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A B S T R A C T

The tissue sodium concentration (TSC) can be obtained from quantitative sodium
(23Na) magnetic resonance imaging (MRI). It provides valuable information about
tissue physiology, and cell vitality and viability that cannot be derived from con-
ventional hydrogen (1H) MRI. However, even after decades of research, quantitative
23Na MRI is still facing crucial challenges such as its long measurement times and
elaborate measurement setups. Thus, its clinical establishment is still pending. This
thesis aimed to explore data acquisition and post-processing techniques, which could
make quantitative 23Na MRI more efficient for its clinical applications. It intended to
obtain further knowledge about TSC in exemplary pathologies.

For the absolute TSC quantification, usage of external reference phantoms is state
of the art. However, it requires additional efforts and carries the risk of introducing
errors, e.g., because of the phantoms’ spatial distance to the region of interest. In this
thesis, the absolute TSC quantification was performed by considering internal instead
of external quantification references in the 23Na MR image of the brain from patients
with ischemic stroke. The results indicated a reliable TSC quantification based on an
internal reference within the vitreous humor. Prospectively, this could allow for an
easier measurement setup whilst maintaining robust absolute TSC quantification.

Measurement time is a crucial parameter for MRI sequences, and 23Na MRI takes
substantially longer than 1H MRI. A convolutional neural network was optimized,
trained, and tested with the purpose of reducing the required measurement time
for quantifiable 23Na MR images. The results showed that a multiple-fold under-
sampling might be possible for 23Na MR images when applying a properly adjusted
network to the post-processing algorithm, prospectively allowing for substantially
shorter data acquisition times.

Two prospective in-vivo studies were conducted to obtain further knowledge
about TSC alterations: One study investigated TSC in the brain of patients with
brain metastases undergoing stereotactic radiosurgery. The study included 23Na
MR images pre- and post-irradiation. The results indicated that TSC might be able
to quantify radiation-induced tissue changes. The other study investigated TSC in
the human prostate. The results showed differences between TSC in the prostate of
patients diagnosed with cancerous lesions and those with clinically inconspicuous
findings. The findings indicate the additional diagnostic information that quantitative
23Na MRI could be able to provide if being established for clinical applications.

The thesis aimed to contribute to quantitative 23Na MRI overcoming its obstacles.
It proposes how to enable faster, easier, and thus more efficient data acquisition.
Furthermore, it gives insights into the significance of TSC, which was exemplary
explored within patients with ischemic stroke, brain metastases and prostate cancer.
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Z U S A M M E N FA S S U N G

Die Natriumkonzentration im Gewebe (TSC) kann aus der quantitativen Natrium
(23Na) Magnetresonanztomographie (MRT) abgeleitet werden. Sie liefert wertvolle
Informationen über die Gewebephysiologie und die Zellvitalität, die nicht aus der
herkömmlichen Wasserstoff (1H) MRT erlangt werden können. Nach jahrzehntelanger
Forschung steht die 23Na MRT noch immer vor entscheidenden Herausforderungen,
wie zum Beispiel den aufwendigen Vorbereitungen für die Messungen und die lange
Messzeit. Daher ist ihre Etablierung im klinischen Alltag noch ausstehend. Ziel dieser
Arbeit war es, Techniken zur Datenerfassung und Nachbearbeitung zu erforschen, die
die quantitative 23Na MRT für ihre klinische Anwendung effizienter machen können.
Des Weiteren sollten mehr Informationen gewonnen werden über die Aussagekraft
von TSC in beispielhaften Pathologien.

Die Verwendung externer Referenzphantome entspricht dem Stand der Technik
für die absolute TSC Quantifizierung, auch wenn sie zusätzlichen Aufwand erfordert.
In dieser Arbeit wurde die absolute TSC Quantifizierung im Kopf von Patienten
mit ischämischem Schlaganfall durchgeführt, indem interne anstelle von externen
Quantifizierungsreferenzen in dem 23Na MR Bild berücksichtigt wurden. Die Er-
gebnisse deuteten auf eine zuverlässige TSC Quantifizierung bei Verwendung des
Glaskörpers im Auge als interne Referenz. Perspektivisch könnte dies die Natrium
MRT Messungen vereinfachen, wobei eine robuste TSC Quantifizierung beibehalten
wird.

Die Messzeit ist ein kritischer Parameter von MRT Sequenzen und sie ist wesentlich
länger für 23Na MRT als für die 1H MRT. Daher wurde ein künstliches neuronales
Netzwerk optimiert, trainiert und getestet mit dem Ziel die erforderliche Messzeit
für quantifizierbare 23Na MR Bilder zu reduzieren. Die Ergebnisse zeigten, dass eine
mehrfache Unterabtastung der 23Na MR Bilder von Patienten mit einem ischämischen
Schlaganfall möglich ist, wenn ein entsprechend angepasstes Netzwerk auf den
Nachbearbeitungsalgorithmus angewendet wird. Dies könnte eine signifikant kürze
Messzeit ermöglichen.

Um weitere Erkenntnisse über die Aussagekraft von TSC zu erhalten, wurden zwei
prospektive in-vivo Studien durchgeführt: Eine Studie untersuchte die TSC im Gehirn
von Patienten mit Hirnmetastasen, die stereotaktisch bestrahlt wurden. 23Na MR
Bilder wurden vor und nach der Bestrahlung aufgenommen. Die Ergebnisse wiesen
darauf hin, dass die TSC in der Lage sein könnte strahleninduzierte Veränderungen
im Gewebe zu quantifizieren. Die andere Studie untersuchte die TSC in der menschli-
chen Prostata. Die Ergebnisse zeigten Unterschiede zwischen der TSC in der Prostata
von Patienten mit einer diagnostizierten Krebsläsion und von solchen mit klinisch
unauffälligen Befunden. Diese Erkenntnisse weisen auf den diagnostischen Mehrwert
hin, den die 23Na MRT in klinischen Anwendungen liefern könnte.

Diese Thesis sollte einen Beitrag dazu leisten, dass die 23Na MRT einige ihrer
aktuellen Hindernisse überwinden kann. Sie liefert Vorschläge wie eine schnellere,
einfachere und somit effizientere Datenerfassung ermöglicht werden kann. Des
Weiteren liefert sie Erkenntnisse über die Bedeutung des TSC, was beispielhaft in
Patienten mit ischämischem Schlaganfall, Hirnmetastasen und Prostatakarzinom
untersucht wurde.
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1
I N T R O D U C T I O N

Magnetic resonance imaging (MRI) is a well-established, non-invasive medical imag-
ing technique based on the physical phenomenon of nuclear magnetic resonance
(NMR) [Haa+99; Lev08]. It is broadly used and finds applications in the area of
diagnosis, progress control, and treatment decision and planning [Cha+07; Win+07;
Kan+10; Dic+11; Dev12; WT18]. Nowadays, magnetic resonance (MR) images can be
acquired of any body part with various different contrasts [BKZ04; Lu+05; Ayd+12].
Conventional MRI measures the hydrogen (1H) nucleus in the human body, resulting
in images of the human anatomy with a particularly good contrast of soft tissues.
Due to the varying NMR properties of different tissues and the great number of possi-
bilities in MRI sequence design, various MRI techniques have evolved beyond aiming
to depict only the human anatomy but also showing the functional and physiological
processes in the human body [Oga+90; Ban07; Nel11; Ban12], e.g. diffusion-weighted
imaging, perfusion-weighted imaging, or arterial spin labeling.

In addition to the 1H nucleus, there are also other nuclei with NMR properties
[MR13; KS14; SWL16; Thu18; BSJ19; Hu+20]. In 1985, the first human in-vivo brain
MR image was acquired that measured the sodium (23Na) nucleus instead of 1H
[Hil+85]. With 23Na playing an essential and irreplaceable role in the cell metabolism
[SE92; Fal+94; Som04; Som02], 23Na MRI aims to provide information about cell
vitality, viability and activity, which cannot be provided by 1H MRI alone.

1.1 state of the art

Great milestones have been achieved since the first 23Na MR image acquisition.

Hardware developments, with increased available magnetic field strengths and
double resonant (1H/23Na) radiofrequency coils allow for image acquisition within
a conventional clinical setup [MR13; Hu+20]. The higher magnetic field strengths
enable a better signal-to-noise ratio (SNR) without an excessive increase in data
acquisition times [Red98; Ben+13]. Today, 3 Tesla MRI scanners are common; they
are available in any university hospital or larger radiological center. Even 7 T MRI
scanners have received approval (within Europe and within the USA) for clinical
applications in 2017, although, they are still not broadly available [Sch+04; The+08;
Mad+12a]. Research presented in this thesis will be entirely focused on 23Na MRI at
3 T, which is broadly established.

Double-resonant 1H/23Na coils make it possible to acquire conventional 1H MR
images and 23Na MR images with the same coil, thus, enabling to add 23Na MRI after
a standard of care 1H MRI protocol, without having to burden the patient with a coil
change in between, saving time and resources [JL89; Mag+18; Mal+19a; Mal+19b].
Within the area of radiofrequency coils, developments include various combinations
of transmit and receive channels for both nuclei. In this thesis, data acquisition with
two different double resonant coils – for applications in the human head and in the
abdomen – will be explored.

1



2 introduction

Decades of sequence developments and optimization have shown the ability to
generate different contrast images, e.g. sodium-weighted imaging, aiming for the
quantification of the depicted tissue’s sodium concentration [MR13; Par+97]. A
3D radial sequence, first suggested by Nielles et al. in 2007, is the most common
implementation [NV+07], and it was further optimized using various approaches
[Boa+97b; GHN06; Lu+10; Pip+11]. In this thesis,23Na MR images were acquired with
a sequence, which uses a density-adapted read-out, enabling a more homogeneous
data acquisition [Nag+09].

Based on sodium-weighted imaging, the idea of quantifying the tissue sodium
concentration (TSC) was introduced and fast established [Boa+94; Thu+99; Ouw+03;
Ouw+07; Lot+19; Moh+21a]. TSC is of high interest because of sodium’s crucial
role in cell metabolism, which is defined by a sharp gradient between intra- and
extra-cellular 23Na concentration [SE92; Fal+94; Som02; Som04]. Consequently, TSC is
influenced by any changes in sodium concentration or the respective volume fraction
of the extra- or intra-cellular compartment. Therefore, TSC is able to provide valuable
information about tissue vitality and viability. To obtain the absolute TSC, it is
currently considered state of the art to place reference phantoms – typically vials
filled with NaCl and agarose – within the field of view, next to the patient [MR13;
Ouw+07; Han+11; Zaa+12]. Precise positioning of the vials is crucial as image signal
intensity within the vials determines the quantified TSC values of the whole image,
which might be impacted by less careful positioning or by misplacement due to
(involuntary) movements of the patient.

Data acquisition of 23Na MRI is long compared to 1H MRI, which is mainly
caused by the physical and biological properties of the nuclei [KS14; Hu+20]. The
substantially lower natural abundance of the ion and its less favorable gyromagnetic
ratio reduce SNR and image quality, and increase the required measurement time.
Convolutional neural networks (CNNs) are part of machine learning and they are
on the rise for medical image pre- and post-processing and have been applied to
various image modalities, including 1H MRI [KJS17; FA+18]. They have already been
suggested for image reconstructions with the purpose of improving SNR, potentially
enabling the reduction of measurement time [Sch+17a; Ber+19; LL19].

1.2 motivation

Until today, 23Na MRI is still facing various challenges, which have hampered its
clinical establishment so far; despite the developments in hardware and software,
its well-known advantages and the additional diagnostic information that 23Na MRI
could be able to provide.

One of the most prominent reasons for 23Na MRI not being used in the clinical
routine is the long and rather complicated data acquisition.

Data acquisition time is a crucial parameter when deciding on whether a sequence
can be integrated into clinical measurements: An MRI exam might be uncomfortable
for the patient because of the noise and possible claustrophobia. Furthermore, in
some cases, particularly when considering acute diseases, fast treatment decisions
need to be made to reduce further risks to the patient. For example, for patients



1.2 motivation 3

with an ischemic stroke, “time is brain” is a common phrase, meaning that patients
need treatment (and therefore a diagnosis) as fast as possible to minimize the loss
of functioning brain cells and improve the patient’s outcome substantially [Sav06;
Gon06]. Additionally, MRI scanners are still expensive imaging tools, making long
data acquisitions a costly investment.

Under-sampling is an approach of acquiring less data whilst generating images
with the same field of view and resolution. It reduces data acquisition time but
introduces noise and artifacts, also reducing the image quality. The might lead to the
image being considered as not providing sufficient information for image diagnosis.
CNNs are already able to improve 1H MR image post-processing and reconstruction
algorithms. Thus, an CNN optimized for the application on 23Na MR images could
become a valuable tool.

Considering the 23Na MRI measurement setup for TSC quantification, positioning
of the above mentioned reference phantoms carries the hazard of not being sufficiently
accurate or even being forgotten. This might be less problematic within the setup of a
study protocol but could become relevant within a hectic clinical routine, which can
be assumed for any MRI measurement of an acute disease. With the quantification
depending on the signal intensity within the reference phantoms, measurements
with no properly placed phantoms become unusable. Consequently, other references,
which do not depend on external factors and which cannot be forgotten, would be
desirable. With relative TSC (relative to contra-lateral tissue) already having been
explored, the accuracy of absolute TSC quantification based on internal references
with a known sodium concentration would be of high interest.

Additionally, further insights are warranted into TSC changes in certain pathologies
to enable proper interpretation of the data acquired with 23Na MRI.

During an ischemic stroke, cells in the affected area of the brain experience an
insufficient supply of blood, leading to cell swelling and death [BB00; Sav06; WG07];
affecting the TSC. Quantifying the occurred cell damage – through TSC – with the
aim of optimizing treatment decisions, has been suggested previously. While it seems
promising, it still requires further insights and research.

Ionizing radiation from radiation therapy aims to destroy cells within tumorous
tissue whilst minimizing the harm within healthy tissue and stereotactic radio-
surgery (SRS) optimizes radiation distribution by using sharp gradients [Lek83;
WK04; Mil+21]. The following cell death is hypothesized to initially increase the
extra-cellular volume fraction, and consequently TSC. Afterwards, the onset of tissue
regeneration could reverse the process. Therefore, changes in TSC might be an early
biomarker for tissue response to radiation.

The prostate carcinoma is one of the most prevalent tumor diseases worldwide,
and its diagnosis with multi-parametric MRI maintains uncertainties despite well-
established standards [Wei+16; Ken+18; Tol+21]. With TSC having shown to correlate
with tumor malignancies in research about other cancers, it might also be able to
contribute to a more precise diagnosis of lesions within the prostate.
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1.3 outline

This thesis aims to pave the way for a more efficient data acquisition of 23Na MR
images and to contribute to its establishment in the clinical routine for various
diseases. Therefore, it will cover the following:

1. Various TSC quantification techniques are compared, aiming to simplify the
measurement setup for quantitative 23Na MRI.

2. An optimized, applied and tested CNN is introduced as a potential post-
processing technique to reduce 23Na MR image data acquisition time.

3. Two prospective human in-vivo studies are presented, evaluating TSC changes
within brain metastases and their surrounding tissue introduced by SRS (1) and
within the prostate and its possibly tumorous tissue (2).

In this thesis, the application of 23Na MRI was explored and investigated exemplary
in patients with three different pathologies: ischemic stroke, brain metastases and
prostate carcinoma.

Data was used from the clinical study “23Na MRI in ischemic stroke”, which
provided 23Na MR images of patients with an acute ischemic stroke. The data was
used to evaluate various image post-processing techniques:

tsc quantification Absolute and relative TSC quantification were performed
according to the current state of the art techniques and they were compared between
each other and tested for plausibility based on the results of TSC in the region of the
ischemic stroke and in the patients’ white matter and by considering the patients’
pre-existing small vessel diseases (in form of white matter lesions, WML) as well as
previously reported findings. These investigations have been published in [Adl+21b]
by Karger Publishers.

Furthermore, absolute TSC quantification was also performed based on internal
references (namely, the cerebrospinal fluid and the vitreous humor), and the feasibility,
simplicity, and accuracy of the different absolute quantification techniques were
compared.

data acquisition time reduction Aiming to prospectively reduce the data
acquisition time, a CNN was optimized, trained, and tested with the available 23Na
MR image data, which was artificially under-sampled, meaning that data was simu-
lated that would have been acquired with substantially shorter measurement time.
Different network architectures and parameters were considered to obtain an optimal
network configuration for the specific application. The network’s training and initial
tests were conducted with the data from patients with ischemic stroke from the above
mentioned study. This study has been published in [Adl+21a] by John Wiley & Sons
Ltd. Eventually, the network was also applied and tested on real under-sampled data,
meaning data that was actually acquired with a fraction of the initially suggested
data acquisition time.

Furthermore, two prospective human in-vivo studies were conducted:
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tsc after stereotactic radiosurgery One of the studies aimed to investi-
gate TSC changes within brain metastases and their surrounding peritumoral tissue
caused by irradiation. For that purpose, 23Na MR images were acquired from patients
with brain metastases from different primary tumors undergoing SRS. The 23Na MR
images were acquired pre- and post-irradiation and TSC evolution was observed
within the metastases and within the surrounding tissues.

tsc in the human prostate with suspected prostate carcinoma The
second study investigated the TSC within the human prostate with a clinically
suspected prostate carcinoma. 23Na MR images were acquired in addition to a 1H
multi-parametric MRI protocol and TSC quantification was performed within the
prostate’s peripheral zone, transitional zone and – if presented – the lesions.





2
T H E O R E T I C A L B A C K G R O U N D

Magnetic resonance imaging (MRI) utilizes the physical phenomenon Nuclear Mag-
netic Resonance (NMR) and is a diagnostic modality within radiological imaging.
This chapter will provide a brief explanation of the physical background of hydrogen
(1H) and sodium (23Na) MRI and of the vital role of 23Na ions in the human physiol-
ogy. It intends to describe the potential of quantifying tissue sodium concentration
from 23Na MRI.

2.1 nuclear magnetic resonance

Otto Stern [GS24], Isidor Isaac Rabi [RC33], Felix Bloch [Blo46] and Edward Mills
Purcell [PTP46] have all been awarded with cumulatively four Nobel prices for their
contribution in the field of NMR [Boe04]. This section will provide a brief overview
of the fundamental physical concepts of NMR, based on their findings. The here
given explanations follow the books by E. Mark Haacke [Haa+99] and Malcolm H.
Levitt [Lev08].

2.1.1 Nuclear spin

Nucleons, which are protons and neutrons, possess a physical property that is called
spin (Î). The total angular momentum of the nucleon is the sum over its spin and
orbital angular momentum. The total angular momentum of a nucleus is calculated
by the sum over its angular momentum of its nucleons.
The spin describes the nucleus’ rotation around its own axis and it is given as a
unit-less number with a definite magnitude and projection. Only nuclei with an odd
number of protons or neutrons or both have a non-zero spin and exclusively those
nuclei can be used for NMR which is due to the Pauli exclusion principle [Pau25].
The reduced Planck constant  h is defined as

 h =
h

2π
=

6.626 · 10−34Js

2π
(2.1)

and is used to describe the eigenvalue equations

Î =  h
√

I(I+ 1) (2.2)

with I being the nuclear spin quantum number. I is zero when the nucleus consists
of an even number of neutrons and protons and I is a full-integer value when the
nucleus consists of an odd number of protons and an odd number of neutrons. It is a
half-integer value when the nucleus consists either of an odd number of protons or
of an odd number of neutrons which applies for 1H (I = 1/2) and 23Na (I = 3/2). A
non-zero spin generates a magnetic momentum, enabling magnetization.

The gyromagnetic ratio γ is an isotope-specific constant describing the ratio of its
angular momentum (spin) and its magnetic moment −→µ , with

7
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−→µ = γ
−→
I (2.3)

where

γ = g · µN

 h
(2.4)

with g being the nucleus-specific g-factor and µN being the nuclear magneton,
which is defined as

µN =
e h

2mp
(2.5)

with e being the electric charge and mp being the intrinsic mass of a proton. The
gyromagnetic ratio indicates the element’s sensitivity to NMR. Its unit is rad per
second per Tesla. Although, NMR mostly uses γ

2π in MHz per Tesla, e.g. γ1H =

2.68 · 108 rad/sT = 42.58 MHz/T and γ23Na = 7.08 · 107 rad/sT = 11.27 MHz/T.
Multiple nuclei with NMR properties are listed with in Table 2.1.

All nuclei are, at any given point, in a quantifiable energy state. With no applied
external magnetic field, all nuclei of one element will possess the same energy level
and the spins are randomly oriented. The spins are equally distributed in all direc-
tions and, therefore, the net magnetization is zero.

With the application of an external magnetic field, the spins will form a preference
of an orientation parallel or anti-parallel to the direction of the magnetic field, with
slightly more spins being in the parallel orientation. The spin energy levels of the
nuclei split up in an external magnetic field. Therefore, the nuclei’s spin forms the
basis of NMR. The splitting into different levels is called Zeeman effect1.

The magnetic quantum number mI of the spin can take numbers between −I and
I in full integer steps. The number of possible angular momentum states mI is 2I+ 1.
Consequently, 1H with I = 1/2 has two spin states with mI = −1/2 or mI = +1/2

whereas 23Na with its I = 3/2 has four spin states with mI = −3/2, mI = −1/2,
mI = 1/2, and mI = 3/2. The Zeeman effect is depicted in Figure 2.1 for the 1H and
the 23Na nuclei with their different energy states mI.

The magnetic flux density is described by magnitude and direction, as it is a vector.
In NMR, it is commonly labeled as B-field. The coordinate system of the MRI scanner
defines its B0 field as exclusively pointing into z-direction, thus

−→
B =

 0

0

B0

 . (2.6)

The energy of nuclei within such B0 field is calculated by considering the magnetic
energy of the system that is associated with the Hamiltonian operator H, which is
defined by

H = −−→µ
−→
B = γ

−→
I

 0

0

B0

 . (2.7)

1 The Zeeman effect is named after its discoverer, the Dutch physicist Pieter Zeeman. He was awarded
with the Nobel prize in physics in 1902 [ZB97]
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Figure 2.1: The Zeeman effect on nuclei with a spin of I = 1/2 (left) and I = 3/2 (right).

As it is time-independent, the time-independent Schrödinger equation applies with

HΨ = EΨ, (2.8)

where Ψ is the Eigenfunction. The corresponding energy Eigenvalues are

Em = −γ hmIB0, (2.9)

with the difference of energy therefore depending on the considered nucleus’
property (γ), its magnetic quantum number (mI), and the applied magnetic field
strength (B). As mI is in full integer steps, two neighboring energy levels, have the
energy difference of:

∆E = γ hB0. (2.10)

2.1.2 Macroscopic magnetization

The orientation of the spins within the
−→
B -field (parallel or anti-parallel) is not

equally distributed with more nuclei being oriented parallel to B0 and therefore
favoring the lower energy level. The Boltzmann distribution describes the number of
nuclei possessing a certain energy level. The ratio of two Boltzmann distributions
of neighboring energy levels is therefore the ratio of the population density of the
respective energy levels, which can be described by

Nupper

Nlower
= e−

∆E/kBT , (2.11)

with kB being the Boltzmann constant (kB = 1.381 · 10−23 J/K) and T being the
temperature in Kelvin. Considering, for example, the human body with a temperature
of 310 K being exposed to the common magnetic field strength of 3 T, the ratio of the
number of protons in the higher energy level to the number of protons in the lower
energy level is

Nupper

Nlower
= 0.999980. (2.12)
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Considering the number of all spins within a defined volume being N, one can
derive

∆N = N tanh
(

 hγB0

2kBT

)
(2.13)

for the absolute population difference ∆N. Conclusively, the number of spins
which are parallel to the magnetic field exceed the number of anti-parallel spins by 20

per million at 3 T, when considering the 1H nucleus. However, for the 23Na nucleus,
the number of spins which are parallel to the magnetic field exceed the number of
anti-parallel spins by only 5 per million at 3 T with the difference deriving from
the different gyromagnetic ratio. Those 20 or 5 excess spins per million generate
the net magnetization M0 along the

−→
B field with the magnitude M0. In the human

brain, 1H has an approximate concentration c of ≈ 80 mol/liter (M) and 23Na has a
concentration of ≈ 20− 60 mmol/liter (mM) within the brain matter. Considering the
Avogadro constant of NA = 6.022 · 1023 1/mol, one can calculate the nuclei density.
For 1H, one yields

N1H = NA · 80 mol/liter = NA · 80 mol/106mm3

= 4.8176 · 1019 1/mm3
(2.14)

protons in the human brain and for 23Na, one yields

N23Na = NA · 40 · 10−3 mol/liter = NA · 40 · 10−3 mol/106mm3

= 2.4088 · 1016 1/mm3
(2.15)

sodium ions in the human brain. Thus, the proton density is by a factor of ≈ 2, 000
larger than the 23Na ion density in brain matter with the NMR signal intensity (SI)
directly depending on it.

Considering the magnetization being the sum of all spin’s magnetic moments over
the total volume, it is defined by

−→
M =

1

V

N∑
s=1

−→µ s =
1

V

N∑
s=1

γI. (2.16)

Thus, its magnitude M0 depends on the body’s volume V , the number of particles
N, and the nuclear gyromagnetic ratio γ. The sum of all energy levels (Zeeman)
mI includes their population probability (given by the Boltzmann distribution) pm

which is described by

pm =
1

Z
e−

Em/kT , (2.17)

where Z is the partition function, and is described by the sum of all Zeeman states
with

Z =
∑
mI

e−
Em/kT , (2.18)

including Em from Equation 2.9. The magnitude of the magnetization is conse-
quently described by
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M0 =
N

V
γ h

I∑
mI=−I

pmmI (2.19)

in
−→
B -direction, which is known as the Curie law. Due to the magnetization, the

magnetic moment will rotate around the magnetic B-field and its direction, which is
called precession.

The Larmor equation describes the precession frequency of the nucleus with its
gyromagnetic ratio γ while being exposed to a magnetic field with the strength B by

ω0 = γB. (2.20)

The transition between two Zeeman states is only possible by stimulated emission
causing emission of a photon at Larmor frequency. Assuming thermal equilibrium
and no influence of additional, external forces (magnetic fields), the spins will remain
at the state of lowest energy with net magnetization being exclusively along B0

parallel to the z-axis.

2.1.3 Signal excitation, relaxation, and detection

To obtain an NMR signal, a time-varying radiofrequency (RF)-field, commonly
refereed to as B1-field, must be applied in addition to the B0-filed.

excitation The B1-field is perpendicular to B0 and can be defined as

−→
B1 = B1

 cos(ω1)

−sin(ω1)

0

 (2.21)

with ω1 being the oscillation frequency in xy-plane, which will impact the direction
of the magnetization. Assuming no relaxation processes, the effect on the net
magnetization will then be described as

d
dt

−→
M = γM×

−→
B eff (2.22)

with the effective magnetic field

−→
B eff =

−→
B 0 +

−→
B 1 (2.23)

where the B0-field is the longitudinal magnetic field Bz, and the B1-field is the
transverse magnetic field with Bxy = Bx + iBy, in the resting frame.

In the rotational frame of reference, when assuming rotation around the z-axis, the
effective magnetic field comes to:

−→
B eff =


B1

0

B0 −
ω1

γ

 (2.24)

The temporal evolution of the net magnetization is described by
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d
dt

−→
M = γ

−→
M×


B1

0

B0 −
ω1

γ

 , (2.25)

which means that the z component of the magnetization vanishes if the frequency
of the B1-field (ω1) equals the Larmor frequency. Only the transverse component of
B1 magnetization persists with

d
dt

−→
M = γ

−→
M×

B1

0

0

 , (2.26)

where the magnetization derives from
−→
M, precessing around the x-axis. The effect

of B1 on the spin is called signal excitation.

With no relaxation being present and an exclusively longitudinal magnetic field
B0, one yields

dMxy(t)

dt
= −iγMxyB0

dMz(t)

dt
= 0

(2.27)

with the solution

Mxy(t) = Mxye
−iγB0t

Mz(t) = 0.
(2.28)

flip angle The net magnetization can be rotated by the application of an RF-
pulse with a duration τ and direction along

−→
B 1 in the xy-plane. The RF-pulse causes

a ‘flipping’ of the net magnetization out of its thermal equilibrium. The rotation away
from the z-plane occurs with an angle α which is therefore being called flip angle
and is defined as

α = γ

∫
τ

B1(t)dt, (2.29)

which is can be simplified for a rectangular pulse to

α = γτB1. (2.30)

The magnetization and its direction can be changed by the application of B1. After
application of an RF-pulse, the magnetization returns to equilibrium due to relaxation
effects, which cause the equilibrium magnetization in

−→
B0 direction. The process of

the spins returning to their state that is only affected by B0 is called relaxation. The
effect occurs parallel to B0 as well as transverse to B0. Therefore, one distinguishes
between the relaxation times T1 (parallel) and T2 (transverse).
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spin-lattice relaxation The longitudinal relaxation is parallel to B0 and is
called spin-lattice relaxation. The relaxation occurs because the spins are returning
to the most favorable state of energy. Thus, energy – in the form of heat – needs to
be released from the nuclei to the surrounding tissue through rotation. Therefore,
the spin-lattice relaxation not only depends on the applied field strength and the
considered nucleus but also on the surrounding tissue and its properties which
determine the efficiency of energy exchange. The spin-lattice relaxation uses the
time constant T1, which can be derived based on the differential equation of the
magnetization in z-direction (Mz), with the initial magnetization M(0), by

dMz

dt
=

M0 −Mz

T1
, (2.31)

with the solution of the exponential equation being

Mz(t) = Mz(0) · e−
t/T1 +M0 · (1− e−

t/T1). (2.32)

Here, Mz(0) is the net magnetization in z-direction at t = 0, which comes to zero
when assuming an RF-pulse with α = 90°, which allows the simplification to

Mz(t) = M0 · (1− e−
t/T1) (2.33)

showing that T1 relaxation after a 90° pulse is at 63% after 1 · T1 and above 99%
after 5 · T1. For α = 180° the equation can be solved with

Mz(t) = M0 · (1− 2e−
t/T1) (2.34)

as Mz equals −M0 at t = 0. Figure 2.2 shows the exponential recovery of the
spin-lattice relaxation.

Figure 2.2: Spin-lattice relaxation after a 90° RF-pulse. The figure depicts the increasing
longitudinal magnetization over time of two tissues with different T1-times. The
blue blue curve depicts the longitudinal magnetization of a tissue with a shorter
T1-time than the tissue that is depicted with the red curve.

spin-spin relaxation The transverse relaxation decays after elimination of
−→
B1

influences and it is called spin-spin relaxation. It uses the time constant T2.
Right after signal excitation, all spins are in phase and with the same precession

which causes the transversal magnetization Mxy. The magnetic field strength that is
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applied to each nucleus depends on the B0 field and on the magnetic moment of their
neighboring atoms which have an impact because of the dipole-dipole interactions.
The Brownian motion describes random movements of atoms causing the magnetic
field strength to be locally dependent. Thus, each spin experiences a different
field causing a change in freqeuncy and an accumulation of phase differences. The
differential equation of the transverse magnetization is therefore

dMxy

dt
= −

Mxy

T2
(2.35)

and can be solved with an exponential decay of

M ′
xy(t) = M ′

xy(0) · e−
t/T2, (2.36)

where M ′
xy(0) is the transverse net magnetization at the beginning of the relaxation

process and T2 is the time constant describing the spins’ irreversible dephasing
process. The equation can be simplified for α = 90° to

M ′
xy(t) = M0 · e−

t/T2 (2.37)

as transverse net magnetization Mxy is at M0 when the relaxation process starts
according to Equation 2.25. After 1 · T2 the dephasing of the spins is at 63% and it
reaches over 99% at 5 · T2, when α = 90°. Figure 2.3 shows the exponential decay of
the transverse magnetization.

