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SYMBOLS AND ACRONYMS

The current section lists the symbols and acronyms that occur frequently in this
thesis. The last column refers to the page on which the symbol or acronym is first
used and/or defined.

Remark. The notation used in this thesis allows the reader to distinguish between
scalars, vectors and matrices. Lower—case characters represent scalar values. Bold-
face lower—case characters are used for vectors. Boldface capitals represent matrices.
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ABSTRACT

Nowadays, Nuclear Magnetic Resonance (NMR) is widely used in oncology as a
non—invasive diagnostic tool in order to detect the presence of tumor regions in
the human body. An application of NMR is Magnetic Resonance Imaging, which
is applied in routine clinical practice to localize tumors and determine their size.
Magnetic Resonance Imaging is able to provide an initial diagnosis, but its abil-
ity to delineate anatomical and pathological information is significantly improved
by its combination with another NMR application, namely Magnetic Resonance
Spectroscopy. The latter reveals information on the biochemical profile tissues,
thereby allowing clinicians and radiologists to identify in a non—invasive way the
different tissue types characterizing the sample under investigation, and to study
the biochemical changes underlying a pathological situation. In particular, an NMR,
application exists which provides spatial as well as biochemical information. This
application is called Magnetic Resonance Spectroscopic Imaging (MRSI) and in-
volves the simultaneous acquisition of signals from many volume elements.

The success of MRSI as a diagnostic tool depends on the accurate estimation of
the concentrations of the chemical compounds that are present in the suspicious
region. Such quantities can be obtained by computing the physical parameters that
characterize the MRSI signals located in that region. The first part of the thesis
concerns the development of accurate, robust and efficient algorithms for the quan-
tification of time domain MRSI signals. A variety of methods are available in the
literature. They are generally divided into two classes: optimization—based methods
and subspace-based methods. The former are iterative, require user involvement
and allow inclusion of biochemical prior knowledge. The subspace—based methods
are easier to use, since minimal user interaction is required, but they allow lim-
ited incorporation of biochemical prior knowledge. In this thesis, we focus on the
latter class. In particular, we develop an improved version of the popular HLSVD
method. This method is very frequently used in NMR for solvent suppression and
is freely available in the MRUI software package. Our studies show that sometimes
HLSVD fails in the estimation of the parameters of interest because some numerical
problems occur in its implementation, which is based on the Lanczos algorithm for

xvil
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the computation of the truncated SVD of the Hankel data matrix. We propose
two alternative variants of HLSVD, namely HLSVD-PRO (based on the Lanczos
algorithm with partial reorthogonalization) and HLSVD-IRL (based on the implic-
itly restarted Lanczos algorithm), which are able to outperform HLSVD in terms
of accuracy and efficiency.

In the literature, it has extensively been proved that the performance of parameter
estimation methods significantly improves if biochemical prior knowledge is used.
In this thesis we propose a new subspace-based method called KNOB-TLS, which
allows the use of more prior knowledge about the signal parameters than previously
published subspace—based methods. Extensive simulation and in vivo studies show
that the proposed algorithm performs best in terms of robustness and accuracy and
provides results that are comparable to those of the optimization—based methods.

The final topic is the development of a fast and accurate tissue segmentation and
classification technique. This is based on a statistical method, called Canonical
Correlation Analysis, able to simultaneously exploit the spectral and spatial infor-
mation characterizing the MRSI data. The potential and limitations of the new
technique to retrieve the possible tissue types characterizing the considered sample,
are investigated. Moreover, its performance is compared to that of ordinary correla-
tion analysis, which does not exploit any spatial information. Extensive simulation
and in vivo studies are carried out by using prostate MRSI data as well as two—
dimensional Turbo Spectroscopic Imaging brain data. Test results show that the
proposed tissue typing technique is fast and accurate, even when the region under
investigation presents a high degree of heterogeneity. Furthermore, it outperforms
ordinary correlation analysis in robustness and accuracy.
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2 Introduction ~ Chapter 1

In this chapter the theoretical foundations of nuclear magnetic resonance (NMR) are
introduced and a description of possible biomedical applications is provided. More
precisely, in Section 1.1 the basic principles of NMR are explained and the different
applications of NMR, such as magnetic resonance spectroscopy (MRS), magnetic
resonance imaging (MRI) and magnetic resonance spectroscopic imaging (MRSI),
are introduced. In Section 1.2 the relevance, for clinical purposes, of the analysis
of NMR data is illustrated. In Section 1.3 the goals of the thesis are defined and,
finally, Section 1.4 provides an overview of the thesis structure.

1.1 Basic principles of NMR

Nuclear magnetic resonance represents a powerful non—invasive diagnostic tool, used
in daily radiological practice to obtain clinical images and to study the chemical
composition and structure of tissues in vivo. Unlike conventional radiography and
Computed Tomographic imaging, which make use of potentially harmful radiations
(X-rays), NMR is based on the magnetic properties of atoms. It is well known that
subatomic particles (protons, electrons and neutrons) possess a property called spin.
Spin can be visualized as a rotating motion of the particle around its own axis. In
many atoms these spins are paired against each other and the nucleus of the atom
has no overall spin. However, there exist some atoms, such as proton (H) and
phosphorus (*'P), in which the nucleus is characterized by an overall spin. The
nuclei of the aforementioned atoms for instance possess an overall spin I equal to %
According to quantum mechanics, when atoms are embedded in a magnetic field,
their nuclei can only assume a precise number of possible orientations given by
21 +1, equal to 2 for the considered nuclei. Let us focus on 'H nuclei. As they have
a positive charge, the spinning motion causes a magnetic moment in the direction
of the spin axis, as shown in Figure 1.1.

Figure 1.1. A charged spinning nucleus creates a magnetic moment which acts
like a bar magnet (dipole).

Figure 1.2 (left) shows a system of 'H nuclei. When no external magnetic field
is applied, the magnetic moments assume random orientations. However, if an
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external magnetic field By is applied, the magnetic moments align with the direction
of By by adopting one of the two allowed orientations, parallel and anti—parallel,
with respect to the external field, as shown in Figure 1.2 (right). The spin axes
are not exactly aligned with By, but they precess around By with a characteristic
frequency f defined by the Larmor equation

B

F=120 (1.1.1)
21

where v is a constant and is called the gyromagnetic ratio of the nucleus, and f
represents the so—called Larmor frequency.
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Figure 1.2. A collection of 'H nuclei in the absence of an externally applied
magnetic field (left) and in presence of an external magnetic field By (right).

The two possible orientations are characterized by different energy levels and the
initial populations of the spins along the two directions are determined by thermo-
dynamics. Indeed, if the temperature of the system were absolutely zero, all spins
would adopt the parallel orientation, characterized by the lowest energy level. When
thermal energy is present, an amount of energy equal to the difference between the
two energy states, denoted by AF, is supplied to some of the spins which, therefore,
will assume the orientation with highest energy level. The energy difference AE
between the two possible states is proportional to the applied field and given by

ap - 2B,

o (1.1.2)

where & represents the Planck constant.

At any given instant, the magnetic moments of the considered system of 'H nuclei
can be represented as vectors, as shown in Figure 1.3. Every vector can be de-
composed into its components perpendicular and parallel to By. For a large enough
number of spins, the perpendicular components cancel each other. Since most spins
adopt the parallel orientation rather than the anti—parallel one, a net magnetization
M can be observed in the direction of the By field.
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Figure 1.3. A collection of spins at any given instant in an external magnetic field
By. A small net magnetization M can be observed in the direction of By.

When an additional oscillating magnetic field is applied to the system, with di-
rection perpendicular to that of By and frequency equal to the Larmor frequency,
spins are excited from the lower to the higher energy state. If the direction of By
is aligned with the z axis of an Euclidean 3-space, the swap of the spins from the
parallel to the anti-parallel state causes the M vector to tilt from the z direction
into the x—y plane. When the oscillating magnetic field is turned off, spins return
to their equilibrium state and, at the same time, the vector M begins to precess
around the z axis until it recovers its original direction. This phenomenon allows
the detection of an NMR signal. In fact, during its precession motion, M induces
an electromotive force in a receiver coil according to Faraday’s law of magnetic
induction. Figure 1.4 (left) schematically shows the detection procedure of the sig-
nal, while Figure 1.4 (right) shows a graph versus time of the signal induced in
the receiver coil. Such a signal is called free induction decay (FID) and, as can be
observed in the figure, it corresponds to an oscillation that gradually dies out in the
time domain. In order to obtain a graph easier to interpret from a visual point of
view, the FID is subjected to Fourier transformation so that a conventional spec-
trum is obtained, in which the signal amplitude is plotted as a function of frequency.

It is important to observe that the magnitude of the signal depends on the num-
ber of nuclei contributing to produce the transverse magnetization. Normally, this
number is not very large and, therefore, the signal is characterized by a low signal—-
to—noise ratio (SNR). In order to increase the intensity of the signal and obtain a
higher SNR, a number of acquisitions is performed consecutively and the final signal
is the average of all measured signals. Moreover, as shown in Eq.(1.1.2), the higher
the field strength By the higher the energy difference between both states. This will
increase the amount of emitted energy and, hence, signals with higher intensity can
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Figure 1.4. Left: after a 90° RF pulse, M lies in the x-y plane and rotates around
the z axis. The component of M in the x-y plane decays over time. Right: an
alternating current is induced in the receiver coil.

be produced.

The return of M to its equilibrium state is known as relaxation. There are three
factors that influence the decay of M : inhomogeneity of the magnetic field By,
longitudinal T3 relaxation and transverse T5 relaxation.

The first factor consists of the impossibility of producing a perfectly uniform mag-
netic field. In fact, during an NMR experiment, the sample under investigation
experiences different By’s and, therefore, its nuclei that exhibit spin have different
precessional frequencies (according to the Larmor equation). This causes phase dif-
ferences at various points across the sample, which will increase with time. The
resultant vector of these phases reduces the x-y component of M with time.

The second factor, known as T3 relaxation, is due to the realignment of the spins
(and so of M) with the external magnetic field By. When the oscillating magnetic
field is switched off, nuclei dissipate their excess energy as heat to the surrounding
environment in order to revert to their equilibrium state. Realignment of the spins
along By leads to a gradual increase of the z component of M and, at the same
time, to a corresponding decrease of its x—y component. The time needed for the
recovery of the magnetization along the direction of By is denoted by the constant
T;.

While nuclei dissipate their excess of energy, the magnetic moments interact with
each other causing a further decrease of the x—y component of M. This phenomenon
is known as T5 relaxation and the decrease of the transverse magnetization is called
decay. The rate of decay is described by a time constant, T5, that represents the
time needed for the relaxation process in the plane perpendicular to By.

It is important to observe that the parameters 77 and T5 are tissue—specific time
constants and, thus, introduce the possibility of separating different tissue types.
In conclusion, an NMR experiment consists of applying a radio frequency (RF) pulse
with a bandwidth chosen to excite all the nuclei within the required frequency range
and acquiring the response, the FID signal. This process is repeated until the de-
sired SNR is obtained. Many special pulse sequences have been developed in order
to enhance the quality and information content of the spectra. In fact, spectra ob-
tained with different pulse sequence parameters can exhibit significant differences.
An important parameter in that respect is the so called echo time (TE). Typically,
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long (TE>130 ms) and short (TE<50 ms) echo times are used. The two types of
spectra differ for the number of peaks as well as for their shapes. In particular,
short echo time spectra are characterized by a larger number of peaks that very
often exhibit a high overlap. Moreover, very broad and underlying peaks can also
be observed which are due to the signals from macromolecules [3].

1.1.1 Magnetic Resonance Spectroscopy (MRS)

Nuclei of different atoms can be easily distinguished from one another since they
are characterized by a different v and thus resonate at different frequencies. Nuclei
of the same isotope, but belonging to different molecules are differentiable due to
the so—called shielding effect. Indeed, the magnetic field at each nucleus is not equal
to the applied field By since it is slightly perturbed by the electrons that surround
the nucleus. This causes the Larmor precession frequency to be modified by the
chemical environment of the spin. The effect of chemical shift is described by the
equation

B =(1-0)B,, (1.1.3)

where o is the shielding constant, a dimensionless number that depends on the
electrical environment of the nucleus. This modifies the Larmor frequency as follows

f= w, (1.1.4)

21

which is detected, upon Fourier transformation of the FID, as a shift in frequency
from that expected if chemical shift played no part. Therefore, nuclei in a differ-
ent chemical environment emit signals with different frequencies. This property
makes MRS signals very useful since the different molecular structures composing
the sample under investigation can be clearly identified and their analysis can lead
to important biomedical information. Figure 1.5 shows the real part of the spec-
trum of a 3'P MRS signal, in which different molecules (peaks) can be observed.

It is common to express the chemical shift of a peak in the spectrum in terms of the
relative difference in frequency from a reference peak. The chemical shift in parts
per million (ppm) is therefore defined as

0= S = Jres x 10%ppm, (1.1.5)
fref

where f and f,.s represent the resonance frequencies of the peak of interest and of
the reference component, respectively.
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Figure 1.5. Real part of the spectrum of a 3'P MRS signal.

1.1.2 Magnetic Resonance Imaging (MRI)

NMR is widely applied in order to obtain in vivo clinical images of tissues in the
human body. This particular application is called MRI and is based on the detection
of signals from water. The proton nuclei possess the strongest magnetic moment and
are present in high abundance in biological material. In particular, the protons of
water generate strong signals and, consequently, this type of nucleus is most widely
used in MRI. The proton signals from other compounds are used for metabolic
studies.

The theoretical principles of MRI coincide with the general ones explained in section
1.1.1, but gradients need to be applied to the external magnetic field By in order to
construct images. More precisely, if no gradient were applied, all the water protons
would give rise to a signal of the same frequency, but no information about their
spatial distribution would be available. Lauterbur (1973) solved this problem by
introducing gradients in the magnetic field. These gradients modify the strength
of By which is no longer constant and, specifically, varies linearly as a function of
the distance. According to the Larmor equation, the new magnetic field causes
identical nuclei to precess at different Larmor frequencies. The frequency deviation
is proportional to the distance of each nucleus from the center of the coil and, hence,
the position of the nucleus can be identified.

1.1.3 Magnetic Resonance Spectroscopic Imaging (MRSI)

MRSI can be considered as a combination of MRS and MRI. As described above,
MRS signals provide chemical information while MRI provides spatial information.
In many applications, it is necessary to obtain spectra from well localized regions
of the body. Two approaches of spectral localization exist: one is known as sin-
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gle voxel spectroscopy (SVS) and is based on the detection of the signal from a
single well defined volume element (called voxel) of the human body; the second
approach involves the simultaneous acquisition of signals from many volumes and
is called MRSI or, equivalently, chemical shift imaging (CSI). The MRSI FIDs are
arranged into a two—dimensional or three-dimensional array, typically with dimen-
sions 16x16(x16) or 32x32(x32).

Both approaches make use of specific techniques which allow for the use of mag-
netic field gradients to obtain spatial information, but are also able to retain the
required chemical information. These techniques are not discussed here and more
background information can be found in ([17], [24]) and references therein.

Figure 1.6 shows a screenshot provided by a Siemens scanner for an in vivo ex-
ample of MRSI data measured in the human prostate. The original data set is
three—dimensional with dimensions 16x16x16. The bottom part of the figure shows
only one slice. This slice is the most interesting one since some of the spectra that
can be observed in it are characteristic for tumor tissue. One example of these
spectra is displayed in the upper part of the screenshot.

1.2 Clinical relevance of MRS and MRSI data for diagnosis and
treatment of cancer

MRS and MRSI have been proved to play an important role in oncology. In par-
ticular, the analysis of this type of NMR data can be used as a non—invasive tool
to detect and localize the presence of a tumor, to classify its nature, to study the
tumor metabolism in order to evaluate the response to possible therapies, thereby
helping clinicians to optimize the treatment.

A well known technique to detect the presence of a tumor is based on the esti-
mation of the biochemically relevant metabolite concentrations. These values can
be retrieved by estimating the areas under the peaks, corresponding to the con-
sidered metabolites, that occur in the spectrum of the MRS signal characterizing
the voxel/voxels under investigation. For example, Figure 1.7 shows the magnitude
spectra of two 'H signals. The signals were acquired at 1.5T in the human prostate
of a patient affected by a tumor. As can be observed in the figure, the spectra are
characterized by the presence of three metabolite peaks: choline (Cho), creatine
(Cr) and citrate doublet (Citr). In general, aggressive tumor tissue (left-hand side
spectrum) is characterized by a strong contribution of choline, while healthy tissue
(right—hand side spectrum) exhibits a higher contribution of citrate. The increase
of choline is attributed to an increase in cellular proliferation and cell density as well
as to changes in phospholipid metabolism that result in higher levels of membrane
synthesis and degradation products [52]. The decrease in citrate is due to changes in
cellular function combined with the replacement of the tissue’s characteristic ductal
morphology [15]. Therefore, the ratio citrate-to—choline can be used as an indicator
of the presence of a prostate tumor and of its grade of malignancy.
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Figure 1.6. Screenshot provided by a Siemens scanner for an in wvivo prostate
MRSI data set.

Also brain tumors can be detected by studying alterations in the metabolite levels.
In general, a brain tumor is present when N-acetyl-aspartate (NAA) and creatine
levels are reduced, while choline levels are increased. In particular, NAA in the
brain is commonly used as a marker of the neuronal density and, thus, reduced
NAA levels may reflect neuronal disfunction or loss [29]. Figure 1.8 shows the real
part of the spectra of two 'H signals measured in the brain of a patient affected
by a glioblastoma tumor. The spectrum on the left-hand side is characteristic of
tumor tissue while the spectrum on the right-hand side is typical of healthy tissue.
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Figure 1.7. Magnitude spectra of characteristic 'H prostate signals. Three
metabolites are visible: choline (Cho), creatine (Cr) and citrate (Citr). Left: mod-
erately aggressive tumor tissue spectrum. Right: healthy tissue spectrum.
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Figure 1.8. Real part of the spectra of characteristic 'H brain signals. Several
metabolites are visible: choline (Cho), creatine (Cr), N-acetyl-aspartate (NAA)
and lipids overlapping to lactate (Lip+Lac). Left: tumor tissue spectrum. Right:
healthy tissue spectrum.

In particular, if MRSI data is considered, the concentrations of the relevant metabo-
lites are determined for each voxel and are afterwards exploited in order to construct
metabolite maps, in which a spatial distribution of the intensity of any relevant
metabolite is visualized. The advantage of these images with respect to MRI im-
ages is quite clear: they provide spectroscopic as well as spatial information of the
tissue, while MRI images only provide information about the water distribution in
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the sample.

In conclusion, the success of MRS/MRSI as a diagnostic tool depends on the accu-
rate estimation of the metabolite intensities characterizing the spectra. As described
above, such estimates can be obtained by computing the areas under the corre-
sponding peaks in the spectrum by using integration techniques. Unfortunately,
this approach is not the most accurate one since the spectra are often character-
ized by overlapping peaks. More accurate estimation methods exist which make
use of modeling the data in the time domain. A survey of the most significant
time-domain algorithms available in the literature will be provided in Chapter 2.
In addition to this type of application, MRSI data can also be exploited in tis-
sue segmentation and classification techniques, without the need for computing the
metabolite concentrations. Many algorithms are available in the literature and are
based on a variety of theoretical principles. Some of them will be listed in Chapter
5 along with the corresponding references. Finally, the information contained in
an MRSI data set can be summarized in a single image, called nosologic image,
in which all the detected tissue types are visualized by means of different colors
[62]. Such an image can be easily interpreted by radiologists and physicians and,
along with clinical and radiological information, can improve the accuracy of the
diagnosis.

1.3 Goals of the thesis

This thesis concerns two main topics: the development of accurate, robust and ef-
ficient algorithms for the quantification of time domain MRS signals, and for the
tissue segmentation and classification of MRSI data. As already explained in the
previous section, accurate results are of fundamental importance for a reliable di-
agnosis and for the choice of suitable therapies. Unfortunately, accuracy is not an
easy property to obtain. In fact, in vivo MRS signals are usually characterized by
poor SNRs, overlapping peaks and interfering signal components. In particular, in
proton spectra the contribution of the water is very high compared to the metabo-
lites of interest. The concentrations of e.g. NAA is of the order of 1.5 x 1072 mM
per gram of tissue compared to 55.5 mM per gram for water. In order to adequately
digitize the signals from the metabolites of interest, it is common to suppress the
water resonance by applying special RF pulses. However, it is impossible to com-
pletely suppress the water without affecting the metabolites of interest. Therefore,
a water peak is always observed in the spectra of the measured signals, which needs
to be further removed by applying specific techniques.

In order to improve the performance of the methods in terms of accuracy and
robustness, biochemical prior knowledge that is often available when considering
MRS/MRSI data, is exploited. Further, particular attention is paid to the perfor-
mance of the algorithms in terms of efficiency since usually large amounts of data
are processed and, in a clinical environment, the results of the data analysis need
to be available as soon as possible. A more detailed description of the goals of
this thesis are provided in the next section, where a chapter—by—chapter overview
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is outlined.

1.4 Structure of the thesis

This thesis mainly consists of two parts. Chapters 2, 3 and 4 deal with the quan-
tification of MRS signals, while chapters 5 and 6 deal with a new fast and accurate
nosological imaging technique based on the use of a statistical method called canon-
ical correlation analysis. More precisely:

e Chapter 2 consists of an overview of a few but significant methods currently
used by the NMR community to quantify individual MRS signals in the time
domain. The overview includes:

— the VARPRO and AMARES optimization methods. They require a lot
of user expertise and interaction, but are very flexible with respect to
the choice of the model function that is used to model the time-domain
signal, and to the prior knowledge that can be imposed.

— subspace—-based methods. They are easier to use but are suboptimal
since only limited prior knowledge can be imposed. In particular, the
HSVD method and its improved variant HTLS will be described since
their performance will be always compared to that of other quantification
methods considered in this thesis.

