.0044 1.0028±0.0048 1.0054±0.1120 1.0733±0.1222 1.0305±0.1184
Lac 1.0000±0.0026 1.1512±0.0027 1.0120±0.0027 1.0001±0.0659 1.1556±0.0627 1.0325±0.0686

NAA 0.9999±0.0022 1.1295±0.0020 1.0171±0.0024 0.9992±0.0499 1.1172±0.0542 0.9987±0.0785
Tau 1.0004±0.0025 1.0678±0.0023 1.0111±0.0024 1.0046±0.0733 1.0670±0.0622 1.0112±0.0666

(a)

Metabolites
SNR 20 SNR 5

Original AQSES AQSES L Original AQSES AQSES L
Ala 0.9998±0.0464 0.9177±0.0079 0.9536±0.0079 1.0001±0.0464 0.9222±0.0571 0.9663±0.0480
Cr 1.0009±0.0171 1.0111±0.0031 1.0023±0.0049 1.0008±0.0171 1.0129±0.0176 1.0059±0.0248
Gln 0.9933±0.0735 1.0529±0.0122 0.9476±0.0121 0.9946±0.0735 1.0076±0.1027 0.9477±0.0808
Glu 1.0009±0.0647 0.8501±0.0139 1.0098±0.0143 0.9999±0.0647 0.8776±0.0915 1.0185±0.0699
Lac 1.0050±0.0476 0.9191±0.0083 0.9654±0.0088 1.0052±0.0476 0.9257±0.0519 0.9847±0.0547

NAA 1.0048±0.0388 0.9686±0.0074 0.9919±0.0082 1.0048±0.0388 0.9758±0.0396 1.0065±0.0454
Tau 0.9983±0.0349 1.0796±0.0080 1.0202±0.0081 0.9980±0.0349 1.0738±0.0421 1.0140±0.0382

(b)
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Figure 5.3: Time domain signal of the resulting lineshape for the simulated (left), in
vitro (middle) and in vivo (right) signals. The original signal corresponds to the g(t)
function calculated with the ratio formula in Eq.(5.7) and the smoothed signal is its final
denoised version after convergence.

first iteration. For the two distorted signals, the resonances of Cr at 3 ppm
and 3.9 ppm and the one from NAA at 2 ppm are not very well fitted with
AQSES, while AQSES Lineshape is able to fit these peaks. This could be
due to the fact that the lineshape distortions have a shape different from
the typical Lorentzian type considered by AQSES. For both signals in (b)
and (c), exhibiting slightly different levels of distortions, we observe similar
improvements in the quantification results.

• In vivo signals. The undistorted in vivo signal was fitted similarly by
AQSES and AQSES Lineshape, i.e., AQSES Lineshape reports convergence
after the first iteration. Results of quantification are shown in Fig. 5.6. The
small residuals obtained with AQSES Lineshape shown in Fig. 5.6 suggest
good fitting results.

5.4 Discussion

5.4.1 General considerations about AQSES-Lineshape

MRS signals are ideally composed of Lorentzian lineshapes, however, when
magnetic field perturbations, field inhomogeneities or tissue heterogeneities are
present, these lineshapes are disturbed (in symmetry and linewidth) and make
the fitting of the signal using an basic lineshape (e.g., Lorentzian, Gaussian or
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Figure 5.4: Simulated MRS signals with lineshape distortions and quantification
results for different SNR levels and different dampings. These signals are composed
of multiple resonances derived from 7 in vitro measured metabolites at 9.4 T: Ala,
Cr, Gln, Glu, Lac, NAA, and Tau with acquisition parameters: PRESS sequence,
TR=8 s, TE=20 ms, SW=4 KHz, NDP=2048 points and 64 averages. Top row
with small dampings (to simulate in vitro signals): (a) SNR=30, the quantification
with AQSES and AQSES-Lineshape resulted in fittings where residual analysis provided:
SSE=5.557e+013, RMSE=1.648e+005 and SSE=2.0348e+013, RMSE=9.962e+004,
respectively. (b) SNR=2, the quantification with AQSES and AQSES-Lineshape resulted
in fittings where residual analysis provided: SSE=2.217e+014, RMSE=3.291e+005 and
SSE=1.863e+014, RMSE=3.018e+005, respectively. Bottom row with big damping (to
simulate in vivo signals): (c) SNR=20, the quantification with AQSES and AQSES-
Lineshape resulted in fittings where residual analysis provided: SSE=2.2437e+013,
RMSE=1.0472e+005 and SSE=6.9799e+012, RMSE=5.8408e+004, respectively. (d)
SNR=5, the quantification with AQSES and AQSES-Lineshape resulted in fittings
where residual analysis provided: SSE=6.3189e+013, RMSE=1.7574e+005 and
SSE=4.4352e+013, RMSE=1.4723e+005, respectively.
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Figure 5.5: Spectra of in vitro MRS signals measured at 9.4 T containing 7
metabolites: Ala, Cr, Gln, Glu, Lac, NAA, and Tau. Acquisition parameters:
PRESS sequence, TR=8 s, TE=20 ms, SW=4 KHz, NDP=2048 points and 128
averages. (a) ‘In vitro 1’ was acquired using the default shimming technique with
linewidth=1.36 Hz and SNR=22; the quantification with AQSES resulted in a good
fitting where residual analysis provided: SSE=1.3461e+012 and RMSE=2.5650e+004.
(b) ‘In vitro 2’ is a distorted signal acquired by mis-setting the shim current of the X
coil with linewidth=3.92 Hz and SNR=20; the quantification with AQSES and AQSES-
Lineshape resulted in fittings where residual analysis provided: SSE=5.9428e+012,
RMSE=3.1279e+004 and SSE=5.2867e+012, RMSE=2.9502e+004, respectively. (c)
‘In vitro 3’ is a distorted signal acquired by mis-setting the shim current of the X coil
with linewidth=6.52 Hz and SNR=18; the quantification with AQSES and AQSES-
Lineshape resulted in fittings where residual analysis provided: SSE=8.6829e+012,
RMSE=3.7809e+004 and SSE=6.5681e+012, RMSE=3.2884e+004, respectively.
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Figure 5.6: Rat brain in vivo spectra from the right hemisphere of the thalamus
measured at 9.4 T with acquisition parameters: PRESS sequence, TR=8 s, TE=20 ms,
SW=4 KHz, NDP=2048 points and 128 averages. (a) ‘In vivo 1’ was measured
with the default shimming technique with linewidth=17.36 Hz, SNR=20; it was
quantified using AQSES. Residual analysis provided: SSE= 7.087e+012, RMSE=
5.986e+004. (b) ‘In vivo 2’ acquired by mis-setting the shimming parameters of the
first order shim coil X with linewidth=27.8 Hz, SNR=20; the quantification with
AQSES and AQSES Lineshape provided residual analysis with: SSE= 6.631e+012,
RMSE=5.79e+004 and SSE=6.257e+012, RMSE= 5.624e+004, respectively. (c) ‘In
vivo 3’ was acquired by mis-setting the shimming parameters of the second order shim
coil Z2 with linewidth=39.69 Hz, SNR=20; the quantification with AQSES and AQSES
Lineshape provided residual analysis with: SSE=7.2e+012, RMSE=6.033e+004 and
SSE=6.6e+012, RMSE=5.776e+004, respectively.
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Voigt) unreliable or thereby enlarging the errors on the metabolite estimates. As
described in the literature [140, 106, 158, 156, 132, 123], one could also estimate
the lineshape of MRS signals and include it inside the quantification algorithm.

Other methods require starting values for estimating the lineshape [158], however,
the first iteration on AQSES Lineshape can also be considered as a way to initialize
the g(t) function by using the ratio formula followed by fully-automated denoising
when cross-validation is employed for tuning the smoothing level. Since none of
the current MRS quantification methods uses global optimization techniques, the
problem of providing good enough initial values on the parameters is essential for
the convergence of local NLLS methods. Thus, a quantification method that needs
as few initial values as possible and implicitly adapts the initial values to the signal
under analysis, has practical advantages.