Figure 2.3: Spin-spin relaxation after a ang90 RF-pulse. The figure depicts the decreasing
transverse magnetization over time of two tissues with different T2-times. The
blue blue curve depicts the transverse magnetization of a tissue with a shorter
T2-time than the tissue that is depicted with the red curve.

With dipole fields being more dynamic in liquids and more static in solids, the
spin’s fluctuations are more prevalent in fluids and thus the T2 times are longer. The
spin-spin relaxation does not involve energy transfer (heat) like T1 relaxation and can
occur independently, whereas the spin lattice relaxation will always cause dephasing
and thus there is no T1 relaxation without T2 relaxation.
T2, like T1 also depends on the surrounding tissue and is considered a tissue

property. However, as T2 generally arises from the locally fluctuating magnetic
field strengths, which are not only caused by the surrounding spins but can also
be influenced by possible inhomogeneities of the B0-field, those will consequently
also affect the dephasing process with a measurable impact on T2, resulting in T2∗.
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With increasing B0 inhomogeneities, transverse relaxation will be accelerated and the
measured T2∗ will be shortened. T2 is a tissue property that is independent of the
magnetic field., whereas the observed transverse relaxation time T2∗ is defined as

1

T2∗
=

1

T2
+

1

T2 ′
(2.38)

where T2 ′ is the reversible component of the observed relaxation process deriving
from the macroscopic B0 inhomogeneities. The T2∗ relaxation damps the free induc-
tion decay. Considering the field inhomogeneities to be static, the T2 ′ effects can be
eliminated by applying a 180° RF-pulse after a 90° excitation pulse. The additional
180° pulse generates a spin-echo2 which enables determination of the actual tissue
property T2. [BPP48]

bloch equations The Bloch equations were derived by Felix Bloch in 1946. They
combine the above described macroscopic magnetization with the signal excitation
and the relaxation processes, which applies for the I = 1

2 spin of 1H in homogeneous
media.

The three-dimensional components are described by:

dMx

dt
= γ

(−→
M×

−→
B
)
x
−

Mx

T2
dMy

dt
= γ

(−→
M×

−→
B
)
y
−

My

T2

dMz

dt
= γ

(−→
M×

−→
B
)
z
−

Mz −M0

T1

(2.39)

This can be simplified, when assuming
−→
B to be a longitudinal magnetic field in

z-direction, to

dMx

dt
= ω0My −

Mx

T2
dMy

dt
= −ω0Mx −

My

T2
dMz

dt
=

M0 −Mz

T1
,

(2.40)

where ω0 is the Larmor frequency defined according to Equation 2.20.
The x and y component of the equation can be solved by considering the definition

of the
−→
B -field and come to

Mx(t) = e−
t/T2(Mx(0)cos(ω0t) +My(0)sin(ω0t))

My(t) = e−
t/T2(My(0)cos(ω0t) −Mx(0)sin(ω0t)),

(2.41)

which can be combined to:

Mxy(t) = Mx(t) + iMy(t)

= eiω0t · e−t/T2Mxy(0)
(2.42)

2 The spin-echo was discovered by Erwin Hahn in 1950 [Hah50].
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signal detection Faraday’s law of induction (also: Maxwell-Faraday equation)
describes the interaction of a magnetic field

−→
B with an electric circuit. It explains the

phenomenon of electromagnetic induction stating that the change of the magnetic
flux Φ in a coil induces an induction voltage Uind that is defined as

Uind = −
dΦ
dt

= −
d

dS

∫
S

−→
B d

−→
S

(2.43)

with
−→
S being the surface of the coil and the magnetic flux being described with

the Stokes theorem

Φ(t) =

∫
S

−→
B (S, t)dS

=

∫
V

−→
Mxy(

−→r , t)
−→
B−

1 (
−→r )d3rtext,

(2.44)

where −→r indicates the location within the magnetic field and
−→
B−

1 is the coil’s
receive field. When the principle of reciprocity3 applies, B−

1 corresponds to the magnetic
flux created by the coil (B+

1 , also called the transmit field). With Equation 2.43 and
Equation 2.44, one can derive

Uind = −
d
dt

∫
V

−→
M(−→r , t)

−→
B−

1 (
−→r )d3r (2.45)

The magnetization
−→
M is constant in longitudinal direction with only B0 being

present but the magnetic flux experiences changes with the introduction of B1 when
−→
M is flipped away from the z-axis into the transverse xy-plane by the angle α. With
Equation 2.26 and Equation 2.45, one can derive

Uind ∝ γB0B1VM0 sin(α) sin(ω0t+ϕ) (2.46)

as a homogeneous B1 caused Mxy = M0 sin(α). Assuming the magnetic field to be
perfectly homogeneous and neglecting all relaxation effects, it follows

Uind ∝ S = γ3I(I+ 1)c (2.47)

with S being the physical sensitivity of the nucleus and c being the natural, relative
abundance of the isotope. Table 2.1 lists multiple commonly used NMR nuclei (I ̸= 0)
which may also be present in the human body. The physical sensitivity S is given
relative to the sensitivity of 1H [Har+01].

However, the NMR SI does not only depend on the signal sensitivity but also on the
natural abundance of the nucleus in the examined substance, which was exemplary
calculated for 1H and 23Na in the human brain in Equation 2.14 and Equation 2.15.

2.1.4 Quadrupolar interactions

The above-explained dipole-dipole interactions occur for all nuclei with a spin of I ⩾
1/2, like 1H. All nuclei with a spin I > 1/2, like 23Na with I = 3/2, experience additional

3 The principle of reciprocity describes how to determine an RF coil’s receive sensitivity from its transmit
field. It was introduced by David I. Hoult et al. in 1976 [HR76].
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Table 2.1: Physical NMR properties of some nuclei in the human body according to [Har+01].

Isotope Spin I µ/µN
γ/2π

[MHz
T

]
c [%] S

1H 1/2 4.84 42.58 99.99 1.0
17O 5/2 −2.24 −5.77 0.04 1.11 · 10−5

19F 1/2 4.55 40.08 100 8.3 · 10−1

23Na 3/2 2.86 11.27 100 9.3 · 10−2

31P 1/2 1.96 17.25 100 6.7 · 10−2

39K 3/2 0.51 1.99 93.26 4.8 · 10−4

electrical quadrupolar interactions. They possess a nuclear electric-quadrupole
moment Q that can be calculated with the quadrupolar coupling constant

CQ =
e2qQ

 h
(2.48)

and the quadrupolar frequency

ωQ =
e2qQ

2I(2I− 1) h
, (2.49)

where the system can be described by the quadrupolar Hamiltonian

HQ =
ωQ

2
(3I2z − I(I+ 1)) (2.50)

when assuming human tissue where the quadrupolar interactions are significantly
smaller than the Zeeman interactions (HQ ≪ Hz) and when assuming a perfect
ellipsoid shape of the charge distribution. [MR13]

For 1H, the quadrupole moments are zero due to its I = 1/2 spin. 23Na, with its
I = 3/2 spin, has a quadrupolar moment but all higher-order moments are zero,
which become non-zero for nuclei with higher spins.

With no quadrupolar moment (for all nuclei with I ⩽ 1/2), the electrical charge
distribution is spherical and thus symmetrical so it does not interact with electric field
gradients. With a quadrupolar moment of the nucleus, the nuclear electrical charge
distribution becomes elliptical and thus asymmetrical. Different charge orientations
which do not correspond to the same energy level become possible. The nucleus
can take the more or less favorable energetic state. Examples of different charge
distributions are illustrated in Figure 2.4.

The rotation of the nucleus can change the orientation of the asymmetrical charge
distribution in reference to the electric field gradient, causing the asymmetrical charge
distribution to interact with the electric field gradients.

The quadrupolar interactions depend on the surrounding tissue, which influences
the rotational correlation time τC that is defined as the time it takes for a molecule
to rotate 1 rad around an arbitrary axis. The consideration of the rotational correla-
tion time allows the separation into different motional regimes of the quadrupolar
interactions, depending on τC and ω̄Q. Furthermore, the time-averaged value of ωQ,
which is ω̄Q needs to be considered with macroscopic anisotropy causing ω̄Q ̸= 0

because of a resulting shift of the energy levels.
Considering the interaction of 23Na within different surrounding media, one yields

different spectra according to Rooney et al. [RS91]:
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Figure 2.4: The charge distribution of a nucleus being placed in an electric field with two
negative charges on the x-axis and two positive charges on the y-axis. The figure
on the left depicts the spherical electric charge of an I = 1/2 spin. The other two
figures depict the ellipsoid charge distribution of an I = 3/2 spin with the figure
on the right showing the energetically less favorable state compared to the state
that is shown in the middle figure.

1. ω0τC ≪ 1 →, ω̄Q = 0 → extreme narrowing motion regime

• Type d spectrum, e.g. NaCl solution

2. ω0τC > 1, ω̄Q = 0 → intermediate motion regime, bi-exponential relaxation

• Type c spectrum, e.g. human tissue (interaction with macromolecules such
as proteins)

This is illustrated in Figure 2.5. Rooney et al. further mention type b (e.g. inho-
mogeneous powder) and type a (e.g. crystalls) spectra, which will not be further
explained here and are not depicted in Figure 2.5 as they are not relevant for the
work presented in this thesis.

Figure 2.5: NMR spectra of I = 3/2 under the influence of no magnetic field (left) and under
the influence of a magnetic B-field (right), which results in different spectra
depending on the tissue type. The figure is adapted from [RS91].

Quadrupolar interactions have an additional impact on both (spin-lattice and
spin-spin) relaxation times and thus cause a bi-exponential signal decay with two
components of each relaxation for type c spectra but not for type d spectra. Therefore,
the relaxation times T1 and T2 will be split into one fast (index: f) and one slow
(index: s) component that are defined by
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where C is the coupling rate
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(2.52)

with η being a parameter of the field gradient asymmetry. The model is an
extension of the Bloch equations. It is named after Nicolaas Bloembergen, Edward
Mills Purcell, and Robert Pound [BPP48] and is thus called the Bloembergen-Purcell-
Pound (or short BPP) theory. It applies exclusively to pure substances.

For T2, the fast component is responsible for 60% and the slow component is
responsible for 40% of the transverse relaxation, when considering one specific
medium. The two T2 components of 23Na have been measured and a bi-exponential
decay was observed in a way that both components were distinguishable. For T1,
the fast component takes 20% of the total longitudinal relaxation and the slow
component takes 80%. Here, the bi-exponential decay for 23Na is challenging to
measure as the values of T1f and T1s are similar. Thus, for T1, both components
are difficult to distinguish from each other and a mono-exponential T1 decay is a
common assumption. Assuming very short correlation times with ω0τC ≪ 1, T1 and
T2 become mono-exponential again and yield similar values. Thus,

T1f = T1s = T2f = T2s =
1

4CτC
(2.53)

applies.

2.2 magnetic resonance imaging

In 2003, the Nobel prize in medicine was awarded to Paul C. Lauterbur [Lau73] and
Sir Peter Mansfield [MG73], who are considered pioneers in the field of MRI, which
uses the NMR phenomenon for medical imaging and diagnosis.
MRI enables the representation of the internal anatomy without exposure to ionizing
radiation. MRI is considered to be a safe and non-invasive imaging technique, as
(opposite to computer tomography, CT) it does not use ionizing radiation. MRI has
been used in the clinical routine since the nineteen eighties4. It is well-established
and state of the art for the diagnosis of many conditions and diseases. This section
will provide a brief overview of the basic concepts of MRI physics and applications.

4 In 1971, Raymond Damadian was the first to suggest in-vivo NMR for cancer detection [Dam71].
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2.2.1 k-space and spatial encoding

Any acquired NMR data can be understood to be in the Fourier space, which is
here called k-space, thus being the Fourier transform5 of the magnetic resonance (MR)
image. Consequently, the inverse Fourier transform needs to be applied to obtain
the image. As NMR signals have magnitude and phase, all k-space data are complex
with a real and imaginary part. The SI in k-space over the time τ is determined by
the transverse magnetization and the applied gradient by

SI =
y

M ′
xy(x,y, z) · e−iγ(

∫
τ Gx(t)xdt+

∫
τ Gy(t)ydt+

∫
τ Gz(t)zdt) dxdydz (2.54)

which can be simplified to

SI(
−→
k ) =
y

M ′
xy(x,y, z) · e−i(xkx+yky+zkz) (2.55)

when introducing the wave number k with

ki = γ

∫
τ

Gi(t)dt (2.56)

The signal intensities SI(
−→
k ) can therefore be transformed from k-space into image

space through the Fourier transform F. Thus, information from k-space defines the
resulting MR image.

MR image reconstruction depends on the localization of the acquired NMR signal
in k-space in image space, which is called spatial encoding. It is enabled by the intro-
duction of magnetic field gradients

−→
G that are superimposed on the magnetic field.

Considering the Larmor frequency ω0 depending on the field strength according to
Equation 2.20, the introduction of a field gradient

−→
G =

Gx

Gy

Gz

 =


dB
dx
dB
dy
dB
dz

 (2.57)

will impact ω0 by

ω(−→r ) = γB(−→r )

= γ(B0 +
−→r

−→
G ),

(2.58)

resulting in each spatial point corresponding to one specific frequency. Consider-
ing two-dimensional imaging, the information of the location is encoded via three
different processes: slice selection, phase encoding, and frequency encoding. The
spatial encoding process is graphically illustrated in figure Figure 2.6

5 The Fourier transform is a mathematical function, translating a time- or space-dependent function
to frequency dependency, which was described by the French mathematician Jean-Baptiste J. Fourier
[Fou22].
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Figure 2.6: Spatial encoding of the NMR signal for the localization of the signal to enable MR
image reconstruction.

slice selection The application of a gradient parallel to the main magnetic field
with Gz ̸= 0 will cause a dependency of the Larmor frequency on the longitudinal
location with

ω0(z) = γ(B0 + zGz) (2.59)

and is thus called slice selection when applied parallel to the RF-pulse. The gradient is
activated during the RF-pulse. The frequency varies along the z-axis. The application
of an RF-pulse will only excite spins with resonance frequencies within the RF
bandwidth ∆ω which are thus in local proximity to each other. The spatial width ∆z

of the excited slice depends on the RF bandwidth by

∆z =
∆ω

γGz
(2.60)

with the slice thickness linearly increasing with ∆ω. After the RF-pulse, a second
gradient is applied in z-direction. It has opposite direction and half the area under
the curve of the first gradient. Its purpose is the compensation of the dephasing of
the spins.

Slice selection is mostly relevant for two-dimensional imaging. For three-dimensional
data acquisition, no slice selection is needed as all spins within the coil’s reach are
excited at the same time, requiring an additional phase encoding z-direction, which is
described below. While two-dimensional imaging commonly uses a sinc-pulse for the
signal excitation (Figure 2.6), three-dimensional imaging mostly uses a rectangular
pulse.

phase encoding The second dimension of spatial encoding is the Gy gradient
along the y-axis, which is applied after the RF-pulse but before the readout window.
The Gy gradient changes the frequency along the y-axis for a limited time τ. After
deactivation of Gy, the spins have the same frequency again but were shifted in
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phase along their location on the y-axis. Therefore, this encoding step is called phase
encoding. The shift can be described with

∆ϕ(y) = γGy(y)τ (2.61)

and is repeated with varying Gy causing different phase shifts and thus precise
localization of the y-axis based on the signals’ phase shifts.

frequency encoding The gradient along the x-axis Gx is applied during the
readout window. The precession frequency of the spin is therefore depending on
their location on the x-axis during readout with

ω(x) = γ
−→
B (x) = γ(B0 +Gx(x)) (2.62)

and the last encoding step is therefore called frequency encoding.

image resolution and field of view All points in k-space do not change
continuously but discrete. This is because of the sampling with an analogue to digital
converter with the time difference ∆tx in frequency encoding direction and gradient
difference ty in phase encoding direction. It results in a total amount of Ni points that
were sampled in the respective direction, with the distance between two neighboring
points in k-space being defined as ∆ki. The most common k-space sampling is with
a Cartesian6 trajectory resulting in a cuboid k-space. In two-dimensional imaging, the
slice thickness is defined by Gz and pulse bandwidth. Using Cartesian imaging, ∆ki
can be described with

∆kx =
γ

2π
Gx∆tx

∆ky =
γ

2π
ty∆Gy.

(2.63)

The field of view (FoV) of the MR image depends on that distance between two
k-space points with

FoVx =
1

∆kx

FoVy =
1

∆ky

(2.64)

and the resolution of an MR image is defined by the distance between two image
points, depending on the maximum values kmax and −kmax in that direction with

∆x =
1

2kmax,x
=

1

NxγGx∆tx

∆y =
1

2kmax,y
=

1

Nyγty∆Gy
.

(2.65)

The Nyquist criterion7 requires a sampling rate of at least twice the highest frequency
to be sampled, thus setting an upper limit for ∆tx and ∆Gy with

6 Cartesian sampling means acquisition of regularly spaced data points, enabling the Fast Fourier
Transformation.

7 The Nyquist criterion was defined by the electrical engineer Harry Nyquist. It determines a sampling
rate for the stability of a dynamic system [Nyq32].
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∆tx ⩽
1

2ωmax,x
=

1

NxγGx∆x

∆Gy ⩽
1

Nyγty∆y
.

(2.66)

signal-to-noise ratio The quality of an MR image can be quantified by
consideration of the signal-to-noise ratio (SNR).

The SNR is a commonly-used parameter to evaluate the power of the measured
signal compared to the unintentionally recorded additional background noise. It is
defined as the fraction of the mean SI to the standard deviation of the background
noise, which is expressed by

SNR =
µSignal

σNoise
. (2.67)

The noise in MR images derives from the hardware (MRI scanner and RF coils) or
from artifacts that are caused by the investigated body. The acquired noise can be
assumed to be Gaussian8 in k-space. To derive the MR image, one uses the complex
Fourier transform and mostly only regards the absolute values of the image points
instead of considering the real and imaginary part. After this operation, the noise in
image space follows the Rician distribution [Mac96; GP95; Ric44].

The SNR is proportional to the voxel volume and the square root of the MRI
acquisition time (TA), thus

SNR ∝ ∆x∆y∆z
√
TA (2.68)

applies.

2.2.2 Sequences and contrasts

MRI sequences are defined by their sequential RF-pulses, the set of gradients, and
the related parameters which determine the MRI contrast that eventually defines
the visibility of the depicted structures. Human tissues have different relaxation
times and therefore different contrasts are best suited for the diagnosis of differing
pathologies within differing types of tissues.

image contrasts The most common MRI sequences aim for one of the three
main contrasts:

1. T1-weighted

2. T2-weighted

3. ρ-weighted

Those can be less or more prevalent within an MR image by adjusting the echo time
(TE) and the repetition time (TR) when using a spin-echo sequence. Both parameters
are crucial for sequence design. The repetition time is the time between two RF
excitation pulses and the echo time is the time from the middle of the RF excitation
pulse to the peak of the received signal which is graphically illustrated in Figure 2.6.

8 Gaussian noise is noise with its probability density function being the normal (Gaussian) distribution.



24 theoretical background

A T1-weighted (T1w) image is acquired when using short TR (TR ≪ T1) and a short
TE (TE ≪ T2∗). The T2-weighted (T2w) contrast is caused by a long TR (TR > 3T1)
and a long TE (TE > 3− 5 · T2∗). The spin-density or ρ-weighted contrast depends
on the investigated nucleus and is also called proton-weighted or sodium-weighted
contrast. It can be obtained by using a long TR and a short TE. When using a short
TR and a long TE, the contrast will be generally poor. The contrasts are graphically
illustrated in Figure 2.7.

Figure 2.7: The effect of long and short TR and TE on the resulting MRI contrast: T1-weighted,
T2-weighted, and spin-density-weighted.

gradient-echo There are many different MRI sequences that are used and
established in the clinical routine. Different MRI scanner vendors use company-
specific names for their sequences but one of the most basic and relevant sequence
is the gradient-echo sequence. It uses only one RF-pulse before the readout. Thus,
signal relaxation follows the free induction decay. The x-gradient can be applied in
the opposite direction to dephase the spins which enables the sampling to start at
higher frequency instead of the k-space center. The excitation angle α can be adjusted
for the specific tissue that is investigated with

αE = arccos
(
e−

TR/T1
)

, (2.69)

where αE is the Ernst angle that allows to generate the maximal SI.
The MR image SI is proportional to TR and TE, which can be described by

SI = ρ sin(α)
1− e−

TR/T1

1− cos(α)e−TR/T1
e−

TE/T2∗ ·K (2.70)

when a flip angle (α ⩽ 90°) is chosen, where K is the transmit/receive coil sensi-
tivity. In that case, the sequence is also called fast low-angle shot, or short FLASH.
Equation 2.70 shows a linear dependency between SI and the spin-density ρ for
gradient-echo sequences, which enables the below describes quantification processes.

spin-echo The spin-echo sequence uses, compared to the gradient-echo, an
additional 180° pulse after the 90° RF excitation pulse. The purpose is to correct for
−→
B 0-field inhomogeneities and thus eliminating the T2∗ effects, which enables the
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measurement of T2. The 180° pulse is applied exactly in between the excitation pulse
and the readout window. Thus, at t = TE

2 after the first RF-pulse.
After the excitation pulse, dephasing occurs due to B0 inhomogeneities with T2∗.

The 180° pulse reverses the spin’s phase, which also reverses the dephasing processes
(this is called rephasing). Therefore, at readout, the spin’s dephasing due to field
inhomogeneities has occurred in two opposite directions and was thus erased. Thus,
at readout, the spin’s phase is only depending on T2 rather than T2∗. This is why T2

is also called the irreversible transverse relaxation whereas the transverse relaxation
due to field inhomogeneities is considered reversible.

inversion recovery The inversion recovery sequence uses an additional 180°
pulse before the RF excitation pulse. Thus, the longitudinal magnetization is inverted
before it is flipped by the excitation pulse. The time between the inversion pulse and
the excitation pulse is called inversion time TI.

This sequence is commonly used when one aims to determine T1-times. The
longitudinal magnetization is flipped to −M0 and depends on TI and T1 with

S ∝
∣∣∣M0

(
1− 2e

TI/T1
)∣∣∣ (2.71)

and passes zero during the relaxation process. The signal of tissues can thus be
eliminated with

TI = ln(2)T1. (2.72)

Eliminating the signal of certain tissues can be useful for the more detailed diagno-
sis of the surrounding tissue.

2.2.3 Quantification

Conventional MRI sequences will provide images with a contrast that was impacted
by T1, T2, and spin-density ρ. The signal intensity further depends on coil positioning,
measurement time and also on placement within the MRI scanner due to field
inhomogeneities. Inhomogeneities may also arise from the RF coil, which are either
from the transmit (B+

1 )- or the the receive (B−
1 )-field. Therefore, the MRI technique is

considered not to be a quantitative imaging technique – opposite to CT, which uses
the Hounsfield unit with absolute numbers.

Even though, various MRI quantification techniques have been implemented and
established like the apparent diffusion coefficient (ADC) from diffusion-weighted
imaging (DWI), or T1- and T2∗-maps.

For gradient-echo sequences, the MR SI linearly depends on the spin-density as was
shown in Equation 2.70. Further considering the coil’s inhomogeneities, the equation
can be adjusted by its dependency on the location r and can thus be expressed by

SI(r) ∝ ρ(r) · (CB1− ·CB1+ ·CT1 ·CT2∗)−1 , (2.73)

where ρ(r) describes the spin density at location r. CB1+ and CB1− are the
correction factors for the transmit / receive field, respectively. CT1 and CT2∗ are
correction factors for T1- and T2∗-weighting with CT2∗ changing depending on
whether the considered medium can be assumed to have a mono- or a bi-exponential
T2∗ relaxation.
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The B+
1 correction factor exclusively depends on the flip angle α with

CB1+ = sinα, (2.74)

which becomes 1 and thus obsolete when a homogeneous α = 90° can be applied.
The relaxation time correction factors can be calculated with:

CT1 =
1− cosαe−TR/T1

1− e−TR/T1

≈ 1

1− e−TR/T1

CT2∗,mono =
1

e−TE/T2∗

CT2∗,bi =
1

0.6e−TE/T2∗
f + 0.4e−TE/T2∗s

(2.75)

The approximation for CT1 is valid when α ≈ 90°.
The B−

1 -field and its correction factor mainly depend on the used coil’s sensitivity.
Inhomogeneities in the B−

1 -field can be assumed to occur mainly within low frequen-
cies. There are common approaches to correct for B−

1 inhomogeneities. One is to scan
a homogeneous phantom (for 23Na MRI a saline phantom is required), acquiring the
coil’s sensitivity map, which can then serve as correction map. Another approach is
to use the assumption of B−

1 inhomogeneities to occur mainly within low frequencies
and to apply a low-pass filter (LPF) to obtain the correction map. The method using
a LPF was used in this thesis and is explained in more detail in subsubsection 3.4.2.2.

2.3 23
na mri

Sodium (23Na) yields, after 1H, the second strongest NMR signal of all nuclei in the
human body and 23Na is the only stable sodium isotope in the human body, thus,
having a relative abundance of 100%. The NMR sensitivity of 23Na is ≈ 9.3% (see
Table 2.1) relative to the 1H NMR sensitivity. Additionally, the ion’s concentration
in the human body is ≈ 20− 60 mM compared to ≈ 80 M 1H, yielding a 23Na MRI
signal that is around 20, 000-times lower compared to the 1H MRI signal.

First in-vivo 23Na MR images in the human head were performed in 1985 by
Hilal et al. [Hil+85]. Ever since, applications, sequences, and acquisition techniques
have evolved and been adapted [LHC86; Per+86; Kol+87; RHO89; Win90; Boa+97b;
Boa+97a; Thu+99]. Along with rising magnetic field strengths in research and in
the clinical routine, 23Na MRI has evolved and can nowadays provide valuable
information for a variety of pathologies that cannot be derived from 1H MRI alone
[MR13; SWL16; KS14; Thu18; BSJ19; Hu+20].

2.3.1 Physiology

In the human body, 23Na plays an essential role in many cellular processes and
functions. It occurs extra- and intra-cellular with a respective concentration of ≈ 145

mM and ≈ 10− 15 mM. The concentration gradient is maintained by the Na+/K+

ATP-ase, a trans-membrane protein pumping Na+ and K+-ions across the plasma
membrane against their concentration gradient [SE92; Fal+94; Som02; Som04]. The
mechanism is depicted in Figure 2.8.
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Figure 2.8: Graphical illustration of the Na+/K+-ATPase pumping Na+ and K+ ions against
their concentration gradients.

The protein moves three Na+-ions from the cytoplasm into the extra-cellular space
and exchanges those for two K+-ions whilst requiring energy in the form of adeno-
sine triphosphate (ATP). An insufficient ATP supply will restrain the ATPase from
maintaining the Na+/K+ gradient. This will lead to an influx of Na+-ions into the
cell and thus an increased intra-cellular sodium concentration (ISC). Because of
osmosis, excessive amounts of water will enter the cell, leading to osmotic swelling
and eventually causing cell death [MR13; Hu+20].

The tissue sodium concentration (TSC) is the volume-weighted average of the
ISC, and extra-cellular sodium concentration (ESC) [Boa+94; Thu+99; BSJ19]. In the
human body, ESC is apparently relatively constant around 145 mM, whereas the
ISC might undergo changes depending on cell properties [GG82]. In healthy tissue,
the intra- and extra-cellular volume fraction (IVF/EVF) are at about 20% (IVF) and
80% (EVF). Consequently, TSC will be impacted by alterations in ISC or ESC or by
changes in the IVF to EVF ratio9, with those factors possibly changing independently
of each other [Roo+15; Bai+18; BSJ19].

Vice-versa, changes in the TSC can indicate changes in cell density, vitality or
viability or can be caused by a restricted energy supply of the Na+/K+-ATPase. A
variety of pathologies have been shown to be associated with changes in TSC.

The earliest 23Na MR images have started investigating the cerebral stroke, which
remains of high interest until today [SNS93; Lin+01; Thu+05; Hus+09; Kim+14;
Lef+20]. Other investigated diseases in the brain involved glioblastomas and tumor
diseases [Thu+99; Ouw+03], multiple sclerosis [Zaa+12; Eis+21; Web+21], and neu-
rodegenerative diseases such as dementia or amyotrophic lateral sclerosis [Gra+19;
Hae+20; Moh+21b]. Furthermore, the TSC was investigated, e.g., in musculoskeletal
diseases [Con+00; Sha+02; Web+11; Ger+20], in various tumor diseases beyond the
brain [Ouw+07; Jac+10; Pok+21] and in different applications within abdominal
imaging [Gra+13; Han+14; Jam+15; Mal+19a].

9 The principle of TSC being influenced by the independent factors of ESC, ISC and IVF to EVF ratio,
which might be competing with each other is referred to as ‘Hilal-ambiguity’ [BSJ19].
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2.3.2 Hardware

23Na MRI requires signal excitation and acquisition at 23Na’s Larmor frequency, thus
requiring MRI scanners and RF coils to cover additional frequencies.

23
na mri scanners MRI scanners can be enabled for X-Nuclei MRI (MRI of

other than the 1H nucleus) by an additional bandwidth filter, meaning a broadband
transmitter and receiver, covering the respective nucleus’ Larmor frequency. In this
thesis, data acquisition was performed with two clinical MRI scanners of 3 Tesla,
where 23Na’s Larmor frequency is at 33.81 MHz (assuming exactly 3 T), which is
almost four times lower compared to the 1H’s Larmor frequency (127.72 MHz at 3 T)
[KS14; Hu+20].

23
na mri coils For X-Nuclei MRI, the RF coils’ transmit and receive frequencies

are, analogue to the MRI scanners, also required to be tuned for the respective
nucleus’ Larmor frequency. Therefore, 23Na MR images cannot be acquired with
every standard clinically available coil but require dedicated 23Na coils [VG12]. For
human MRI scanners, dual-tuned coils, which can acquire 1H and 23Na MR images,
are mostly used, whereas 23Na-only coils are less common [JL89; Mag+18; Mal+19a;
Mal+19b]. This offers the great advantage of acquiring clinically required 1H MR
images and 23Na MR images within the same measurement session, and with no
repositioning of the patient [NP+15]; making image co-registration between both MRI
modalities easier and more reliable and the overall data acquisition process faster. The
possibility of faster data acquisition makes 23Na MRI substantially more practicable
in the clinical setup. With no required coil change, the data acquisition also becomes
more tolerable for the patient as MRI – even if it is non-invasive and does not expose
the patient to ionizing radiation – can cause discomfort for the patient because of the
small space and the restricted possibility of movements combined with loud noise
[MB97; Ozt+20]. Additionally, MRI scanners are still expensive medical imaging
tools. Thus, faster data acquisition times, with no long periods between two image
acquisitions, can also make 23Na MRI more profitable for the respective hospital or
radiological center.

The development of dual-tuned coils was an indispensable contribution for the
perspective establishment of 23Na MRI in the clinical routine.

For applications in the human head, transmit/receive (Tx/Rx) birdcage coils are
commonly used, which may be one- or multi-channel coils [JL89; Ibr+01; WBL16]. For
Tx/Rx birdcage coils, the principle of reciprocity can be assumed, meaning that the
coil’s transmit and receive fields (B1) can be directly derived from each other [HR76;
Hou00]. In this thesis, the B1-fields are assumed to be homogeneous when using
a one channel Tx/Rx 1H/23Na birdcage head coil, which was based on previously
reported findings [Isa+90; Ibr+01; Gio+02; Pas20].