— subspace—based methods using prior knowledge. In this part of the chap-
ter, some relevant subspace—based methods using prior knowledge will
be described. In fact, recently several subspace—based algorithms have
been developed that are able to exploit biochemical prior knowledge.
Such methods are able to improve the accuracy and robustness compared
to HSVD/HTLS, where no biochemical prior knowledge is imposed, al-
though sometimes a higher computational load is required.

e Chapter 3 deals with the use of the Lanczos algorithm in HSVD/HTLS. It is
well known that the computationally most intensive part of the HSVD method
is the computation of the truncated singular value decomposition (SVD) of a
Hankel matrix. In order to reduce the computational load without affecting
the accuracy of the parameters of interest, algorithms based on the Lanczos
method are suitable. In the first part of the chapter the Lanczos algorithm
will be described. Then, the performance in terms of accuracy and efficiency
of four HSVD-based methods will be compared. Two of them are already
available in the NMR literature: the first is based on the classical SVD algo-
rithm which makes use of the QR decomposition; the second one is based on
the Lanczos algorithm and is called HLSVD. In particular, the latter is very
well known to the NMR community and widely used for solvent suppression
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since it is implemented in a freely available software package called MRUI.
In this thesis we propose the use of two alternative HSVD-based methods,
namely HLSVD-PRO and HLSVD-IRL, which are respectively based on the
Lanczos algorithm with partial reorthogonalization and the implicitly restarted
Lanczos algorithm. Extensive simulation studies show that the latter two al-
gorithms perform best in terms of computational efficiency and numerical
reliability. The results have been published in [35].

e Chapter 4 is more focused on the use of prior knowledge in subspace—based
methods. As already described above, including such knowledge significantly
improves the accuracy of the parameter estimates and the robustness of the
methods. Here a method is presented: KNOB-SVD, and its improved vari-
ant KNOB-TLS. This method allows the use of more prior knowledge about
the signal parameters than previously published subspace-based methods. Its
performance, in terms of accuracy and robustness, is compared with that of
three commonly used methods that have been described in Chapter 2: the
subspace-based methods HTLS and HTLSPK(A fd.,), and the optimization-
based method AMARES. In particular, the second method, HTLSPK(A fd.,),
is obtained by incorporating in HTLS the prior information that is available
for some signal parameters. Extensive simulation and in wivo studies, us-
ing 3'P as well as 'H MRS signals, will be reported. They show that the
new method outperforms HTLS and HTLSPK(A fd.,) in robustness, accu-
racy and resolution, and that it provides parameter estimates comparable to
the AMARES estimates. These results are published in [36].

e Chapter 5 is devoted to the broad research topic of tissue segmentation and
classification of MRSI data. In particular, an accurate and efficient technique
for tissue typing is presented. It is based on Canonical Correlation Analysis
(CCA), a statistical method able to simultaneously exploit the spectral and
spatial information characterizing the MRSI data. Here, CCA is applied in
order to retrieve in an accurate and efficient way the possible tissue types that
characterize the sample under investigation. The potential and limitations
of the new technique are investigated by using simulated as well as in vivo
prostate MRSI data. Moreover, the performance of CCA is compared to that
of ordinary correlation analysis. The test results show that CCA performs
best in terms of accuracy and robustness. These results are published in [37].

e in Chapter 6 a validation study is carried out about CCA. Different brain
MRSI data sets are considered instead of prostate data. The data were ac-
quired with two dimensional turbo-spectroscopic imaging sequences (2DTSI).
In particular, all the data sets were measured in patients affected by a glioblas-
toma tumor. This type of tumor is very heterogeneous since different types of
tissue can be present, such as cellular areas, necrotic areas, infiltrating lesions
and, sometimes, areas of lower glioma tumor grades, as grade III. CCA is
applied to this type of data in order to assess its ability to detect and classify
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tissues even when a high degree of heterogeneity is present in the considered
sample.

e in Chapter 7 the main conclusions are formulated and the future research
plans are described.

1.5 Conclusions

In this chapter the theoretical principles of NMR were described. In particular,
different NMR applications were illustrated, namely MRS, MRI and MRSI. The
potential of such applications for clinical purposes was addressed in order to show
how relevant the analysis of this type of data can be, and to introduce the reader
to the main topics of this thesis. The specific goals were defined and, finally, the
structure of the thesis was explained by means of a chapter—by—chapter overview.
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The purpose of this chapter is to provide a survey of some of the most signifi-
cant time—domain parameter estimation methods that are available in the literature.
More precisely, Section 2.1 introduces the so—called time—domain methods. In Sec-
tion 2.2 the most important theoretical function used to model the measured signal
is introduced. Section 2.8 illustrates the concept of biochemical prior knowledge
and how this type of information is translated into mathematical relations between
the model parameters. Section 2.4 is devoted to the optimization—based methods
VARPRO and AMARES, while in Section 2.5 the subspace—based method called
HSVD, along with its improved variant HTLS, is described. The last section of the
chapter, Section 2.6, offers an overview of some subspace—based methods in which
some types of prior knowledge are incorporated. Finally, Section 2.7 summarizes
the main conclusions.

2.1 Time-domain parameter estimation methods

The success of MRS depends on the quantitative data analysis, i.e., the interpre-
tation of the signal in terms of relevant physical parameters, such as frequencies,
decay constants and amplitudes. In fact, these parameters provide direct informa-
tion about the sample under investigation: the frequency of the spectral components
characterizes the identity of the molecules, the decay constant characterizes the mo-
bility of the molecules, and the amplitude is directly proportional to the number
of molecules. Therefore, accurate and efficient quantification of MRS signals is an
essential step before converting the estimated signal parameters into biochemical
quantities (concentrations, pH).

A variety of advanced techniques to extract parameters, based on time-domain
model functions, have been developed. On one hand, interactive methods exist.
They are optimization—based methods, require user involvement, and allow inclu-
sion of prior knowledge. On the other hand, there are so—called subspace-based
algorithms. Minimal user interaction and limited incorporation of prior knowledge
are inherent to this type of methods.

2.2 Theoretical model of the MRS signal

The function often used to model the measured data points of an MRS signal is the
sum of K exponentially damped complex sinusoids

K
Un =Tn +en =Y apel®re "Bt L =0, N—1, (22.1)
k=1

where y,, is the nth measured data point, 7, represents the model function rather
than the actual measurement, j = v/—1, a;, is the amplitude, ¢ is the phase, d
the decay constant, known as damping factor, and f; the frequency of the kth
sinusoid (k = 1,...,K), K is the number of sinusoids, t,, = nAt + tg with A¢ the
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sampling period, tg the time between the effective time origin and the first data
point to be included into the analysis, and e,, is complex white noise with a circular
Gaussian distribution, which means that the real and imaginary parts of the noise
are uncorrelated and have equal variances. In particular, the phase ¢; consists of
a so—called zero—order phase and an additional phase factor ¢;w usually equal to
zero, which represents extra degrees of freedom that may be required under certain
experimental conditions.

Alternative model functions are available, such as the Gaussian model

K
Yn = Zakej¢ke(*gktn+j27rfk)tn +en, n=0,...,N—1, (2.2.2)
k=1

and the Voigt model [40]

K
Yn = Zakejme(—dk—gktnﬂzﬂfk)tn +en, n=0,...,N—1, (2.2.3)
k=1
but they will not be considered in this thesis.

2.3 Biochemical Prior Knowledge

As already described, the potential of MRS as a non—invasive medical diagnostic
tool depends on the accurate estimation of the signal parameters. Unfortunately, in
vivo signals are often characterized by distortions with respect to the model func-
tion. These distortions are normally due to a low SNR, and to the presence of
unwanted components and highly overlapping peaks. However, the relations among
the resonance frequencies, amplitudes, and damping factors of multiplet compo-
nents are usually known and by imposing such relations, the Cramer—Rao Bounds
(CRBs) [59], which indicate the best possible accuracy achievable by any unbiased
estimator, on the errors of estimated parameters are reduced ([7],[8]).

This prior knowledge can in some cases be derived from the spin properties. An
example is the adenosine triphosphate (ATP) signal. This consists of three phos-
phorus atoms, P,, Ps and P,, which experience a different chemical/electronical
environment and thus a different shielding. As a consequence, the three atoms res-
onate at slightly different resonances, giving rise to three groups of spectral lines in
the spectrum (Figure 2.1). Moreover, as a result of the spin—spin coupling between
the neighboring phosphorus nuclei, the groups corresponding to the a and ~ phos-
phates contain two peaks (doublets), while the § phosphate group consists of three
peaks (triplet).

Specific relations between the signal parameters can be derived from the spin prop-
erties, namely:

e the frequency differences between the individual resonances within a multiplet
are equal and known: f1 — fo=fs— fa=f5— fo = fo — f1 = Af;
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Figure 2.1. Theoretical spectrum of ATP. Three multiplets can be observed cor-
responding to the P, Pg and P, atoms.

e the damping factors of the peaks are all equal: di = dy = d3 = dy = d5 =
de = dr;

e the phases of the peaks are all equal: ¢1 = ¢o = ¢35 = P4 = @5 = Ppg = ¢r;

o the amplitudes of the doublet peaks and of the central peak of the Pg group
are equal, while the outer peaks of Pg are half the amplitude of the central
peak. More precisely: a1 = a2 = a3 = a4 = 2a5 = ag = 2a7.

An alternative procedure to obtain prior knowledge consists of measuring in wvitro
signals in the same experimental conditions as the in vivo experiment. The relations
among the signal parameters are then retrieved from the in vitro spectra, since they
are typically characterized by a high SNR and contain more spectral components.
In fact, in wvitro signals are MRS signals obtained from body fluids, cells, tissue
extracts, etc., dissolved in water and measured in small sample tubes. Therefore,
there are no limitations on the measurement time. Moreover, higher magnetic
field strengths can be applied and the local field inhomogeneities, that normally
characterize in vivo signals, no longer occur. For more details, the reader is referred
to [18].

2.4 Optimization-based methods: VARPRO, AMARES and
AQSES

When an MRS signal is modelled by Eq.(2.2.1), the signal parameters can be esti-
mated by applying a well known Maximum Likelihood based method called VARI-
able PROjection (VARPRO) (]26],[64]). The model problem consists of minimizing
the squared difference between the measured data points y = [yo,...,yn_1]7 and
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the model data points ¥ = [%o, ..., %n—_1]7, where the superscript 7' denote trans-
pose. This is a nonlinear least—squares problem (NLLS) that can be formulated in
vector notation as

min|ly - 3|, (2.4.4)

where ||.|| denotes the Euclidean vector norm.
In order to apply VARPRO, the model function g, used in Eq.(2.2.1) is reformulated
as follows

K
gn:ch"yk(ak,n), n=0,...,N—1, (2.4.5)
k=1

where ¢;, = arel?* are the complex amplitudes and Yi(ag,n) = e(=drti2mfi)tn are
nonlinear functions of the parameter vector o, = [fy di to]T. Using the matrix
notation, Eq.(2.4.5) becomes

y =T, (2.4.6)
with ¢ = [c1, ..., cx]T and
mn(e,0) - yk(ak,0)
r— : - : : (2.4.7)
*yl(al,N—l) ’}/K(OLK,N—I)

an N x K matrix of full rank.

Eq.(2.4.4), which needs to be minimized, can then be reformulated as

min|ly — Icl|?. (2.4.8)

In order to estimate the linear parameters c; and the nonlinear parameters o g
(k = 1,...,K), VARPRO amounts to temporarily assuming that the nonlinear
parameters, present in the I' matrix, are known. In that case, the linear parameters
can be expressed as the solution of a linear least—squares problem (LS), namely

¢ = (I“r)~'rfy, (2.4.9)

where the superscript H denotes the Hermitian conjugate.
The cost function of Eq.(2.4.8) then becomes
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ly =T(@"T)"'T"y|* = [[Pry?, (2.4.10)

where Pr is a projection operator on the column space of I'. This new cost function
contains only the nonlinear parameters whose estimates, &y, are obtained as the
parameters that minimize Eq.(2.4.10). Using &y , the matrix I' is computed and
the estimates of the linear parameters cj are obtained as the LS solution of the
system

Tcry. (2.4.11)

The NLLS problem described above can be solved by using global optimization
methods. Unfortunately, these methods are computationally inefficient. Local op-
timization algorithms are more efficient, but they provide a local minimum, instead
of the global one. The problem can be overcome by providing good starting val-
ues, which are normally obtained by applying a procedure, called peak picking.
This technique consists of retrieving rough estimates of the frequencies and damp-
ing factors from the frequency domain by a visual inspection, thereby requiring a
lot of user interaction and expertise. In order to reduce the need for interaction,
subspace—based parameter estimation methods can be used to estimate reliable
starting values.

Specifically, in VARPRO the optimization problem is solved by applying a modified
version of the Levenberg-Marquardt algorithm [44].

Nowadays, an improved version of VARPRO exists and is called AMARES (Ad-
vanced Method for Accurate, Robust and Efficient Spectral fitting) [65]. AMARES
computes the signal parameters by minimizing a general functional consisting of
the sum of the squared differences between the data and the model function (see
(2.4.4)), instead of minimizing the variable projection functional (see (2.4.10)) that
is used in VARPRO.

The dn2gb routine is used to minimize the general functional. This routine is
the most recent version of the NL2SOL algorithm ([19],[20]), which combines ap-
proaches used in Gauss—Newton and quasi-Newton methods. AMARES outper-
forms VARPRO in terms of efficiency, accuracy and robustness since more types of
prior knowledge can be incorporated, and upper and lower bounds can be imposed.
Moreover, it allows the use of two different theoretical model functions, namely the
Lorentzian (defined by Eq.(2.2.1)) and the Gaussian.

AMARES has also been extended to the processing of time-series. It is well-known
that, in biochemical studies, MRS signals are often acquired consecutively to mon-
itor metabolic changes over time. Often relations between the different spectra are
present and these can be expressed as relations between the corresponding param-
eters. This means that information concerning the time evolution of some of the
parameters is available and this can be easily included in the algorithm, thereby
further improving the robustness and accuracy of the estimation. This extension of
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AMARES is called AMARES;;.

Furthermore, another variant of AMARES, which is called AMARES, deserves
to be mentioned here. The latter algorithm consists of combining AMARES with
an FIR filter in order to process filtered signals. In fact, generally spectra contain
unknown or uninteresting spectral features separated in frequency from the metabo-
lites of interest. Such unwanted components can be removed by applying an FIR
filter and the filtered signal can afterwards be estimated by using any parameter
estimation method. It is proved that AMARES; is easy to use, has a low compu-
tational complexity and is able to keep the bias and the standard deviation of the
parameters of interest small.

For further details on AMARES;; and AMARES/ the reader is referred to [66] and
[68], respectively.

Recently, a new optimization—based method has been developed in order to quantify
short echo time signals. The new method is called AQSES (Accurate Quantification
of Short Echo time domain Signals) and is available on line, under an Open—Source
license, from: http://www.esat.kuleuven.be/sista/members/biomed /new/ .

As already explained in Section 1.1, short echo time signals significantly differ from
long echo time signals. In fact, they contain many more peaks, highly overlapping,
and the so—called baseline which consists of disturbing underlying broad resonances
due to macromolecules and lipids. Therefore, a suitable theoretical model is needed
which is able to take into account all these additional factors characterizing the
spectra. To this aim, a “metabolite database”, consisting of a set of K complex—
valued time series v, k = 1,..., K, is needed. These vectors represent in vitro
measured MRS metabolite signals. The short echo time signal is then modelled as
follows

K
Yn = Un + €n = Z ape? P T wFI2m )ty () £ b(n) + en, n=0,...,N —1,
k=1

where the term b(n) represents the baseline and is modelled as a linear combination
of spline functions. Moreover, a maximum phase FIR filter is implemented in the
algorithm that allows for the removal of disturbing components, such as the water
resonance.

The signal parameters are estimated by minimizing a regularized nonlinear least
squares criterion in order to fit the model and a smooth baseline at the same time.
In ([54],[56]) it is proved that the method is robust and accurate and, although
designed to quantify short echo time signals, it can be easily adapted to process
long echo time signals.

Other algorithms for short echo time data quantification exist, such as LCModel
and QUEST, but they are not described in this thesis. The reader is referred to
[47] and [48] and references therein.
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2.5 Subspace-based methods: HSVD

HSVD is a subspace—based parameter estimation method in which the noisy signal
is arranged in a Hankel matrix H. Its Singular Value Decomposition (SVD) allows
to compute a “signal” subspace and a “noise” subspace. In fact, if H is constructed
from a noiseless time—-domain signal, the data matrix H has rank exactly equal to K,
the number of exponentials that model the underlying signal. Due to the presence
of the noise, H becomes a full-rank matrix. However, as long as the SNR of the
signal is not too low, one can still define the “numerical” rank being approximately
equal to K. Then, the “signal” subspace is found by truncating the SVD of the
matrix H to rank K.

In the following subsections, the method will be derived in the context of linear
algebra.

2.5.1 HSVD - noiseless data

Arrange the N noiseless data points 7, defined in Eq.(2.2.1) in a Hankel matrix H
of dimensions L x M, with L and M greater than K and N =L+ M —1

Yo Y1 o Ym-1

_ Y1 Y2 0 YMm

O (2.5.12)
YyL—1 YL - YN-1

The model of Eq.(2.2.1), in which tg = 0 is assumed, can be rewritten in terms of
complex amplitudes c¢; and signal poles z; as follows

K K
Gn = agelPeeChARTIINA NP an =0, N~ 1., (2.5.13)
k=1 =1

where ¢}, = are??* and z, = e(~4% 727 fi)A  Using this model function, the Hankel
matrix H can be factorized as follows

1 1 - 1 100 1 1 ... 1 1%

_ Z1 Z2 vt ZK Ocp--- 0 Z1 Z2 v ZK

H = . . (2.5.14)
PP LGB0 0 o] [RM MM

= SCT”

This factorization is called Vandermonde decomposition and from it the signal pa-
rameters can immediately be derived. Unfortunately, there is no algorithm that
computes such a decomposition directly and, therefore, the parameters need to be
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computed indirectly. -
From Eq.(2.5.14) it can be easily proved that the matrix S satisfies the so—called
shift-invariance property, i.e.

S'=8,Z (2.5.15)

where ST and S| are derived from S by deleting its first and last row respectively,
and Z is a K x K complex diagonal matrix with entries equal to the K signal poles
zk, k = 1,..., K. The rank of the matrix H is equal to K and, thus, its SVD has
the following form

>k 0
00

H = USV = [Ux U,] { 17— Uys

} (Vi Vo] = UxExVE,  (25.16)

where Ug € CH*K Uy € CH¥E-K) 530 € CKXK Vg € CMXK v, € CMXM=K),
From the comparison of Eq.(2.5.14) and Eq.(2.5.16), it follows that S and Ug span

the same column space and hence are equal up to a multiplication by a non singular

matrix Q € CEK*XK e,

Uk = SQ. (2.5.17)

Using Eq.(2.5.17), the shift-invariance property of Eq.(2.5.15) becomes

ﬁ}( = ﬁKlQ_le. (2.5.18)

From Eq.(2.5.18) the matrix Q !ZQ can be determined and since the eigenvalues

of Q7 'ZQ and Z are equal, the signal poles are easily derived as

{2}, = €ig(Q'ZQ) = €ig(2), (2.5.19)

where the function eig(.) determines the eigenvalues of the matrix between brackets.
From the signal poles, frequency and damping factors are estimated. By filling in
these estimates into the model function Eq.(2.5.13), a new system of linear equations
is obtained with unknowns equal to the complex amplitudes c. Its solution provides
estimates for the amplitudes and the phases.

Note that, once the signal poles have been estimated, the amplitudes and phases
can be obtained by using other estimation methods. One example is the so—called
APES method, where the acronym stands for Amplitude and Phase EStimation,
which provides accurate estimates at a reasonable computational cost as shown in
[60] and [61].
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2.5.2 HSVD - noisy data

When noise affects the data, as in real MRS signals, the noisy Hankel matrix H
replaces H and the relation (2.5.16) no longer holds. Although no exact solution of
the shift-invariance property exists, the matrices H and H have the same structure
and, if the noise is small compared to the signal, H can be approximated by the
truncated SVD, i.e.

H=UXVY 2 UxZVE = Hy, (2.5.20)

where Uk and Vi are the first K columns of U and V, respectively, and X g is
the K x K upper—left sub-matrix of 3.

The matrix Hx has rank K but its Hankel structure has been destroyed by the
truncation of the SVD. Therefore, the system in Eq.(2.5.18) has no longer an exact
solution. However, estimates of the signal poles can still be obtained by solving
the aforementioned system in a LS sense and the signal parameters can be derived
from such estimates as in the noiseless case. Further details about the derivation of
HSVD can be found in ([2],[33]).

2.5.3 HTLS

The performance of HSVD can be improved by making use of the total least squares
(TLS) technique instead of the LS technique, in solving the overdetermined set of
equations occurring in Eq.(2.5.18). This variant is called HTLS [71] in the MRS lit-
erature and it possesses good resolution, parameter accuracy and efficiency. Specif-
ically, the TLS solution of the system in Step 4 is given by

E=-V,V;, (2.5.21)

provided \A/'gg is nonsingular. The matrices {\712 and {\722 are obtained from the SVD
of the augmented data matrix

[ Uk, U}( ] = Upur & \A/fozK, (2.5.22)
with
3 Vi Vi ]
V=15 N 2.5.23
{ Vo1 Vo ( )

Other improved variants of HSVD exist and are based on the use of Cadzow’s
method or minimum variance estimation as preprocessing techniques, as explained
in [10].
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An outline of the algorithms HSVD and HTLS is provided here for the sake of
clarity.
Outline of the HSVD/HTLS algorithm

e Step1:

Arrange the N data points y,, n = 0,..., N — 1, in a Hankel matrix H of
dimensions L x M, with N=L+ M —1

Yo Yy o YMm—-1
yl y2 PN yM
H= ) ) ) )
Yr—-1 YL - YnN-1

e Step 2:
Compute the SVD of the Hankel matrix H
Hywn = U Zrum Viguu

where ¥ = diag(o1,092, --+, 04) , 01 > 02 > -+ > 04, ¢ = min(L, M),
UHU = UU# =T and VFV = VV# =TI contain respectively the left and
right singular vectors. According to [9], H should be chosen as square as
possible in order to get the best parameter accuracy.

e Step 3:

Truncate H to a matrix Hg of rank K
Hi = UgZgVE

where Uy and Vg are the first K columns of U and V, respectively, X is
the K x K upper-left sub-matrix of 3.

e Step4:
Compute the LS solution (HSVD) or TLS (HTLS) solution E of the following

overdetermined set of equations

Ug E~ UL

where Ug | and UTK are derived from Uy by deleting its last and first row
respectively.
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e Step 5:
The K eigenvalues of E yield the signal pole estimates

- e(*ﬁikJrj??TfAk)At k=1,

Zk K

9 )

from which estimates for fk and dk are found.

e Step 6:

Filling in the estimated frequencies fk and damping factors d, into the model
equation (2.5.13), yields the set of equations in the complex amplitudes ¢

Yn ~ ZkK:1 cke(7&k+j2ﬂ—fk)tn n= 01 ]-7 Y N - 1.

From its LS solution &, = e’ J”C, we find a5 and ék, the estimated amplitudes
and phases.

2.6 Subspace-based methods using biochemical prior knowledge

Several advantages characterize HSVD and HTLS: the signal parameters are com-
puted in one step, no starting values are needed and, hence, minimal user interaction
is required. On the other hand, they are statistically suboptimal under the noise
assumptions made. Moreover, they do not exploit any prior knowledge about pa-
rameters in the data model, whose inclusion is important for further improvement
of estimation accuracy and resolution.

More accurate and robust subspace—based methods have been developed by incor-
porating different types of prior knowledge (PK) in HTLS, such as:

e HTLSPK(fd): frequencies and damping factors of some exponentials are known

([11], [12]);

e HTLSPK(fp): frequencies and phases of some exponentials are known [13];

e HTLSPK(fdp): frequencies, dampings and phases of some exponentials are
known [13];

e HTLSPK(p): phases of some exponentials are known [13];

o HTLSPK(Afd.,): the frequency differences between doublet components are
known and the damping factors are equal ([70], [72]).

Below a short outline of these methods is provided.
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2.6.1 HTLSPK(fd)

In HTLSPK(fd) the frequencies and damping factors of some exponentials are as-
sumed to be known. This type of prior knowledge is equivalent to the follow-
ing: some signal poles zi, kK = 1,...,p, with p < K, are known, while the poles
zk, k=p+1,..., K, are unknown. Hence, in the Vandermonde decomposition of
the matrix H, Eq.(2.5.14), the first p columns, S, and T, of the matrices S and T
are known a priori. If noiseless data are considered, the known part in Eq.(2.5.14)
can be removed by means of a QR decomposition [25] of T,

1" (2.6.24)

T;D = [ anown Qorth ] [ RT 0

and a projection of H onto the orthogonal subspace

f = HQ,, =[S, Sx_)] [ 7

C 0 o
Op CK—p ] [TZD TK—:D Qg’th (2.6.25)
- SKprK*quf;—p .

where rank(H) = K and rank(H) = K — p. The matrix [Qxnown Qortr] is unitary,
with Qrnown € CM*P, Qopep, € CM*(M=1) and R € CP*P is upper triangular. Note
that multiplication of H with QX , from the right destroys the shift-invariance
property in the row space but keeps the shift-invariance property in the column
space, i.e.