When MRS signals are not heavily distorted it may occur that Lorentzian lineshape
corrections are a good for the experimental data. Thus, AQSES Lineshape works
iteratively and evaluates the performance of the quantification after each fit. So
the first fit is performed assuming a Lorentzian lineshape, which is then estimated
(i.e., with a free model). Finally, in each iteration, residuals of the current and
previous fits are compared and the best fit is selected. If the fit using the Lorentzian
model is selected, the algorithm will stop after the first iteration.

Quantification of distorted signals with lineshape estimation showed good
quantification results for simulated, in vitro and in vivo distorted signals. The
performance of the method was evaluated by validation of amplitude estimates
and visual assessment of the residual.

AQSES Lineshape is an automated quantification method and no user input is
required for estimating the lineshape, which is essential for clinical use.

5.4.2 Residual and other imperfections

When a quantification method like AQSES is used and a significant residual is
observed after the estimation, several factors can be attributed to this problem.
One of them is the lineshape distortion. However, incomplete metabolite basis
set and spectral differences between the in vivo signal and the metabolite
basis set (e.g., non-fitted peaks due to temperature effects or chemical shift
displacement errors), may also cause an increase in the residual and thus an
inaccurate quantification. To identify which of those factors is predominant in
the estimation of metabolites is not obvious. However, it is recommended to
choose the appropriate prior knowledge and consider the possible disturbances
and external factors affecting the signals.

Potential imperfections could be due to phase distortions caused by J-modulation,
however, with relatively short TEs only marginal phase errors may occur for
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functional groups with relatively large J-coupling constants (for example GABA,
Gln, Glu or m-Ins with J-coupling up to 15 Hz).

Additional ‘ghost’ echoes may be introduced in the signals caused by local gradients
at tissue interferences. These echoes can be, for instance, eliminated in the time
domain by truncation of the last points where the echo is present. The use of
navigator scans can track patient movements and potentially compensate for it.
In AQSES Lineshape these kind of echoes must be avoided when calculating the
SNR for estimation of the cut-off point at which the decay function is set to zero.

5.5 Conclusion

Accurate quantification of MRS signals is essential when clinical data need to
be analyzed, therefore the lineshape estimation is considered an important step
towards the accurate quantification of in vivo MRS signals.

The quantification of MRS signals with lineshape estimation has been considered in
three different scenarios of distorted MRS signals, namely on simulated, in vitro
and in vivo signals [123]. Asymmetric lineshape distortions with eddy current
effects were considered in simulations, while mis-shimming effects were used to
broaden and distort the measured in vitro and in vivo signals.

Finally, it has been shown that the lineshape estimation by self-deconvolution is
applicable to in vivo MRS signals [106, 132, 156, 123] and can be successfully
imposed to the metabolite profiles in quantification methods such as AQSES [156,
123].





Chapter 6

Parametric method for baseline
estimation of MRS signals

In this chapter the macromolecular and lipids contribution are addressed via a
parametric method presented in [121]. A brief introduction to the macromolecular
baseline is given and a set of in vivo signals with their corresponding baseline
measured via inversion recovery are used to assess a parametric modelling method.
Comparison of results using different ways of taking the macromolecular baseline
into account are presented. Finally, some conclusions about quantification with
the studied baseline methods are described.

6.1 Introduction

Besides the metabolites, an MR signal also contains other kind of components of
potential interest, pertaining to macromolecules and lipids, denoted here as ‘MM’.
In normal brain tissue a small contribution from MM in the frequency regions
between 0.5 and 2 ppm can be observed, while in different brain tumours and
metabolic diseases, lipid contributions increase in concentration providing useful
diagnostic information. On the other hand, in measurements close to the skull
and the scalp, MR spectra from healthy tissue contain unavoidable high lipid
contamination.

In the frequency domain, MM contributions are observed as an underlying profile
called baseline (see bottom curve in Fig. 6.1), which overlaps with the metabolite
peaks and complicates quantification. Because there exist no exact chemical
substances similar to MM (i.e., to measure it in vitro), different studies focused on

93
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the detection, suppression, evaluation and modeling of this baseline (see chapter
2 section 2.2.8 and chapter 3 section 3.2.4). In the literature, several advanced
acquisition techniques using inversion recovery [71, 128, 33, 111, 88], parametric
[5, 154] and non-parametric methods [155, 143] have been widely used.

The measurement time of MM via inversion recovery depends on the acquisition
parameters (TI, TR, number of averages, etc.), but it requires a long acquisition
time. Although this MM signal is known to provide a good approximation of the
baseline, it is not reproducible when the conditions of the region of interest are
affected by acquisition problems and various diseases. Moreover, it also contains
some unsuppressed metabolite resonances possibly causing underestimation of
metabolite estimates [88].

It would be advantageous to use an inversion recovery measurement for several in
vivo MRS signals, however, the single MM contribution may vary from subject
to subject. Seeger et al. [154] and Bartha et al. [5] made use of the prior
knowledge from different MM signals obtained to determine the position of
specific macromolecular resonances. These resonances were fixed and empirically
determined values for the damping were used. Similarly, Behar et al. [7] used
the spectrum of dialyzed cytosol to characterize individual contributions of MM.
Finally, the physiological macromolecular components detected with any of the
metabolite suppression methods mentioned above are added to the basis set for
the quantification as additional model components.

In this chapter we focus on a similar way of extracting characteristic information
from a database of inversion recovery MM signals. We then propose an extension
of the AQSES Lineshape algorithm described in chapter 5, that is capable to deal
with various ways of incorporating the baseline.

6.2 Materials and Methods

6.2.1 Animals

Alzheimer’s disease has been studied using 1H MRS in different brain regions,
where metabolite changes have been observed [103]. Twelve control wild-type and
APP.V717I transgenic mice [113] of age 16-18 months were used for this study.
Mice were anesthetized by using 1.25% isoflurane and their heads were immobilized.
Breathing was measured during the experiment for monitoring the physiological
status of the animals. Respiration and body temperature were measured with
the MR compatible small animal monitoring and gating device model 1025 from
S.A. Instruments (Stony Brook, NY, USA). Hereby, respiration is measured using
a small pneumatic pillow placed under the abdomen of the animal. Measured
pressure changes are digitized and transmitted to the control/gating module using
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Figure 6.1: Real part of the spectrum of an in vivo MRS signal and an MM
signal obtained from a mouse. MRS acquisition parameters: 9.4 T, PRESS sequence,
TR=4 s, TE=12 ms, SW=4 KHz, NDP=2048 points and 256 averages. MM acquisition
parameters: 9.4 T, PRESS sequence, TI=800 ms, TR=3 s, NDP=2048 points and 1024
averages.

optical fibres. Body temperature was measured using a rectal thermometer, the
room temperature was maintained around 31℃.

6.2.2 In vivo 1H MRS signals

In vivo single voxel MRS signals from mice were acquired on a 9.4 T Bruker Biospec
small animal MR scanner (Bruker BioSpin MRI, Ettlingen, Germany). A complete
description of the acquisition protocol is presented in chapter 2 section 2.1.2. Single
voxel spectra and FASTMAP VOI was positioned on the mice hippocampus. The
voxel size was 3×1.75×1.75 mm3. The widths of unsuppressed water lines were
between 20 and 25 Hz. All acquired in vivo and MM 1H MRS signals are shown
is shown in Fig. 6.2 and 6.3.