In the human abdomen, multi-channel surface coils are more common, although
birdcage coils are also available. When using surface coils or any coils where transmit
and receive coils are not analogue, the principle of reciprocity does not apply and
B+
1 and B−

1 need to be considered separately. For the image reconstruction of data
acquired with multi-channel coils, it is common practice to reconstruct all channels
individually, resulting in as many images as RF receive channels were used. The
channels’ individual images can be combined using different approaches.
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A common and robust approach is the sum-of-squares method. It takes the absolute
square of each channel’s image and combines them by taking the square root of their
sums. It aims to suppress any spatial weighing, as it assumes spatial uniformity for
the sum of the absolute squares. However, the assumption is – usually – not justified
for surface coils [Roe+90; BLH02; She+10].

Another approach for a multi-channel coil combination is an adaptive coil combi-
nation (ACC), which optimizes the coil weights for their combination by calculating
the statistically expected signal and noise covariances [WGM00; Ben+16; Lac+20].

2.3.3 Sequences and quantification

Decades of MRI sequence developments and optimization have shown the ability to
generate different contrast images. Sequences for sodium-weighted imaging, as well
as for 23Na T1w or T2w imaging were introduced. Furthermore, also multi-quantum
imaging techniques have been explored, which aim to use the nucleus’ quadrupole
interactions to distinguish between ISC and ESC [Ben+13; Fie+13; BBN14; Sch19;
HSR20; Hu+20]. This thesis will exclusively consider sodium-weighted imaging,
focusing on the TSC.

sodium-weighted imaging For sodium-weighted imaging, developments have
resulted in rapid pulse imaging with ultra-short echo times as the most favorable
sequences, which are now well-established [Par+97; MR13].

A 3D radial sequence is the most common implementation of a 23Na MRI se-
quence with ultra-short echo times [NV+07], and it is broadly used as it allows for
very short TE because of the read-out starting within the k-space center. The short
echo times are crucial, as they enable the suppression of the T2∗-weighting. 3D
radial sequences were further optimized using various pulse and projection patterns
[Boa+97b; GHN06; Lu+10; Pip+11; KN14]. In this thesis, a sequence was used, which
was introduced by Nagel et al. in 2009. It uses a density-adapted read-out, enabling
a more homogeneous data acquisition [Nag+09]. Its resolution is determined based
on the full width at half maximum of the point-spread function. The suppression of
T1-weighting can be obtained by choosing a sufficiently long TR, which – ideally –
would exceed 5× T1 of the investigated tissues. The point-spread function and the
relatively large voxel size that is used in 23Na MRI make it sensitive to partial volume
effects (PVE) [Nie+15; GN15; Kim+21].

For radial sequences, sampling is defined by the number of acquired radial spokes
and by the number of samples per spoke. The number of spokes necessary for stable
acquisition of a ‘fully-sampled’ image can be determined with the Nyquist criterion,
which depends on the image’s FoV and its resolution. However, data acquisition
time depends linearly on the number of acquired spokes, thus, under-sampling is
one common approach for reducing data acquisition time. Under-sampling means
acquiring less data (fewer radial spokes) than what is required according to the
Nyquist criterion without reducing the FoV or the image’s resolution. However, it
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can lead to a reduction in image quality (SNR) and might introduce artifacts, such as
Gibbs ringing10, for example [PGF87].

tsc quantification Quantification of the absolute tissue sodium concentration
is performed on images with a sodium-weighted contrast, and – according to the
current state of the art – by placing reference phantoms within the FoV, next to the
patient. The reference phantoms are required to contain a known sodium concen-
tration, which is obtained by adding NaCl to pure water. Furthermore, they are
usually composed to obtain relaxation times, which correspond approximately to
an estimation of the relaxation times of the investigated tissue. This is achieved by
adding between 2 and 7% of agarose to the phantoms. It carries the advantage of
avoiding or reducing the necessity for relaxation time corrections [Mit+86; Wol+21;
Bau+21]. The absolute TSC-map is then calculated by applying a linear regression
based on the SI within the phantoms. Usually, multiple phantoms with different
sodium concentrations are used, stabilizing the linear regression.

Another approach is to consider the relative TSC instead of absolute TSC values,
meaning that the SI within the investigated tissue on a sodium-weighted MR image
is considered relative to the SI of another tissue within the same image, e.g. the
contra-lateral tissue [WAH12; NP+15].

2.4 convolutional neural networks

A convolutional neural network (CNN) is a deep learning algorithm, which is part
of machine learning and can be considered to belong to the broad area of artificial
intelligence [GBC16]. Imaging and image analysis are within the most common and
original applications for CNNs [MJU17]. Here, the network takes one image as input
and assigns weights and biases to different aspects of the depicted objects in the
image [Sah18]. CNNs have found a broad spectrum of applications in the area of
image segmentation, e.g. in the medical context, where they are well-established. The
main building blocks of CNNs are convolutional layers. They have weights, which
are learned throughout the CNN training process.

Today, CNNs are emerging for various applications in medical imaging with pre-
and post-processing techniques [KJS17; FA+18]. They have already proven to enable
robust 1H MR image reconstruction [Sch+17a; Ber+19; LL19]. Furthermore, CNNs
successfully improved image quality with post-processing of highly under-sampled
1H MRI data and have been proposed for acquisition time reduction [Ple+12; Eo+18].

CNNs were inspired by the physiological process of neuron connectivity, particu-
larly in the visual cortex. Modern CNNs are based on Fukushima’s [Fuk88] model of
the visual system, which was based on Hubel and Wiesel’s [HW62] representation
of neuron architecture, and findings of cell types in the visual cortex [Lin21; RW17;
SMB10]. There is a wide variety of network architectures using different parameters,
which can be applied and tested.

For the CNN implementation, multiple architectures and parameters can be con-
sidered, tested, and optimized for speed or accuracy depending on the application
[Hua+17].

10 Gibbs ringing presents itself as multiple parallel lines on the MR image and is caused by the Fourier
transform of a discontinuous signal. It is named after Josiah W. Gibbs [Gib99].
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2.4.1 Network architecture

One broadly used and well-established CNN architecture is the U-Net architecture
that was initially developed by Ronneberger et al., aiming for fast image segmentation
[RFB15]. U-Nets have previously provided promising results for medical imaging
post-processing [Ber+19]. U-Nets are based on fully convolutional networks, which
were first introduced by Long et al. [LSD15], and they consist of an encoding and a
decoding path. The encoding path of a CNN consists of convolutions of a specific
size with a certain number of filters, generating feature maps. Those are further
reduced in size (down-sampled) via max-pooling. Max-pooling is the extraction of
the singular maximum value of patches within the feature map whilst disregarding
the remaining values of the regarded patch [MP14; Gra14].

The decoding path consists of deconvolutions of the same size as the previous
convolutions with the same number of filters. U-Nets have obtained their name
because of their u-shaped architecture, which is caused by the symmetrical de- and
encoding path.

A novelty with U-Nets were the additionally introduced skip connections, meaning
connections between the layers of the encoding and the decoding paths that skipped
parts of the de- and encoding algorithms and were added to the decoding path via
concatenation.

Another network architecture is the ResNet [He+16] (where Res stands for residual)
implementation. The ResNet-based CNN, which will be tested in this thesis, uses –
in contrast to the U-Net – residual connections only and no skip connections. Thus,
connections were only present within the layers of the decoding or the encoding path,
but there were no connections between both paths, no connections that skipped some
of the layers. ResNets are supposed to be easier to optimize with smaller training
errors [He+16].

2.4.2 Network parameters

loss function The loss function of a CNN defines according to which metric
the CNN optimizes its output [Zha+16; Wan+18]. Two well established loss functions
are L1 and L2, with both loss functions optimizing by minimizing their respective
parameters, which are:

L1: Absolute difference

L2: Mean squared error

batch normalisation Generally, CNNs use normalization during training to
avoid biases towards higher value parameters, meaning that input is normalized
to be within a pre-defined range. Batch normalization means rescaling the input
mean and variance for every batch, which is commonly defined to be in between
convolutional layers. Its purpose is to prevent shifts in the distribution of the input,
to reduce over-fitting – meaning not to depend too closely on the limited input data –
thus making the training easier, faster, and consequently, more robust [IS15; LC16;
Osa+19].
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filter The CNN optimizes its filters, which are composed of filter kernels, within
each convolutional layer. Optimization depends on the application the training
process. The filters are not pre-set, which defines the automated learning character of
CNNs. Due to the down-sampling of patches, feature map size decreases with the
increasing order of the layers. With bigger feature maps requiring fewer filters, the
number of filters usually increases with an increasing depth of the layer. The number
of applied filters per convolutional layer can be varied for the purpose of optimizing
feature extraction [Ioa+15; ZAP16; AM20].

2.5 physiological background

In this thesis, data is presented from 23Na MRI of the human brain, investigating the
ischemic stroke, white matter lesions (WML) and brain metastases. Furthermore, data
of 23Na MRI of the male pelvis is presented, which aims to investigate the prostate
and possibly cancerous lesions. The observed anatomical regions have already been
investigated with quantitative 23Na MRI, and the previously found TSC values and
respective T1 and T2-times are listed in Table 2.2. The values were obtained from
various publications, such as the findings by Ouwerkerk et al. [Ouw+03; Ouw11],
Tsang et al. [TSB12], Madelin and Regatte [MR13], and Liao et al. [Lia+19] (brain),
Kokavec et al. [Kok+16] (vitreous humor), Hausmann et al. [Hau+12] and Farag et al.
[Far+15] (prostate), Ouwerkerk et al. [OWB05], Konstandin and Schad [KS13] and Lott
et al. [Lot+19] (blood), and from approximations, which were previously performed
by Wenz et al. [Wen+18] (vitreous humor) and Paschke [Pas20] (prostate). Many
publications are based on different data acquisition and quantification techniques;
thus, the range of reported values is large. For some tissue types, no reliable data
was available, and approximations were made based on previously studied similar
tissue types. If TSC, T1- or T2-times are used in this thesis for TSC quantification or
correction of relaxation times; the used value is displayed parenthesis.

2.5.1 Tissue sodium concentration in the human brain

The brain was the first region that was explored with in-vivo 23Na MRI in humans
[Hil+85], and it remains of high interest for 23Na MRI research [Thu+99; KS14; Thu18;
BSJ19; Hu+20].

Table 2.2: Tissue sodium concentration and 23Na relaxation times in human in-vivo tissues.

Anatomical Region TSC [mM] T1 [ms] T2∗f [ms] T2∗s [ms]

Brain

White matter 20− 60 15− 35 0.8− 3 15− 30

Gray matter 30− 70 15− 35 0.8− 3 15− 30

Cerebrospinal fluid 140− 150 (145) 50− 55 (50) - 55− 65 (55)

Vitreous humor 145− 148 (145) (50) - (55)

Prostate tissue 24− 98 (38.8) (6.8) (14.8)

Blood (full blood) 71− 85 (81) 20− 40 (31.9) - 12− 20.1 (20.1)
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There have been a large number of studies, investigating with 23Na MRI the sodium
concentrations and the 23Na relaxation times in healthy brain tissue and in various
pathologies in the human brain [Ouw11; Mad+14; GNM17; Rid+18]. In the healthy
brain matter, absolute TSC values were reported in the range of 20− 60 mM (WM)
and 30− 70 mM (GM). The broad range might be explainable because of the various
data acquisition and quantification techniques, emphasizing the importance of further
research to obtain a gold standard for those techniques.

cerebrospinal fluid The CSF is a body fluid, which surrounds brain matter
and the spinal cord. The fluid does not contain vital cells, explaining the correlation
between ESC and TSC within CSF, which are assumed to be in equilibrium [OR55;
Har+10]. Results from previous 23Na MRI studies support this assumption as TSC
within CSF was found to be between 140 and 150 mM. The strong dependency of
TSC in CSF on the ESC also indicates a correlation with the blood serum sodium
concentration (SSC). SSC is usually in the range of 135− 145 mM, although it might
be influenced by various pathologies and has already been linked to pre-deposition
of, e.g., the ischemic stroke [LP86; Wan+94; Gao+17]. The ventricles in the brain are
filled with CSF and they expand with age, which leads to an increase in CSF [Mat+96;
Zha+05].

On most MRI contrast images, CSF is well distinguishable because of its differing
1H and 23Na concentration and its different relaxation times compared to brain tissue.
Therefore, and because of its apparently stable concentration, TSC quantification
based on the SI within CSF was proposed previously [Han+13], which will be further
explored within this thesis.

vitreous humor The vitreous humor (VH) is a gel-like material occupying the
vitreous chamber, which is a spherical body in the space between lens and retina
of the human eye with a diameter of ≈ 16 mm. The VH has a volume of ≈ 4 ml
[RWB06; SE12; MA14].

Like CSF, the VH does not contain any vital cells and can be assumed to be exclu-
sively extra-cellular space; an extra-cellular matrix [SLG20]. It is also referred to as
trans-cellular fluid in the eyeball [SSZ14; MMI16]. Therefore, a sodium concentration
equivalent to the ESC would be assumed, which is supported by findings of 145 to
148 mM 23Na (with a mean of 146.7± 3.3 mM) by Kokavec et al. [Kok+16; Pig+20].
Because of the VH being purely extra-cellular, its sodium concentration is assumed
to be maintained constant by the natural regularization of electrolytes in the human
body [Som02; Wol13]. Furthermore, because of its gel-like consistency, similar 23Na
relaxation times compared to CSF are assumed, which are in the range of T1 = 50

ms and T2∗ ⩾ 55 ms [MR13], as was assumed in a previous publication by Wenz et
al. [Wen+18]. In this thesis, the VH is considered as a possible reference for TSC
quantification.

stroke Of all pathologies that were investigated with 23Na MRI, the ischemic
stroke is one of the – if not the single – best-explored one. There are numerous
publications about animal models and in-vivo human studies.

An ischemic stroke is defined by a restricted blood supply in areas of the brain. It is
usually caused by blood clots blocking the blood vessel or other forms of narrowing
of the blood vessel. Because of the insufficient supply of oxygen and nutrients, brain
cells start dying fast. Thus, it requires immediate treatment [BB00; WG07].
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The ischemic stroke is commonly diagnosed with radiological imaging, using CT
or MRI. On the one hand, a CT scan carries the great advantage of being faster
with measurement time being a crucial parameter when diagnosing an ischemic
stroke. “Time is brain” is a commonly used phrase in the context of ischemic strokes,
emphasizing the irreversible loss of functioning cells in the brain tissue, which
increases with an increasing time until treatment [Sav06; Gon06]. However, various
studies have shown the higher accuracy of diagnosing and defining the affected
ischemic region with multi-parametric MRI (mpMRI) compared to CT [Kar+99;
Cha+07; Win+07; Kid+13; VR17].

Studies exploring additional 23Na MRI for patients with ischemic stroke have
suggested improved penumbra11 detection or even possible correlations between TSC
and the stroke onset time were suggested, which would be interesting for patients
with a wake-up stroke, where onset time is not known [SNS93; Lin+01; Thu+05;
Hus+09; Kim+14; NP+15; Wet+15].

In this thesis, data was used that was acquired from patients with ischemic stroke.
Different quantification techniques were explored.

small vessel disease Small vessel diseases are, e.g., microbleeds, perivascular
spaces, or the lacunar stroke [Pan10; WSD13]. They may cause WML, which present
themselves as white matter hyperintensities (WMH) on MR images with a T2w con-
trast [Pan10; DM10; WSD13; Man+15]. They have been associated with dysfunctions
in the blood-brain barrier [War+03; Sch+13; Bri+14].

WMH indicate, e.g., demyelination leading to axonal loss, overall changes in the
water content or degeneration of the white matter integrity [WVHMM15; Man+15;
MC19] and they have been shown to correlate with various neuropathological dis-
eases, such as cognitive impairment, dementia, or depression [YHK08; PS15; Faz+93;
Bok+06].

2.5.2 Stereotactic radiosurgery for brain metastases

Malignant brain tumors and metastases (BM) have previously been investigated
with quantitative 23Na MRI and they have presented an elevated TSC compared to
healthy brain tissue [Has+91; Ouw+03; Boa+04; Nag+11; Ell+14]. The increase in TSC
might derive from an increase in ISC, which strongly depends on the cells’ energy
metabolism, which is highly impaired in tumorous cells [Ouw+07]. A higher ISC has
been linked to tumor malignancy [Ign83; Cam+80; Nag+83; Mad+14; Bil+16; Reg+20].
Tumor angiogenesis12 could also contribute to a TSC increase due to the resulting
increase in EVF [Ouw07].

Furthermore, changes in TSC of BM have been associated with applied chemother-
apy or radiation therapy [Sch+05; Bab+05; Bab+07; Lup+09], which is why 23Na MRI
has been suggested for the prognosis of tumor treatment responses [Pok+21; Pae+21].
Recently, the effect of SRS on TSC in the vestibular schwannoma microenvironment
was published by Lewis et al. [Lew+21], who found SRS to cause an increase in TSC.

11 The ischemic penumbra is defined as perfused brain tissue with the capacity to recover. It was first
described in 1981 by Jens Astrup [ASS81].

12 Tumor angiogenesis is defined by a substantial increase in blood vessels, triggered by the tumor’s
excessive need of nutrients [LRD20].
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Stereotactic radiosurgery (SRS) aims for an effective and localized radiation therapy
of tumors or BM, defined by the gross tumor volume (GTV), which is the visible extent
of the lesion, with potential addition of safety margins, yielding the planning target
volume. It uses a single, heavy, ablative dose of radiation [Lek83] and sharp dosage
gradients, enabling a high precision. Consequently, it reduces the radiation dose in
the peritumoral tissue (PTT), yielding better neurocognitive outcomes [Cha+09] and
significantly reducing the risk of radionecrosis compared to whole-brain radiation
therapy, particularly when treating patients with only a relatively small number of
metastases [LAr90; WK04; Kur+14; Mil+21]. At the same time, similar treatment
response and overall survival is maintained [Yam+14; Bro+16; Che+17] and the
irradiated lesions show a fast reduction in volume [DS+09; Goe+20]. Today, SRS is
also suggested for repeated treatments of recurring BM [McK+16; Jab+20].

Anatomical 1H MR images, such as contrast-enhanced T1w images, or PWI and
DWI are state of the art for treatment planning and evaluation of tumor response
to SRS [Kan+10; Pat+11; Dev12; Lee+14; Lin+15; Sha+17; Saw+19]. However, it
remains challenging to distinguish between tumor progression, pseudo-progression
[HZ12; Sha+21], and radionecrosis (RN) [Sug+00; Koh+15; Meh+19]. Previous studies
have already aimed for early response prediction with 1H MRI modalities [Des+17;
Sha+21] but optimization of the MRI protocols is still warranted, suggesting the
addition of another imaging technique for a more reliable tumor response assessment
[Haw+97; Sto+12; Tau+18].

SRS does not affect the isolated BM but also its surrounding area, the PTT [Jak+15;
Win+18]; even if dosage in that area is minimized by the high precision and sharp gra-
dients of the radiation beam. SRS-induced vascular damage and molecular response
to radiation [Par+12; Sia+20] suggest that changes in the sodium concentration will
occur. The effect of radiation dose on TSC was explored previously in the human
kidney [Han+15]. Consequently, TSC might be able to quantify the effect of SRS on
BM and PTT – the tumorous and the healthy tissue. Previously, it was reported that
massive vascular damage, causing apoptosis and cell death, occurs with radiation
dosage above 5 or 8 to 10 Gy, whereas, with lower dosages, only mild vascular
damages were reported [GB+03; Par+12; Son+20].

In this thesis, a prospective in-vivo study was conducted that investigated tissue
response to SRS. The aim was to monitor possible TSC changes in healthy and in
cancerous tissue after the exposure to radiation with SRS. The study aimed to quantify
the tissue response; prospectively enabling the possibility of establishing an early
outcome prediction of SRS treatment.

2.5.3 Prostate carcinomas

The Prostate Imaging-Reporting and Data System (PI-RADS) guidelines from the
American College of Radiology describe a mpMRI, including 1H T1w, T2w, DWI,
and PWI as the gold standard for the detection, localization, and characterization
of prostate carcinoma (PCa) [Dic+11; Wei+16; WB+19; Tol+21]. The combination of
multiple different MRI techniques is recognized to yield a higher accuracy for the
diagnosis of PCa [Kur+08; Ken+18].

PCa are characterized by high cell densities, impairing the motion of 1H molecules
and consequently showing themselves by lowered values on the ADC-map and
the diagnosis of tumorous tissue based on ADC-maps has shown high accuracies
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[Yos+08; Ren+08]. A correlation was found between the extent of diffusion restriction
(reduction of the ADC) and tumor aggressiveness [Now+16]. Furthermore, PCa
usually present themselves by a lowered SI on the T2w MR image [Sch+93; DV+10].
The PI-RADS guidelines have established a scoring system, grading lesions between 1

(most likely not cancer) and 5 (very suspicious), based on how they present themselves
on the MRI.

Even though, to date, prostatitis, benign prostate hyperplasia and other benign
diseases as well as cancer mimics impair the diagnostic accuracy and reduce the
specificity as they may present themselves similar to malignant lesions [Tur+10;
Hau+12; Not+15].

At the same time, PCa is the most common tumor disease in men, and it is world-
wide the second most often cancer-related cause of death in men [Jen+02; Mur+13],
thus, justifying research for a more specific diagnosis of malignant tumors.

If receiving a biopsy, a PCa is commonly graded according to the histopathological
Gleason score13, which is a grading system for quantifying the tumor’s aggressiveness.
The score describes the tumor’s resemblance with healthy tissue or cancerous tissue,
with higher scores indicating malignant degeneration. Each patient receives a primary
and a secondary grade (each ranging from 1 to 5), that sum up the total Gleason
score. In prostatectomy specimen, which will be considered in this thesis, the most
and the second most prevalent Gleason grades are reported [GM74; Gle92; Ege+02].

Due to the high gradient of ESC and ISC, TSC is highly sensitive to changes in
cell density, which were observed in PCa. Consequently, 23Na MRI might have the
potential of closing the research gap for characterization of tumor aggressiveness and
differentiation from benign diseases. The aim is to provide information about cellular
processes in addition to the existing and established mpMRI protocols [Hau+12;
Bar+18; Bro+19; Bar+20; Pok+21].

For abdominal 23Na MRI, precise TSC quantification is crucial and requires ref-
erences with a known sodium concentration. It is commonly based on external
reference phantoms, placed within the FoV, which is well-established and considered
state of the art, analogue to the imaging of the brain [MR13; Dee+19]. At the same
time, quantification accuracy decreases with an increasing distance between reference
and investigated tissue as the impact of field and coil inhomogeneities increase, which
is more critical for abdominal imaging and surface coils than it is for brain imaging
with birdcage coils. For abdominal MRI, it is highly dependent on the patient’s
abdomen’s volume and shape. Previously, relative TSC was also considered in the
abdomen, e.g. by Maril et al. who evaluated the medulla-to-cortex ratio in 23Na MR
images of the kidney [Mar+06] or by Haneder et al. who considered the renal to CSF
23Na signal [Han+13]. Quantifying the TSC based on internal references, particularly
those which are in spatial proximity to the ROI, could make results more stable and
less prone to coil and field-induced inaccuracies.

The iliac- and the femoral blood vessels have a relatively large size (diameter of
≈ 10 mm in men) and are well distinguishable on an MR image of the prostate. In
the human blood, a TSC of around 81 mM was found [OWB05; KS13; Lot+19], which
is high compared to the sodium concentration within the tissue surrounding the
blood vessels. Thus, blood might be of interest for consideration as reference for TSC

13 The Gleason score, or Gleason grading system, uses architectural patterns within the tissue for the
prognosis of prostate cancer. It was introduced by Donald Gleason in 1966 [Gle66].
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quantification.

In this thesis, a prospective in-vivo study was conducted, quantifying the TSC
in the prostate of patients with suspected PCa. TSC was quantified based on the
23Na MR image SI in the femoral blood vessel, thus, using references that are located
within the immediate surrounding of the investigated tissue. The aim of the study
was to investigate whether malignant tumors would present different TSC compared
to benign tissue.





3
M AT E R I A L S A N D M E T H O D S

The methodology described in this chapter was partially published in [Adl+21b]
by Karger Publishers (subsection 3.2.2) and in [Adl+21a] by John Wiley & Sons Ltd
(section 3.3), and the description of the corresponding methods are replicated here
with permission.

3.1 image acquisition and processing

3.1.1 MRI scanners and coils

All in-vivo data of patients and healthy controls (HC) was acquired at clinical MRI
scanners with a dual-tuned 1H/23Na coil.

mri scanner Two different MRI scanners were used for the data acquisition:

1. MAGNETOM Trio

2. MAGNETOM Skyra

Both are 3 T scanners manufactured by Siemens Healthcare GmbH, Erlangen,
Germany. They are located at the university hospital Mannheim. The scanner choice
depended on the study and coil compatibility and is specified for each study in the
respective section.

mri coils Two different MRI coils were used for the data acquisition in head or
abdomen

1. Dual-tuned 1H/23Na birdcage head coil

2. Dual-tuned 1H/23Na body coil

Both radiofrequency (RF) coils are from Rapid Biomedical, Rimpar, Germany.
The head coil is 1Tx/1Rx, meaning that it contains one transmit channel (23Na) and

one 23Na and 1H receive channel. It is compatible with both MRI scanners. In this
thesis, for all measurements with the birdcage head coil, the B+

1 -field was assumed to
be homogeneous when the applied RF excitation pulse was α = 90°. Analogue, the
B−
1 field was also assumed to be homogeneous, as the principle of reciprocity applies

[HR76; Hay+85]. Therefore, no B1-field corrections were applied for measurements
with the birdcage head coil.

The body coil consists of a circular 23Na transmit coil within a fixed frame, which
was also assumed to generate a homogeneous B+

1 field, as is applicable for birdcage
coils. For 1H MRI, the transmit channel within the MRI scanner was used. Further-
more, the coil consists of 16 23Na receive channels and six 1H receive channels on an
array flex surface coil. It is compatible with the MAGNETOM Skyra but not with
the MAGNETOM Trio. Here, the principle of reciprocity did not apply, requiring for
corrections of B−

1 inhomogeneities.

39



40 materials and methods

3.1.2 Sequence and reconstruction

The sequence and reconstruction algorithm used for the 23Na MR image acquisition
were developed and published by Nagel et al. in 2009 [Nag+09].

3.1.2.1 3D radial density-adapted 23Na MRI Sequence

The used sequence is an ultra-short echo time-sequence, which means that readout
is shortly after signal excitation. Thus, TE was minimized, causing a suppression of
the T2∗ contrast in the image, as is graphically explained in Figure 2.7. It used a 3D
density-adapted radial k-space readout with half-projections, meaning that readout
starts within the k-space center, which is graphically depicted in Figure 3.1.

Figure 3.1: Graphical illustration of the radial k-space readout that was used by the 3D radial
density-adapted 23Na MRI sequence. In the figure, the lengths of the k-space
spokes are normalized to 1.

Sampling occurred with a fixed time difference ∆t between the sampling points.
The distance between two sampled k-space points was ∆k which can be calculated by

∆k =
γ

2π
G(t)∆t. (3.1)

A radial readout starting in the k-space center over-samples the center region
and relatively under-samples the peripheral k-space. A more homogeneous k-space
sampling can reduce artifacts in the image, according to [Lia+97]. For a more
homogeneous sampling, density-adapted radial readout was used, meaning that ∆k
was increased within the k-space center compared to the peripheral k-space. This
was achieved by using a time-dependent gradient G(t) that followed a rectangular
90° RF excitation pulse. G was applied in all three dimensions with

G =
√
G2

x +G2
y +G2

z (3.2)

and it was faster in the k-space center where readout was accelerated compared
to the peripheral k-space region where the individual readout spokes were further
apart. The sequence is graphically illustrated in Figure 3.2.

Sampling according to the Nyquist criterion requires a number of projections N.
It depends on the distance of the k-space points kmax and −kmax, with the largest
distance to k-space center, to their nearest-neighbor. It can be calculated based on the
reconstructed field of view (FoV) with
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Figure 3.2: Sampling scheme of the 3D radial density-adapted 23Na MRI sequence with the
gradient GDA−3DPR being applied in all three dimensions. The sequence was
developed by Nagel et al. and the figure was adapted from the original publication
[Nag+09].

N = 4π

(
L

∆x

)2

(3.3)

where L is the length of the image in one dimension, and ∆x is the image’s resolu-
tion.

The T1 contrast can be minimized by a relatively long TR, as is graphically ex-
plained in Figure 2.7. Thus, the resulting MR image can be considered to be ρ-
weighted (or 23Na-weighted), when TR is chosen to be sufficiently long, and TE is
sufficiently short.

In the human brain, at clinically common field strength, the 23Na T1 relaxation
times are for white- and gray matter (WM, GM) in the range of 15− 35 ms and
for the cerebrospinal fluid (CSF) around 50− 55 ms [MR13], which is why an ideal
TR ⩾ 5 · T1max would be set to ≈ 275 ms. As the measurement time linearly depends
on TR and the most relevant regions for diagnoses are within the WM or GM (TR ⩽ 35

ms); it was usually set between 100 and 120 ms corresponding to ≈ 3− 5 · T1 within
the WM and GM, which allowed a T1 (longitudinal) relaxation – recovery of the
magnetization in Mz direction – of ≈ 94− 99% within the brain matter.

The detailed sequence parameters that were used depended on the application and
are mentioned within the corresponding sections.

3.1.2.2 Reconstruction

The image reconstruction was performed within MATLAB (The MathWorks, Inc.,
Natick, MA, USA). The Fast Fourier Transformation (FFT) was applied to the acquired
MRI k-space data. The FFT requires equidistant data points for the translation from
k-space data to image space. Therefore, regridding needed to be performed after
radial data acquisition. The regridding algorithm transferred the acquired data points
to a Cartesian grid via interpolation. It applied a Hanning filter with the purpose
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of reducing Gibbs ringing artifacts [PGF87] in the resulting image. It further used a
Kaiser-Bessel window1 with a kernel width of w = 4.0.

During image reconstructions, a zero-filling factor of two was applied to increase
the apparent image resolution by that factor without actually increasing the amount
of available information. Eventually, k-space data was translated into image space
through FFT.

3.1.3 Co-registration and segmentation

The quantitative evaluation of the individual parts of the human brain required
image segmentation into these regions. Automatic segmentation of the human brain
was performed with the statistical parametric mapping software SPM12 (Wellcome
Trust Centre for Neuroimaging, London, UK) [Ash+14]. The software required
an anatomical 1H MR image for the automatic segmentation process. Therefore,
evaluation of the separate tissues within the 23Na MR image required image co-
registration to a 1H MR image of that patient or HC. Image co-registration was also
performed with SPM12.

spm12 SPM12 was used for image co-registration among sequences and image
segmentation into WM, GM, and CSF. It was implemented in MATLAB.

The co-registration with SPM12 required one reference image onto which a separate
source image was registered. The reference image was a T1w or T2w 1H MR image
based on which image segmentation was performed. The source image was a 23Na
MR image or another MR image. The source image was transformed to the same
matrix and voxel size of the reference image. The software’s default settings were
used.