Sk—p1Zr—p=Sk_,, (2.6.26)
where Zg _, is a diagonal matrix with diagonal elements equal to the K —p unknown
signal poles. The unknown signal poles are obtained by computing the SVD of the
matrix H, i.e.

H=Ux ,Sx ,Vi_, (2.6.27)
where U K—p > K—p> \Ys K—p Tespectively contain the first K —p left singular vectors,
singular values and right singular vectors. By equating Eq.(2.6.6) with (2.6.25), the
shift—invariance property still holds

Ux_p 2%, =Uk_,, (2.6.28)
where Zgglp is a similarity transform of Zx _,. The eigenvalues of Z(Igzp yield the

unknown signal poles and the linear parameters are found in the same way as in
the HTLS method.
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2.6.2 HTLSPK(fp)

In HTLSPK(fp) the following assumption is made: the frequency f; and the phase
¢;, of the kth exponential are known. When this type of prior knowledge is available,
it is possible to perform a shifting in frequency and phase of the whole spectrum
such that the kth exponential is shifted to zero frequency and zero phase. More
precisely, from the model function of Eq.(2.2.1), it follows

G = yne IC@TfinAtep) (2.6.29)
K
_ Zakej(dhc*d’;;)e*dknAtﬂLjQW(fk*f;;)nAt

k=1
= Ynr + JGni,
where the subscripts “nr” and “ni” denote the real and imaginary part, respectively.
More precisely, these are equal to

K
Unr = ake—d,;nAt + Z ake_dknAtCOS(Qﬂ(fk — fi)nAt + (¢ — ¢1)), (2.6.30)
k=1, k#k
K
Uni = Z ae” W sin (27 (fi, — fi)nAt + (o — 67)), (2.6.31)
k=1, k#k

with n = 0,...,N — 1. Note that the kth shifted exponential is removed from
Uni, but remains in ¢,,.. Moreover, ¥,, and ¥,; have the 2K — 2 signal poles
e’d’c”mijf”(fk’fkl"m, k=1,...,k—1,k+1,...,K, in common. The Hankel
matrices H, and H; that are respectively constructed from ¢,, and g,;, have rank
2K — 1 and 2K — 2. Moreover, the common signal poles can be removed from g,
via orthogonal projection as in HTLSPK(fd), but the SVD is used instead of QR
to find the orthogonal complement IAJOTth, ie.

I/_\Ii = |: ﬁcommon I/jorth ivHv (2632)

where ﬁg,thﬁwmmon = 0 and ﬁg,thﬁi = 0. In particular, the matrix ﬁr, which
contains only 1 signal pole, e~ %2t can be obtained as

H, =UZ,H, =UZ,s,C,T7T, (2.6.33)

ort

—dpnAt

where the subscript 1 denotes the rank of the matrix H,.. The signal pole e
can then be computed from the shift-invariance property of the row space of H,.. In
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general, if p pairs (fi, ¢r) are known, k = 1,...,p, the above procedure is repeated
to estimate the damping factor dj corresponding to each of these pairs. Since p
signal poles are known, the remaining K — p poles can be estimated by applying
the signal pole estimation part of HTLSPK(fd). Concerning the estimation of the
amplitudes and unknown phases, HTLSPK(fp) differs form HTLS and HTLSPK(fd)
since the number of the real unknowns, a; and ¢, is reduced from 2K to 2K — p,
when ¢, k=1,...,p, are known. More precisely, in HTLS and HTLSPK(fd), the
amplitude and phase estimates are obtained by solving in the LS sense the following
system of N equations

1 1 ce 1 C1 Yo
Z1 Z2 s ZK C2 Y1
~ . (2.6.34)
Ay R CK YN-1

Instead, in HTLSPK(fp) the kth column of the left-hand side matrix of Eq.(2.6.34)
is multiplied by e/?* and the kth element c; is multiplied by e™7?*, where k =
1,...,p. Therefore, Eq.(2.6.34) is replaced by

Ac~y, (2.6.35)

where ¢ = [a1,...,ap,Cpt1,- .., cK]T. If each element of the system is separated
into real and imaginary parts, i.e., ¢ = ¢, + jc;, A = A, +jA; and y =y, + jyi,
then Eq.(2.6.35) consists of a system with 2N real-valued equations, namely

Ar _Az Cr ~
Ai AT C; -

T T

where ¢, = [al, e Oy Cpg s -+ - cKT] , Ci = [O, s 0, cpnyis s cm] . Since
the first p elements of ¢; are equal to zero, the corresponding columns in the left—
hand side matrix can be dropped.
As a result, the system in Eq.(2.6.36) contains a reduced number of real-valued
unknowns, i.e. 2K — p , which will further improve the accuracy of the estimation.
In particular, the final estimates are obtained as ap = |[cir + jeri|| and ¢ =
tan™(crr /cri), k=p+1,..., K.

Yi

[ Yr } , (2.6.36)

2.6.3 HTLSPK(fdp)

If fi, di and ¢, with k = 1,...,p, are all known, the so—called HTLSPK(fdp) algo-
rithm can be applied. Practically, it is equal to the HTLSPK(fp) method without
the part in which the damping factor corresponding to each pair of known frequency
and phase is estimated.
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2.6.4 HTLSPK(p)

If only ¢r, with k£ = 1,...,p, are known, the pole estimation part of HTLS can
be applied, followed by the amplitude and phase estimation part of HTLSPK(fp).
This algorithm is called HTLSPK(p), whose results are suboptimal with respect to
the previous ones since the prior knowledge of the phases is not used in the pole
estimation part.

2.6.5 HTLSPK(Afd,,)

Assume that the signal y,,, n =0,..., N — 1, is described by Eq.(2.2.1) and that we
have as prior knowledge

dl = d2 =d and fg = fl + Af, (2637)

with d and f; unknown and Af known. We shift the data in frequency

Jn = yne IPTAINAL (2.6.38)

which can be written in the following form

K
G = coe—diti2mfmAL | Z cpe(—anti2n(fi=Af)nAt (2.6.39)
k=1,k#2

This means that y,, and ¢, have one signal pole in common from which the pair
(f1,d1) can be estimated. This signal pole is computed via the intersection of the

column subspaces [25] of the Hankel matrices H and H obtained from the elements
yn and g, as done in Eq.(4.1.6). More precisely, we compute the rank K truncated

SVD of the two matrices H and H
Hy =UgXgVE (2.6.40)
Hyg = Ux S VE, (2.6.41)
and the SVD of the matrix UEUg
UllUg = UsVH, (2.6.42)

The singular values ¢; = cosb; of U%ﬁK yield the canonical angles 6; and point
out the correlation between both subspaces. Then, a basis for the intersection of
UK and UK is

U=Ug[m, ..., 1, (2.6.43)

where s is the number of common poles for Hx and Hy and [a1,...,10s] denotes
the first s columns of U. Note that ; = 1 in the noiseless case, while 6; > 1 — ¢



Section 2.6. Subspace-based methods using biochemical prior knowledge 31

in the noisy case with € a user—defined tolerance. If y, has only one pair of poles
(21, 22) with frequency difference Af and equal damping, then s = 1 and 27 is
computed using the shift-invariance property in the column space

Uz =UT, (2.6.44)

where U | and U are derived from U by deleting its last and first row respectively.
In the presence of noise, Eq.(2.6.44) is solved with TLS yielding an estimate for
2z = e(-hHi2rfAL and hence also for zo = e(~91i27f2)At gince f, = f1 + Af
and dy = ds. If; more generally, y,, has s + 1 poles (21, 22, ..., 2s+1) with the same
frequency difference Af = Af; = ... = Af, and equal dampings d; = ... = d,

then the intersection of Ug and Ug has dimension s and a basis is computed by
exploiting Eq.(2.6.43). Solving

U,Z=1", (2.6.45)

the computation of the eigenvalues of y4 yields the desired signal poles z;, i =
1,...,s.

In the presence of noise, Eq.(2.6.45) is solved by using TLS and the computed pairs
(fi,d;) only approximately satisfy the imposed constraints. Therefore, the following
correction is applied: compute by averaging

f= é(z fi—(i—1)Af) and d= éZdi (2.6.46)

i=1 i=1

and, then, set f; = f+ (i —1)Af and d; =d fori=1,...,5+ 1.

2.6.6 HTLSPKfast(Afd,,)
A more efficient version of HTLSPK(Afd,,) can be obtained by observing that

H=D/HD%_, .|, (2.6.47)
where Dy, is unitary (with k = L or N — L + 1) and defined as
Dy, = diag(1,e 72mAIAL o= (k= 1)2nAfAL) (2.6.48)

This implies that U k = DpUgk. Hence, T~JK can be computed directly from the
SVD of the matrix H (i.e., the SVD of H can be avoided) thereby improving the
computational efficiency of HTLSPK(Afd,,).

Here, an outline of the algorithm is provided since it will be applied in Chapter 4.

Outline of the HTLSPKfast(Afd,,) algorithm
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e Step1:

Arrange the N data points y,, n = 0,..., N — 1, in a Hankel matrix H of
dimensions L x M, with N=L+ M —1

Yo Yy o Ym-1
U1 Yz o Ym
H= ) ) ) )
Yr—-1 YL - YN-1

e Step 2:
Compute the truncated SVD of the Hankel matrix H

Hy = U3 VE

where Uy and Vg are the first K columns of the left and right singular vector
matrices U and V, respectively, X i is the K x K upper-left sub-matrix of
the singular value matrix 3.

e Step 3:

Construct the matrix

D, = dzag(l, e*jQTFAfAt7 s ef(Lfl)jQTrAfAt)
and compute the matrix
Ug = D, Ug.

e Step4:
Compute the SVD of the matrix U%ﬁK, ie.

UL, = USVT
e Step 5:
Form the basis for the intersection of Ug and U K
U=Ug[w, ..., 1,

where s is the number of common poles for Hx and Hy and [a1,..., 0]
denotes the first s columns of U.
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e Step 6 :

Compute the TLS solution of the system obtained from the shift—invariance
property in the column space

0,20,

where U | and U’ are obtained from U deleting its last and first row respec-

tively. The computation of the eigenvalues of Z yields the desired signal poles
z; = eThHRTIAL s,

e Step 7 :

Apply the following correction: compute by averaging
-1 ‘ Sl
f= E(Zfi —(i—1)Af) and d= gZdi
j i=1
and, then, set f; = f+ (i —1)Af and d; =d fori =1,...,s+ 1.

e Step 8:

Compute the remaining signal poles z;, ¢ = s+1, ..., K, by applying the signal
pole estimation part of the HTLSPK(fd) algorithm. More precisely, construct
the known part of the Vandermonde matrix (see Eq.(2.5.14) T by using the
known signal poles.

e Step 9:
Compute the QR decomposition of T

Ts = [ anown QOTth ] [ RT 0 ]T

e Step 10:

Compute the projection of H onto the orthogonal subspace

H = HQoHrth
e Step 11:
The unknown signal poles are obtained by computing the SVD of the matrix
H,ie.

I:i = ij—siK—sv}I—gfsv
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where INJK,S, ZNIK,S, \NZK,S respectively contain the first K — s left singular
vectors, singular values and right singular vectors, and by solving the following
set of equations, derived from the shift—-invariance property, i.e.

ﬁK*SlZ(Igf)s = fjkfs’

The eigenvalues of Zggzs yield the unknown signal poles 2;, i =s+1,..., K.

e Step 12:

Filling in the estimated signal poles Z; into the model equation (2.5.13), yields
the set of equations in the complex amplitudes ¢

yn%Zszlckég' n:0’17..,7N_1.

From its LS solution ¢, = are’ 43&7 we find ax and q@k, the estimated amplitudes
and phases.

2.7 Conclusions

In this chapter the concepts of MRS data quantification and prior knowledge were
introduced. Then, some well known time-domain methods to estimate the pa-
rameters of MRS signals were outlined. Since time-domain parameter estimation
methods can be divided in two classes, optimization—based methods and subspace—
based methods, examples of both types were given. In particular, VARPRO and
AMARES were described for the first class. These methods are flexible since they
allow the choice of several theoretical model functions and the inclusion of a vari-
ety of prior knowledge. On the other hand, they require a lot of user interaction
and expertise since they need good starting values in order to converge to the opti-
mal solution. As far the class of the subspace—based methods, the popular HSVD
and HTLS methods were outlined. The main advantage of these methods is that
they require minimal user interaction. The main drawback inherent to this class
of algorithms is that they are statistically suboptimal and allow limited inclusion
of prior knowledge. Improved variants of HTLS have been developed in order to
include some types of prior knowledge and a survey of such methods was provided
in Section 2.6.
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In Chapter 2 the parameter estimation method HSVD was introduced. The aim of
the study presented in this chapter is to reduce the computational load required by
HSVD without affecting the accuracy of the parameter estimates. Specifically, the
computationally most intensive part of HSVD is the computation of the SVD of the
Hankel matrizc H. In order to improve the efficiency, algorithms based on the Lanc-
zos method are suitable because the main computation at each step, a matrix—vector
product, can be efficiently performed by means of the Fast Fourier Transform ez-
ploiting the structure of the involved matriz. Here, we compare the performance in
terms of accuracy and efficiency of HSVD when four algorithms for the computation
of the SVD are used: the classical SVD algorithm based on the QR decomposition,
the Lanczos algorithm with partial reorthogonalization, the implicitly restarted Lanc-
zos algorithm and the Lanczos algorithm based on the interlacing theorem. The first
algorithm and the last one are already available in the NMR literature. We propose
the use of the HSVD method based on the Lanczos algorithm with partial reorthog-
onalization and the implicitly restarted Lanczos algorithm. FEztensive simulation
studies show that the latter two methods perform best.

The chapter is organized as follows: in Section 3.1 the classical SVD algorithm,
which makes use of the QR decomposition, is introduced. Section 3.2 describes the
Lanczos bidiagonalization procedure as well as the properties which make it signif-
icantly more efficient with respect to the classical SVD algorithm. Unfortunately,
when the Lanczos bidiagonalization is carried out in finite precision arithmetic, mul-
tiple copies of the same singular values and other drawbacks arise, and HSVD fails
in computing the parameter estimates. Sections 3.3, 3.4 and 3.5 describe three vari-
ants of the Lanczos bidiagonalization procedure that address such problems. More
precisely, Section 3.3 is devoted to the Lanczos algorithm with partial reorthogo-
nalization, Section 3.4 describes the implicitly restarted Lanczos algorithm and in
Section 3.5 the Lanczos-based algorithm called HLSVD, which makes use of some
eigenvalues’ properties, is explained. In Section 3.6 four HSVD-based methods are
considered, which are based on the algorithms introduced in Sections 3.1, 3.3, 3.4
and 3.5, and a numerical comparison is carried out in terms of efficiency and ac-
curacy. Finally, Section 3.7 summarizes the main conclusions.

3.1 Computing the truncated SVD

Various algorithms are available for computing the SVD of a matrix. The most
reliable algorithm for dense matrices is due to Golub and Reinsch [27] and it is
available in LAPACK [1].

In the Golub—Reinsch algorithm the matrix H is first transformed by Householder
matrices into a bidiagonal matrix B

Q”HP = B. (3.1.1)

Since the matrices Q and P are unitary, the bidiagonal matrix B has the same
singular values as H. The SVD of B is computed by using the QR algorithm
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B = QpXP% (3.1.2)
and the final SVD then becomes

H=QQzX(PPp)"? =uUxV, (3.1.3)

A description of the QR algorithm for computing the SVD of a bidiagonal matrix
can be found in [25].

The Golub—Reinsch method computes the full SVD in a reliable way and takes
approximately 2LM? 4 4M?3 complex multiplications for an L x M matrix. How-
ever, when only the computation of a few largest singular values and corresponding
singular vectors is needed, as in our case, the method is computationally too expen-
sive. Moreover, it does not exploit the particular structure of the Hankel matrix H.
For this type of matrices, the matrix—vector product can be computed efficiently
by using the Fast Fourier Transform (FFT) matrix. Moreover, Hankel matrices can
be stored in L + M — 1 memory locations rather than in LM and this property is
crucial when dealing with large matrices.

3.2 The Lanczos bidiagonalization algorithm

An efficient tool for computing the SVD of large and structured or sparse matrices
is the Lanczos bidiagonalization [25]. Given the rectangular L x M matrix H, the
algorithm computes a sequence of vectors (Lanczos vectors) u; € CL and v; € CM,
where C is the set of complex numbers, and scalars a; and §; for j = 1,2,.... as
follows

Choose a starting vector pg € C¥, pg # 0 and let 31 = ||poll2, u1 = po/B1 and
Vo = 0

forj=1,2,....
r; = HHUj — ﬁjVj,1
;=2
vj=rj/a;
p; = Hv; —aju;
Bi+1=[pjll2
U1 = p;j/Bi+1

end

After k steps, the lower bidiagonal matrix By is generated
aq
B2 2
&75
Br+1
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In exact arithmetic the Lanczos vectors are orthonormal such that

Uk+1 = [ul, ug,... ,uk+1] S (CLX(k-H), (3.2.5)
Vi = [vi,va,...,v] € CM¥F (3.2.6)

with UkH+1Uk+1 = Ix41 and VkHVk = I, where I; is the [ x [ identity matrix. By
construction, the columns of Ui, and Vy, satisfy the recurrences

a;v; =Hu; — Biv; 1,

ﬂjJrluJ‘Jrl = HVj — Q uy.
We will refer to the columns of Uy as left Lanczos vectors and the columns of
V. as right Lanczos vectors. The singular values of By converge monotonically to
those of H. Moreover, the extremal ones converge first [16].
The Lanczos procedure is an iterative method and the needed number of iterations
depends on the distribution of the singular values and on the choice of the initial
vector pg. The latter is of crucial importance. In fact, let us assume that K eigen-
pairs need to be computed. A well known theorem states that if the vector pg is
equal to the linear combination of K eigenvectors, then the Lanczos recursion ends
after K steps. Therefore, a good starting vector should be chosen as closely as
possible to such a linear combination.
At each step of the Lanczos algorithm, two matrix—vector products, H”u; and Hv;,
are performed. Taking into account the Hankel structure of the involved matrix H,
this can be done with O((L + M) x log2(L + M)) complexity by means of the FFT,
rather than O(LM) complexity. The idea of using the FFT for computing a Hankel
matrix—vector product was first used by Bluestein in 1968, in a discrete Fourier
transform algorithm [63]. A later reference is the work by O’Leary and Simmons
which was published in 1981 [43].
The FFT cannot be used directly to evaluate the Hankel matrix—vector product.
Instead, the Hankel matrix is first embedded in a circulant matrix for which the
FFT may be used to evaluate the circulant matrix—vector product.

(3.2.7)

3.2.1 Circulant matrices

An n x n matrix is called circulant if it has the following form

Co Cp—1 Cp—2 -+ C1
C1 €o Cn—1 "+ C2

cC=| @ a <« ¢ |, (3.2.8)
Cn—1 Cp—2 Cp-3 Co

C is a special kind of Toeplitz matrix where each row is obtained by doing a wrap—
around downshift of the previous column. This means that C is completely specified
by its first column and can be written as
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C=[c Rc R% --- R"!c], (3.2.9)
where
T
c=[co a c - 1|, (3.2.10)
R = [ e; e3 --- e, e } , (3.2.11)

with e the the kth column of the identity matrix.
A circulant matrix satisfies several properties and, in particular, it can be diagonal-
ized by the FFT matrix, i.e.

C=F"AF (3.2.12)

with A = diag(Fc) is a diagonal matrix and

1 1 1 1
1 wl w2 .. wnfl
1 1 2 4 - 2(n—1)
F=— w w w 3.2.13
7 : ( )
i wnlfl w?(nfl) . . w(nfll)(nfl)

which is unitary and where w = e=727/7,
The factorization of Eq.(3.2.12) can be used for performing the matrix—vector mul-
tiplication. It follows that:

y = Cx = Ffldiag(Fc)Fx = F¥((Fc). x (Fx)), (3.2.14)
where “.*” is elementwise multiplication. Thus, to perform the matrix—vector mul-
tiplication, Fc and Fx are first computed and, then, the inverse transform of their
pointwise product is calculated. The gain in using the FFT is most significant if
the dimension of the vector is a power of two and, in this case, the matrix—vector
product only requires O(nlogan) complex multiplications.

3.2.2 Embedding a Toeplitz matrix in a circulant matrix

Given an arbitrary Toeplitz matrix T
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Lm Tm+1 et et Tm4n—1
Tm—1 Tm Tm41
Tm—1 Tm
: Tm—1 - T
T = ml m (3.2.15)
. ° . xm

Tm—1

1 Tn

it is completely specified by the following vectors

trow = [ Tm+n—1 Tm4n—-2 °° Tm+1 s (3216)
teor = [ Tm Tm—-1 - L1 }T. (3217)

These two vectors can be used to form the first column of a circulant matrix and,
thus, to embed the matrix T in a circulant matrix C

c=| 0 |, (3.2.18)

(3.2.19)

where the extra zeros are used to make the dimension of ¢ a power of two, in order to
obtain good performance of the FFT. The vector c is used to construct the circulant
matrix C, whose top corner C(1: m,1:n) equals T, i.e.

C= { T : } . (3.2.20)

*

3.2.3 Toeplitz matrix-vector multiplication

To evaluate the Toeplitz matrix—vector product y = Tx, two new vectors X and y
are formed of the same dimension as c

x=[x 0], (3.2.21)
y=1[y " (3.2.22)
(3.2.23)

The result y is obtained as the m top elements in the result of y = Cx.
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3.2.4 Hankel matrix-vector multiplication

It is well known that a Hankel matrix H is easily obtained from a Toeplitz matrix
T by simply multiplying the latter by a permutation matrix P, i.e.

H =PT, (3.2.24)

where P is the anti-identity matrix. Therefore, the Hankel matrix—vector multipli-
cation y = Hx can be computed in an efficient way by applying (3.2.14) and by
reversing the order of the entries in the resulting vector y.

3.3 The Lanczos algorithm with partial reorthogonalization

When the Lanczos bidiagonalization is carried out in finite precision arithmetic,
error vectors accounting for the rounding errors at the jth step occur in the recur-
rence relations described in (3.2.7), and the orthogonality among the left and right
Lanczos vectors is gradually lost. Moreover, multiple copies of the same singular
values can arise.

There exist several ways for obtaining a robust Lanczos method in finite precision
arithmetic. One of them is to enforce orthogonality among the Lanczos vectors
by applying some reorthogonalization schemes. The simplest is the so—called full
reorthogonalization procedure: each new Lanczos vector u,ii is orthogonalized
against all previous u;, ¢ = 1,...,j, using, e.g., the Modified Gram—Schmidt al-
gorithm. A similar procedure can be applied for the right Lanczos vectors v;.
However, this algorithm is considered too expensive for large problems. In fact,
the additional O(4(L + M)k?) operations required by the orthogonalization quickly
dominate the execution time, unless the necessary number of iterations k is very
small compared to the dimensions of the problem. The storage requirements may
also be a limiting factor since all the generated Lanczos vectors need to be saved.
More efficient algorithms exist and are mainly based on work by Paige [45], who
carried out a thorough error analysis of the Lanczos algorithm and managed to find
out when and where the loss of orthogonality takes place.