Macromolecules are characterized by shorter T1 and T2 relaxation times than
those of metabolites. Therefore, signals from macromolecules can be separated by
introducing a T1 selective encoding of the signal which can be achieved by a non-
selective inversion pulse and an appropriate time delay prior to the measurement
sequence (inversion time). For studying the MM estimation, individual metabolite-
nulled signals were measured using inversion recovery with a 1 ms Hermitian
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Figure 6.2: Real part of the spectra of all in vivo MRS signals from mice obtained
from the frontal hippocampus. Acquisition parameters of in vivo signals: 9.4 T, PRESS
sequence, TR=4 s, TE=12 ms, SW=4 KHz, NDP=2048 points and 256 averages in a VOI
of size 3×1.75×1.75 mm3. The measurement time for the MRS signal was approximately
15 minutes. (a) Control mice MR signals. (b) APP.V717I mice MR signals.
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Figure 6.3: Real part of the spectra of all MM background signals from mice
obtained from the frontal hippocampus. Acquisition parameters: 9.4 T, TI=800 ms,
TR=3 s, NDP=2048 points and 1024 averages. The measurement time for the MM was
approximately 50 minutes. (a) Control mice metabolite-nulled signals. (b) APP.V717I
mice metabolite-nulled signals.
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inversion pulse. TI can be adjusted to suppress signals from metabolites, however,
a full suppression of metabolites is not possible due to their different T1s. The
best metabolite suppression was achieved for the first animal with TI=800 ms,
TR=3 s and 1024 averages (see Fig. 6.4). After fixing this TI, MMs were measured
individually for each mouse.

Figure 6.4: Set of metabolite-nulled acquisitions obtained at different TIs. The signal
obtained at 800 ms was experimentally selected to be a good TI for metabolite nulling.

6.2.3 Metabolite basis set

The following metabolites were measured in vitro to be used as basis set for
quantification: Ala, Asp, Cr, GABA, Glc, Gln, Glu, GPC, GSH, Lac, m-Ins,
NAA, PCh, PCr, PE and Tau. A complete description of the acquisition protocol
and a figure illustrating the basis set is presented in chapter 2 section 2.1.3.

6.2.4 Baseline estimation

All in vivo signals were preprocessed following the steps described in chapter 2
section 2.2. Furthermore, the quantification was performed using AQSES [137].

Characterization of the macromolecular contamination was addressed in two ways,
where MM is either (a) measured or (b) modeled using m profiles:

(a) Measured via inversion recovery. An MM signal was obtained from each of
the 12 mice. An example of a measured macromolecular signal is shown
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in Fig. 6.5 obtained with TI=800 ms and TR=3 s and preprocessed as
described in chapter 2 section 2.2. In particular, the short T1 of Cr [128]
caused an incomplete suppression of the Cr/PCr peak located at 3.9 ppm at
any TI tested. The top curve in Fig. 6.5 shows the unsuppressed methylene
resonance of Cr, which was filtered out using the time domain method
HLSVD-PRO. All spectra were further apodized by multiplication with an
exponential function of Lorentzian type (e−xt) of 15 Hz. Because the MM
signal does not account for all baseline issues, the spline baseline from AQSES
was used in combination with the MM signal to account for extra baseline
contamination. In this case, the smoothing parameter λ from AQSES (see
chapter 3 section 3.2.1 Eq.(3.1) was set high, indicating a very smooth spline
function, while in cases when the MM signal is not available, λ is then set
low to allow a good modelling of lipid and macromolecular resonances.

00.511.522.533.544.5
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MM11 MM10 MM9
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MM7

MM6

MM5

MM4

MM3

MM2

MM1

Cr: 3.9 ppm

Figure 6.5: Real part of an in vivo metabolite-nulled MM spectra acquired at 9.4 T,
TE=12 ms, TI=800 ms, TR=3 s, NDP=2048 points and 1024 averages. Spectra were
post-processed with a 15 Hz Lorentzian linebroadening. Top: Due to a shorter T1, the
marked (Cr + PCr) resonance at 3.9 ppm was not completely minimized, therefore this
peak was filtered out using HLSVD-PRO. Macromolecular resonances are labeled by MM
from 1 until 11 at the following central frequencies: 0.89, 1.20, 1.36, 1.63, 2.02, 2.29,
2.65, 3.03, 3.21, 3.75, 4.31 ppm. Bottom: Mean of filtered MM signals.

(b) Computed using prior knowledge from a database of the inversion recovery
signals. A second approach to estimate the baseline consisted of computing
individual lipid and macromolecular peaks using a database of MM signals
as prior knowledge. From these signals the major resonances were observed
at frequency locations around: 0.89 (MM1), 1.20 (MM2), 1.36 (MM3),
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1.63 (MM4), 2.02 (MM5), 2.29 (MM6), 2.65 (MM7), and 3.03 (MM8),
3.21 (MM9), 3.75 (MM10), and 4.31 ppm (MM11) (see Fig. 6.5). These
resonances are in accordance to [7, 128, 67, 154] and extended with the MM7
which appeared to be also present in all individual MM signals. AMARES
[176] in jMRUI [165] was used to compute individual spectral components.
From the twelve available MM signals from different mice, the mean of
amplitudes, frequency locations and linewidths were used to create the
individual macromolecule and lipid resonances that were further included
in the basis set of AQSES. It is important to notice that the model used in
AQSES allows small parameter variations to better accommodate individual
conditions of each signal under analysis. The simulated MM components
are also subject to such corrections. Results of this estimation are shown in
Fig. 6.6.
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Figure 6.6: Real part of the MM spectrum obtained with AMARES using prior knowledge
from the measured inversion recovery signals. This plot shows the individual MMs
computed based on the mean of the AMARES estimates of all measured MMs. Small
variations are expected for different signals which are then corrected by AQSES.

6.2.5 Combination of baseline and lineshape estimation

Due to unavoidable spectral distortions that can not always be corrected with
advanced shimming techniques, lineshape corrections of 1H MRS signals measured
at high magnetic field are necessary. Within one measurement the same lineshape
is assumed for all components; thus, for taking into account lineshape distortions
in the quantification method, a common decay is considered for all spectral
components in the model of AQSES, with the exception of the macromolecular
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signal measured in vivo. Note that the contribution of local inhomogeneity on
the already fast decay of B(t) is only marginal. Moreover, the measured MM
has the same properties as the signal when measured in the same location, thus
lineshape corrects are unnecessary. As in chapter 5, the exponential decays e(−dkt)

of the model in AQSES are replaced by the common factor g(t), of arbitrary shape,
resulting in the following models and ratio formulas (to be compared in Step 2 of
the algorithm for lineshape estimation):

In (a) the model is (compare to Eq.(5.6) and Eq.(5.7)):

y(t) = g(t)

K
∑

k=1

ake
(jφk)

e
(2πjfkt)

vk(t) + ãe
(jφ̃)

e
(2πjf̃t)

MM(t) + B(t) + ǫ(t) (6.1)

and g(t) is estimated as:

g(t) =
y(t) − ãe(jφ̃)e(2πjf̃t)MM(t) − B(t)

∑K
k=1 ake(jφk)e(2πjfkt)vk(t)

(6.2)

In (b) the model is (compare to Eq.(5.6) and Eq.(5.7)):

y(t) = g(t)

( K
∑

k=1

ake
(jφk)

e
(2πjfkt)

vk(t)+

m
∑

i=1

ãie
(jφ̃i)e

(2πjf̃it)
MMi(t)

)

+B(t)+ǫ(t) (6.3)

and g(t) is estimated as:

g(t) =
y(t) − B(t)

∑K
k=1 ake(jφk)e(2πjfkt)vk(t) +

∑m
i=1 ãie(jφ̃i)e(2πjf̃it)MMi(t)

(6.4)

where y(t) is the experimental signal, B(t) is the non-parametric (spline) baseline
from the previous iteration, MM(t) is the measured baseline, MMi(t) is the set of
modelled profiles, K is the number of metabolites, vk(t) the metabolite signal k in
the basis set, and the amplitudes ak, ãi, frequency shifts fk, f̃i and phase shift φk,
φ̃i are estimated from the previous iteration of the AQSES Lineshape algorithm.
Thus, g(t) can be estimated at the same time as the spectral parameters (ak and
fk) using an iterative method similar to the methods described in chapter 5.