The image segmentation with SPM12 generated probability masks of WM, GM
and CSF within the human brain. The probability masks included values between 0

and 255. A threshold was applied to obtain the tissue masks, which was set to 50%,
meaning that the probability of the evaluated tissue belonging to that mask had to
be above 50% to be considered. The image co-registration of the diffusion-weighted
image (DWI), as the apparent diffusion concentration (ADC)-map, and of the 23Na
MR image to the same patient’s 1H turbo inversion recovery magnitude (T2-TIRM)
with fluid attenuation (FLAIR) and the automatic segmentation into CSF, WM, and
GM are depicted in Figure 3.3.

manual segmentation Manual segmentation was implemented in MATLAB

and was used to segment patient-specific pathologies or healthy-appearing regions
(HR). It was based on MR images with different contrasts, e.g. T1w or ADC-map,
which were considered slice-wise. It was performed by encircling the region of
interest (ROI). Figure 3.3 depicts the manual segmentation of the stroke region based
on the ADC-map of one patient with ischemic stroke.

1 The Kaiser-Bessel window is a filter function, which is commonly used in spectral analysis. It was
developed by James Kaiser in 1980 [KS80]
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Figure 3.3: An exemplary transverse image slice of a 1H FLAIR MR image (top left), the
co-registered ADC-map (top right), and the co-registered 23Na MR image (bottom
left) of one patient with ischemic stroke with the corresponding segmentation
map into CSF, WM, GM and the stroke region (bottom right). Co-registration and
segmentation into CSF, WM, and GM was performed with SPM12. Segmentation
of the stroke region was achieved through manual segmentation based on the co-
registered ADC-map, as is depicted with the red line. The manual segmentation
was performed by a neuroradiologist.

3.1.4 TSC quantification

relative tsc The relative TSC (rTSC) was calculated as the ratio of signal inten-
sities (SI) to each other. Considering the fact that the used sequence was ρ- (and thus
23Na)-weighted, the SI was proportional to the 23Na concentration. According to the
state of the art, the rTSC was calculated as the ratio of SI within the ROI to SI within
the contra-lateral tissue, which is expressed as

rTSC =
SI(ROI)

SI(Contra)
. (3.4)

absolute tsc The absolute TSC was calculated by obtaining the mean SI within
three-dimensional ROIs with a known sodium concentration based on which the
23Na MR image’s SI of the rest of the image was normalized.

The normalization was performed based on a linear fit generating a linear poly-
nomial curve based on one or more points of reference. If multiple references were
available, their ratio determined the linear fit with an offset c by
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TSC(Tissue) = (SI(Tissue) − c)
TSC(Reference1) − TSC(Reference2)

SI(Reference1) − SI(Reference2)
. (3.5)

If only one reference point was available, an additional ROI was defined within
the background region, which was set to be equivalent to 0 mM.

3.1.5 Statistical analysis

In this thesis, any TSC values will be given as full integer numbers with no decimal
places. When considering any mean values – within patient cohorts or within
individuals –, they will be given as mean ± standard deviation (sd).

Differences were evaluated for statistical significance for various data. Firstly, the
one-sample Kolmogorov-Smirnov test was performed to evaluate whether normal
distribution was present, verifying whether the student t-test was applicable. Which
type of test was used is mentioned within the respective sections. A value of p < 0.05
was considered significant.

The correlations were evaluated using the Pearson correlation test or the Spearman
correlation test, depending on the considered variables. Both tests were performed
within MATLAB, using the corresponding pre-implemented functions. Which type
of test was used is mentioned within the respective sections.

3.2 tsc quantification for “23
na mri in ischemic stroke”

In this thesis, data was used from a prospective study with the German title “Natrium
(23Na) MRT zur Diagnostik von ischämischem aber noch vitalem Hirngewebe bei
Schlaganfallpatienten” (engl.: “Sodium (23Na) MRI for the diagnosis of ischemic
but still vital brain tissue of stroke patients”, short: “23Na MRI in ischemic stroke”).
The study was conducted by the Department of Neuroradiology, the Department of
Neurology and the Department of Computer Assisted Clinical Medicine, Medical
Faculty Mannheim, Heidelberg University and it was funded by Dietmar-Hopp
Stiftung under the project number 23014019.

3.2.1 Data acquisition

The data acquisition was performed between November 2016 and February 2019 at
the university hospital Mannheim. A total of 62 patients was included who were
admitted to the stroke center of the university hospital Mannheim. Out of those 62

patients, 28 were men and 34 were women. The patients had a mean age of 73± 13

years.
The study was approved by the local ethical review committee (Medizinische

Ethik-Kommission II) with the approval number 2010-328N-MA. Written informed
consent was obtained from all patients or an immediate family member.

The MRI data were acquired at the university hospital’s MAGNETOM Trio with
the dual-tuned 23Na/1H birdcage head coil; details are explained in subsection 3.1.1.
Data acquisition was performed within the first 72 hours after the determined or
estimated onset of symptoms.
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mri protocol The 23Na MR images were acquired in addition to a standard
MRI stroke protocol which comprised of the 1H MRI DWI, generating an ADC-
map, dynamic-susceptibility-contrast (DSC) perfusion imaging, and of a 1H T2-TIRM
FLAIR. The details of the protocol were described by Neumaier et al. [NP+15]. The
entire protocol had a measurement time of 26 min and 56 sec, from which 10 min
were the 23Na MRI sequence.

The 23Na MRI sequence and its reconstruction algorithm are explained in subsec-
tion 3.1.2. Reconstruction was performed in MATLAB 2015a. The sequence used
TR = 100 ms, and TE = 0.2 ms. 6, 000 equidistant spokes were acquired with 384

samples each (base resolution). The resulting measurement time was TA = 10 min,
generating a 3D dataset with a nominal resolution of 4x4x4 mm3. The reconstruction
algorithm used a zero-filling factor of two to achieve a 3-dimensional image with an
apparent resolution of 2x2x2 mm3 and a FoV of 241x241x241 mm3 for every patient.
The detailed sequence and reconstruction parameters are listed in the appendix in
Table A.1.

segmentation and co-registration The 1H FLAIR MR image served as the
basis for automatic image segmentation into CSF, WM, and GM. The ADC-map was
used for the manual image segmentation of the ischemic stroke region (stroke mask),
which was performed by a neuroradiologist. The ischemic region was identified by a
low ADC in correlation with a high SI on the 1H FLAIR. The 23Na MR image and
the acquired ADC-maps were co-registered to the patients 1H FLAIR MR image.

Automatic segmentation and co-registration were performed with SPM12, and
the manual segmentation of the stroke region was performed in MATLAB, as was
explained in subsection 3.1.3.

reference vials for tsc quantification For absolute TSC quantification,
two reference phantoms were attached to the patient’s head during data acquisition,
and they were included in the FoV. The phantoms were cylindrical tubes of 14 ml
with a diameter of 15 mm. They contained pure water with 2% agar and 50 mM
NaCl (Phantom 1) or 100 mM NaCl (Phantom 2). Absolute TSC quantification was
performed as is explained in subsection 3.1.4.

3.2.2 Relative and absolute TSC quantification

The methodology in this section was partially published in [Adl+21b], although, the
methodology was marginally adjusted, which is described in detail.

Datasets from the study “23Na MRI in ischemic stroke” were used to evaluate
differences between and obtain information about the reliability of absolute and
relative TSC quantification.

white matter For all patients, the automatically segmented WM mask and the
manually defined stroke mask were evaluated. The stroke mask was subtracted from
the WM mask, and the outer 4 mm border of the resulting mask was removed to
reduce potential partial volume effects (PVE). Mean absolute TSC in the WM was
calculated within the resulting subtraction mask. Figure 3.4 depicts the 1H FLAIR,
the ADC-map, and the 23Na MR image together with the corresponding masks of
the WM from the automatic segmentation, the manually segmented stroke region
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mask and the resulting subtraction mask of one representative, transverse image slice
of one patient.

Figure 3.4: Top: One representative, transverse image slice of one patient with its 1H FLAIR
(left), the co-registered 1H ADC-map (middle) and the co-registered 23Na MR
image (right). Bottom: The corresponding masks of the automatically segmented
WM (WMwhole, left), the manually segmented stroke mask (middle) and the
evaluated WM mask (right), which was calculated by subtraction of the two other
masks with an additional cut-off of the outer 4 mm border.

Furthermore, a ROI was manually defined within the normal-appearing white
matter (NAWM) and mean absolute TSC was evaluated within that ROI.

Some patients showed white matter lesions (WML), which were identified based on
the 1H FLAIR. The patients were graded according to the scale of Fazekas [Faz+87],
based on the presence and severity of their WML, with:

Fazekas 0: No WML

Fazekas I: Mild WML

Fazekas II: Moderate WML

Fazekas III: Severe WML

The grading was performed by neuroradiologists.

stroke After manual segmentation of the ischemic stroke region, its contra-lateral
region was defined by mirroring at the central fissure, resulting in the same size and
corresponding location compared to the defined stroke region.
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Mean absolute TSC was calculated in both regions (stroke and contra-lateral) of all
patients. Furthermore, the rTSC was calculated as the ratio between TSC in stroke
and TSC in the contra-lateral brain tissue (see: Equation 3.4), thus

rTSC =
TSCStroke

TSCContra
(3.6)

Additionally, relative TSC was also calculated as the ratio between absolute TSC in
the stroke region and absolute TSC within the NAWM, thus

rTSCNAWM =
TSCStroke

TSCNAWM
(3.7)

The patients were further grouped, with

Group 1: No or mild white matter lesions (Fazekas grade 0 and I)

Group 2: Moderate or severe white matter lesions (Fazekas grade II and III)

statistical analysis Mean absolute TSC in WM and in the NAWM region was
evaluated for all patients and compared between the patients with different Fazekas
gradings. Mean intra-subject sd of absolute TSC in WM was also compared between
the Fazekas gradings.

TSC in the stroke region was evaluated with its absolute TSC, the relative TSC
(rTSC), and the relative TSC based on NAWM (rTSCNAWM). Results were compared
between patients in Group 1 and patients in Group 2.

The one-sample Kolmogorov-Smirnov test was performed and showed normal
distribution for absolute TSC in WM, in the stroke region, in the contra-lateral stroke
region and in the NAWM. Differences between absolute TSC within WM and NAWM
and absolute and relative TSC within the stroke regions were compared between
patients with different Fazekas gradings, and differences were evaluated using the
two-sided student t-test.

Mean absolute TSC in WM and the extent of the WML (according to the Fazekas
grade) were tested for correlation using the Spearman correlation test. Furthermore,
the test was used to evaluate a possible correlation between the intra-subject sd of
absolute TSC in WM and the Fazekas grade.

A multiple regression analysis was performed to investigate the impact of the
patient’s age, the time after the onset of the ischemic stroke and the extent of WML
(Fazekas grade) on the mean absolute TSC in WM.

3.2.3 Internal references for absolute TSC quantification

The datasets from the study “23Na MRI in ischemic stroke” were also used to evaluate
the reliability of internal references (the cerebrospinal fluid or the vitreous humor)
for absolute TSC quantification.

quantification Absolute TSC quantification based on SI within the reference
vials (TSCVials) was used as baseline (ground truth) to further evaluate absolute
TSC quantification based on other (internal) references. For TSCVials, no T1 or T2∗

corrections were performed, as the reference phantoms were composed of NaCl
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with additional 2% agarose, resulting in a substance with similar relaxation times
compared to brain tissue [Mit+86].

Two additional reference regions were defined as three dimensional ROIs, which
were segmented within the patient’s left vitreous humor (VH) and within the lateral
ventricle (CSF) as is depicted in Figure 3.5. Thus, two additional TSC-maps were
calculated based on SI within those reference regions, resulting in three TSC-maps
per patient:

I. TSCVials: TSC quantification based on SI within the manually segmented region
within the reference vials

II. TSCCSF: TSC quantification based on SI within the manually segmented region
within the cerebrospinal fluid

III. TSCVH: TSC quantification based on SI within the manually segmented region
within the vitreous humor

Assuming both internal reference regions to be entirely extra-cellular (as CSF and
VH do not contain vital cells), their TSC was assumed to be equivalent to the patients’
blood serum sodium concentration (SSC), when it was available. For the remaining
patients, where no information about SSC was given, a mean SSC of 145 mM was
assumed, corresponding to the extra-cellular sodium concentration [MR13; Pet+16b;
Som04].

SI within CSF and VH was corrected for T1-weighting based on Equation 2.75 to

SIT1corr = SI
1

1− e−TR/T1
(3.8)

because of CSF having longer relaxation times compared to vital brain tissue
(T1(CSF) = 50 ms) according to [MR13] and [Lom+16]. The T1 relaxation of VH
was assumed to be equivalent to T1(CSF) (thus: T1(VH) = 50 ms) as both do not
contain cells and are purely extra-cellular fluids, justifying the assumption, which
was previously suggested by Wenz et al. [Wen+18]. Thus, the same correction factor
was used for both regions.

TSC-maps were calculated by

TSCCSF(Tissue) = SI(Tissue)
SSC

SIcorr(CSF)

= SI(Tissue)
SSC

(
1− e−

TR/T1(CSF)
)

SI(CSF)
)

= SI(Tissue)
SSC · 0.8647
SI(CSF)

TSCVH(Tissue) = SI(Tissue)
SSC

SIcorr(VH)

= SI(Tissue)(
SSC · 0.8647

SI(VH)

(3.9)

Correction for T2∗-weighting was not performed as a very short TE = 0.2 ms was
used and mono-exponential T2∗(CSF) ⩾ 55 ms. Therefore, T2∗-weighting was

SIT2∗corr = SI
1

e−TE/T2∗

SIT2∗corr(CSF,VH) = SI(CSF,VH) · 1.0036
(3.10)
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Figure 3.5: One representative transverse slice of the quantified 23Na MR image of one patient
with the segmentation of the different reference regions, which were used for the
quantification methods. The reference region within both reference phantoms are
encircled in black, the CSF reference region is encircled in magenta, and the VH
reference region is encircled in red.

and the impact was, thus, below 1%.
Mean TSC in the whole brain (the mask was determined via thresholding) was

evaluated for all three TSC maps (TSCVials, TSCVH, TSCCSF). Differences between
the TSCVials-maps and the other two TSC-maps were evaluated by calculating the
absolute TSC difference (in mM) voxel-wise for the whole brain region.

Mean TSC of the defined ROIs in VH and CSF was evaluated in the TSCVials-map.
The T1 correction factor was applied for both regions.

Furthermore, the sd within the VH, the CSF and within one of the reference vials
(100 mM) was calculated within their respective TSC-maps to evaluate and compare
the stability of the quantification method.

Mean absolute TSC within the masks of WM, and GM, and within the mask of the
stroke region were evaluated on all three TSC-maps. Again, the masks included a 4

mm (WM and GM) or a 2 mm (stroke) cut-off of the outer border to reduce PVE.

3.2.4 Evaluation of quantification stability

To evaluate the stability of quantification based on VH or CSF, one HC (male, 24
years old) was scanned three times over a span of six weeks (scan II was scheduled
one week after scan I and scan III took place five weeks after scan II). A 23Na MR
image was acquired at all three time points, and an additional T1w 1H MR image
was acquired together with the first scan.

All three images were co-registered to the T1w 1H MR image and, afterwards, the
three 23Na MR images were quantified based on SI within VH and CSF. No blood
sample was available from the HC. Therefore, again, ESC was assumed to be 145 mM
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within both reference regions. Due to the image co-registration, the same ROIs in
CSF and VH were usable within all three 23Na MR images. Image co-registration and
automatic image segmentation into WM, GM, and CSF were performed with SPM12.

Absolute TSC was calculated within WM and GM on the TSCCSF-map and on the
TSCVH-map from all three scans. Absolute TSC was compared voxel-wise within
both tissues between all three measurements.

3.2.5 Statistical analysis

The paired student t-test was performed to evaluate whether TSC differences between
the three absolute TSC quantification methods were statistically significant.

The correlation was tested between SSC and mean absolute TSC within VH and
CSF on the TSCVials-map using the Pearson correlation test.

3.3 data acquisition time reduction by application of a cnn

The methodology described in this section was partially (subsection 3.3.1 - subsec-
tion 3.3.3) published in [Adl+21a].

Convolutional neural networks (CNNs) were implemented, trained and tested us-
ing the datasets that were acquired within the study that was explained in section 3.2.
A total of 46 out of 62 datasets from patients was initially included, which was after-
wards expanded to 53 out of 62 datasets, whereas the remaining nine datasets had to
be excluded because of data acquisition problems, e.g. abortion of the measurement.

3.3.1 Data acquisition and processing

under-sampling The Nyquist criterion requires the number of spokes (NN) to
be chosen depending on the length (L) of the image in one dimension and on the
image resolution (distance of two neighbouring voxels, ∆x). When calculating NN

while considering Equation 3.3 in section 3.1 and the parameters of the used 23Na
MRI sequence and the reconstruction algorithm, one derives

NN = 4π

(
L

∆x

)2

= 4π

(
⌊ 241
4.01⌋
2

)2

= 11, 310. (3.11)

Thus, with the sequence using N = 6, 000 spokes, the under-sampling factor R of a
fully-reconstructed 23Na MR image (Full Image, FI) can be calculated with

RFI =
NN

NFI
=

11, 310
6, 000

= 1.885 (3.12)

The term fully-reconstructed refers to the k-space data that was fully used for the
reconstruction algorithm.

The aim was to prospectively shorten the measurement time TA, which can be
achieved by increasing the under-sampling factor and thus reducing the number
of acquired spokes N because TA linearly depends on N. A significant reduction
of TA can therefore be achieved by under-sampling with different under-sampling
factors R. However, in MRI, there is a common trade-off between image quality and
measurement time. The loss in image quality, caused by R, can be evaluated based
on the image’s signal-to noise ratio (SNR).
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For the training of a CNN, a large dataset is required. Therefore, the 23Na MR
images were used, which were available from the above introduced study about
patients with ischemic stroke. The images were retrospectively, artificial under-
sampled, resulting in simulated images that could have been acquired within a
reduced measurement time (Reduced Image, RI). For that simulation – the generation
of RI – the 23Na MR image of each patient was reconstructed again but only using
a fraction R of the acquired k-space data. Figure 3.6 depicts the reduced k-space
schematically for R = 4.

Figure 3.6: Schematic visualization of the full k-space that was used for the reconstruction of
FI (left) and of the reduced k-space (here: R = 4) that was used for reconstruction
of RI (right). Both k-space have equidistant spokes with the full k-space containing
R-times the amount of spokes compared the k-space of RI. In the figure, the lengths
of the k-space spokes are normalized to 1.

Thus, NRI = NFI/R equidistant projections of every k-space dataset were chosen to
achieve image information that could have been acquired with an acquisition time
that was reduced by the factor R. The under-sampling factor of RI (RRI) was therefore
R-fold larger compared to RFI. Taking, exemplary, R = 4, one yields

RRI =
NN

NRI
=

11, 310
6,000

R

= R · 1.885. (3.13)

To evaluate whether the artificial down-sampling was an appropriate approximation,
23Na data was acquired from one HC (male, 28 years old). They were measured with
the 23Na MRI sequence as it was used for the patients with ischemic stroke. Acquired
were FI (with N = 6, 000) and real under-sampled MR image (rRI) with the same
sequence but with a reduced N by R = 2, 4, 5, 10 (N = 3, 000, 1, 500, 2, 000, 600).
From FI, RI were generated via artificial down-sampling with the same R as rRI were
acquired. SNR was compared between RI and rRI with the respective R. Based on
the obtained results, all used datasets from the patients with ischemic stroke were
artificially down-sampled, generating an RI for each patient. RI were used for the
training of the CNN.

3.3.2 CNN implementation and training

A total of eight different network configurations with varying architectures and
parameters and multiple loss functions each were implemented and compared. The
CNNs were implemented in PyCharm 2018.3.3 (JetBrains, Prague, Czech Republic)
using Tensorflow 1.10 (Google Brain, Mountain View, CA, USA).
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The U-Net architecture [RFB15] included concatenated skip connections, and
was implemented with additional residual connections. Furthermore, a ResNet
[He+16] architecture was implemented that did not use those skip connections and
concatenations. Figure 3.7 depicts both network architectures and illustrates the
differences graphically. The implementations were introduced by Schnurr et al.
[Sch+19].

Figure 3.7: Graphical illustration of the implemented U-Net architecture with residual and
skip connections and the ResNet architecture. The main differences between the
two architectures are the U-Net’s skip connections with concatenation which are
not present in the ResNet architecture. This figure is reprinted with permission
from [Adl+21a].

The amount of applied filters per block in each convolutional layer was varied and
is referred to as number of filters. Here, ‘Big’ means the amount of filters per layer
was doubled in comparison to ‘Small’ with the amount of filters being:

Small : [16 32 64 128 256 128 64 32 16]

Big : [32 64 128 256 512 256 128 64 32]
(3.14)

Batch normalization was implemented and the impact was tested, with ‘False’
referring to no application of the batch normalization and ‘True’ meaning that batch
normalization was applied.

Consequently, the parameters that differed between the eight CNNs were:

A. Architecture: U-Net and ResNet

B. Usage of batch normalization: False and True

C. Number of filters: Small and Big
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All implemented CNNs carried the mutual parameters of using the Adam optimizer
[KB14] and of consisting of four encoding- and four decoding stages. Each stage had
two to three convolutional layers. The batch size was consistently set to eight, and
the training ran for 20 epochs with a learning rate of 0.001.

The networks were trained and tested in image space after conventional image
reconstruction. For the CNN training, the images were split into two-dimensional
64x64 voxel patches. Those patches were obtained from connected, transverse image
slices as they are used for the examination by radiologists. For the network’s training,
RI were used as input and FI served as label and ground truth. The networks’
outputs were the artificially up-sampled 23Na MR image (CI). The methodology –
including the artificial down-sampling and the training of the CNNs – is schematically
illustrated in Figure 3.8.

Figure 3.8: Schematic illustration of the workflow from a the fully reconstructed image (FI) to
the artificially under-sampled image (RI) with both being split into five patches
per transverse image slice. RI serving as training input and FI serving as training
label for the convolutional neural network, generating its output image (CI).

For the initial network trainings and tests, datasets of 46 patients were included.
They were split into 38 training- and eight test cases with no validation cases. The
network required inputs with the size of a power of two. Therefore, a frame of zeros
was added to the image slices resulting in input images with the size of 128x128

voxels per slice. Five random patches were dynamically sampled per image slice,
and 50 (out of 120) central slices were considered per patient. This resulted in 250

samples per patient and, thus, a total of 9, 500 training samples (with 64x64 voxels)
per training epoch. The CNNs’ test cases also included 50 full central slices (128x128
voxels) per test dataset resulting in 400 samples.
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For the network evaluation, the loss functions L1 (absolute difference) and L2

(mean squared error) were considered. Later on, an additional loss function was
tested for the best performing networks. The additional loss function used a gradient
difference loss (GDL), which was supposed to improve edge accuracy and image
sharpness. It was developed by Mathieu et al. [MCL15a] and can be described by

LGDL(ŷ,y) =
∑

i,j

∣∣∣∣yi,j − yi−1,j
∣∣− ∣∣ŷi,j − ŷi−1,j

∣∣∣∣2+∣∣∣∣yi,j − yi,j−1

∣∣− ∣∣ŷi,j − ŷi,j−1

∣∣∣∣2 ,
(3.15)

with y being the network’s label and ŷ being the networks output. The indices i

and j describe the observed pixel in x- and y-dimension, respectively.
The GDL was implemented with the weighting factor λ, in addition to L1 and L2,

which resulted in the combined loss function:

LA = L1+ λLGDL

LB = L2+ λLGDL

(3.16)

with λ being initially set to 0.5, whereas λ = 0.2 was considered within the later tests.
The first tests exclusively considered the under-sampling factor R = 4, whereas

later on further factors were considered as is described in subsection 3.3.4.

3.3.3 CNN performance evaluation

The fully reconstructed 23Na MR images, the artificially under-sampled images and
the images obtained from CNN post-processing (FI, RI and CI) were evaluated and
results were compared between each other.

snr and ssim The 23Na MR images were evaluated by calculating their SNR and
their structural similarity index (SSIM) to FI.

SNR was calculated based on the masks of the patient’s head (MH) and of the
image’s background (MBG) region. Both masks were calculated for each patient
based on image segmentation via threshholding. SNR of the image (I) was defined
as the fraction of mean (µ) signal intensity (SI) in the head and SI’s sd (σ) in the
background region:

SNR(I) =
µ(SI(MH))

σ(SI(MBG))
(3.17)

SSIM compares image degradation, luminance, and contrast between two images.
The value can range between 0 and 1, where 1 represents an ideal equivalency
between two images and 0 represents no similarities. It was calculated by using the
pre-implemented MATLAB function [Wan+04].

tsc quantification accuracy TSC quantification was performed of the 23Na
MR images FI and RI and of CI from the best performing CNNs (according to the
SSIM).

As was explained in section 3.2, two reference phantoms had been placed within
the FoV for absolute TSC quantification. Here, a 3-point linear fit with SI of both
phantoms and zero was performed; detail were described in subsection 3.1.4. The
ROIs were exclusively defined within the homogeneous center region of the reference
phantoms to minimize potential PVE.
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Quantification was evaluated by calculating the TSC error, which was defined
as the absolute TSC difference between the evaluated image and the FI that was
considered as ground truth (∆TSC). TSC error was calculated for the CI and it was
compared to the TSC error of RI with the purpose of evaluating whether the CNN
post-processing improved TSC quantification accuracy.

The evaluation of the TSC quantification accuracy was performed within CSF,
WM, and GM tissue separately, which was possible due to image co-registration and
automatic image segmentation as was explained in section 3.2 and subsection 3.1.3.

3.3.4 Evaluation of different under-sampling factors

The one best performing network was tested for its performance with different under-
sampling factors of R = 2, 3, 4, 5, 6, 8, 10 for the optimization of measurement time
reduction. The network was tested with the loss function L2 and LB where λ = 0.5
and λ = 0.2 were considered.

Here, the datasets of 53 patients were included, which were split into 42 training-,
eight test- and three validation datasets. Again, five random patches were dynamically
sampled per image slice. An additional difference was that here all available 120

image slices were considered of each patient. Thus, it resulted in 600 samples per
case, which was a total of 25, 200 training samples.

The networks’ performance was evaluated via SNR and SSIM as described above
(subsection 3.3.3).

3.3.5 Application on real under-sampled data

Eventually, the best performing network with the best performing loss function
(considering the SSIM) was applied to real under-sampled data. For that purpose,
one HC (male, 26 years old) was scanned with the same parameters as patients with
ischemic stroke. The 23Na MR image was acquired as FI (NFI = 6, 000, TA = 10 min)
and it was also acquired as real under-sampled image (rRI) (R = 4, NrRI = 1, 500,
TA = 2.5 min). The selected CNN was applied to rRI, generating an artificially
up-sampled 23Na MR image from real under-sampled data (rCI). During the mea-
surement, again, two reference phantoms were attached to the HC’s head based on
which TSC quantification was performed. Additionally, the 1H FLAIR from the MRI
protocol was also acquired. It was used for image segmentation (with SPM12) and
for image co-registration.

SNR of FI, rRI, and rCI, and SSIM to FI of rRI and rCI were calculated. Furthermore,
quantification accuracy within CSF, WM, and GM was compared between the rRI
and rCI.

3.3.6 Statistical analysis

Differences between SNR of CI and RI and their SSIM to FI were tested for statistical
significance using the paired student t-test. The correlations between the under-
sampling factor R and SNR and SSIM were evaluated using the Pearson correlation
test.
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3.4 prospective in-vivo studies

3.4.1 Evolution of TSC after stereotactic radiosurgery

The one prospective in-vivo study that is presented in this thesis observed radiation-
induced TSC changes within brain metastases (BM) and their surrounding peri-
tumoral tissue. The data from that study was partially published in [Moh+21a].
However, that publication focused on TSC within the BM and their edemas, whereas,
in this thesis, various ROIs, such as the areas within isodose lines were evaluated as
is described in detail. Furthermore, additional patients are included in this thesis.

23Na MR images were acquired of patients with BM, undergoing stereotactic
radiosurgery (SRS) with the Leksell Gamma Knife Icon (Elekta AB, Stockholm,
Sweden). 23Na MR images were acquired once prior to irradiation with SRS (baseline)
and twice after SRS.

All patients had one or multiple BM from differing primary tumors that were
scheduled to be treated with the Leksell Gamma Knife with a single ablative dose.
To be included in the study, the BM volume was required to be > 64 mm3 because of
the resolution of the 23Na MR image. The local ethical review committee approved
the study protocol with the approval number 2019-630N-MA, and written informed
consent was obtained from all patients.

3.4.1.1 Data acquisition

Data acquisition was performed with the 3 T Magnetom Trio and the dual-tuned
1H/23Na head coil; details were introduced in subsection 3.1.1. The study protocol
included a 3D 23Na MR image, which was acquired additionally to all 1H MR images
that were required for SRS planning or post-treatment observations. The standard
of care 1H MR images were acquired with a twelve channel 1H head coil, and
the protocol included a T1w, T2w, and a contrast-enhanced T1w 3D magnetization
prepared rapid gradient-echo sequence (MPRAGE).

By default, SRS radiation therapy planning was performed on the contrast-enhanced
(Dotarem, 0.2 ml/kg body weight) MPRAGE, which was used for the localization
and segmentation of the BM. The detailled sequence parameters are listed in the
appendix in Table A.2.

The patients underwent 23Na MRI scans at three different time points:

I. 2 days pre-SRS (baseline, T = SRS − 2 days): standard protocol + 23Na MRI

II. 5 days post-SRS (T = SRS + 5 days): no standard protocol, 23Na MRI

III. 40 days post-SRS (T = SRS + 40 days): standard protocol + 23Na MRI

Measurement I and III were synchronized with the routine clinical appointments,
and the standard of care protocol was conducted prior to the 23Na measurements. An
additional appointment was scheduled in between, which aimed to assess early TSC
changes in response to SRS. 23Na MR image acquisition was performed with the 3D
radial density-adapted sequence [Nag+09]. The detailed sequence and reconstruction
parameters are listed in the appendix in Table A.2. The reconstruction algorithm
was performed with MATLAB 2018a; details were explained in subsection 3.1.2. All
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23Na MRI scans were performed after the administration of Dotarem, which has no
significant impact on the TSC quantification according to Paschke et al. [Pas+18].

3.4.1.2 Image processing and TSC quantification

The university hospital’s radiation oncology department calculated the radiation
therapy treatment plan with the software Leksell GammaPlan. The plan was based
on the pre-SRS contrast-enhanced 1H MPRAGE. Radiation oncologists segmented all
relevant BM with their gross tumor volume (GTV) and their planning target volumes.
Additionally, organs at risk were segmented for the safest radiation exposure, which
enabled the calculation of the radiation plan and thus all resulting isodose lines.

Furthermore, one radiation oncologist defined two regions (cylinders, height and
diameter of 10 mm) within each patient’s healthy-appearing brain matter (Healthy
ROI, HR). All ROIs were exported from Leksell GammaPlan as DICOM RT files.

The DICOM RT structure files were imported into MATLAB with the Computa-
tional Environment for Radiological Research (CERR) [DBC03]. It allowed identifying
the irradiated and segmented regions from Leksell GammaPlan on the 23Na MR
image and enabled evaluation of those regions within MATLAB.