Among these algorithms there is the Lanczos algorithm with partial reorthogonal-
ization (PRO). Its central idea is that the level of orthogonality among the Lanczos
vectors satisfies a recurrence relation which can be derived from the recurrence re-
lations used to generate the vectors themselves. These recurrences can be used as
a practical tool for computing estimates of the level of orthogonality in an efficient
way, and this information can be used to decide when to reorthogonalize and which
Lanczos vectors need to be included in the reorthogonalization [55]. A reliable
implementation of this method is available in PROPACK [34].

3.4 The implicitly restarted Lanczos algorithm

When using Lanczos with full reorthogonalization, all Lanczos vectors need to be
stored. Moreover, there is no way to know in advance how many steps will be
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needed to provide the singular values of interest within a specified accuracy. The
number of steps is determined by the distribution of the singular values and the
choice of the starting vector pg. In many cases, e.g. as in the case where there is
no significant gap between the wanted and unwanted singular values, convergence
will not occur until k£ gets very large and the method suffers from large storage
requirements and from numerical difficulties caused by loss of orthogonality of the
generated basis vectors. These problems can be overcome by limiting the size of
the basis set and by using restarting schemes, i.e. restarting the iterations after
a number of steps by replacing the starting vector with an “improved” starting
vector. Reorthogonalization is also performed when needed. This procedure keeps
the storage requirement fixed and the computation load moderate. Several variants
of explicitly restarted Lanczos methods have been developed and some references
can be found in [57]. Calvetti, Reichel and Sorensen have proposed an implicitly
restarted Lanczos algorithm (IRL) [5], which is an adaptation of the Implicitly
Restarted Arnoldi method [57] to the case when a matrix is Hermitian. This method
forces the initial vector into an invariant subspace of the matrix, by repeteadly
filtering the initial vector through a polynomial filter and restarting the iterations
implicitly. It can be considered as a technique which combines the implicitly shifted
QR scheme [25] with a k—step Lanczos factorization, obtaining a truncated form of
the implicitly shifted QR iteration. The numerical difficulties and storage problems
normally associated with the Lanczos process are avoided. In fact, the method is
able to compute a few (K) singular values with user—specified features, such as the
algebraically largest or smallest singular values, using storage for only a moderate
multiple of K vectors. The computed singular vectors form a basis for the desired
K—dimensional eigenspace and are numerically orthogonal to working precision. A
reliable implementation of this method is included in ARPACK [38].

3.5 HLSVD

The popular method called HLSVD, which is very frequently used in NMR, spec-
troscopy for solvent suppression, is a Lanczos—based HSVD algorithm. In fact, the
computation of the truncated SVD of the matrix H, which occurs in the HSVD
method, is based on the Lanczos algorithm, but without using any reorthogonal-
ization scheme. In this method, the extra copies of converged singular values are
eliminated by using the so—called van Kats — van der Vorst procedure, which is
based on the following property of the eigenvalues [16]

The interlacing theorem If A\; ; > X2 ; > ... > ), ; denote the eigenvalues of
B;, then
AL Z ALj-1 2 A2 2 Agjo1 2 2 A1y 2 Ajo1j-1 2 A (3.5.25)

Because of the finite precision, the interlacing property will sooner or later be vio-
lated and at a certain stage the inequality Ay ; < A j—1 occurs. Because of the finite
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precision in which the computer is working, it is impossible to distinguish between
the eigenvalue Ay j_1 of Bj_; and )\ ; of B;. Consequently, an eigenvalue of H has
been found. For further details, the method is described in [46] and implemented
in the freely available software package MRUI:
http://www.mrui.uab.es/mrui/mruiHomePage.html.

3.6 Lanczos-based HSVD methods: a numerical comparison

In the previous sections four different algorithms for computing the SVD of a Han-
kel matrix have been introduced: the classical SVD algorithm based on the QR
decomposition, the Lanczos algorithm with partial reorthogonalization, the implic-
itly restarted Lanczos algorithm and the Lanczos algorithm based on the interlacing
theorem. Therefore, four HSVD-based methods are obtained:

¢ QR: the classical method based on the QR decomposition;

e PRO: the method based on the Lanczos algorithm with partial reorthogo-
nalization;

e TRL: the method based on the Implicitly Restarted Lanczos algorithm,

e HLSVD: the method based on the Lanczos algorithm and the interlacing
theorem;

The methods QR and HLSVD are already available in the NMR literature and, as
already specified above, are widely used by the NMR community. In this thesis
we propose the use of the two alternative methods PRO and IRL. Here, the four
HSVD-based methods are compared in terms of efficiency and accuracy. Extensive
simulation studies are reported and the results show that PRO and IRL perform
best.

3.6.1 Comparison in computational efficiency

We consider a simulated signal derived from an n vivo 3'P spectrum measured in
the human brain and consisting of 256 complex data points and 11 exponentials, as
defined in [67]. Figure 3.1 shows the spectrum of the simulated signal. We consider
Eq.(2.2.1) with ag,dg, fr and ¢, k = 1,---,11, known and perturb the signal by
adding complex white noise with a circular Gaussian distribution with standard
deviation o. The SNR for each peak is measured in decibels (dB) and defined as

SNR peak k = 20 1og(%). (3.6.26)

A low, intermediate and high noise level are used (o= 5, 15, 25 which corresponds
to a SNR of 29.5, 20 and 15.6 dB for the middle peak of 3 — AT P). Our goal
is to reconstruct the parameters ay,dg, fr and ¢, k = 1,---,11, characterizing
the signal y,, and compare the execution time in seconds when computing the first
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eleven singular values and vectors with the Lanczos method PRO, the complex
version of the corresponding routine available in PROPACK [34], HLSVD and IRL.
The computations are carried out on a PC with Intel Pentium 850 MHz in the
Linux environment, in fortran 77 with machine precision w ~ 2.22 x 10716, with
the exception of HLSVD, which is partly implemented in single precision.

In Table 3.1 CPU times are reported for the simulated signal when considering 256
and 512 data points. We can see that PRO is clearly the fastest algorithm.

x10*

L L L L L L L L L
700 600 500 400 300 200 100 0 -100
Hz

Figure 3.1. Real part of the spectrum of the simulated 3'P MRS signal, obtained
for SNR=20.

[SNR] PRO [HLSVD | IRL | [SNR]| PRO | HLSVD | IRL |
20.5 | 0.0258 [ 0.0392 | 0.0389 20.5 | 0.0450 | 0.0878 | 0.0679
20 | 0.0342 | 0.0560 | 0.0511 20 | 0.0982 | 0.1303 | 0.1473
15.6 | 0.0720 | 0.1092 | 0.1085 15.6 | 0.3142 | 0.6834 | 0.4718

Table 3.1. Mean value of the computation times in seconds for 50 runs. Left:
length(signal)=256. Right: length(signal)=512.
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3.6.2 Statistical accuracy measure

Since HLSVD is very frequently used for water removal in the NMR spectra, in this
section we apply the four HSVD-based methods QR, HLSVD, PRO and IRL to
filter out the water signal in 'H spectra. We illustrate their performance in terms
of statistical accuracy via computer simulation studies. More precisely, we focus
on the amplitude estimates of the metabolite signals after water removal, obtained
using the four methods, and compare the quality of these estimates. The quality is
measured as the relative root mean squared error (RRMSE) in percent

L _

1 (ak—afc)Q
MSE kk=1 — —_— 6.2
RRMSE peak k = 100 L?:l P (3.6.27)

where L is the number of simulation runs and dfe denotes the estimate of a;, obtained
in simulation run [. The RRMSE is compared with the relative Cramer—Rao lower
bound (CRB). The CRB indicates the best possible accuracy of an estimate among
all unbiased estimators.

3.6.3 HSVD for solvent suppression

The 'H spectrum contains the signal contribution of the water which can have a
magnitude 10® to 10* larger than the magnitude of the metabolites of interest. A
preprocessing step is necessary to remove the unwanted water contribution and it
is obvious that it should influence the final parameter estimates of the metabolites
of interest as little as possible and have a low computational complexity. HSVD
provides a mathematical fit of the data by a sum of exponentially damped complex—
valued sinusoids. Hence it can be used to approximate the complicated features of
the water resonance, including its large tails. The fitted water region is subsequently
subtracted from the original signal. We investigate the water suppression abilities
of the four HSVD-based methods in terms of accuracy.

We use the following scheme to process proton spectra:

e The user specifies the model order K and a cutoff frequency f,, which defines
a so—called water region [-f,, fr].

e HSVD-based methods are used to model the original signal by a sum of K
exponentially damped complex—valued sinusoids.

e The peaks with frequencies belonging to the user—defined water region are used
to reconstruct the water peak, after which the reconstructed water signal is
subtracted from the original signal.

e The residual signal is quantified with AMARES, which minimizes the differ-
ence between the nonlinear model function and the data.
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Since experimental signals contain errors introduced by factors such as unknown
lineshape, data acquisition errors and eddy currents, all inevitably present in vivo
experiments, we use simulated signals (see Figure 3.2) to evaluate the performance
of the proposed quantification scheme. The cutoff frequency is chosen equal to 35
Hz and the parameters of the seven peaks used to reconstruct the water resonance
and of the five metabolite peaks can be found in [68]. This implies that the correct
order of the “signal” subspace is equal to 12. The added complex noise is white and
circular Gaussian distributed. The noise standard deviation o is varied to simulate
a number of SNRs.

In Figure 3.2 the real part of the spectrum of the simulated signal is displayed.
In Figure 3.3 the RRMSE results obtained from 400 simulation runs are compared
with the CRB for the amplitude estimates of peak 4 (But9) when considering the
exact model order K = 12. We omit the estimation results for the other peaks
because they are very similar.

x10*
T

1 4

0.8 4

04 Ac3 But9 TSP9 7

L L L L L L L L
0.2 0.15 0.1 0.05 0 -0.05 -0.1 -0.15 -02 -025 -03
KHz

Figure 3.2. Real part of the spectrum of the noisy 'H MRS signal containing the
Water Peak obtained for SNR=15.
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AMPLITUDE RRMSE(%) Peak4

1
0 5 10 15 20 25 30
SNR(dB)

Figure 3.3. CRB and RRMSE of amplitude estimates as a function of the SNR
for Peak4 (But9) obtained for K = 12.
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First of all, QR, PRO and IRL perform in the same way and, above all, they perform
in an accurate way. Moreover, we have to notice that the RRMSE results obtained
by HLSVD have not been plotted. The reason for this is that when we consider
SNR values greater or equal to 15, HLSVD sometimes fails in computing parameter
estimates, thereby yielding too large values of the amplitude RRMSE. For SNR
values lower than 15, HLSVD’s behavior is comparable to the behavior of the other
methods (see Table 3.2, K = 12).

The mean value on 50 runs of the execution times in seconds are also reported (see
Table 3.3) when computing the first twelve singular values with PRO and HLSVD.
PRO is faster and, moreover, more accurate than HLSVD.

In Table 3.2 RRMSE results for all methods have been displayed when considering
different model order values: K = 10, K = 11 and K = 12. The results clearly show
that HLSVD runs into problems if the model order is exactly estimated (K = 12);
the failures rarely occur when the model order is approximately estimated (K =
11) and disappear if it is underestimated (K = 10). Then, we can conclude that
HLSVD failure occurs when the model order is exact or overestimated. In case
of underestimation, which is usually the case in practice when water removal is
performed by using HLSVD, failures are unlikely to occur.

PRO HLSVD PRO HLSVD PRO HLSVD

SNR | (K=10) | (K=10) | (K=11) | (K=11) | (K=12) | (K =12)
0 17.132 17.140 17.154 17.168 17.151 17.164
) 9.4755 9.4761 9.4634 ok ok ok K 9.4329 9.4139
10 5.4277 5.4533 5.3442 5.3444 5.3819 5.4936
15 3.1248 3.1246 3.0180 3.0186 3.0188 ok ok ok ok
20 1.8425 1.8420 1.6958 1.6959 1.6959 % ok ok kK
25 1.1475 1.1467 0.95144 0.95147 0.95123 ok K ok ok
30 0.79215 0.79112 0.53493 0.60617 0.53365 ok ok ok ok

Table 3.2. RRMSE results of AMARES after preprocessing by PRO and HLSVD
methods for Peak4 (But9), obtained for the model order values K = 10, K = 11
and K = 12.

3.6.4 HLSVD accuracy aspects

We examined several simulation runs in which HLSVD fails and noticed that the
problem arises in step 3 of the HSVD method. More precisely, checking the singular
values computed by the algorithm, we can observe the presence of multiple copies
of the same singular value and, consequently, the same number of copies of the
corresponding left singular vectors in the matrix Ug. This implies that the LS
solution E in step 4 has determinant equal to 0, i.e. at least one of its eigenvalues is
equal to 0. In step 5 of HSVD, we extract frequency and damping factor estimates
from the eigenvalues of E, the so—called signal poles. More precisely, if the kth
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| SNR | PRO(K =12) | HLSVD(K = 12) |

0 0.3622 0.6096
) 0.3884 0.6744
10 0.4050 0.7522
15 0.3582 0.7730
20 0.3246 0.8082
25 0.2624 0.7100
30 0.2284 0.5428

Table 3.3. Mean value of the computational times for 50 runs obtained for K = 12

complex signal pole is indicated as zp, we have: fr = imag(log(zx))/2wAt and
dr, = —real(log(z))/At, where the expression log(z) can be evaluated only for
zr # 0. In order to overcome HLSVD failure, we tried to convert the code to
double precision. In fact, as already specified in Section 3.6.1, the HLSVD code
is partly implemented in single precision. Unfortunately, also after replacing the
single precision, the code sometimes works and sometimes fails. In our investigation
we noticed that the Kats — van der Vorst procedure, used to eliminate extra copies
of converged singular values is not accurate enough to circumvent the numerical
problems due to the loss of orthogonality among the Lanczos vectors. We can
conclude that HLSVD failure is due to its inability to detect only one copy of the
same singular value. As mentioned in Section 3.6.3, this problem only occurs at
large SNR values when the model order is exact or overestimated, which is rarely
the case in NMR practice.

3.7 Conclusions

In this chapter, several algorithms to compute the SVD of the Hankel matrix H,
occurring in the HSVD method, were introduced. The classical SVD method, based
on the QR decomposition, was first described. The Lanczos bidiagonalization algo-
rithm was then introduced in order to reduce the computation times needed by the
first method. More robust variants of the Lanczos method, such as PRO, IRL and
HLSVD, were then considered in order to avoid the problems occurring when work-
ing in finite precision arithmetic. The latter method, i.e. HLSVD, is very frequently
used in NMR, Spectroscopy for water suppression. In this chapter we proposed the
use of two alternative methods, PRO and IRL, to compute the truncated SVD of
a Hankel matrix, based on the Lanczos method with partial reorthogonalization or
complete reorthogonalization on a small subspace. Via extensive simulation stud-
ies, we compared their performance in terms of accuracy and efficiency with the
currently used HLSVD method. Our studies show that PRO and IRL outperform
HLSVD in terms of computational efficiency and numerical reliability.
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As shown in Chapter 2, several subspace—based parameter estimators have been de-
veloped for quantification of MRS signals. These methods are efficient and accu-
rate, but they suffer from a serious drawback: they allow only a limited inclusion
of prior knowledge which is important for accuracy and resolution. In this chapter,
the KNOB-SVD method is presented along with its improved variant KNOB-TLS.
KNOB-SVD is a recently proposed method, based on the SVD, which allows the
use of more prior knowledge about the signal parameters than previously published
subspace—based methods. We compare its performance in terms of robustness and
accuracy with the performance of three commonly used methods for signal parameter
estimation that have been described in Chapter 2: HTLS, a subspace—based method
which does not allow any inclusion of prior knowledge, except for the model or-
der; HTLSPK(Afdeq), a subspace-based method obtained by incorporating in HTLS
the prior information that the frequency differences between doublet components are
known and the damping factors are equal; and AMARES, an interactive mazximum
likelihood method that allows the inclusion of a wvariety of prior knowledge. FEz-
tensive simulation and in vivo studies, using ' P as well as proton MRS signals,
show that the new method outperforms HTLS and HTLSPK(Afd.q) in robustness
and accuracy, and that it provides parameter estimates comparable to the AMARES
estimates.

The chapter has the following structure: in Section 4.1 the KNOB-SVD/KNOB-
TLS algorithm is described. In Section 4.2 the simulation studies are reported and
the performances of KNOB-TLS, HTLS, HTLSPK(Afdeq) and AMARES are com-
pared in terms of robustness and accuracy. In Section 4.3 in vivo studies, using
3LP as well as 'H MRS signals, are described and the performances of KNOB-
TLS, KnoB-SVD, HTLSPK(Afd.q), HTLS and AMARES are compared in terms
of accuracy. Finally, in Section 4.4 we formulate the main conclusions.

4.1 KNOB-TLS algorithm for multiplet parameter estimation

In this section, we present a new subspace—based method, called Knowledge Based
Total Least Squares (KNOB-TLS), which is an improved variant of Knowledge
Based Singular Value Decomposition (KNOB-SVD). KNOB-SVD has recently been
proposed in [58] and allows to include significantly more prior knowledge in MRS
data quantification than the subspace—methods available in the MRS literature.
More precisely, we assume that the function used to model the measured data
points of an MRS signal is given by Eq.(2.2.1), i.e.

K
yn:Zakem’“‘z}j—i—en, n=0,...,N—1, (4.1.1)
k=1

where the number of components K is assumed to be known, zj, = e(~dx+i27fx)At
represent the signal poles, (ak, ¢, dk, fr) are the amplitude, phase, damping and
frequency of the kth component, At is the data sampling period and e, is the noise
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term.
Our goal is to estimate the parameters (ax, ¢, di, fr) from N given data samples y,,,
n=20,..., N—1. As prior knowledge, we assume that the amplitudes aj, phases ¢,

damping factors di and frequencies fi of the components within multiplets satisfy
the following relations

ar = cxa (a = unknown, ci = known real constants),
or = ¢ (¢ = unknown),

di, = d (d = unknown),

fe=f+ (& —-1DAf (f =unknown, Af = known),

(4.1.2)

where k denotes the peak number in the considered multiplet components (e.g.
doublet or triplet peaks) and Af represents the frequency difference between the
individual resonances within the considered multiplet.

In particular, the adenosine triphosphate complex, commonly called ATP, which
has one triplet peak and two doublet peaks, the parameters of which are in some
cases known to satisfy the above type of relations, will be considered as an example
for the simulation and in vivo studies.

In order to explain the algorithm, we consider MRS signals characterized by one or
more doublets and triplets. Without loss of generality, we focus on MRS signals with
contribution from ATP, consisting of K components with K > 7 | and containing
one triplet and two doublets. The dampings and frequencies of the triplet peak
satisfy the following relations:

dy = dy = d3 = dj,

fo=h+Af. fa= fi4 2 (413)
the dampings and frequencies of the doublet peaks satisty:
dy=ds =da1, [5=fa+Af, (4.1.4)
de =d7 =da2, fr=fs+Af.
Finally, the amplitudes and phases of the triplet and doublet peaks satisfy:
2a1 = a3 = 2a3 = a4 = a5 = ag = a7 = a, (4.1.5)

P11 =2 = ¢3 = P4 = ¢5 = P = P7 = ¢,

with d; (damping for the triplet peak), dg1 (damping for the first doublet peak),
dgo (damping for the second doublet peak), a and ¢ unknown and A f known. We
also assume, as prior knowledge, that the approximate frequency locations of the
ATP peaks are known.

4.1.1 The KNOB-SVD algorithm

The algorithm KNOB—-SVD has been described in [58] but is repeated here for clar-
ity of exposition. It consists of the following steps:
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e Step 1 : Damping and frequency estimation of all peaks

Let H denote the Hankel data matrix commonly used in SVD-based param-
eter estimation methods

Yo Yy o Ym-1
H-= : : : : , (4.1.6)

Yr—-1 YL - YnN-1

where L is a user parameter usually chosen less than but close to N/2 in
order to get the best possible parameter estimation accuracy ([11],[72],[59]).
We suggest the value L = 2N/5.

For a noiseless signal, i.e. e, = 0 in Eq.(4.1.1), the matrix H can be written
as

a,ed® 0 al (z1)
H-= [aL(zl)...aL(zK)] , (417)

0 ag el PK a}\F/I(zK)
where M = N —L+1and for P=L, M or N
p-1 1T
ap(z)=[1 z - =z 1. (4.1.8)

We apply a standard subspace-based method, like HSVD/HTLS, to the K
dominant left singular vectors of the data matrix H to compute the set of
signal poles

Z:{Zl,...,ZK} (419)

related to the K signal components. Since we know the approximate frequency
locations for the triplet and the two doublets, we can identify which ones of
the estimated signal poles correspond to the triplet peak and which ones to
the doublet peaks. Then, we can define the following subsets of Z as

Zy = Z — {the doublet peaks {zx}}, (4.1.10)

Z3 = Z — {the triplet peak {zx}}, (4.1.11)

where the set Z5 contains the zj estimates with frequencies not close to any
of the considered doublet peaks and Z3 contains the zp estimates with fre-
quencies not close to the triplet peak.
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e Step 2 : Removal of nuisance peaks prior to triplet peak estimation

Before estimating the triplet peak parameters, we have to eliminate the com-
ponents corresponding to other peaks from the data since they may disturb
the triplet peak estimation. Actually, this might be unnecessary for low noise
levels provided there are no other triplet peaks in the data satisfying (4.1.3).
However, for higher noise levels, large peaks in the data may disturb the triplet
peak estimation and, therefore, we first eliminate the non—triplet components
in Zs3 from the data matrix by using the technique described in [11]. Specif-
ically, we assume that Zs contains m elements, i.e. Z3 = {Z1, ..., Zm}, and
consider the QR decomposition of the following matrix
_ _ > A R

[am(z1) - au(za) |=[X Q] [ 0 ] (4.1.12)
where X, Q, and R have dimensions M xm, M x (M —1m), m x m respectively,
QHQ = Inr—m-
As QX = 0 by definition, we have

Qfap(2) =0 for z=1721,..., 2, (4.1.13)
which implies that
H2HQN = [ag(51) ... ar(Gx-m)]- (4.1.14)
16l 0 aj (21)(Q")"
0 re—mertnn | | Crem) (@)
where {%, ..., 2K,m}~: 7 — Z5. The matrix H no longer contains the

components in Zs, i.e. H only contains the components corresponding to the

triplet peak and, possibly, other peaks that are very close to the triplet peak.
e Step 3 : Damping and frequency estimation of the triplet peak

We compute the SVD of the matrix H
H=UxV", (4.1.15)
where ¥ = diag(61, -+, 0Kk—m), UHU = 1x_, and VEV =TIy,
We define the orthogonal projection matrix onto the nullspace of UH

II=I-UU". (4.1.16)

It is well known that the vectors {aL(ék)}kK:_lm span the range space of U
(see, e.g., [59]) and hence

o
> afl (z)ag, (%) = 0. (4.1.17)
k=1
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Since for the noise—free case {z1, 29,23} C {Z1,...,ZK—m}, where {21, 22, 23}
are the signal poles associated with the triplet peak, we have

3
> ajl (z)a(2;) = 0. (4.1.18)
k=1
Let
I = II + DIID” + D2II(D")?, (4.1.19)

where D is defined as follows

D = diag ( 1,e 72mAFAL .. emi(L-1)2rAfAL ) (4.1.20)

As
ar(22) = D"ap(21), ap(z3) = (D)aL(z1),

it follows from (4.1.18) that

ar(z1) € nullspace(I"), (4.1.21)

and it can be shown that

dim[nullspace(T")] = 1. (4.1.22)

Let w denote the L x 1 vector that spans the null space of I. In view of
(4.1.21) and (4.1.22), we have that

ar(z1) = pw, (4.1.23)
for some scalar p # 0. We define the following sub—vectors of ay,(2)
a)(z) = [Ir-1 Olar(z), (4.1.24)
al(z) =[0 I;_i]ar(2), (4.1.25)
and similarly for w. As al(z) = za|(2), we derive from (4.1.23) that
pw! = z1pw| = w! = 21w, (4.1.26)

and hence z; can be obtained as

WfIWT
Z1 =

. 4.1.27
e (4.1.27)
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For noisy data, we compute the matrix U made from the maz{K —m,3} left
singular vectors of H associated with the largest singular values. The vector
w is the eigenvector of the matrix I' associated with the smallest eigenvalue.
We use the estimate z; along with Eq.(4.1.3) to estimate zo = 21 eI2mAFAL and
25 = 21€j4ﬂ-AfAt.