6.3 Results

6.3.1 Lineshape

Fig. 6.7 shows the fits with and without lineshape estimation for one of the mouse
signals. Due to the fact that the model in AQSES assumes spectral components
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with Lorentzian shape, the quantification with the conventional AQSES presents
some problems which can be observed around 3 ppm. By allowing a free lineshape
model in AQSES, g(t) is adjusted to fit such non-ideal shapes. Furthermore, the
residual was evaluated with the goodness of the fit using a linear polynomial
computing the sum of square errors (SSE) and the root mean square errors
(RMSE).
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Figure 6.7: AQSES fit for one of the short TE 1H MRS in vivo signals from mouse
brains with lineshape distortion. Real part of the in vivo spectrum (noisy signal) together
with the fit using AQSES (bold line on top of the signal), MM measured signal (dotted
curve below the signal), spline baseline (smooth curve below MM) and the residual (curve
beneath). This quantification was made including the measured macromolecular signal in
the basis set and a very smooth splines function to fit any additional baseline. Residual
analysis provided: SSE=1.8264e+013, RMSE=9.6091e+004 and SSE=1.6923e+013,
RMSE=9.2497e+004, for the fits with AQSES and AQSES Lineshape, respectively.

6.3.2 Baseline

Macromolecule estimation: inversion recovery vs splines

We evaluated quantification results comparing the spectra of each group (control
and APP mice), and in particular the influence of the background estimation
considering the measured MM signal and the splines estimation from AQSES.
Thus, we use three approaches:
(i) considering MM together with splines to estimate the macromolecular
contribution,
(ii) considering only the MM to estimate the macromolecular contribution, and
(iii) considering only splines to estimate the macromolecular contribution.
Results shown in Fig. 6.8 suggest that the combination of MM and splines is
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a good approach for estimating the baseline of in vivo MRS signals. Instead,
using only the MM signal to estimate the baseline may produce an inaccurate
fit that is reflected in the residual. On the other hand, using only splines for
estimating the baseline produces a good approximation of the macromolecular
contribution. However, the smoothing hyper-parameter must be carefully selected
to avoid underestimation of metabolites (if the splines are too flexible) or a bad
fit (if the splines are too smooth).

In Fig. 6.9 we present the results of amplitude estimates of all metabolites with the
corresponding Cramér-Rao lower bounds for the mean spectra of the control and
disease mice using the MM and splines to fit the baseline. As can be seen here, no
significant differences can be observed between the control and APP metabolite
estimates and therefore, no reliable separation between the groups is obtained.
Small variations in metabolites such as NAA [103] of the APP group were
expected, however, the age differences of APP mice may influence the variability
of metabolites compared to control mice. Additionally, quantification using a
simulated or in vitro basis set showed insignificant differences in the metabolite
estimates (see chapter 2 section 2.1.3). Finally, the variability in quantification
results shown here indicates that the detection of Alzheimer’s disease using 1H
MRS in the hippocampus may not provide a reliable class separation.

Macromolecule estimation: with prior knowledge obtained from a database of
inversion recovery signals using AMARES

Table 6.1 shows the results of macromolecule fitting using AMARES. Macro-
molecule resonances are simulated independently, however, to avoid mis-quantifi-
cation as suggested in [154], MMs overlapping with metabolites were combined
in a single spectrum to fix the ratio between those resonances. We have tested
the case when the macromolecules are kept free, thus frequencies, amplitudes and
dampings can vary independently. This resulted in MMs fitting metabolites peaks
(e.g., NAA) leading to mis-quantification. To avoid this problem, we combined
MM3 with MM5-MM11 to obtain a single profile of seven resonances located in
the region between 2 - 4.1 ppm where all important metabolites are resonating.

Fig. 6.10 shows the results of fitting the mean of spectra using both approaches:
a) the mean of measured MMs signals (1 MM profile) and b) the mean of individual
MMs obtained with AMARES (5 MM profiles). The corresponding fitting of
the MMs is shown to demonstrate that both estimations reflect comparable
MM contributions. Moreover, Fig. 6.11 shows the amplitude estimates for the
corresponding fittings, which confirm that rather similar estimates can be obtained
(by grouping metabolites, such as, NAA and NAAG) with either of the two
approaches. Nevertheless, there is a trend that most of the metabolites that overlap
with MM components are lower in case a) than in case b).
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Figure 6.8: (a) Results of quantification with AQSES for a short TE 1H MRS in vivo
signal from mouse brain. This quantification was made including or not the mean of
the measured macromolecular signal (MM) in the basis set and the splines function to
account for any additional baseline problems. (i) only MM, (ii) MM and splines and (iii)
only splines. Real part of the in vivo spectrum (noisy signal) together with the fit using
AQSES (line on top of the signal), residual (noisy signals below), MM estimated signal
(bold curve below), spline estimated baseline (smooth curves below). (b) Residual analysis
of the quantification provided: SSE = 24.08 and RMSE = 0.1103, SSE = 19.06 and
RMSE = 0.09816, SSE = 15.18 and RMSE = 0.0876, for the plots from top to bottom,
respectively.
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Figure 6.9: Metabolite estimates with the corresponding Cramér-Rao lower bounds for
the mean spectra of the control and disease mice using the MM and splines to fit the
background. In this study, no significant differences were observed in the metabolite
concentrations between the controls and disease mice.

Table 6.1: Results from AMARES for the mean of amplitudes, frequencies and linewidths
obtained from the fit of all macromolecular signals

Components Position (ppm) ± SD Linewidth (Hz) ± SD Amplitude/MM1 ± SD
MM1 0.901 ± 0.007 109.377 ± 26.529 1.000
MM2 1.210 ± 0.000 89.681 ± 26.959 0.363 ± 0.123
MM3 1.384 ± 0.010 156.800 ± 36.492 1.301 ± 0.799
MM4 1.633 ± 0.022 211.219 ± 37.678 1.119 ± 0.722
MM5 2.023 ± 0.008 248.888 ± 27.485 2.601 ± 0.892
MM6 2.247 ± 0.012 145.477 ± 107.953 0.394 ± 0.333
MM7 2.668 ± 0.013 132.942 ± 70.944 0.309 ± 0.301
MM8 2.992 ± 0.020 107.262 ± 34.717 0.543 ± 0.369
MM9 3.198 ± 0.017 66.016 ± 41.417 0.299 ± 0.286
MM10 3.762 ± 0.032 154.517 ± 84.011 0.530 ± 0.475
MM11 4.306 ± 0.028 161.256 ± 102.208 0.625 ± 0.737
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Figure 6.10: AQSES fit for the mean spectra of short TE 1H MRS in vivo from mouse
brains. Real part of the in vivo spectrum (noisy signal) together with the fit using AQSES
(bold line on top of signal), MM (dash-dotted curve below the signal), spline baseline
(smooth curve below the MM signal) and the residual (curve beneath). This quantification
was made including the MM signal (measured (a) and simulated (b)) in the basis set and a
very smooth splines function to fit any additional baseline. The residual analysis provided:
SSE=19.0580, RMSE=0.0982 and SSE=25.5416, RMSE=0.1136 for the fit with the
measured and the simulated MM, respectively.

6.4 Discussion

In vivo MRS signals of 12 mouse brains measured in the hippocampus were
quantified to study the baseline estimation. The hippocampus is a rather
problematic region for achieving good homogeneity of the magnetic field in animals
as well as in human brain [82]. This implies that lineshape distortions are likely to
occur in such signals, justifying the development of lineshape estimation methods,
such as those proposed in [158, 6, 141, 42, 156, 132].

In particular, the self-deconvolution method proposed in [156, 123] and detailed
in chapter 5 has been successfully used. This method can be combined with a
measured baseline or a set of simulated macromolecular components. In the first
case, the MM signal is measured in the same location as the in vivo signal and
therefore, influenced by the same tissue heterogeneities. This MM signal has been
included in the model (5.6) without multiplying it with the common decay g(t).
In the second case, the modeled MM components have an ideal shape, and should
be corrected with the common decay g(t).