The acquired and reconstructed 23Na MR images were co-registered to the contrast-
enhanced 1H MPRAGE, which was used for the SRS planning with the aim of being
able to transfer the ROIs (GTV, isodose lines and HR) to the 23Na MR images of
all time points. Therefore, all available 23Na MR images of each patient were co-
registered to the same MPRAGE from the first measurement session. Co-registration
was performed with SPM12 as was explained in subsection 3.1.3. Furthermore, image
segmentation into WM, GM, and CSF was performed for being able to exclusively
evaluate brain matter with no CSF impingement.

Quantification was performed based on the SI within the patients’ left VH through
linear regression as was explained in subsection 3.1.4, including a correction of
the T1-weighting within the VH. The parameters were chosen analogue to the TSC
quantification in subsection 3.2.3.

The TSC-map was calculated as was shown in Equation 3.9. The ROIs within
the VH were manually segmented within the MPRAGE, which was transferable
to all three 23Na MR images because of the image co-registration. The transfer of
the reference ROI is depicted in a representative transverse slice of one patient in
Figure 3.9.

The TSC was calculated within GTV, HR and the evaluated isodose areas, which
were D = 2, 3, 4, 6, 8, 10, 12, and 18 Gray (Gy) on all 23Na MR images of each patient.
An isodose area was defined as the area enclosed by the corresponding isodose line
with subtraction of the area enclosed by the preceding isodose line, as is visualized
in Figure 4.13. The HR were evaluated to compare the TSC development within the
irradiated regions to non-irradiated healthy-appearing tissue of the same patient at
the same time points. The different isodose areas were evaluated to investigate the
effect of radiation on healthy tissue, and the GTV were evaluated to investigate the
effect of radiation on tumorous tissue. Potential CSF regions within the ROIs were
subtracted. In this study, no outer border was cut-off from the ROIs because of the
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Figure 3.9: One slice of the MPRAGE and of the 23Na MR images at all three time points
from one representative patient. A red line encircles the reference in the VH that
was used for the TSC quantification.

already relatively small size of GTV and the continuous (and not discrete) decrease
of radiation within the isodose areas.

BM that presented tumor progression were evaluated individually.

3.4.1.3 Statistical analysis

The mean TSC within GTV, HR, and within all isodose areas was compared between
measurements at time points I, II, and III. Differences were tested for statistical
significance using the paired student t-test. The correlation was tested between the
radiation doses D and the mean TSC within the corresponding isodose area using
the Pearson correlation test.

3.4.2 TSC in the human prostate with a suspected carcinoma

The other prospective in-vivo study that is presented in this thesis investigated TSC
within the male prostate. To be included in the study, the patient had to receive
an MRI exam of the prostate to investigate a clinically suspected prostate carcinoma2

(PCa). The data that is presented in this thesis was acquired between March 2020 and
May 2021. The written informed consent was obtained from all patients. The study
was approved by our local ethical review committee under the approval number
2016-631N-MA, and written informed consent was obtained from all patients.

2 Prostate carcinomas might be suspected because of, e.g., increased prostate-specific antigen values.
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Prior to the study protocol, each patient underwent a standard multi-parametric
magnetic resonance imaging (mpMRI) exam of the prostate according to the American
College of Radiology PI-RADS guidelines [Wei+16]. During the measurements, a
contrast agent was administered (Dotarem, 0.1 ml/kg body weight), with – again –
no impact on the following TSC quantification [Pas+18].

3.4.2.1 Data Acquisition

The study protocol comprised of the 23Na 3D radial density-adapted sequence (see:
subsection 3.1.2) and a 1H 2D T2w turbo-spin-echo (T2 TSE).

The 23Na MRI sequence required a measurement time of 16 min per dataset to
obtain an image with a FoV of 500x500x500 mm3 with a nominal resolution of
5.01x5.01x5.01 mm3. The detailed sequence parameters of the 1H T2 TSE and of the
23Na MRI sequence are listed in the appendix in Table A.3. Optimal reference ampli-
tude was individual for each patient and was calculated via flip angle calibrations.

The study protocol was acquired after a coil change to the dual-tuned 1H/23Na
body-coil, details are described in subsection 3.1.1.

Two radiologists segmented the whole prostate (WP) and its peripheral zone
(PZ) based on the T2 TSE in MITK (German Cancer Research Center, Heidelberg,
Germany). The subtraction of both masks resulted in the mask of the transitional
zone (TZ). Image co-registration of the 23Na MR image to the T2 TSE was performed
by automatic slice positioning alignment and re-sampling of the 23Na MR image to
the T2 TSE’s resolution with an additional anterior manual shift, which was required
to achieve an optimal alignment. Therefore, the ROIs that were segmented on the T2

TSE were transferable to the 23Na MR image.

3.4.2.2 Data processing

The 23Na MR image reconstruction was performed in MATLAB 2018a with the
algorithm that was explained in subsection 3.1.2. Image reconstruction resulted
in an image with the size of 196x196x196 voxels, which had an apparent isotropic
resolution of 2.55x2.55x2.55 mm3 and, thus, a FoV of 500x500x500 mm3.

The coil’s 16 receive channels were reconstructed individually, resulting in 16

separate images, which were combined via adaptive coil combination (ACC), meaning
that the channels were weighted during the reconstruction process, depending on
their acquired SI, optimizing the resulting image for SNR [WGM00].

B−
1 correction Corrections were necessary for inhomogeneities within the coil’s

receive field B−
1 . The B−

1 correction was performed by application of a low-pass filter
(LPF) to the 23Na image (NaIm). The methodology was performed similarly to the
previously published method by Lachner et al. [Lac+20].

After image reconstruction and coil combination via ACC, the resulting NaIm was
low-pass filtered, generating NaLP. The LPF was implemented with a Gaussian filter,
using a cubic Gaussian kernel with the sd σ1 = 10 voxels ≈ 25 mm and a filter size
of 41 voxels.

A binary mask M was obtained by thresholding of NaLP, with ones representing
the object and zeros representing the background region. Again, a 3D cubic Gaussian
filter was applied to the mask M, generating MLP. Here, the Gaussian filter had a
sd of σ2 = 20 voxels ≈ 50 mm, and a filter size of 81 voxels. The B−

1 correction map
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B1−corr was then calculated by element-wise matrix division of NaImLP and MLP

(analogue to the Hadamard product3), with

B1−corr =
NaLP

MLP
. (3.18)

It was further normalized between 0 and 1 within the mask region and was set
to 1 outside of the masks region. The B−

1 -corrected 23Na MR image NaB1corr was
eventually calculated with

NaB1corr =
NaIm

B1−corr
. (3.19)

The B−
1 correction algorithm is schematically illustrated in Figure 3.10.

No corrections were performed for the transmit field B+
1 , as homogeneity was

assumed because of the birdcage structure of the transmit coil, as was explained in
subsection 2.3.2 and subsection 3.1.1.

Figure 3.10: Schematic illustration of the B−
1 correction with a low-pass filter. The filter is

applied to the image NaIm, generating NaLP and a mask M is obtained via
thresholding. Another low-pass filter is applied to M, calculating MLP. The
correction map B1−corr is defined as the ratio of NaLP and MLP. Eventually, the
B−
1 -corrected image, NaB1corr, is calculated by dividing NaIm and B1−corr. The

algorithm was adapted from Lachner et al. [Lac+20].

tsc quantification For TSC quantification, the reference regions were chosen
to be within the femoral blood vessels (FBV), where SI was high compared to the
prostate tissue. The FBV were segmented within the region of the iliac-femoral blood

3 The Hadamard product is the element-wise multiplication of two matrices of the same size, generating
a matrix with the same size. It was described by Jacques Salomon Hadamard.
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vessel transition.TSC within the FBV was estimated to be ≈ 81 mM based on previous
findings for blood sodium concentration [KS13; OWB05; Lot+19]. Three-dimensional
ROIs were defined within the left and right FBV. Quantification was performed based
on a linear fit of the mean SI within the ROIs as was explained in subsection 3.1.4,
according to Equation 3.5.

SI within the FBV was corrected for T1- and for T2∗-weighting based on the relax-
ation time of blood with T1(Blood) = 31.9 ms, and mono-exponential T2∗(Blood) =
20.1 ms according to Konstandin et al. [KS13]. However, this must be assumed an
estimation as T2∗ further depends on the MR scanner specifics, such as B0 inhomo-
geneities. The correction was performed with:

TSC(Tissue) = SI(Tissue)

(
81mM

SIcorr(FBV)

)
= SI(Tissue)

(
81mM

(
1− e−

TR/T1(Blood)
) (

e−
TE/T2∗(Blood)

)
SI(FBV)

)

= SI(Tissue)

(
81mM · 0.9768 · 0.9420

SI(FBV)

)
= SI(Tissue)

(
81mM · 0.9201

SI(FBV)

)
(3.20)

For the calculation of the TSC-map, quantification was performed after B−
1 -

correction and after image co-registration to the T2 TSE. This was because the
ROIs that needed to be segmented within the FBV were well-distinguishable within
the T2 TSE, making segmentation more precise. TSC quantification with the marked
reference regions of one representative patient is depicted in Figure 3.11.

Relaxation times of the prostate were assumed to be T1(Prostate) = 38.8 ms, and
T2∗f(Prostate) = 6.8 ms and T2∗s(Prostate) = 14.8 ms, as was estimated previously
by Paschke [Pas20]. Therefore, relaxation time correction was performed within the
WP according to Equation 2.75 with:

TSC(WP)T1corr = TSC(WP)

(
1

1− e−TR/T1(Prostate)

)
= TSC(PT) · 1.0475

TSC(PT)T2∗corr = TSC(PT)
1

0.6e−TE/T2∗
f
(Prostate) + 0.4e−TE/T2∗s(Prostate)

= TSC(PT) · 1.1471

TSC(PT)T1,T2∗corr = TSC(PT) · 1.2016

(3.21)

Mean TSC was calculated within PZ, TZ and WP, based on the radiologists’ seg-
mentation of the anatomical regions. As the segmentation was initially performed on
the T2 TSE, TSC within the ROIs was evaluated after image co-registration.

Figure 3.12 shows one transverse slice of one representative patient with the quan-
tified 23Na MR image and the T2 TSE MR image, to which the 23Na MR image was
co-registered. On the 1H MR image, the segmentation of PZ, TZ, and one lesion
within the TZ, are depicted. The figure also shows the overlay of both MR images,
including the segmentations.
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Figure 3.11: One transverse slice of the co-registered 23Na MR image with the segmentation
of the femoral blood vessels, which were used for the for the quantification. The
23Na MR image is shown as an overlay over the T2 TSE and the segmented
regions are encircled in red.

For comparison, mean ADC was calculated within the respective regions. For that
purpose, ADC-maps were co-registered to the T2 TSE despite not being acquired
with the dual-tuned coil but during the standard mpMRI protocol. Registration was
performed via affine registration within MATLAB, using an initial radius of 0.0001,
a growth factor of 1.05, and a maximal number of iterations of 1500.

For the evaluations, the outer border of the segmentation masks was cut-off. For
the evaluation of TSC, this mainly served the purpose of avoiding potential PVE. For
the ADC-map, the cut-off of the outer border was supposed to reduce any biases due
to inaccuracies of the image co-registration, which is particularly challenging and
prone to inaccuracies when using DWI. The cut-off was set to 5.2 mm – corresponding
approximately to the 23Na MR image’s nominal resolution – for WP and TZ, but was
reduced to 2.6 mm within PZ because of its already small volume.

Furthermore, TSC quantification was also performed within the ROIs that served
as quantification references – within the FBV. Here, mainly the differences between
both sides and sd within the FBV was of interest. The purpose was to evaluate the
stability and reliability of the quantification method.

3.4.2.3 Statistical analysis

Differences between TSC in PZ, and TZ and between TSC in both segmented blood
vessels of each patient were tested using the paired student t-test. The correlations
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Figure 3.12: One transverse slice of the co-registered and quantified 23Na MR image and the
T2 TSE MR image with the segmentation of PZ, TZ, and one lesion within the TZ
(top), and the overlay of both images, including the segmented regions (bottom).

between TSC and ADC values within WP, PZ and TZ were evaluated using the
Pearson correlation test.





4
R E S U LT S

The results presented in this chapter were partially published in [Adl+21b] by Karger
Publishers (subsection 4.1.1) and in [Adl+21a] by John Wiley & Sons Ltd (section 4.2),
and the description of the corresponding results are replicated here with permission.

4.1 tsc quantification for “23
na mri in ischemic stroke”

The study “23Na MRI in ischemic stroke” included a total of 62 patients. For eval-
uating absolute and relative TSC quantification (subsection 4.1.1), 42 out of the 62

patients were included. The remaining 20 patients were excluded because of move-
ment artifacts or similar problems with the data acquisition of the 1H MR image,
because the patient aborted the measurements at some point, or because the data
acquisition was unsuccessful and the 23Na MR image was not or insufficiently quan-
tifiable. A common problem was missing or misplaced reference vials, which were
either forgotten to be placed within the FoV prior to the measurement or they were
moved due to involuntary movements of the patient.

For the evaluation of internal references for the absolute TSC quantification (sub-
section 4.1.2), eight more patients (a total of 50 out of 62 patients) were included as
acquisition problems with the 1H MR image were no exclusion criterion whereas the
remaining twelve patients were still excluded due to data acquisition problems with
the 23Na MR image.

4.1.1 Relative and absolute TSC quantification

The results presented in this section were partially published in [Adl+21b], although,
a different sub-group of patients was included and the methodology was marginally
adjusted, as was described in detail in subsection 3.2.2.

Three patients were rated with Fazekas grade 0, 23 patients with Fazekas grade I,
seven patients with Fazekas grade II, and nine patients with Fazekas grade III. One
transverse slice of one representative patient with each Fazekas grading is depicted
in Figure 4.1.

The one-sample Kolmogorov-Smirnov test showed that absolute TSC in WM
(p = 0.90), in the stroke region (p = 0.61), in the contra-lateral stroke region (p = 0.92),
and in the NAWM (p = 0.70) followed a normal distribution. Therefore, the student
t-test was applicable for TSC within all regions.

evaluation of the tissue sodium concentration in white matter The
evaluated WM was obtained by subtracting the stroke region from the automatically
segmented WM mask with a cut-off of the outer 4 mm border. After subtractions, the
remaining mean volume was 246± 125 cm3.

65
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Figure 4.1: Transverse slice of the 1H FLAIR and the co-registered quantified 23Na MR images
from a patient with A: Fazekas grade 0 (male, 80 years old), B: Fazekas grade I
(female, 59 years old), C: Fazekas grade II (male, 77 years old), D: Fazekas grade
III (female, 83 years old). This figure is adapted from [Adl+21b] with permission.

For all patients, absolute TSC in WM was between 36 and 74 mM with a mean of
52± 8 mM. The Spearman correlation test showed that there was a positive correlation
between the TSC in WM and the Fazekas grade with r = 0.43 (p = 0.0042).

Considering patients with different Fazekas gradings separately, the patients with
Fazekas grade 0 showed an absolute TSC in WM between 47 and 51 mM with a mean
of 49± 2 mM and a mean intra-subject sd of 9± 1 mM.

The patients with Fazekas grade I showed an absolute TSC in WM between 37 and
63 mM with a mean of 50± 7 mM and a mean intra-subject sd of 10± 2 mM.

The patients with Fazekas grade II showed absolute TSC in WM between 36 and
59 mM with a mean of 49± 7 mM and a mean intra-subject sd of 11± 3 mM.

And the patients with Fazekas grade III showed absolute TSC in WM between 50

and 74 mM with a mean of 62± 7 mM and a mean intra-subject sd of 15± 4 mM.

Considering patients with Fazekas grade 0, mean absolute TSC in WM was not
significantly different compared to mean absolute TSC in WM of patients with
Fazekas grade I (p = 0.82) or grade II (p = 0.92), while it was significantly lower
compared to mean absolute TSC in WM of patients with Fazeks grade III (p = 0.0126).

Mean absolute TSC in WM was not significantly different in patients with Fazekas
grade I compared to patients with Fazekas grade II (p = 0.76).

Mean absolute TSC in WM was significantly lower in patients with Fazekas grade I
and grade II than it was in patients with Fazekas grade III (p = 0.0002 and p = 0.0036,
respectively).

There was a significant positive correlation (evaluated with the Spearman correla-
tion test) between the Fazekas grade and the intra-subject sd of TSC within WM with
r = 0.49 (p = 0.0010).
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For all patients, the NAWM ROIs showed a mean absolute TSC of 47± 4 mM,
which was significantly lower compared to the mean absolute TSC in the evaluated
WM masks (p < 0.0001).

The patients with Fazekas grade 0 showed a mean absolute TSC within the NAWM
of 45± 5 mM.

The patients with Fazekas grade I showed a mean absolute TSC within the NAWM
of 47± 3 mM.

The patients with Fazekas grade II showed a mean absolute TSC within the NAWM
of 45± 5 mM.

The patients with Fazekas grade III showed a mean absolute TSC within the
NAWM of 48± 4 mM.

Mean absolute TSC within the NAWM was not significantly different between
patients of different Fazekas grades (all p > 0.2).

The boxplots of absolute TSC in WM and in NAWM are depicted in Figure 4.2
for all Fazekas grades. The figure shows how TSC in NAWM was similar between
patients with all Fazekas grades, whereas TSC in WM was different between patients
with Fazekas grade III and patients with lower Fazekas grades.

Figure 4.2: Mean absolute tissue sodium concentration (TSC) in white matter (WM, left) and
normal-appearing white matter (NAWM, right), depicted as boxplots for Fazekas
grades 0, I, II, and III. The red line in the box depicts the median value and the
blue box’ top and bottom edges represent the 25th and 75th percentiles of the data,
respectively. The whiskers extend to the most extreme data points. Statistically
significant differences are indicated with a ∗.

Table 4.1 lists the mean absolute TSC within WM and NAWM for all Fazekas
grades.

The multiple regression analysis showed that patient’s age, the time after onset of
symptoms of the ischemic stroke and the Fazekas grade could significantly predict
the absolute TSC in WM (F = 45.74, p = 0.0024) with the model explaining 31% of
the variance. The time after onset of symptoms (p = 0.18) and the patients’ age
(p = 0.21) did not contribute significantly whereas the Fazekas grade’s contribution
was significant (p = 0.0072).
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Table 4.1: Absolute tissue sodium concentration (TSC) in white matter (WM) and normal-
appearing white matter (NAWM) within patients of all Fazekas grades. TSC in the
stroke region as absolute TSC and relative TSC for both patient groups (Group 1:
Fazekas 0 and I, Group 2: Fazekas II and III). The relative TSC as rTSC, which is
relative to the contra-lateral tissue, and as rTSCNAWM, which is relative to NAWM.

Absolute TSC [mM]

Patients WM NAWM Stroke rTSC rTSCNAWM

All 52± 8 47± 4 72± 15 1.27± 0.23 1.53± 0.34

Fazekas 0 49± 2 45± 5
74± 15 1.33± 0.22 1.57± 0.33

Fazekas I 50± 7 47± 3

Fazekas II 49± 7 45± 5
67± 16 1.14± 0.19 1.43± 0.37

Fazekas III 62± 7 48± 4

evaluation of the tissue sodium concentration in stroke regions

Out of the 42 patients, 35 presented with an ischemic stroke of which the stroke region
was segmentable. In the remaining seven patients, no stroke area was segmented.
The patients were grouped according to their Fazekas grade, with Fazekas grade 0

and I being Group 1 (n = 24), and Fazekas grade II and III being Group 2 (n = 11).

The manually segmented stroke regions had – after subtraction of the outer 2 mm
border – a mean volume of 42± 61 cm3.

For all patients, mean absolute TSC in the defined stroke region was between 36

and 109 mM with a mean of 72± 16 mM.

Mean absolute TSC in the stroke region was 74± 15 mM for patients in Group
1 (Fazekas grade 0 and I) and 67± 16 mM for patients in Group 2 (Fazekas grade
II and III). Mean absolute TSC in the stroke region was not significantly different
between both groups (p = 0.25).

For all patients, absolute TSC in the contra-lateral brain tissue was between 39 and
79 mM with a mean of 57± 9 mM.

For all patients, the relative TSC based on the contra-lateral brain tissue (rTSC)
was 1.27± 0.23, and relative TSC based on the patient’s NAWM (rTSCNAWM) was
significantly higher with 1.52± 0.34 (p < 0.0001).

For patients in Group 1, mean rTSC in the stroke region was 1.33± 0.22, and it was
significantly lower for patients in Group 2 with 1.14± 0.19 (p = 0.02).

Mean rTSCNAWM in the stroke region was 1.57± 0.33 for patients in Group 1 and
1.43± 0.37 for patients in Group 2, which was not significantly different (p = 0.28).

The boxplots of absolute and relative TSC in the stroke region are depicted in
Figure 4.3 for both Fazekas groups. The figure emphasizes the similarity of absolute
TSC in the stroke region between both Fazekas groups and the difference of relative
TSC in the stroke region between both Fazekas groups.

Mean absolute TSC and both mean relative TSC (rTSC and rTSCNAWM) are listed
in Table 4.1 for both groups.
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Figure 4.3: Mean absolute (left) and relative (right) tissue sodium concentration (TSC) in the
stroke region, depicted in boxplots for Fazekas grade 0, I, II, and III. The red
line in the box depicts the median value and the blue box’ top and bottom edges
represent the 25th and 75th percentiles of the data, respectively. The whiskers
extend to the most extreme data points. Statistically significant differences are
indicated with a ∗.

4.1.2 Internal references for absolute TSC quantification

For all included 50 patients, the absolute TSC quantification showed a mean of 42± 6

mM in the whole brain with the quantification method based on the SI within the
reference vials (TSCVials).

Mean absolute TSC in the whole brain of all evaluated patients was 38± 3 mM
with the quantification based on SI within the CSF region (TSCCSF).

Mean absolute TSC in the whole brain of all evaluated patients was 35± 4 mM
with the quantification based on SI within the VH region (TSCVH).

Mean TSCCSF and mean TSCVH in the whole brain of all evaluated patients were
both significantly lower compared to TSCVials (both p < 0.0001) and mean TSCVH

was significantly lower than mean TSCCSF (p < 0.0001).

Mean absolute TSC in the whole brain of all evaluated patients are depicted as
boxplots for TSCVials, TSCCSF, and TSCVH in Figure 4.4.

Mean absolute TSC differences (∆TSC) between TSCCSF and TSCVials within the
whole brain of all evaluated patients was 6± 6 mM. Mean ∆TSC between TSCVH and
TSCVials within the whole brain of all evaluated patients was 8± 5 mM.

Mean ∆TSC of the TSCCSF-map was significantly lower than mean ∆TSC of the
TSCVH-map (p = 0.0019).

∆TSC of TSCCSF and of TSCVH within the whole brain of all evaluated patients are
depicted as boxplots in Figure 4.5.

The SSC was available for 44 out of 50 patients. No information about SSC was
available for n = 6 patients for whom ESC was thus assumed to be 145 mM. Con-
sidering those six patients, ∆TSC was 10± 9 mM within the TSCCSF-map and 9± 6

mM within the TSCVH-map. ∆TSC of that subgroup was not significantly different
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Figure 4.4: Boxplot of the mean absolute tissue sodium concentration (TSC) in the whole
brain of all included patients. Evaluated within the TSCVials-map (left), TSCCSF-
map (middle), and the TSCVH-map (right). The red line in the box depicts the
median value and the blue box’ top and bottom edges represent the 25th and 75th
percentiles of the data, respectively. The whiskers extend to the most extreme
data points, not considering outliers which are depicted as red +. Statistically
significant differences are indicated with a ∗.

compared to ∆TSC of all patients within the respective TSC-map (p = 0.14 for TSCCSF

and p = 0.40 for TSCVH).

On the TSCVials-map, after the introduction of the correction factor, mean absolute
TSC within the manually defined CSF regions was 156± 27 mM, ranging between
111 and 265 mM. Mean absolute TSC within the manually defined VH regions was
171± 24 mM, ranging between 137 and 265 mM. Mean absolute TSC within the
VH region was significantly higher than mean absolute TSC within the CSF region
(p < 0.0001).

Mean absolute TSC within the manually defined CSF and VH regions are depicted
as boxplots in Figure 4.6.

The evaluated regions within the reference vials (100 mM) had a mean size of
60± 33 voxel, the evaluated reference regions within CSF had a mean size of 35± 9

voxel, and the evaluated reference regions within VH had a mean size of 40± 7 voxel.
The sd within the reference vial of 100 mM was 6± 3 mM, sd within CSF region was

6± 2 mM, and sd in VH was 4± 2 mM. Sd within VH regions was significantly lower
compared to sd within the reference vials (p = 0.0063) and CSF regions (p = 0.0035).

The Pearson correlation test showed a positive correlation between the mean
absolute TSC within the CSF region on the TSCVials-map and the SSC with r = 0.21,
which was not significant (p = 0.18).

The Pearson correlation test showed a positive correlation between the mean abso-
lute TSC within the VH region on the TSCVials-map and the SSC with r = 0.30, which
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Figure 4.5: Boxplot of the mean absolute tissue sodium concentration differences (∆TSC)
in the whole brain of all evaluated patients between the TSCCSF-map and the
TSCVials-map (left) and between the TSCVH-map and the TSCVials-map (right).
The red line in the box depicts the median value and the blue box’ top and
bottom edges represent the 25th and 75th percentiles of the data, respectively. The
whiskers extend to the most extreme data points, not considering outliers, which
are depicted as red +. Statistically significant differences are indicated with a ∗.

Figure 4.6: Boxplot of the mean absolute tissue sodium concentration (TSC) in the manually
defined CSF (left) and VH (right) region within the TSCVials-map. The red line in
the box depicts the median value and the blue box’ top and bottom edges represent
the 25th and 75th percentiles of the data, respectively. The whiskers extend to the
most extreme data points, not considering outliers, which are depicted as red +.
Statistically significant differences are indicated with a ∗.
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was significant (p = 0.0446).

tsc quantification within tissues Mean absolute TSC was evaluated within
the segmented masks – with subtraction of the outer border.

TSCVials showed a mean absolute TSC of 53± 9 mM in WM and 58± 8 mM in GM.
Mean absolute TSC in the stroke region was 73± 16 mM.

TSCCSF showed a mean absolute TSC of 48± 7 mM in WM and 53± 6 mM in GM.
Mean absolute TSC in the stroke region was 66± 15 mM.

TSCVH showed a mean absolute TSC of 44± 7 mM in WM and 48± 6 mM in GM.
Mean absolute TSC in the stroke region was 60± 12 mM.

Mean absolute TSC within the stroke region was significantly higher compared to
mean absolute TSC in WM and GM on all three TSC-maps (all p < 0.0001). Mean
absolute TSC within GM was significantly higher compared to mean absolute TSC in
WM on all three TSC-maps (all p < 0.0001).

Mean TSC values in WM, GM, and stroke region on all three TSC-maps are listed in
Table 4.2, the corresponding boxplots are depicted in Figure 4.7. The figure visualizes
how differentiation of TSC within the different tissues is possible on all the three
TSC-maps.

Table 4.2: Mean absolute tissue sodium concentration (TSC) in white matter (WM), grey
matter (GM), and in the stroke region on the three TSC-maps: TSCVials, TSCCSF,
and TSCVH.

Tissue TSCVials TSCCSF TSCVH

WM 53± 9 48± 7 44± 7

GM 58± 8 53± 6 48± 6

Stroke 73± 16 66± 15 60± 12

4.1.3 Evaluation of quantification stability

TSC quantification based on SI within CSF and VH was performed on three MRI
scans of the same HC over a time span of a total of six weeks, which were all co-
registered to the same 1H MR image.

On the TSCCSF-map, mean absolute TSC was 56± 6 mM, 58± 6 mM, and 57± 7

mM in WM, and 65± 8 mM, 65± 9 mM, and 66± 9 mM in GM. Mean absolute TSC
differences between the three scans were 4± 3 mM between all three scans in WM,
and they were 5± 3 mM between scan I and II, 5± 4 mM between scan II and III and
4± 3 between scan I and III in GM.

On the TSCVH-map, mean absolute TSC was 43± 5 mM, 45± 5 mM, and 46± 5

mM in WM, and 50± 6 mM, 51± 7 mM, and 53± 7 mM in GM, on the TSCVH-map.
Mean absolute TSC differences between the three scans were 3± 2 mM between scan
I and II and between II and III, and 3± 3 mM between scan I and II in WM, and they
were 4± 3 mM between all three scans in GM.

All ∆, within both tissue types and within both TSC-maps, were within the sd of
the respective tissue. The TSCVH-map showed substantially lower values than the
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Figure 4.7: Boxplots of the mean absolute tissue sodium concentration (TSC) in white matter
(WM, blue), grey matter (GM, red), and in the stroke region (Stroke, yellow) on
the three TSC-maps: TSCVials, TSCCSF, and TSCVH. The middle line in the box
depicts the median value and the blue box’ top and bottom edges represent the
25th and 75th percentiles of the data, respectively. The whiskers extend to the
most extreme data points, not considering outliers, which are depicted as red +.
Statistically significant differences are indicated with a ∗.

TSCCSF-map.

Mean absolute TSC in WM and GM on TSCCSF, and on TSCVH at all three mea-
surement points, as well as mean absolute TSC differences (∆) between the three
measurement points are listed in Table 4.3.

Figure 4.8 shows two transverse slices of the 23Na MR image from scan I. The
reference regions within CSF and VH are encircled in magenta (CSF) and red (VH).
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Table 4.3: Mean absolute tissue sodium concentration (TSC) within white matter (WM) and
grey matter (GM) in one healthy control at three measurement points, including
the mean voxel-wise differences ∆ between the three measurements within both
tissue types. TSC quantification based on SI within cerebrospinal fluid and vitreous
humor.

TSC [mM]

Tissue Scan(s) TSCCSF TSCVH

WM I 56± 6 43± 5

II 58± 6 45± 5

III 57± 7 46± 5

∆ (I-II) 4± 3 3± 2

∆ (II-III) 4± 3 3± 3

∆ (I-III) 4± 3 3± 2

GM I 65± 8 50± 6

II 65± 9 51± 7

III 66± 9 53± 7

∆ (I-II) 5± 3 4± 3

∆ (II-III) 5± 4 4± 3

∆ (I-III) 4± 3 4± 3

Figure 4.8: 23Na MR image of one healthy control (male, 24 years old) from scan I with two
transverse slices. The reference regions (for the quantification of the tissue sodium
concentration) within cerebrospinal fluid (magenta) and vitreous humor (red) are
encircled.

4.2 data acquisition time reduction by application of cnn

The results presented in this section were partially (subsection 4.2.2 and subsec-
tion 4.2.3) published in [Adl+21a].

CNNs were implemented, trained and tested with the purpose to perspectively
shorten the measurement time of 23Na MRI.
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4.2.1 Verification of artificial under-sampling

The 23Na MR image of one HC showed an SNR of 25.51 in the fully sampled
image FI. The under-sampled 23Na MR images – that were acquired with a reduced
measurement time by R = 2, 4, 5, 10 – showed an SNR of 15.27, 11.33, 10.09, 7.29,
respectively. The artificially under-sampled 23Na MR image showed an SNR of
16.28, 10.60, 9.57, 7.00. SNR of the artificially under-sampled data and the real under-
sampled data were not significantly different (p = 0.79). They are listed in Table 4.4.
These results justified the artificial under-sampling as a simulation of data with
reduced measurement time. Figure 4.9 shows one representative transverse slice of
the 23Na MR images with each under-sampling factor of the real under-sampled
images and of the artificially under-sampled images. The figure shows the decreasing
image quality with increasing R and the similarity between the real under-sampled
23Na MR images and the artificially under-sampled ones.

Table 4.4: SNR of under-sampled 23Na MR images with the under-sampling factor R =

2, 4, 5, and 10.