Note that the above value z; was computed as the LS solution of Eq.(4.1.26).
It is possible to solve Eq.(4.1.26) in the TLS sense [73], which results in more
accurate final parameter estimates. For clarity of exposition, we show here

how to compute z; as the TLS solution of Eq.(4.1.26)

— arrange the vectors w! and w, in matrix form
[wiw']
— compute the SVD of the matrix [w, w']
(wi, wl] = UwZw VL,
where V, has dimension 2 x 2

— TLS solution:

Vw(2,2)’

zZ1 = —

where we used the Matlab notation to denote the V, matrix elements.

Using TLS instead of LS, as above, we obtain a variant of the KNOB-SVD
method, called KNOB-TLS, which will be used in Section 4.2 and Section 4.3
for the simulation and in vivo studies.

e Step 4 : Removal of nuisance peaks prior to doublet peak estimation

Before estimating the doublet peaks, we need to eliminate the triplet peak
from the data since, in the theoretical development of the step dealing with
the doublet peaks, we assume that there is no other doublet peak in the signal
spectrum with the same damping and frequency separation. This assumption
would be violated if the triplet peak was not eliminated. Also, for the noisy
case, non—doublet peaks might disturb the estimation of the doublet peaks
and, therefore, we want to eliminate those peaks as well. To eliminate the
nuisance components from the data matrix H prior to the doublet peak es-
timation, we use the same technique as for Step 2, but we replace Z3 by Z5
and we let H denote the output matrix.

e Step 5 : Damping and frequency estimation of the doublet peaks
We consider the SVD of the matrix H provided by the previous step

H=UxV, (4.1.28)
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where 3 = diag(51, -, 0Kk —m), UHU = Ix_,, and VAV = Ix_s, and m
represents the number of elements in A5. Let

II=1-UUu" (4.1.29)

A procedure similar to (4.1.18) — (4.1.21) shows that for the noise free case

ar(z1),ar(z) € nullspace(I), (4.1.30)
where
I = II + DIID?, (4.1.31)
with
dim[nullspace(T')] = 2. (4.1.32)

Let {w,ws} denote the L x 1 vectors that span the null space of I'. In view
of [4.1.30], we have that

[ aL(z4) aL(zg) } :WP, (4133)

where P is a 2 x 2 nonsingular matrix and

W=[w ws]. (4.1.34)
We define:

W, =[I;_; O]W, (4.1.35)

W' =[0I, 4]W. (4.1.36)

Then, it follows from (4.1.33) that

W'P=W,P {zg ZO] =W =Wy, (4.1.37)
6
where
g-p| = 0 |p (4.1.38)
=P : 1.

We can obtain ¥ from (4.1.37) as follows

T =(WIW) 'W{wl, (4.1.39)

and, then, obtain z4 and zg as the eigenvalues of W.
As in Step 3, we can solve Eq.(4.1.37) in the TLS sense



Section 4.1. KNOB-TLS algorithm for multiplet parameter estimation 59

— arrange the matrices WT and W | in a new matrix, i.e.
(W, W]
— compute the SVD of the matrix [W |, W]
(W, W] = UwEw Vi,

where Vw has dimension 4 x 4

— TLS solution:
U=-Vw(1:2,3:4)(Vw(3:4,3:4))7",
where we used the Matlab notation to denote the Vw matrix blocks.

For noisy data we compute the matrix U made from the maz{K — m, 4} left
singular vectors of H associated with the largest singular values. The vectors
{w1, w3} are the eigenvectors of the matrix I' associated with the smallest

eigenvalues. We use the estimates of z4 and z along with (4.1.4) to estimate
25 = 240I2TASAL and z; = zgel2TASAL,

e Step 6 : Removal of the estimated multiplet peaks

As already specified, the signal we are considering may contain other peaks
besides the seven ATP peaks (the triplet and two doublets) we have already
estimated. In order to improve the estimation of the remaining K — 7 peaks,
we eliminate the 7 estimated peaks from the original data matrix H and re—
estimate the parameters of the remaining peaks.

Once again we apply the same technique used in Step 2 by replacing Zs with

anown = {Zla ey Z7} (4140)

and denoting the output data matrix as Hy _7.

e Step 7 : Damping and frequency estimation of the remaining K — 7 peaks
Similarly to Step 1, we apply a standard HSVD/HTLS method to the K —7
dominant left singular vectors of the data matrix Hyx_7 to re—estimate {zs,

cey ZK}.

e Step 8 : Amplitude estimation

Once the signal poles zi, kK = 1,..., K, have been estimated, we can compute
the amplitude estimates. Let

T

Yy = [ Yo - YN-1 } (4141)
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denote the data vector.
By using the amplitude and phase constraints (4.1.5) into the model equation
Eq.(4.1.1), we obtain (in the noise—free case)

alej¢1
Yy = [aN(zl)...aN(zK)] :
aKej‘z)K
= [{%aN(zl) + aN(Zg) =+ %aN(23) + aN(Z4)+
ael? (4.1.42)
a8€j¢8
o +aN(Z7)},aN(Zg), ce 7aN(zK)]
£ AG.
From the least—squares estimate of ® above
©=(ATA) 1Ay, (4.1.43)

we directly obtain the estimates for the amplitudes {a; }&_, and phases {¢} }_, .

4.1.2 OQutline of the KNOB-TLS algorithm
Here we summarize the computations required by KNOB-TLS.

Outline of the KNOB — TLS algorithm
e Step 1: Damping and frequency estimation of all peaks

— Compute Z defined in (4.1.9) using a standard HTLS method.

— Extract Z; and Z3 from the signal pole estimates in Z.
e Step 2 : Removal of nuisance peaks prior to triplet peak estimation

— Use the estimates {z1, ..., Zm} = Z3, obtained in Step 1, to compute
the QR decomposition in (4.1.12) and hence obtain Q.
— Compute the L x (M — m) matrix H, as in (4.1.14), from which the
components outside the triplet region have been eliminated.
e Step 3 : Damping and frequency estimation of the triplet peak
— Compute the matrix U consisting of the max{K — m, 3} left singular
vectors of H associated with the largest singular values.

— Compute I defined in (4.1.19) and its eigenvector w associated with the
smallest eigenvalue.
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— Solve Eq.(4.1.26) in a TLS sense to obtain z;. Use the estimate of z;
along with (4.1.3) to estimate zy = 2;€/2™2fA and z3 = z,e4TAFAL

e Step 4 : Removal of nuisance peaks prior to doublet peak estimation

— Use the estimates {Z1, ..., Zn} = Zo, obtained in Step 1, to compute a
QR decomposition similar to (4.1.12) and hence obtain Q.

— Compute the L x (M — ) matrix H from which the components outside
the doublet regions have been eliminated.

e Step 5 : Damping and frequency estimation of the doublet peaks

— Compute the matrix U consisting of the max{K — rn,4} left singular
vectors of H associated with the largest singular values.

— Compute ' defined in (4.1.31) and its eigenvectors wi, wo associated
with the two smallest eigenvalues.

— Solve Eq.(4.1.37) in a TLS sense to obtain the 2 x 2 matrix ¥ and take
its two eigenvalues as estimates of z4 and zg. Use the estimates of z4 and
2z along with (4.1.4) to estimate z5 = 24e72™2FA% and 27 = 25e/27ATAL,

e Step 6 : Removal of the estimated multiplet peaks

— Use the estimates of {zj}]_;, obtained in Step 3 and 5, to compute a
QR decomposition as in (4.1.12) and, hence, to compute the L x (M —7)
matrix Hg_7 from which the ATP peak components have been elimi-
nated.

e Step 7 : Damping and frequency estimation of the remaining K — 7 peaks

— Similarly to Step 1, apply a standard HTLS method to the K — 7
dominant left singular vectors of the data matrix Hx_7 to re—estimate

{2} s
e Step 8 : Amplitude estimation

— Use the amplitude and phase constraints (4.1.5) into the model equation
to obtain the system of linear equations A® =y, as defined in (4.1.42),
where y represents the data vector.

— Compute the least—squares solution of the system A® = y in order to
obtain the amplitude and phase estimates.

Remark : This algorithm can be easily adapted for quantification of other signals
with multiplet structure by combining, modifying and deleting the above steps in
an appropriate way. For example, quantification of a proton MRS signal exhibiting



62 Subspace-based MRS data quantification of multiplets using prior knowledge  Chapter 4

a lactate doublet involves the execution of Steps 1, 4 (restricted to one doublet), 5,
6 and 7 with proper specification of the amplitude and phase constraints.

4.2 Quantification of a simulated MRS signal

We consider the simulated signal introduced in Section 3.6.1. It is derived from an
in vivo 3'P spectrum measured in the human brain and consists of 256 complex
data points and 11 exponentials, as defined in [69]. In Table 5.1 the parameters
of the noiseless simulated signal are displayed and Figure 3.1 shows the real part
of the Discrete Fourier Transform (DFT) of the simulated signal when it is per-
turbed by additive complex white noise with a circular Gaussian distribution with
standard deviation o = 15. The first seven peaks (denoted by f-ATP, a—ATP and

| peak k | fi(Hz) | fe(ppm) | di(Hz) | ax(a.) | ¢x(°) |

1 -86 -17.2 50 75 135
2 -70 -16.6 50 150 135
3 -54 -16.0 50 75 135
4 152 -8.0 50 150 135
) 168 -7.4 50 150 135
6 292 -2.6 50 150 135
7 308 -2.0 50 150 135
8 360 0.0 25 150 135
9 440 3.1 285.7 1400 135
10 490 5.0 25 60 135
11 530 6.6 200 500 135

Table 4.1. True parameter values of the simulated 3'P MRS signal.

~—ATP, respectively, in Figure 3.1) represent the ATP complex. We note that the
ATP complex contains one triplet peak, 5—ATP, and two doublet peaks, a—ATP
and v-ATP, which clearly satisfy the aforementioned properties (4.1.3), (4.1.4) and
(4.1.5). The B-ATP peak was approximated as a triplet in our in vivo examples.
For highly-resolved signals of tissues with known differences in the ATP phospho-
rus @ — 8 and v — 8 coupling constants, the S—ATP peak should be treated as a
doublet of a doublet with the appropriate prior knowledge concerning the coupling
constants, insofar available. The sampling frequency is f; = 3kHz and the frequency
separation of the ATP peaks is Af = 16Hz . In this section we compare the per-
formances of the subspace-based methods KNOB-TLS, HTLS, HTLSPK(Afd,,)
and the optimization-based method AMARES when considering the full 3'P sig-
nal, whose first seven peaks, i.e. the ATP complex, satisfy the prior knowledge
specified by the relations (4.1.3), (4.1.4) and (4.1.5). Before describing the simu-
lation studies, we would like to remind the reader that the method AMARES is
initialized by using the “peak picking” technique, as already pointed out in Section
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2.4. Moreover, it is important to note that the method HTLSPK(Afd,) can only
exploit the type of prior knowledge considered in (4.1.2) for the doublet peaks, but
not for triplet peaks. However, the method can be applied to the given signal by
modelling the ATP triplet peak as two doublet peaks sharing the center peak. In
the following, the method HTLSPK(Afd.,) will be denoted by HTLSPK to simplify
the notation.

We consider Eq.(4.1.1) with ay, ¢, di and fi, k= 1,...,11, as given in Table 4.1,
and perturb the signal by adding white Gaussian noise with standard deviation o
on the real and the imaginary components separately. Our goal is to recover the
parameters ak, ¢, di and fx, k = 1,...,11, characterizing the signal {yn}n o, and
compare the performances of KNOB- TLS HTLS HTLSPK and AMARES in terms
of robustness and statistical accuracy. The robustness of each method is evaluated
by computing its success rate, i.e. the number of times, out of the total number of
simulation runs, the method is able to resolve the 11 peaks within specific intervals
lying symmetrically around the true frequencies of the peaks. The halfwidths of
these intervals are set to 8Hz, i.e. half the separation of the closest peaks in the
data. Concerning the statistical accuracy, this is measured as the mean Relative
Root Mean Squared Error (mean RRMSE):

100 &~ | 1< (b
mean RRMSE = 72 Z I B (%) (4.2.44)

k=1 ]:1

for the amplitude and damping estimates, and as the mean Root Mean Squared
Error (mean RMSE):

J
1
mean RMSE = — E — E 4.2.45
k / szl pk;] ( )

for the frequency and phase estimates, where K is the total number of peaks (K =
11), J is the number of simulation runs in which the method was able to find
every peak within the corresponding frequency interval, py. ; denotes the parameter
estimate of the kth peak obtained in simulation run j, and pi denotes the true
parameter value of the kth peak. We only take into account the results related
to those cases for which we have a success rate of at least 5% (i.e. J > 50 when
performing 1000 simulation runs), in order to prevent showing mean RRMSE and
mean RMSE values which are based on too few estimates. In Figure 4.1 the success
rate and the amplitude mean RRMSE values for the ATP complex for different
noise levels are displayed.

We can observe that the method KNOB-TLS is much more robust than the other
two subspace—based methods HTLS and HTLSPK, and it also provides amplitude
estimates whose quality is much better than that of the HTLS estimates. Note that
HTLSPK seems better than KNOB-TLS in accuracy, but this is due to the fact
that only the successful runs (much fewer for HTLSPK) have been considered in the
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Figure 4.1. Left: success rate as a function of the noise standard deviation o for
the 3'P signal. Right: mean RRMSE of amplitude estimates as a function of the
noise standard deviation o for the ATP complex.

plot. Moreover, we can also observe that KNOB-TLS is not able to outperform the
optimization—based method AMARES, whose success rate is the highest and whose
mean RRMSEs more closely approach the CRBs. In Figures 4.2 and 4.3 the mean
RMSE values for the frequency estimates, the mean RRMSE values for damping
factor estimates and the mean RMSE values for phase estimates are shown.

a5 70r
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Figure 4.2. Left: mean RMSE of frequency estimates as a function of the noise
standard deviation o for the ATP complex. Right: mean RRMSE of damping factor
estimates as a function of the noise standard deviation o for the ATP complex.

From Figure 4.2 (left) we can notice that the frequency estimates are character-
ized by low mean RMSE values for all considered methods and that, in particular,
KNOB-TLS is more accurate than HTLSPK and HTLS. Similar results can be ob-
served for phases in Figure 4.3, where we can also notice that the performance of
the HTLS method gets even worse. Finally, in Figure 4.2 (right) we can see that
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Figure 4.3. Mean RMSE of phase estimates as a function of the noise standard
deviation o for the ATP complex.

KNOB-TLS and HTLSPK damping factor estimates are characterized by large
variances (high mean RRMSEs) compared to AMARES, which points out a loss of
accuracy for both methods when estimating the damping factors.

Concerning the computational efficiency, the average number of flops over 1000 sim-
ulation runs for the considered subspace—based methods was computed for different
lengths of the signal, as given by the number of data points N. The noise standard
deviation was set to 0 = 15. The method AMARES has not been taken into account
in the present comparison since the available code is written in Fortran, which does
not allow the count of the number of flops. In Table 4.2 the ratio between the av-
erage number of flops of the two methods KNOB-TLS, HTLSPK and the average
number of flops of HTLS is reported.

N HTLS | HTLS |
256| 9.3651 6.6832
1024 9.7731 6.8342
2048 9.7852 | 6.8491

Table 4.2. Ratio between the average number of flops over 1000 simulation runs
for different lengths of the signal.

We observe that KNOB-TLS is about 1.5 times computationally more intensive
than HTLSPK and that for all methods the ratio slightly increases with the length
of the signal N. The efficiency of KNOB-TLS can be improved by using the Lanc-
zos algorithm with partial reorthogonalization or the implicitly restarted Lanczos
algorithm, introduced in Chapter 3 [35], in order to compute the truncated SVDs,
which represent the computationally most intensive part of the algorithm.
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We would like to conclude this section by describing the performance improvements
which one can expect by using the TLS-based variant KNOB-TLS of the orig-
inally proposed method KNOB-SVD. We remind the reader that the difference
between the two versions consists of computing the TLS solutions of Eq.(4.1.26)
and Eq.(4.1.37) instead of the LS solutions. In Figure 4.4 the amplitude (left) and
damping (right) mean RRMSE values for the proposed method are reported when
considering the two different variants: KNOB-SVD and KNOB-TLS. We can ob-
serve that the TLS variant provides amplitude and damping factor estimates whose
quality is slightly better than that of the LS variant.

—— KNOB-SVD —— KNOB-SVD
— KNOB-TLS — KNOB-TLS

— cRB —+ CRB

N
3

al

ig
2
3

Amplitude mean RRMSE(%) for the ATP signal
Damping mean RRMSE(%) for the ATP si

Figure 4.4. Mean RRMSE of amplitude estimates (left) and damping estimates
(right) as computed by KNOB-SVD and its TLS variant KNOB-TLS, as a function
of the noise standard deviation o for the ATP complex.

4.3 Quantification of In vivo MRS signals

4.3.1 In vivo >'P signals

As a first example of quantification of in vivo MRS signals, we consider 21 3'P
signals, which are free-induction decay signals acquired after a single pulse (64
averages), obtained from the resting calf muscle of healthy humans and recorded at
81.1MHz (4.7T Bruker Biospec) using a 5cm diameter surface coil positioned against
the calf muscle. Each signal consists of 2048 complex data points in the time domain
and is assumed to be modeled by Eq.(4.1.1) with model order K = 9. The sampling
time is 0.25ms and only 512 data samples are considered (the remaining ones contain
only noise), starting from the 5th point of the signal (the first 4 data samples are
excluded in order to eliminate the hump characterizing the original spectra). The
same data samples are used in the KNOB-TLS, KNOB-SVD, HTLSPK, HTLS
and AMARES estimation algorithms for the quantification of the given signals.
The method AMARES is initialized by using the “peak picking” technique applied
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to one of the available signals. The prior knowledge about amplitudes and phases we
assume in this section slightly differs from (4.1.5) since the signals also contain the
adenosine diphosphate complex, commonly called ADP, which distorts the original
ATP signal. More precisely, we consider as prior knowledge for the 5—ATP triplet
peak:

2a1 = a2 = 2a3, ¢1 = P2 = @3, (4.3.46)
for the first a—ATP doublet peak:
as =as, ¢4= s, (4.3.47)
and for the second v—ATP doublet peak:
ag =az, ¢ = 1. (4.3.48)

Regarding the prior knowledge in (4.1.3) and (4.1.4), here Af is equal to 16Hz.
The approximate frequency locations for all ATP peaks are known as well: —ATP
(-1129Hz, -16.2ppm; -1113Hz, -16.0ppm; -1097Hz, -15.8ppm), a—ATP(-426Hz, -
7.6ppm; -410Hz, -7.4ppm) and v—ATP(-20Hz, -2.6ppm; -4Hz, -2.4ppm). In order
to compare the performance of various methods in terms of accuracy, we need the
true parameter values which, unfortunately, are not known in practical applications.
However, we can consider as accurate estimates of the true parameters those deter-
mined by AMARES. Our studies show that the parameter estimates provided by
the method KNOB-TLS are the closest to the AMARES estimates. More precisely,
the methods KNOB-TLS and KNOB-SVD are always able to resolve correctly the
first 8 peaks (0—ATP, a—ATP, v—ATP and PCr), but not always the 9th one (Pi),
the reason being that the Pi peak was almost inexistent in some of the spectra,
while prominent in others, reflecting the biological variation of the concentration
of muscle Pi in individuals. The methods HTLSPK and HTLS are not able to
provide acceptable estimates, i.e., their frequency estimates do not fall within the
frequency intervals lying symmetrically around the AMARES estimates and with
halfwidths equal to 8Hz. The method HTLSPK is sometimes able to resolve the
a—ATP and v—ATP doublets and the PCr peak, but never the f—ATP triplet and
the Pi peak; HTLS never resolves the triplet and doublets. Figure 4.5 shows results
of quantifying one of the available 3'P MRS signals by AMARES and KNOB-TLS.
In Tables 4.3 and 4.4 the mean Relative Root Mean Square Difference values (mean
RRMSD) for the amplitude and the damping parameter estimates, and the mean
Root Mean Square Difference (mean RMSD) values for the frequency and phase
parameter estimates are reported. They are obtained for the ATP triplet and dou-
blets by processing the available 21 signals. The formulas used to compute the
mean RRMSDs and the mean RMSDs are respectively:

100 8 | 1<
mean RRMSD = 72 Z pk’jp Pij)” (%) (4.3.49)
k=1 3:1 k,j
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Figure 4.5. Bottom: real part of the original 3' P signal spectrum; middle: real part
of the spectra of the individual peaks estimated by AMARES (left) and KNOB-
TLS (right); top: real part of the residual signal spectrum after estimation with
AMARES (left) and KNOB-TLS (right).

and

J
mean RMSD = — Z Z Pr.j — Pk,j)%, (4.3.50)

where K is the number of peaks, J is the total number of processed in vivo sig-
nals (J = 21), pr,; denotes the parameter estimate of the kth peak obtained when
processing the jth signal by one of the blackbox methods, and py,; denotes the
AMARES parameter estimate of the kth peak for the jth signal. The tables also
report the minimum (m) and maximum (M) relative difference values (for the am-
plitude and the damping estimates) and the minimum (m) and maximum (M)
difference values (for the frequency and phase estimates) for each method. It is ob-
served that KNOB-TLS is more accurate than KNOB-SVD, HTLSPK and HTLS:
its mean RRMSD and mean RMSD values are generally the smallest.