Although the MM signal acquired by inversion recovery is known to provide a
good approximation of the macromolecular contamination, it also requires a long
acquisition time and is not reproducible when the conditions of the region of
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Figure 6.11: Amplitude estimates of metabolites with corresponding Cramér-Rao lower
bound quantified using AQSES with: a) the measured and b) simulated set of MMs
(obtained from AMARES) to fit the macromolecular baseline.

interest are affected by acquisition problems and various diseases. Moreover, it also
contains some unsuppressed metabolites. A promising new acquisition technique
based on diffusion weighted spectroscopy has recently been proposed [88], and was
shown to be less contaminated by unsuppressed metabolites.

In order to build up prior knowledge about the MM contributions in mouse
hippocampus, we extracted eleven peaks from the inversion recovery spectra
containing resonances of macromolecules and lipids. For this purpose, the
quantification method AMARES was used and the MM parameters (amplitudes,
frequencies and linewidths) from all available inversion recovery signals were
computed. The mean of those estimates shown in Table 6.1 was then used to
create individual MMs to be included in the basis set. This prior knowledge
contains essential information about the MM of healthy mice which provides
spectral parameters close to the MM of in vivo signals. Quantification of the
MM spectra in AMARES using both Gaussian and Lorentzian shapes has been
evaluated. Only small differences were found using both lineshapes to fit the MM
peaks. However, for the resonance located at 0.89 ppm a better fit was obtained
using a Gaussian lineshape, while most of the peaks between 2 ppm and 4.3 ppm
were better fitted with a Lorentzian lineshapes. Moreover, because we also include
a method to estimate the lineshape, the shape of all individual metabolites and
MM profiles will also be corrected according to the shape of the in vivo signal
(i.e., g(t) will also correct MM profiles). Using this approach, the shape of the
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individual MMs will not play an important role, but good prior knowledge about
approximate values for frequency locations, amplitudes and linewidths will be
beneficial for AQSES Lineshape.

Due to low SNR of the individual MM signals, all MM components could not
always be clearly localized and therefore some variability has been observed. In
in vivo MRS signals, this variability in the data is also expected, therefore the
quantification method AQSES allows small variations in damping and frequency.

Several papers have focused on comparing inversion recovery macromolecular
baselines with mathematical models for background accommodation. At lower
magnetic fields (human MR scanner at 3 T) it has been shown that using Subtract-
QUEST [143] similar quantification results in terms of metabolite concentrations
can be obtained, but had lower precision than using measured macromolecular
signals [55]. In [33], the spline fitting of LCModel [141] resulted in a smooth
approximation of the in vivo macromolecules, and could not reproduce completely
all features of the in vivo spectrum of macromolecules at 14.1 T. However, when
the knot spacing is reduced beyond the default value, the LCModel spline model
is more flexible to follow closely the measured MM at 9.4 T, as illustrated in [128].

At high magnetic field the macromolecular contamination plays an important role;
however, even at 1.5 T the resonances of lipids and macromolecules affect the
reliable estimation of the relevant metabolites. Therefore, this macromolecular
estimation is essential in the quantification of metabolites in in vivo 1H MRS
spectra. The location and characterization of all individual MMs and lipids in
mice and human brain has been studied previously at various magnetic field
strengths, e.g., at 8.4 T [7] and 1.5 T [154]. Consequently, resonances similar
to those observed in the mouse brains have been observed in the in vivo 1H MRS
spectra of human brain [154, 67, 55]. However, we decisively had to include 11
instead of 8-10 macromolecular components [154, 128], due to a pronounced peak
at 2.66 ppm.

6.5 Conclusion

An extension of the quantification method AQSES Lineshape has been proposed
by optimally exploiting prior knowledge to handle both lineshape and baseline
perturbations. One important aspect to consider when estimating the baseline is
the fact that metabolite amplitudes may be underestimated. This issue depends
on a) the measurement conditions for the case when MM is obtained in vivo
or b) setting the AMARES parameters for the case when the MM components
are computed via modelling. Moreover, the lipid contamination becomes more
important at high magnetic field and therefore, adequate prior knowledge on lipids
is beneficial for improving quantification.
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To our knowledge, the use of an individually measured macromolecular background
signal has not been presented using a series of inversion recovery signals measured
at 9.4 T. We observed that good fits are obtained when the MMs are used
in combination with splines, which compensates for the extra background
contributions. Moreover, in the absence of measured MM signals, we proved
that allowing a flexible spline model in AQSES can compensate for the missing
macromolecular components.

Finally, we addressed the fact that good starting values and prior knowledge are
advantageous for the quantification methods, providing a strong motivation for
using simulated macromolecular and lipid components that should be appropriate
for specific measurement and experimental conditions and reduce the introduction
of systematic errors.

Concerning the MR signals studied, the hippocampus has a small size and is
located near to air cavities and the skull, affecting spectral quality and challenging
the metabolite estimation.



Chapter 7

Residual analysis

In this chapter, preliminary achievements of the residual analysis based on
quantification results from 1H in vivo MRS signals are illustrated. Firstly, an
introduction to the residual and its characteristics is presented. Then, the data
used for analysis and the statistical tools used are described. Finally, results and
further perspectives in this direction are presented.

7.1 Introduction

Quantification of MRS signals is commonly evaluated visually by checking the
residual and numerically by checking the Cramér-Rao lower bounds of the fitted
metabolites. A fit can be considered unsuccessful when the residual contains small
spikes which can be attributed to metabolite contributions or the error estimation
is large (i.e., Cramér-Rao bounds > 30 %). A well-fitted signal contains no
metabolites in its residual and therefore, the residual should contain only white
complex Gaussian noise. A thorough investigation of the MRS noise and the
conditions for this noise being white complex Gaussian are presented by Grage
and Akke [57].

A joint analysis of graphical statistical measures and numerical measures is useful
for a direct assessment of the residual. Indeed, they are related to visual inspection
of the entire data set at once and can easily point out a range of relationships
between the model and the data. On the other hand, numerical measures are more
focused on a particular property of the data and information is often compressed
into a single number. Depending on the data and analysis requirements, one might
need to use both types of measures to evaluate the quality of the fit.

109
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We focus on two aspects that have strong influence on the quantification method’s
performance. First, we show that mis-specification of the damping factor
constraint (i.e., the upper and lower bounds allowed variation of the damping
factor dk of each metabolite) in the quantification method AQSES is systematically
reflected in the residual of the fit. Second, we examine the influence of the number
and importance of the reference metabolites used in the basis set and how residual
analysis can help in identifying incomplete metabolite basis sets. To evaluate the
goodness of the fit, we compute a quality factor proposed by Slotboom et al. [159]
and extend it to estimate problematic frequency regions in the residual by using
a moving window strategy. Furthermore, we employ the normal probability plot,
the cumulative probability and the Rayleigh distribution to study the behavior of
the complex residual. In particular, we assess whether it contains only Gaussian
noise (whiteness test) or whether systematic patterns from the metabolites are
still present.

7.2 Materials and methods

7.2.1 MRS signals.

In order to illustrate the residual analysis methods, two types of signals have been
analyzed:

• 1H MRS signal from human brain acquired at 1.5 T on a Philips NT Gyroscan
scanner.

• 1H MRS signal from rat brain acquired at 9.4 T on a Bruker Biospec small
animal MR scanner (Bruker BioSpin MRI, Ettlingen, Germany).

A complete description of the acquisition protocol of both signals is presented
in chapter 2 section 2.1.2 and a plot illustrating the spectra is presented in
Fig. 7.1.