SNR

Under-sampling Real Artificial

Factor Under-sampling Under-sampling

1 25.51

2 15.27 16.28

4 11.33 10.60

5 10.09 9.57

10 7.29 7.00

Figure 4.9: 23Na MR image of one HC (male, 28 years old) with different artificial and
real under-sampling factors. The top row shows the acquired images with the
respective under-sampling factors. The bottom row shows the artificially under-
sampled 23Na MR images, generated from the fully-sample image.
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4.2.2 Evaluation of SNR and SSIM

All CNNs increase the image’s SNR. The U-Net-based networks were also able to
improve the SSIM to FI.

Mean SNR of FI was 21.72± 2.75, and mean SNR of RI (R = 4) was 10.16± 0.96,
which is less than half of FI’s SNR and significantly lower with p < 0.001. Table 4.5
lists SNR and SSIM to FI of FI, RI, and of CI from networks where improvement
of SSIM was significant. In the appendix, Table B.1 lists the respective results of all
evaluated CNN output images. SNR and SSIM are given as mean and sd values
across all eight test datasets. The network training took between 1.5 and 4.5 hours
for every CNN configuration. After the networks were trained, the additional CNN
post-processing took approximately 20 seconds for the full dataset of one patient,
which is in addition to the time of the traditional image reconstruction.

L1 and L2 Considering only the CNNs with loss functions L1 and L2, the SNR
of the U-Net-based architectures was between 35.24± 7.08 and 59.12± 10.99, with a
mean of 43.99. For ResNet-based architectures, SNR was between 15.48± 2.23 and
69.88± 12.11, with a mean of 35.31, which was significantly lower with p < 0.001.

The mean SSIM between RI and FI was 0.87 ± 0.03, whereas it was between
0.69± 0.05 (CNN 8 L1) and 0.90± 0.03 (CNN 1 L2, CNN 2 L2) for CI. Improvement
in SSIM was only observed for CNNs with U-Net architectures. The network config-
urations with the number of filters ‘Big’ (independent of batch normalization) and
with the number of filters ‘Small’ without batch normalization improved the SSIM.
Improvement was significant with p < 0.05 for CNN 1 with L1 and L2, CNN 2 with
L2, and CNN 3 with L1 and L2, but not for CNN 2 with L1 (p = 0.0946). Therefore,
CNN 1 to 3 were further evaluated and tested with the additional GDL loss function.
The other network configurations deteriorated the structural similarity to FI. CNNs
with ResNet-based architectures caused a loss of accuracy in anatomical structures,
and checkerboard artifacts were introduced.

Figure 4.10 shows one transverse slice for each test dataset in the form of FI, RI, and
CI from CNN 2 with L1, L2, LA, and LB (each λ = 0.5) and from CNN 6 with L1, and
L2. The figure shows the results of the CNN post-processing for the different network
architecture and parameter combinations with loss functions. The checkerboard
artifacts, introduced by CNN 6, can be identified.

gradient difference loss The additional application of the GDL loss function
deteriorated the mean SNR for the U-Net-based networks to 34.73. At the same time,
LGDL improved the image similarity to FI when added to L1, but not when added
to L2. Maximal SSIM of 0.91 was achieved by adding LGDL to L1 (LA) in CNN 2

(U-Net, big number of filters, batch normalization) and CNN 3 (U-Net, small number
of filters, no batch normalization). The improvements compared to SSIM from RI
were significant (p < 0.01).

4.2.3 Evaluation of TSC quantification accuracy

TSC quantification of the 23Na MR images showed that additional CNN post-
processing after conventional reconstruction was able to decrease the TSC error
(∆TSC) in CSF, GM, and WM. Table 4.6 lists the absolute TSC error for RI and CI
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Figure 4.10: The figure shows one representative transverse slice of one 23Na MR image per
test dataset in the versions of the fully-sampled original image (FI), the artificially
under-sampled image (RI), and the image after CNN post-processing (CI) of the
networks CNN 2 (with L1, L2, LA, and LB) and CNN 6 (with L1 and L2). This
figure is reproduced with permission from [Adl+21a].

of the CNNs, which improved TSC quantification accuracy compared to RI. In the
appendix, Table B.2 lists the respective results for all evaluated CNNs.

In WM, ∆TSC was reduced by all CNNs except for CNN 1 with L1. In GM, the
∆TSC was also decreased by all CNNs except for CNN 1 with L1 (deterioration in
GM and WM) and CNN 3 with L1 (improvement in WM only). ∆TSC in CSF was
decreased with L2 by CNN 1, 2 and 3, but was increased by all CNNs with L1. The
additional LGDL decreased the ∆TSC in CSF when being applied to CNN 2 with L1

and L2 and when being applied to CNN 3 with L2. Overall, the addition of LGDL to
L1 or L2 had no significant impact on TSC error reduction.

Reduction of ∆TSC in WM was significant with CNN 3 with L2 (p = 0.0058), and
with LB (p = 0.0441). In GM, the improvement was significant with CNN 3 with L2
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Table 4.5: List of the generated signal-to-noise ratio (SNR, mean ± sd) and structural similarity
index (SSIM, mean ± sd) of the fully reconstructed image FI, the artificially under-
sampled image RI and the image after CNN-post-processing CI. Significant (p <

0.05) improvements compared to RI are marked with ∗. The table only considers
CNNs where improvement of SSIM was significant. The CNNs generating the best
results of SSIM are printed in bold.

SNR SSIM

(µ± σ) (µ± σ)

FI 21.72± 2.75 1.00

RI 10.16± 0.96 0.87± 0.03

CNN Architecture Filters Batch Norm. Loss

1 U-Net Big False L1 35.24∗ ± 07.08 0.89∗ ± 0.03

U-Net Big False L2 36.67∗ ± 07.42 0.90∗ ± 0.03

2 U-Net Big True L2 35.33∗ ± 05.54 0.90∗ ± 0.03

3 U-Net Small False L1 45.02∗ ± 07.75 0.89∗ ± 0.03

U-Net Small False L2 41.31∗ ± 07.91 0.89∗ ± 0.03

1 U-Net Big False LA 32.19∗ ± 05.98 0.90∗ ± 0.03

U-Net Big False LB 41.32∗ ± 07.60 0.89∗ ± 0.03

2 U-Net Big True LA 34.10∗ ± 04.72 0.91∗ ± 0.02

U-Net Big True LB 36.64∗ ± 06.33 0.89∗ ± 0.03

3 U-Net Small False LA 23.55∗ ± 03.13 0.91∗ ± 0.02

U-Net Small False LB 40.55∗ ± 06.74 0.89∗ ± 0.03

(p = 0.0045) and CNN 2 with L1 (p = 0.0336). The improvements in the CSF were
non-significant with p > 0.05 for all CNNs.

Thus, CNN 3 (U-Net, small number of filters, no batch normalization) with L2

was the only network that decreased TSC quantification error significantly for both
tissue types (WM and GM). It also decreased the TSC quantification error in CSF
from a mean of 4.21 mM to a mean of 3.94 mM, although the improvement was
non-significant with p = 0.0782. The reduction of ∆TSC relative to the ∆TSC in RI
was 15.27% in WM, 14.89% in GM and 6.41% in CSF. CNN 3 with L2 plus LGDL (LB
with λ = 0.5) also decreased ∆TSC in WM, GM and CSF. Here, error reduction was
significant in WM (9.51%, p = 0.0441) and non-significant in GM (8.44%, p = 0.0882)
and in CSF (0.05%, p = 0.9030). Its’ training took 1 hour and 55 minutes.

4.2.4 Evaluation of different under-sampling factors

Only the best-performing CNN (CNN 3) was further tested for the optimization of
the under-sampling factor R, which was previously set to R = 4 and was further
tested with R = 2, 3, 4, 5, 6, 8, 10. The network architecture used the U-Net design,
no batch-normalization and the number of filters ‘Small’.

Table 4.7 lists FI, RI and CI with the best-performing loss function for each R

(according to the SSIM) with their SNR and SSIM to FI for all evaluated R. In the
appendix, Table B.3 lists the respective results of all evaluated loss functions for all
evaluated R.
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Table 4.6: Mean absolute tissue sodium concentration difference to FI (∆TSC) of RI and CI
from CNNs which improved TSC quantification in WM, GM, and CSF. Networks
performing significantly (p < 0.05) better are marked with ∗. The network where
improvements were significant in WM and GM is printed in bold.

∆TSC [mM]

WM GM CSF

RI 4.52 4.50 4.21

CNN Architecture Filters Batch Norm. Loss

1 U-Net Big False L2 4.09 4.08 4.05

2 U-Net Big True L2 4.48 4.11 4.00

3 U-Net Small False L2 3.83∗ 3.83∗ 3.94

2 U-Net Big True LA 3.98 3.90∗ 3.88

U-Net Big True LB 4.10 3.97 3.82

3 U-Net Small False LB 4.09∗ 4.12 4.19

Table 4.7: List of FI and RI from all evaluated under-sampling factors R with CI from the
single best-performing loss function (according to SSIM) with their generated signal
to noise ratio (SNR, mean ± sd) and structural similarity index (SSIM, mean ± sd)
to FI. Networks performing significantly (p < 0.05) better are marked with ∗.

SNR SSIM

(µ± σ) (µ± σ)

FI 24.60± 1.81 1

Under-sampling

factor Loss λ

Half RI 18.32± 1.53 0.9886± 0.0045

L2 38.28± 2.57 0.9900∗ ± 0.0042

Third RI 14.31± 1.20 0.9761± 0.0085

LB 0.5 41.89± 3.39 0.9810∗ ± 0.0073

Quarter RI 11.83± 1.19 0.9630± 0.0135

LB 0.5 36.32± 4.48 0.9740∗ ± 0.0095

Fifth RI 10.43± 0.96 0.9531± 0.0171

LB 0.2 58.71± 7.94 0.9663∗ ± 0.0138

Sixth RI 9.36± 0.90 0.9437± 0.0188

LB 0.5 54.36± 7.66 0.9620∗ ± 0.0143

Eighth RI 7.96± 0.79 0.9235± 0.0222

L2 53.35± 7.14 0.9496∗ ± 0.0190

Tenth RI 7.21± 0.69 0.9169± 0, 0250

LB 0.5 52.29± 9.61 0.9446∗ ± 0.0182

The Pearson correlation test showed a negative correlation of r = −0.91 between
the under-sampling factor R and SNR of RI, which was significant with p = 0.0041.
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The Pearson correlation test showed no significant correlation between the under-
sampling factor R and SNR of CI with L2, which was r = 0.48 with p = 0.27, whereas
a significant positive correlation was shown for R and SNR of CI with LB with λ = 0.5
and λ = 0.2 and the respective correlation factors were r = 0.76, and r = 0.93 with
p = 0.0446 and p = 0.0025.

Figure 4.11 shows one representative transverse slice of one patient with R = 2, 4, 10
as RI and as CI with loss L2. The figure shows the image noise to increase with an
increasing R, which is present for RI but not for CI.

Figure 4.11: One representative, transverse slice of one patient with under-sampling factor
R = 2, 4, 10 as RI and as the network generated CI with loss function L2.

The Pearson correlation test showed a negative correlation of r = −0.99 between the
under-sampling factor R and SSIM of RI to FI, which was significant with p = 0.0001.

The Pearson correlation test also showed a negative correlation between the under-
sampling factor R and SSIM of CI to FI with L2 and LB with λ = 0.5 and λ = 0.2 with
the respective correlation factors of r = −0.98, r = 0.98, and r > 0.99, which were all
significant with p = 0.0001, p = 0.0002, and p < 0.0001.

Considering the SSIM, loss function L2 showed the highest SSIM (best improvement
of the SSIM) for R = 2 (error decreased by 12%) and R = 8 (24%), LB with λ = 0.5
showed the highest SSIM for R = 3 (21%), R = 4 (30%), R = 6 (33%), and R = 10

(33%), and LB with λ = 0.2 showed the highest SSIM for R = 5 (28%).

4.2.4.1 Application on real under-sampled data

The acquired 23Na MRI data with R = 4 from one HC was post-processed with CNN
3 (U-Net architecture, no batch-normalization, and small number of filters) with loss
function LB with λ = 0.5, which had generated the best results regarding SSIM for
the respective under-sampling factor.

SNR of FI was 18.95, and SNR of the real under-sampled MR image (rRI) was 11.32,
whereas SNR of rCI was higher with 27.25. SSIM to FI was 0.9084 for rRI and 0.9240
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for rCI (inaccuracy decreased by 17%). One representative, transverse slice of FI, rRI
and rCI is depicted in Figure 4.12.

Figure 4.12: One transverse slice of the 23Na MR images of one HC (male, 26 years old) as
fully sampled image (FI), under-sampled image after conventional reconstruction
only (rRI), and under-sampled image after CNN post-processing of the under-
sampled image (rCI).

Mean ∆TSC of rRI was 4.82 mM in the whole brain, which consisted of a mean
∆TSC = 4.78 mM in WM, ∆TSC = 5.00 mM in GM, and ∆TSC = 4.70 mM in CSF.
Mean ∆TSC of rCI was 4.09 mM in the whole brain, which consisted of a mean
∆TSC = 3.79 mM in WM, ∆TSC = 4.06 mM in GM, and ∆TSC = 6.40 mM in CSF.
The results are listed in Table 4.8.

Table 4.8: Signal-to-noise ratio, structural similarity index (SSIM), and absolute TSC quantifi-
cation error ∆TSC of the fully sampled 23Na MR image (FI), the under-sampled
image after conventional reconstruction only (rRI), and the under-sampled image
after CNN post-processing (rCI).

FI rRI rCI

SNR 18.95 11.32 27.25

SSIM 0.9084 0.9240

∆TSC

WM 4.78 3.79

GM 5.00 4.06

CSF 4.70 6.40

4.3 prospective in-vivo studies

4.3.1 Evolution of TSC after stereotactic radiosurgery

The data from the here presented study was partially published in [Moh+21a]. How-
ever, that publication was limited to the evaluation of TSC within BM and their
edemas and it did not consider ROIs such as the isodose areas, which were eval-
uated within this thesis. Furthermore, additional patients were included in this thesis.

The data of 12 patients with a total of 14 BM was evaluated. The inclusion criteria
involved a sufficient size of the BM, which was required to be > 64 mm3.
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Out of those 12 patients, five were men, and seven were women who had a mean
age of 63± 14 years. Nine patients (11 BM) underwent all three scheduled MRI
measurements, one patient (1 BM) only underwent the first MRI measurement suc-
cessfully, and two patients (2 BM) only underwent the first two MRI measurements.

Out of the included fourteen BM, two showed local tumor progression (non-
responders), which was defined as a progressing lesion with overlap with the plan-
ning target volume at some point during follow-up examination. The remaining
twelve patients (responders) did not show a local progression of the BM at any
follow-up exam.

Figure 4.13 shows one representative transverse slice of the MPRAGE and of the
three 23Na MR images of one patient (responder) with the GTV, and the isodose areas
regions being visualized within the MPRAGE.

Figure 4.13: One representative transverse slice of one patient’s (responder) MPRAGE and
the co-registered 23Na of all three measurements: I – t = SRS − 2days, II –
t = SRS + 5days, and III – t = SRS + 40days. The isodose areas and the GTV are
visualized within the MPRAGE as color-coded regions.

The one-sample Kolmogorov-Smirnov test showed that mean absolute TSC in GTV
(p = 0.90, p = 0.92, p = 1.0), HR (p = 0.70, p = 0.93, p = 0.65), and all evaluated
isodose areas (all: p ⩾ 0.3) followed a normal distribution at all three time points.
Therefore, the student t-test was applicable for mean absolute TSC within all regions.

The mean absolute TSC within all GTV, HR, and the isodose areas of D =

2, 3, 4, 6, 8, 10, 12, 18 at all three measurements (I, II, and III) are listed in Table 4.9.
At baseline (MRI scan at time point I, t = SRS − 2days), mean absolute TSC in

all 14 GTV was 61± 10 mM. MRI scan at time point II (t = SRS + 5days) showed a
mean absolute TSC of 68± 9 mM in the remaining 13 GTV. MRI scan at time point
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Table 4.9: Mean absolute tissue sodium concentration (TSC) within all gross tumor volumes
(GTV), healthy-appearing brain matter (HR), and isodose areas at all three mea-
surements.

TSC [mM]

Region Scan I Scan II Scan III

t = SRS − 2days t = SRS + 5days t = SRS + 40days

GTV 61± 10 68± 9 58± 9

HR 45± 5 45± 5 44± 5

Isodose Area

18 Gy 60± 10 65± 10 54± 7

12 Gy 58± 10 62± 10 52± 6

10 Gy 57± 9 61± 10 51± 6

8 Gy 58± 9 61± 10 51± 6

6 Gy 57± 8 59± 10 51± 5

4 Gy 55± 7 57± 9 51± 5

3 Gy 54± 6 56± 8 51± 5

2 Gy 53± 5 54± 6 51± 5

III (t = SRS + 40days) showed a mean absolute TSC of 58± 9 mM in the evaluated
11 GTV.

Mean absolute TSC in GTV was significantly lower at baseline compared to scan
II (p = 0.0076) and it was higher compared to scan III, but differences were not
significant (p = 0.27). Mean absolute TSC in GTV was significantly higher at scan II
compared to scan III (p = 0.0214).

At baseline, mean absolute TSC in all HR was 45± 5 mM. At scan II, mean absolute
TSC in HR was 45± 5 mM. At scan III, mean absolute TSC in HR was 44± 5 mM.
Mean absolute TSC in HR was not significantly different at baseline, scan II or scan
III (p = 0.81, p = 0.74, p = 0.99).

Mean TSC in HR was significantly lower than mean TSC in GTV at all three time
points (all p < 0.0001).

Figure 4.14 depicts the mean absolute TSC in GTV and HR at all three measure-
ments as boxplots for all patients, including responders and non-responders. The
figure shows the significantly higher TSC within GTV compared to HR and it also
shows how TSC within GTV evolves whereas it remains relatively constant within HR.

The two progressing BM showed, within the GTV, a mean TSC of 50± 3 mM
(non-responder 1) and 48± 2 mM (non-responder 2) at baseline, which evolved to
53± 5 mM and 53± 3 mM at scan II, and to 71± 5 mM and 50± 3 mM at scan III.
The TSC evolution within both progressive GTV is depicted in Figure 4.15 separately.
The figure shows a substantially different TSC evolution of non-responder 1 (left)
compared to the mean TSC evolution with all GTV.
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Figure 4.14: Boxplot of the mean absolute tissue sodium concentration (TSC) within all gross
tumor volumes (blue), and all healthy-appearing brain matter regions (red) at
the three measurements: I – t = SRS − 2days, II – t = SRS + 5days, and III –
t = SRS + 40days. The middle line in the box depicts the median value and
the box’ top and bottom edges represent the 25th and 75th percentiles of the
data, respectively. The whiskers extend to the most extreme data points, not
considering outliers, which are depicted by +. Statistically significant differences
are indicated with a ∗.

Figure 4.15: Left: Non-responder 1. Right: Non-responder 2. Boxplots of the absolute
tissue sodium concentration (TSC) within the gross tumor volumes of both
progressive brain metastases at all three measurements: I – t = SRS − 2days, II –
t = SRS + 5days, and III – t = SRS + 40days. The middle line in the box depicts
the median value and the box’ top and bottom edges represent the 25th and 75th
percentiles of the data, respectively. The whiskers extend to the most extreme
data points, not considering outliers, which are depicted by +.

Considering all patients, the mean absolute TSC within isodose areas of D =

2, 3, 4, 6, 8, 10, 12, 18 was lower at baseline compared to scan II for all isodose areas
and differences were significant for isodose areas D = 18, 12, 10, and 8 (p = 0.0132,
p = 0.0202, p = 0.0352, and p = 0.0364) but not for isodose areas D = 6, 4, 3, and 2

(p = 0.05, p = 0.07, p = 0.18, and p = 0.27).
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Comparing mean absolute TSC within the isodose areas between baseline and scan
III; it was higher at baseline within all isodose areas and differences were significant
for D = 18, 12, 10, 8, 6, 4, 3 Gy (p = 0.0257, p = 0.0180 p = 0.0134, p = 0.0092,
p = 0.0081, p = 0.0156, and p = 0.0032) but not for D = 2 Gy (p = 0.06).

Comparing mean absolute TSC within the isodose areas between scans II and
III; it was higher at II for all isodose areas and differences were significant for
D = 18, 12, 10, 8, 6, 4, 3 Gy (p = 0.0079, p = 0.0068, p = 0.0062, p = 0.0058,
p = 0.0089, p = 0.0140, and p = 0.0161) but not for D = 2 Gy (p = 0.13).

Figure 4.16 depicts the mean absolute TSC of all patients within the isodose areas
D = 2, D = 10, and D = 18 Gy at all three measurements as boxplots. The figures
illustrates how TSC within the higher isodose areas was significantly different be-
tween the the measurements, whereas TSC within the lowest observed isodose area
did not change significantly.

Figure 4.16: Boxplot of the mean absolute tissue sodium concentration (TSC) within the
isodose areas D = 18 (blue), D = 10 (red), and D = 2 Gy (yellow) of all patients
at all three measurements: I – t = SRS − 2days, II – t = SRS + 5days, and III –
t = SRS + 40days. The middle line in the box depicts the median value and the
box’ top and bottom edges represent the 25th and 75th percentiles of the data,
respectively. The whiskers extend to the most extreme data points. Statistically
significant differences are indicated with a ∗.

Considering all patients, mean absolute TSC within isodose area D = 18 Gy was
significantly higher than mean absolute TSC within isodose area D = 12 Gy at
beaseline (p = 0.0076), II (p = 0.0006), and III (p = 0.0294).

Mean absolute TSC within isodose area D = 12 Gy was higher than mean absolute
TSC within isodose area D = 10 Gy, which was significant at beaseline (p = 0.0014),
and II (p = 0.0004), but not at III (p = 0.06).

Mean absolute TSC within isodose area D = 10 Gy was similar to mean absolute
TSC within isodose area D = 8 Gy with no significant differences between any time
points (p = 0.73, p = 0.86, and p = 0.07).

Mean absolute TSC within isodose area D = 8 Gy was significantly higher than
mean absolute TSC within isodose area D = 6 Gy at baseline and at II (p = 0.0451
and p = 0.0148) but not at III (p = 0.41). The same was applicable for isodose area
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D = 6 Gy compared to D = 4 Gy (p = 0.0250, p = 0.0097, and p = 0.81), and for
D = 4 Gy compared to D = 3 Gy (p = 0.0122, p = 0.0027, and p = 0.91).

Differences between isodode areas D = 3 Gy and D = 2 Gy were only significant
at II (p = 0.0308) but not at baseline or III (p = 0.0642 and p = 0.57).

The Pearson correlation test showed a significant, positive correlation between
the radiation dose D and the mean absolute TSC within the corresponding isodose
area at all three scans. Correlation between D and mean absolute TSC was r = 0.92
(p = 0.0011) at baseline (I), r = 0.96 (p = 0.0001) five days after SRS (II), and r = 0.86
(p = 0.0061) 40 days after SRS (III).

Mean absolute TSC within the isodose areas of all patients who did not show
progression (reponders) and their ratio between each other at all three scans are
depicted in Figure 4.17. The figure shows a decreasing TSC with a decreasing isodose
area (increasing distance to the tumorous tissue) and overall a higher TSC at II and a
lower TSC at III, compared to baseline (I).

Figure 4.17: Plot of the mean absolute tissue sodium concentration (TSC) within the observed
isodose areas of all included brain metastases, which did not show progression
(responders) at all three measurements: I – t = SRS − 2days (blue), II – t =

SRS + 5days (red), and III – t = SRS + 40days (yellow).

Considering only the two progressing BM: At baseline, mean TSC within all isodose
areas was between 48 and 50 mM (non-responder 1) and between 51 and 54 mM
(non-responder 2). At scan II, it was between 50 and 52 mM and between 48 and 51

mM. At scan III, it increased substantially for non-responder 1 where it was between
51 and 60 mM, with a tendency of higher TSC values within the higher isodose areas.
Isodose areas of the other progressing BM (non-responder 2) remained similar and
between 48 and 53 mM.

The TSC evolution of the isodose areas of both progressing BM is depicted in
Figure 4.18. The figure shows a relatively constant TSC over all isodose areas at scan
I and II. An increased TSC is observed within higher isodose areas of one of the BM
at scan III.
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Figure 4.18: Plot of the mean absolute tissue sodium concentration (TSC) within the observed
isodose areas of both progressing brain metastases at all three measurements: I
– t = SRS − 2days (blue), II – t = SRS + 5days (red), and III – t = SRS + 40days
(yellow).

4.3.2 TSC in the human prostate with a suspected carcinoma

A total of 37 male patients with a clinically suspected PCa was included in the study.
The data of 29 patients was analyzed who had a mean age of 67± 8 years. The
remaining eight patients were excluded due to failure of data acquisition (n = 3),
abortion of the measurement due to discomfort of the patient (n = 2), or because the
patient had a hip implant on one side and the resulting artifacts were too severe for
reliable image analysis (n = 3). Of those 29 patients, six were rated with a PI-RADS
5 lesion, three with a PI-RADS 4 lesion, and the remaining 20 patients were rated
with lower ranking lesions or did not show any. Of those patients who received a
prostatectomy, ten patients had a Gleason score of ⩾ 3+ 3. Within those were all
six patients with a PI-RADS 5 lesion (two Gleason 3+ 4, one Gleason 4+ 3, three
Gleason 4+ 5) and one had a PI-RADS 4 lesion (Gleason 3+ 3). It also included two
patients who had only a PI-RADS 2 lesion (both Gleason 3+ 3), and one of those
patients presented a PI-RADS 1 (also Gleason 3+ 3).

Segmentation of the lesions was performed for the six patients with a PI-RADS 5

lesion and for the one patient with a PI-RADS 4 lesion. Two patients with PI-RADS
5 lesions had their lesion within the TZ (Gleason 3+ 4 and 4+ 3) and four patients
with PI-RADS 5 and one patient PI-RADS 4 lesion had their lesions within the PZ,
with one patient presenting multifocal PCa with two segmentable lesions (PI-RADS
5, Gleason 3+ 4).

Absolute TSC quantification was performed for all 29 patients based on SI within
the FBV.

The one-sample Kolmogorov-Smirnov test showed that absolute TSC in the WP
(p = 0.17), the PZ (p = 0.47), within the TZ (p = 0.67), and within the FBV (p = 0.87)
followed a normal distribution. Therefore, the student t-test was applicable for TSC
within all regions.



88 results

Within the WP, all evaluated patients showed a mean absolute TSC between 30 and
52 mM, with a mean of 40± 5 mM.

In the PZ, all patients showed a mean absolute TSC between 29 and 56 mM with a
mean of 41± 6 mM, and in the TZ, all patients showed a mean absolute TSC between
26 and 48 mM with a mean of 38± 6 mM.

Mean absolute TSC of all patients was significantly higher in the PZ than in the TZ
(p = 0.0048), by a mean of 3± 15 mM.

Mean absolute TSC in the WP, PZ, and TZ of all evaluated patients are depicted as
boxplots in Figure 4.19. The figure shows the significant differences between TSC in
PZ and TZ.

Figure 4.19: Mean absolute tissue sodium concentration (TSC) in the whole prostate (WP),
peripheral zone (PZ), and transitional zone (TZ). The red line in the box depicts
the median value and the blue box’ top and bottom edges represent the 25th
and 75th percentiles of the data, respectively. The whiskers extend to the most
extreme data points. Statistically significant differences are indicated with a ∗.

Evaluation of the ROIs within the FBV – which served as TSC quantification
references and were set to a mean absolute TSC of 81 mM – showed a mean absolute
TSC of 80.4± 2.0 mM on the left side and a mean absolute TSC of 81.6± 2.0 mM on
the right side.

Mean sd within the left FBV was 3.0± 1.4 mM and mean sd in the right FBV was
4.1± 1.6 mM. Considering both FBV, mean sd of TSC within the whole evaluated
blood vessel regions was at 4.3± 1.3 mM. Mean absolute TSC differences between
both sides was 3.5± 2.3 mM. There were no significant differences between absolute
TSC within the FBV on the left side compared to the mean absolute TSC within the
FBV on the right side (p = 0.16).

Considering the six segmented lesions in the PZ, they all showed mean absolute
TSC values of 24 to 43 mM with a mean of 31± 6 mM within the segmented lesion(s).
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For every patient (n = 5), mean absolute TSC within the lesion(s) was lower than
mean absolute TSC within the patient’s PZ.

Evaluating the PZ of all patients with an identified lesion (Gleason ⩾ 3+ 3) within
the PZ (n = 6) and comparing the TSC within their PZ to the TSC within the PZ of
all other patients (n = 23), the TSC was significantly lower within the PZ of patients,
where lesions were identified (37 ± 4 mM compared to 43 ± 6 mM, p = 0.0331).
Considering only the three patients with a 4+ 5 Gleason score, who all presented
their lesion within the PZ, TSC within the whole PZ of those patients was lower in
PZ than in the TZ for two patients (by 2 mM and by 5 mM). For the third patient,
TSC within PZ was higher than in TZ by 1 mM.

The segmented PZ, TZ and lesions within PZ are depicted on one slice of the T2

TSE and on the quantified 23Na MR image of two patients in Figure 4.20.

Figure 4.20: One transverse slice of MR images of two patients with one (bottom) or two
(top) lesions in the peripheral zone of their prostate. Their T2 TSE is on the
left, including the segmentation of the peripheral zone (pink), transitional zone
(green) and lesions (white), and their co-registered and quantified 23Na MR
image is on the right, including the transferred segmentation masks of the
regions of interest.

The two segmented lesions within TZ showed mean TSC values of 37± 4 mM and
36± 3 mM, which was lower than mean TSC within the healthy TZ for one patient
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(mean TSC with TZ was 40± 5) but higher than mean TSC within the TZ of the other
patient (mean TSC was 31± 6 mM).

Evaluating the TZ of all patients with an identified lesion (Gleason ⩾ 3+ 3) within
the TZ (n = 3) and comparing the TSC within their TZ to the TSC within the TZ
of all other patients (n = 26), the TSC was lower within the TZ of patients, where
lesions were identified (36± 4 mM compared to 38± 6 mM) but differences were not
significant (p = 0.53).

Table 4.10 lists the mean absolute TSC values within WP, PZ, TZ and possible
lesions of patients with a Gleason lower than 3+ 3, patients with a Gleason ⩾ 3+ 3

in the PZ and patients with a Gleason ⩾ 3+ 3 in the TZ.

Table 4.10: Mean absolute tissue sodium concentration (TSC) within the whole prostate (WP),
its peripheral -, its transitional zone (PZ, TZ), and within segmented lesions.
Values are given for all patients and are separated between patients with no
identified lesions with a Gleason score of ⩾ 3+ 3 (No lesions), with identified
lesions within PZ (Lesions in PZ) and with identified lesions within TZ (Lesions
in TZ).

TSC [mM]

Patients WP PZ TZ Lesion

All 40± 5 41± 6 38± 6 33± 6

No lesions 41± 6 43± 6 40± 6 –

Lesions in PZ 36± 2 37± 4 34± 3 31± 6

Lesions in TZ 38± 3 40± 3 36± 4 37± 0

Regarding the patients’ ADC-maps; image co-registration was not successful for
n = 2 patients but was considered for n = 27 patients. A positive correlation
(evaluated with the Pearson correlation test) was found between ADC and TSC
values within WP (r = 0.35), PZ (r = 0.50) and TZ (r = 0.22), although, correlation
was only significant within PZ (p = 0.0078) but not within WP (p = 0.08) or TZ
(p = 0.28).