4.3.2 In vivo 'H signals

As a second example of quantification of in vivo MRS signals, we consider a long
echo-time proton signal from a 7.5cm?® volume in the white matter of the brain of
a 3.5 years old child with leukodystrophy, acquired at 63.6MHz on a 1.5T Siemens
Sonata scanner using the STEAM sequence (TR/TE/TM=2000/135/30ms) and
CHESS water suppression. The data consist of 1024 complex points in the time
domain and the sampling time is 1ms. Only 512 data points are considered in the
analysis (the remaining ones contain only noise) starting from the second one (the
first one is excluded to eliminate the hump characterizing the original spectrum).
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| peak | Method |fx mean RMSD [m,M][d); mean RRMSD [m,M] (%)]
G-ATP| KNOB-TLS 0.64 [0.03,1.45] 33.91 [20.49, 50.73]

KNOB-SVD 0.88 [0.07,2.29] 35.95 [21.88, 53.56]
HTLSPK 323.66 [5.65,393.28] 23.94 [8.23, 34.11]

HTLS 529.61 [0.077 1085.31] 60.46 [3.14, 111.98]
a-ATP|KNOB-TLS 0.75 [0.02, 1.55] 15.58 [8.10, 27.13]
KNOB-SVD 0.74 [0.06,1.53] 16.39 [8.81,29.48]
HTLSPK 346.85 [6.81,424.20] 12.73 [2.24, 30.36]

HTLS | 307.15[6.52,612.93] 36.59 [0.13, 101.09]

~-ATP| KNOB-TLS 2.48 [0.12, 6.05} 51.38 [5.01, 91.78]

KNOB-SVD 2.30 [0.13, 5.38] 59.41 [11.19, 102.54]

HTLSPK | 908.64 [2.80, 1710.04] 449.61 [15.60, 1892.90}
HTLS 278.85 [179.38,590.50] 55.42 [2.01, 103.32]

Table 4.3. Mean RMSD values and minimum and maximum difference values of
the frequency and phase estimates for in vivo 3'P MRS signals measured from the
calf muscle of healthy humans.

| peak | Method [ay mean RRMSD [m,M] (%)]¢x mean RMSD [m,M]]
G-ATP| KNOB-TLS 16.52 [9.13,23.07] 1.23 [0.09, 2.67]
KNOB-SVD 17.61 [10.32, 24.56] 1.36 [0.07,2.83]
HTLSPK 72.81 [8.57,99.26)] 126.69 [8.88, 169.75]
HTLS 213.51 [87.62, 460.38] 66.08 [0.02, 207.52]
a-ATP|KNOB-TLS 8.68 [2.33, 13.49] 5.34 [0.02, 4.60]
KNOB-SVD 9.11 [3.02, 14.40] 2.45[0.03,4.70]
HTLSPK 19.47 0.33, 50.09)] 15.87 [0.38,39.90]
HTLS 185.51 [10.24, 555.47] 39.72 [0.11, 210.73]
~+-ATP|KNOB-TLS 97.98 [3.52, 54.47] 5.93 [0.19, 12.60]
KNOB-SVD 31.60 [5.58, 56.60] 5.65 [0.10, 13.27]
HTLSPK 118.74 [23.20,413.71] 97.32 [5.20, 231.77]
HTLS 344.52 [6.42,799.84] 41.12]0.11, 163.09]

Table 4.4. Mean RRMSD values and minimum and maximum relative difference
values of the amplitude and damping estimates for in vivo 3'P MRS signals mea-
sured from the calf muscle of healthy humans.

The signal is characterized by the presence of the following compounds: inverted
Lactate doublet (Lac), N—Acetyl Aspartate (NAA), Creatine (Cr), Choline (Cho)
and the water resonance whose magnitude, as is well-known, is much larger than
the magnitude of the metabolites of interest. The available prior knowledge is re-
lated to the Lactate doublet with Af known and equal to THz. The approximate
frequency locations for all peaks of interest are known as well: Lac (-215Hz, 1.3ppm;
-208Hz, 1.4ppm), NAA (-169Hz, 2.1ppm), Cr (-104Hz, 3.1ppm) and Cho (-92Hz,
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3.3ppm). The choice of the model order K, which characterizes Eq.(4.1.1), rep-
resents an important step since we have to take into account the contribution of
the residual water signal: a too small value of K could result in information loss,
while a too large value could incorporate too much noise and generate spurious
spectral features. Several criteria, which estimate the model order when unknown,
are available in the literature. We chose to apply the minimum description length
(MDL) criterion ([50],[53]), which estimates the best model order by minimizing
a discrete function of the singular values of the Hankel matrix (4.1.6). We ob-
tained the value K = 7, which means that the residual water resonance is modeled
by two exponentially damped complex sinusoids. In Table 4.5 the parameter esti-
mates obtained when processing the signal by AMARES (after water removal by
HSVD) and the four blackbox methods are displayed. Notice that the methods

| peak | Method | fr(Hz) de(Hz) |  ax(an) o1 (%)
1 AMARES | —215.22£0.08| 4.97 £0.52| 13.90£0.96| 55.07 £ 0.07
Lac |KNOB-TLS| —214.97 + 0.08| 4.87 £0.52| 13.62+0.96| 65.77 +0.07
(-215Hz)KNOB-SVD| —214.97 £ 0.08| 5.07 +0.53| 13.86 £0.96| 65.57 +0.07
HTLSPK | —215.024+0.10| 6.32 £ 0.63| 15.31 +1.03| 63.29 &+ 0.07
HTLS —215.04 £ 0.08| 2.94 +£0.52| 8.71+1.03 57.71 £ 0.06
2 AMARES | —208.22 £0.08| 4.97 +0.52| 13.90 £ 0.96| 55.07 +0.07
Lac |KNOB-TLS| —207.97 + 0.08| 4.87 £0.52| 13.62+0.96| 65.77 +0.07
(-208Hz)KNOB-SVD| —207.97 £ 0.08| 5.07 +0.53| 13.86 +0.96| 65.57 +0.07
HTLSPK | —208.02+ 0.10| 6.32 +0.63| 15.31 +1.03| 63.29 £ 0.07
HTLS —208.07 £ 0.08]| 6.38 = 0.52| 18.53 £ 1.03| 73.59£0.06
3 AMARES | —168.09 £0.16| 7.80 +1.01| 19.40 +1.80| —124.93 + 0.09
NAA |[KNOB-TLS| —168.36 + 0.16| 7.754+1.01| 19.12 4+ 1.79| —137.65 £ 0.09
KNOB-SVD| —168.36 £0.17| 7.95+ 1.04| 19.37+ 1.81| —137.43+0.09
HTLSPK | —168.34+0.16| 7.66 +1.01| 18.92 +1.78| —136.63 £ 0.09
HTLS —168.34+ 0.16| 7.58 £ 0.99| 18.84 +1.77| —137.37+ 0.09
4 AMARES | —103.62£0.19| 8.91 £ 1.19| 21.02 £2.15| —124.93 +0.10
Cr |KNOB-TLS| —103.13 £ 0.18| 8.65+ 1.15| 20.93 £2.13| —108.78 £ 0.10
KNOB-SVD| —103.12+0.19| 8.94 +1.19| 21.32 +2.18| —108.66 £ 0.10
HTLSPK | —103.13 +0.18| 8.58 £ 1.15| 20.75 + 2.12| —108.57 = 0.10
HTLS —103.13 £ 0.18] 8.50 +1.14| 20.71 +2.11| —108.83 £+ 0.10
) AMARES | —92.004+0.10 | 9.35 4+ 0.61| 44.09 2.20| —124.93 + 0.05
Cho |KNOB-TLS| —92.02+0.10 | 9.52 +0.61| 45.79 +2.24| —126.79 4+ 0.05
KNOB-SVD| —92.03+0.10 | 9.58 £ 0.61| 45.96 +2.26| —127.05 £ 0.05
HTLSPK | —92.02+0.10 | 9.49 +0.61| 45.67 + 2.24| —126.59 + 0.05
HTLS —92.01 +£0.10 | 9.48 £ 0.60| 45.69 £+ 2.23| —126.62 4+ 0.05

Table 4.5. Parameter estimates and their CRBs for an in vivo proton MRS signal
measured from the human brain.

KNOB-TLS, KNOB-SVD and HTLSPK provide estimates that are very close to
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the AMARES estimates. However, KNOB-TLS and KNOB-SVD are more accu-
rate than HTLSPK. In the present case, also HTLS seems to provide acceptable
parameter estimates, but it is important to note that the imposed prior knowledge
concerning the Lactate doublet is not satisfied, especially for the damping factor,
amplitude and phase estimates. Fig. 4.6 shows the results of the quantification of
the proton MRS signal for AMARES and KNOB-TLS. Similar results are obtained
when quantifying other in vivo proton MRS signals.

signal processed by AMARES signal processed by KNOB-TLS
T T T T T T

-
I

L L L L L L L L
3 2 1 0 6 5 4 3 2 1
ppm ppm

=)
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IS

Figure 4.6. Bottom: real part of the original proton signal spectrum; middle:
real part of the spectra of the individual peaks estimated by AMARES (left) and
KNOB-TLS (right); top: real part of the residual signal spectrum after estimation
with AMARES (left) and KNOB-TLS (right).

4.4 Conclusions

In this chapter a subspace—based parameter estimation method, called KNOB-SVD,
and its improved TLS variant KNOB-TLS have been described. They are able to
exploit biochemical prior knowledge, which is often available when considering MRS
signals and whose use is important for accuracy and resolution. The performance
of the proposed methods has been compared, in terms of robustness and accuracy,
to that of three well known estimation methods: the interactive method AMARES
and the two subspace-based methods HTLS and HTLSPK(Afd,,). Our extensive
simulation and in vivo studies show that, in general, the inclusion of prior knowledge
in estimation algorithms improves both robustness and accuracy of the parameter
estimates. Indeed, the methods KNOB-TLS, KNOB-SVD, HTLSPK(Afd.,) and
AMARES outperform the method HTLS which does not allow the inclusion of any
prior knowledge. Moreover, KNOB-TLS is more accurate than KNOB-SVD, and is
able to outperform the method HTLSPK(Afd,,), especially in terms of robustness,
and to provide parameter estimates which are comparable to the AMARES ones.
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However, it is not able to outperform the interactive method AMARES, which is
the most robust and accurate method.

Since AMARES is an optimization—based method that requires good initial param-
eter estimates to converge properly, the proposed method KNOB-SVD/TLS can
be used to provide good starting values to the interactive AMARES method, hence
decreasing the need for human interaction.
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In this chapter, a fast and reliable tissue segmentation technique, based on a statisti-
cal method called Canonical Correlation Analysis (CCA), is proposed. This method
is the multivariate variant of the ordinary correlation analysis and has already been
successfully applied to functional Magnetic Resonance Imaging data in order to map
sensor, motor and cognitive functions to specific areas in the brain [22]. Here CCA
is adapted for MRSI data processing in order to detect possible homogeneous tis-
sue regions, such as tumor regions, characterizing the considered sample. Extensive
studies, performed on simulated as well as in vivo prostate MRSI data, were car-
ried out in order to explore the properties of the proposed method. Moreover, the
performance of CCA and ordinary correlation analysis were compared. The afore-
mentioned studies are reported here and show that CCA significantly outperforms
ordinary correlation analysis in terms of accuracy and robustness.

The chapter is organized as follows. Section 5.1 introduces the reader to the area
of tissue segmentation techniques. In Section 5.2 the basic definition of CCA is
introduced and three possible implementations are outlined. In Section 5.3 the ap-
plication of CCA to MRSI data is described . In Section 5.4 the set up for the
simulation studies is defined and the results are reported and discussed. In Section
5.5 the acquisition environment of the in vivo studies is defined and the results are
described. Finally, in Section 5.6 the main conclusions are formulated.

5.1 Tissue segmentation of MRSI data

As already shown in the previous chapters, MRSI is a powerful non-invasive diag-
nostic tool since it provides significant biochemical information on the molecules
of the organism under investigation. MRSI data can also be exploited in tissue
segmentation techniques, which play a crucial role in many biomedical applications
such as the quantification of tissue volumes, localization of possible pathologies,
improvement of pre-surgical diagnosis and optimization of the surgical approach,
therapy planning, etc. A variety of methods are available in the literature. They
are often used in combination in order to solve different segmentation problems.

They can be divided into several categories: thresholding techniques [51]; region
growing techniques [39]; clustering techniques [14]; Markov random field models
[30]; classifiers [4]; artificial neural networks [49]; etc. In this thesis, a fast and reli-
able tissue segmentation technique, based on a statistical method called Canonical
Correlation Analysis (CCA), is proposed. This method is the multivariate variant
of the ordinary correlation analysis and has already been successfully applied to
functional Magnetic Resonance Imaging data in order to map sensor, motor and
cognitive functions to specific areas in the brain [22]. Here CCA is adapted for
MRSI data processing in order to detect possible homogeneous tissue regions, such
as tumor regions, characterizing the considered sample. The goal is achieved by
combining the spectral-spatial information provided by the MRSI data set and a
signal subspace that models the spectrum of a characteristic tissue type, which may
be present in the organ under investigation and, therefore, needs to be detected.
More precisely, CCA quantifies the relationship between two sets of variables, mag-
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nitude spectra of the measured data and signal subspace, by means of correlation
coeflicients. These coefficients are then exploited in order to construct nosologic im-
ages [62] in which all the detected tissues are visualized. Such images can be easily
interpreted by radiologists and physicians and, along with clinical and radiological
information, can improve the accuracy of the diagnosis.

5.2 Canonical Correlation Analysis

CCA is a statistical technique developed by Hotelling in 1936 in order to assess the
relationship between two sets of variables [31]. It is a multichannel generalization of
ordinary correlation analysis, which quantifies the relationship between two random
variables x and y by means of the so—called correlation coefficient

Cov [z,
po Covlmyl (5.2.1)
Vil V [yl
where Cov and V' stand for covariance and variance, respectively. The correlation
coeflicient is a scalar with value between -1 and 1 that measures the degree of linear
dependence between x and y. For zero-mean variables Eq.(5.2.1) is replaced by

P (5.2.2)
E[2?] E[y?]

where E stands for expected value. Canonical correlation analysis can be applied to
multichannel signal processing as follows: consider two zero—mean multivariate ran-
dom vectors x = [z1(¢), ... 7xm(t)]T and y = [y1(t),. .. 7yn(t)]T, witht=1,..., N,
where the superscript 7' denotes the transpose. The following linear combinations
of the components in x and y are defined, which respectively represent two new
scalar random variables X and Y

X = we 1+ .. Fwy, Ty = wlx, (5.2.3)
Y = wy 1+ wy, Yn = wgy.
CCA computes the linear combination coefficients w, = [wy,, - .- ,wzm]T and w, =
[Wyys - - - ,wyn]T, called regression weights, so that the correlation between the new

variables X and Y is maximum. The solution w, = w, = 0 is not allowed and the
new variables X and Y are called canonical variates. The regression weights are
found by solving the maximization problem obtained by substituting Egs.(5.2.3)
into Eq.(5.2.2), i.e.

wlCyywy

(5.2.5)

max p(wg,wy) = ’
Wa, Wy \/(wa:fcmwz)(wgcyywy)
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where C,, and C,, are the within-set covariance matrices of x and y, respectively,
and C,, is the between-sets covariance matrix. In practice, estimated covariance
matrices are used

o = LS utale)” 5.2.6

e PGl (526

. 1 & -

Cyy = R;Z;yﬁnﬂﬂ , (5.2.7)

. 1 &

C.y = R;E:mﬁkdﬂT- (5.2.8)
t=1

The maximization problem is solved by setting the derivatives of Eq.(5.2.5), with
respect to w, and w,, equal to zero, resulting in the following system of equations

(5.2.9)
Cyawa=pAy Cyywy,

where A, = A\, ! = \/ (@] Cyy@y)/ (0T Cruldy) are scaling factors. By combining the
two equations in Eq.(5.2.9), the following eigenvalue problems are obtained

C;1C0yCy )l Cpatia=pivy
(5.2.10)
Cpy CuaCry Cryy=p*ivy,

whose common eigenvalues p? represent the squared canonical coefficients between
x and y. The first pair of canonical variates correspond to the eigenvectors w, and
wy associated with the largest eigenvalue. The remaining canonical variates corre-
spond to the remaining eigenvectors and the associated eigenvalues are the squared
canonical coefficients. It can be shown that the canonical variates are maximally
correlated and, at the same time, uncorrelated with the previous pairs. As can be
observed in Eq.(5.2.10), matrix inversions need to be performed. These operations
could lead to numerical instability if Cm and Cuu are almost rank deficient. Two
more reliable algorithms are described in [28] and [74]. The first algorithm com-
putes the canonical coefficients and the corresponding regression weights by solving
a generalized symmetric eigenvalue problem. The second algorithm is based on the
computation of the principal angles. In fact, canonical correlation analysis is the
statistical interpretation of the geometric concept of principal angles between linear
subspaces and associated principal directions [31]. Here, an outline for both algo-
rithms is provided.
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5.2.1 Algorithm CCA-GEP: CCA by solving a Generalized Eigen-
value Problem (GEP)

Given the zero-mean multivariate random vectors x = [x1(t),...,2mn(t)] and y =
[y1(t),...,yn(t)], witht =1,..., N,
e Step1:
Compute the estimated covariance matrices Cm , ny and Cmy
e Step 2:
Solve the following generalized symmetric eigenvalue problem

s ClEl-1% &%
. o | _ ) o | 5.2.11
[ gy 0 Wy 0 Cyy Wy g ( )

subject to w;{émaw =1 and d)géwcﬁy =1

e Step 3:

Set the canonical coefficients equal to the eigenvalues p , and the regression
weights equal to the corresponding eigenvectors w, and w,.

5.2.2 Algorithm CCA-PA: CCA by computing Principal Angles

(PA)
Given the zero-mean multivariate random vectors x = [x1(t),...,2n(t)] and y =
[y1(t), ..., yn(t)], witht =1,..., N,
e Step 1:

Consider the matrices X and Y , defined as follows

zi(l) o wp(1) () o ya(1)
1 (N) -+ zm(N) yi(N) -+ ya(N)
e Step 2:
Compute the QR decompositions of X and Y
X =QzR;
N (5.2.13)
Y = Qf,Rf,,

where Q5 and Qg are orthogonal matrices and R g and Ry are upper tri-
angular matrices.
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e Step 3:
Compute the SVD of Q%Qf,

Q%LQy =UsV7, (5.2.14)

where S is a diagonal matrix and U and V are orthogonal matrices. The
cosines of the principal angles are given by the diagonal elements of S.

e Step4:

Set the canonical coefficients equal to the diagonal elements of the matrix
S and compute the corresponding regression weights as wg = R}(lU and

_p-1
wy = ?V.

The computation of the principal angles yields the most robust implementation of
CCA, since it is able to provide reliable results even when the matrices X and Y
are singular. A comparison of the two implementations in terms of computational
efficiency is reported in Section 5.3.1.

5.3 CCA applied to MRSI data

During the MRSI data acquisition procedure, a number of image slices is acquired.
Each image can be partitioned into a certain number of volume elements, called
voxels, each characterized by a time-domain signal of length N. In the proposed
tissue segmentation approach, the aim is to detect those voxels whose spectra cor-
relate best with model tissue spectra, which are defined a priori. When applying
correlation analysis to MRSI data, the variables x and y need to be specified. In
ordinary correlation analysis x and y are univariate variables and, specifically, the
x variable consists of the magnitude spectrum of the measured signal contained in
each voxel, while the y variable consists of the model tissue magnitude spectrum.
The correlation coefficient between x and y is computed and assigned to the voxel
under investigation. Once each voxel has been processed, a new grid of voxels, of the
same size of the original image, is obtained, which contains correlation coefficients
instead of MRSI signals. This new grid is called correlation map.

The difference between ordinary correlation analysis and CCA mainly consists in a
different choice of the variables x and y. In fact, in order to compute the correla-
tion maps, it is possible to exploit the spatial information characterizing the MRSI
data set by considering, as variable x, a multivariate vector with components repre-
senting the magnitude spectrum characterizing the considered voxel as well as the
magnitude spectra contained in the neighbor voxels. Several spatial models can be
adopted for choosing the neighbor voxels, typical examples of which are described
in [22]. The variable y also consists of a multivariate vector. Its components repre-
sent the basis functions of a signal subspace, that models the characteristic tissue
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Figure 5.1. CCA applied to a 3 x 3 region of voxels in the MRS image and a set
of n spectral basis functions.

magnitude spectrum we are looking for and its possible variations (in amplitudes,
frequency shifts and damping factors) that normally affect realistic MRSI data.
Several approaches can be adopted in order to model a proper signal subspace; an
exhaustive overview is given in [22]. Once the x and y variables have been defined,
CCA is applied voxel by voxel and the largest canonical coefficient is assigned to
the voxel under investigation, so that a correlation map is obtained as in the ordi-
nary correlation analysis case. Figure 5.1 schematically shows the CCA approach
when processing a 3 x 3 voxel region containing the magnitude spectrum along with
its neighbor magnitude spectra. In this particular spatial model, called the “3 x 3
model”, the variable x contains nine components, namely x = [x1,...,Xg].

5.3.1 Choice of the spatial model

As already mentioned in the previous section, several spatial models can be chosen
when applying CCA. As a particular case, the ordinary correlation analysis can be
considered as a single—voxel model. The performance of the following spatial models
was investigated:

e the single—voxel model

e the 3 x 3 model (Figure 5.1):
X = [X1,...,Xg]

the 3 x 3 model without corner voxels:
T
X = [X27X4,X5,X67X8]

the symmetric 3 x 3 model:
x = [x5, (X1 + X9)/2, (X2 + x38)/2, (X3 + x7)/2, (x4 + XG)/2]T

the symmetric 3 x 3 model without corner voxels:
T
x = [xs, (x2 +X3)/2, (x4 + x6)/2]

The obtained results are described in Section 5.4.
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5.3.2 Choice of the subspace model

Concerning the choice of the y variable, two different approaches were considered
in order to define the proper signal subspace able to model the characteristic tis-
sue spectra and their possible variations. Specifically, the Taylor model and the
Principal Component Analysis model (PCA) were considered and compared. In
order to define the first component of the variable y, two thousand signals, char-
acterized by realistic variations of the noiseless simulated signal parameters, were
generated. The first component of the y variable was then defined as the mean of
the magnitude spectra of the generated signals for both approaches. In the Taylor
approach, the second component of y was obtained as the first-order derivative of
the first component, approximated by first-order finite differences. The first prin-
cipal component of the matrix containing the mean-centered magnitude spectra of
the signals, was chosen as second component for the PCA model. For the sake
of clarity, the procedure to compute the aforementioned subspace models is here
outlined.

The Taylor subspace model

e Step1:
Compute the simulated noiseless signal corresponding to the considered tissue
type (with parameters reported in Table 5.1) and its magnitude spectrum
S(wn), where w,, represents the frequency and n =1,..., N.

e Step 2:
Produce a large number M of signals by introducing realistic variations on
the noiseless signal parameters of the chosen tissue type.

e Step 3:
Compute the magnitude spectra S;(wy), ¢ = 1,..., M, of the M signals pro-
duced in the previous step.

e Step4:

Set the components of the variable y as:

yi(n)=2 SN, Si(wn)
(5.3.15)

)= St

where Aw is the sampling frequency.
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The PCA subspace model

e Step1:

Compute the simulated noiseless signal corresponding to the considered tissue
type (with parameters reported in Table 5.1) and its magnitude spectrum
S(wn), where w,, represents the frequency and n =1,, N.

e Step 2:

Produce a large number M of signals by introducing realistic variations on
the noiseless signal parameters of the chosen tissue type.

e Step 3:

Compute the magnitude spectra S;(wy,), i = 1,, M, of the M signals produced
in the previous step and arrange them as rows into a matrix D.

e Step4:

Perform Principal Component Analysis on the matrix D and denote the first
Principal Component as 15¢ PC.

e Step 5:

Set the components of the variable y as:

yi(n)=2 SN, Si(wn)

y2(n)=15*PC

(5.3.16)

For the single voxel approach, only one component was considered and set equal to
the first component of the Taylor and PCA subspace models, namely y = y;.

5.4 Simulation studies

Figure 5.2 shows the magnitude spectra of four different simulated signals, derived
from in vivo data measured in the human prostate, representing, from top to bottom,
very aggressive tumor tissue, moderately aggressive tumor tissue, mixed tumor
tissue, and healthy peripheral zone tissue.