An in vitro basis set of reference metabolites was measured at both magnetic fields.
The following metabolites were used at 1.5 T: Ala, Asp, Cr, GABA, Glc, Gln,
Glu, GPC, Lac, m-Ins, NAA and Tau; and the following additional metabolites
were used at 9.4 T: GSH, PCh, PCr and PE. Moreover, an in vivo spectrum
of macromolecules and lipids (MM) was measured using inversion recovery and
added to the basis set of metabolites (see dotted line at the bottom of Fig. 7.1). A
complete description of the acquisition protocols and figures illustrating the basis
sets is presented in chapter 2 section 2.1.3.
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Figure 7.1: Real part of the in vivo spectra. The dotted curve below corresponds to the
metabolite-nulled signal of measured macromolecule and lipids (MM). (a) Human brain
signal acquired at 1.5 T. (b) Rat brain signal acquired at 9.4 T.

7.2.2 Quantification

In vivo MRS signals were preprocessed according to the steps described in chapter
2, section 2.2. and the quantification method used for analyzing the spectra was
AQSES. The upper bound for the damping used as a constraint is essential when
setting the quantification parameters. This so-called soft constraint is needed in
order to avoid metabolite profiles to become too broad and fit the baseline or too
narrow and not being able to correctly fit all resonances. Thus, when a too low
upper bound is used, metabolites having a smaller damping compared to that of
the in vivo signal will have a damping correction factor that leads to inaccurate
quantification. Until now this damping bound was chosen in the in-house graphical
user interface for MRS preprocessing and quantification [135] as a fixed value based
on the sampling interval (i.e., Dwelltime

10 ) and set by default to 40 Hz in jMRUI.
Here, we propose to estimate this bound as an adaptive method that takes into
account information from the signal and the metabolite basis set. To this end,
we make use of the fact that the damping of a complex damped exponential is
equal to the linewidth divided by π (i.e., FWHM

π ) of the corresponding Lorentzian
peak. Thus, we approximate the upper bound for the damping factor constraint as
the difference between the FWHM of the unsuppressed water signal and a singlet
from the in vitro metabolites (e.g., NAA). This implementation was included in
SPID. Finally, the measured macromolecular background signal was included in
the basis set of metabolites and used to compute the baseline together with the
penalized splines computed in AQSES, in order to account for additional baseline
distortions.
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7.2.3 Statistical residual analysis

The residual is the difference between the measured signal and the fit of this signal
as obtained by AQSES. We use the residual in the frequency domain either for
graphical assessment of the goodness of the fit, or as an indication of possible
fitting problems. If the fit is correct, the residual should not contain metabolites
and should be white noise, under the assumption that only white noise is affecting
the measured signal. To assess the goodness of the fit, we use a quality factor

proposed by Slotboom et al. [159]: Qfit(N) = R2

N.σ2 , where σ2 is the variance
of the signal noise calculated in the metabolite-free region, R is the norm of the
residual and N is the number of points of the least-squares fit. This value of Qfit

is close to 1 when the fit is perfect, bigger than 1 when the model is probably
incomplete (lack of metabolites) and smaller than 1 when parts of the noise are
fitted (overfitting) which means that the model has too many degrees of freedom.

7.3 Results and discussion

7.3.1 Effect of damping factor constraint

We study the effect of the damping factor constraint, which allows each metabolite
in the basis set to be as narrow or wide as the in vivo signal. Figure 7.2
shows the results of quantification for 3 different damping factor constraint values.
Quantification can be firstly evaluated by visual inspection of the residual, which
already provides information about the regions that are not well-fitted. Setting
the upper bound on the damping factors too low is clearly reflected in the pattern
of the residual, having peaks with similar shape in the region of the metabolites.
Subsequently, when a bigger damping is allowed, improvements in the fitting are
reflected in the residual (see Fig. 7.2, e.g., around 2 ppm, 3 ppm and 3.9 ppm).
Although large increases of the damping with regards to an approximate good
bound do not improve or worsen the residual, a more detailed look into the
results illustrates that when a too large damping factor constraint is allowed, some
metabolites may wrongly fit other metabolites or the baseline (see especially the
bottom profile of Glc in Fig. 7.3). Moreover, this effect is not obvious from the
fitting results and it may affect the stability of the method, thereby miscalculating
the amplitude estimates. The residual of the fitting was also evaluated with the
goodness of the fit using a linear polynomial computing the sum of square errors
(SSE) and the root mean square errors (RMSE).

Correlation is also used to evaluate the goodness of the fit by correlating the
original signal with the fitting. Values close to 1 reflect a good correlation and
thus a good fit. The correlations of the original and the fitted signal for the
three damping values at 1.5 T were 0.9234, 0.9770 and 0.9786 respectively. The
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Figure 7.2: Quantification results using different damping factor constraints which
reflect the over- or underestimation of amplitude estimates and the importance of its
careful selection. The best fitted signal is the overlapped thick line and the residuals
are the curves beneath. (a) 1.5 T signal and (b) 9.4 T signal. (1) Residual with
small damping factor constraint (small bound), SSE=0.0105, RMSE=0.0045 and
SSE=72.22, RMSE=0.1911, for the 1.5 T and 9.4 T signals, respectively. (2) Residual
with good damping factor constraint (adequate bound), SSE=0.0045, RMSE=0.0030
and SSE=40.43, RMSE=0.143, for the 1.5 T and 9.4 T signals, respectively. (3)
Residual with big damping factor constraint (big bound), SSE=0.004354, RMSE=
0.002922 and SSE=39.34, RMSE=0.141, for the 1.5 T and 9.4 T signals, respectively.
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Figure 7.3: Effect of damping factor constraint in metabolites shows a higher impact
in small metabolites. The curves beneath the signal correspond to metabolite estimates
of Creatine and Glucose using small, good and big damping factor constraints. (a) 1.5 T
signal and (b) 9.4 T signal.
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correlations for the 9.4 T signal were 0.9241, 0.9808 and 0.9861 respectively. These
numbers indicate that the original and the estimated signal are well correlated,
however, a complementary analysis is recommended. Moreover, this parameter
only gives a rough estimate about the overall fitting, but a more detailed analysis
reflecting information about individual metabolite fitting is more advantageous.
In a study performed by Grage and Akke [57], NMR noise from a scanner was
analyzed by assessing whether the real and imaginary parts of the residual are
independent and identically distributed. Here, a zero mean bivariate normal
variable Z = (X,Y ) with X and Y uncorrelated with equal variances, σ2

X =
σ2

Y = σ can be expressed in polar coordinates as Z = (R cos(θ), R sin(θ)) where
the radius R has a Rayleigh distribution with scale parameter σ and the angle θ is
uniformly distributed on the interval [−π, π]. For testing the assumption that the
residual estimated after a good fit represents random noise (i.e., white Gaussian
noise), we evaluated the normality and distribution of real and imaginary parts of
the residuals (see Fig. 7.4).

If the residual contains only noise, the probability plots should show a normal
distribution. The cumulative distribution function also shows the probability that
the residuals follow the normal distribution as long as they fall into the critical
bounds (in this case with 95% confidence). Comparison of the normal and Weibull
distribution when some residual is left, may give an indication that it does not
follow the assumption of uniformity.

7.3.2 Lack of metabolites in the basis set

We study the effect of the number of metabolites used for quantification as this
may also cause over- or underestimation. Fig. 7.5 shows the results for the 1.5 T
and 9.4 T signals when using a complete and incomplete basis set of metabolites.
For the 1.5 T signal we considered 3 groups of metabolite profiles:

(a) all 13 metabolites (Ala, Asp, Cho, Cr, GABA, Glc, Gln, Glu, Lac, m-Ins,
NAA, Tau),

(b) the 6 most relevant metabolites having a high concentration in normal brain
(Cho, Cr, Gln, Glu, m-Ins, NAA),

(c) the 4 most relevant metabolites having the highest concentration (Cho, Cr,
Glu, NAA).