5
D I S C U S S I O N

This chapter discusses the methodologies and results presented in this thesis. The
different methods for the quantification of tissue sodium concentration (TSC) in the
human brain of patients with ischemic stroke are evaluated, with the first part already
being published in [Adl+21b] by Karger Publishers. The impact of 23Na MR image
post-processing with a convolutional neural network (CNN) is discussed, with parts
of it already being published in [Adl+21a] by John Wiley & Sons Ltd. The results of
both conducted prospective in-vivo studies are analyzed.

5.1 tsc quantification for “23
na mri in ischemic stroke”

The 23Na MRI data from patients with ischemic stroke was used to evaluate different
TSC quantification methods.

Absolute TSC quantification based on the signal intensity (SI) within external
reference phantoms, which are placed within the field of view (FoV) during the
MRI measurements, is common practice and currently considered as state of the
art [Boa+94; Thu+99; MR13; Thu18]. However, different quantification methods,
like the relative TSC based on the contra-lateral brain tissue or the cerebrospinal
fluid (CSF), have also been evaluated previously, despite being rather described as
semi-quantitative parameters [WAH12; Han+13; NP+15].

In this thesis, absolute and relative TSC quantification methods were compared
in the human brain of patients with ischemic stroke. Absolute TSC was calculated
based on the SI within reference vials (TSCVials) with a known sodium concentration.
Relative TSC quantification was performed based on SI within the contra-lateral
brain tissue (rTSC). Furthermore, absolute TSC quantification was also performed
based on SI within internal references, where a constant extra-cellular sodium con-
centration (ESC) was assumed: the cerebrospinal fluid (TSCCSF), and the vitreous
humor (TSCVH). On the one hand, results indicated that rTSC might be influenced
by potential pre-existing small vessel diseases within the white matter (WM), which
appeared to have an impact on the contra-lateral TSC. On the other hand, absolute
TSC quantification based on CSF or VH did not seem to suffer from such systematic
errors. However, the quantification based on SI within CSF, particularly of younger
patients, seemed to suffer from partial volume effects (PVE). TSC quantification based
on the SI within the VH was considered as reliable method.

5.1.1 Relative and absolute TSC quantification

The TSC was evaluated within the WM of patients with ischemic stroke. In the
healthy human WM, previous studies reported TSC to be between 20 and 60 mM
[MR13]. In the here presented study, the manually segmented normal-appearing
white matter (NAWM) regions of all patient groups showed a TSC of 45± 5 mM,
which is within that range, supporting the findings.

91
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Small vessel diseases can cause white matter lesions (WML), which present them-
selves as white matter hyperintensities (WMH) on T2w MR images [Pan10; DM10;
WSD13; Man+15]. WML are usually caused by changes in the water content or
changes in the overall white matter integrity, consequently indicating changes in the
cell viability and vitality [WVHMM15; Man+15; MC19], which might manifest itself
by cognitive impairment or different neuro-pathological diseases, such as dementia,
or depression [Faz+93; Bok+06; YHK08; PS15].

With TSC being highly sensitive to changes in extra- and intra-cellular volume
fraction (IVF/EVF) [Thu18], such changes of the vascularization will also lead to
alterations in TSC. This was previously observed for multiple sclerosis lesions, which
were reported to present increased absolute TSC values [Zaa+12; Eis+16; Pet+16a;
Pet+16c; Don+19; Web+21].

The scale of Fazekas was used to rate and quantify WMH in the evaluated patients,
indicating their white matter disease severity.

Considering patients with Fazekas grade 0 or I (no or mild WML), mean absolute
TSC within WM was between 37 and 63 mM, with a mean of 49± 2, and 50± 7,
respectively. The results are within the global range of previously reported results
[MR13], although being at the upper limit with some individual patients even
exceeding maximal previously reported values. One possible explanation of the
rather high results could be the effect of the ischemic area – even after its subtraction
from the WM mask – with PVE possibly having an impact on the TSC in the
surrounding area, which was classified as healthy tissue. However the effect was
reduced by the cut-off of the outer border.

Considering patients with Fazekas grade III (extensive WML), mean absolute
TSC in WM was between 50 and 74 mM, exceeding even the upper limits for TSC
in healthy WM from the above mentioned literature values by up to 23%. It is
hypothesized that the increased TSC might arise from the WML, which indicate
axonal loss and thus an increase in EVF.

The intra-subject standard deviation (sd) of absolute TSC in WM was higher in
patients with Fazekas grade III than it was in patients with Fazekas grades 0, I, or
II. A significant positive correlation was shown between the Fazekas grade and the
intra-subject sd. This indicates higher variations of TSC within the WM of patients
with an increased Fazekas grade, which might thus be caused by the higher TSC
in WML. A more homogeneous TSC was present in the WM of patients with lower
Fazekas grades, who presented less WML.

After subtraction of the area that was affected by ischemic stroke, the un-affected
WM area had a mean size of 246± 125 cm3, which is smaller than previously reported
WM volumes, which were between 420 and 508 cm3 [LSJ02; Tak+11], and therefore
≈ 40 − 50% larger. The difference might be caused by subtraction of the stroke
area and cut-off of the outer 4 mm border that was performed with the purpose of
reducing PVE. The cut-off was chosen to be 4 mm as it corresponds to the nominal
resolution of the 23Na MR image and thus the equivalent of one voxel – as it was on
the original 23Na MR image – was subtracted.

Evaluation of the patient’s age and the time after the onset of symptoms of the
ischemic stroke showed that both factors did not contribute significantly to the pa-
tient’s absolute TSC in WM. The Fazekas grade was the only significant contributor to
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TSC in WM. The influence of gender and possible differences between both genders
were not evaluated but would be of high interest for future investigations.

The ischemic stroke region was defined as presenting lowered values on the
apparent diffusion concentration (ADC)-map. The contra-lateral stroke region was
defined by mirroring the stroke region on the middle fissure. Again, the outer border
of the region of interest (ROI) was subtracted. The mean absolute TSC in the stroke
region was 72± 16 mM with a wide range of 36 to 109 mM. The contra-lateral stroke
region also presented a wide range of 39 to 79 mM with a mean of 57± 9 mM. Mean
absolute TSC within the stroke region was within the range of previously reported
values [Thu+05; Hus+09; Wet+12]. However, mean TSC within the contra-lateral
stroke region of some patients exceeded even the upper limit of previously reported
TSC values in healthy brain matter substantially [MR13].

Mean TSC in the stroke region was – with the absolute quantification – 74± 15

mM in Group 1 (Fazekas grade 0 and I) and 67± 16 mM in Group 2 (Fazekas grade
II and III) with the differences not being significant. The relative quantification based
on the NAWM showed – again – that no significant differences of TSC within the
stroke were present between both groups. However, when using the relative TSC
quantification based on the contra-lateral stroke region, differences of TSC in WM
between both groups were significant. The apparent differences in relative TSC
between both groups are thus assumed to be primarily caused by TSC differences in
the contra-lateral brain tissue, which were influenced by WML.

Consequently, absolute TSC quantification is warranted and provides more reliable
results than relative quantification, which might be influenced by, e.g., pre-existing
small vessel diseases – resulting in WML.

5.1.2 Absolute TSC quantification with internal references

Different absolute TSC quantification methods were performed with datasets from
patients with ischemic stroke. The absolute TSC quantification was based on the
SI within references vials (TSCVials), which is being considered as state of the art
and it is broadly used within and beyond applications in the human brain [Ouw11;
MR13; Hu+20]. However, usage of reference phantoms is prone to human errors.
Their proper placement is crucial and they might get displaced by just small and
potentially involuntary movements of the patient – particularly when considering
patients with ischemic stroke. In hectic or stressful situations, their placement might
even be forgotten entirely.

Therefore, additionally to TSCVials, two other, less established, absolute quan-
tification methods were performed for comparison. Quantification was based on
internal quantification references: the cerebrospinal fluid (CSF) and the vitreous
humor (VH). Previously, it had been suggested to evaluate the sodium concentration
relative to other organs or tissues [Mar+06; Han+13]. CSF and VH, do not contain
vital cells and a stable sodium concentration, strongly linked to the blood serum
sodium concentration (SSC), was found within both [OR55; Har+10; SLG20; Pig+20],
motivating the consideration of either region as potential reference for the absolute
TSC quantification. In the presented study, TSC in VH and in CSF were assumed to
be equivalent to SSC, which was thus used for the quantification if the value was
available. It was assumed to be 145 mM, corresponding to previously reported ESC
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[SE92; Som02], if SSC was not available.

On the one hand, overall, the results of all three quantification methods were within
the range of previously reported values [MR13], particularly when considering that
WM TSC might be elevated because of the above-discussed WML. Image segmen-
tation allowed for TSC evaluation within WM, GM and stroke region separately.
The results showed mean absolute TSC values of 53± 9 mM (TSCVials), 48± 7 mM
(TSCCSF), and 44± 7 mM (TSCVH) in the WM, and 58± 8 mM (TSCVials), 53± 6 mM
(TSCCSF), and 48± 6 (TSCVH) in GM.

On all three TSC-maps, the stroke regions presented with significantly higher TSC
values than WM and GM, and TSC within WM was lower than TSC within GM. Both
tendencies, which were present with all three quantification methods, were similar to
previously reported findings [Lin+01; Hus+09; Mad+12a; NP+15; Maa+17; Rid+18;
Lia+19].

On the other hand, TSCCSF and TSCVH showed lower TSC values in the whole
brain than TSCVials and the TSCVH-map showed lower values than the TSCCSF-map.
The manually segmented regions within CSF and VH showed mean absolute TSC
values of 156± 27 mM (CSF) and 171± 24 mM (VH) on the TSCVials-map. This is
generally high, and n = 4 outliers even presented values above 200 mM, which is far
above previously reported or physiologically reasonable values [SE92; Fal+94; Som02;
Som04].

The size of the used reference vials was rather small, with a volume of 14 ml
and a diameter of 15 mm, making them sensitive to PVE. The introduction of PVE
especially from surrounding air, would decrease the SI within reference vials and
consequently increase values on the TSCVials-map. Misplacement of the vials, e.g.
not parallel to the image plane, could potentially increase the impact, which might
explain the outliers. Larger reference vials, particularly in diameter, might help to
increase the accuracy of a TSCVials-map.

Furthermore, TSC within VH was higher than TSC within CSF; despite the sodium
concentration of both being strongly linked (or equilibrated) with ESC [OR55; Har+10;
SLG20; Pig+20]. The VH is a spherical body with a diameter of ≈ 16 mm, which
remains relatively stable in adulthood [RWB06]. CSF expands with age, and ventricles
are significantly larger in older patients [Mat+96; Zha+05]. Figure 4.1 shows one
transverse slice of four patients with different Fazekas grading. The figure illustrates
how CSF in the ventricles is more prominent on the 23Na MR image of the older
patients (Fazekas grade 0, II, and III, age between 77 and 83 years old) compared to
the substantially younger patient (Fazaks grade I, 59 years old). Smaller ventricles
make the manual definition of a CSF region more challenging. Thus, CSF in younger
patients is more prone to the introduction of PVE compared to the easier segmentable
regions within VH with its stable size.

The impact was further explored by considering the sd of TSC within the seg-
mented regions of one of the reference phantoms, the CSF, and the VH. Sd was
significantly lower within VH than within the two other regions, which emphasizes
the homogeneity of the TSC in VH. Thus, making the TSC quantification based on
the SI within the VH more stable and robust.

Figure 3.5 illustrates the three different regions that were considered as references
for the TSC quantification on a transverse image slice of one representative patient.
The figure might visualize why PVE are differently prominent within the three re-
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gions.

A significant positive correlation was found between SSC and TSC in VH whereas
the correlation between SSC and TSC in CSF was not significant. However, for TSCVH

and for TSCCSF, TSC differences to TSCVials was not significantly different between
patients where SSC was available and those where an ESC was estimated to be
145 mM within CSF and VH. This is despite the fact that the estimation must be
considered highly simplified, as SSC might fluctuate – even if only marginally – and,
especially for patients with the risk of an ischemic stroke, altered SSC levels were
found previously [Wan+94]. However, apparently, even with no SSC available, the
TSC quantification accuracy did not seem to suffer substantially.

Those results justify a TSC quantification based on internal references even if no
blood sample of the patient is available.

evaluation of quantification stability To evaluate the absolute TSC
quantification stability, three 23Na MRI were acquired of one healthy control (HC)
over a time span of six weeks. TSC quantification was performed based on SI within
CSF and VH. Again, TSCVH showed lower values than TSCCSF. Here, PVE within
CSF were especially prominent because of the the HC’s small ventricles. They are
visible in Figure 4.8, and can be explained by the young age (24 years) of the HC.
Results within WM and GM on both TSC-maps show values, which were within the
range of literate values [MR13]. However, for TSCCSF, they are at the upper limit,
whereas the results within the TSCVH-map were more similar to the globally reported
values [Ouw+03; Ouw11; Zaa+12; Nie+15; Eis+19; Lia+19; Web+21]. TSC differences
between the three measurements were below the sd within the respective tissues.
Thus, the results indicate high quantification stability. The TSC differences between
scans were lower on the TSCVH-map than on the TSCCSF-map.

Overall, the VH appeared as reliable reference for the TSC quantification. Quantifi-
cation based on SI within VH seemed to be more robust than quantification based
on SI within CSF. This is despite the fact that the TSCVH-map of the patients with
ischemic stroke presented higher TSC differences to the TSCVials-map compared to the
TSCCSF-map. It is justified, on the one side, because of the low differences between
the TSCVH-maps of scans at different time points, and, on the other side, because of
the great variations in ventricle size and shape.

Consequently, TSC quantification based on SI within the VH was chosen for the
prospective in-vivo study investigating TSC evolution within patients who underwent
stereotactic radiosurgery, which is discussed in subsection 5.3.1.

5.2 data acquisition time reduction by application of a cnn

The aim was to prospectively reduce 23Na MRI data acquisition time for patients
with ischemic stroke.

Data acquisition of 23Na MRI takes substantially longer compared to 1H MRI,
requiring a measurement time of at least ≈ 10 min, according to the current state of
the art. This is caused by the substantially lower natural abundance of 23Na MRI and
its less favorable NMR properties compared to 1H. Furthermore, the resulting images
have a relatively low signal-to-noise ratio (SNR) because of the trade-off between
measurement time and SNR.
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At the same time, measurement time is a crucial parameter for the decision of
whether a sequence can be used in the clinical routine. Particularly when considering
acute diseases, such as the ischemic stroke, fast treatment decisions are warranted,
which do not allow for for long MRI protocols. Furthermore, patients might expe-
rience discomfort during the MRI because of the restricted space and exposure to
noise.

To reduce the 23Na MRI data acquisition time, 23Na MRI data from patients with
ischemic stroke was artificially under-sampled and the resulting images were used to
test and train a CNN with various architectures and parameters. The purpose was
to be able to use a multiple-fold measurement time reduction without increasing
the image’s noise and while maintaining TSC quantification accuracy, which was
supposed to achieved by image post-processing with the CNN. Different CNN con-
figurations were implemented with varying loss functions. Initially, the simulated
under-sampling factor was set to R = 4.

Overall, CNNs with U-Net architecture, including skip connections, performed
better than CNNs with ResNet architecture, that did not contain skip connections.
The other parameters that were considered (number of filters, batch normalization,
and loss function) individually did not have a prominent impact on the network’s
performance but were rather dependent on their deployment and combinations. The
preliminary results indicated that artifacts from under-sampling were reduced with
the application of a properly adjusted U-Net.

A U-Net architecture with the smaller number of filters, which did not use
batch normalization, and was trained with the L2 loss function (possibly com-
plemented with a gradient loss function, LGDL) showed the best results. This
CNN was further implemented and trained with varying under-sampling factors
(R = 2, 3, 4, 5, 6, 8, 10), and different weightings of the LGDL (λ = 0.2, and λ = 0.5).

The results suggest that post-processing with CNNs might be able to reduce
artifacts from high under-sampling of 23Na MRI.

5.2.1 SNR and SSIM

All evaluated CNNs increased the SNR of the highly under-sampled image (RI). The
relative improvement was between 55% and more than an eight-fold improvement.
The significant improvement of SNR – even compared to the image that was recon-
structed using the full k-space data (FI) – might be due to the networks’ recognition
and elimination of background noise. CNNs have already previously been used for
image de-noising [Zha+17; Kop+19], which has been applied to different medical
imaging modalities [Hig+19]. According to the SSIM, CNNs (U-Nets) with some
parameter configuration increased the image’s similarity to FI, whereas the index
decreased for CNNs (mostly ResNets) with other parameter configurations. An in-
creased SSIM indicates an improvement in image quality and accuracy in the relevant
region of the image: the patient’s brain.

Only U-Net-based networks increased the SSIM. Thus, the additional skip connec-
tions in the U-Net architecture were considered essential for the accurate maintenance
of the location information. The addition of LGDL increased the SSIM, which is a
parameter that depends on image degradation and contrast [Wan+04]. Consequently,
it is hypothesized that LGDL improves edge accuracy, which was also observed
previously and was intended [MCL15b]. The improvements in edge accuracy might
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be highly valuable for future applications when aiming to define strongly affected
regions within the ischemic stroke – particularly when considering the relatively low
resolution of 23Na MR images.

The three networks with the best improvement of the SSIM were chosen for an
in-depth evaluation, and their TSC quantification accuracy was evaluated.

5.2.2 TSC quantification

The accurate quantification of 23Na MR images is crucial as TSC provides valuable
information about cell vitality and viability, which can be of high relevance for
patients with ischemic stroke [Thu+05]. Prospectively, a possible application might
be an onset time prediction for wake-up stroke patients [LaV+09; NP+15], although
its reliability has been discussed and results are pending. Other possible applications
include a more precise definition of the stroke’s penumbra [Wet+15]. Considering the
initially trained CNNs (using 23Na MRI data with R = 4) for which TSC quantification
was performed: All three CNNs that were evaluated in-depth were able to decrease
quantification error (∆TSC) of the artificially up-sampled 23Na MRI (CI) compared to
∆TSC of RI, which was reconstructed traditionally without application of a CNN.

The regions of WM and GM can both be affected by ischemic strokes. CNNs
decreased ∆TSC in both tissues significantly below a mean of 4 mM, which is below
the sd within the respective tissues, as was discussed in subsection 5.1.2.

For patients with ischemic stroke, it has been suggested that tissue with an in-
creased TSC by more than 50% might be non-reversibly damaged [MR13]. The large
range of TSC values in healthy tissue, and the high increase in TSC that is necessary
for indicating permanent tissue (brain) damage, suggest that a 4 mM variation might
not be of high relevance. Thus, an error of ⩽ 4 mM would still allow for a sufficiently
accurate TSC quantification to determine whether non-reversible damage occurred
within the affected brain region.

Because of its high SI and its stable sodium concentration, CSF is a valuable marker
within 23Na MR images. ∆TSC in CSF was similar compared to ∆TSC in WM and
GM and it was also reduced to below 4 mM. However, here, the improvements were
not statistically significant. These results indicate that CI’s accuracy does not suffer
with high SI regions. This is in contrast to compressed sensing, which is another
technique that was previously used for k-space under-sampling of 23Na MR images
and its measurement time reduction [Utz+20; Lac+21]. However, compressed sensing
has been proven to be a robust technique and it does not carry the risk of introducing
false information, which is an advantage over CNN-based post-processing techniques.
At the same time, quantification accuracy seemed to be lowered in tissues with high
SI when using compressed sensing [Mad+12b; Gna+14]. This issue was not present
in the 23Na MR images that were artificially up-sampled with CNNs. This can be con-
sidered an important advantage of CNN-based post-processing techniques compared
to the previously investigated techniques. It is especially important when considering
the fact that the region of most interest is the region affected by ischemic stroke,
which presents itself by elevated SI. The relatively fast reconstruction times with
CNN-based post-processing were an additional advantage compared to compressed
sensing methods for k-space under-sampling [Mad+12b; Gna+14].

The addition of LGDL enhanced the quantification accuracy for some of the ob-
served network architecture and loss function combinations. Considering the overall



98 discussion

best performing CNN architecture; improvement of the TSC quantification accuracy
was present in all evaluated regions, although it was only significant within the WM
but not in GM or CSF. It is hypothesized that the positive impact on edge accuracy
from LGDL [MCL15a], which was observed with the SSIM, might mainly improve
contours (influencing SSIM) but has no to little impact on the overall SI, which
defines the TSC. This might explain the improved SSIM when introducing LGDL

whilst maintaining a similar TSC quantification where only mean values of larger
regions were considered.

5.2.3 Evaluation of different under-sampling factors

As the results were promising for under-sampling with R = 4, the best-performing
CNN was further trained and tested, trying out various under-sampling factors of
R = 2, 3, 4, 5, 6, 8, 10.

As mentioned above, the results from using the LGDL loss function were promising
as the additionally introduced maintenance of edge accuracy is of high value for 23Na
MR images, where resolution is generally low. Therefore, different weightings of
the loss function (λ = 0.5, and λ = 0.2) were considered to evaluate whether overall
performance might increase further.

The evaluations of RI showed a negative correlation between the under-sampling
factor R and SNR and between R and SSIM to FI, implying that image quality and
accuracy decreased with an increasing under-sampling factor; as was expected.

Considering CI, no correlation was found between R and SNR of CI with loss
function L2 and a positive correlation was found between R and SNR of CI with
the loss function including LGDL (for both λ). This was not expected but could be
explained by the strong de-noising that was introduced by the CNN, which becomes
more obvious when regarding the absolute SNR values, which were elevated even
far above the SNR of FI. SNR of RI was significantly lower than SNR of CI with all
loss functions, regarding all under-sampling factors.

Results also showed a negative correlation between R and SSIM to FI for CI with
all loss functions, demonstrating that the structural accuracy remained dependent
on the initially available amount (or quality) of data; even after CNN-processing,
independently of the chosen CNN parameters.

SSIM was significantly increased by CNN post-processing, for all under-sampling
factors. Overall, considering the SSIM to FI, differences were low between the results
of the three considered loss functions. For different under-sampling factors, different
loss functions performed best.

The improvements in SSIM were particularly prominent for higher R. Considering
R = 10, CNN post-processing increased SSIM to up to 0.9446± 0.0182, which is
similar to SSIM of RI with R = 6 (0.9437± 0.0188). The results indicate that CNN
post-processing of a 23Na MR image that was acquired with a ten-fold under-sampling
generates an image with an accuracy that is comparable to a 23Na MR image that
was acquired with six-fold under-sampling.
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5.2.4 Application on real under-sampled data

The CNN architecture that generated the best results for R = 4 was applied to one
dataset of one HC, from whom real under-sampled MR images (rRI) were acquired.
SNR of FI and rRI was similar compared to SNR of FI and RI of patients with
ischemic stroke. SNR of the CNN-generated rCI was also improved beyond FI’s SNR,
indicating a similar effect compared to the test datasets.

SSIM to FI of rRI and of rCI from the HC were lower compared to SSIM of RI
and CI from the patients with ischemic stroke. This might be explained by having
performed two different measurements with the HC. For in-vivo measurements, this
will always involve small movements and consequently displacements in between
the scans, leading to a lower structural similarity between the images. At the same
time, SSIM was – again – improved by the CNN post-processing.

Quantification and segmentation showed that CNN post-processing introduced
an improvement in TSC accuracy in WM and GM but a decrease in TSC accuracy in
CSF. For patients with ischemic stroke, TSC quantification accuracy in CSF, with its
high SI, was already worse than TSC quantification accuracy in WM and GM, but
CNN post-processing had still yielded improvements. The here presented decrease
in TSC quantification accuracy might be influenced by the young age of the HC (26
years old) compared to the group of patients with ischemic stroke based on which
the CNN was trained. This could explain the lowered accuracy in CSF, considering
the fact that ventricles change (grow significantly) with an increasing age [Mat+96;
Zha+05].

Overall, the results obtained from the HC measurements and data processing
indicate that the implemented and trained CNN might be of value beyond the
application for patients with ischemic stroke, although accuracy might decrease with
decreasing age, particularly in the area of the CSF. Therefore, additional training
datasets – particularly from a younger age group – would be of high interest.

5.3 prospective in-vivo studies

5.3.1 Evolution of TSC after stereotactic radiosurgery

A prospective study was conducted, aiming to evaluate the TSC changes in brain
metastases (BM) and their surrounding tissue (peritumoral tissue, PTT).

23Na MR images were acquired from patients undergoing stereotactic radiosurgery
(SRS), with data acquisition pre- and post-SRS. The TSC quantification was per-
formed based on SI within the VH. The stability of the TSC quantification method
was validated by the HC measurements, which were presented in subsection 4.1.2
and discussed in subsection 5.1.2.

Considering all 14 BM, mean absolute TSC was elevated within the evaluated gross
tumor volumes (GTV) compared to the considered healthy-appearing ROI (HR),
which is in alignment with previously reported findings about TSC in brain tumors
[Has+91; Thu+99; Ouw+03; Reg+20]. Brain tumors were found to show elevated TSC
values compared to healthy tissue. It is hypothesised that the increased TSC derives
from an increased intra-cellular sodium concentration (ISC) because of altered cell
metabolism in tumorous tissue [Cam+80; Ign83; Ouw+07]. Further interpretations
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involve tumor angiogenesis, increasing the tumor’s vascularisation, to increase TSC
[Ouw07; Jac+10; Dri+20].

Shortly after SRS, mean TSC within GTV increased further. SRS aims for ablative
radiation therapy, causing vascular damage and cell apoptosis within the tumor and
its PTT [Par+12; Sia+20], as was previously observed with other MRI modalities
[Jak+15; Win+18]. The increase in TSC might, thus, be introduced by cellular damage
and excessive cell death, consequently increasing the EVF, as was observed in other
pathologies, e.g. the ischemic stroke or MS lesions, previously [Lin+01; NP+15;
Web+21]. The increase in TSC in PTT might be further induced by peritumoral
edemas, which have been found to grow shortly after SRS [Sch+17b; Tra+19]. The
alterations in TSC in the peritumoral edemas of a subgroup of the here presented
patients was published by Mohamed et al. [Moh+21a]. Previous studies have already
indicated that early radiation-induced changes in the tissue, shortly after SRS, might
be detectable with MRI and could be used as an indicator for the long-term tumor
response [Des+17; Sha+21]. Recently, Lewis et al. have published the effect of SRS
on TSC in the vestibular schwannoma microenvironment, who found SRS to cause a
long-term increase in TSC [Lew+21]. However, their scans were scheduled at different
time points compared to the here presented study.

At the third measurement, almost six weeks after SRS, TSC was observed to have
decreased below TSC values from before irradiation. Mean TSC within the irradiated
GTV became more similar to healthy tissue values. However, it remained significantly
higher than TSC in HR. The decrease in TSC might be physiologically explainable
because of tissue regeneration, despite a smaller fraction of remaining tumor cells
within the GTV [Oh+07; BCS12; Oft+21].

Regarding the PTT, TSC increased shortly after SRS within isodose areas D ⩾ 8

Gy but not (significantly) for lower isodose areas. These findings were in alignment
with previous studies, that reported radiation doses higher than 8 to 10 Gy might
cause vascular damage, resulting in apoptosis of, e.g., endothelial cells whereas less
long-term harm was observed for exposure with lower radiation dosages [Lju+91;
PFK00; GB+03; Par+12; Son+20].

Like in the GTV, TSC in all isodose areas had also decreased after an initial increase.
However, at D = 2 Gy, no significant changes were observed at any time point, which
could thus be hypothesized as not having induced any vascular changes or damage.
Dosages below 1 or 2 Gy are often referred to as low or moderate doses and are
also used as low-dose radiation therapy for benign diseases [Wun+15; Ott+14]. A
threshold – for the otherwise assumed to be linear carcinogenicity of radiation – has
been hypothesised [HL98; Coh08; Mul+09].

TSC was overall higher within higher isodose areas than within the lower isodose
areas pre-SRS and five days after SRS. At the third measurement, the mean TSC was
more similar between the isodose areas. These results support the hypothesis of tissue
regeneration some weeks after SRS [Oh+07; BCS12; Oft+21]. However, a positive
correlation between radiation dose and mean absolute TSC within the corresponding
isodose areas was found at pre- and post-SRS, at all measurements.

Considering the two BM that showed tumor progression; at baseline, mean TSC
within GTV was low compared to the other BM. Instead, mean TSC within GTV of
those two BM was closer to healthy tissue TSC. In 2016, Schepkin found gliomas
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in rats with little resistance to chemotherapy to contain the highest sodium con-
centrations, whereas he found chemotherapy-resistant cells to contain much lower
sodium concentrations, rather in the area of healthy tissue values [Sch+05]. Obtaining
information about similar tendencies when considering potential radiation-resistance
would be of high interest, and the here presented findings might point in that direc-
tion. However, there have also been multiple previous studies showing a positive
correlation of tumor malignancy and sodium concentration, indicating that 23Na
MRI might increase the accuracy of tumor classifications [Cam+80; Ign83; Nag+83;
Mad+14; Bil+16].

Five days after SRS, mean TSC increased within GTV of both progressing BM,
although the increase was less sharp than it was in all GTV on average. The third 23Na
MR image showed that mean TSC had dropped within one GTV but had remained
above baseline TSC. Mean TSC within the other GTV had even increased further,
which was contrary to the mean trend of all GTV.

Overall, the TSC evolution within GTV of one of the BM with progression was
substantially different from the mean TSC evolution of all (mostly responders) GTV.
TSC evolution within GTV of the other progressing BM was similar to the mean TSC
evolution of all GTV, although the trend was less prevalent and TSC was substantially
lower. Paech et al. have investigated TSC evolution within glioblastomas after
chemoradiotherapy over a similar timespan compared to the here presented study.
They have found a trend towards a stronger TSC increase in tumors with early
progression [Pae+21], which aligns with the results of one of the here presented BM
with progression.

Regarding the isodose areas of the progressing BM, mean TSC was similar in all
isodose areas pre-SRS and five days post-SRS. The third measurement revealed that
it had remained similar for one of the progressing BM in all isodose areas but for the
other progressing BM it had increased within higher isodose areas (D ⩾ 8 Gy).

The little to no changes in TSC within GTV and PTT of the progressing BM might
have already indicated early on that less tissue response occurred.

5.3.2 TSC in the human prostate with a suspected carcinoma

A prospective study was conducted, investigating the TSC in the human prostate
of patients with a suspected prostate carcinoma. The study showed differences in
TSC of segmented cancerous lesions and TSC in healthy prostate tissue. Patients
were included who received a standard multi-parametric MRI (mpMRI) exam of
the prostate for the diagnosis of a clinically suspected prostate carcinoma. After
the mpMRI protocol, additional 23Na MR images were acquired. After image post-
processing, including the correction of the coil’s receive field (B−

1 ), TSC quantification
was performed based on the SI within blood vessels.

TSC quantification in the abdomen is – analogue to the TSC quantification in the
head – most commonly performed based on reference phantoms, placed within the
FoV. Within the patient’s abdomen this causes additional inaccuracies, which are
less prevalent in head scans [Isa+90; Pas20]. The multi-channel abdominal coil that
was used for the abdominal 23Na MRI had a less homogeneous B1-field than the
birdcage head coil, and the principle of reciprocity did not apply [HR76], which
required corrections [Roe+90; Gio+02; She+10]. The impact was reduced by using an
adaptive coil combination, reducing the influence of channels with a weaker signal.
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B−
1 corrections were performed by using a low-pass filter, which was applied onto the

acquired image and onto a generated mask of the ROI (the patient’s body), smoothing
the image signal [Lac+20]. No B+

1 corrections were performed because they would
have required additional scans, lasting for several minutes for every patient, which
was not justifiable. The assumption of a relatively homogeneous B+

1 -field was legit
because of the birdcage structure of the circular transmit coil. Still, particularly in the
peripheral FoV, inhomogeneities might remain.