As can be observed in the above mentioned figure, the spectra are characterized
by the presence of three metabolite peaks: Choline, Creatine and Citrate doublet.
In particular, aggressive tumor tissue is characterized by a strong contribution of
Choline, while healthy tissue exhibits a higher contribution of Citrate. In general,
prostate tumor regions are characterized by higher levels of Choline and reduced
levels of Citrate. The spectra represent the Discrete Fourier Transform of four
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Figure 5.2. Magnitude spectra of characteristic prostate signals. From top to bot-
tom: aggressive tumor tissue spectrum; moderately aggressive tumor tissue spec-
trum; mixed tumor tissue spectrum; healthy tissue spectrum. The spectra contain
the following compounds: Choline (Cho), Creatine (Crea), Citrate doublet (Citr).
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signals consisting of 256 complex data points (N = 256) modelled as the sum of
K = 4 exponentially damped complex sinusoids, as in Eq.(2.2.1)

K
Yn = Zakej¢ke(_dk+j2”f’“)"m +en, n=0,...,N—1. (5.4.17)
k=1

The parameter values of the noiseless simulated signals are reported in Table 5.1.

| Parameters | Choline | Creatine | Citratel | Citrate2 |
Frequency -49.3Hz | -38.9Hz | -12.1Hz -9.6Hz

Damping 2Hz 2Hz 2Hz 2Hz

Phase 0° 0° 0° 0°
Amplitude aggressive tumor | 4.3e6a.u. | 0.2e6a.u. | 0.2e6a.u. | 0.2e6a.u.
Amplitude tumor 3.3eb6a.u. | 1.6e6a.u. | 1.2e6a.u. | 1.2e6a.u.
Amplitude mixed tissue 3.3eba.u. | 1.8eba.u. | 2.4e6a.u. | 2.4eba.u.
Amplitude healthy tissue 2.3e6a.u. | 1.8e6a.u. | 4.4eba.u. | 4.4eba.u.

Table 5.1. Parameter values of the noiseless simulated prostate signals.

The dampings and frequencies were selected based on in vivo prostate data acquired
at 1.5T. The Citrate was modeled as a doublet with frequency split equal to 2.5Hz.
The amplitude values are expressed in arbitrary units (a.u.).

A simulated MRSI data set was produced, consisting of a 14x14 grid of voxels, in
which four different and well localized regions of tissue spectra were inserted. The
grid is shown in Figure 5.3 and the tissue regions are indicated by different colors:
black for aggressive tumor tissue, dark gray for tumor tissue, gray for mixed tissue
and light gray for healthy tissue.

Figure 5.4 shows the magnitude spectra contained in the previous grid. In order
to simulate a realistic MRSI data set, variations were introduced on the signal
parameters displayed in Table 5.1. More precisely, spectra for each type of tissue
were generated, randomly characterized by variations up to 20% for amplitudes, up
to forty times the given value for the damping factors, up to a shift of 1.25Hz for
the frequencies. The magnitude spectra of the simulated signals were perturbed by
adding Gaussian noise with standard deviation . Figure 5.5 shows the magnitude
spectra of the same signals displayed in Figure 5.4 perturbed by Gaussian noise
with ¢ = 80 x 10°. Ordinary correlation analysis and CCA were then applied in
order to detect the four tissue regions.

5.4.1 Simulation results

In the simulation studies, 300 simulation runs were performed for different noise
standard deviation values. Before applying the proposed tissue segmentation method,
four different y variables were defined, one for each prostate tissue type. CCA was
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Figure 5.3. Original tissue grid. Black region: aggressive tumor voxels; dark gray
region: moderately aggressive tumor voxels; gray region: mixed tissue voxels; light
gray region: healthy tissue voxels.
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Figure 5.4. Magnitude spectra of the noiseless simulated MRSI data.
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Figure 5.5. Magnitude spectra of the noisy simulated MRSI data when considering
a high noise level, with standard deviation equal to 80 x 106.
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then applied between the noisy data set and the above mentioned y variables, and
four correlation maps were obtained. The nosologic image, as defined in [62], con-
sisting of one single image in which all the detected tissue types are visualized, was
obtained by comparing, voxel by voxel, the four canonical coefficients characterizing
the different correlation maps. The considered voxel was then assigned to the tissue
with largest canonical coefficient and labelled by the corresponding tissue color.
In order to compare the performance of CCA when applying different spatial models
and/or different subspace models, the correlation coefficients between the original
and the detected tissue regions were estimated for each simulation run. Figure 5.6
shows the mean value of these correlation coefficients, over the total number of sim-
ulation runs and for each noise level, when considering the PCA subspace model.
Different spatial models were applied, namely the single voxel approach (sv), the
symmetric 3 x 3 model (sym3 x 3), the 3 x 3 model (3 x 3), the 3 x 3 model with-
out corner voxels (3 X 3wev), and the symmetric 3x3 model without corner voxels
(sym3 x 3wev).

As can be observed in the figure, the best performance is obtained for the symmetric
3 x 3 model, while the single voxel model is least accurate, especially for high noise
levels. In general, the performance of all models is sensitive to the number of voxels
characterizing the original tissue region as well as to the shape of the spectra. In
fact, the quality of the performance for the mixed tissue region is much poorer with
respect to the performance shown for the other tissue regions, since little spatial
information can be exploited and since the level of the different metabolites in the
spectra is not as discriminating as in the other tissue spectra.

In Figure 5.7 (left) the mean value of the computation time (in seconds), as a
function of the noise standard deviation and over the total number of simulation
runs, is displayed.

The single voxel model is the most efficient, but the other models can be considered
efficient as well since they need less than 1 second for processing the whole simulated
MRSI data set.

Extensive studies were also carried out in order to compare the performance of the
PCA and Taylor subspace models. The two approaches showed a similar behavior in
terms of accuracy as well as in terms of computational efficiency, since they exploit
the same number of components in the variable x and y.

Figure 5.7 (right) shows the computation time versus the noise standard deviation,
over the total number of simulation runs, of the CCA implementations based on
solving a symmetric generalized eigenvalue problem (CCA-GEP, Eq.(5.2.11)) and
on computing principal angles (CCA-PA, Eq.(5.2.14)), respectively. As can be
observed in the figure, the latter implementation is faster and, as already described
in Section 5.2, is the most robust since it is able to provide the canonical coefficients
even when the x and y variables are almost rank deficient or singular matrices. In
particular, such a situation occurs when applying the multi-voxel approach to the
edge voxels of the MRSI grid. In fact, two rows and two columns of dummy voxels
need to be introduced. Practically, the additional rows and columns of dummy
voxels are simply obtained by producing a copy of the first (last) row of voxels
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Figure 5.6. Mean of the correlation coefficients, over 300 simulation runs, between
the detected regions and the original tissue regions as a function of the standard
deviation, when considering different spatial models. Subspace model: PCA. Top:
aggressive tumor (left), moderately aggressive tumor (right). Bottom: mixed tissue
(left), healthy tissue (right).
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Figure 5.7. Mean of the computation times (in seconds), over 300 simulation runs
and as a function of the standard deviation. Left: the PCA subspace model and
different spatial models are applied. Right: the CCA implementations based on the
computation of the principal angles (CCA-PA) and on solving a generalized eigen-
value problem (CCA-GEP) are applied. Spatial model: symmetric 3x3. Subspace
model: PCA.
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Figure 5.8. Nosologic images obtained by the symmetric 3 x 3 multi-voxel model
(left) and the single voxel model (right), for a noise standard deviation equal to
80 x 10%. Subspace model: PCA. Black region: aggressive tumor voxels; dark gray
region: moderately aggressive tumor voxels; gray region: mixed tissue voxels; light
gray: healthy tissue voxels.

of the original grid at the top (bottom), and a copy of the first (last) column
of voxels at the left (right) hand-side of the given grid. In the example under
investigation, the resulting grid has dimensions 16x16 instead of 14x14. The dummy
voxels allow the application of any multi-voxel spatial model, but the x vector will
now contain some components that are equal to each other (as for the 3 x 3 model
and 3 x 3 model without corner voxels) or linearly dependent (symmetric 3 x 3
model), thereby resulting in a singular matrix. The CCA implementation based on
Eq.(5.2.10) is not able to provide a solution, since the computation of the inverse
of the matrix C,, is not possible. The implementation CCA-GEP based on solving
the symmetric generalized eigenvalue problem (Eq.(geneigpr)) is able to provide a
solution, but it may not be accurate since the matrix C,, has a large condition
number. Such problems are overcome by the implementation CCA-PA based on
computing principal angles, which then yields the most robust results. As final
result, in Figure 5.8, the nosologic images obtained by the symmetric 3x3 model
(left) and the single voxel model (right), when considering a high noise level, with
standard deviation equal to 80x 108, are shown. The PCA subspace model was used.
The images clearly show that the multi-voxel approach significantly outperforms the
ordinary correlation analysis approach. In fact, the tissue regions detected by CCA
are well localized, despite their irregular edges. On the other hand, the single voxel
approach detects the presence of aggressive tumor and mixed tissue voxels in parts
of the grid where other types of tissue spectra were originally inserted.
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5.5 In vivo studies

CCA and ordinary correlation analysis were applied to in vivo prostate MRSI data.
The data were acquired in the Radiology Department of the K.U.Leuven University
Hospital, as part of the routine clinical preoperative MR imaging and spectroscopy
protocol for the prostate. They were acquired at 63.6 MHz on a 1.5T Siemens Sonata
scanner, using a 3D PRESS CSI sequence (TR = 600 ms, TE = 100 ms). The FOV
was adapted to the PRESS box surrounding the prostate that was positioned such
as to suppress unwanted fat signals around the prostate. The CSI FOV and matrix
size were set to obtain isotropic voxels at acquisition (typ. 6mm x 6mm x 6mm).
The data were reconstructed to a 16 x 16 x 16 3D matrix. Each CSI voxel signal
consists of 512 complex data points in the time domain and the sampling time is
0.8 ms. The acquisition averages responded to a weighted k-space sampling scheme
S0 as to obtain a substantial gain in S/N within a short time, without affecting
dramatically the spatial resolution. The total 3D volume was acquired in about 11
min. The coil was an intrarectal coil for maximal S/N in both images and spectra.
All patients signed an informed consent paper, in agreement with the guidelines of
the University Hospital Ethical Committee.

5.5.1 In vivo results

Figure 5.9 shows a screenshot, provided by the Siemens scanner, in which the spec-
tral map characterizing the 10 x 10 PRESS box region, as processed by the spec-
troscopy package of the Siemens scanner (Syngo MR 2004), is displayed.

The saturation blocks used to suppress unwanted fat signals around the prostate are
displayed as well. In the prostate image, the suspicious zone is the dark region in
the right bottom part. The screenshot also shows the spectrum of the MRS signal
characterizing voxel number 88 (in the PRESS box region the voxels are numbered
from the upper left corner to the lower right corner). The spectrum clearly shows
a high level of Choline and a low contribution of Citrate. On the basis of the
spectroscopy, the following voxels in the neighborhood can be labelled as tumor
voxels: 78, 87, 89, 97, 98, 99. The signals characterizing the MRSI data set contain
the following compounds: lipids (between 1 ppm and 2 ppm), Citrate doublet (2.6
ppm), Creatine (3 ppm), Choline (3.2 ppm), water resonance (4.7 ppm). In order
to improve the performance of the proposed tissue segmentation procedure, the
signals were preprocessed by filtering out the water and lipid components. The
water and lipid removal was performed by means of HLSVD-PRO [35]. CCA was
then applied to the grid of filtered signals, in order to retrieve the possible tissue
types characterizing the sample under investigation. As for the simulation studies,
the spatial model as well as the subspace model had to be defined. As far as the
spatial model, i.e. the variable, is concerned, the best performance was obtained by
applying the symmetric 3 x 3 model. For the subspace model, i.e. the y variable, the
Taylor approach was adopted. The first component of y was defined as the average
of 2000 spectra containing the following variations of the noiseless simulated signal
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Figure 5.9. Screenshot provided by a Siemens scanner for an in wvivo prostate
MRSI data set.

parameters: up to 0.05 ppm for the frequencies, up to 40 times the original value of
the damping factors, up to 20% of the original values of the amplitudes. Figure 5.10
shows the detection results obtained by applying CCA (left) as well as the results
provided by ordinary correlation analysis (right), i.e. the single voxel model.

In the nosologic images, the colors denote the tissue types as follows: the brown
color denotes the aggressive tumor region, the red color represents the moderately
aggressive tumor region, the orange color denotes the mixed tissue region and the
light blue color corresponds to the healthy tissue region. In both images, some dark
blue voxels can be observed as well. They correspond to voxels that have not been
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Figure 5.10. Nosologic images obtained by processing an in vivo MRSI data set.
Left: CCA (spatial model: symmetric 3 x 3; subspace model: Taylor). Right:
ordinary correlation analysis. Brown region: aggressive tumor voxels; red region:
moderately aggressive tumor voxels; orange region: mixed tissue voxels; light blue
region: healthy tissue voxels, dark blue region: unprocessed voxels.

processed by the segmentation techniques since they are covered by the saturation
blocks used for fat suppression around the prostate (see the spectral map in Figure
5.9). As can be observed, CCA is able to localize the suspicious tumor part, while
the single voxel model detects as tumor/mixed tissue a much broader region. In
particular, some tumor voxels are detected on the upper part of the grid.

In Figure 5.11 and Figure 5.12 the canonical coefficient maps obtained by CCA and
the single voxel model, respectively, are visualized for each tissue type.

The maps show that the canonical coefficients provided by CCA are significantly
larger than the coefficients provided by the single voxel approach, which points out
that the spectra contained in the voxels detected by CCA correlate best with the
chosen model spectra, i.e. with the first component of the y variable.

As further evaluation of the performance of the two approaches, for each tissue
region, the correlation coefficient between the spectrum obtained as average of the
spectra contained in the detected voxels and the model spectrum was computed.
In Figure 5.13 the aforementioned spectra are displayed.
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Figure 5.11. Canonical coefficient maps obtained for the in vivo MRSI data set
by CCA (spatial model: symmetric 3 x 3; subspace model: Taylor).

The obtained values, reported in Table 5.2, show a high level of correlation for both
methods. However, CCA provides better results for the tumor and mixed regions.

Correlation Aggressive | Tumor | Mixed | Healthy

coefficients tumor tissue tissue
Taylor symmetric 3 x 3 ND 0.8464 | 0.9459 | 0.8581

Single voxel 0.8129 0.8047 | 0.8850 | 0.8697

Table 5.2. Correlation coefficients between the average spectrum and the model
spectrum for each detected tissue region. ND stands for not detected, i.e. no
aggressive tumor voxels have been detected.
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Figure 5.12. Canonical coefficient maps obtained for the in vivo MRSI data set
by ordinary correlation analysis.

5.6 Conclusions

CCA is a statistical technique that quantifies the relationship between multivariate
random vectors. Our studies show that it can be applied successfully to MRSI data
sets since it fully exploits the spatio-spectral nature of this type of biomedical data.
In particular, in this chapter we showed that CCA can be applied to MRSI data
in order to retrieve in an efficient and accurate way the possible tissue types char-
acterizing the organ under investigation. Extensive simulation and in vivo studies
were performed and described. They show that CCA significantly outperforms the
ordinary correlation analysis, especially for signals with a low Signal to Noise Ratio.
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Figure 5.13. Model and average magnitude spectra for aggressive tumor (top),
mixed tissue (middle) and normal tissue (bottom) obtained by applying CCA to the
in vivo MRSI data set. Spatial model: symmetric 3 x 3. Subspace model: Taylor.
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The purpose of this chapter is to investigate the potential and limitations of the tis-
sue typing technique introduced in Chapter 5 when applied to brain data instead of
prostate data. In fact, brain tumors differ significantly from prostate tumors since
they are frequently very heterogeneous. The data considered in this study were ac-
quired with two-dimensional Turbo Spectroscopic Imaging (2DTSI) sequences, char-
acterized by limited acquisition times compared to those required for standard CSI
data. CCA s applied to 2DTSI data in order to assess its ability to detect and
classify tissues even when a high degree of heterogeneity is present in the considered
sample.

The chapter is structured as follows. In Section 6.1 the main biochemical features
of brain tumors are briefly described. In Section 6.2 turbo spectroscopic imaging is
introduced and its potential and limitations are pointed out. Section 6.3 is devoted
to the application of the CCA-based tissue typing technique introduced in Chapter 5
to 2DTSI brain data. Finally, in Section 6.4, the main conclusions are formulated.

6.1 Biochemical features of brain tumors

As already specified in Section 1.2, also brain tumors can be detected by studying al-
terations in the metabolite levels. Although hundreds of neurochemical compounds
are present in the human brain, only a few are detected by 'H MRS and the most
important in brain tumor studies are: NAA (2.0 ppm), choline (3.2 ppm), creatine
(3.0 ppm), lactate doublet (1.3 ppm), and lipids (0.9 and 1.3 ppm).

In general, a brain tumor is present when NAA and creatine levels are reduced,
while choline levels are increased. Specifically, NAA is considered as a marker of
neuronal/axonal density and viability and its decrease is associated with loss of
neurons or axonal injury. Choline is almost inaccessible to MRS when considering
healthy tissue since it is bound to cell membranes, myelin and lipids. However,
in pathological conditions the choline contribution significantly increases as it re-
flects membrane, myelin and lipid turnover. Creatine plays a crucial role in cell
energetic and mainly originates from intracellular metabolite pools of creatine and
phosphocreatine. Generally, the choline and creatine peaks show similar intensities
in healthy tissue. The creatine peak is the sum of creatine and phosphocreatine
(PCr) with the same chemical shift of the CH3 group. Lactate is considered as an
energy marker. It is usually not detectable in healthy brain tissue and its concentra-
tion increases only under pathological conditions that are usually characterized by
reduced oxidative metabolism or increased glycolysis. Finally, also lipids are not de-
tectable in normal brain tissue as they are bound to macromolecules in membranes
and myelin. When a severe pathology affects the brain, lipids result more mobile,
thereby yielding a detectable resonance. Biopsy studies also show that lipids corre-
late with necrosis, which is a histological characteristic of high grade tumors [32].
All these alterations can be detected by MRSI since, unlike conventional neuroimag-
ing, it provides neurochemical and spatial information. In particular, MRSI enables
the simultaneous analysis of different parts of a lesion and also surrounding and con-
tralateral areas. This property is very important when studying brain tumors since
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these are often heterogeneous and may be characterized by the presence of viable
tumor cells, cysts, zones of proliferation and necrosis, edema, and in the case of
highly infiltrative tumors such as gliomas, there may also be contributions from
normal brain tissue. Furthermore, tumor growth is not well regulated since varia-
tions in cellular metabolism and cell density occur, and as a tumor progresses, it
may contain cells of different grades.

Finally, the ability to spatially map the biochemical information allows a more accu-
rate presurgical diagnosis, such as that one based on biopsy, and surgical approach.

6.2 Turbo Spectroscopic Imaging applied to brain

In the previous chapters of this thesis the potential of MRSI as a non—invasive diag-
nostic tool has constantly been highlighted. Unfortunately, the acquisition of spatial
spectroscopic information is limited by low metabolite concentrations and long ac-
quisition times. In fact, in order to obtain well resolved spectra with good SNR, high
field systems are needed. Moreover, the acquisition of slices with large number of
volume elements and high spatial resolution require long acquisition times (usually
more than 30 minutes). Therefore, in order to introduce MRSI more firmly into
routine clinical use, MRSI techniques should offer multislice measurements, high
spatial resolution, better outer volume suppression (to suppress skull lipids), faster
acquisition sequences, and, eventually, automated processing and classification.

A technique that satisfies some of the aforementioned properties is the so—called
Turbo Spectroscopic Imaging (TSI) technique. It is analogous to the turbo spin—
echo imaging technique that allows the acquisition of MRSI data with relatively
high spatial resolution in a significantly shorter period of time (= 6 minutes with a
turbo factor of 3 and a matrix size equal to 24x24) [21]. In the literature, several
studies exist in which TSI data are compared to SVS data (e.g. see [41]). Gener-
ally, a very good qualitative agreement is observed between SVS spectra and TSI
spectra, although, sometimes, TSI spectra show a higher contamination from lipids
which are either not evident or much lower in amplitude in the SVS spectra.

In this chapter CCA is applied to several 2DTSI brain data sets measured in patients
affected by a glioblastoma tumor. The aim is twofold: to carry out a validation
study on CCA when applied as a tissue typing technique to heterogeneous tumors,
and to develop an MRSI technique that is able to combine a fast acquisition proce-
dure (TSI) with a reliable and fast classification method (CCA).

6.3 Tissue segmentation and classification of 2DTSI brain data
using CCA
6.3.1 Acquisition of 2DTSI brain data

The data were acquired at the Clinica Quirdn, Servicio de Radiologia, Valencia
(Spain). Several days before the spectroscopy study, a full high resolution MRI
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study with Gadolinium injection was acquired. After imaging with turbo spin echo
T2 and proton density weighted images (TR = 5154 ms, TE = 13 and 115 ms), five
MR spectroscopy experiments were acquired by 2DTSI in a 1.5 T Philips Gyroscan
Intera NT (Philips Medical Systems, The Netherlands) using a 90° — 180° — 180°
pulse sequence. Signals from surrounding cortical and bone areas were suppressed
with 12—-16 saturation slabs perpendicular to the acquisition plane (see Figures 6.1
and 6.2). Shimming and tuning were achieved with an automated procedure before
acquisition. The water signal was suppressed with selective excitation. The multi-
voxel spectroscopic images consist of a grid of 24 x 24 voxels with a field of view
of 230 x 230 mm and a slice thickness of 20 mm. Each volume unit dimension was
9.6 x 9.6 X 20 mm (1.8 ml). The acquired signals are long echo time signals with
TE = 272 ms, and TR = 2000 ms. They consist of 256 complex data points. Data
processing also included zero filling to 512 points, removal of the residual water
resonance by using HLSVD-PRO [35], and Fourier transformation.

Figure 6.1. Transversal view image showing the 12 saturation slabs perpendicular
to the acquisition plane.

A set of non—suppressed water spectra was also collected in the same sequence
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Figure 6.2. Sagittal (top) and coronal (bottom) view images showing the 12
saturation slabs perpendicular to the acquisition plane.

acquisition with a lower resolution (a grid of 12 x 12 voxels with size 19.2 x 19.2 x 20
mm, 7.35 ml) as a reference in order to automatically correct the phase over the
2DTSI grid. The water resonance data in the reference set of spectra were used in
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the reconstruction for correction of chemical shift and amplitude differences due to
magnetic field inhomogeneity. Spectra quality was controlled through the shape,
the width at half height, and the intensity of the water resonances measured with
JMRUI software ([42], [23]). These methodological control parameters remained
constant for all 'H MRS studies, indicating a stable magnetic field homogeneity [6].

6.3.2 CCA applied to 2DTSI brain data: selection of the model
spectra

As already specified in Section 6.2, the data were measured in the brain of five
patients affected by glioblastoma. In order to apply CCA, model spectra of the
possible tissue types are needed, that may characterize a brain affected by glioblas-
toma. Such models are constructed by first selecting from the given data sets some
spectra that, based on spectroscopy, the MRI, and the Gadolinium enhancement
features, can be considered as characteristic of tissues found in glioblastoma tumors.
Then, all the selected spectra corresponding to the same tissue type are averaged
in order to take into account possible variations that affect in vivo data. In the
examples under investigation several spectra could be selected as representative of
the following tissue types: tumor, edema, normal, infiltration, necrosis, and axonal
damage. In addition, mixed tissue types could be recognized, namely mixed tis-
sue containing tumor and necrosis, and mixed tissue containing tumor and healthy
cells. In this study, the former will be called Tumor+Necrosis tissue and the latter
mixed tissue. Finally, some lipid spectra due to the presence of the skull were also
considered since they sometimes may affect the border regions of the processed area
of interest.