For the 9.4 T signal we also considered 3 groups of metabolite profiles:

(a) all 14 metabolites (Ala, Asp, Cr, GABA, GPC, GSH, Glc, Gln, Glu, Lac,
m-Ins, NAA, PE, Tau),
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Figure 7.4: Normality plots of residual for the signal at 9.4 T. (a) Normal probability
plot shows the distribution of the residual related to the normal distribution (left: real part,
right: imaginary part) and (b) Cumulative distribution function plot with 95% confidence
bounds, both using a damping factor constraint of 0.05 (good bound). (c) Distribution
plots of the absolute value of the complex residual using a small bound of 0.025.

(b) the 8 more relevant metabolites having a high concentration (Cr, GPC, GSH,
Gln, Glu, m-Ins, NAA, PE),

(c) the 4 most relevant metabolites having the highest concentration (Cr, GPC,
Glu, NAA).

Each basis set is extended with the corresponding MM signal. The lack of some
metabolites in the basis set leads to a slight under- or overestimation of some other
metabolites, which is also reflected in the residual. Amplitude estimates in Fig. 7.5
show the variability of results obtained using different number of metabolites. A
direct comparison with the literature is complicated because estimated amplitudes
are highly affected by individual conditions of the tissues, small differences in the
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measurement parameters, size of the voxel measured, etc., and therefore, diverse
concentration ranges are found in similar studies, leading to a high variability of
the amplitude estimates.
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Figure 7.5: Amplitude estimates and comparison using a complete and incomplete basis
set. (a) Comparison of amplitude estimates relative to Cr for the 1.5 T signal using 12,
6 and 4 metabolites. (b) Comparison of amplitude estimates relative to Cr for the 9.4 T
signal using 14, 8 and 4 metabolites.

Identifying whether a metabolite is missing in the basis set is a difficult assessment.
However, considering the main metabolites (not too many) known to be observable
at specific magnetic fields is a good approach; consequently, if specific patterns are
observed in the residual, the inclusion of additional metabolites is recommended.
In general, there are difficulties when fitting metabolites whenever they have low
concentrations or are highly overlapping with the baseline. This is the case for
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Ala, Asp, Lac, GABA and Tau. Furthermore, the resonances of Glu and Gln are
very similar to each other, and especially at low magnetic fields they can hardly
be estimated separately. Therefore, during quantification one of them may fit
the region that corresponds to both of them. In this case, the inclusion of prior
knowledge to separate their contributions may be beneficial. If the disease studied
is not influenced by their individual contributions, a common strategy is to sum
their amplitude estimates, also known as the contribution of Glx (Glu+Gln). In
Fig. 7.6 (a) and 7.7 (a) we observe that the fits with an incomplete basis set are
not good and the corresponding Qfit of 7.4472 (for the 1.5 T signal) and 5.1740
(for the 9.4 T signal) also confirm the imperfect quantification. In order to further
evaluate the quantification, we selected a span or window of 0.1 ppm to evaluate
the quality factor in a moving approach. In Fig. 7.6 (b) and 7.7 (b) we present the
results of this quality measure where the plotted curves represent the Qfit values
obtained for all the selected frequency intervals and the dashed line represents the

confidence bound calculated as three times the standard deviation (R2

N > (3σ)2).
A missing metabolite is considered when the Qfit value is higher than the selected
threshold.
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Figure 7.6: Quantification results together with the Quality factor (Q) for the signal
acquired at 1.5 T using an incomplete basis set of metabolites. (a) Fit using a basis
set with 4 metabolites (the fit using 12 metabolites is shown in Fig. 7.3 (a)). (b) Quality
factor plot for the signal using a complete and incomplete basis set (12 and 4 metabolites).
The quality factor computed for the signals was 2.1207 and 7.4472 respectively.

In spite of the good fits using the full basis set of metabolites, Q factor results
shown in Fig.7.6 (b) and 7.7 (b) suggest that particularly the peaks of Cr near
3.9 ppm are not well fitted which may be explained by a strong influence of the
suppressed water. On the other hand, results considering the incomplete basis set
of metabolites show that metabolites in the region between 3.5 and 3.7 ppm are
missing which correspond mainly to resonances of m-Ins and Gln. Particularly for
the signal at 1.5 T, there is an imperfect match between the MM signal and the in
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Figure 7.7: Quantification results together with the Quality factor (Q) for the signal
at 9.4 T using an incomplete basis set of metabolites. (a) Fit using a basis set with 4
metabolites (the fit using 12 metabolites is shown in Fig. 7.3 (b)). (b) Quality factor plot
for the signal using a complete and incomplete basis set (14 and 4 metabolites). The
quality factor computed for the signals was 1.4033 and 5.1740 respectively.

vivo signal at 0.9 ppm which can be seen in Fig.7.6 (b) where the quality measure
is close or higher than 9.

7.4 Conclusions

Reliable metabolite estimation of in vivo MRS signals for determination of
metabolite concentrations is of paramount importance for obtaining additional
information in the diagnostics of cancer and metabolic diseases. Therefore,
quantification of MRS signals was performed evaluating the influence of the
damping factor constraint and the number of components used in the metabolite
basis set. We observed in particular, that the damping factor in the quantification
method AQSES plays an important role for the amplitude estimates.

From the quantification results, we examined the residual and analyzed the fit
of the individual components which are sensible to quantification constraints.
Moreover, the selection of the metabolites for the basis set is important for
quantification, thus an incomplete basis set will provide fits where one metabolite
fits the region that corresponds to its neighbour. Finally, the residual is used to
determine the goodness of the estimates and it is assumed that a good estimate
leads to residuals resembling pure white noise.



Chapter 8

Summary and further research

This final chapter presents a short summary and contributions of this thesis.
Additionally, further perspectives towards the improvement of quantification of
MRS(I) signals are also outlined.

8.1 Summary

• Chapter 1 outlines the main acquisition parameters for MRS(I) data and
the biochemical features involved in the diagnosis of different cancer and
metabolite diseases. In order to reliably obtain these metabolites, it is
essential to preprocess and quantify MRS(I) signals and apply different
correction/estimation methods. Some of these methods, which are partially
improved in this thesis, are presented in the subsequent chapters.

• In chapter 2 we describe the main preprocessing methods used in this thesis
and the major problems faced before quantification.

• The quantification methods presented in chapter 3 are meant to introduce the
main parameters to be considered before quantification, such as filtering of
unwanted peaks, setting the damping and frequency constraints, defining the
baseline estimation method, estimating the lineshape and finally including
prior knowledge for improving the metabolite estimates. Special attention is
given to the metabolite basis set and its acquisition in vitro or its quantum
mechanical simulation. Finally, it is emphasized that it is essential to
consider all quantification parameters in order to avoid mis-quantification.

• The importance of filtering unwanted peaks was outlined in chapter 4. Here,
we focused on the water and reference peaks filtering, based on HSVD

119



120 SUMMARY AND FURTHER RESEARCH

methods and illustrated with several examples the variation of filtering
performance when using different available methods. In particular, HLSVD-
PRO is used for filtering these unwanted peaks and special attention is drawn
to the selection of the model order to be used in this method.

• Chapter 5 describes AQSES Lineshape, a lineshape estimation method to
determine the actual lineshape of distorted MRS signals. This method is
evaluated in simulated, in vitro and in vivo signals. The advantage of this
method is that it does not require the use of a reference signal and can be
used for signals originated from other nuclei than 1H.

• In chapter 6 we propose a method to estimate the macromolecular baseline
making use of a series of in vivo inversion recovery acquisitions to obtain
prior knowledge of single macromolecule and lipid components. Here, a
basis set of macromolecule and lipid resonances is created, and further
included in the basis set of metabolites used for quantification. This
method allows the inclusion of prior knowledge between individual peaks
and allows the possibility to adjust the frequency, damping and phase of
individual components. Experiments based on in vivo MRS signals showed
satisfactory results in the sense that the mathematical modelling of the
baseline could replace the time consuming inversion recovery acquisition of
the macromolecules and lipids.