Because of the introduced signal smoothing by the LPF from the B−
1 correction,

which potentially increased PVE, and because of the lack of a B+
1 correction; reference

phantoms outside of the patient, distant to the investigated tissue, were not considered
appropriate for the TSC quantification.

Using, instead, the femoral blood vessels (FBV) as quantification references carries
the great advantage of being less prone to be impacted by inaccuracies caused by
B1 inhomogeneities because of their spatial proximity to the investigated tissue. At
the same time, this approach introduces an additional confounder into the TSC
quantification, and makes it dependent on the patient’s physiology. The sodium
concentration in blood does not only depend on the SSC (as it was assumed for the
sodium concentration in the VH) but it also depends on the patient’s red blood cell
percentage (hematocrit), ranging for healthy men between ≈ 40− 50%, which can be
further influenced by pathologies such as renal dysfunctions [Bil90; Hsu+01].

Areas were segmented within the left and right FBV. Results showed that the sd of
TSC was low within those areas. No significant differences were found between TSC
within the left and right FBV. This indicated a high stability for the quantification
method.

23Na MRI has shown TSC levels in the blood to be between 71 and 85 mM [OWB05;
KS13; Lot+19], with the most recent results from Lott et al. [Lot+19], who reported
81± 7 mM, which is why it was assumed to be 81 mM in every patient.

Literature about 23Na MRI in the human prostate in general, and in prostate cancer
in particular, is limited.

Considering studies examining the healthy prostate tissue, in 2012 Hausmann et
al. have found TSC to be between 24 and 70 mM in the peripheral zone (PZ) and
between 34 and 85 mM in the transitional zone (TZ) [Hau+12], whereas in 2015 Farag
et al. have found values between 51 and 92 mM in PZ and between 72 and 98 mM in
TZ [Far+15].

In more recent studies, TSC was also investigated within prostate carcinomas.
Studies from Barrett et al. in 2018 and 2020 showed TSC values of ≈ 33 and 34 mM
in TZ and 39 mM in PZ, and they found, on average, an elevated TSC within the
prostate carcinomas (mean TSC of 42 and 43.1 mM) [Bar+18; Bar+20]. Broeke et
al. published a study in 2019 that also found elevated TSC values within prostate
carcinomas compared to healthy prostate tissue, particularly when considering high
Gleason scores [Bro+19].

The results that were presented in this thesis showed mean absolute TSC values
of all patients to be 40± 5 mM in the WP, and suggested that, overall, TSC within
the PZ was with 41± 6 mM significantly higher than TSC in the TZ, where mean
TSC was 38± 6 mM. The here presented results are within the very broad range
of previously reported values. They are similar to Barrett et al.’s findings and at
the lower end of findings from Hausmann et al., although they are substantially
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lower than the values that Farag et al. have reported [Hau+12; Bar+18; Bar+20].
However, one aspect where all previous findings are in alignment with each other is
that TSC within PZ was commonly reported to be higher than TSC in TZ [Hau+12;
Far+15; Pas+17; Bar+18; Bar+20]. The same was applicable for the data that was
presented in this thesis, where differences between TSC in PZ and TZ were significant.

Regarding the TSC in the segmented lesions; they were found to be lower than
TSC within the healthy prostate tissue, which was applicable for all identified lesions
within the PZ and for one out of two identified lesions in the TZ.

Additionally, regarding exclusively the patients who were identified with a 4+ 5

Gleason score (meaning high aggressiveness of the tumor) within the PZ (n = 3); two
of them showed lower TSC values in the PZ than in the TZ. This was opposite to the
mean of all patients. The third patient showed a higher TSC in PZ than in TZ but
differences were smaller than the mean difference of all patients. Those results are not
in alignment with previously reported findings. Barret et al. and Broeke et al. have
both reported elevated TSC within cancerous lesions in the prostate [Bar+18; Bro+19;
Bar+20], which is opposite to the tendency of the here reported results. Overall, so
far, TSC was reported to be elevated within tumorous tissue within various regions
of the body [Ouw+07; Jac+10; Pok+21]. This is hypothesized to derive from an
increased ISC, caused by the increased cell metabolism in tumor cells, and by the
increased vascularization of tumors. However, tumors also present a higher cell
density, thus decreasing the EVF, which might offer an explanation for decreased TSC
values. Furthermore, it remains questionable whether the here reported results can
be properly compared to results that were previously reported by Farag et al. (about
healthy prostate tissues) [Far+15] or Barret et al. and Broeke et al. (about healthy and
cancerous prostate tissue) [Bar+18; Bro+19; Bar+20] because of substantial differences
in the measurement setup. They used endorectal receive coils, whereas, in this thesis,
a surface receive coil was used, which can be assumed to reduce inconveniences for
the patient substantially.

The positive correlation between ADC and TSC values, which was reported for
the here presented findings, was another indicator for a robust TSC quantification.
However, the correlation was only present within PZ and not within TZ. ADC values
represent the tissue’s diffusion and, consequently, decrease with an increasing cell
density. The same is applicable for TSC values, which also decrease with increasing
cell density because of the lower ISC compared to ESC.

5.4 limitations

The results presented in this thesis were obtained within studies carrying various
limitations. Some of the limitations applied to all obtained data:

The resolution of 23Na MR images is low compared to most 1H MR images. The
low resolution makes 23Na images prone to PVE, as one image voxel might contain
more than one million cells [BSJ19], which are all influencing the voxels’ SI. Thus,
PVE are a common and crucial problem when aiming to quantify TSC [Thu+99;
Ouw+03]. The problem was addressed – if possible – by cut-off of the outer borders
of the considered ROIs. However, this technique reduces the considered volumes
and increases the problem of not being able to evaluate smaller ROIs. There are also
methods for minimizing PVE within the images. Usage of a geometric transfer matrix
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correction [Nie+15] or a voxel-wise linear regression [Kim+21] have been proposed
and should be further explored.

Furthermore, the repetition time was set to values, which were below 5 · T1 of
all tissues so that T1-weighting effects must be expected within certain areas with
relatively long T1. However, correction for T1-weighting were performed if possible.
The measurement parameters were chosen such that the data acquisition time of
the 23Na MR image was still appropriate for the respective application and further
increasing TR would have exceeded an acceptable measurement time for the patients.

Automatic image co-registration and segmentation of the head were performed
with SPM12. The software is well-established and has shown high accuracy [Fel+15;
Hin+18]. Even though, inaccuracies might occur, e.g. the underestimation of tissue
volumes compared to manual segmentation [Mal+15]. Additionally, any image
co-registration – particularly when involving re-sampling, which might introduce
misalignments, and will enhance the already existing PVE – must be considered a
limitation.

Manual image segmentation, which was performed for the stroke region (based
on the ADC-map, performed by neuroradiologists) and for the segmentation of the
prostate (segmentation of WP, PZ, and possible lesions, based on T2 TSE, performed
by radiologists) always carries the risk of subjectivity and depends on the person
performing the segmentation.

Further limitations were specific to the respective studies.

5.4.1 TSC quantification for “23Na MRI in ischemic stroke”

The different quantification methods that were applied to the data of the study “23Na
MRI in ischemic stroke” all carried various different limitations.

The reference vials were rather small with a volume of 14 ml and a diameter
of 15 mm, thus, carrying an increased risk of PVE, especially if correct placement
was impaired by, e.g., involuntary movements of the patient. Consequently, the
validation of both other quantification methods – based on SI with CSF and VH –
lacked comparison to a robust and reliable ground truth.

Quantification based on CSF and VH were based on SSC, which was not available
for all patients, warranting for the assumption of an ESC of 145 mM, despite various
pathologies possibly impairing ESC.

The resolution of the 23Na MR image is a multiple-fold lower than the resolution
of the T2 FLAIR, to which it was registered and based on which the WM mask was
generated. It is also lower than the ADC-map’s resolution based on which the stroke
mask was defined. This must be considered a limitation of the study as it causes
inaccuracies of the image co-registrations and PVE within the co-registered 23Na MR
image [Nie+15; Mal+15; Hin+18]. However, inaccuracies were reduced by the cut-off
of the outer-boarder of the WM mask.

5.4.2 Data acquisition time reduction by application of a CNN

The introduced methodology of using a CNN for 23Na MRI post-processing carried
the limitations of using FI as label and ground truth, as well as the limited size and
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homogeneity of the datasets.

FI already carried an under-sampling factor of RFI = 1.885. However, image quality
was still considered sufficient by the neuroradiologists. The CNNs were exclusively
trained and tested with datasets from patients with acute ischemic stroke who were
73± 13 years old. Training datasets from patients from a more heterogeneous age
group and with different pathologies are warranted to apply the implemented method
more globally, which should be investigated in the future.

The network was trained and tested with images of a relatively low resolution
(apparent resolution of 2x2x2 mm3), whereas higher resolutions would be of high
interest. At this point, no predictions of the network’s performance for images
with higher resolutions can be made. However, it would be challenging to obtain a
sufficient amount of higher resolution 23Na MRI datasets.

Furthermore, the networks’ training and testing used DICOM data in image space.
Thus, only the image’s magnitude but not its phase were used, implying that parts
of the available information were neglected. Therefore, further improvement of
the performance might be possible when using the complex MRI data (including
magnitude and phase) as it was already suggested and implemented previously for
1H MRI [Wan+16; HSY19].

Image evaluation – particularly of the TSC quantification – depends on the 23Na
MR image co-registration to the T2 FLAIR and segmentation into GM, WM and CSF;
both were performed with SPM12 and its possible issues were discussed above.

Another crucial drawback of all CNN-based post-processing techniques is the
potential introduction of false information into the image. Here, the issue was
addressed by the quantified comparison of the CNN output images with FI.

5.4.3 Evolution of TSC after stereotactic radiosurgery

The presented prospective study investigating TSC within BM and their PTT, undergo-
ing SRS, only included a small number of patients and BMs. Particularly results from
more patients who presented with tumor progression would be of interest as well as
evaluating the differences for BM deriving from different primary tumor. Further
studies, including more patients, would be necessary to verify the preliminary results.

Additionally, the TSC quantification based on SI within the VH carries the risk of
being influenced by patient-specific (patho-)physiological variances, as was discussed
in depth.

Furthermore, the image co-registration might have introduced additional inaccu-
racies, as all 23Na MR images were co-registered to the MPRAGE from the pre-SRS
measurement. The registration of the later scans – particularly the third one – might
have suffered because of pathophysiological and structural changes following SRS
[Oh+07; Par+12; Sha+14; Sha+14; Hin+18].

5.4.4 TSC in the human prostate with a suspected carcinoma

The prospective study investigating TSC in the human prostate of patients with a sus-
pected prostate carcinoma carried the great limitation of a small number of included
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patients with an identified cancerous lesion, which made the results unstable and
sensitive to outliers. This is particularly prevalent as only two lesions were segmented
within TZ. It requires the results to be considered preliminary. At the same time, the
substantially higher number of included patients where no lesion was identified, and
whose results were in alignment with previously reported findings, might support
the validity of the methodology.

Another major limitation of the study is the assumption of TSC in the blood to be
at 81 mM for every patient, despite it being dependent on various patient-specific
physiological factors [Bil90; Hsu+01]. In the future, additional information about
the patient’s SSC and relative hematocrit level would be of high interest, requiring
a blood sample obtained from patient shortly before or after the MRI examination.
At the same time, a differing sodium concentration in blood would have impacted
the absolute TSC values in the whole image but not the ratio of absolute TSC within
healthy prostate tissue and identified lesions. Thus, this limitation might indicate
that the results should be rather considered semi-quantitative (an expression that
was previously suggested by Haneder et al. who investigated TSC within the human
kidney [Han+13]) but it does not influence the here presented tendencies of lower
mean TSC values within the segmented lesions than within the entire organ.

Additional limitations include the RF coil and its B1 inhomogeneities. B−
1 inho-

mogeneities were corrected but minor differences might remain [Roe+90; BLH02;
She+10]. More elaborate B−

1 corrections, as were suggested by Paschke [Pas20] would
be of high interest to increase accuracy. B+

1 corrections were not performed because
it would have required measurement time in addition to the already relatively long
sequence protocol, which was justified because of the coil’s optimized transmit field
by using a birdcage geometry [Isa+90; Ibr+01].



6
C O N C L U S I O N A N D O U T L O O K

This thesis aimed to provide a contribution to make quantitative 23Na magnetic
resonance imaging (MRI) more efficient by enabling faster data acquisition and an
easier measurement setup. This could perspectively lead to the establishment of 23Na
MRI in clinical applications.

This thesis evaluated methods for the quantification of tissue sodium concentration
(TSC) in the human head. It was investigated whether 23Na MRI could be simplified
by using internal instead of external quantification references. Additionally, a convo-
lutional neural network (CNN) was optimized for the application of allowing shorter
23Na image data acquisition times.

Moreover, two prospective in-vivo studies were conducted to gain further insight
into TSC’s significance for clinical applications. In one study, TSC changes following
irradiation with stereotactic radiosurgery were observed in the brain of patients with
brain metastases. In the other study, TSC was investigated within the healthy and
the cancerous prostate tissue.

6.1 conclusion

TSC quantification was performed in the human brain of patients with ischemic stroke
and brain metastases and in the male pelvis of patients with suspected prostate carci-
noma.

TSC was quantified in the brain of patients with ischemic stroke by using quantifi-
cation references corresponding to the current state of the art: external reference vials
for the absolute TSC quantification and contra-lateral brain tissue for the relative TSC
quantification. Additionally, internal references with an apparently stable sodium
concentration – the cerebrospinal fluid and the vitreous humor – were considered as
references for the absolute TSC quantification.

The results indicated the additional accuracy obtained from the absolute TSC
quantification compared to the relative TSC, with the relative TSC being highly
dependent on pre-existing (small vessel) diseases.

Comparing the three different references for the absolute TSC quantification, the
results showed a high similarity between all three references. However, especially the
results of the vitreous humor as quantification reference indicated high quantification
stability and robustness.

Using internal instead of external quantification references would allow for an eas-
ier setup of the 23Na MRI and could eliminate various hazards, such as misplacement
of references or forgetting them entirely. Furthermore, it would decrease the currently
required additional effort for quantitative 23Na MRI compared to conventional 1H
MRI.

In the second part of this thesis, a CNN was optimized, trained, and tested
that improved signal-to-noise ratio and structural accuracy of multiple-fold under-
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sampled 23Na MR images. The images required a fraction of previously used
measurement times.

The CNN that generated the best results used a U-Net architecture with additional
residual connections. Its parameters were optimized for the application on under-
sampled 23Na MR images.

It was shown that high under-sampling of 23Na MR images is feasible and that a
good signal-to-noise ratio, a high edge accuracy and a stable TSC quantification can
be maintained by application of a tuned CNN in the post-processing algorithm.

Exemplary, this was demonstrated for patients with an acute ischemic stroke.
Patients with such acute diseases require immediate treatment, emphasizing the
importance of fast diagnosis. Thus, data acquisition time is a crucial parameter for
determining whether a sequence can be added to the MRI protocol.

The here presented results suggest that using an appropriately designed and
trained CNN is feasible for generating accurate and quantifiable 23Na MR images
from highly under-sampled data. It allows for shorter data acquisition times and
might increase the acceptance of 23Na MRI in the clinical routine for the diagnosis of
an ischemic stroke.

The two prospective in-vivo studies allowed for further insights into TSC alterations
in specific pathologies:

The one prospective in-vivo study investigated TSC within brain metastases and
their surrounding peritumoral tissue. The study showed that detecting radiation-
induced pathophysiological changes in brain metastases and healthy brain tissue
with 23Na MRI is possible. Furthermore, differences were observed between the TSC
evolution within brain metastases that responded to radiation therapy and those
that progressed and therefore appeared to be higher radiation-resistant. Thus, the
absolute TSC might be able to quantify radiation-induced tissue damage, which
could prospectively lead to a more precise prognosis of treatment response. It may
allow for earlier adaptations of the treatment plan – if necessary.

The other prospective in-vivo study investigated TSC within the human prostate
with suspected prostate carcinoma. It showed significant differences between the
mean absolute TSC in patients with diagnosed cancerous lesions and the mean
absolute TSC in the prostate of patients with clinically inconspicuous findings. 23Na
MRI might allow, prospectively, for a more reliable diagnosis of prostate cancer. 23Na
MRI might become a valuable addition to the current state of the art multi-parametric
MRI protocol for the diagnosis of prostate carcinomas.

6.2 outlook and application

The suggested 23Na MRI data acquisition and post-processing techniques can be
applied at any 3 T MRI scanner, which is enabled for 23Na MRI. These methods allow
for further applying 23Na MRI to explore TSC as a potential biomarker for tissue
viability and cell vitality in various pathologies.

The additional, valuable information that TSC can provide was demonstrated
exemplary for brain metastases and prostate carcinomas.

Prospectively, for quantitative abdominal 23Na MRI, obtaining a blood sample from
the patient in addition to the MRI examination, and measuring the blood sodium
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concentration, would be of high interest for making the quantification based on
internal references (within blood vessels) more reliable and robust. For quantitative
23Na MRI in the head, internal quantification references could already be applied
with no further patient-specific information being required. A convolutional neural
network could prospectively be broadly applied to the post-processing of 23Na MR
images of the human head, allowing for shorter data acquisition times.

In the future, the here presented findings could make 23Na MRI faster and allow
for an easier measurement setup whilst allowing for precise TSC quantification. They
might decrease the threshold for implementing 23Na MRI in clinics.

23Na MRI could – if established – have a beneficial impact on diagnoses and therapy
decisions of various pathologies.
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S Ott, Kirsten Lauber, Benjamin Frey, and Udo S Gaipl. “Low and
moderate doses of ionizing radiation up to 2 Gy modulate trans-
migration and chemotaxis of activated macrophages, provoke an
anti-inflammatory cytokine milieu, but do not impact upon viabil-
ity and phagocytic function.” In: Clinical & Experimental Immunology
179.1 (2015), pp. 50–61 (cit. on p. 100).



bibliography 143

[Yam+14] Masaaki Yamamoto, Toru Serizawa, Takashi Shuto, Atsuya Akabane,
Yoshinori Higuchi, Jun Kawagishi, Kazuhiro Yamanaka, Yasunori
Sato, Hidefumi Jokura, Shoji Yomo, et al. “Stereotactic radiosurgery
for patients with multiple brain metastases (JLGK0901): a multi-
institutional prospective observational study.” In: The Lancet Oncology
15.4 (2014), pp. 387–395 (cit. on p. 35).

[Yos+08] Kengo Yoshimitsu, Keijiro Kiyoshima, Hiroyuki Irie, Tsuyoshi Tajima,
Yoshiki Asayama, Masakazu Hirakawa, Kousei Ishigami, Seiji Naito,
and Hiroshi Honda. “Usefulness of apparent diffusion coefficient
map in diagnosing prostate carcinoma: correlation with stepwise
histopathology.” In: Journal of Magnetic Resonance Imaging: An Official
Journal of the International Society for Magnetic Resonance in Medicine
27.1 (2008), pp. 132–139 (cit. on p. 36).

[YHK08] Vanessa G Young, Glenda M Halliday, and Jillian J Kril. “Neuropatho-
logic correlates of white matter hyperintensities.” In: Neurology 71.11

(2008), pp. 804–811 (cit. on pp. 34, 92).

[Zaa+12] Wafaa Zaaraoui, Simon Konstandin, Bertrand Audoin, Armin M
Nagel, Audrey Rico, Irina Malikova, Elisabeth Soulier, Patrick Viout,
Sylviane Confort-Gouny, Patrick J Cozzone, Jean Pelletier, Lothar R
Schad, and Jean-Philippe Ranjeva. “Distribution of brain sodium
accumulation correlates with disability in multiple sclerosis: a cross-
sectional 23Na MR imaging study.” In: Radiology 264.3 (2012), pp. 859–
867 (cit. on pp. 2, 27, 92, 95).

[ZB97] Pieter Zeeman and Maxime Bôcher. “Zeeman effect.” In: Nature
55.1424 (1897), p. 347 (cit. on p. 8).

[Zha+05] Jing Zhang, David R Goodlett, Elaine R Peskind, Joseph F Quinn,
Yong Zhou, Qin Wang, Catherine Pan, Eugene Yi, Jimmy Eng, Ruedi
H Aebersold, et al. “Quantitative proteomic analysis of age-related
changes in human cerebrospinal fluid.” In: Neurobiology of aging 26.2
(2005), pp. 207–227 (cit. on pp. 33, 94, 99).

[Zha+17] Kai Zhang, Wangmeng Zuo, Yunjin Chen, Deyu Meng, and Lei
Zhang. “Beyond a gaussian denoiser: Residual learning of deep cnn
for image denoising.” In: IEEE transactions on image processing 26.7
(2017), pp. 3142–3155 (cit. on p. 96).

[Zha+16] Hang Zhao, Orazio Gallo, Iuri Frosio, and Jan Kautz. “Loss functions
for image restoration with neural networks.” In: IEEE Transactions on
computational imaging 3.1 (2016), pp. 47–57 (cit. on p. 31).

[ZAP16] Hao Zhou, Jose M Alvarez, and Fatih Porikli. “Less is more: Towards
compact cnns.” In: European Conference on Computer Vision. Springer.
2016, pp. 662–677 (cit. on p. 32).





A P P E N D I X

145





A
M A G N E T I C R E S O N A N C E I M A G I N G : S E Q U E N C E PA R A M E T E R S

147



148 magnetic resonance imaging : sequence parameters

Table A.1: MRI sequence parameters and reconstruction details as used for all patients with
ischemic stroke.

Parameter Value
1H FLAIR Sequence

Acquisition Time (TA) 4 min 50 s

Repetition Time (TR) 9000 ms

Echo Time (TE) 93 ms

Inversion Time (TI) 2500 ms

Flip Angle 130°

Resolution 0.47x0.47 mm2

Slice Thickness 5.0 mm

Number of Slices 24

Field of View 195x240 mm2

1H DWI Sequence

Acquisition Time (TA) 1 min 40 s

Repetition Time (TR) 6700 ms

Echo Time (TE) 152 ms

Flip Angle 90°

b Value 0 & 1000 s/mm2

Resolution 1.25x1.25 mm2

Slice Thickness 5.0 mm

Number of Slices 24

Field of View 240x240 mm2

3D radial density-adapted 23Na MRI

Sequence

Acquisition Time (TA) 10 min

Repetition Time (TR) 100 ms

Echo Time (TE) 0.2 ms

Flip Angle 90°

Number of Spokes (N) 6,000

Samples per Spoke 384

Gradient Amplitude 4.6 mT/m

Slew Rate 170 T/(m · s)

Resolution 4.01x4.01x4.01 mm3

Bandwidth 50 Hz/Pixel

Reconstruction

Zero-filling 2

Field of View 241x241x241 mm3

Matrix 120x120x120 voxel3
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Table A.2: MRI sequence parameters and reconstruction details as used for all patients
undergoing stereotactic radiosurgery.

Parameter Value
1H MPRAGE

Sequence

Acquisition Time (TA) 4 min 18 s

Repetition Time (TR) 1900 ms

Echo Time (TE) 2.52 ms

Flip Angle 9°

Resolution 1x1x1 mm3

Phase Resolution 96 %

Field of View 250x250x250 mm3

3D radial density-adapted 23Na MRI

Sequence

Acquisition Time (TA) 15 min

Repetition Time (TR) 100 ms

Echo Time (TE) 0.4 ms

Flip Angle 90°

Number of Spokes (N) 9000

Samples per Spoke 200

Gradient Amplitude 5.8 mT/m

Slew Rate 170 T/(m · s)

Resolution 4.01x4.01x4.01 mm3

Bandwidth 100 Hz/Pixel

Reconstruction

Zero-filling 2

Field of View 300x300x300 mm3

Matrix 150x150x150 voxel3
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Table A.3: MRI sequence parameters and reconstruction details of the T2 TSE and of the 23Na
MRI, as they were used for all patients with a suspected prostate carcinoma.

Parameter Value
1H 2D T2w TSE Sequence

Acquisition Time (TA) 3 min 57 s

Repetition Time (TR) 4710 ms

Echo Time (TE) 108 ms

Flip Angle 160°

Resolution 0.7x0.7 mm2

Slice Thickness 3.0 mm

Number of Slices 34

Field of View 250x250 mm2

3D radial density-adapted 23Na MRI

Sequence

Acquisition Time (TA) 16 min

Repetition Time (TR) 120 ms

Echo Time (TE) 1.2 ms

Flip Angle 90°

Number of Spokes (N) 8000

Samples per Spoke 384

Gradient Amplitude 3.6 mT/m

Slew Rate 170 T/(m · s)

Resolution 5.1x5.1x5.1 mm3

Bandwidth 50 Hz/Pixel

Reconstruction

Zero-filling 2

Field of View 500x500x500 mm3

Matrix 196x196x196 voxel3
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152 results : performance of convolutional neural networks

Table B.1: List of FI, RI and CI from all CNNs with their generated signal to noise ratio (SNR,
mean ± sd) and structural similarity index (SSIM, mean pm sd) to FI. Networks
performing significantly (p < 0.05) better than RI are marked with ∗. The CNNs
generating the best results of SSIM are printed in bold.

SNR SSIM

(µ± σ) (µ± σ)

FI 21.72± 2.75 1.00

RI 10.16± 0.96 0.87± 0.03

CNN Architecture Filters Batch Norm. Loss

1 U-Net Big False L1 35.24∗ ± 07.08 0.89∗ ± 0.03

U-Net Big False L2 36.67∗ ± 07.42 0.90∗ ± 0.03

2 U-Net Big True L1 59.12∗ ± 10.99 0.88± 0.03

U-Net Big True L2 35.33∗ ± 05.54 0.90∗ ± 0.03

3 U-Net Small False L1 45.02∗ ± 07.75 0.89∗ ± 0.03

U-Net Small False L2 41.31∗ ± 07.91 0.89∗ ± 0.03

4 U-Net Small True L1 49.26∗ ± 08.80 0.85± 0.04

U-Net Small True L2 49.97∗ ± 07.19 0.86± 0.04

5 ResNet Big False L1 29.11∗ ± 05.24 0.73± 0.03

ResNet Big False L2 25.63∗ ± 04.63 0.72± 0.03

6 ResNet Big True L1 52.98∗ ± 10.49 0.74± 0.04

ResNet Big True L2 32.51∗ ± 04.20 0.75± 0.04

7 ResNet Small False L1 30.80∗ ± 06.39 0.73± 0.04

ResNet Small False L2 20.14∗ ± 02.43 0.70± 0.04

8 ResNet Small True L1 75.51∗ ± 14.36 0.69± 0.05

ResNet Small True L2 15.77∗ ± 02.60 0.74± 0.03

1 U-Net Big False LA 32.19∗ ± 05.98 0.90∗ ± 0.03

U-Net Big False LB 41.32∗ ± 07.60 0.89∗ ± 0.03

2 U-Net Big True LA 34.10∗ ± 04.72 0.91∗ ± 0.02

U-Net Big True LB 36.64∗ ± 06.33 0.89∗ ± 0.03

3 U-Net Small False LA 23.55∗ ± 03.13 0.91∗ ± 0.02

U-Net Small False LB 40.55∗ ± 06.74 0.89∗ ± 0.03
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Table B.2: Mean absolute TSC difference to FI (∆TSC) of RI and CI from CNNs which improved TSC quantification in WM, GM, and CSF. Significance
was calculated with the paired student t-test and p-values are given for the networks that reduced ∆TSC compared to RI. Networks performing
significantly (p < 0.05) better are marked with ∗. The network where improvements were significant in WM and GM is printed in bold.

WM GM CSF

∆TSC [mM] p-value ∆TSC [mM] p-value ∆TSC [mM] p-value

RI 4.52 4.50 4.21

CNN Architecture Filters Batch Norm. Loss

1 U-Net Big False L1 4.82 4.92 6.28

U-Net Big False L2 4.09 0.1383 4.08 0.2487 4.05 0.4602

2 U-Net Big True L1 4.11 0.1512 4.01 0.0638 4.82

U-Net Big True L2 4.48 0.9055 4.11 0.1705 4.00 0.2112

3 U-Net Small False L1 4.48 0.8798 4.60 6.12

U-Net Small False L2 3.83 0.0058∗ 3.83 0.0045∗ 3.94 0.0782

1 U-Net Big False LA 4.10 0.1512 4.19 0.2533 4.40

U-Net Big False LB 4.35 0.6176 4.30 0.5511 4.33

2 U-Net Big True LA 3.98 0.0625 3.90 0.0336∗ 3.88 0.1872

U-Net Big True LB 4.10 0.1339 3.97 0.0511 3.82 0.0507

3 U-Net Small False LA 4.25 0.3333 4.20 0.2718 4.41

U-Net Small False LB 4.09 0.0441∗ 4.12 0.0822 4.19 0.9030
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Table B.3: List of FI, RI and CI from all evaluated under-sampling factors R and different loss
functions with their generated signal to noise ratio (SNR, mean ± sd) and structural
similarity index (SSIM, mean ± sd) to FI. Networks performing significantly
(p < 0.05) better are marked with ∗.

SNR SSIM

(µ± σ) (µ± σ)

FI 24.60± 1.81 1

Under-sampling

factor Loss λ

Half RI 18.32± 1.53 0.9886± 0.0045

L2 38.28± 2.57 0.9900∗ ± 0.0042

LB 0.5 34.54± 2.77 0.9892∗ ± 0.0045

LB 0.2 32.52± 2.58 0.9886± 0.0054

Third RI 14.31± 1.20 0.9761± 0.0085

L2 50.27± 4.36 0.9790∗ ± 0.0080

LB 0.5 41.89± 3.39 0.9810∗ ± 0.0073

LB 0.2 48.89± 4.75 0.9813∗ ± 0.0072

Quarter RI 11.83± 1.19 0.9630± 0.0135

L2 54.58± 8.29 0.9734∗ ± 0.0108

LB 0.5 36.32± 4.48 0.9740∗ ± 0.0095

LB 0.2 45.74± 4.80 0.9734∗ ± 0.0101

Fifth RI 10.43± 0.96 0.9531± 0.0171

L2 76.26± 14.52 0.9644∗ ± 0.0142

LB 0.5 51.57± 5.53 0.9662∗ ± 0.0137

LB 0.2 58.71± 7.94 0.9663∗ ± 0.0138

Sixth RI 9.36± 0.90 0.9437± 0.0188

L2 70.98± 10.62 0.9595∗ ± 0.0148

LB 0.5 54.36± 7.66 0.9620∗ ± 0.0143

LB 0.2 49.55± 4.62 0.9597∗ ± 0.0148

Eighth RI 7.96± 0.79 0.9235± 0.0222

L2 53.35± 7.14 0.9496∗ ± 0.0190

LB 0.5 50.77± 5.88 0.9448∗ ± 0.0178

LB 0.2 70.48± 12.28 0.9475∗ ± 0.0186

Tenth RI 7.21± 0.69 0.9169± 0, 0250

L2 64.15± 11.58 0.9439∗ ± 0.0182

LB 0.5 52.29± 9.61 0.9446∗ ± 0.0182

LB 0.2 103.76± 22.64 0.9363∗ ± 0.0256
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