Table 6.1 shows the exact number of selected spectra for each example and for each
tissue type.

| Tissue |Example 1 | Example 2 | Example 3 | Example 4 | Example 5 |
Tumor 5 3 5 6 7
Edema 11 2
Normal 14 9 6 5 5
Infiltration 1 5
Tumor+Necrosis 6
Necrosis 6 5
Axonal damage 5
Mixed 6
Lipids 3

Table 6.1. Tissue patterns and corresponding number of selected spectra for each
data set.

Note that when a data set is analysed, e.g. the data set related to Example 1, the
spectra selected for the example under investigation do not contribute to the afore-
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mentioned averaging procedure, i.e. all the selected spectra for the same tissue type
are averaged except those corresponding to Example 1. Thus, the model spectra
used to analyze Example 1 are obtained as the average of the only selected spectra
of Examples 2, 3, 4 and 5. Moreover, since only a few spectra could be selected
for Tumor+Necrosis tissue from the given examples, some more Tumor+Necrosis
spectra were produced as the average of tumor spectra and necrosis spectra. The
same procedure was applied to produce a higher number of mixed tissue spectra.

6.3.3 CCA applied to 2DTSI brain data: selection of the subspace
and spatial models

Concerning the choice of the spatial model, as already described in Section 5.3.1,
several multi—voxel approaches can be applied. The same spatial models, as in
Section 5.3.1, were applied to the brain data considered in this chapter and the
best performance was obtained by applying the symmetric 3 x 3 model without
corner voxels. When applying CCA a subspace model is also needed. In Section
5.3.2 two possible subspace models were introduced, namely the Taylor and PCA
subspace models. Here, the Taylor subspace model is adopted and its components
are defined as follows: the first component is set equal to the tissue model spectrum
defined above (in Section 6.3.2), the second and third components are set equal
to the first order derivative of the first component approximated as the first and
second order finite differences, respectively. The Taylor model is preferred over the
PCA model since only a few characteristic spectra are available for some tissue
types and, therefore, no useful matrix D can be constructed on which a principal
component analysis can be performed. In fact, as explained in Section 5.3.2, the
second component of the PCA model is obtained by performing principal component
analysis on a matrix containing a large number of spectra, which is not the case in
this study.

In the following sections, the detection results are illustrated. As in Chapter 5, our
aim is to compare the performance of ordinary correlation analysis, which does not
exploit any spatial information characterizing the 2DTSI data, and the performance
of CCA. The nosologic images obtained by both methods are reported and the tissue
regions are visualized on gray scale. The displayed correlation maps can be used for
a correct identification of such regions. Note that the black border voxels represent
voxels that have been excluded from the processing as they are covered by the
saturation slabs.

6.3.4 Detection results: Example 1

Figure 6.3 shows the tissue model spectra used to construct the subspace model
of Example 1. These spectra clearly show that the considered tissue types are
characterized by different contributions of the metabolites of interest.

Figure 6.4 shows a screenshot provided by the Philips scanner in which the lesion
and the corresponding spectral map can be observed. Only the area of interest of
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the 24 x 24 acquired data matrix was processed, namely from row 8 to row 17 and
from column 7 to column 17.

Tumor Edema Normal
600 600 600
400 400 400
2 Mj\’\\AA\/\«M = JVLU\/\M\W = JL
0 0 0 AJW\
4 2 0 4 2 0 4 2 0
ppm ppm ppm
Infiltration Tumor+Necrosis Necrosis
600 600 600
400 400 400
= M = M = W
0 0 /L\w 0
4 2 0 4 2 0 4 2 0
ppm ppm ppm
Lipids Axonal damage Mixed
600 600 600
400 400 400
200 200 MLN 200 M
0 0 0
4 2 0 4 2 0 4 2 0
ppm ppm ppm

Figure 6.3. Real part of the tissue model spectra used in the Taylor subspace
model of Example 1.

Figure 6.5 shows the nosologic image (top) and all the correlation maps (bottom),
corresponding to the different tissue types, obtained by applying CCA.

Figure 6.6 shows the nosologic image (top) and all the correlation maps (bottom),
corresponding to the different tissue types, obtained by applying ordinary correla-
tion analysis.

As can be observed in the above mentioned figures, CCA is able to detect only three
types of tissue, namely normal, axonal damage and mixed tissue. In particular, the
tumor region is detected as mixed tissue. Moreover, based on spectroscopy, an
edema region can be recognized in the right—hand side of the lesion, but this is not
detected by CCA. The reason of these results may be due to the size of the lesion
and to its location. In fact, the lesion is not so big and is very close to the skull.
Ordinary correlation analysis does not provide better results. It detects the tumor
region as mixed and Tumor+Necrosis tissues. It also detects some edema voxels,
but their location is wrong. Furthermore, the correlation coefficient values displayed
in the correlation maps are significantly smaller than the canonical coefficients ob-
tained by CCA.
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Figure 6.4. Screenshot provided by the Philips scanner for Example 1.

Finally, as further evaluation of the performance of the two approaches, for each
tissue region, the correlation coefficient between the spectrum obtained as average
of the spectra contained in the detected voxels and the model spectrum was com-
puted. The obtained values, reported in Table 6.2, show a high level of correlation
for both methods.
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| Tissue | CCA | ordinary correlation analysis |
Tumor ND ND
Edema ND 0.8876
Normal 0.9790 0.9703
Infiltration ND ND
Tumor+Necrosis ND 0.7871
Necrosis ND ND
Axonal damage | 0.9572 0.9603
Mixed 0.8645 0.8587
Lipids ND ND

Table 6.2. Example 1. Correlation coefficients between the average spectrum and
the model spectrum for each detected tissue region. ND stands for not detected,
i.e. no aggressive tumor voxels have been detected.
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Figure 6.5. Example 1. Top: nosologic image obtained by CCA. Spatial model:
symmetric 3 x 3 without corner voxels. Subspace model: Taylor. Bottom: correla-
tion maps corresponding to all the tissue types.
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Figure 6.6. Example 1. Top: nosologic image obtained by ordinary correlation
analysis. Bottom: correlation maps corresponding to all the tissue types.
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6.3.5 Detection results: Example 2

Figure 6.7 shows the tissue model spectra used to construct the subspace model of
Example 2. Also in this case, the spectra clearly show that the considered tissue
types are characterized by different contributions of the metabolites of interest.

Figure 6.8 shows a screenshot provided by the Philips scanner in which the lesion
as well as the spectral map can be observed. The slice of interest is the 15th slice.
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Figure 6.7. Real part of the tissue model spectra used in the Taylor subspace
model of Example 2.

Once again, only the area of interest is processed, namely from row 8 to row 21 and
from column 7 to column 17. Figure 6.9 shows the nosologic image (top) and all the
correlation maps (bottom), corresponding to the different tissue types, obtained by
applying CCA, while Figure 6.10 shows the results obtained by applying ordinary
correlation analysis.

As can be observed in the figures, both methods are able to describe the tumor
region by the mixed tissue and the Tumor+Necrosis tissue, but CCA is more ac-
curate. Moreover, CCA significantly outperforms ordinary correlation analysis in
detecting the edema and normal areas. Some lipid voxels are detected equally well
by both techniques, but, as already explained in Section 6.3.2, they are due to the
presence of the skull. Finally, the values displayed in the correlation maps obtained
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Figure 6.8. Screenshot of the 15th slice provided by the Philips scanner for Ex-
ample 2.

by ordinary correlation analysis are significantly smaller than the canonical coeffi-
cients obtained by CCA.

Table 6.3 shows the correlation coefficient between the spectrum obtained as average
of the spectra contained in the detected voxels and the model spectrum.

6.3.6 Detection results: Example 3

Figure 6.11 shows the tissue model spectra used to construct the subspace model
of Example 3. Figure 6.12 shows a screenshot provided by the Philips scanner in
which the lesion can be observed. The slice of interest is the 13th slice.

Figure 6.13 shows the area of interest of the image in Figure 6.12 and the corre-
sponding spectral map. Some spectra are also pointed out as characteristic of some
tissue types.

The area of interest is processed, namely from row 8 to row 17 and from column 7
to column 17. Figure 6.14 shows the nosologic image (top) and all the correlation
maps (bottom), corresponding to the different tissue types, obtained by applying
CCA, while Figure 6.15 shows the results obtained by applying ordinary correlation
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| Tissue | CCA | ordinary correlation analysis |
Tumor ND ND
Edema 0.9477 0.9716
Normal 0.9564 0.9679
Infiltration ND ND
Tumor+Necrosis | 0.8878 0.9089
Necrosis 0.5582 0.7110
Axonal damage | 0.6054 0.4507
Mixed 0.9016 0.9158
Lipids 0.4581 0.4405

Table 6.3. Example 2. Correlation coefficients between the average spectrum and
the model spectrum for each detected tissue region. ND stands for not detected,
i.e., no aggressive tumor voxels have been detected.

analysis.

The example under investigation is much better characterized by CCA than or-
dinary correlation analysis. In fact, based on spectroscopy, CCA is able to well
describe the different types of tissue that characterize the lesion. Moreover, ordi-
nary correlation analysis fails with respect to the detection of the edema tissue,
which is assigned to brain regions where only normal tissue is present.

Table 6.4 shows the correlation coefficient between the spectrum obtained as average
of the spectra contained in the detected voxels and the model spectrum.

| Tissue | CCA | ordinary correlation analysis |
Tumor 0.9434 0.9515
Edema ND 0.8886
Normal 0.9597 0.9808
Infiltration 0.9264 0.9493
Tumor+Necrosis ND 0.9160
Necrosis 0.9064 0.8486
Axonal damage | 0.7865 0.9150
Mixed 0.9848 0.9866

Table 6.4. Example 3. Correlation coefficients between the average spectrum and
the model spectrum for each detected tissue region. ND stands for not detected,
i.e., no aggressive tumor voxels have been detected.

6.3.7 Detection results: Example 4

Figure 6.16 shows the tissue model spectra used to construct the subspace model
of Example 4. Figure 6.17 shows a screenshot provided by the Philips scanner in



112 Fast nosological imaging of 2DTSI brain data based on CCA  Chapter 6

which the lesion can be observed. The slice of interest is the 14th slice.

The area of interest, from row 8 to row 17 and from column 7 to column 17, is
processed. This is shown in Figure 6.18 along with the corresponding spectral map.
Some spectra are pointed out as characteristic of some tissue types.

Figure 6.19 shows the nosologic image (top) and all the correlation maps (bot-
tom), corresponding to the different tissue types, obtained by applying CCA, while
Figure 6.20 shows the results obtained by applying ordinary correlation analysis.
Similarly to Example 3, Example 4 is much better characterized by CCA than
ordinary correlation analysis. Based on spectroscopy, CCA is able to “well describe”
the different types of tissue that characterize the lesion. It is important to observe
that the mixed tissue detected by CCA actually corresponds to the ventricular and
periventricular normal appearing areas, which means that both Cerebral Spinal
Fluid (CSF) and tissue are present in the detected mixed tissue voxels.

Table 6.5 shows the correlation coefficient between the spectrum obtained as average
of the spectra contained in the detected voxels and the model spectrum.

| Tissue | CCA | ordinary correlation analysis |
Tumor 0.8996 0.8965
Edema ND 0.8577
Normal 0.9789 0.9735
Infiltration 0.3860 0.6860
Tumor+Necrosis | 0.9018 0.8957
Necrosis 0.9091 0.8613
Axonal damage ND 0.7539
Mixed 0.9224 0.9681
Lipids ND ND

Table 6.5. Example 4. Correlation coefficients between the average spectrum and
the model spectrum for each detected tissue region. ND stands for not detected,
i.e., no aggressive tumor voxels have been detected.

6.3.8 Detection results: Example 5

Finally, Figure 6.21 shows the tissue model spectra used to construct the subspace
model of Example 5. Figure 6.22 shows a screenshot provided by the Philips scanner
in which the lesion can be observed. The slice of interest is the 16th slice.

The area of interest, from row 8 to row 17 and from column 7 to column 17, is
processed. This is shown in Figure 6.23 along with the corresponding spectral map.
Some spectra are pointed out as characteristic of some tissue types.

Figure 6.24 shows the nosologic image (top) and all the correlation maps (bot-
tom), corresponding to the different tissue types, obtained by applying CCA, while
Figure 6.25 shows the results obtained by applying ordinary correlation analysis.
CCA is able to “well localize” the tumor region which characterize the example
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under investigation. On the contrary, ordinary correlation analysis detects an in-
filtration region where the tumor region is actually present. Moreover, ordinary
correlation analysis detects a broader mixed tissue region. Finally, the detection
of the edema voxels fails for both methods. Probably, the detection of edema is
difficult as sometimes edema areas can be infiltrated and sometimes they are not.
Table 6.6 shows the correlation coefficient between the spectrum obtained as average
of the spectra contained in the detected voxels and the model spectrum.

| Tissue | CCA | ordinary correlation analysis |
Tumor 0.8439 ND
Edema 0.8611 0.9370
Normal 0.9806 0.9843
Infiltration ND 0.9136
Tumor+Necrosis ND ND
Necrosis ND ND
Mixed 0.9412 0.9288
Lipids ND ND

Table 6.6. Example 5. Correlation coefficients between the average spectrum and
the model spectrum for each detected tissue region. ND stands for not detected,
i.e. no aggressive tumor voxels have been detected.

6.4 Conclusions

In this chapter a validation study on the application of CCA to 2DTSI brain data
was carried out. In particular, the biochemical features of brain tumors and the
advantages of acquiring MRSI data by using 2DTSI sequences were highlighted. The
data were measured in patients affected by glioblastoma tumor, which represents one
of the most heterogeneous tumors. Our studies show that CCA is a fast and reliable
tissue typing technique since it is able to “well characterize” the different tissue
regions of the brain, even when a high degree of heterogeneity is present. Moreover,
the use of spatial information makes the detection results of CCA significantly better
than those ones obtained by ordinary correlation analysis.
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Figure 6.9. Example 2. Top: nosologic image obtained by CCA. Spatial model:
symmetric 3 x 3 without corner voxels. Subspace model: Taylor. Bottom: correla-
tion maps corresponding to all the tissue types.
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Figure 6.10. Example 2. Top: nosologic image obtained by ordinary correlation
analysis. Bottom: correlation maps corresponding to all the tissue types.
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Figure 6.11. Real part of the tissue model spectra used in the Taylor subspace

model of Example 3.
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Figure 6.12. Screenshot of the 13th slice provided by the Philips scanner for
Example 3.
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Figure 6.13. Area of interest of the 13th slice for Example 3.
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Figure 6.14. Example 3. Top: nosologic image obtained by CCA. Spatial model:
symmetric 3 x 3 without corner voxels. Subspace model: Taylor. Bottom: correla-
tion maps corresponding to all the tissue types.
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Figure 6.15. Example 3. Top: nosologic image obtained by ordinary correlation
analysis. Bottom: correlation maps corresponding to all the tissue types.
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Figure 6.16. Real part of the tissue model spectra used in the Taylor subspace
model of Example 4.
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Figure 6.17. Screenshot of the 14th slice provided by the Philips scanner for
Example 4.
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Figure 6.18. Area of interest of the 14th slice for Example 4.
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Figure 6.19. Example 4. Top: nosologic image obtained by CCA. Spatial model:
symmetric 3 x 3 without corner voxels. Subspace model: Taylor. Bottom: correla-
tion maps corresponding to all the tissue types.
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Figure 6.20. Example 4. Top: nosologic image obtained by ordinary correlation
analysis. Bottom: correlation maps corresponding to all the tissue types.
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Figure 6.21. Real part of the tissue model spectra used in the Taylor subspace
model of Example 5.
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Figure 6.22. Screenshot of the 16th slice provided by the Philips scanner for
Example 5.
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Figure 6.24. Example 5. Top: nosologic image obtained by CCA. Spatial model:
symmetric 3 x 3 without corner voxels. Subspace model: Taylor. Bottom: correla-
tion maps corresponding to all the tissue types.
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Figure 6.25. Example 5. Top: nosologic image obtained by ordinary correlation
analysis. Bottom: correlation maps corresponding to all the tissue types.
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In this chapter the main findings and conclusions of the thesis are summarized.
Finally, the ongoing research work and suggestions for possible future research di-
rections are described.

7.1 Summary

The aim of this thesis is the development of accurate, robust and efficient subspace—
based algorithms for the quantification of time domain MRS signals, and for the
tissue segmentation and classification of MRSI data. Below, a short overview of the
main contributions is provided.

7.1.1 Quantification of MRS signals

A well known subspace—based parameter estimation method is HSVD. The compu-
tationally most intensive part of this method is the computation of the truncated
SVD of the Hankel data matrix. A more efficient version of HSVD is already avail-
able in the literature and is called HLSVD. It is freely available in the MRUI soft-
ware package and very frequently used for solvent suppression. HLSVD efficiently
computes the truncated SVD by using the Lanczos bidiagonalization algorithm.
Unfortunately, when working in finite precision arithmetic, numerical problems oc-
cur and, although the van Kats — van der Vorst procedure is applied in order to
overcome such problems, HLSVD sometimes fails in the estimation of the parame-
ters of interest.

We propose two alternative Lanczos—based variants of HSVD, namely HLSVD-
PRO and HLSVD-IRL, based on more robust implementations of the Lanczos al-
gorithm, i.e., the Lanczos algorithm with partial reorthogonalization and the implic-
itly restarted Lanczos algorithm. Via extensive simulation studies, the performance
of HLSVD, HLSVD-PRO and HLSVD-IRL is compared in terms of numerical re-
liability and computational efficiency. Our studies show that the proposed variants
perform best.

7.1.2 Quantification of MRS signals using prior knowledge

MRS data are very often characterized by biochemical prior knowledge, the use of
which significantly improves the performance of the parameter estimation methods
in terms of robustness and accuracy. Unfortunately, subspace—based methods al-
low limited inclusion of prior knowledge, and, although several methods have been
developed that make use of prior knowledge, their performance is generally worse
than that of the optimization—based methods.

We propose a new subspace—based algorithm, called KNOB-TLS, that allows the
use of more prior knowledge about the signal parameters than previously published
subspace—based methods. Its performance is compared with that of three commonly
used methods, namely the subspace-based methods HTLSPK(A fd,) and HTLS,
and the optimization-based method AMARES. Extensive simulation and in vivo
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studies, using 3'P as well as 'H MRS signals, show that the new method outper-
forms HTLS and HTLSPK(A fd.,) in robustness and accuracy, and that it provides
parameter estimates comparable to the AMARES ones.

7.1.3 Tissue segmentation and classification of prostate MRSI
data

The second part of the thesis is devoted to the development of an efficient and
accurate tissue typing technique. This is based on the use of a statistical method,
called Canonical Correlation Analysis (CCA), that represents the multivariate vari-
ant of the ordinary correlation analysis and has already been successfully applied
to functional Magnetic Resonance Imaging data in order to map sensor, motor
and cognitive functions to specific areas in the brain. CCA is adapted for MRSI
data processing in order to detect possible homogeneous tissue regions characteriz-
ing the considered sample. The goal is achieved by exploiting the spectral-spatial
information provided by the MRSI data set. CCA is used to quantify the relation-
ship between two sets of variables, magnitude spectra of the measured data and
the signal subspaces modelling the spectra of characteristic tissue types, by means
of correlation coefficients. These coefficients are afterwards exploited in order to
construct nosologic images in which all the detected tissues are visualized. The
potential and limitations of the new technique are investigated by using simulated
as well as in vivo prostate MRSI data, and the performance of CCA is compared
to that of ordinary correlation analysis. The test results show that CCA performs
best in terms of accuracy and robustness.

7.1.4 Tissue segmentation and classification of brain 2DTSI data

The performance of CCA as a tissue typing technique is further investigated by using
brain 2DTSI data, where 2DTSI stands for two—dimensional Turbo Spectroscopic
Imaging. More precisely, 2DTSI is a fast acquisition procedure able to provide
data with a relatively high spatial resolution in a few minutes (=~ 6 minutes for
the human brain instead of ~ 30 minutes). Five 2DTSI data sets are measured in
patients affected by glioblastoma, which represents one of the most heterogeneous
brain tumors. CCA is then applied in order to retrieve the possible tissue types
characterizing the considered data sets. The purpose of this study is twofold: to
carry out a validation study on CCA when applied as a tissue typing technique to
heterogeneous tumors, and to develop an MRSI technique that is able to combine
a fast acquisition procedure (TSI) with a reliable and fast classification method
(CCA). The results show that CCA is an accurate and fast tissue typing technique
and outperforms ordinary correlation analysis.
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7.2 Further research

7.2.1 CCA based on selected MRSI data features

In the evaluation studies described in Chapters 5 and 6, the data processed by CCA
were the magnitude spectra (for the prostate example) or the real part of the spec-
tra (for the brain examples). In fact, CCA was used to quantify the relationship
between two sets of variables, spectra of the measured data and the tissue signal
subspace, by means of correlation coefficients. An alternative approach of CCA can
be considered and is currently under investigation. The new approach makes use
of selected MRS and MRI features instead of spectra. More precisely, the MRSI
signals are first quantified by using a robust and accurate parameter estimation
method. Afterwards, the estimated amplitudes of the metabolites of interest and
four MRI variables (T3—weighted, To—weighted, proton density image and gadolin-
ium enhanced-T}) are selected for each voxel of the MRSI grid. These quantities
form a vector of features that can be used in the CCA technique to identify the
different tissue types.

7.2.2 CCA applied to three-dimensional MRSI data

In this thesis, the tissue typing technique based on CCA was only applied to two—
dimensional MRSI/TSI data. More precisely, only the slices of interest were pro-
cessed and the processing only involved one slice per time. Therefore, only two—
dimensional spatial information was exploited and the detection and classification
results were only shown for the slices under investigation. It would be interesting
to develop a CCA-based technique able to detect and classify tissues in three di-
mensions. To this aim, two possible approaches could be adopted. The first one
consists of applying CCA to each slice and, once all the slices have been processed,
to combine the detection results in a single three-dimensional image. The sec-
ond approach could be based on the development of a three—dimensional version of
CCA, that is able to exploit the three—dimensional spatial information present in
the MRSI data. To this aim, three-dimensional spatial models are needed and their
performance needs to be studied by using simulation as well as in vivo studies. The
two different approaches could be investigated and compared in order to provide
the best three-dimensional tissue typing technique.

7.2.3 Tissue assignment criterion in CCA

As already specified above, CCA was used to quantify the relationship between two
sets of variables, spectra of the measured data and the tissue signal subspace, by
means of correlation coefficients. These coeflicients were afterwards exploited in or-
der to construct nosologic images in which all the detected tissues were visualized.
More precisely, the nosologic image was obtained by comparing, voxel by voxel, the
canonical coefficients characterizing the different tissue correlation maps. The con-
sidered voxel was then assigned to the tissue with highest canonical coefficient and



Section 7.2. Further research 135

labelled by the corresponding tissue color. This adopted assignment criterion was
quite deterministic. An alternative approach could be the following one: introduce
a threshold value for the correlation coefficients in order to properly classify the
voxels of the slice under investigation. However, the choice of a suitable thresh-
old is a delicate issue and future research studies could be devoted to its selection
and to the investigation of the performance of CCA based on this new assignment
criterion.

7.2.4 Multistage CCA

Finally, a multistage approach of CCA could be applied. In fact, MRSI data are
often characterized by the presence of uninteresting voxels. CCA could be first
applied to remove such voxels (first stage) and, afterwards, to characterize the
tissue types present in the area of interest (second stage).

An alternative multistage approach could also be the following one: to detect the
tumor tissue type by using rough model spectra (first stage) and, once the tumor
type is known, to use a set of refined model spectra in order to define the tumor
grade (second stage).
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