• Finally, chapter 7 focused on the analysis of the quantification results, more
specifically, the residual obtained after quantification. Quantification results
need to be analyzed, and basically the residual provides some indication of
how well the fitting was done. Although quantification results are usually
analyzed considering the Cramér-Rao Lower bounds, a further residual
analysis may provide an indication of the quality of the fit. Therefore, some
statistical tools together with a quality factor are used to evaluate the results
considering different metabolites in the basis set and varying the damping
factor constraint of the quantification method.

8.2 Future work and open problems

Additional work on the improvement, evaluation and automation of quantification
of MRS signals is necessary in order to increase the use of MRS as a diagnosis
technique.

• Lineshape. Different lineshape estimation methods have been described in
chapter 5 and it has been proved that for 1H a more realistic lineshape can be
obtained. Additionally, the lineshape estimation method presented in this
thesis has been implemented in the quantification method AQSES, which
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quantifies short TE 1H MRS signals. Moreover, the lineshape estimation
may be beneficial for other quantification methods, such as AMARES, where
spectra from other nuclei can be quantified.

Further evaluation of the lineshape estimation algorithm is being performed
in 1H MRS of lipid voxels (adipous tissue), using a set of individual simulated
lipids for quantification. Until now HLSVD, AQSES, QUEST and LCModel
have been used to quantify these lineshape distorted data, nevertheless,
successful results have been only obtained with the latest version of the
LCModel quantification package. However, initial AQSES Lineshape results
are satisfactory, thus a deeper quantification analysis will be performed.

• It would be very interesting to perform a comparison of different lineshape
estimation methods (i.e., LCModel [141], the frequency domain fitting
method using time domain models and prior knowledge proposed by
Slotboom et al. [158], the semi-parametric estimation method without
searching in function space proposed by Popa et al. [133], QUALITY [34],
QUECC [6] and the proposed AQSES Lineshape algorithm presented in
chapter 5) on a large benchmark of simulated, in vitro and in vivo signals
of different nuclei, measured at different magnetic fields and acquisition
conditions.

• Baseline. Chapter 6 described an alternative method to estimate the baseline
based on prior knowledge from in vivo signals of healthy mice, however,
although the presented method is capable to handle any kind of MR signals,
a complementary study based on the validation of the method considering
different kind of baseline distorted signals (e.g., from different pathologies)
is also interesting.

Additional quantification of 1H MRS signals obtained from Parkinson’s
disease mice will be performed to evaluate first the metabolic differences
between the control and disease mice and secondly, to further evaluate the
baseline approach presented in chapter 6.

• Prior knowledge. In order to improve the accuracy of metabolite estimates,
it will be beneficial to include more prior knowledge in the quantification
method. This prior knowledge could, for instance, proceed from typical
relations between individual metabolites obtained from different kinds of
tissues.

• An interesting extension of the lineshape and baseline estimation methods is
to incorporate spatial information to 2D (as published in [28]) and 3D MRSI
data. This will be beneficial for the automation of spectral analysis in the
MR unit. Here, it is important to consider prior information from the region
analyzed and to impose additional constraints in the quantification method,
such as similarities between the lineshape and baseline of neighboring voxels.
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Such constraints are expected to lead to more robust quantification results
in the case of very noisy MRSI data sets.

• Implementation of the lineshape and baseline estimation methods in the
jMRUI software package is foreseen and may bring advantages in the
quantification of MRS data, especially with lineshape distortions.

Finally, the automation of these techniques is essential for the acceptance of
MRS in the clinical practice. Therefore, numerous evaluations of the presented
approaches on MRS measurements from different diseases is required.
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[163] Z. Starčuk, J. Starčukova, and D. Graveron-Demilly. A multi-purpose
simulator of coupled spin systems for MR localized Spectroscopy and
Spectroscopic Imaging. In Proc. of the 19th International Society of Magnetic
Resonance in Medicine - ISMRM 2011, May 2011.

[164] D. Stefan, A. Andrasecu, E. Popa, H. Rabeson, O. Strbak, Z. Starčuk,
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In this three months internship she worked in the Institute for Medical informatics
where she was involved in the project INBED, which consisted in the development
of a Graphical User Interface for data processing of embedded sensors in a bed for
monitoring epileptic patients.

From July 2006 to June 2007, she was a researcher at the Otto-von-Guericke
Universität Magdeburg, Germany in the Department of Electrical Engineering -
IMOS, where she was involved in the European project ALFA PETRA-II (ALFA
II-0343-FA-FCD-FI) - (www.apit.upv.es/petra): Piezoelectric Transducers and
Applications II. During this year, she investigated about the behavior of quartz
Crystal Resonators in presence of electrolytic and non-electrolytic solutions.

In July 2007, she joined the BIOMED research group at the Department Electrical
Engineering (ESAT-SCD) of the Katholieke Universiteit Leuven, where she first
was a pre-doctoral candidate and since January 2008, she is a PhD student under
the supervision of Prof. Dr. Ir. Sabine Van Huffel, Prof. Dr. Ir. Uwe Himmelreich
and Dr. Diana Sima. From 2008 till 2010 she was a Marie Curie fellow involved
in the Research and Training Network (RTN) granted by Marie Curie Actions
in the 6th Framework Program (2007-2010) FAST (MRTN-CT-2006-035801) -
(www.fast-mrs.eu): FAST, Advanced Signal Processing for Ultra Fast Magnetic
Resonance. Her research work was focused on signal processing and quantification
of Magnetic Resonance Spectroscopy (MRS) signals.

145

www.apit.upv.es/petra
www.fast-mrs.eu






Arenberg Doctoral School of Science, Engineering & Technology

Faculty of Engineering

Department of Electrical Engineering

Research group SISTA-BIOMED

Kasteelpark Arenberg 10, B - 3001 Leuven


	Foreword
	Abstract
	Notation
	Contents
	Introduction
	Basics of Magnetic Resonance
	Magnetic Resonance Spectroscopy (MRS)
	Magnetic Resonance Spectroscopic Imaging (MRSI) and MRI

	Diseases and diagnosis in 1H MRS
	Metabolites of interest in 1H MRS

	Goals and overview of the thesis
	Conclusions

	Magnetic Resonance Spectroscopy (MRS) signals
	Proton MRS signals
	Time vs Frequency domain signals
	In vivo signals
	In vitro signals
	Simulated signals

	Preprocessing MRS signals
	Time circular shift
	Frequency alignment
	Phase correction
	Truncation vs zero filling
	Eddy current corrections
	Lineshape correction/estimation
	Residual water suppression
	Baseline correction/estimation

	Conclusion

	Quantification
	Introduction
	Methods
	Automated Quantification of Short echo time MRS signals (AQSES)
	Quantitation based on QUantum ESTimation (QUEST)
	Metabolite profiles
	Parameters to be considered in quantification of 1H MRS signals
	Quantification results

	Conclusion

	Filtering of residual water
	Introduction
	Materials and Methods
	MRS signals
	HLSVD method
	Model order selection

	Results
	Discussion
	Conclusions

	Lineshape estimation in MRS signals
	Introduction
	Assuming a common decay
	Spectral lineshape determination with self-deconvolution
	Semi-parametric lineshape estimation without searching in function space
	Lineshape estimation: self-deconvolution revisited

	Materials and Methods
	MRS signals
	Quantification with lineshape estimation
	Smoothing methods

	Results with AQSES and AQSES Lineshape
	Discussion
	General considerations about AQSES-Lineshape
	Residual and other imperfections

	Conclusion

	Parametric method for baseline estimation of MRS signals
	Introduction
	Materials and Methods
	Animals
	In vivo 1H MRS signals
	Metabolite basis set
	Baseline estimation
	Combination of baseline and lineshape estimation

	Results
	Lineshape
	Baseline

	Discussion
	Conclusion

	Residual analysis
	Introduction
	Materials and methods
	MRS signals.
	Quantification
	Statistical residual analysis

	Results and discussion
	Effect of damping factor constraint
	Lack of metabolites in the basis set

	Conclusions

	Summary and further research
	Summary
	Future work and open problems

	Bibliography
	Publication list
	Curriculum vitae

